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3DVascNet: An Automated Software for 
Segmentation and Quantification of Mouse 
Vascular Networks in 3D
Hemaxi Narotamo , Margarida Silveira , Cláudio A. Franco

BACKGROUND: Analysis of vascular networks is an essential step to unravel the mechanisms regulating the physiological and 
pathological organization of blood vessels. So far, most of the analyses are performed using 2-dimensional projections of 
3-dimensional (3D) networks, a strategy that has several obvious shortcomings. For instance, it does not capture the true 
geometry of the vasculature and generates artifacts on vessel connectivity. These limitations are accepted in the field because 
manual analysis of 3D vascular networks is a laborious and complex process that is often prohibitive for large volumes.

METHODS: To overcome these issues, we developed 3DVascNet, a deep learning–based software for automated segmentation 
and quantification of 3D retinal vascular networks. 3DVascNet performs segmentation based on a deep learning model, and it 
quantifies vascular morphometric parameters such as vessel density, branch length, vessel radius, and branching point density. 
We tested the performance of 3DVascNet using a large data set of 3D microscopy images of mouse retinal blood vessels.

RESULTS: We demonstrated that 3DVascNet efficiently segments vascular networks in 3D and that vascular morphometric 
parameters capture phenotypes detected by using manual segmentation and quantification in 2 dimension. In addition, 
we showed that, despite being trained on retinal images, 3DVascNet has high generalization capability and successfully 
segments images originating from other data sets and organs.

CONCLUSIONS: Overall, we present 3DVascNet, a freely available software that includes a user-friendly graphical interface for 
researchers with no programming experience, which will greatly facilitate the ability to study vascular networks in 3D in health 
and disease. Moreover, the source code of 3DVascNet is publicly available, thus it can be easily extended for the analysis of 
other 3D vascular networks by other users.

GRAPHIC ABSTRACT: A graphic abstract is available for this article.
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Blood vessel organization and function are essential 
for embryogenesis and homeostasis, and their dys-
regulation is associated with several diseases, includ-

ing cancer, cardiovascular diseases, neurodegenerative 
disorders, and aging. Blood vessels form an intricate and 
complex network of vessels that irrigate all tissues. The 
3-dimensional (3D) hierarchical architecture of vessels 
is relevant for their correct function and is stereotypical 

to each organ.1–3 Yet, quantitative information on vascular 
parameters is mostly extracted from maximum-intensity 
projections (MIPs) of stacks of images, that is, quantifi-
cations are performed in 2-dimensional (2D) images.4–9

Researchers have adopted this conscious limitation 
because manual analysis of 3D vascular networks is a 
laborious and complex process that is often prohibitive 
for large volumes. However, 2D analysis brings obvious 
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shortcomings. For instance, analyses based on 2D MIPs 
from 3D images neglect the 3D anatomic structure of 
the vasculature, thereby missing important 3D biological 
features and not capturing the full complexity of phe-
notypes involved in physiology and pathology. Recently, 
researchers have started to use deep learning (DL) 
methods with automated and semiautomated image 
processing pipelines to segment vascular networks in 
3D. For instance, Todorov et al10 presented VesSAP, an 
automated tool for 3D segmentation and quantification 
of the mouse brain vasculature. In VesSAP, segmentation 
is performed using a 3D convolutional neural network. 
Nevertheless, this method and most of the DL mod-
els that have been developed for vessel segmentation 
require manually annotated data sets for training.11–13 
However, manual segmentation is a time-consuming 
process, and, particularly for 3D blood vessels, it is often 
prohibitive, which hinders significantly the development 
of such methods.

To overcome these limitations, we have developed 
3DVascNet, a DL-based software for automated seg-
mentation and quantification of 3D vascular networks, 
which does not require pairs of images and manually 
annotated ground-truth segmentation masks. To develop 
3DVascNet, we focused on retinal blood vessels. Dys-
function of this stereotypical vascular network is associ-
ated with ocular diseases, such as diabetic retinopathy, 
age-related macular degeneration, and choroidal neo-
vascularization,11,14 and it is one of the reference mod-
els to investigate angiogenesis.14 Hence, over the years, 
significant attention has been paid to retinal blood vessel 
formation and remodeling.11,14

Several alterations in the morphology of the blood 
vessels provide valuable information for the diagnosis 
of retinal diseases. Various geometric features are typi-
cally used to describe the structure and morphology of 
the blood vessels: diameter, length, area, perimeter, 

tortuosity, number of branches, and branching points and 
angles.13,15 On the one hand, for clinicians, the analysis 
and interpretation of these features are important for 
the diagnosis of several pathological conditions.11–13 On 
the other hand, for researchers, the vessels’ features 
are relevant to understand the mechanisms underlying 
physiological and pathological retinal vasculature forma-
tion,14 which is fundamental to develop new therapeutic 
approaches.16

The proposed 3DVascNet software enables the anal-
ysis of blood vessel networks in 3D, which will greatly 
facilitate the ability to quantify and study vascular net-
works in health and disease. 3DVascNet is based on a 
CycleGAN model,17 a generative DL model designed to 
translate images from domain A into domain B. In this 
work, domain A consists of 3D microscopy images of ret-
inal vessels, and domain B corresponds to 3D segmen-
tation masks of vessels. To the best of our knowledge, 
this is the first work proposing an automated approach 
for segmentation and quantification of 3D retinal blood 
vessels, which does not require pairs of images and cor-
responding ground-truth masks for training. The source 
code of 3DVascNet is freely available; thus it can be eas-
ily extended to analyze other 3D vasculatures. Moreover, 
we provide a graphical user interface (GUI) suitable for 
researchers without a solid knowledge of programming.

The main contributions of this work are the following:
•	 We propose a DL-based approach for 3D retinal ves-

sel segmentation in microscopy images that does not 
require paired 3D images and 3D masks for training;

•	 3DVascNet, available as source code and GUI, can be 
used for automated and accurate quantification of the 
3D retinal vasculature;

•	 We demonstrate the robustness of our approach by 
testing it on 4 different data sets of mouse retinas;

•	 We release 4 data sets containing 3D microscopy 
images of retinal blood vessels and corresponding 2D 
and 3D masks.

Nonstandard Abbreviations and Acronyms

2D	 2-dimensional
3D	 3-dimensional
Ang II	 angiotensin II
CD31	 cluster of differentiation 31
clDice	 centerline Dice
DC	 Dice coefficient
DL	 deep learning
GUI	 graphical user interface
ICAM2	 intercellular adhesion molecule 2
MIP	 maximum-intensity projection
NMI	 normalized mutual information
ROI	 region of interest
VEGF	 vascular endothelial growth factor

Highlights

•	 3DVascNet is a fully automated open-source tool to 
segment and quantify 3D vascular networks.

•	 Segmentation is performed using a deep learning 
model that does not require 3D manual annotation 
for training.

•	 Quantifications based on 2D projections of 
3DVascNet masks and 2D manually annotated 
masks do not present statistically significant 
differences.

•	 3DVascNet’s user-friendly graphical interface can 
be easily used by researchers with no programming 
knowledge.

•	 3DVascNet will be a useful tool for vascular biolo-
gists, aiding the study of vascular networks in health 
and disease.
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METHODS
Availability of Data
All data and materials have been made publicly available at the 
Github and HuggingFace repositories and can be accessed at 
https://github.com/HemaxiN/3DVascNet and https://hug-
gingface.co/datasets/Hemaxi/3DVesselSegmentation. Please 
see the Major Resources Table in the Supplemental Material.

