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ABSTRACT

Background and Objective: Convolutional Neural Networks (CNNs) can provide excellent results
regarding the segmentation of blood vessels. One important aspect of CNNs is that they can be trained
on large amounts of data and then be made available, for instance, in image processing software. The
pre-trained CNN’s can then be easily applied in downstream blood vessel characterization tasks, such as
the calculation of the length, tortuosity, or caliber of the blood vessels. Yet, it is still unclear if pre-trained
CNNs can provide robust, unbiased, results in downstream tasks involving the morphological analysis
of blood vessels. Here, we focus on measuring the tortuosity of blood vessels and investigate to which
extent CNNs may provide biased tortuosity values even after fine-tuning the network to a new dataset
under study.

Methods: We develop a procedure for quantifying the influence of CNN pre-training in downstream
analyses involving the measurement of morphological properties of blood vessels. Using the
methodology, we compare the performance of CNNs that were trained on images containing blood
vessels having high tortuosity with CNNs that were trained on blood vessels with low tortuosity and
fine-tuned on blood vessels with high tortuosity. The opposite situation is also investigated.

Results: We show that the tortuosity values obtained by a CNN trained from scratch on a dataset
may not agree with those obtained by a fine-tuned network that was pre-trained on a dataset having
different tortuosity statistics. In addition, we show that improving the segmentation accuracy does not
necessarily lead to better tortuosity estimation. To mitigate the aforementioned issues, we propose the
application of data augmentation techniques even in situations where they do not improve segmentation
performance. For instance, we found that the application of elastic transformations was enough to
prevent an underestimation of 8% of blood vessel tortuosity when applying CNNss to different datasets.
Conclusions: The results highlight the importance of developing new methodologies for training
CNNss with the specific goal of reducing the error of morphological measurements, as opposed to the
traditional approach of using segmentation accuracy as a proxy metric for performance evaluation.

1. Introduction

the most common types of images where CNNs have been
applied for blood vessel analysis are retina fundus and

Blood vessels take part in many physiological processes
in humans and animals and can be found almost anywhere in
an organism. Therefore, many ailments and developmental
disorders may be caused by abnormal blood vessels [33].
Thus, characterizing blood vessels is an important matter
not only for diagnosis but also to help answer important
research questions regarding angiogenesis [12, 7], blood
vessel related ailments [5] and the blood-brain barrier [7, 8].
Common metrics for characterizing blood vessels are density
and tortuosity since they have been shown to influence
neuronal activation [20] and blood flow [13]. Acquiring
precise values for those metrics usually requires annotating
blood vessels in images, which is time-consuming and error-
prone. Consequently, many image processing techniques have
been developed for automatically characterizing blood vessels
[25, 46]. Usually, the most challenging step of the developed
techniques lies in segmenting the blood vessels [21].

More recently, owing to the recent advancements of
Deep Learning methods on many computer vision tasks [9],
Convolutional Neural Networks (CNN) have been applied
with great success for segmenting blood vessels. Among
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magnetic resonance images [22, 28]. Recent works have also
explored the use of CNNs for blood vessel microscopy images
[44, 19, 45]. Many CNN architectures have been defined
for blood vessel segmentation, U-Net-based architectures
[22] being the most common. Given that annotating blood
vessel images, which can contain thousands of blood vessel
segments, is a demanding task, most approaches for training
CNNs involve transfer learning methods [44, 19, 45]. This
is especially true for 3D images, since tracing blood vessels
in volumetric images is a particularly difficult task. Most
commonly, transfer learning consists in obtaining some off-
the-shelf network, that may or may not have been trained
on blood vessel images, and fine-tuning the network for
segmenting blood vessels for the type of image under study.

In this work, we investigate a possible pitfall when
using transfer learning for blood vessel segmentation. The
following situation, illustrated in Figure 1, is considered.
Suppose that a CNN was trained based on a set of images that
were obtained and manually annotated from some clinical
trial or biological experiment. Most likely, the objective of the
training was to maximize some segmentation performance
metric such as the Intersection over Union (IoU) or the Dice
coefficient. The trained network was then made available
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CNN trained for segmenting
images from experiment A
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Off-the-shelf segmentation
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Application of the CNN for
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Figure 1: lllustration of a transfer learning approach commonly
used for training CNNs for image segmentation. A CNN is
trained on a dataset and made available to other researchers.
The off-the-shelf CNN is then used as is, or fine-tuned on
another dataset and included in a pipeline for blood vessel
morphometry.

on some repository or software. Then, a new set of images
obtained under distinct experimental conditions was acquired
during some other experiment. Notice that the experiment
might even be carried out by a different group of researchers.
Suppose that the overall objective of this new experiment
is to study the tortuosity of the blood vessels. For this task,
the off-the-shelf network trained using the data from the
previous experiment is applied for segmenting the blood
vessels, followed by a calculation of the tortuosity.

The above situation has two important possible drawbacks
that need to be taken into account. First, the objective of the
original experiment where the network was initially trained
was solely the segmentation of the blood vessels, there is
no guarantee that the values obtained for the tortuosity are
correct. Second, the data used in the two situations might
have distinct characteristics. Here we do not focus on possible
changes on the image characteristics, such as brightness or
contrast, or the type of blood vessel under study, but on
more subtle differences that might affect the blood vessels.
Specifically, we consider two sets of images that have similar
statistics but contain blood vessels having distinct degrees of
tortuosity. The idea being that a CNN trained on blood vessels
having low tortuosity, when used for segmenting highly-
tortuous blood vessels, might lead to an overestimation or
underestimation of the tortuosity values. The same situation
is studied for the opposite problem, that is, CNNs trained
on highly-tortuous blood vessels being used for segmenting
blood vessels with low tortuosity.

