Artificial vascular image generation using blood vessel texture maps
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Background: Current methods for identifying blood vessels in digital images typically involve training neural
networks on pixel-wise annotated data. However, manually outlining whole vessel trees in images tends to be
very costly. One approach for reducing the amount of manual annotation is to pre-train networks on artificially
generated vessel images. Recent pre-training approaches focus on generating proper artificial geometries for the
vessels, while the appearance of the vessels is defined using general statistics of the real samples or generative
networks requiring an additional training procedure to be defined. In contrast, we propose a methodology for
generating blood vessels with realistic textures extracted directly from manually annotated vessel segments from
real samples. The method allows the generation of artificial images having blood vessels with similar geometry and
texture to the real samples using only a handful of manually annotated vessels. Methods: The first step of the
method is the manual annotation of the borders of a small vessel segment, which takes only a few seconds. The
annotation is then used for creating a reference image containing the texture of the vessel, called a texture map. A
procedure is then defined to allow texture maps to be placed on top of any smooth curve using a piecewise linear
transformation. Artificial images are then created by generating a set of vessel geometries using Bézier curves
and assigning vessel texture maps to the curves. Results: The method is validated on a fluorescence microscopy
(CORTEX) and a fundus photography (DRIVE) dataset. We show that manually annotating only 0.03% of the
vessels in the CORTEX dataset allows pre-training a network to reach, on average, a Dice score of 0.8740.02, which
is close to the baseline score of 0.92 obtained when all vessels of the training split of the dataset are annotated. For
the DRIVE dataset, on average, a Dice score of 0.74+0.02 is obtained by annotating only 0.29% of the vessels,
which is also close to the baseline Dice score of 0.81 obtained when all vessels are annotated. Conclusion: The
proposed method can be used for disentangling the geometry and texture of blood vessels, which allows a significant
improvement of network pre-training performance when compared to other pre-training methods commonly used in

the literature.

Keywords: Blood vessel model, Texture generation, Artificial image, Segmentation

I. INTRODUCTION

Generating accurate segmentations of blood vessels
from digital images is an important task for diagnosis [1-6]
as well as for developing precise measurements to support
novel studies regarding the role of blood vessels on disease
evolution [7-10]. Current state-of-the-art approaches for
segmentation involve training neural networks on manu-
ally annotated samples [1]. The samples used for training
must represent well the distribution of the whole dataset
so that the neural network can generalize to unseen sam-
ples. An important difficulty with such an approach is
that the pixel-wise annotation of blood vessels is very
costly.

One common approach to reduce the amount of sam-
ples that need to be manually annotated is to pre-train
the network on artificially generated blood vessels [11-14].
Given that blood vessels tend to have a tubular structure,
a simple methodology for creating artificial vasculature is
to randomly generate tubes with varying thickness and
to blur the tubes with a smoothing filter [15, 16]. More
advanced techniques involve simulating the growth of
vascular trees [17] to generate images with accurate distri-
bution of vessel geometries. Common to many approaches
that have been developed is the focus on the geometry of
the vessels, and not on the appearance of the vessels. One
line of work that does focuses on appearance consists of
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different approaches for style transfer and image gener-
ation [18-20], but these techniques do not allow precise
control of the generated vessels regarding properties such
as vessel density, caliber, tortuosity, and local intensity
changes. Furthermore, they require the development of
an additional neural network training procedure for the
generative model, which in practice requires hyperparam-
eter tuning and can have poor performance for samples
at the tail of the data distribution.

In this work, we develop a methodology for extracting
the texture of manually annotated blood vessels from
real samples and generating artificial images using the
extracted textures. The method only requires the an-
notation of a few vessel segments of a dataset. Given
a dataset containing blood vessel images with different
appearances (example images are shown in Figure 1), a
common practice would be to annotate all blood vessels
in some of the samples to train a segmentation algorithm.
The developed method involves the annotation of one or
a few vessel segments from some of the images, shown in
green in Figure 1. The annotations are used for gener-
ating artificial images containing blood vessels with the
same texture as the annotated segments, which can then
be used for pre-training neural networks. This allows the
network to be adjusted to as many artificial images as
desired, each image containing a rich set of blood vessel
geometries and appearances. Notably, the annotations
can be done in seconds, or a few minutes if a more di-
verse dataset is desired. The neural network may then be
refined on a few fully annotated real samples.
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FIG. 1.
blood vessels with different appearances. Green lines show
example annotations of blood vessel segments.

Three fluorescence microscopy images containing

The methodology involves creating standardized repre-
sentations of the appearance of the vessels by mapping
the annotated segments into a rectilinear grid. The result
is called a texture map since it shares some similarities
with texture maps in computer graphics [21]. A procedure
is then developed for associating a given texture map to a
randomly generated Bézier curve. This is done by defining
two corresponding sets of points, one for the texture map
and one for the Bézier curve. A Delaunay triangulation
is generated for each set of points, and linear transfor-
mations are estimated between pairs of corresponding
triangles of the two sets of points. This procedure allows
the generation of artificial vessels with varying geome-
tries and realistic textures that can be systematically
controlled.

We show that artificial images generated using the
methodology are effective for pre-training neural networks.
On a fluorescence microscopy dataset, images generated
from only 5 annotated vessel segments, which corresponds
to annotating 0.03% of the vessels in the dataset, lead
to an average Dice score of 0.8740.02, which is close to
the baseline value of 0.92 obtained when training using
the fully annotated dataset. For a fundus photography
dataset, an average Dice score of 0.7440.02 is achieved
by annotating 10 maps (0.29% of the vessels), which is
also close to the baseline value of 0.81 obtained when all
vessels are annotated. While the manual annotation of
the entire datasets can take weeks or months, 10 vessel
segments can be annotated in under 5 minutes.

