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ABSTRACT

Objective: Detailed information on microvascular network anatomy is a requirement for understand-
ing several aspects of microcirculation, including oxygen transport, distributions of pressure, and wall
shear stress in microvessels, regulation of blood flow, and interpretation of hemodynamically based
functional imaging methods, but very few quantitative data on the human brain microcirculation are
available. The main objective of this study is to propose a new method to analyze this microcirculation.

Methods: From thick sections of india ink-injected human brain, using confocal laser microscopy,
the authors developed algorithms adapted to very large data sets to automatically extract and analyze
center lines together with diameters of thousands of brain microvessels within a large cortex area.

Results: Direct comparison between the original data and the processed vascular skeletons demon-
strated the high reliability of this method and its capability to manage a large amount of data, from
which morphometry and topology of the cerebral microcirculation could be derived.

Conclusions: Among the many parameters that can be analyzed by this method, the capillary size, the
frequency distributions of diameters and lengths, the fractal nature of these networks, and the depth-
related density of vessels are all vital features for an adequate model of cerebral microcirculation.
Microcirculation (2006) 13, 15–32. doi:10.1080/10739680500383407
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In the field of microcirculation, the lack of precise
anatomic 3-dimensional data is a continuing prob-
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lem. Detailed information on microvascular network
anatomy is required for understanding several as-
pects of circulatory system function. Distributions of
pressure and wall shear stress in microvessels (52)
and transport and exchange of oxygen and other ma-
terials in physiological systems (6,46) are tightly cou-
pled with the microvascular architecture. Regulation
of blood flow and acute or long-term structural adap-
tations of vascular beds in response to the functional
demands of the tissue (50,51,57), angiogenesis, and
remodeling (35) or the end-organ damage associ-
ated with hypertension (36), as well as the blood
flow response to physical or neural activity, and,
subsequently, the interpretation of hemodynamically
based functional imaging methods (2,24,37,63) are
determined by the anatomy of the microcirculation.
In all these fields many investigators have pointed out
the crucial influence of network structure and it has
been claimed that “future progress will require not
only investigation of molecular and cellular mecha-
nisms but also network-level studies that show how
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these mechanisms are integrated in a physiological
context’’ (66).

A wealth of data on vascular anatomic structure has
emerged in recent years, lending itself toward a com-
prehensive database of knowledge of microcircula-
tory physiology (48). Particular attention has been
paid to some intraorgan circulations, such as the
coronary and pulmonary microvascular networks.
Kassab and co-workers (27–29) have developed sev-
eral innovations to study the morphometry of vascu-
lar trees, which have been used to isolate the anatomy
of the porcine coronary circulation, yielding a com-
plete set of morphometric data on the entire coro-
nary vasculature in that species. The utility of these
methods in describing the quantitative anatomy of
intraorgan vasculature is evident and these advance-
ments in morphometry along with the automation
of vascular tree reconstruction, data analysis, and
hemodynamic applications should make the database
on intraorgan vasculature more abundant and more
useful. However, one of the problems in quantifying
very complex networks is that there is no fully auto-
mated image segmentation method that provides the
necessary accuracy. Thus, for imaging or casting
methods, some subset of the data obtained with semi-
automated methods must be used to extrapolate the
whole (26).

By contrast with other organs, few quantitative data
concerning human microvascular cerebral networks
are currently available in the literature. Most of them
have come from anatomic studies using injected spec-
imens, which provide only morphological character-
istics of the main vessels with some morphometric
data summarized to mean diameters and lengths of
global arborescences. Discrepancies between arterial
and venous vessels remain a problem, since there
is no quantitative information about the capillary
network.

Most of our knowledge of human cortical vessels
comes from the work of H. Duvernoy. He has de-
lineated the main morphological features of arteries
and veins from the pial network to the deep cortical
layers (13). However, topologic data are still needed.
Duvernoy described a possible functional vascular
unit represented by a central vein surrounded by a
wreath of several arteries. Some authors (54) have
suggested that the capillary bed is a continuous net-
work arranged parallel to the cortical surface with-
out any functional organization. Others suggest the
existence of a regulating system based on observa-
tions of perivascular structures and blind endings
(18,55).

One of the most striking features of the human brain
microcirculation is its high geometric complexity
associated with its fully three-dimensional nature.
As such, microvascular networks from the cerebral
cortex do not lend themselves well to the Krogh
description (7).

Comparison between the results given by 2D and 3D
morphometry has shown that only 3D morphometry
is able to obtain reliable data on highly complex vas-
cular networks and that 2D morphometry should be
limited to the analysis of flat two-dimensional vascu-
lar networks to prevent underestimation of parame-
ters (41).

The purpose of this study is to introduce a 3D
computer-assisted method for microvascular cerebral
network analysis. Some results on the morphometry
and topology of the human brain microcirculation are
presented here to illustrate the potential value of this
method.

MATERIALS AND METHODS

A digital three-dimensional image of the network
was obtained from thick sections (300 µm) of india
ink-injected human brain (Duvernoy collection)
(Figure 1a) by confocal laser microscopy (Micro-
scope Zeiss LSM 410—Laser 543 nm—Objective
Zeiss Plan-Apochromat, magnification 20×, numeri-
cal aperture 0.75). The collateral sulcus in the tempo-
ral lobe (Figure 1b) was the anatomical region chosen
for this study because of the outstanding qual-
ity of the injection in this area. A linear encoder
(Heidenhain LS406C and display unit ND720) was
used to quantify the exact displacement of the micro-
scope table. It allowed precise movement of the spec-
imen with an accuracy of approximately 5 µm. The
entire volume of the cortex on both sides of the sul-
cus was digitized. Each elementary block contained
70 sections (512 × 512 pixels), each one separated
by a distance of 3 µm. Horizontal displacements were
smaller than the matrix size to simplify the mosaic
construction; these had an overlap of about 50 vox-
els. Data for all the blocks were stored on a hard drive
to be associated later in the process.