Data Sets
In brief, the data set used in this work comprises 3D images 
of mouse retinas acquired and analyzed in a previous work.6 
This data set comprises 21 3D microscopy images of mouse 
retinal vessels, the corresponding 2D MIP images, and the cor-
responding 2D and 3D masks. Both the 2D and 3D masks 
were created by Barbacena et al6 using the PolNet method.18 In 
this method, first the 2D masks are obtained from the 2D MIP 
images, then the 3D masks are computed from the 2D masks. 
Specifically, the 2D masks are obtained by applying a traditional 
2D segmentation workflow to the MIP images, which includes 
thresholding, outliers and unconnected object removal, mor-
phological operations (binary erosion and dilation), and manual 
correction.

The 3D masks are obtained from the 2D masks using a 
set of assumptions.18 Briefly, the skeletons and radii of each 
vessel segment are computed from the 2D masks. Retinal ves-
sel skeleton is the representation of the vascular vessels as a 
1-pixel-wide line containing pixels that are equidistant from the 
vessel boundaries, which is also denoted as the vessel center-
line. Afterward, the 3D masks are generated considering that 
the vessels’ 3D structure can be approximated as tubular seg-
ments, where each segment is cylindrical with a circular cross-
section. The radius of each vessel segment in 3D is presumed 
to be equal to the radius computed from the corresponding 2D 
projection. Since these PolNet’s 3D masks are not obtained 
directly from the 3D images, there is no overlap between these 
two across the Z axis. The only paired data are the 2D MIP 
images and the 2D masks. The 3D masks are a coarse repre-
sentation of the vessels in the 3D images.

The PolNet method was only applied to retinas until postna-
tal day 7, because until approximately this developmental stage,  
the retina has a single and coplanar network of blood vessels, 
the superficial layer, in the nerve fiber layer. After postnatal day 
7, the vessels in the single layer begin to sprout vertically, result-
ing in the formation of a second layer, approximately parallel to 
the first layer, and then a third layer also approximately paral-
lel to the first and second layers. The PolNet method is not 
applicable to retinas beyond postnatal day 7 because for these 
retinas, the corresponding 2D MIP images would contain over-
lap between vessels of different plexuses/layers, which would 
lead to incorrect estimation of branches and branching points 
and consequently would lead to the generation of a 3D mask 
with an incorrect topology. This limitation was already identified 
in the PolNet paper.18

Table 1 describes data set 1, where the prefix in each image 
name (first column) denotes a specific treatment provided to 
the retinas as described in the Table’s caption. Details about the 
staining procedures can be found in the Method Details sec-
tion, in the In Vivo Mouse Treatments subsection in the study by 
Barbacena et al.6 We used a single image from each condition 

to train the 3DVascNet model; the remaining images were used 
as test data to evaluate the model’s performance.

Furthermore, to test the generalization capability of our seg-
mentation model, we evaluated its performance using new data 
that differs from the training data set in terms of image acquisi-
tion conditions (different users and different microscopes) and 
retinal treatments. Specifically, we considered 3 other data sets 
(data sets 2–4) containing 28 3D images and 2D masks (Table 
S1). These data sets contain images of retinas that have under-
gone treatments other than those listed in Table 1 and were 
acquired by different users from those who obtained data set 
1. Additionally, 7 of these 28 images were acquired in another 
laboratory and consequently using a different microscope from 
the one used to obtain the training images. All data sets are 
publicly available at https://huggingface.co/datasets/Hemaxi
/3DVesselSegmentation.

3DVascNet’s Pipeline
The training and testing pipelines of 3DVascNet are depicted 
schematically in Figure 1A. First, a 3D CycleGAN model is 
trained using image volumes and volumes extracted from 
PolNet masks (Figure 1A, top). Thereafter, the testing pipe-
line is applied to test images; it consists of 6 main modules 

Table 1.  Description of Data Set 1 Used in This Work for 
Training and Testing

Image Size (X×Y×Z) Train/test split 

PBS_ret1 5409×2979×31 Train

PBS_ret2 3375×4599×56 Test

PBS_ret3 6237×3384×38 Test

PBS_ret4 5013×2979×43 Test

PBS_ret5 4838×5561×39 Test

PBS_ret6 4864×4864×88 Test

PBS_ret7 6144×8192×20 Test

sFLT1_ret1 4617×5418×35 Train

sFLT1_ret2 4365×3978×73 Test

sFLT1_ret3 4365×3600×66 Test

VEGF_ret1 2979×4599×42 Train

VEGF_ret2 5319×4878×61 Test

VEGF_ret3 5427×4194×46 Test

VEGF_ret4 5013×4194×38 Test

VEGF_ret5 4365×3978×40 Test

VEGF_ret6 4743×4365×61 Test

VEGF_ret7 4365×4743×42 Test

AngII_ret1 6273×3780×33 Train

AngII_ret2 4851×5571×42 Test

AngII_ret3 4864×3584×48 Test

AngII_ret4 4864×5120×40 Test

The prefix in each image name (first column) represents the treatment that 
was applied to the retina. Retinas were collected from animals treated with (1) 
intraperitoneal injection of PBS, which works as a control condition; (2) intraocu-
lar injection of sFLT1, a protein that blocks VEGFA, which acts as an antiangio-
genic molecule; (3) intraocular injection of VEGFA, a proangiogenic molecule; and 
(4) intraperitoneal injection of Ang II, a vasoconstrictor peptide, which increases 
blood pressure. These images were previously collected and analyzed in the study 
by Barbacena et al.6 Ang II indicates angiotensin II; sFLT1, soluble fms-like tyro-
sine kinase 1; and VEGFA, vascular endothelial growth factor A.
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(Figure 1A, bottom): (1) image preprocessing to enhance the 
vessels, (2) image segmentation based on the trained 3D 
CycleGAN model, (3) mask postprocessing, (4) automated 
region of interest (ROI) computation, (5) mask skeletonization, 
and (6) feature extraction based on the masks and skeletons. 
More information on individual blocks of these pipelines is pro-
vided in the following subsections.

Pre-Processing
Several preprocessing methods have been proposed for inten-
sity inhomogeneity correction, image normalization, and vessel 
enhancement to improve retinal vessel segmentation.11,13,19 
Here, we performed normalization for postnatal day 6 retinas 
based on the 1st and 99th percentiles of the image intensity 
values, similar to the studies by Montoya-Zegarra et al8 and 

Figure 1. 3DVascNet’s pipeline and 3-dimensional (3D) CycleGAN model architecture.
A, Overview of the 3DVascNet training and testing stages. Top, Training a 3D CycleGAN model using image volumes and synthetic mask 
volumes. Bottom, 3DVascNet testing pipeline that consists of 6 main blocks: (1) image preprocessing, (2) image segmentation based on the 
trained 3D CycleGAN model, (3) mask postprocessing, (4) automatic computation of the region of interest (ROI), (5) mask skeletonization, (6) 
feature extraction (vessel density, vessel radius, branch length, branching points density). B, Architecture of the 3D CycleGAN model for retinal 
vessel segmentation in microscopy images. It is composed of 2 generators (top) and 2 discriminators (bottom). ResNet denotes the residual 
network, which includes skip connections to improve training of deep learning models, and ReLU (rectified linear unit) is an activation function. 
The numbers in the boxes denote the size of the feature maps resulting from the operation performed by the box.
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Todorov et al.10 In this way, the voxels in the 1% to 99% range 
of intensity values are linearly mapped into the (0,1) interval. 
Moreover, the bottom and top 1% of voxels are clipped at 0 
and 1, respectively. Figure S1A shows an example of a patch 
extracted from the original microscopy image and the corre-
sponding patch extracted from the preprocessed image.

We noticed that while percentile normalization with values 
of 1 and 99 is effective for single-layer vasculature (postnatal 
day 6 retinas), it was not optimal for adult retinas, where we 
found substantial intensity variations between different vessel 
layers. We have found that using percentiles of 0.5 and 99.5 
yields better results. Thus, we recommend adapting this nor-
malization step, especially when using complex vasculatures.