The code of the methodology and the obtained results
are publicly available online’.

II. RELATED WORKS

In [22] the authors proposed a methodology that ex-
tended the traditional L-systems grammar [23], which
was used for synthesizing angiographic images simulating
computed tomography and magnetic resonance images.
The generation of synthetic vessels was aimed at assisting
in validating segmentation algorithms and to be used in
virtual surgeries.
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Vessel tree simulators were used to compare artificially
created data with real vascular trees [24]. The authors
approached the comparison using the texture properties
of the trees’ geometry (not the vessels’ surface). They
showed that the models had important correlations with
different types of confocal brain tissue images. Vascu-
lar tree parameter changes were also observed between
healthy and tumorous tissue.

A few recent works [11, 12, 14] used biologically simu-
lated vascular trees for training neural networks using the
method of Schneider et al. [17]. The method consists of
an iterative generation of arterial trees through two main
processes: constructive (growth) and destructive (degen-
eration). Each vessel segment is modeled as a cylindrical
tube and tissue metabolism demands drive the angiogenic
process. For instance, in [15] the model was used to simu-
late magnetic resonance angiography images, which were
then used to train different neural network architectures.
It was shown that the synthetic data greatly contributed
to network pre-training.

The aforementioned works focused mostly on generating
plausible geometries for the vessels. Usually, the texture
is added using simple procedures such as blurring and
Gaussian or Poisson noise. Another line of work considers
the generation of vasculature with plausible geometry
and appearance using generative adversarial networks [18—
20, 25, 26]. But the generated vessels cannot be tightly
controlled, for instance, one cannot easily generate sam-
ples containing blood vessels with large tortuosity or with
low-contrast segments (i.e., discontinuities). In addition,
a new training procedure needs to be applied when there
is a distribution shift in the data, such as when changing
microscope parameters. Our model allows the precise con-
trol of the geometry of the vessels as well as the selection
of specific texture patterns for the generated images.

III. METHODOLOGY

The method can be divided into five main steps. They
are: (a) manual vessel delineation; (b) creation of vessel
models; (c) generation of vessel texture maps, (d) transfor-
mation of the maps to follow randomly generated curves,
and (e) insertion of the transformed maps into an arti-
ficially generated background. In the following sections,
we describe each of the steps?.

2 Regarding the mathematical notation used in the text, vectors
and points are represented in bold. Sets of vectors and points
are represented by uppercase letters. Matrices are represented by
uppercase letters and sets of matrices are represented by letters
using a calligraphic font.
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A. Manual vessel delineation

The first step consists of manually annotating a few
blood vessel segments. Segments are annotated by delin-
eating their borders, as shown in Figure 1. There is no
need to annotate the whole segment, only a portion of the
segment is enough to obtain its texture pattern. A simple
graphical user interface was created for this task, which
stores the pixel coordinates of the two delineated borders
as a .json file, but the segments can be annotated on
any software, provided a file containing the coordinates is
generated. The sets of points from the annotated borders
are represented as P, and Pps.

Vessels annotated from different images generate a
dataset of vessel segments. The method can work with
a single annotated segment, but additional segments can
increase the diversity of the textures of the vessels on the
artificial images. Thus, it is useful to annotate vessels
from different images and having distinct appearances.
In our experiments, five segments usually led to a good
segmentation performance.

B. Generation of vessel models

The manual delineations Py; and Pyy are used for ob-
taining additional information about the vessels such as
their medial lines and normal vectors at each border po-
sition. The set of all such information for a given vessel
segment is henceforth called the vessel model of the seg-
ment. An example of a vessel model is shown in Figure 2.
The procedure used to generate a vessel model is explained
next.

FIG. 2. Tllustration of a vessel model. A precise delineation of
the vessel border is represented in green, the vessel’s medial
axis is represented in red, and normal vectors to each curve
are represented as orange lines.

_ Depending on the annotation tool used, the points in
Py; and P,y might not be equally spaced, and the annota-
tions might be noisy due to the precision required to trace
vessel borders. Thus, for creating the vessel model, the

first step is to interpolate the manual delineation of the
vessel borders, which is done using a two-stage procedure.
A linear interpolation of the points is first performed to
uniformly sample the manual annotations. Then, a cu-
bic spline interpolation is performed on the result of the
first interpolation. This two-stage interpolation is useful
to make sure that the interpolated curves pass close to
all manually marked points. In our implementation, the
functions splprep and splev of the SciPy Python package
were used.

Both interpolations have a parameter § setting the
distance between interpolated points, which equivalently
sets the total number of points used in the interpolated
curves. A value of 6 = 1 pixel was used in all experiments
since smaller values lead to redundant information due
to the finite size of the image grid. The result of the
interpolation process are two sets of points Py and Py
representing high-resolution smooth curves describing the
borders of the vessel segment.

For each point in Py; and Pps, a normal vector to the
curve at the position of the point is calculated using the
spline representation of the curve. The two respective
sets of normal vectors are represented as Np; and Nps.
Figure 2 shows in green the interpolated curves and in
orange the normal vectors at each point.