The coordinates of the left upper corner measured by
the positioning system were registered as well as the
voxel size (typically 1.22 × 1.22 × 3 µm). Each block
was preprocessed: a 2D median filtering reduced salt-
and-pepper noise induced by the microscope and a
3D Gaussian filtering smoothed vessels borders.

Furthermore, to compensate the loss of illumina-
tion in the lowest slices, this operation performed a
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Figure 1. A thick section of india ink-injected human brain used for data acquisition: (a) general view; (b, c) the
collateral sulcus in the temporal lobe; (d) depth coded projection of the zone reconstructed by confocal microscopy with
the outlines of mosaics M1 and M2.

prethresholding of the data depending on the depth z
and was defined for each point by A = a(a > s (z )),
where a is the data value for a point (x, y, z ), and
s (z ) is a function of z . In practice, s (z ) is an in-
creasing linear function of z . The same arithmetic
function was applied to all the blocks.

The individual bricks covering a large zone were then
added in a special data object called an image mosaic,
which stores only links to files on disk (Figure 1d).
The data blocks gathered in a mosaic were then
realigned using a correlation technique: the image
positions were reestimated by optimizing a similarity
measured on the overlapping area of about 50 vox-
els between the mosaic images. This ensures that the
vessels in the overlapping area matched perfectly as
well as correcting imprecise relative block positions
due to the x-y positioning system.

The image mosaic contains a large quantity of data
(typically several gigabytes), and cannot be loaded
and processed at once in the memory of a standard
computer. Adapted methods should be proposed to
adequately process such images.

First, a large disk data object was created. In this
way, the 3D visualization software Amira (Mercury
TGS, Merignac, France, San Diego, USA, Zuse In-
stitute, Berlin, Germany) (60) is able to manage a
volume of data larger than the computer main mem-
ory. It also allows the extraction of subvolumes and
the subsequent visualization of these using standard
or advanced 3D visualization techniques provided by
Amira.

The next stage is to extract vessel center lines. Indeed,
center lines are compact representations of data.
They give direct information on network topology
and vessel directions, lengths, and junctions. More-
over, if augmented with distance map, they also give
information on vessel radii, diameters, and density.
To do so, we developed algorithms adapted to large
disk data sets. Their main feature and advantage is
that they process data locally while preserving global
properties. The methodology used is detailed in Ap-
pendix A. Note that the distance map measures the
distance between any point inside a vessel to the near-
est vessel wall in any direction. For a center line point
this provides a good estimation of the vessel radius
in a particular point of its trajectory.

Finally, this algorithm gives a representation of the
vascular network as a set of cylinders centered at the
center line points (Figure 2), the radii of which corre-
spond to the distance map values at these points. This
lineset can be visualized and superimposed to differ-
ent types of 3D visualization of the original confocal
microscope images (Iso-surface, volume rendering,
projection views with a color scale) for representa-
tion and control purposes. In addition, the lineset can
be edited. For further processing of the morphomet-
ric data and analysis of the topology it is also stored
in an ASCII file. Each line of this file corresponds
to a center line point and contains the number of
the vessel segment, i.e., a blood vessel between two
successive points of bifurcation, the x, y, z coordi-
nates of the point, and the radius of the vessel at this
point.
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Figure 2. Illustration of the segmentation process in part of the M1 mosaic: (left) depth-coded projection of the
reconstructed mosaic; (right) corresponding skeleton.

A background distance map is also constructed. For
every point outside the vascular structure (i.e., for
any point of the brain tissue), this distance map mea-
sures the distance from this point to the nearest vas-
cular wall. Subsequently, the following information
on the brain microvascular network morphometry
can be derived straightforwardly from the lineset: sta-
tistical distributions of vascular length and diameter,
volume and surface densities, vessel tortuosity and
orientation, diameter ratio, and branching angles.

The topological structure of the cerebral arterioles
and venules is tree-like, while that of the capillar-
ies is net-like. Because of this essential difference
in nature, the topology of these branching or mesh
structures should be analyzed separately. We adopted
the following strategy to extract a vascular tree from
the complete network: after identifying its origin in
the sulcus, we traced automatically all the paths
from this origin through vessels in which resistance
to flow is lower than a prescribed value. The resis-
tance of a vessel segment was estimated according to
Poiseuille formula with the relative apparent viscos-
ity of blood flowing through microvessels, taking into
account the Fahraeus and Fahraeus-Lindqvist effects
(49), assuming an approximately constant hemat-
ocrit of 0.45, as a rough approximation (Figure 3).
The branching pattern of the arteriolar and venous
trees extracted is best described by the diameter-
defined Strahler system introduced by Kassab et al.
(28). This description assigns an order number to
every vascular segment. This ordering scheme starts
with order 0 for the “terminal’’ vessels. When two
segments of the same order n meet each other, the

confluent is called a vessel of order n + 1 if, and only
if, the diameter of the confluent segment is greater
than [(Dn + SDn) + (Dn+1 − SDn+1)] /2, where Dn
and SDn denote the mean and standard deviation
of the diameters of the vessels of order n. In many
instances, several vessel segments of the same order
are connected in series: their combination is called
an element. The manner in which vessels of one or-
der number are connected to vessels of another order
number can be represented by a connectivity matrix.
The total number of elements of the same order and
their mean diameter and length can be calculated and
their variations with the order number described.

Microvessel Density and Orientation

The net-like “capillary’’ network was then separated
from the tree-like structure by thresholding the ves-
sel diameter under a prescribed value. This thresh-
old was fixed to 9 µm according to the mean diam-
eter of the order 0 (terminal) elements defined by
the previous analysis of the arterial and venous trees.
Vascular volume can be computed directly from the
lineset data. Values of the microvessel volume den-
sity (MVD) were derived on a frame (3D grid) with
a box size of 60 × 60 × 120-µm side lengths. They
were defined as the ratio of the total volume of the
vessels contained in each box to the volume of the
box. These measures were done on two populations:
the complete network, including tree-like vessels, and
the capillary network, excluding these vessels.