It is important to point out that the possible drawback
of transfer learning considered in this work happens mainly
on segmentation tasks. For instance, for classification tasks,
labeling the data is usually the end goal of digital image
processing and computer vision methodologies. Contrariwise,
for many analyses in biology and medicine involving digital
images, the segmentation of the samples in a dataset tends to
be the first step of an overall procedure aimed at character-
izing the objects in the images (e.g., cells, organs and blood
vessels). Thus, the results of the segmentation are used in
downstream tasks involving, for instance, measuring different
properties regarding the shape of the objects in the images.

In the case of blood vessels, the tortuosity is a commonly
analyzed property.

The problem considered in this study is particularly
relevant for current researches involving blood vessels, where
the impact of an experimental condition might lead to subtle
changes in the morphology of the blood vessels, which need
to be quantified using robust and systematic approaches. We
specifically focus on the tortuosity in this study because it
is a difficult metric to be measured and compared by visual
inspection, and thus requires particularly reliable means for
automatic quantification.

Two main investigations are considered. The first is to
assess if there are indeed possible biases that may appear
on the calculated tortuosity when using off-the-shelf CNNs.
Provided this is true, we verify to which extent such biases can
be avoided by fine-tuning the network on the new dataset. This
requires the manual annotation of additional images, and thus
we also verify how many images need to be annotated in order
to reduce the observed biases. In addition, we also investigate
apossible data augmentation technique that can be used when
training the networks in order to better generalize them for
segmenting blood vessels possessing different degrees of
tortuosity. All in all, our analysis involves training a CNN
over 7000 times in different experimental conditions.

The analysis is focused on a large dataset of confocal
microscopy images, but the results should be general for
other types of images having blood vessels with a similar
appearance.

1.1. Literature Review

Recently, many Deep Learning methodologies have been
developed for blood vessel segmentation. Much of the effort
has been focused on the segmentation of 2D retinographies.
This is likely due to the availability of many annotated public
datasets. For instance, Liskowski and Krawiec [23] evaluated
six methodologies for retinal vessel segmentation and found
that correcting class imbalances tends to be more critical for
performance than applying data augmentation techniques. In
the last few years, several retinal vessel segmentation analyses
involving different adaptations of the U-Net architecture have
been published [48, 49, 16, 11].

One disadvantage of public retinography datasets is that
they are usually small. For instance, the DRIVE dataset [42],
one of the most popular retinography datasets in the literature,
contains only 40 images. Thus, several works in the literature
use transfer learning for improving the convergence of the
networks, which is done by either pre-training with extensive
datasets such as the ImageNet ! [15, 27, 26], or by generating
additional synthetic data [50, 51, 2].

Besides retinography analysis, there have been some
important recent developments regarding the segmentation of
blood vessels in the brain, such as the DeepVesselNet pipeline
[44]. This pipeline addresses the issue of collecting and
annotating structures in large volumetric data. The authors
suggested applying a pre-training step using a database
composed of artificially generated blood vessels. This transfer

Uhttps://image-net.org/

M.V. da Silva et al.: Preprint submitted to Elsevier

Page 2 of 16



An Analysis of the Influence of Transfer Learning When Measuring the Tortuosity of Blood Vessels

learning approach allowed a faster network convergence
while maintaining a high-quality segmentation. Todorov
et al. [45] presented a methodology for analyzing impor-
tant characteristics of whole mouse brain vasculature. The
network architecture used was similar to DeepVesselNet,
except for the input layer, which used two-channel images.
A transfer learning approach involving artificially generated
data was also used. With only 0.02% of the collected mouse
brain being annotated, the authors were able to segment
the vasculature with high accuracy. Kirst et al. [19] also
defined a methodology for the segmentation of whole mouse
brain vasculature using a combination of traditional methods
and CNNs. While capillaries could be segmented by image
filtering, thicker vessels appeared as hollow tubes. Thus, a
CNN trained with synthetic data was used to fill hollow
regions.

The majority of the developed methodologies were aimed
mainly at improving the segmentation accuracy of blood
vessels. Despite the development of additional performance
metrics such as clDice [39], the influence of segmentation on
downstream tasks, such as blood vessel morphometry, has
rarely been addressed.

2. Methods

2.1. Training and Fine-Tuning Off-The-Shelf
Segmentation CNNs

As stated above, transfer learning is an important tech-
nique for training CNNs. This is particularly true when
the size of the dataset is small or it is costly to annotate
the images. Figure 2 illustrates in more detail the common
approach for transfer learning depicted in Figure 1. First, a
group of researchers interested in segmenting blood vessels
obtains a set of training images and manually annotates them
to optimize a neural network (Figure 2A). After choosing
a proper network architecture and optimizing it, a trained
neural network is obtained. This neural network is usually
evaluated through pixelwise accuracy metrics, such as IoU
and Dice. Next, the researchers might make the trained
network available on a public source-code repository or an
image processing software.

The pre-trained network can then be used by other
research groups in future studies aimed at measuring the
morphology of blood vessels. The network might be used as
is, or an additional fine-tuning step can be applied to adjust
the network to the new data (Figure 2B). For fine-tuning the
network, a subset of the new data must be manually annotated.
Here, it is interesting to highlight two main points. First,
the fine-tuning applied to the pre-trained network requires
an amount of manual work proportional to the number of
additional annotations used. Second, it is usually not possible
to directly optimize the network using the morphological
metrics being studied since their calculation is not fully
differentiable. Thus, the metric that is optimized is usually the
cross-entropy of the class probabilities or the segmentation
accuracy, and the morphological metrics are calculated based
on the resulting segmentations. As a consequence, there is no

guarantee that the original or fine-tuned network will provide
segmentations that are unbiased with respect to the desired
morphometric analyses.