Next, Py; and Py are used to calculate the medial axis
of the blood vessel, which is obtained using a Voronoi tes-
sellation of the border points [27]. In our implementation,
the Voronoi tessellation is calculated using the Voronos
class from the SciPy Python package. Figure 3 shows
an example of Voronoi tessellation of a vessel segment.
The tessellation provides the medial axis with sub-pixel
accuracy, which makes the following procedures more ac-
curate. However, the points defining the medial axis are
not equally spaced. Thus, the same two-stage interpo-
lation applied to the manual delineations is applied to
the medial axis using the same value of §. Respective
normal vectors are also similarly calculated. The resulting
sets of medial axis points and respective normal vectors
are represented, respectively, as P, and N,,. They are
illustrated in Figure 2.
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FIG. 3. Example of Voronoi tessellation of vessel borders.
The points used for the calculation are shown in black, they
were obtained using § = 2 in the interpolation for a better
visualization of the tessellation. Yellow lines represent Voronoi
cells. Red lines and points represent the calculated medial
axis.




The three generated curves (two borders and one medial
axis) represented by Py, Pye and P, as well as the normal
vectors Np1, Nyo and N, are stored and define the vessel
model of the segment.

C. Vessel texture map creation

Vessel models are used for generating vessel texture
maps, which are images containing only the texture of
the vessels. To do so, a coordinate system following the
model geometry is defined. The medial axis defines one
coordinate, while perpendicular lines to the medial axis
define the second coordinate. The intensities of the vessel
are then mapped into a new rectilinear grid. Figure 4
shows an illustration of the procedure. However, some
important details need to be taken into account when
generating the coordinates.

FIG. 4. Creation of a texture map using the coordinate
system of the vessel. (a) The medial axis (red) defines one
coordinate, and perpendicular lines to the medial axis define
a second coordinate (yellow and blue). (b) The intensities of
the vessel are mapped to a rectilinear grid. The central row
of the resulting image always corresponds to the medial axis.
Image columns correspond to the perpendicular lines in (a).
In this illustration, a coarse grid of points was used for visual
clarity. The distances between the points used in the actual
implementation are all equal to one pixel.

First, a set of sampling lines perpendicular to the medial
axis are created. Figure 4(a) shows in yellow and blue
examples of perpendicular lines. The normal vectors of
the medial axis are used for defining a first guess for the
direction of the lines. However, the normal of an axis
point and the normals of corresponding border points
might not be aligned. For instance, on high-curvature
segments or when the border at one side significantly
changes, the normal vector at the medial axis might lead
to very distinct points at the opposing borders of the
vessel.

To obtain a precise cross-section of the vessel at a medial
axis point p,,, we find the line that best aligns with the
normal vector n,, at the point as well as the normals of

the corresponding points at the border of the segment.

The procedure used for finding the best-fitting line is

described in Algorithm 1 and is illustrated in Figure 5.

The algorithm receives as input the medial axis point

P with respective normal n,, and the complete sets of
border points Py; and Pyy with their respective normals
Np1 and Npp. A set of angles O is defined in the range
[—45°,45°] with steps of A8 = 3° (line 2 of Algorithm 1).

Algorithm 1 Calculation of the optimal cross-section
angle

Input pm,nm, Po1, P2, N1, Np2

Output 6, # Optimal angle
1: AG + 3°
2. © « [—45°, —45° + Af, ..., 45° — AB, 45°]
3: A + empty
4: For each 0 in © do
5: N, < rotate(nm, 0)
6: Po1 < get_closest(Pm, fim, Py1)
7 Po2 + get_closest(pm, im, P2)
8: ny + get_normal(pe1, Ne1)

©

np2 < get_normal(pez, Np2)
e + alignment(fiym, Ny, Np1, Np2)
append e to A

end for

0, + Olargmax(A)]

return 6,
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FIG. 5. Example of cross-section angle identification for the
medial axis point indicated in red. Candidate directions are
shown as dashed lines. The blue line leads to the best align-
ment between the medial axis normal (black line) and the
normals at border points (purple arrows), and thus is chosen
as the cross-section direction.

The medial point p,, and respective vector n,, define
an initial candidate line for a cross-section of the vessel
at point p,, (black line in Figure 5). For each angle 6 in
O, the vector n,, is rotated by 6 (line 5 of Algorithm 1),
thus defining a new candidate line for the cross-section of
the vessel. Candidate lines are shown as dashed lines in
Figure 5. The function get_closest(pm, N, Po1) (line 6
of Algorithm 1) returns the point py; in Py; with the
smallest point-to-line distance to the line defined by p,,



and n,,. The same calculation is done for the other
border, defining point ppe. The respective normals are
also obtained (lines 8 and 9 of Algorithm 1). Points pp;
and ppe of each candidate line are shown as small brown
dots in Figure 5 and respective normals are shown as
purple arrows.

The alignment between vectors n,,, n,,, ny; and ng,
(line 10 of Algorithm 1) is then calculated as

€:2nm'ﬁm+nb1'ﬁm+nb2'ﬁm7 (1)

where x - y represents the dot product between x and y.
The equation represents the degree of alignment between
the candidate line with direction represented by n,, and
the normals of the medial and border points. A weight
of 2 is used on n,, - n,, to slightly favor the alignment
with the medial axis. The angle 6, with the largest value
of e (line 13 of Algorithm 1) defines the direction of the
cross-section at point p,,. This direction is illustrated as
a blue line in Figure 5.

The identified cross-sectional lines together with the
medial axis define a 2D coordinate system based on the
vessel’s geometry. The medial axis represents a coordi-
nate along the blood vessel, while the perpendicular lines
represent a coordinate along cross-sections of the vessel.
Sampling points are then created along each perpendic-
ular line. Given a parameter r setting the range of the
perpendicular lines, that is, the distance between each
endpoint of a line and the medial axis, the sampling points
S=[-r,—r+9J,...,r —0,r] are created. The parameter
0 sets the distance between points and is the same used
when interpolating the border and medial axis points.
The sampling points are then oriented according to the
perpendicular lines found using Algorithm 1. Examples of
sampling points are shown as yellow dots in Figure 4(a).