Many authors emphasized a highest capillary density
in the middle cortical layers characterizing sensory
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Figure 3. A large vein extracted from the network: (left) side view; (right) top view superimposed on a maximal
intensity projection of the mosaic.

cortex. To verify and quantify more precisely these
findings we rotated the skeletonized vascular network
so that the x axis was parallel to the sulcus. The grid
of boxes used to compute these microvessel densities
was defined such that their centers were located at
planes y = yn, where yn = n�y , with �y = 30 µm.
On this set of overlapping boxes, a map of MVD was
drawn and the mean values of these densities were
derived for each yn.

To analyze these results the cortical thickness was
evaluated by 2 different methods. The vascular cor-
tex was defined first from the sulcus surface to the
point where the vascular density was less than 50%
of the mean value, and additionally from the surface
to the point where the greater part of the vessels were
parallel to the sulcus.

The orientation of the vessels was analyzed on the
same grid. These orientations range between 0 and
180 degrees. We divided this range into 24 intervals
of 7.5◦ and plotted their frequency distribution in the
volume or subvolume considered. The frequency was
estimated as being the ratio of the total length of all

the subsegments within a given interval to the total
vascular length in the domain considered. We defined
a preferential orientation as the peak frequency ori-
entation. The interquartile range (between the 25 and
75% quartiles) of this frequency distribution pro-
vided a measure of the orientation heterogeneity. The
smaller this range, the more uniform the vessel ori-
entation. The larger, the more heterogeneous, a value
of 90◦ would mean that all orientations are equally
probable.

Extravascular Distance

The background distance map (see above) gives the
complete distribution of distances from any arbi-
trary point in the tissue to the nearest vessel. From
this map not only the mean and maximal diffusion
distance but also the variability in capillary spac-
ing can be inferred. The distances were analyzed
on the 3D frame of parallelepiped boxes as defined
above. For each box, these distances were plotted as a
frequency distribution curve from which the maximal
(MDD) and median (mDD) diffusion distance (the
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95th percentile and 50th percentile, respectively) and
the standard deviation could all be calculated. Taken
together, these can be used as an index of variation or
heterogeneity of spacing. Such parameters are much
more appropriate indices of the oxygen-diffusion dis-
tance than either capillary density or intercapillary
distance.

Fractal Analysis

The fractal dimension (Df) can be a valuable param-
eter to globally assess the microvascular architectural
complexity. It was estimated using the box counting
method, which consists of overlying the object with a
series of 3D grids of decreasing block size. For each
grid of box side length � the number of blocks in-
tersected by the structure N� was counted. The box-
counting fractal dimension is given by

Df = lim
�→0

log N�

log(1/�)

where � is the side length of the box and N� is the
smallest number of boxes of side length � required to
completely cover the vessel network. In practice, the
dimension was obtained by taking the slope of the
graph of log N� against log (1/�), where the box side
length was divided by 2 at each successive counting
sequence.

In practice, this fractal analysis was applied to regions
of interest (ROI) extracted from the 3D image mosaic
after the thresholding step. After an edge-detection
algorithm using a Sobel filter (ImagePro, Media
Cybernetics, Silver Spring, MD, USA) was applied to
the ROI, the bilevel images blocks contained only the
vessel walls voxels. The smallest boxes were obtained
by merging 4 adjacent image voxels and these had
a minimal side length � of 3 µm. The counting was
stopped after the sixth sequence when the box side
length was 32 times that of the smallest box. Above
this sequence the network becomes volume filling. In
fact, the microvascular fractal dimension (MFD) of a
given ROI was estimated after averaging the value of
Df on 16 neighboring blocks of the biggest size. The
chosen ROI did not include very large vessels. The
ROI centers were located from the sulcus to the white
matter throughout the entire depth range.

RESULTS

Validation

In this study we were able to produce a complete au-
tomatic reconstruction of the vascular network.We

assembled two connecting mosaics in this zone. The
first one (M1) stretched along the lateral part of the
collateral sulcus (fusiform gyrus), where the main
vessels were parallel and orientated normally to the
sulcus. In this region, both the sulcus and the outer
boundary of the cortex were rectilinear. This mo-
saic was made of 27 blocks and covered a surface
of 7.7 mm2 with a volume of 1.6 mm3. The other
mosaic (M2) was located at the end of the sulcus,
where the outer boundary of the cortex is more or
less circular and the main vessels were arranged ra-
dially (plicature zone). This second mosaic was made
of 34 blocks and covered a surface of 10.4 mm2 with
a volume of 2.15 mm3. Each mosaic contained a large
quantity of data (see Table 1) too large to be man-
aged simultaneously within the computer memory:
the depth-coded projection view presented on Figure
1d was obtained after subsampling the data in all
directions.

Both skeletons extracted from these mosaics included
more than a million data points (Table 1). The 3D
coordinates of the vessel central line and its diameter
were sampled. This process produced a data lineset
of nearly 30,000 vascular segments with an average
number of 37 points per segment spaced out by less
than 2 µm.

While the average segment length was close to 60 µm
for both mosaics, the total lengths and the number
of vascular segments by unit volume were slightly
higher in the M1 region than in the M2 region. How-
ever, they were of the same order of magnitude: 8000
segments and half a meter per mm3. Note also that
the skeletonization process results in a large data

Table 1. Global characteristics of the mosaics, skeletons,
and morphometric parameters

Mosaic M1 M2 M1 + M2

Number of bricks 27 34 61
Number of Segments 14,099 15,250 29,349

by mm3 8,817 7,219 7,826
Sampled points 503,025 588,447 1,091,472

by mm3 314,587 273,696 291,059
Total length (mm) 798.32 946.01 1744.33

by mm3 499.26 440 465
Segment mean length

(µm)
56.6 62 59.4

Sampled points/elements 36 38 37
Mean point distance (µm) 1.6 1.6 1.6
Vascular volume (mm3) 0.0392 0.0523 0.0915

(% of total volume) (2.45) (2.43) (2.44)
Vascular surface (mm2) 8.66 11.47 20.13

(vasc. surface by mm3) (5.42) (5.33) (5.37)



Human brain microvascular networks analysis
F Cassot et al. 21

Figure 4. Comparison of the reconstructed network with the original data: (a) projection view of the mosaic;
(b) depth-coded visualization of the line set after segmentation; (c) 3D visualizations of the line set (white cylinders)
and the original data (yellow isosurfaces).

compression: both skeletons were stored in files of
approximately 11 megabytes and could be easily
loaded, edited, and visualized. However, in spite of
this large compression factor, the skeletons or line-
sets appeared to keep all the useful information on
the vascular network architecture contained within
the original raw data.