3D Blood Vessel Segmentation
In this section, we present the proposed DL-based approach 
for 3D blood vessel segmentation and its training and test-
ing details. To overcome the problem of manually annotat-
ing 3D masks for training, in this work, we propose a 3D 
CycleGAN model that only requires examples of images from 
the source domain and target domain for training. It does not 
require pairs of 3D images and masks. The source domain 
consists of 3D microscopy images, and the target domain 
comprises 3D masks that were created based on 2D masks 
of retinal vessels using the approach proposed in the study 
by Bernabeu et al,18 as explained in the Datasets subsection. 
Thus, manual annotation of 3D blood vessels is not needed 
in our approach.

3D CycleGAN Model
The proposed 3D CycleGAN model is an extension to 3D of the 
2D CycleGAN model developed for unpaired image-to-image 
translation.17 To implement the 3D CycleGAN model based on 
the 2D CycleGAN model,17 we replaced the 2D layers (con-
volutional and transposed convolutional) by 3D layers. The 3D 
CycleGAN model is composed of 2 generators (GAB and GBA) 
and 2 discriminators (DA and DB), where GAB maps volumes from 
domain A (source domain) into domain B (target domain), GBA 
translates volumes from domain B into domain A, and DA and DB 
classify, respectively, volumes from domains A and B as real or 
synthetic. The architecture of the generators and discriminators 
is depicted in Figure 1B.

Each generator contains 3D convolutional, instance normal-
ization, and ReLU activation layers followed by a downsampling 
layer that reduces the size of the feature maps. Thereafter, it 
contains residual blocks that are composed of 3D convolutions, 
instance normalization, and ReLU activation. Finally, an upsam-
pling layer increases the size of the feature maps, and it is fol-
lowed by 3D transposed convolution, instance normalization, 
and ReLU activation layers, except the activation function of the 
last layer, which is a Tanh activation function as proposed in the 
study by Zhu et al.17 The discriminator is a convolutional neural 
network designed for image classification. It takes as input a 
real or synthetic volume and outputs the probability of this vol-
ume being real or synthetic. The discriminator is composed of 
3D convolutional, instance normalization, and LeakyReLU acti-
vation layers (Figure 1B).

Considering an unpaired data set containing volumes of 
microscopy images ({xi}N−1

i=0 , xi ∈ domain A) and volumes of 
masks ({yj}M−1

j=0 , yj ∈ domain B), the mapping GAB : A → B 
receives an image xi ∈ domain A and learns to generate a 
mask GAB (xi) that is indistinguishable from mask yj ∈ domain 

B. It learns this mapping by adversarial training as proposed in 
the study by Isola et al.20 That is, on the one hand, GAB learns 
to generate synthetic masks, on the other hand, DB tries to 
distinguish real masks (yj ) from synthetic ones (GAB (xi)), and 
the goal of GAB is to fool the discriminator DB by generating 
synthetic masks similar to the real ones. Nevertheless, this 
does not ensure that xi  and GAB (xi) will be paired. Therefore, 
structure is added to the 3D CycleGAN to encourage that if 
we transform an image (xi ) into a mask (GAB (xi)) and then 
transform it back into an image (GBA (GAB (xi))), we get an 
image similar to xi . This is expressed as GBA (GAB (xi)) ≈ xi , 
where GBA : B → A  is the mapping from the masks set into 
the images set. To add this structure, the 3D CycleGAN has 
2 training paths: forward (xi → GAB (xi) → GBA (GAB (xi)) ≈ xi )  
and backward (yj → GBA

(
yj
)
→ GAB

(
GBA

(
yj
))

≈ yj), as repre-
sented in Figure S1B (top).

Thus, mappings GAB : A → B  and GBA : B → A  along with 
their respective generators, DB and DA , are trained through 
adversarial training. More specifically, the training process 
is cyclical where, at each iteration, GBA : B → A  is updated, 
followed by training DA  using the generated samples, then 
GAB : A → B  is updated, followed by updating DB using the gen-
erated samples. Moreover, the addition of the cycle consistency 
loss encourages GAB

(
GBA

(
yj
))

≈ yj  and GBA (GAB (xi)) ≈ xi . 
Finally, an identity term is added to preserve the color. Hence, 
the objective function of the 3D CycleGAN model contains 4 
terms:

L (GAB ,GBA,DA,DB) = LGAN (GAB ,DB , x , y)

+ LGAN (GBA,DA, y , x) + λ1LCyc (GAB ,GBA)

+ λ2Lidentity (GAB ,GBA) ,� (1)

where λ1 and λ2 are constants. The first 2 terms are the adver-
sarial losses:

LGAN (GW , DW , a, b) = Eb

î
(DW (b)− 1)2

ó

+ Ea

î
(DW (Gw (a)))2

ó
� (2)

where Ea  and Eb  represent the expectation of the log-
likelihood of a sample being sampled from the probabil-
ity distribution of a and b , respectively. The goal of GW  is to 
maximize this objective, and the goal of DW  is to minimize it: 
max
GW

min
DW

LGAN (GW ,DW , a, b). In this work, the loss shown in 

Equation 2 is applied to the pairs {GAB ,DB} and {GBA,DA}.
The third term is the cycle consistency loss:

LCyc (GAB , GBA) =

Ex [‖GBA (GAB (x))− x‖1] +
Ey [‖GAB (GBA (y))− y‖1] .� (3)

The last term is the identity loss:

Lidentity (GAB , GBA) = Ex [‖GBA (x)− x‖1] + Ey [‖GAB (y)− y‖1] .� (4)

Our implementation of the 3D CycleGAN model is made pub-
licly available at https://github.com/HemaxiN/3DVascNet, and 
it is based on a 2D implementation.21

Training
To train the 3D CycleGAN model, we extracted nonoverlapping 
volumes of size 128× 128× 64 from the 3D images and 3D 
masks. Padding was performed before extracting the volumes, 
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and the new dimensions (s̃izex× s̃izey× s̃izez) of the images/
masks were computed as follows:

1.	 s̃izex = int (sizex/px+ 1)× px
2.	 s̃izey = int (sizey/py+ 1)× py
3.	 s̃izez = 64
where sizex  and sizey  denote the original sizes of the 

image/mask along the x  and y  dimensions, int (·) converts 
the specified value into the largest integer not greater than the 
value, and px  and py  denote the patch size along the x  and y  
axes, respectively. In this way, the image size is adapted to be 
a multiple of the patch size along x  and y . For the 3D masks, 
we performed zero padding. The original and preprocessed 3D 
images were padded, respectively, with small random values in 
the intervals (1,25) and (1,50), since these are the typical voxel 
intensity values in the background of these images.

After performing padding and extracting volumes from the 
images and masks, we obtained 4987 image volumes and 4987 
mask volumes for training, which were normalized to present 
values ranging from −1 to 1. Based on our experiments, we 
concluded that training the model for a large number of epochs 
deteriorated the results. For instance, after 11 epochs, the out-
put of the model was a tensor of zeros (Figure S2A). The best 
models were obtained between epochs 1 and 5. We trained the 
3D CycleGAN model from scratch for 15 epochs, using Adam 
optimizer (learning rate of 1×10−4 and β1 = 0.5)22 and setting 
λ1 = 10 and λ2 = 5 as suggested in the study by Zhu et al17 
and defined in Equation 1. The batch size was set to 1 due to 
memory limitations. Training the 3D CycleGAN model with this 
configuration took ≈36 hours. The best epoch was selected 
based on visual inspection of the segmentation masks at each 
epoch and considering an unsupervised evaluation metric that 
is described in Evaluation Metrics (Figure S2B).