Each cross-sectional line can be mapped to a column
of an output image. The number of sampling points in
S defines the number of rows of the image. An illustra-
tion is shown in Figure 4(b). Thus, for each pixel of the
output image, the corresponding intensity of the original
annotated segment can be calculated using bilinear inter-
polation. In our implementation, this is done using the
map_coordinates function of the SciPy Python package.
The output image defines the vessel texture map M.

The main parameter of the map creation procedure is
the range r used for generating the cross-section sampling
points. If r is too small, the cross-section lines might
not capture the whole vessel. The transformation also
needs to capture some portion of the background of the
image for the artificial image generation, but if r is too
large, other vessels might be included in the texture map,
which will lead to artifacts. A good compromise is to use
the largest diameter of the vessel segment together with
an additional range of around 10 pixels to capture the
background.

The sets of border points Py; and Py are also projected
onto the map. They are used for generating a segmenta-
tion mask for identifying pixels belonging to the vessel

and to the background. Notice that it is not necessary to
project the medial axis coordinates since it will always
correspond to the middle row of the map.

D. Association of vessel textures to arbitrary curves

The texture maps can be used for generating textures
for arbitrary curves. In our methodology we focused on
Bézier curves, which are simple to implement and can
faithfully represent the curvilinear structure of a vessel.
A Bézier curve is defined by the initial and final points,
p; and py, as well as a set P, of g intermediate control
points that control the geometry and the smoothness of
the curve. The curve is created using Algorithm 2. ¢
linearly spaced values are created in the range [0.2,0.8]
(line 1 of Algorithm 2). These values are used for defining
q respective points along a straight line between p; and
py (line 5 of Algorithm 2). Each point is then displaced
along a normal vector n; to the straight line (line 7 of
Algorithm 2). The normal vector is a unit vector having
a dot product with vector py — p; equal to zero. The
translation amount is randomly drawn with uniform prob-
ability in the range [—d,,,d,], where d,, is a parameter
of the method. Lower values of d,, lead to more straight
curves.

Algorithm 2 Bézier curve generation

Input pi,py,q,dm,np
QOutput P, # Points sampled along Bézier curve

ts < linspace(0.2, 0.8, q)
n; < normal(p;, ps)
P, <+ empty
For each t in ts do
pi < t(ps — Pi)
d. + uniform(—dm,, dm)
Pc < Pi + P + deny
append p. to Pe
end for
P, + bezier(pi, py, Pe,np)
: return P,

_ o
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A Bézier curve with order ¢ + 1 can then be defined
using control points p;, py and P.. The application of
the curve for transforming the maps requires a set of
sampling points along the curve. Thus, for any given
curve, n, = 100 uniformly spaced points between the
initial and final points are created along the curve. The
generated points of the curve are represented as P,.

Given a vessel map M and the points P,, a procedure
is defined to transform the map to follow the geometry
of the curve. To do so, we first create two new curves by
shifting points P, to the left-hand and right-hand sides
of the original curve. Figure 6 shows an example of the
resulting geometry. The curves are created by finding all
points with a point-to-line distance of d to the original



Bézier curve, where dj, is given by half the number of rows
of the vessel map. Then, all points having the endpoints
of the Bézier curve as the closest points to them are
removed. This defines two curves, which are then linearly
interpolated to have the same number of points n, as
P,. The set of the three generated curves is called the
vessel geometry. The points defining the three curves, and
respective vessel geometry, are all represented by the set

P,.
FIG. 6. Example of a generated vessel geometry. The central

curve is generated using Algorithm 2. The green curves are
translated versions of the central curve.

Having obtained points Py, a respective set of points P,
needs to be defined for the vessel map with a one-to-one
correspondence with points in P, so that the intensities
can be transformed from the map to the curve. Before
defining P,, it is important to observe that the length
of the Bézier curve, measured as the path length along
the curve, and the length of the vessel map, measured as
the number of columns of the map, are usually distinct.
Thus, the vessel map is expanded to have the same length
as the Bézier curve. This is done by repeating the map
column-wise the number of times required for the lengths
to be compatible.

Representing as ¢ the number of columns of the vessel
map, n, sampling points are defined at row 0 of the map
and at the column positions [0, Ay, 2A,, ..., (n, — 1)A4],
where Ay = (¢ —1)/(np, — 1). That is, n, points are
created along the first row of the map with equal spacing
between them from column positions 0 to ¢ — 1 (the last
column of the map). The same procedure is repeated for
the middle and last row of the map. Set P, is composed
of the created points. Figure 7(a) shows in red, yellow,
and blue the points in P,.

Having points P, and P,, with a one-to-one correspon-
dence between them, a Delaunay triangulation of each
set of points is calculated. This defines two sets of tri-
angles, also with a one-to-one correspondence. For each
pair of triangles (one from the map and the other from
the curve), an affine transform is estimated and the in-
tensities are mapped using bilinear interpolation. In our
implementation, this procedure is applied using the class
PiecewiseAffineTransform and the warp function of the
scikit-image Python package. Figure 7 shows an example
triangulation of the original map and the Bézier curve
together with the transformed image.