To investigate the situation described above, we con-
ducted two main analyses: (i) the identification of possible
biases when performing the morphometry of a blood vessel
dataset using an off-the-shelf network, initially optimized to
segment a different dataset; (ii) if biases are identified, to
which extent they can be mitigated by fine-tuning the off-the-
shelf network to the new dataset. We divided our experiments
into two steps. First, we optimized two neural networks, each
specialized in segmenting blood vessels with either high or
low tortuosity. Next, we measured the reliability of each
specialized network when applied to blood vessels having
distinct tortuosity than the blood vessels used during training.

2.2. Quantifying the Influence of Transfer
Learning on Blood Vessel Tortuosity
2.2.1. Optimizing a CNN for Blood Vessel
Segmentation

The first part of our experiment (illustrated in Figure 2A)
consists in training a CNN capable of segmenting blood ves-
sels with state-of-the-art accuracy. For the sake of generality,
we should ideally use methodologies that are well-adopted in
the literature. Therefore, our chosen network architecture was
the U-Net [37], as it is widely used for segmentation tasks
based on small datasets and it performs well on blood vessels
[49, 16, 24].

The U-Net is composed of an encoder and a decoder.
The encoder maps the input image into feature maps having
progressively lower spatial resolutions, while the decoder
progressively upsamples the output of the encoder and
incorporates feature maps from intermediate stages of the
encoder. The idea behind this methodology is to generate
pixelwise probabilities for image segmentation while taking
into account image features at different spatial resolutions. For
our experiments, we use a U-Net with a ResNet-34 encoder
[14].

Recall that the objective of our analysis is to investigate
possible biases when segmenting blood vessels with high or
low tortuosity. Therefore, we optimized two distinct networks.
One network is trained on a dataset composed predominantly
of blood vessels with high tortuosity, while the other is
trained on a dataset where the blood vessels typically have
low tortuosity. Section 2.5 describes the procedure used for
generating these two datasets. This initial training step is
depicted in Figure 3A for the case of blood vessels with low
tortuosity. This training is performed for 30 epochs. 80% of
the images containing blood vessels with low tortuosity were
used in the training set, 10% in the validation set, and 10%
in the test set. The training is carried out using the Adam
optimizer [18], with the cross-entropy as a loss function.
The learning rate is scheduled using the 1cycle policy [41],
with a maximum value of 0.0005. The procedure used for
training a network on the dataset containing blood vessels
with high tortuosity is identical. Provided the training is
successful, the resulting networks will be able to segment
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Figure 2: Detailed illustration of the transfer learning approach depicted in Figure 1. (A) Images obtained from a specific
experimental condition are annotated and used for training a neural network. This network is then made publicly available. The
training focus on a segmentation task. (B) The network is used for processing images obtained from another experiment. Additional
images are annotated and used for fine-tuning the network with the new data. Morphological properties of the blood vessels

identified in the new data are then obtained.

Training data
(Vessels with low tortuosity)

A) 1
Initial
)

Test data B) l

(Vessels with low tortuosity)
e

Network specialized
in the segmentation of
vessels with low tortuosity

(Vessels with high tortuosity)

=
|
Q)
e

Training data
Test data
(Vessels with high tortuosity)
Network refined for
the morphometry of
vessels with high tortuosity

D)
Yo *] Sth
58] —’Tfh
Ssl
Tsl

Figure 3: The methodology used for training and fine-tuning the CNNs considered in the analysis. The case where the network is
initially trained on vessels with low tortuosity and fine-tuned on vessels with high tortuosity is depicted. The same procedure is
used when training on vessels with high tortuosity and fine-tuning on vessels with low tortuosity.

blood vessels having similar characteristics as those in the
respective training sets. Thus, we henceforth refer to those
networks as being specialized on blood vessels with high or
low tortuosity.

As illustrated in Figure 3B, after training, the network is
applied to the test set in order to generate a set of segmented
images .S, where s/ stands for specialized in low tortuosity
vessels. From S, we calculate the average tortuosity value
of each image using the methodology described in Section
2.4. The set of calculated tortuosity values is represented as
T;. For the network specialized on blood vessels with high

tortuosity, we represent the obtained segmented images as
S, and average tortuosity values as T, where sh stands for
specialized in high tortuosity vessels.

2.2.2. Fine-Tuning an Off-The-Shelf Network for Blood
Vessel Morphometry

The second part of our analysis consists in implementing
the process illustrated in Figure 2B. Thus, the networks
trained using the procedure described in the previous section
are fine-tuned to a new dataset. The approach used for fine-
tuning the networks is illustrated in Figure 3C. The figure
shows the methodology for the network specialized in low
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tortuosity blood vessels, but the procedure is identical for
the other network. As depicted in the figure, the network is
fine-tuned using a subset of the training set containing images
of blood vessels with high tortuosity. The fine-tuning is done
for 15 epochs. Moreover, we use the same methodology and
hyperparameters employed when creating the specialized
networks.

The fine-tuned network is then applied to the test data
of the dataset containing vessels with high tortuosity (Fig-
ure 3D). A new set of segmented images S, and average
tortuosity values T’ are generated. The subscript f A stands
for fine-tuned with high tortuosity vessels. As mentioned
above, this fine-tuning procedure is also performed for the
network specialized in blood vessels with high tortuosity.
In this case, we represent the new set of segmented images
as Sy, and average tortuosity as T, where f/ stands for
fine-tuned with low tortuosity vessels.