Validation was obtained either by comparing the
original depth-coded projection view to those recon-
structed from the skeleton as displayed in Figure 4a,
b, or by superimposing the 3D vascular network ob-
tained from the lineset to the isosurface representa-
tion of the real data (Figure 4c). Such comparison
allows us to check the extracted center lines, but by
using the functions of the Amira’s Lineset Editor,
which enables us to delete, split, or connect lines or
points in a network, corrections can be applied inter-
actively when necessary.

While this comparison seemed to be acceptable, it
was only visual and, therefore, qualitative. A more
quantitative and less subjective assessment of the
segmentation method could be achieved from a first
analysis of the lineset characteristics as displayed in
Table 2. The disconnected (or disrupted) segments
represented about 3% (respectively, 8%) of all the
segments. This was a nonnegligible proportion, which
meant that a complete extraction of the full vascular
network had not been fulfilled. On the other hand,
this meant that nearly 90% of the vascular archi-
tecture had been described correctly. Various factors
explain this anomaly: for example, incomplete filling
of the vessel, insufficient contrast between the vessel

and the surrounding tissue, as well as physiological
or pathological (lacunar) vascular endings. Further-
more, these proportions were not homogenous: they
increased with the depth of the brain section consid-
ered, as the S /N ratio decreased, and varied from
about 2% (or 6%) for the disconnected (respectively
disrupted) segments in most of the sections (z <

150 µm) to more than 6% (respectively, 15%) in
the deepest sections (z > 170 µm). Another objective
argument in favor of the suitability of the segmen-
tation was the negligible amount (less than 1%) of
multiple-connected nodes, which are most probably
due to artifactual noise.

Global Morphometry

As shown in Table 1 the mean values of volume den-
sity and surface density were remarkably similar for

Table 2. Main characteristics of segment and node
connectivity for both skeletons

Mosaic M1 M2 M1 + M2

Unconnected segments (%) 4.1 1.25 2.6
End points segments 10.2 6.2 8.1
Simple nodes (1 daughter

branch)
1.2 0.4 0.7

Bifurcations (2 daughter
branches)

94.1 94.5 94.4

Trifurcations (3 daughter
branches)

4.1 4.5 4.3

Multiple nodes (4 or more
daughter branches)

0.6 0.5 0.6
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Figure 5. Histograms of diameters (left) and lengths (right) of the complete network for mosaics M1 (solid lines) and
M2 (dotted lines).

both mosaics in spite of their visual architectural dif-
ference. While this result was a rather coarse charac-
terization of the vascular density, it is worth noting
that the apparent difference in the geometrical ar-
rangement of the vessels in these adjacent regions
of the cortex did not change their global density.
Of course, this does not preclude the possibility that
there are local variations within these regions (see
below) or regional differences between different re-
gions of the cortex.

Figure 5 displays the frequency distributions of di-
ameter and length for both mosaics. Table 3 summa-
rizes the main characteristics of these distributions,
of which none was normal. Distributions of the com-
plete networks were asymmetric with a large posi-
tive skewness and a leptokurtosis. However, for these
networks the logarithm of the length and the inverse
diameter showed normal distributions with similar
mean and median, skewness close to zero and kur-
tosis close to 3. The diameter distributions of cap-
illaries networks were close to normal. Comparisons
between both mosaics were made after data trans-
formation when necessary and showed that all dis-
tributions were significantly different (p < 10−4).

Table 3. Characteristics of the diameter and length distribution functions of the vascular populations under consideration

M1 M2

Complete network Capillaries Complete network Capillaries

Diam Length Diam Length Diam Length Diam Length

Mean 6.91 56.65 5.91 57.37 7.72 61.80 6.56 63.26
Standard deviation 3.85 51.66 1.30 50.98 3.30 56.59 1.27 53.73
Median 6.07 42.03 5.81 43.07 7.05 45.73 6.58 48.08
Interquartile range 5.04/ 19.70/ 4.90/ 20.25/ 5.90/ 22.15/ 5.64/ 23.93/

7.45 78.03 6.82 79.62 8.50 84.34 7.57 87.13
Skewness 6.02 2.78 0.27 2.68 4.05 2.84 −0.15 2.20
Kurtosis 62.18 25.69 2.38 26.71 34.17 19.92 2.29 15.19

However, these differences were very small, as shown
on graphic representations.

Main (tree-like) Vessels Topology

Figure 6a displays the branching pattern of typical
cortical vein arborescence according to the diameter-
defined Strahler system. A total of 5 orders of vessels
lie between the postcapillary venules and the pieme-
rian origin in the sulcus. The semilog plot of Figure 6b
shows the relationship between the total number of
elements Nn and the order number n. Figure 6c shows
the relationship between the mean vessel diameter Dn
(respectively, the mean vessel element length Ln) and
the order number. The curves in these figures can be
fitted by equations of the form

log Xn = a + bn

where Xn represents Dn, Ln, or Nn, and a and b are
constants. b is positive for Dn and Ln, which increase
with the order number, and negative for Nn, which
decreases with this order. The constants a and b are
listed in Table 4 as well as the correlation coefficient
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Figure 6. The branching pattern of a large cortical vein according to the diameter-defined Strahler system: (a) the
vein with its elements of different orders; (b) the number and (c) the average diameter and length of vessel elements of
successive orders.