The Delaunay triangulation might present some ar-
tifacts because points that are on different parts of the
border might generate triangles that are outside the curve.
These triangles can be seen on the right side of Figure 7(b).
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FIG. 7. Example of map transformation. (a) Original map,
with points P, represented by circles. (b) Transformed map,
with points Py also represented by circles. Orange lines repre-
sent the Delaunay triangulation of the points. The triangles
highlighted in green in both images are a transformed version
of each other.

These artifacts were removed by zeroing all pixels outside
the vessel geometry.

Besides the vessel texture, it is also necessary to map
the location of vessel pixels so that a corresponding binary
image can be created and used as a target for segmenta-
tion algorithms. This is done by creating a binary vessel
image from the map image. This is simple since we have
the position of the vessel borders on the map. The binary
image is then transformed using the same transforma-
tion applied to the grayscale image, but using a nearest
neighbor interpolation. Figure 8 shows an example of a
transformed map and transformed binary vessel.

(a) (b)

FIG. 8. Example of a transformed map and binary vessel
mask. Notice that the transformed map includes the vessel
and, by design, a portion of the background of the original
image which the map was extracted from.

E. Generation of artificial images using the
transformed vessel maps

Having a collection of transformed maps, it is possible
to insert them into an image to generate a realistic vas-
culature tissue image. One possibility is to generate a



vascular tree and place the maps on each vessel segment
of the tree. However, blood vessel identification is usually
implemented as a semantic segmentation task. This is
because digital samples usually contain only a portion
of the vasculature of a tissue. In addition, for most bio-
logical tissues, the vasculature does not have a standard
geometry at the typical scales captured by most imaging
modalities. Therefore, we consider that the global geome-
try of the generated artificial images is not particularly
relevant for vessel segmentation methods. Local proper-
ties such as the curvature, caliber, border definition, and
texture are likely more relevant. This is particularly true
for Convolutional Neural Networks, which are known to
be more biased towards local features [28, 29]. Thus, we
generate artificial images by randomly placing texture
maps into an image, without following a global vascular
structure.

The only remaining step is to generate an artificial
background image B to insert the maps into. This can
be done in several ways. For instance, it is possible to
generate a random image with values drawn from a normal
distribution. One can also annotate a few background
regions from a sample and replicate these regions multiple
times to generate a full image.

Note that since the transformed maps include some por-
tion of the background of the samples they were extracted
from, the artificial background image does not need to
be realistic. The main challenge of the segmentation al-
gorithm will be to segment the vessel from the texture
map background, and not from the artificial background.
Thus, we do not consider the artificial background gen-
eration as part of our methodology. In the experiments,
we used a simple methodology to create B, consisting of
dividing a real sample into small windows and replacing
windows containing blood vessels with windows that did
not contain blood vessels. It is important to notice that
the size of B defines the size of the final artificial blood
vessel image.

To generate images without a sharp change in inten-
sity between the artificial background and the map back-
ground, before insertion onto the background the maps
are normalized as

M =M = pi + o, (2)

where p,,, and p; are the average intensity of, respectively,
the map’s background and the artificial background im-
age. A normalization using the standard deviation of the
intensities may also be used in case the intensities of the
vessel maps have a larger standard deviation than the
artificial background.

The procedure used for generating an artificial image
is summarized in Algorithm 3. The algorithm receives
as input a database of texture maps M, the number
of maps m to use, an initial background image B, the
number of vessels n,, to insert, the minimum length s; of
the artificial vessels and the ¢ and d,,, parameters for the
Bézier curve generation. First, a subset M of m texture

maps is randomly drawn from M (line 1 of Algorithm 3).
A value s, setting the maximum length of the vessel
geometries is then calculated (line 3 of Algorithm 3). It
is given by the number of rows or columns of the image,
whichever is larger.

Algorithm 3 Artificial image generation

IHPUt M7 m, B7 Ny, S1,4, dm
Output 1 # Generated artificial image

M < draw(M,m)

I < copy(B)

Sm < max(size([))

for i + 1,n, do
de < uniform(s, sm)
pi, Py + get_endpoints(d.)
P, < generate_geometry(pi, Pf, g, dm)
M < draw(M, 1)
M, «+ transform(M, P,)
I « insert(My, I)

: end for

: return [

e =

For each vessel to be inserted into the image, the length
d. of the vessel is drawn with uniform probability in
the range [s;, $;n]. The function get_endpoints (line 6 of
Algorithm 3) randomly generates two points p; and py
with distance d. between them. Next, the geometry of the
vessel P, is generated by the function generate_geometry
using the methodology presented in Section IIID. One
texture map is then randomly drawn from the set of
available maps. The map is transformed into the artificial
geometry by the transform function using the method
presented in Section IIID and inserted into the image I.

The result is an artificial image containing the inserted
blood vessel textures. Parameters n,, s;, ¢, and d,, can
be set according to the density and typical curvatures of
the vessels from the real dataset. Parameter m should
be as large as possible since the diversity of the textures
is increased. However, larger m requires more annotated
vessel segments.

IV. RESULTS AND DISCUSSION

In this section, we present the results of the vessel model
and texture map creation methods. We also show that
the generated artificial images can be used to efficiently
train neural networks. The experiments were conducted
on an AMD Ryzen 5 5600G 3.90 GHz CPU with 16.0GiB
RAM, except for the training and validation of neural
networks, which were executed on an Intel 19 12900K 3.20
GHz CPU with an RTX 3090 GPU. Versions 1.10 and
0.21 of, respectively the SciPy and scikit-image Python
packages were used.