2.2.3. Quantifying Morphometry Biases

The segmented images and average tortuosity values
obtained from the specialized and fine-tuned networks can be
used to assess the segmentation quality and identify possible
biases generated by the training procedures regarding the
tortuosity of the blood vessels. We define the segmentation
quality as the IoU between the segmentations obtained by
the network fine-tuned on a dataset and those obtained by the
network specialized on the same dataset. So, for the blood
vessels with low tortuosity:

N
IoU, = % D 10U (S ;1(i), Sy (D)), (1)
i=1

where S, (i) and S, (i) represent, respectively, the i-th image
from the sets S, and Sy, and N is the number of images.
The term IoU(S,(i), Sy (i) in Equation 1 quantifies the
IoU between the segmentations obtained by a network that
was initially trained on blood vessels with high tortuosity
and then fine-tuned on blood vessels with low tortuosity
(S,(1)), and the segmentations obtained by a network that
was specifically trained for segmenting blood vessels with low
tortuosity (S,;(i)). Ideally, 10U, should be close to 1. Notice
that this can happen even if the networks cannot segment the
blood vessels with good accuracy.
Equivalently, for blood vessels with high tortuosity:

N
IoU, = % D 10U (S 14(i), Su(i)- )
i=1

The quality of the tortuosity values obtained by each
network can also be measured. For the low tortuosity dataset,
we define

| w Ty(i)

- . 3
'™ N & Ty () )

The term T',(i)/ Ty, (i) quantifies the average tortuosity ob-
tained using the network that was initially trained on blood
vessels with high tortuosity and then fine-tuned on low
tortuosity vessels (T'f,(i)) with respect to the tortuosity value

obtained using the network specialized on low tortuosity
blood vessels (T, (i)).
Similarly, for blood vessels with high tortuosity:

| < Trp(0)
= Ton(D

“)

Values R; and R;, quantify the changes in tortuosity obtained
when using an off-the-shelf network instead of training a
neural network from scratch. It is important to notice that
the off-the-shelf network was not trained on completely
unrelated data. The high and low tortuosity datasets have
similar characteristics, with their main distinction being the
tortuosity of the blood vessels contained in the images. Also,
given the natural sinuosity of the blood vessels in our images,
we observed in our experiments that the values in Ty; and
T,;. being averages calculated over the entire images, did not
reach values close to zero.

Having defined these quality metrics, we search for biases
of segmentation and tortuosity values by calculating the
values of relative tortuosity and IoU as we increase the
number of annotated images used in the fine-tuning step.
The number of images was varied from O (no fine-tuning) to
40. Since the annotated images are randomly sampled, the
fine-tuning is repeated K times, and each quality metric is
calculated as the average for all repetitions. Since using less
annotated images leads to large fluctuations in the results, we
define K as

K = max (5,#), ®))

where 7 is the total size of the training set and » the number of
images used in the refinement. Thus, the smaller the number
of images used in the refinement, the larger is the number
of repetitions used in the evaluation. The average value of a
quality metric X calculated over K repetitions is henceforth
referred to as X.

A summary of the metrics defined above is presented in
Table A1l of the Appendix.

2.3. Data Augmentation and Transfer Learning

Manually labeling blood vessels is a burdensome task.
Thus, in many situations, annotating a large number of blood
vessels may be prohibitive. Another difficulty with the fine-
tuning approach happens when the off-the-shelf network
needs to generalize better toward vessels with high tortuosity.
In this regard, high tortuosity vessels are usually disease
markers. Therefore, it becomes harder to optimize a network
to increase its generalization capability since more effort
is needed to develop, image, and label samples containing
vessels with high tortuosity. Thus, it is beneficial to develop
approaches for increasing the generalizability of a network
using as few manual labelings as possible.

Training CNNs usually requires large amounts of labeled
data. This problem motivated the development of several data
augmentation techniques over the years. Data augmentation
techniques allow a network to learn patterns that are not
present in the original data and, consequently, improve its
generalizability. We propose a methodology for increasing
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the generalization capability of a network specialized in
segmenting blood vessels with low tortuosity. This is done by
applying data augmentation to the set of low tortuosity vessels
using elastic transformations [40], a type of transformation
capable of distorting the blood vessels and giving them a
more tortuous appearance.

The elastic transformation deforms an image by drawing
random displacement fields. Thus, for each image, horizontal
(A,) and vertical (A,) displacement fields are defined by
drawing random numbers between -1 and +1, generated from
a uniform distribution. Then, the fields A, and A, are con-
volved with a gaussian with standard deviation o. In this case,
o works as an elasticity coefficient. When o = 0, the result is
an uncorrelated displacement field. For non-zero o, an elastic
deformation effect is obtained. Lastly, the displacement fields
A, and A, are multiplied by a scale factor a, which controls
the transformation intensity. The elastic transformation can
generate realistic-looking highly-tortuous vessels based on
images containing vessels with low tortuosity. An example
of the application of elastic transformations in our dataset
is depicted in Figure 13 of the Supplementary Material.
Also, Figure 14 of the Supplementary Material shows typical
tortuosity values obtained for different values of parameter
a.

It is important to notice that data augmentation can be
applied in two distinct situations. The first involves applying
data augmentation when training the network from scratch.
The second situation concerns applying data augmentation
for fine-tuning a pre-trained network.

2.3.1. Data Augmentation When Training From
Scratch

To evaluate the influence of data augmentation when
training a network from scratch, we define a new set of
images based on the application of the elastic transformation
to the set of vessels with low tortuosity, which we henceforth
refer to as false highly-tortuous vessels. Next, we optimize
a neural network using the false highly-tortuous vessels
and assess the capability of this network in performing the
morphometry of the real set of high tortuosity vessels. The
training methodology employed is the same as the one used
in the optimization of the specialized networks (see Section
2.2.1), including the architecture, hyperparameters, and the
number of epochs. After training, the set of blood vessels with
high tortuosity is segmented and the set of tortuosity values
T, 7 is calculated. In this case, sf stands for specialized in
false highly-tortuous vessels. Similarly to Equations 3 and 4,
the relative tortuosity in this experiment (R, f) is calculated
as the average ratio between each element of 7, and the
respective element of T, obtained by the network specialized
in high tortuosity vessels (NSHV), that is,

PR R0
STTN & T3)
i=1 Tsn()

(6

Similarly, the relative IoU, IoU; r is calculated as

N
i=1

2.3.2. Data Augmentation During Fine-Tuning

As mentioned above, data augmentation may also be
used when fine-tuning a CNN. Thus, it is interesting to
verify if the generalizability of a pre-trained network can
be increased by fine-tuning the network using false highly-
tortuous vessels. This can be investigated by fine-tuning
the network specialized in low tortuosity vessels (NSLV)
on false highly-tortuous vessels generated using the elastic
transformation with « = 64 and ¢ = 4. These parameters
were chosen because they provided the best performance in
our experiments. All other parameters were kept the same as
those used in the fine-tuning applied to the NSLV (Section
2.2.2).