R 2 of the fitted curves, close to unity, and the di-
ameter (Dn/Dn−1), length (Ln/Ln−1), and number
(Nn−1/Nn) ratios, which are constants independent
of n(Dn/Dn−1 = 10b). This equation is known as
Horton’s law and a system obeying such a law is
fractal.

Net-like Vessels (capillary) Topology

This part of the study was carried out on M1 because
of the real perpendicular orientation of the vessels
to a rectilinear cortical surface. The following results

Table 4. Empirical constants, coefficients of regression and
ratios for the relationships between order number and mean
diameter, length, and number of vessel elements for a
cortical vein (see text)

Total number
Diameter Length (vessel elements)

a 0.8547 2.1138 2.1942
b 0.1582 0.2875 0.5765
R 2 0.9563 0.9711 0.9877
Ratio 1.45 1.94 3.77

catalogue 2 samplings of vessels. One, called a cap-
illary network, included vessels with a diameter less
than 9 µm (this value corresponds to the mean di-
ameter of the order 0 in the Strahler classification)
and the other, called a complete network, included all
vessels.

In the capillary sample, mean diameter and length
were, respectively, 5.9 and 57.4 µm. This charac-
terizes the mean capillary dimensions. On this mo-
saic (M1) cortical thickness (or depth) was 2.5 mm.
Volume–density curves are shown in Figure 7. Four
vascular layers were clearly identified:

1. From the surface to 240 µm (9.6% of cortex thick-
ness): a band devoid of capillary followed by a
rough increase on vascular density

2. From 240 to 1140 µm (9.6 to 45.6%): vessel den-
sity increases slowly to a maximum

3. From 1140 to 2070 µm (45.6 to 82.8%): vascular
density decreases slightly

4. From 2070 to 2500 µm (82.8 to 100%): rough
decrease until the white mater junction where it
appears that vascular density reaches a plateau.
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Figure 7. Vascular density of the mosaic M1: (right) height field color-coded representation with the main vessels;
(left) the dependency of volume vascular densities, with and without the tree-like network, on the cortical depth.

There is a high vascular density area (>1.4%), rang-
ing from 21.6 to 54% of cortex thickness. A map of
capillary density showed an important heterogene-
ity due to tree-like structures and resulted in a high
40% coefficient of variation. We did not analyze the
periodicity of the tree-like vessels in this section.

Segments orientations are shown in Figure 8. The
study concerned the capillary network. The most
frequent orientation was perpendicular to the sul-
cus surface (80◦). This preferential orientation was
clearly seen only into the superficial cortical layers
(from 9 to 22% of cortex thickness), where 50% of
the vessels are contained in 40◦ around this preferen-
tial value. In the deep cortical layers the orientation
became completely unpredictable (50% of the vessels
are in a range of 90◦) until the white matter where
vessels were oriented parallel to the surface. How-
ever, mesh geometry was not completely explored in
this sample.

Extravascular distances (Figure 9) were studied
within the whole network, including arborizations,
to introduce a parameter characterizing oxygen dif-
fusion. The curve is linked to the vascular densities

by inverse relationship, the greatest vascular density
corresponding to the shortest extravascular distance.
However, there was no simple mathematical rela-
tion between these two parameters, probably because
of the variability of mesh geometry, whose distance
ranged from 22 to 40 µm, depending of the corti-
cal deepness, and from 22 to 27 µm between 240
(9.6%) and 2200 µm (88%) of cortical thickness.
We emphasize that the mean value of the extravas-
cular distance defines the order of magnitude of the
mesh (50 µm). The extravascular distance map, with
a 17% coefficient of variation, is more homogeneous
than the density map. It shows clearly the avascular
zone near the pial surface and the avascular space
near the more important tree-like structures (Pfeifer
space).

Fractal Analysis

The log–log plots of N� versus 1/� emphasized highly
linear relationships with Pearson coefficients of re-
gression close to 1 (mean value = 0.9984). The slopes
of these lines, which define the MFD, ranged from
1.82 for a subcortical ROI to 2.17 for a middle layer
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Figure 8. Capillaries orientation according to the cortical depth and range of deviation from the preferential orien-
tation.

cortex ROI with a mean value of 2.03 ± 0.1 (mean ±
SD). The variations of the MFD with the depth were
similar to that of the MVD.

DISCUSSION

Anatomical studies of the human cortical vascular
network or even work on animal models are usually
carried out by direct observation of injected prepara-
tion or vascular casts. These methods do not tend to
yield quantitative features of the vessels for a number
of reasons. Usually, measurements are made manu-
ally on a small number of vascular segments concern-
ing one or different parts of the cortex and by using
different methods of injection. For a single observer,
the geometric complexity of such a vascular network

is nearly impossible to deal with in a quantitative
manner.

In the light of this, the main objective of this study
was to propose a new method by which to analyze the
microcirculation of the human brain. From thick sec-
tions of india ink-injected human brain, using con-
focal laser microscopy as a 3D imaging technique,
we have developed a new skeletonization algorithm,
adapted to a very large data set. It has allowed us
to generate a complete and automatic reconstruction
of the vascular network, including tens of thousands
of vascular segments within a large area of cortex
(20 mm2). Direct comparison between 3D visualiza-
tions of the original data and of the processed vas-
cular lineset demonstrated the high reliability of this
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Figure 9. Extravascular distance map and variation of maximal extravascular distance with the cortical depth.

method. Incomplete filling of the vessel or insufficient
contrast between the vessel and the tissue as well
as pathophysiological vascular endings prevented a
100% full extraction of the vascular network. How-
ever, this anomaly was limited and analysis of the
data guaranteed that at least 90% of all the vessels
were precisely represented. The volume of the data
lost could be estimated as being less than 3% of the
total vascular volume.