A. Datasets

Three datasets are used to show the potential of the
methodology. The first dataset is composed of 50 confocal
microscopy images of the mouse cortex. The images have
a size of 1376 x 1104 pixels, with each pixel representing
0.908 x 0.908 pm. Details about the image acquisition
procedure can be found in [30]. This dataset is challenging
because the blood vessels do not have well-defined borders
and some samples have low contrast. Figure 9 contains
examples of images from the dataset. This dataset is
henceforth called CORTEX.

FIG. 9. Examples of images from the CORTEX dataset.

We also use the DRIVE dataset [31], one of the most
popular datasets for evaluating blood vessel segmentation
algorithms. The dataset contains 20 training and 20 test
color fundus photographs, each image having a size of
584 x 565 pixels. Following common practice in the
literature, only the green channel of the images was used.
The fundus images from the DRIVE dataset are markedly
distinct from the microscopy images from the CORTEX
dataset. Thick vessels tend to have better contrast with
the background when compared to the CORTEX dataset,
but the DRIVE images contain a larger number of very
thin vessels, which tend to be difficult to segment.

As discussed above, one of the motivations for our
method is to improve upon the common pre-training pro-
cedure of generating artificial vessels with trivial textures.
Thus, we also compare our method with a technique used
by recent works to simulate artificial vessels [11, 12, 14],
which we refer to as TREE. The technique consists of
using the method of Schneider et al. [17] to generate re-
alistic artificial vascular trees. A Gaussian blur followed
by Gaussian noise is then applied to the images. In [15]
a dataset containing 136 artificial samples was generated
using the artificial tree method and made available online.
We use this dataset in the experiments.

The CORTEX dataset is used in the following sections
to provide examples of artificial images generated using
the proposed methodology. All three datasets are used in
Section IVF to quantify the potential of the method for
pre-training neural networks.

B. Vessel models

To measure the typical time spent on manual anno-
tation of vessel segments, six annotators were asked to
delineate 3 vessel segments in a given image from the
CORTEX dataset, and we recorded the time taken for
the annotation of the vessels. The results are shown in
Table 1. Overall, the annotation of a vessel segment takes
an average of 27 seconds, with the time varying according
to the characteristics of the vessel. Vessels with larger
dimensions or that are very tortuous tend to take more
time to be annotated.

Annotation time in seconds

Vessel one Vessel two Vessel three Average

Annotator one 11.86 11.22 10.8 11.29
Annotator two 30 34 33 32.33
Annotator three  51.16 28.55 31 36.90
Annotator four 27.69 27.75 27.65 27.70
Annotator five 21.48 22.49 32.28 25.42
Annotator six 24.42 17.98 38.47 26.96

TABLE 1. Vessel segment annotation time for six annotators
and three vessel segments.

For the following experiments, a total of 343 vessel seg-
ments were annotated from the 50 images in the CORTEX
dataset by a single annotator. On average, between 5 and
8 vessels were annotated for each image. The minimum
and maximum caliber of the vessels were, respectively 4.1
and 25.59 pixels, with an overall average caliber of 8.65
pixels.

A vessel model was created for each annotated seg-
ment. Figure 10 shows examples of created models. It
is important to have a rich set of vessel models. Thus,
we annotated vessels with large variations of intensity,
contrast, tortuosity, caliber, and noise amount.

FIG. 10. Vessel models generated from manual annotations.



C. Vessel texture maps

The vessel models were used for generating respective
vessel texture maps. The database of 343 vessel texture
maps obtained is represented as M. Figure 11 shows ex-
amples of vessel maps from M. Each vessel map contains
the intensities of the vessel segment and, by design, the
background of the sample which the vessel was extracted
from. The manual annotation indicating the borders of
the vessel is also stored together with the texture map.
Again, it is important to have maps containing vessels
with varying characteristics since this allows the genera-
tion of a diverse set of artificial images.

FIG. 11. Examples of vessel texture maps.

D. Vessel geometries

Vessel geometries were generated by randomly draw-
ing the initial and final points p; and py of the Bézier
curves such that the Euclidean distance d. between the
points was in the range [500, 1376] pixels. Figure 12 shows
examples of geometries that can be generated. ¢ = 30
control points were used for the curve in Figure 12(a),
while ¢ = 2 was used for the curve in Figure 12(b). The
number of control points has a large impact on tortuosity.
Figures 12(c), 12(d), and 12(e) show curves with ¢ = 6
and different values of d,,, which controls the maximum
distance between control points and a straight line be-
tween the initial and final points. Lower d,, values lead
to straighter vessels.

For the remainder of the experiments, we used ¢ = 6
and d,,, = 500 for generating the geometries.

E. Artificial image generation

Several artificial images with realistic textures were
generated using Algorithm 3. We considered different
situations according to the number of annotations m (and
respective vessel maps) required for generating the images.
We considered situations where only a single annotation is
used (m = 1), as well as situations where m = 5, m = 10,
and m = 160 annotations are used. The annotations used
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FIG. 12. Examples of generated vessel geometries. Curves
(a) and (b) have, respectively ¢ = 30 and ¢ = 2 control
points. Curves (c), (d), and (e) were generated with ¢ = 6
and, respectively, maximum control point displacements of
dm =1, dm = 100, and d,, = 250.

were randomly drawn from the M set of 343 annotations.
The number of vessels n, inserted into each image was
randomly drawn with uniform probability in the range
[20,50] and the minimum vessel length used was s; = 500.

The results are images containing n, artificial vessels.
Figure 13 shows examples of images generated from a
single annotated vessel segment (m = 1). In this case, all
vessels in the image have the same texture but different
geometries. Interestingly, these images can be used for
investigating the performance of segmentation algorithms
when only the geometry of the blood vessels changes
throughout the images.