Testing
For testing, we extracted volumes of size 128× 128× 64 with 
an overlap of 64 voxels along the x  and y  directions and 32 
voxels along the z  direction. These volumes were extracted 
from the padded images. For the test images, padding was 
performed as explained above, except for images with >64 
slices. For these images, the new dimension along z  was com-
puted as follows: s̃izez = int (sizez/pz + 1)× pz , where sizez  
is the original image size across z  and pz  is the patch size 
along the z axis. The volumes were then fed to the trained 
generator GAB : A → B  (Figure S1B, bottom), which outputs 
volumes (out ) with values ranging from −1 to 1. First, the 
following operation was performed to ensure that the out-
put volume values are within the range [0, 1] : ›out = (out+1)

2
. Afterward, a threshold of 0.5 was applied to ›out : voxels with 
values <0.5 were set to 0, indicating background, while all 
others were set to 1, representing the vessels. To incorporate 
patches with overlapping regions, we used a voting mecha-
nism based on 2 variables: Nback  and Nfore . Here, Nback [u, v , x ] 
and Nfore [u, v , x ] count the occurrences of voxel (u, v , x) 
being classified as background and foreground, respectively. 
Thereafter, the voxel values in the output segmentation mask 
were computed as follows:

mask = Nfore ≥ Nback .� (5)

Finally, we cropped the segmentation masks along x  and y  to 
match the size of the corresponding images. The test time for 
about 37 000 patches of size 128×128×64 is ≈1 hour.

Post-Processing
After performing vessel segmentation, we applied a simple 
postprocessing step, which aims at removing small vessel seg-
ments and bright background noise due to impurities or staining 
irregularities. We selected all objects with a volume >50 000 
µm3 and all objects with a volume between 1000 and 50 000 
µm3, which have convexity <0.2. All objects with a volume infe-
rior to 1000 µm3 were excluded. Convexity is computed as 
the ratio between the object’s volume and the volume of the 
object’s convex hull, which is the smallest convex region that 
fits the object. This parameter is useful for distinguishing small, 
isolated blobs from isolated blood vessels, which usually have 
convexity values above 0.2. In our training and testing data set, 
we used a more stringent threshold to only select the largest 
object, to match the threshold used in PolNet data sets (data 
sets 1–4). For all the other images and data sets, we used the 
default threshold mentioned above. Users may consider chang-
ing this postprocessing step and adjust it to their specific data 
set requirements.

Definition of an ROI
The segmentation masks typically contain the vascular struc-
ture and background regions. Thus, we need to define a ROI to 
extract features only from the vascular network. This allows for 
more targeted analysis and avoids unnecessary computations 
on irrelevant regions.

In this work, we automatically defined the 3D ROIs for each 
image. First, we obtained the 3D convex hull from each 3D 
segmentation mask. Thereafter, we computed the concave hull 
of each 2D segmentation mask23 and applied some prepro-
cessing and postprocessing steps (Figure S3A). The 2D masks 
were obtained from the 3D segmentation masks by performing 
an AND operation along the z direction. To compute the con-
cave hull, first, the segmentation mask was resized to 100,100 
to decrease the computational cost. Then, the coordinates of 
the points belonging to the vessel edges were used to compute 
the concave hull as proposed in the study by Moreira et al.23 
Thereafter, the resulting binary mask was resized to the original 
size, and 2 postprocessing steps were applied. First, regions 
outside the concave hull that were <5% of the largest region 
outside the concave hull were added to the ROI. Thereafter, 
median filter was applied to reduce staircase-like borders 
shown in Figure S3A. Lastly, to create the final 3D ROI, we 
performed an intersection of the 2D ROI with each slice along 
the z direction obtained from the 3D convex hull (Video S1).

Vascular biologists typically perform selective feature extrac-
tion to focus on specific areas of interest. First, they define sev-
eral ROIs on the images; thereafter, they extract features from 
these ROIs to study vascular networks. While our automated 
approach computes a single ROI for the input image, we have 
an optional step in our GUI that allows users to manually select 
multiple ROIs.

Skeletonization
After obtaining the vessels’ segmentation masks and ROIs, the 
next step consists in extracting the vessels’ skeletons. Before 
computing the skeleton, we applied a 3D morphological closing 
operation with a binary ellipsoid of size 9×9×3 to fill small holes 
in the 3D segmentation masks.

A 3D segmentation mask and the corresponding retinal 
vessel skeleton are represented in Figure S3B. A branching 
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point is a point connected to ≥3 vessel segments, and an end 
point is a point connected to one vessel segment (Figure S3B). 
A branch is a segment between 2 branching points or between 
an end point and a branching point.

In this study, we only have 2D ground-truth masks; thus we 
extracted 2D skeletons from the predicted and ground-truth 
masks to compare retinal vasculature quantification. The pre-
dicted 3D segmentation masks were projected into 2D using 
an AND operation along the z axis. To avoid false-positive cen-
terlines, as proposed in the study by Todorov et al,10 we applied 
erosion followed by dilation to the 2D masks using an ellipsoid 
structuring element of size 5×5. Then, the skeleton of each 
segmentation mask was computed inside the ROI using the 
method proposed by Lee et al.24

However, as explained in the introduction, 2D skeletons 
do not accurately represent the real structure of 3D vessels. 
Herein, they were computed only for comparison purposes. Our 
3DVascNet software computes the 3D skeletons from the 3D 
segmentation masks using the method presented in the study 
by Lee et al,24 to perform retinal vasculature quantification in 
3D.

Retinal Vasculature Features
In this work, based on both the segmentation masks and their 
skeletons, we extracted 4 features to describe retinal blood ves-
sels: vessel density (vascular volume/ROI volume), mean ves-
sel radius, mean branch length, and branching points density.

For each image, the 4 abovementioned features were com-
puted within the ROI:

•	 Vessel density (vascular area/ROI area): we compute 
the quantity Vv∈ROI

VROI
× 100, where VROI  and Vv∈ROI  denote 

the volume (number of voxels) of the ROI and of the ves-
sels inside the ROI, respectively.

•	 Mean vessel radius: briefly, for each branch in the skel-
eton, its direction was computed, and the vessel cross-
section orthogonal to that direction was determined 
for each point (p ) in the branch. The vessel contour 
was extracted from the cross-section, which is com-
posed of N points (c0, c1, . . . , cN−1). The mean ves-
sel radius for each point in the branch was computed 
as the mean of the Euclidean distances between each 
contour point and the branch point: 1

N

∑N−1
c=0 ‖cn − p‖2 .  

The mean vessel radius corresponds to the mean of the 
radii computed for all points in all branches.

•	 Branching points density: we compute #BP
VROI

, where  
# BP  denotes the number of branching points.

•	 Mean branch length: it represents the mean of the indi-
vidual branches’ lengths. That is, it is the mean of the 
sum of the Euclidean distances between consecutive 
voxels along each branch in the skeleton.

The length of the branches and the number of bifurcation 
points were computed using the Skan tool.25 The voxel spacing 
was taken into consideration to compute the branch lengths 
and vessel radii in µm. These features were also computed in 
2D for comparison purposes.

Compared Approaches
The approaches that we compared with are the following:

•	 Otsu: it is an easy and fast method to segment images. 
It selects a threshold based on the histogram of image 
intensities. The threshold is selected to maximize 

interclass variance.13,26,27 For a bimodal histogram, the 
selected threshold separates the 2 histogram peaks.

•	 Chan-Vese28: it is an iterative algorithm that belongs to a 
family of methods for image segmentation named geo-
metric active contours or snakes. Chan-Vese works with 
the assumption that the foreground and background pixel 
intensity values follow 2 gaussian distributions. Thus, it pres-
ents good results when the background and foreground 
regions have different means. Segmentation is obtained by 
minimizing an energy function, which is the weighted sum 
of 4 terms (Equation 6): (1) the sum of the squared dif-
ferences between the intensities of the voxels in the seg-
mented region and the mean intensity of this region, (2) the 
sum of the squared differences between the intensities of 
the voxels in the background region and the mean intensity 
of this region, (3) a term dependent on the volume of the 
segmented region, and (4) another term dependent on the 
length of the segmented region’s boundary:

F (c1, c2,C) = λ1

�

inside(C)

|u0 (q, r , s)− c1|2dq dr ds+

λ2

�

outside(C)

|u0 (q, r , s)− c2|2dq dr ds +

ν · Volume (inside (C)) + µ · Length (C)� (6)

where u0 denotes the image to be segmented; C , the curve that 
encloses the foreground region, c1 and c2 are the averages of the 
voxel intensity values inside and outside C , respectively; and ν ≥ 0
, µ ≥ 0, λ1 > 0, and λ2 > 0 are the weights applied to each term.