2.4. Measuring the Tortuosity of Blood Vessels

An approach for quantifying the tortuosity of blood
vessels is required for implementing our experiments. Many
different metrics have been defined in the literature [35,
10, 47]. Ramos et al. [35] compared the tortuosity scores
provided by five experts regarding blood vessels in retina
fundus images. They also compared the scores of the experts
with those obtained from different automated approaches
for measuring tortuosity. They found a high inter-expert
variability as well as different degrees of agreement between
the experts and the considered automated measurements.
Their results demonstrate that there is no optimal approach
for defining tortuosity. Indeed, as discussed in [3], different
types of tortuosity can be considered. Therefore, any given
tortuosity measurement will have advantages and drawbacks.
In this work, we calculate the tortuosity of blood vessels using
linear regression residuals 2.

The tortuosity is obtained as follows. First, the centerlines
of the blood vessels are calculated using the Palagyi-Kuba
topological thinning algorithm [30]. Next, we associate a
tortuosity value to each pixel of the generated centerlines. As
illustrated in Figure 4, given a reference centerline pixel p, (i)
belonging to a vessel segment, we define a circle of radius r
centered at p,. (/). The centerline pixels inside this circle define
the neighborhood of p,(i). Then, a line / is fitted to the set of
neighboring pixels using least-squares linear regression. The
tortuosity of p.(i) is then defined as the average of the point-
to-line distances between the neighboring pixels of p,(i) and
I (dashed lines in Figure 4). In other words, the tortuosity
is given by the root mean squared error of the least-squares
regression of the neighborhood of p.(i). If the blood vessel
segment around p.(i) is relatively straight, the respective
tortuosity will be small. Contrariwise, if the segment cannot
be well represented by a straight line, the tortuosity will be
large. The overall tortuosity of the blood vessels in an image
is then defined as the average tortuosity of the centerline
pixels, that is

2Code available at https://github.com/chcomin/pyvane
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q
=13 50, ®)
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where g is the number of centerline pixels. Notice that the
radius r controls the size of the detected tortuous structures.
For smaller values of r, small sinuous structures will have
larger tortuosity values. For larger values of r, longer vessels
with smoother curvatures will be recognized as more tortuous.
Thus, parameter r controls the scale of the analysis. The
computational cost of calculating the tortuosity is dominated
by the linear regression for large r, which has an asymptotic
time complexity of O(r). Therefore, the calculation of the
average tortuosity for a single image has a time complexity
of O(rq). For the experiments in this work, we set r = 10
since it allows the detection of sharp blood vessel turns in the
mouse cortex. The calculation of the average tortuosity of all
blood vessels in an image with a resolution of 1376 X 1104
pixels takes around 9 seconds using the computer described
in Section 2.6. An example of tortuosity values obtained for
a sample can be found in Figure 12 of the Supplementary
Material.

Figure 4: lllustration of the methodology used for calculating
the tortuosity of a blood vessel segment. A straight line is
adjusted to the points inside a circle of radius r centered at a
reference point p.(i). The tortuosity associated to point p, (i) is
given by the average distance between the line and the points
inside the circle.

2.5. Dataset

To apply the methodology proposed in this work, we use
a dataset composed of 1838 3D volumes, all obtained from
the cerebral cortices of mice. All volumes were collected
in 3D using confocal microscopy and have a resolution of
1376 x 1104 x 51 voxels, each voxel representing 0.908 um X
0.908um X 1um. The procedure used for obtaining the
volumes is described in Ouellette et al. [29].

To obtain the ground truth labels, we used a semi-
supervised segmentation approach. This same strategy was
previously used in other works [29, 20]. First, a Gaussian filter
with unit standard deviation is applied to each 3D volume.
Then, vessel regions are identified by an adaptive thresholding
algorithm with a window size of 100um X 100um applied to
each image along the depth of the volume (z-direction). Next,

connected components smaller than 500um?> are removed.
Since we are interested in evaluating the performance of
2D CNNS, the maximum intensity projections (MIP) of the
volumes (along with their respective segmentations) were
used as input to the networks — i.e., 2D images with a
resolution of 1376 X 1104 pixels. Please refer to Ouellette
et al. [29] for a more detailed description of the methodology.
An example of labeled cortical vasculature is depicted in
Figure 5.

Figure 5: Labeled cortical vasculature obtained by the semi-
supervised segmentation approach.

In order to separate the images between sets of high and
low tortuosity blood vessels, the average tortuosity value is
calculated for each image in the dataset. The 100 images
resulting in the highest average tortuosity were labeled as
samples containing blood vessels with high tortuosity. Simi-
larly, the 100 images with the lowest average tortuosity were
labeled as low tortuosity vessel samples. For performance
reasons, each image was divided into 16 windows resulting
in 1600 samples for each class with a resolution of 344 X 276
pixels. We were careful not to include windows from the
same image in both training and validation or test sets. All
analyses presented in Section 3 were done using these 3200
samples.