FIG. 13. Examples of images generated from a single anno-
tated vessel segment.

Figure 14 shows images generated from different num-
bers of annotated vessels. Figures 14(a), 14(b), 14(c) and
14(d) were generated from, respectively, m = 1, m = 5,
m = 10 and m = 160 vessel annotations. The images
show a large diversity of geometries and vessel textures,
as well as different degrees of vessel density.

It is possible to use additional data augmentation trans-
forms to further diversify the images. For instance, the
images can have the size, brightness, and contrast ran-



FIG. 14. Examples of artificial images generated from (a)
m =1, (b) m =5, (¢) m =10, and (d) m = 160 vessel texture
maps.

domly changed. Gaussian noise can also be added to
the images (an example is shown in Figure 15). Since
there are many distinct approaches for data augmentation,
our method is defined independently of any specific data
augmentation pipeline.

(a) (b)

FIG. 15. Example of Gaussian noise insertion in an artificial
image. (a) Original image. (b) Image after noise inclusion.

F. Validation using neural networks

The artificial images were used to verify if the pro-
posed methodology can assist in training neural networks.
The neural network used is based on the U-net architec-
ture [32] using residual blocks. Figure 16 illustrates the
architecture. The network was trained using a learning
rate of 0.01 with a polynomial learning rate scheduler
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with an exponent of 0.9 and a batch size of 8. The perfor-
mance was quantified using the Dice and centerlineDice
(cIDice) [33] metrics.
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FIG. 16. Neural network architecture used.

The first experiment concerns the CORTEX dataset.
The dataset was randomly split into 40 training images
and 10 validation images. A set of vessel texture maps, M,
was extracted from the 40 training images. A respective
set Z of 100 artificial images was generated using a fixed
subset of m texture maps from M. To make sure that
the results are not due to the specific maps used, ng
different sets were generated. The specific procedure
used to generate the artificial datasets is described in
Algorithm 4. The results presented in this section are
always averaged over the ng datasets.

We considered cases where m = 1, m = 5, m = 10,
and m = 160 vessels were annotated. For m =1, m =5
and m = 10, ng = 10 datasets were generated. Only one
dataset of 100 images was generated for m = 160 maps
since this set already has a large number of maps and
random fluctuations due to the specific maps used are not
expected.

Algorithm 4 Data generation for the neural network
experiments

Input M, m,ng
Output null # The data is written to the disk
1: for i < 1,n4 do

2 M  draw (M, m)

3 T < empty

4 for i < 1,100 do _

5: I + generate_image(M)

6 append I to Z

7 end for

8 write Z to disk

9: end for

For comparison, a baseline model was trained on the 40
original training images using all available vessels. This
model represents the best result that can be obtained
with the training parameters considered since all pixels
are annotated and used for training. As an additional
comparison, the network was also trained on 100 ran-
domly selected images generated by the TREE method,



and the training was repeated 10 times on different sets of
randomly selected images to asses the performance vari-
ability when using different images. This dataset is used
as a baseline comparison with artificial images containing
realistic vessel geometries without real textures.

In all experiments the networks were trained for 300
epochs. The performance of all trained models was mea-
sured on the validation set consisting of 10 real images.
The models with the lowest validation loss found during
training were used. The only data augmentation used
was the inclusion of Gaussian noise and the darkening of
the image according to the distance from the center of
the sample to simulate microscope illumination.

The results are shown in Table II. In the table, aver-
age and standard deviation values among the 10 sets of
100 images are shown for m = 1, m = 5, and m = 10
annotated maps. No statistics were calculated for the
160 maps and baseline images because they have a single
set of images. The results show that the performance
difference between 5 and 160 maps is small. Thus, 5 maps
seem to be enough to reach the best accuracy for this
dataset when using artificial images. Interestingly, while
we observe a 0.05 difference in Dice score between the
artificial images using 5 maps and the baseline, the clDice
difference is only around 0.03. Thus, the centerlines of
the vessels are being segmented with an accuracy that
is very close to the baseline. Training on the TREE im-
ages results in a Dice score of 0.79. Thus, our method
achieves a 10.1% Dice score improvement over the usual
pre-training strategy using artificial tree generation.

Experiment Dice clDice
Baseline 0.92 0.94
TREE 0.794+0.02  0.85+0.04
Using 1 map 0.85+0.03 0.89£0.05
Using 5 maps 0.87£0.02 0.91£0.02
Using 10 maps 0.88+0.01 0.91+0.01
Using 160 maps 0.88 0.91

TABLE II. Average and standard deviation of the Dice and
clDice metrics obtained for neural networks trained on artificial
vessel images and evaluated on the CORTEX dataset.

Example segmentations of a network trained with arti-
ficial images generated from 1 annotation are shown in
Figure 17. The images indicate the reason for the differ-
ence observed between the Dice and clDice metrics. The
network trained on the artificial images tends to generate
segmented vessels with the same caliber. Thus, while
the centerline of the vessels is correctly identified, the
caliber is not always correct. Adding more annotations
with high-caliber vessels may mitigate this problem.