To test this algorithm in our data set, we used a pub-
licly available implementation: https://github.com/pmneila/
morphsnakes.

Evaluation Metrics
Several supervised evaluation metrics have been proposed 
for the quantitative assessment of retinal vessel segmentation 
approaches: Dice coefficient (DC),29 accuracy, sensitivity, and 
specificity, among others. In these metrics, the segmentation 
masks obtained with a given method are compared with the 
respective ground-truth masks, which are typically manually 
annotated by experts.11–13,19,30 Herein, we used the DC metric29:

DC (VGt ,VPred) = 2
|VGt ∩ VPred |
|VGt |+ |VPred |� (7)

where |VGt ∩ VPred | denotes the number of pixels/voxels, 
classified as vessels, belonging to the intersection between the 
ground-truth masks (VGt) and predicted masks (VPred), and 
|VGt | and |VPred | denote the number of pixels/voxels classi-
fied as vessels in VGt and VPred, respectively. VGt and VPred 
are binary masks, where 1 denotes vessels and 0 denotes 
background.

Moreover, since we are interested in studying the topology 
of the blood vessels, we also considered a recently proposed 
metric, the centerline Dice (clDice)31:

clDice (VPred , VGt) = 2× TPrec (SPred ,VGt)× Tsens (SGt ,VPred)
TPrec (SPred ,VGt) + Tsens (SGt ,VPred)� (8)

where TPrec (SPred ,VGt) =
|SPred ∩ VGt|

|SPred| , 

Tsens (SGt ,VPred) =
|SGt ∩ VPred|

|SGt| , and SPred  and SGt  are 
the skeletons of VPred  and VGt , respectively. SGt  and SPred  
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are binary volumes, where 1 denotes vessels’ skeleton and 0 
background.

However, these supervised metrics require manual seg-
mentation masks that are difficult to obtain. Besides, they 
may be subjective due to the interexpert variability associ-
ated to manual segmentation.32 Herein, since we already 
had the 2D masks that were generated in a previous study,6 
we used those to compute the DC and clDice values to 
evaluate the performance of the compared segmentation 
approaches.

Unsupervised evaluation metrics do not require ground-
truth segmentation masks. Instead, these metrics are com-
puted based on the comparison between each segmentation 
mask generated by a given model and the corresponding 
original input image. Zhang et al32 evaluated the performance 
of several unsupervised metrics, such as entropy, texture, and 
color error. They computed the accuracy for each unsuper-
vised metric, which represents the number of times the met-
ric gives a better score to the mask annotated by a human 
evaluator instead of the mask generated by a segmentation 
model.32

Unsupervised metrics can be computed for any seg-
mented image and are objective.32 Nevertheless, these 
metrics have disadvantages, for instance, given 2 masks A 
(optimal segmentation) and B (noisy segmentation), an unsu-
pervised metric does not always give a better segmentation 
score to mask A. Zhang et al32 obtained accuracy values 
between 1.0% and 82.1% for the studied unsupervised eval-
uation metrics.

In this work, to select the best epoch of the 3D CycleGAN 
model, we propose the normalized mutual information (NMI)33 
as an unsupervised segmentation evaluation metric because 
it is easier to compute than the metrics studied in the study 
by Zhang et al.32 NMI is a widely used metric to measure the 
alignment between 2 images of different modalities, without 
requiring the signals to be identical in these 2 images. It mea-
sures the predictability of the signal in one image given the 
signal in another image. This metric is appropriate to measure 
the level of similarity between the original microscopy images, 
with values in the interval (0,255) and the corresponding 
binary segmentation masks with zeros and ones because it 
assesses how well the segmentation captures the vascular 
structures present in the image (Figure S2). NMI is computed 
as follows:

NMI (I,M) =
H (I) + H (M)

H (I,M)
− 1� (9)

where

H (N) = −
∑
n∈N

p (n)× log ( p (n))� (10)

is the marginal entropy; it represents the average information 
for an image (N ) containing the set of values n  (n ∈ N ), and 
p (n) denotes the marginal probabilities of individual values,33 
and

H (M,N) = −
∑
n∈N

∑
m∈M

p (m, n)× log ( p (m, n))� (11)

is the joint entropy of images M  and N , and the joint prob-
ability p (m, n) determines how frequently pairs of values occur 
together.33

3DVascNet Performance on 3D Ground Truth
We manually generated 3D ground-truth for a small subset 
of our data set using a 2-stage strategy. In the first step, the 
image intensity was manually adjusted to enhance the ves-
sels, and thresholding was applied to create a coarse 3D 
mask. Afterward, since we have 2D ground-truth data, we per-
formed intersection of each 2D slice of the coarse 3D mask 
with the 2D ground-truth mask. Thereafter, the masks were 
manually corrected, which included tasks such as hole filling, 
boundary adjustment, and inclusion/exclusion of regions, by a 
junior researcher and a senior experienced biologist, to ensure 
accuracy.

The ground truth was created for 9 small patches of size 
600×600×64 from 3 different test images. The performance 
of Otsu, Chan-Vese, and 3DVascNet was evaluated using these 
small 3D masks computing both the DC and clDice in 3D.

Statistical Analysis
The Mann-Whitney U test was used to compare distributions of 
vascular morphometrics. More specifically, we used this statisti-
cal test to compare the distributions obtained with the manual 
ground-truth masks and 2D MIP of 3DVascNet masks. The 
test was applied separately for each vascular morphometric 
and each intervention group. Furthermore, a Pearson correla-
tion analysis was performed between the values of vascular 
morphometrics based on the manual ground-truth masks and 
those based on the 2D MIP of 3DVascNet masks. These 2 
analyses were performed to study whether the quantification 
of vascular parameters obtained from 3DVascNet masks was 
comparable with those obtained from manual masks.

Moreover, for each vascular morphometric, we used the 
Mann-Whitney U test to compare the distributions of PBS and 
VEGF (vascular endothelial growth factor), PBS and captopril, 
PBS and Ang II (angiotensin II), PBS and FLIJ, PBS and FLIO, 
and PBS and YES. FLIO and FLIJ are code names for datasets 
of mouse mutants not yet published. This was done separately 
for the vascular morphometrics computed from 3DVascNet 
masks and 2D MIP of 3DVascNet masks, to study the differ-
ences between 2D and 3D features. All statistical analyses 
were performed in Python. A P value <0.05 was considered 
statistically significant.

Computer Specifications
The experiments were performed in Python 3.10 on a com-
puter equipped with NVIDIA graphics processing unit GeForce 
1080 Ti. The 3D CycleGAN was trained using the open-source 
DL library Keras.34 We run all experiments using the source 
code, and we provide a GUI for researchers without a solid pro-
gramming background. Microscopy images and segmentation 
masks shown in the Figures and Supplemental Videos were 
visualized/analyzed in 3D using Bitplane Imaris.