To our knowledge, such a large, quantitative and
reliable data library on the microcirculation of the
human brain has never before been compiled and
could potentially form the first parts of a database
that could be analysed and complemented in a larger
research project. Though the resulting linesets con-
tained hundreds of thousands of points and tens of
thousands of lines, its memory sizes did not exceed
a number of megabytes and could be easily loaded,
visualized, and edited on a PC. This demonstrates
that the skeletonization algorithm proved capable of
generating a large “compression’’ factor with respect
to the raw data. In spite of this, all the useful infor-
mation was safely preserved for morphometric and
topologic analysis.

The material used was of excellent quality but was not
completely suited to this acquisition protocol. Tata

and Anderson (61) argued that the use of viscous
solutions such as india ink in gelatin can cause in-
complete vessel perfusion. They tested whether cap-
illaries seen in tissue perfused with fixative, embed-
ded in celloidin, and stained with methylene blue
could be a useful alternative for the investigation of
brain vascular structure. They concluded that their
method provided a vascular quantification compa-
rable to that from india ink-perfused tissue, but
they found that the capillary diameter was greater
in the celloidin-embedded tissue than in the india
ink-perfused tissue and claimed that measuring the
diameter between walls provided more accurate mea-
sure than the widest distance between india ink pig-
ments. In fact, their measurements were made from
2D light microscope images and, due to the highly
3D nature of the cerebral microvascular network,
most of vessel segments were not correctly focused.
Clearly, such a 2D approach, as well as the pres-
ence of pericytes masking part of the vessels and
the low image contrast with celloidin, made a reli-
able reconstruction of the 3D microvascular network
impossible.

Better contrast materials, such as mercox casts, im-
prove the isotropy of the vascular network and aid
exploration with a more 3-dimensional approach, at



Human brain microvascular networks analysis
F Cassot et al. 27

the scale of the arborizations, as shown by prelim-
inary tests. Confocal microscopy is the best way to
acquire 3D data. Computer-integrated systems, using
manual joystick control of the microscope stage, re-
main commonly used for 3-dimensional mapping of
some microvascular networks (8). Previous attempts
(11,32) with this technique demonstrated that it was
not appropriate to our objective because it is user-
dependent and the time needed for a full data acqui-
sition on such large volumes would be prohibitive.

Corrosion cast scanning electron microscopy studies
(13,18,43,54,55) give precise morphologic features,
including perivascular structure, but are generally
used as a 2D approach insofar as images cannot be
easily recorded and treated in the 3 planes of the
space as with confocal microscopy (40). Microfocal
X-ray computed tomography offers an alternative to
casting methods but there is no fully automated im-
age segmentation method that provides the necessary
accuracy (26). High-resolution X-ray computed to-
mography using specific contrast agents (47) seems
to give quite interesting results and prospects.

The volume of the samples used in this study seems
to be insufficient for a regional approach to the or-
ganization of arteries and veins within the cortical
microcirculation. On another hand, this volume was
well adapted to a first quantitative study of the cap-
illary network.

To illustrate the potential applications of this method,
we present data on the morphometry and the topol-
ogy of the cerebral microcirculation. The reliability
of the database allowed us to establish some basic in-
formation on the elementary morphometry of cortical
microvasculature. Although the discussion of these
results goes beyond the methodologic objective of this
paper some of them will be briefly commented on
hereafter.

Some of the results presented here differ considerably
from descriptions in classic anatomical literature and
from more recent studies that utilized a qualitative
approach when a quantitative one was required. We
found here, from a very large amount of data col-
lected on two geometrically different zones, that the
mean capillary size varied from 5.9 to 6.5 µm in di-
ameter and from 57.4 to 63.3 µm in length. On the
same material Duvernoy evaluated the capillary di-
ameter around 3.5 µm and corrected this measure to
around 6 µm on mercox cast and in accordance with
other authors. On this issue our results concur with
the accepted thinking. We note that the anatomic
preparation can modify the diameters of vascular seg-

ments mostly because of shrinkage of the sample (61)
but these measures vary in vivo, too, and the out-
comes of the sample preparation should not change
other parameters, such as vascular density and fre-
quency distributions of vascular length and diameter,
since this shrinkage is global and homogeneous. We
noticed that, for the complete network, the length of
vessel segments was best approximated by the log-
normal distribution and the inverse of segments di-
ameter was the function that best fitted with a normal
distribution. There are very few quantitative data on
human brain microcirculation but these results are
superimposable with those recorded by Hudetz with
an intravital technique in the rat brain (21).

Others animal studies report capillary segments
lengths of 10–300 µm (21,25,42–44). The total
length by mm3 was evaluated at 465 mm/mm3, while
it is estimated around 1000 mm/mm3 by Hudetz
(threefold higher than in white matter) and Pawlik
et al. (22,44) and measured at 215 mm/mm3 by Tata
and Anderson with the same contrast agent (india
ink–gelatin) in the motor cortex of the rat (61). Dif-
ferences might be obvious between human and rat
cortex as variations of vascular density have been
often mentioned between motor and sensory cortex
in humans (13,18,34).

Turner (63) used an estimated capillary length of
200 µm, which corresponds to an arterio-venous
flow path between 2 arborized vessels, and which
is four times the result that we observed quantita-
tively here for a single segment. What is clear is that
there exists no real consensus on what a capillary
is, anatomically, histologically, or hemodynamically.
The Strahler classification allows the identification of
the beginning (or the end) of the mesh and its rela-
tionships with tree-like vessels. Further studies could
profit from this method to precisely define the nature
of the arborizations and their topology in the cortex,
as arteriovenous discrimination at microregional res-
olution remains a problem in postmortem studies and
the hypothesis of functional organization, or even of
a special or regular pattern of arborization is a matter
still very much under debate.

Like other microvascular networks, and as under-
lined by several authors (15,28), the cerebral net-
work is both a branching or tree-like and a mesh or
net-like structure. These two parts of the vascular ar-
chitecture were analyzed separately. The branching
patterns of typical cortical arborisation were classi-
fied according to the diameter-defined Strahler sys-
tem. The number of elements, mean diameter, and
length for each element order so defined were shown
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to obey Horton’s laws, which revealed the fractal na-
ture of this network as demonstrated for many other
vascular networks (16,20,31,59,62,64,65).