To verify if the method is general enough to be ap-
plied to different datasets, the experiments done for the
CORTEX dataset were repeated on the DRIVE dataset.
The artificial images were created using exactly the same
procedure used for the CORTEX dataset. In short, a set
of vessel texture maps was extracted from the 20 train-
ing images of the original train/test split of the DRIVE

FIG. 17. Example segmentation of a network trained on
artificial images. Three images of the validation set (real

images) are shown in (a), (b), and (c). The corresponding
ground truth annotations are shown in (d), (e), and (f). The
results of the network are shown in (g), (h), and (i).

dataset. Algorithm 4 was then applied to create artificial
images using m =1, m =5, m = 10, and m = 160 maps.
ng = 10 sets of 100 images were created for the m =1,
m = 5, and m = 10 cases, and one set of 100 images
was created for m = 160. A baseline model was trained
on the 20 training images of the dataset for comparison.
An additional model was trained 10 times on different
sets of 100 randomly selected images generated by the
TREE method. The performance of all trained models
was evaluated on the original test split of the dataset.

There were two changes in network training compared
to the CORTEX dataset. The networks were trained
for 1000 epochs, which was necessary for convergence.
A lightweight data augmentation consisting of random
flipping, random rotation, and random resized crops was
necessary to avoid overfitting?.

The results of the experiments are shown in Table III.
For the DRIVE dataset, 10 maps resulted in a Dice score
of 0.74, which is close to the baseline score of 0.81. The
TREE images led to poor results since the method used
to generate the images was originally developed for mi-
croscopy images. In contrast, our method can naturally
adapt to different imaging modalities.

The amount of manual annotation required by our
methodology was measured for the CORTEX and DRIVE

3 The transformation RandomAffine(angle=45, scale=(0.95, 1.20))
from the torchvision Python package was used for the rotation
and random resized crop.



Experiment Dice clDice
Baseline 0.81 0.80
TREE 0.21+0.01  0.23£0.06
Using 1 map 0.68+0.05 0.6740.06
Using 5 maps 0.684+0.05 0.68+0.06
Using 10 maps  0.74£0.02  0.7340.02
Using 160 maps 0.75 0.75

TABLE III. Average and standard deviation of the Dice and
clDice metrics obtained for neural networks trained on artificial
vessel images and evaluated on the DRIVE dataset.

datasets. For each map used in the experiments, the
length of the vessel represented by the map was measured.
This is given by the length of the curve represented by
the set of medial axis points P, used to create the map.
For the CORTEX dataset, 5 maps required, on average,
annotating a total vessel length of 513 pixels. For com-
parison, the vasculature of the 40 training images has a
total length of 1555520 pixels. Thus, the Dice score of
0.87 is reached using 0.03% of the annotation effort used
on the full dataset.

For the DRIVE dataset, the creation of 10 maps re-
quired on average annotating a total vessel length of 510
pixels. The number is similar to annotating 5 maps on the
CORTEX dataset because the annotations on the DRIVE
dataset for each map were usually shorter since vessel
segments on the DRIVE dataset tend to have shorter
lengths. The 20 training images have a total vessel length
of 174080 pixels. Thus, the Dice score of 0.74 is reached
using 0.29% of the vessels annotated on the full dataset.
Note that the method is used only for pre-training the
network. After pre-training, the network can be refined
on the real samples.

V. CONCLUSION

We presented a methodology for generating artificial
blood vessel images with realistic textures. The method
is built upon the fact that vessel segments can be used
as a reference for a coordinate system, which allows the
definition of texture maps. The method is fast, being
able to generate hundreds of images from a single vessel
segment annotation, and can significantly decrease the
manual annotation effort when segmenting novel datasets.

We showed that by annotating only 5 vessel segments
of the CORTEX dataset, corresponding to only 0.03% of
the vessels, the generated artificial images can be used for
training a neural network with a Dice score of 0.87+0.02
and a clDice score of 0.91+0.02, which are very close to
the baseline values of, respectively, 0.92 and 0.94 obtained
when annotating the whole dataset. The annotation can
be done in under 2 minutes by a trained annotator. For
the DRIVE dataset, annotating only around 0.29% of the
vessels, or 10 segments, led to a Dice score of 0.74+0.02
and a clDice score of 0.73+0.02, which are also close to
the baseline values of, respectively, 0.81 and 0.8.
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The results were compared with those obtained by a
common procedure used for pre-training neural networks
in recent works [11, 12, 14, 15], which we called the TREE
method. For the CORTEX dataset, the TREE method
resulted in a Dice score of 0.7940.02 and a clDice score
of 0.85+0.04, which are lower than the values obtained
by our method. For the DRIVE dataset, a Dice score of
0.21£0.01 and a clDice score of 0.23+£0.06 were obtained
using the TREE method. The reason for the weak per-
formance is that the method was developed with a focus
on microscopy images. The advantage of our method is
that it can adapt to different imaging modalities since
the appearance of the vessels is extracted directly from
small segments of the real images. Thus, the method
worked well for both fluorescence microscopy and fundus
photography images.

The developed methodology also allows to easily add
new annotations to the dataset. For instance, one can
annotate a specific blood vessel that was not segmented
correctly by the network and generate a new set of ar-
tificial images containing blood vessels with the same
appearance but different geometries. The network can
then be refined on the images.

The analysis was done with lightweight pre-processing
and augmentation procedures to avoid biasing the results.
That is, it is important to verify that the performance of
the method does not come from a complex augmentation
pipeline, but from the representation capability of the tex-
tures captured from the real images. For future analyses,
more elaborate pre-processing steps, such as histogram
equalization [34, 35], and augmentation procedures may
be used to improve the results of the method.

The generation of vessel texture maps also opens new
possibilities for disentangling the influence of shape and
texture on neural network training. It allows identifying
the importance of each aspect and to apply data aug-
mentation and style transfer techniques separately for
them. This is a promising research direction with some
recent interesting results regarding the texture bias of
CNNs [29].
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