3DVascNet GUI
A detailed section explaining the installation and step-by-step 
use of 3DVascNet GUI can be found in the Supplemental 
Material. Briefly, the directory containing the 3D images must be 
selected by clicking on the Load the Image(s) button (Figures 
S4A and S4B). These images will be segmented, and afterward, 
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quantification will be performed upon clicking on the Segment 
and then Quantify buttons, respectively. During this analysis, a 
results folder will be automatically created in the images folder 
(Figure S4C). The segmentation masks and skeletons of the 
images will be saved in the results folder. These can be visu-
alized using the horizontal and vertical sliders (Figure S4D). 
Although our software automatically computes the ROI, there 
is an option to manually select ≥1 ROIs (Select ROI button; 
Figure S4E). After processing all images, a comma-separated 
values (CSV) file containing all morphological features for each 
image will also be saved in the results folder upon clicking on 
the Save the Results button (Figure S4F). Afterward, the distri-
butions of the features for different groups can be visualized by 
specifying the group names (separated by commas and with-
out spaces, for instance: captopril,VEGF,PBS), by selecting the 
features to be visualized, and by using the Visualize Boxplots 
button (Figure S4G). To load a previously generated CSV file, 
the Load CSV button can be used at any time, and vascula-
ture features’ distributions can be visualized without requiring 
to perform segmentation and quantification. Finally, the 3D 
Visualization button allows visualization in 3D of the images or 
segmentation masks based on the napari viewer.35

RESULTS
DL-Based Segmentation Model
Most DL-based approaches require large, manually 
annotated, ground-truth data sets for training and valida-
tion. These annotations should be sufficiently accurate 
for the model to perform correctly. However, manual 
segmentation of blood vessels in 3D is demanding. The 
generation of 3D data sets of sufficient diversity and 
complexity would require a large effort from research-
ers. Thus, to overcome the necessity of manually anno-
tating 3D segmentation masks for training, we explored 
a specific DL method that only requires examples of 
images from the source domain and target domain for 
training: the so-called 3D CycleGAN model.17 We trained 
the 3D CycleGAN model with 3D microscopy images of 
retinal blood vessels (the source domain) and synthetic 
3D masks (the target domain). The synthetic 3D masks 
were created based on PolNet,18 using manual 2D masks 
of retinal vessels, which were previously generated and 
published by Barbacena et al.6 This way, we overcome 
the burden and need of generating manually annotated 
3D masks.

To select the best epoch of the 3D CycleGAN model, 
we used the NMI metric.33 Inspired by the work of Zhang 
et al.,32 we evaluated the performance of the NMI met-
ric computed between 2D images of blood vessels and 
2D masks (ground-truth masks and masks with some 
perturbations). For each ground-truth segmentation 
mask, we generated 4 masks by applying dilation and 
erosion (considering an ellipsoid structuring element of 
size 5×5), and salt and pepper noise with probability of 
0.1 and 0.04. Thereafter, for each image, we computed 
5 values of NMI (Equation 9) between the image and 

each of the 5 masks (the ground-truth mask and the 4 
transformed masks). Finally, we computed the accuracy 
of the NMI metric as the number of times this metric 
gives a better score (higher value) to the ideal mask 
(annotated by experts) instead of the transformed mask. 
Our results showed that NMI is a good unsupervised 
evaluation metric because it presents high accuracy val-
ues, which means that it performs well in giving a better 
score to the best segmentation mask (Table 2). Remark-
ably, the accuracy values obtained for NMI in our data 
set are considerably higher than the ones obtained with 
the metrics and data sets considered in the study by 
Zhang et al.32

Next, we studied the performance of the 3D Cycle-
GAN model using preprocessing and postprocess-
ing steps. Figure 2A shows the segmentation masks 
obtained with the 3D CycleGAN model for a raw and 
a preprocessed image patch (2 masks on the top) and 
the corresponding postprocessed masks (2 masks on 
the bottom). These results show that the postprocessing 
step improves the quality of both segmentation masks by 
removing noise. However, even after applying the post-
processing step, the segmentation mask obtained with 
the raw image presents some errors, such as overseg-
mentation of vessels, indicated with a white arrow. More-
over, our quantitative results on the test images from 
data set 1 showed that the 3D CycleGAN model tested 
on the raw and preprocessed images, with the postpro-
cessing step, achieves DC values of 0.8720±0.0367 and 
0.9319±0.0288, respectively. Hence, the qualitative and 
quantitative results suggest that the best segmentation 
masks are obtained considering both the preprocessing 
and postprocessing steps. These results show that we 
generated a DL-based approach that is capable of accu-
rately segmenting blood vessels in 3D without need-
ing 3D manual ground truth for training. We named our 
approach 3DVascNet. A full-scale image of the segmen-
tation obtained using 3DVascNet is shown in Figure 2B.

Next, we evaluated our method and pipeline by com-
paring the performance of 3DVascNet with 2 classical 
methods for image segmentation. Because our data set 
does not contain 3D ground-truth training masks, we are 
unable to compare the performance of 3DVascNet with 
supervised segmentation methods. Thus, we considered 
2 unsupervised methods for segmentation: Otsu thresh-
olding13,26,27 and Chan-Vese.28 These approaches were 
applied on the preprocessed images, and the output seg-
mentation masks were subjected to the postprocessing 
step. For qualitative comparison, we show in Figure 2C 
an example of a patch extracted from a 3D preprocessed 
image and corresponding segmentation masks obtained 
with Otsu thresholding, Chan-Vese, and 3DVascNet. On 
the one hand, Otsu thresholding is more sensitive to het-
erogeneous staining resulting in errors in the segmen-
tation mask as shown with white arrows (Figure 2C). 
On the other hand, Chan-Vese is more susceptible to 
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background noise compared with Otsu thresholding and 
3DVascNet (white arrows in Figure 2C). More examples 
of segmentation masks obtained with the compared 
approaches are shown in Figure S5. The qualitative 
results indicate that the best masks are obtained with 
3DVascNet (Figure 2C; Figure S5). The quantitative 
results showed that 3DVascNet achieves the highest DC 
and clDice values and outperforms traditional segmenta-
tion methods (Table 3).

To further validate the performance of 3DVascNet, we 
created ground-truth masks in 3D. Highlighting the bur-
den of manual creation of 3D ground truth, it took ≈40 
hours for the creation of these 9 small masks, whereas 
3DVascNet segmented the corresponding image 
patches in about 3 minutes. The performance of Otsu, 
Chan-Vese, and 3DVascNet was evaluated in 3D using 
these masks. The results indicate that the best DC and 
clDice values are obtained with the 3DVascNet method 
(Table 4), which confirms the robustness of 3DVascNet 
to segment vessels in 3D and its superiority compared 
with traditional segmentation approaches. Moreover, 
the high clDice value obtained with 3DVascNet, ≈92%, 
is a strong indicator of the great similarity between the 
topology of the 3D ground-truth masks and 3DVas-
cNet masks, which is also consistent with the qualitative 
results shown in Figure 3. Thus, we have developed an 
efficient method for training and segmenting blood ves-
sels in 3D without the need for manual labor to create 
ground-truth information.

Generalization Capability
We next evaluated the generalization capability of 3DVas-
cNet. First, we measured the performance of 3DVas-
cNet on additional data sets of retinal vascular networks, 
acquired with different vessel markers, microscopes, and 
by different users (data sets 2–4 described in Table S1). 
Figure 4A represents the segmentation masks obtained 
with 3DVascNet for 3 patches taken from images from 
data sets 2 to 4. These results show that 3DVascNet pro-
vides segmentation masks with high quality for images 
acquired under different conditions and on different 
microscopes. This is confirmed by comparing 3DVas-
cNet with Otsu and Chan-Vese methods (Table 5). In fact, 
3DVascNet outperforms the traditional methods for seg-
mentation, presenting the highest DC mean and smallest 
SD for all data sets considered. The 3DVascNet model 
achieves mean DC and clDice values of ≈93% and ≈96% 

for these 3 data sets, while Otsu thresholding achieves 
mean DC and clDice values of ≈88% and ≈91%, and 
Chan-Vese achieves only ≈76% for both metrics. Hence, 
3DVascNet presents a high generalization capability.