2.6. Implementation Details

All experiments were implemented using PyTorch 3. The
experiments ran on a desktop computer equipped with an
Intel 15-10400f 6 core and 12 threads CPU, 16 GB of RAM,
and a Nvidia RTX 2060 6GB GPU. The total processing time
of all experiments was approximately 34 days.

3. Results and Discussion

3.1. Generation of the Specialized Networks

Two networks were optimized using the methodology
described in Section 2.2.1, each specialized in segmenting
blood vessels with either low or high tortuosity. After training,
the NSLV obtained an average IoU of 0.8882 #. The NSHV
had an average IoU of 0.9158 °. These results are comparable
to the performance obtained by other works in the literature
focused on the segmentation of blood vessels imaged by
confocal microscopy [45, 43]. Figure 6 shows examples of

3https://pytorch.org/
4Average Dice of 0.9405
3 Average Dice of 0.9553
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results obtained by the CNNs when compared to the ground
truth labels.

Original

Figure 6: Example of segmentations produced by the specialized
networks. Top row: network specialized on low tortuosity vessels
applied to an image containing mostly low tortuosity vessels.
Bottom row: network specialized on high tortuosity vessels
applied to an image containing mostly high tortuosity vessels.

It is worth mentioning that even though our experiments
evaluate the segmentation performance using IoU, we opti-
mized our networks using the cross-entropy as loss function.
We observed that using the IoU or Dice as loss functions led
to a similar performance compared to the cross-entropy, but
the cross-entropy led to better convergence.

3.2. Fine-Tuning the Specialized Networks

After optimizing the specialized networks, we examined
their ability in segmenting data that they originally were
not trained on. When used for segmenting blood vessels
with high tortuosity, the NSLV obtained an average IoU of
0.6825. Similarly, when segmenting low tortuosity vessels,
the NSHYV had an average IoU of 0.6516. Figure 7 shows
examples of typical segmentation results. Figure 7B shows
the segmentation of a sample containing blood vessels with
high tortuosity, obtained using the NSLV. In this case, small
connected components that are not observed in the ground
truth (Figure 7A) are created. These components represent
false positives and thus lead to a high recall and low precision.
Such artifacts seem to be associated with the fact that this
network tends to classify regions of constant intensity as
blood vessels since low tortuosity vessels usually do not
present longitudinal intensity discontinuities. Figure 7D
shows a typical result obtained by the NSHV when applied to
images containing blood vessels that predominantly have low
tortuosity. By comparing this segmentation with the ground
truth (Figure 7C), a considerable caliber underestimation is
observed, that is, the segmented blood vessels are typically
thinner than the ground truth. Since the result contains many
false negatives, the NSHV leads to high precision and low
recall when segmenting images with mostly low tortuosity
vessels.

The observed segmentation problems can be considered
a typical consequence of applying a pre-trained network to
a dataset having different statistics than the dataset used for

training. Nevertheless, we emphasize that in the present study,
the dataset differences are not caused by changes in the sample
preparation or imaging protocol but by differences in the
morphology of the underlying biological system.

Figure 7: Segmentation artifacts observed when segmenting
datasets using inadequate pre-trained networks. (A) Ground
truth of a sample containing mostly high tortuosity blood vessels.
(B) Segmentation of the sample shown in (A) using a network
trained on low tortuosity blood vessels. (C) Ground truth of
a low tortuosity blood vessel image. (D) Segmentation of the
sample shown in (C) using a network trained on high tortuosity
blood vessels.

Having made the initial characterization of the segmenta-
tion problems, we proceed to try to revert the observed biases
by fine-tuning the specialized networks. Thus, as presented
in Section 2.2.2, each specialized network undergoes a
refinement step using samples from the dataset where the
morphometry analysis is to be performed. Figure 8 shows the
performance of the NSHV when segmenting vessels with low
tortuosity as a function of the number of images used for fine-
tuning. The result shows that the values of IoU;, increase with
the number of samples. Still, R; does not display the same
behavior. The tortuosity is overestimated when the fine-tuning
step is performed with up to approximately 13 images. When
more images are used, R, stabilizes around 1, while IoU,
slowly increases. It is also interesting to note that IoU, and
R, are not correlated. Therefore, improvements in a pixelwise
accuracy metric, such as the IoU, do not necessarily improve
the tortuosity estimation.

Figure 9 shows the relationship between the performance
of the NSLV when segmenting vessels with high tortuosity
and the number of images used for fine-tuning the network.
As refinement progresses and more high tortuosity examples
are presented to the network, both values of R, and IoU,
increase. Also, there is a considerable improvement in the
segmentation quality (/oU,) when just a few samples are
used for fine-tuning. In this case, it was possible to achieve
an average IoU of 0.9 with approximately 10 images, in
contrast to the 40 images used for achieving the same
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Figure 8: Performance of the network specialized in high
tortuosity vessels when segmenting low tortuosity vessels as
a function of the number of low tortuosity images used for
fine-tuning the network. The plot shows the average values of
R, and IoU, obtained after repeating the refining experiment
K times (defined in Equation 5). Error bars depict the standard
deviation of R, and IoU, over the K repetitions. The dashed
horizontal lines represent the base performance of the NSHV
when segmenting low tortuosity vessels without fine-tuning.

performance in the previous experiment (Figure 8). Low
tortuosity vessels usually have simple morphologies. By fine-
tuning the network to just a few additional samples containing
high tortuosity vessels, the network quickly adapted to the
new morphological characteristics of the samples. Therefore,
it was easier to optimize a network for recognizing more
complex vessels, starting from a simpler representation,
than to optimize it to simplify a more complex vessel
representation.