The fractal dimension for a branching network can be
expressed in terms of the number and length–order
ratios according to Turcotte Df = (log R N)/(log R L)
(62). It is remarkable that, for the trees considered
here, this gives a value of the fractal dimension (2.0)
that is nearly identical to the one estimated with the
box counting method (2.03) applied to the complete
network, which characterizes the mesh part of the
network. Moreover, this is the same fractal dimen-
sion that is found for the diffusion process. It may
have implications for the understanding of the de-
sign principles of angiogenesis and its modelling.

These results differ from the values mostly found in
the literature (3,27,38). Fractal analyses of the cir-
culation of the normal human retina (38) and of the
normal arteries and veins of the mouse skin (3) both
lead to a fractal dimension value of 1.7. But, in con-
trast with the present study, both measures were in-
ferred from networks embedded or projected in two
dimensions, which leads to an underestimation of the
parameters, as demonstrated by Minnich (41). The
relative differences between the number and length
ratios found in this study and those found for the pig
coronary arterial trees (27) are 10% or less, while be-
ing approximately 20% for the diameter ratios. The
fractal dimensions that can be inferred from Kassab
data vary from 1.78 to 1.96, depending on the coro-
nary artery. For the same arteries, the diameter frac-
tal dimensions vary from 1.99 to 2.09. These values,
which are very similar to those of the present study,
differ significantly from the 2.99 length fractal di-
mension reported for the dog pulmonary venous tree
or the 2.97 corresponding value for the human pul-
monary arterial tree (29).

One of the most striking features of cerebral mi-
crocirculation is its heterogeneity. This heterogene-
ity appears through a global organization in columns
limited by the arborized vessels. The depth-related
density of vessels is quantitatively demonstrated by
the technique presented here. The high density area
ranged from 21.6 to 54% of cortex thickness seems
to characterize a sensory cortex. If we try to establish
a correlation between these results and the cellular
structure of the cortex, it appears that it involves a
large part of layer III, including IIIb and IIIc, and the
entire layer IV. This kind of correlation needs further
studies, including an outstanding description of the
cyto-architecture of the cortex studied. Many authors

have dealt with the relationships between neuronal
activity and vascular density (1,13,33). The area on
which we focused was located on the lateral aspect of
the collateral sulcus on the fusiform gyrus and would
correspond from recent fMRI studies to the position
of the color vision center (5,39).

It is more difficult to draw conclusions about the use
of the orientation of vessels as a discriminative tool
for the segmentation of the cortex in vascular lay-
ers. A correlation between a preferential orientation
and nerve fiber organization could be suggested as
explanation.

Oxygen exchanges between blood flowing through
the vessels and the brain tissue they supply are of
crucial importance for ongoing neural activity. They
are the main determinant of the BOLD signal used to
emphasize this activity in functional MRI. These ex-
changes are governed by convection–diffusion equa-
tions in a complex geometric configuration and can
be modeled using different numerical methods, such
as finite-difference approximation (6,17) or Green’s
function method (19,58). Note that these functions
are themselves derived from the elementary solution
of the Poisson equation, which, in 3D, is proportional
to the inverse of the distances between the tissue and
the oxygen sources in the vessels. So, the distribution
of what we called the extravascular distance might
clearly be a valuable indicator of the capability of
the vascular network to respond to the metabolic de-
mands of local neuronal activity. It has been shown
to calculate diffusion distances more accurately than
an estimation from capillary density (30).

This parameter has a relatively homogenous distri-
bution out of the pial surface, the subcortical layer,
and in the neighborhood of the large vessels, where
it increases abruptly. It gives also an order of mag-
nitude of the mesh size (50 µm). Further studies are
still needed to complete these preliminary results and
to characterize the geometry of such a network.

One of the important features of this study was to ac-
count for the 3-dimensional nature of the cerebral mi-
crovascular network. Vascular network extraction as
well as the morphometric and topological results were
all collected and processed in 3 dimensions, which
seems to us to be a fundamental condition for a com-
plete understanding of microcirculation.

The morphometric characteristics of the human cere-
bral cortex vascular anatomy are required for a bet-
ter interpretation of cerebral functional imaging—
functional magnetic resonance imaging (fMRI) and
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positron emission tomography (PET)—and to gen-
erate a network model. At present, “the exact rela-
tionship between the measured fMRI signal and the
underlying neural activity is unclear’’ and “the ex-
tent of activation in human fMRI experiments is very
often underestimated to a significant extent owing
to the variation in the vascular response’’ (37). It is
now recognized that “the limit of spatial resolution
in fMRI is determined by anatomy of the microcircu-
lation’’ (24) and that “changes in blood flow propa-
gate downstream in veins and can give rise to spuri-
ous activation at sites remote from neuronal activity,’’
leading to “the most severe constraints on the spatial
resolution of BOLD contrast MRI’’ (63).

However, many other fields of research could profit
from the present method independently of the species
or the organ. The study of microvascular geometry
is of particular interest since it affects the oxygen
supply (12,17,23,45,46). These types of quantita-
tive works could be helpful to other investigations in
microcirculation, including tumor-related neovascu-
larization. The analysis of tumor microvascular com-
plexity measured by parameters such as microvessel
fractal dimension has been shown to provide impor-
tant prognostic information as well as novel insights
into the biology of tumor angiogenesis (4,10,56).

CONCLUSION

We have presented here preliminary results of an ex-
citing new mode of analysis of the microcirculation of
the human brain. Even though these are early stages,
it is clear to us that this method allows a hitherto
unattainable level of anatomical and topological res-
olution that presents itself quantitatively. The capil-
lary size, the frequency distributions of diameters and
lengths, the fractal nature of these networks, and the
depth-related density of vessels are all vital features
for an adequate model of cerebral microcirculation.
A more exhaustive analysis of such vascular networks
is the next step toward a better understanding of the
cerebral vascular bed in a functional sense. At the
very least, the construction of realistic hemodynamic
models might be undertaken from quantitative fea-
tures obtained by a suitable mathematical treatment
or directly from a realistic 3D segmentation of an ad-
equate volume of cortex.