Next, we qualitatively studied the generalization capa-
bility of the proposed segmentation model using addi-
tional experimental conditions. First, we tested whether 
3DVascNet could perform well using CD31 (cluster of 
differentiation 31) staining instead of ICAM2 (intercel-
lular adhesion molecule 2), which was used for the pre-
vious data sets (1–4). Indeed, CD31 staining was also 
well segmented as ICAM2, both at the same stage of 
retinal development (postnatal day 6) as the previous 
data sets (Figure 4B). 3DVascNet also segments well 
3 layers of blood vessels corresponding to a later stage 
(postnatal day 20), where the 3 dimensionality of the net-
work is more apparent (Figure 4B; Videos S2 through 
S4). In addition, we segmented a thick section from kid-
ney medulla stained for CD31. Remarkably, 3DVascNet 
also performed robustly and correctly segmented almost 
all individual vessels. Finally, we tested 3DVascNet on 
various adult retinas that exhibited differences in stain-
ing intensity/quality across different layers (Videos S5 
through S13; Figure 4C). Videos S7, S10, and S13 show 
that 3DVascNet also demonstrates excellent 3D vascula-
ture segmentation in these adult retinas.

Thus, 3DVascNet presents a good ability to segment 
vessels, even in the presence of image variations result-
ing from differences in staining techniques, microscopy 
equipment, image modality, and mouse organ and its 
developmental stage. Training with further data sets will 
likely further expand its generalization capabilities.

To facilitate the usage of 3DVascNet, we have gener-
ated a GUI that has been developed in Python (Figure 
S4). 3DVascNet’s GUI allows automatic analysis of 3D 
microscopy images of blood vessels. 3DVascNet has 
been trained only with images from retinal blood vessels 
at postnatal day 6 of development. Thus, it should per-
form well on similar data sets. Yet, other vascular net-
works can be tested using our software.

Benchmarking 3DVascNet for Vascular 
Morphometrics
Next, we tested whether the quantification of several 
vascular parameters (vascular morphometrics), such as 
vessel density, vessel radius, number of branching points, 
and vessel length, using 3DVascNet was comparable with 
vascular morphometrics obtained from manual segmenta-
tion. To be able to have similar dimensions and units, we 
calculated vascular morphometrics from 2D MIP of the 
3DVascNet masks and compared them with the vascu-
lar morphometrics computed from the 2D ground-truth 
masks. Remarkably, the distributions for the different vas-
cular morphometrics obtained through 3DVascNet are 
similar to the distributions obtained using user-dependent 

Table 2.  Accuracy (%) of the Unsupervised Segmentation 
Evaluation Metric: Normalized Mutual Information (Equation 9)

2D mask with 
perturbations Dilation Erosion 

Salt and pepper
noise (P=0.1) 

Salt and pepper
noise (P=0.04) 

Original image 93.88% 85.71% 100% 100%

Normalized image 93.88% 100% 100% 100%

2D indicates 2 dimensional.
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2D ground truth (Figure 5). Importantly, there are no statis-
tical differences (P>0.05), which confirms that results are 
equivalent between both approaches. To further confirm 
that results are within the same range, we also performed 
a Pearson correlation analysis between the values of vas-
cular morphometrics based on the manual ground-truth 
masks and those based on the 3DVascNet masks. We 
obtained high R2 values for all features (R2 ≈0.9), which 
demonstrates a linear relationship between 2 variables.

These findings demonstrate that 3DVascNet 
is a powerful automated method for blood ves-
sel segmentation and quantification yielding robust 

scientific outcomes that are within the range of manual 
segmentation.

3D Quantification of Vascular Morphometrics
Next, we tested whether we could obtain additional infor-
mation from our data sets when using quantifications in 
3D instead of quantifications from 2D MIP images. To 
do so, we computed 3D skeletons using the method 
proposed in the study by Lee et al24 (Figure 6A). We 
used the 3D skeletons to calculate the 4 previously 
characterized vascular morphometric parameters in 3D 

Figure 2. Optimization of the proposed segmentation model and comparative performance.
A, Demonstration of the effects of preprocessing and postprocessing steps in the output of 3-dimensional (3D) CycleGAN using as an 
example a 3D patch extracted from the input image (left) and the corresponding segmentation masks obtained with the 3D CycleGAN (right), 
corresponding to the different processing steps. B, Example of the segmentation of an entire postnatal day 6 retinal vascular network, labeled 
by ICAM2 (intercellular adhesion molecule 2), using 3DVascNet. Preprocessed image (left), and 3DVascNet segmentation mask (right). 
C, Examples of a 3D patch extracted from a preprocessed image (left) and the corresponding segmentation masks obtained with Otsu 
thresholding, Chan-Vese, and 3DVascNet.
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(Figure 6B). Interestingly, our results demonstrate that 
some quantifications, and some relative differences 
between experimental groups, differ when quantifying 
parameters in 2D or 3D, while in other cases, tendencies 
are maintained (Figure 6B). For instance, the vessel den-
sity in 3D follows the same trends as 2D quantifications. 
However, we must note that absolute values differ much, 
and 2D quantifications tend to suggest a much higher 
vessel density than in reality.

Importantly, the mean vessel radius was substantially 
changed. Notably, higher mean vessel radius values were 
observed in 2D compared with 3D. Also, in 3D, most of 
the conditions do not present a significant difference, 
regarding mean vessel radius, compared with PBS, while 
in 2D, there are significant differences (P<0.05) between 
PBS and captopril, PBS and FLIO, and PBS and Yes 
(Figure 6B). We attributed this difference to the ellipti-
cal cross-section of retinal vessels. The long axis of the 
vessels is parallel to the inner limiting membrane, that is, 
parallel with respect to the XY plane (Figure S6, top). This 
leads to an overestimation of vessel radius when using 2D 
MIPs (Figure S6, bottom) and better estimation of vessel 
radius in 3D because in 3D, we quantify the mean radius 
across the entire contour of the vessel cross-section.

Mean branch length and branching point density fol-
lowed similar trends to 2D quantifications, yet some 
of the relative changes, when compared with the 
PBS group, did not correlate well between 2D and 

3D quantifications. For instance, statistically signifi-
cant differences (P<0.05) in the mean branch length 
between PBS and Ang II and PBS and FLIO are not 
evident in 3D. Furthermore, our 3D analysis indicated 
statistically significant differences (P<0.05) in branch-
ing point density between PBS and captopril and PBS 
and Ang II, and in the mean branch length between 
PBS and VEGF, which were not evident in the 2D study 
(Figure 6B).

Thus, we demonstrate that 3D quantifications are 
important to accurately describe vascular morphometrics 
and that caution must be taken when drawing conclu-
sions from 2D MIPs.

DISCUSSION
Analysis of 3D vascular networks is an essential step 
to understand several physiological and pathologi-
cal processes. In this work, we disclose 3DVascNet, a 
novel DL-based software for automated segmentation 
and quantification of 3D retinal vascular networks. Our 
approach is based on the 3D CycleGAN model that 
translates 3D images into 3D segmentation masks. 
Importantly, the proposed method for segmentation only 
required 2D ground-truth masks to train the 3DVascNet 
model. The main advantage of the proposed pipeline 
compared with previous approaches4–9 is that our method 
can be used to study retinas at any developmental stage 
because it allows to perform segmentation in 3D. Dur-
ing the later phases (postnatal day 8 and beyond), the 
blood vessels in the retina develop a 3-layered 3D struc-
ture. Analyzing in 2D retinas from these stages can lead 
to incorrect estimation of branching points and branch 
lengths due to the overlap of vessels from different lay-
ers. We have shown that our approach is able to segment 
3D blood vessels corresponding to a postnatal day 20 
retina (Videos S2 through S4) and adult retinas (Videos 
S5 through S13). Thus, the proposed method will clearly 
be a valuable tool in vascular research.