The results obtained from the two experiments considered
in this section show that both networks segmented the out-of-
distribution samples with similar accuracy. However, each
experiment resulted in different degrees of tortuosity under-
estimation or overestimation depending on the number of
images used for fine-tuning. As observed in Figure 8§, without
fine-tuning, the NSHV overestimated the average tortuosity
of the low tortuosity data by approximately 5% compared to
the NSLV performance, given that a value of R; = 1.05 was
obtained when no fine-tuning was performed. Similarly, the
NSLV underestimated the average tortuosity value of the high
tortuosity data by approximately 8% compared to the NSHV
performance, as shown in Figure 9. It was observed that these
errors could be mitigated by applying a fine-tuning step with
10 to 40 additional images (0.625% to 2.5% of the original
training set), depending on the tortuosity of the blood vessels,
which led to a more accurate estimation of the tortuosity.
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Figure 9: Performance of the network specialized in low
tortuosity vessels when segmenting high tortuosity vessels as
a function of the number of high tortuosity images used for
fine-tuning the network. The plot shows the average values of
R, and IoU, obtained after repeating the refining experiment
K times (defined in Equation 5). Error bars depict the standard
deviation of R, and IoU, over the K repetitions. The dashed
horizontal lines represent the base performance of the NSLV
when segmenting high tortuosity vessels without fine-tuning.

3.3. Improving the Tortuosity Estimation Using
Data Augmentation

We first verified if data augmentation can improve the
estimation of the tortuosity when training the network from
scratch. For this experiment, the procedure described in Sec-
tion 2.3.1 was used. Figure 10 displays R, and IoU, as a
function of the parameter & used in the elastic transformation.
The value of ¢ was set to 4. We observed that keeping ¢ = 4
and varying a between 0 and 70 covered several examples
of tortuous blood vessels found in our dataset. There is a
considerable drop in R, ; when a is between 1 and 10. On the
other hand, for a > 12, training with the set of false highly-
tortuous vessels improves the tortuosity estimation. The best
performance is observed when a is around 64, where R, el
even though the segmentation performance is relatively low,
having an average value of ToU | 7 = 0.78. Another important
result is the lack of a strong correlation between R, and
IoU, for different values of a. This reinforces the idea
that improvements in vessel morphometry may be caused by
effects that are not properly quantified by pixelwise accuracy
metrics.

We also investigate if data augmentation can lead to a
better estimation of the tortuosity during fine-tuning. The re-
sults of applying the methodology described in Section 2.3.2
are depicted in Figure 11. Contrariwise to what was observed
in the results shown in Figures 8, 9 and 10, there was no
noticeable improvement on the values of 10U, and R;. Even
after fine-tuning the network using 40 additional images,
the performance of the network was, on average, R, ~ 0.9
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Figure 10: Performance of the network trained with false highly-
tortuous vessels when subjected to the morphometry of real
blood vessels with high tortuosity. « is the scale factor used
in the elastic transformation to obtain the set of false highly-
tortuous vessels. Error bars represent the standard errors of the
average values of R ; and IoU,, of the test set. The dashed
horizontal lines represent the base performance of the NSLV
when segmenting high tortuosity vessels.

and IoU,, ~ 0.8. Thus, data augmentation was not enough
to avoid an underestimation of the tortuosity. This result
contrasts with the improvement obtained when applying data
augmentation for training the network from scratch.

Some considerations can be made from the obtained
result. First, data augmentation was unable to correct the
bias of the NSLV after fine-tuning the network. In addition,
R ,, values have large standard deviations, which indicates that
the quality of the morphometry obtained by the network is not
reliable. Additional approaches could be investigated for fine-
tuning the network. Some possibilities include: modifying
the learning rate scheduler for finding a solution that better
generalizes the data, increasing the number of images used
in the fine-tuning step, and using different data augmentation
techniques.

4. Discussion

The segmentation and characterization of blood vessels
is an important task for diagnosing many types of diseases
as well as for studying the development of neurovascular
systems. Therefore, defining robust and unbiased approaches
for identifying blood vessels in digital images is of great
importance. Usually, most of the focus is placed on obtaining
good segmentation accuracy, commonly measured using the
Dice or IoU metrics. We focused on identifying to which
extent segmentation accuracy is related to morphometric
precision when measuring the tortuosity of blood vessels.

Two main investigations were proposed. The first was
to identify if the tortuosity calculated for blood vessels may
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Figure 11: Performance of the network specialized in low
tortuosity vessels when segmenting high tortuosity vessels as
it goes through a fine-tuning step with increasingly more false
highly-tortuous vessels. The plot shows the average values of
R, and IoU, obtained after repeating the refining experiment
K times (defined in Equation 5). Error bars depict the standard
deviation of R, and IoU, over the K repetitions. The dashed
horizontal lines represent the base performance of the NSLV
when segmenting high tortuosity vessels without fine-tuning.

change depending on the CNN used for segmenting the blood
vessels, even in situations were the dataset used and the
segmentation accuracy is similar for the CNNs. A procedure
was developed for comparing a CNN that was trained only on
images containing mostly high tortuosity blood vessels with a
CNN that was trained on low tortuosity vessels and fine-tuned
on vessels with high tortuosity. The opposite situation was
also investigated. We found that the tortuosity values obtained
from a CNN trained from scratch may not agree with those
obtained by a CNN that was pre-trained on data acquired
from a different experimental condition, and consequently,
with slightly different tortuosity statistics. CNNs trained
on blood vessels with high tortuosity tended to lead to an
overestimation of the tortuosity, while CNNs trained on blood
vessels with low tortuosity resulted in an underestimation of
the tortuosity.

The second investigation involved the definition of pos-
sible procedures for reducing the observed biases. A fine-
tuning approach on the dataset used for inference and a data
augmentation methodology were considered. We identified
that the tortuosity biases could be corrected by applying
a fine-tuning step using additional annotated images. On
average, around 13 new annotated images were required
for removing the biases. Interestingly, the improvement in
tortuosity estimation was not correlated with changes in
segmentation accuracy when analyzing the low tortuosity
dataset.