It is important that these data are delivered using
a pertinent set of criteria that are mathematically
sound in choice and execution; what we present here,
as much as anything, is a demonstration of the power
of this method as a new tool. Clearly, establishing

a complete model of cerebral microcirculation is an
extensive task; this paper presents a description of a
new first step, whose potential shall become apparent
with time and continuing work.
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APPENDIX A: CENTERLINES EXTRACTION
METHODS

Overall Method

Extracting vessel center lines consists in the follow-
ing steps: a threshold that separates vessels (in white)
from the background (in black); distance map com-
putation that computes for each vessel’s point its
shortest distance to the background; thinning to de-
termine points belonging to center lines; joining cen-
ter line points into lines; adding to each center line
point the vessel radius at this point (which corre-
sponds to its shortest distance to the background).
The threshold is chosen manually by experts on the
whole mosaic (the lost of luminosity has been com-
pensated on lowest slides).

Distance Map Computation

Numerous ways have been investigated to compute
distance maps. Chamfer transforms, popularized by
Borgefors (9), achieve a good trade-off between pre-
cision and computational cost. They propagate lo-
cal integer distances using chamfer masks. Roughly
speaking, a chamfer mask is a set of legal displace-
ments weighted by local distances. A distance be-
tween two points is generally defined as the length
of the shortest path between these points. In the case
of chamfer distance, we reduce the path choice to lin-
ear combinations of the legal displacements 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 the other side, carefully choose the mask co-
efficients leading to the smallest error with respect
to the Euclidean distance. The first way is the eas-
iest, but increases the chamfer map computational
cost. The second way is the most challenging. This
computation is generally done on isotropic grids. In
our case, however, slice thickness is larger than pixel
size. We thus take into account the anisotropy of the
lattice and consider the use of adapted coefficients
computation methods (14).

Thinning Method

To determine vessel center lines, we can consider ei-
ther medial axis or skeleton. A medial axis can be
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defined as a set that is thin and centered within the
object. The skeleton of an object is thin and topo-
logically equivalent to this object. In our case, the
topology is the most significant property we want to
preserve to characterize and model the microvascu-
lar network. We thus consider homotopic skeletons.
Moreover, as we also aim at computing vessels di-
ameters, we want the skeleton to be centered within
vessels. More precisely, we want the skeleton to be
homotopic (i.e., topologically equivalent to the orig-
inal object), thin (i.e., one voxel wide), and centered
with respect to the original object.

A skeleton can be built in the continuous space
through Voronoi diagrams or partial derivative equa-
tions. However, continuous methods have huge
computational costs and often raise difficulties when
applied to discrete images. This leads us to consid-
ering discrete methods, which can be based on the
following:

• Thinning: The skeleton is computed by iteratively
peeling off the boundary of the object, layer by
layer. It consists of the iterative deletion of simple
points (a point is said to be simple if and only if its
deletion does not alter the object topology). A point
can be characterized as simple by examining its
neighborhood. This method ensures that we obtain
a homotopic skeleton.

• Distance maps: The skeleton is defined as the lo-
cus of the local maxima of the distance map. The
resulting skeleton is thin and centered, but not
necessarily homotopic with respect to the original
object.

Hybrid methods have been recently introduced to
take advantage of both approaches (53). These meth-
ods are called distance ordered homotopic thinning
(DOHT). They use a distance map to guide the pro-
cess of iteratively removing simple points (homotopic
thinning) toward the center of the object. They thus
lead to a skeleton that is homotopic, thin, and cen-
tered with respect to the original object.

However, the DOHT algorithm supposes that the im-
age can be loaded and processed at once in the mem-
ory of a standard computer. If we process indepen-
dently on image blocks, center line disconnections
appear on block borders. We propose to adapt DOHT
to a blockwise process. This adaptation is driven by
the skeleton properties we want to preserve:

• Homotopy can be guaranteed by deleting only sim-
ple points of the object. A point can be guaranteed

to be simple by investigating its neighborhood.
Problems of homotopy appear on block borders
because neighborhoods of points located on block
borders are partially unknown. To solve this prob-
lem, we freeze points located on block borders; i.e.,
we delete a point only if its whole neighbourhood
is included within the block. This condition guar-
antees a homotopic skeleton.

• Medialness is a regional property that is no more
verified if we only freeze points on the one-voxel
border as proposed above. Indeed, in the case of
a vessel crossing 2 blocks, the obtained skeleton
is stuck to the border of the first thinned block
and no more located at the object center. To over-
come this problem, we delete a simple point only
if its distance to the block border is larger than its
distance to the object border. This means that a
point can be deleted only if its associated maximal
ball is entirely included within the block. This en-
sures that points of the expected skeleton, which
are supposed to be on maxima balls centers, are
kept.

• Thinness: The two previous conditions lead to a
homotopic and potentially medial skeleton. But it
may remain thick. Indeed, object areas located on
block borders have not entirely been thinned. To
obtain a thin skeleton, we reapply the skeletoniza-
tion algorithm with the same conditions, but on the
area that remained thick, that is to say the block
borders.

We thus obtain a skeleton, which is homotopic, cen-
tered, and thin with respect to the vessels network.

Vessels Representation

We then reconstruct lines by considering the connec-
tivity of the obtained skeleton points, and affect to
each line point its corresponding value in the distance
map. This value represents the shortest distance from
the vessel center to the background, that is to say, its
radius at this point.

Vessels are stored as a set of lines made of sets of
points added with corresponding radii. They can be
represented as cylinder sets centered on center line
points with diameters corresponding to the vessels
diameter at this point.

These algorithms have been included in the “Micro-
Visu3D’’ extension of the 3D visualization package
Amira (Mercury TGS, Merignac-France, San Diego,
CA, USA, Zuse Institute, Berlin, Germany).