Regarding data augmentation, we investigated a possible
bias-reducing data augmentation approach using elastic
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transformations of the training set. This strategy can be
helpful for small datasets and also requires fewer manually
annotated images. We observed that training the network
using the proposed data augmentation approach did not lead
to a significant improvement of the IoU metric. However,
this approach made the network less biased when used for
morphometric quantifications. This means that adding proper
data augmentation techniques when training CNNs might be
useful even if they do not improve segmentation accuracy.
Conversely, when using off-the-shelf networks, it might be
useful to give preference to networks that were trained with
appropriate data augmentation techniques, even if its accuracy
is lower than other state-of-the-art architectures. This result
also highlights the importance of correctly optimizing a blood
vessel morphometry pipeline for prospective studies regard-
ing vascular systems. The optimization should not consider
only pointwise accuracy metrics but also the performance
of metrics associated with morphological properties of the
blood vessels.

To our knowledge, a similar investigation regarding
tortuosity biases has not been performed before in the
literature. On the other hand, analyses involving the influence
of segmentation on the morphometry of bone trabeculae [31]
and brain structures [4, 34, 17] as well as radiotherapy
planning [32] have been performed before, where similar
results were obtained. For instance, established pipelines
for voxel-based morphometry of brain MRIs (Magnetic
Resonance Images) can lead to inconsistent results regarding
the estimation of age-related gray matter volume decrease [4],
brain volume in autism spectrum disorder [17], and gray
matter volume atrophy for amyotrophic lateral sclerosis pa-
tients [34]. Furthermore, in [32] the authors report that during
radiotherapy planning, geometrical similarity scores (such
as the Dice coefficient) used to evaluate the segmentation of
peripheral (not-targeted) organs, do not correlate well with
the changes in the radiation dosage they receive. To mitigate
possible morphometry biases, the authors suggested that
new evaluation metrics must be developed, in the sense that
they should reflect more accurately the underlying clinical
problem — in their case, radiation dosage on peripheral organs.
In [36] and [6], deep neural networks were trained to directly
optimize the morphological features of brain MRIs, rather
than the segmentation accuracy. Still, little attention has been
given to the influence of network training on morphometry.

For future studies, it would be interesting to consider the
influence of segmentation on other morphological quantities,
such as blood vessel length and the number of branching
points. It would also be interesting to verify if the same
results are obtained for other types of blood vessel images
such as those acquired by retinal imaging and by angiography.
Actually, the same analysis considered in this study can be
applied to any system composed of a segmentation step and
a downstream quantification task.

5. Conclusion

Going forward, we argue that more focus should be given
to the impact of neural network segmentation on downstream
tasks related to blood vessel morphometry. Specifically,
when developing computerized systems, it is important to
take into account that a high, but not perfect, segmentation
performance does not necessarily lead to properly segmented
images for morphometric analyses. This is especially true for
neural networks given that explaining the results provided
by such systems is still an active area of research [38, 1].
As shown in our analysis, fine-tuning a pre-trained neural
network on new data might not completely remove morpho-
metric biases that may be present in the original network. In
such cases, we argue that the network should be retrained from
scratch using new data and image augmentation techniques
that can directly perturb the morphological measurements
that will be calculated.
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Appendix: Performance Metrics Used in This Work

Table Al
Symbols and corresponding definitions of the metrics used for quantifying the performance of blood vessel segmentation and
tortuosity calculation.

Metric Description

S, Set of segmented images obtained by the application of the network specialized in low tortuosity vessels on
images containing low tortuosity vessels.

T, Average tortuosity values of S|;.

S Set of segmented images obtained by the application of the network specialized in high tortuosity vessels on
images containing high tortuosity vessels.

T, Average tortuosity values of S,.

Ss Set of segmented images obtained by the application of the network specialized in high tortuosity vessels and
fine-tuned on low tortuosity vessels on images containing low tortuosity vessels.

Ty Average tortuosity values of S,.

S Set of segmented images obtained by the application of the network specialized in low tortuosity vessels and
fine-tuned on high tortuosity vessels on images containing high tortuosity vessels.

Ty Average tortuosity values of S .

IoU, Average loU between the set of segmented images S, and S|;.

R, Average ratio between the set of tortuosities T;, and T,.

IoU, Average loU between the set of segmented images S, and S,.

R, Average ratio between the set of tortuosities 7, and T,

Sr Set of segmented images obtained by the application of the network specialized in false highly-tortuous vessels
on images containing high tortuosity vessels.

T, Average tortuosity values of S, .

IoU,; Average loU between the set of segmented images S, and .S,.

R, Average ratio between the set of tortuosities T, and T,,.

X Average value of metric X over K repetitions of an experiment, where K is defined in Equation 5.

Appendix: Supplementary Material

6. Vessel Tortuosity
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Figure 12: Pixelwise tortuosity obtained for the blood vessels in one of the images of the dataset.

M.V. da Silva et al.: Preprint submitted to Elsevier Page 14 of 16



An Analysis of the Influence of Transfer Learning When Measuring the Tortuosity of Blood Vessels

7. Elastic Transformations

Original

Figure 13: Examples of elastic transformations applied to an image depicting the mouse brain vasculature. The larger the value of
a, the more tortuous each vessel segment appears to be.
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Figure 14: Average tortuosity values of the set of low tortuosity vessels after the application of elastic transformations with
different values of a. Each point corresponds to the average tortuosity of 50 images randomly sampled from the 1600 images of
the dataset containing low tortuosity vessels. The error bars depict the standard deviation of the tortuosity calculated over the 50
images. The same set of images was used for all values of a.
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