Even if 3DVascNet produces fully automated high-
quality 3D segmentation masks, we strongly recommend 
the acquisition of microscopy images without the pres-
ence of small noisy regions of high intensity, typically 
caused by the presence of dirt or air bubbles, as these 
were incorrectly segmented by our model, compromising 
the quality of the segmentation masks (Figure S7).

We have shown that our method outperforms tradi-
tional approaches for segmentation (Otsu threshold-
ing26 and Chan-Vese28). On the one hand, these classical 
methods are based on image intensities, resulting in 
oversegmentation in regions with background noise and 
undersegmentation in regions with heterogeneous stain-
ing. On the other hand, the 3DVascNet performs segmen-
tation based on automatically extracted features from the 
input images, which are learned throughout the training 
process. Our results show that DL-based segmentation 

Table 3.  DC and clDice Values of the Compared Vessel  
Segmentation Approaches on Data Set 1, Considering the 
Preprocessing and Postprocessing Steps

Method
Data 
set 1 DC (mean±SD) 

clDice 
(mean±SD) 

Traditional 
segmentation  
methods 

Otsu 
thresholding 

Train 0.9095±0.0341 0.9426±0.0253

Test 0.8750±0.0539 0.8812±0.0764

Chan-Vese Train 0.8484±0.0787 0.8674±0.0528

Test 0.8014±0.1416 0.8039±0.1751

3DVascNet  Train 0.9450±0.0240* 0.9788±0.0190*

Test 0.9319±0.0288* 0.9549±0.0402*

All values correspond to mean±SD. clDice indicates centerline Dice; and DC, 
Dice coefficient.

*The best results.

Table 4.  DC and clDice Values of the Compared Vessel  
Segmentation Approaches for the 9 Image Patches for  
Which 3D Ground-Truth Masks Were Manually Generated for 
Evaluation

 3D DC 3D clDice 

Otsu 0.7014±0.0958 0.8535±0.0321

Chan-Vese 0.5301±0.2315 0.5682±0.2937

3DVascNet 0.7344±0.0620* 0.9173±0.0389*

Here, the images after applying the percentile-based normalization were con-
sidered. 3D indicates 3 dimensional; clDice, centerline Dice; and DC, Dice coef-
ficient.

*The best results.
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masks represent accurately the vessels in the micros-
copy images. Furthermore, our results indicate that the 
proposed approach presents a high generalization capa-
bility. Hence, it can be used for accurate segmentation of 
3D retinal vessels in microscopy images acquired under 
various different experimental conditions.

Compared with the method proposed in the study by 
Bernabeu et al,18 the proposed approach produces higher 
quality 3D segmentation masks. This is likely because 
in this work, the 3D segmentation masks are obtained 
from the 3D images, whereas in the study by Bernabeu 
et al,18 the 3D masks are computed based on 2D masks 
and a set of assumptions, such as the spherical shape 
of the vessel cross-section and coplanarity of the net-
work. Although 3DVascNet presented a high generaliza-
tion capability, it may be necessary to further improve its 
performance by retraining with new images. Since the 
source code of 3DVascNet and the data sets are made 
publicly available, our model can be easily trained with 
user-specific 3D images and provided 3D masks, which 
will extend 3DVascNet to other vascular networks. For 
instance, light-sheet microscopy has been used to image 
entire vascular networks of the retina36,37 and the brain.38 
It would be interesting to test and expand 3DVascNet to 
segment these types of data sets.

Although the source codes of most of the described 
works6,8–10 are made publicly available, only 2 works7,8 

have presented a GUI, which can easily be used by 
researchers without a solid expertise in computer sci-
ence and programming. To overcome this issue, we pres-
ent not only 3DVascNet source code, which can be easily 
adapted for the segmentation of other vascular networks, 
but also a user-friendly graphical interface. However, the 
main limitation is that 3DVascNet must be executed on 
a powerful computer with an NVIDIA graphics process-
ing unit.

We have validated the performance of 3DVascNet 
by comparing its output to the quantification of 4 vas-
cular morphometric parameters based on ground-truth 
segmentation masks. Our results indicated that there 
are no statistically significant differences between the 
vascular morphometric parameters obtained from the 
manual masks and 2D projections of 3DVascNet masks. 
Also, there was a high linear correlation between manual 
and 3DVascNet-based computation of vascular morpho-
metric parameters (R2 ≥ 0.87). Thus, the quantitative 
analyses yielded similar results compared with manual 
segmentation. However, 2D analysis of retinal vascu-
lature has several limitations. For instance, 2D studies 
may be misleading due to false-positive branches and 
branching points resulting from crossings of various ves-
sels along the z axis. This is due to the fact that the 2D 
quantifications do not take into consideration the true 
geometry of the vessels. Hence, we also computed the 

Figure 3. Comparison of 3-dimensional (3D) ground-truth and 3DVascNet masks.
Preprocessed image patches (left), corresponding manually created 3D ground-truth masks (middle), and 3DVascNet masks (right).
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3D features from the 3DVascNet masks and correspond-
ing skeletons. Although the ranges of branch lengths 
across different intervention groups are similar in 3D and 
2D, there is a notable disparity in the quantification of 
the vessel radius between 2D and 3D. These differences 
are likely explained by the assumption that vessel cross-
sections are circular, while, in reality, they are oval, lead-
ing to an overestimation of vessel radii in 2D. Thus, the 
3D quantifications obtained with the proposed approach 
are superior in comparison to the traditional 2D analy-
sis of retinal blood vessels. This is due to their ability to 

capture the volumetric information providing a more real-
istic quantification of the 3D blood vessels. To conclude, 
the differences between the 2D and 3D quantifications 
enhance the need of undertaking 3D analysis of the vas-
culature instead of studying its 2D projections.

To summarize, in this work, we have presented 3DVas-
cNet, a software for segmentation and quantification of 
blood vessels in 3D. 3DVascNet is fully automated; thus 
it will be used to perform large-scale analysis in 3D, 
which will be of great importance to answer key open 
questions in vascular biology.

Table 5.  DC and clDice Values of the Compared Vessel Segmentation Approaches  
on Data Sets 2, 3, and 4, Considering the Images After Applying the Percentile-Based  
Normalization

  Data set 2 Data set 3 Data set 4 All 

Otsu DC 0.9260±0.0280 0.8306±0.1573 0.9050±0.0172 0.8798±0.1111

clDice 0.9527±0.0249 0.8755±0.1658 0.9134±0.0374 0.9098±0.1133

Chan-Vese DC 0.7947±0.1271​ 0.6617±0.2494​ 0.8738±0.0547​ 0.7575±0.1971

clDice 0.7727±0.1523​ 0.6643±0.2709​ 0.8906±0.0657​ 0.7557±0.2151

3DVascNet DC 0.9486±0.0186* 0.9230±0.0816* 0.9380±0.0109* 0.9349±0.0545*

clDice 0.9778±0.0124* 0.9513±0.0864* 0.9599±0.0200* 0.9620±0.0576*

All values correspond to mean±SD. clDice indicates centerline Dice; and DC, Dice coefficient.
*The best results.

Figure 4. Generalization capability of 3DVascNet.
A, Examples of 3-dimensional (3D) patches extracted from the preprocessed images (top), and the corresponding segmentation masks 
obtained with 3DVascNet (bottom), corresponding to data sets 2, 3, and 4 (from left to right, respectively). B, Examples of 3D patches 
extracted from the preprocessed images (top) and the corresponding segmentation masks obtained with 3DVascNet (bottom), corresponding 
to different conditions (CD31 [cluster of differentiation 31] marker and postnatal day 20 [P20] retina), and a different organ (kidney section). 
C, Example of an adult retina segmentation: preprocessed image in 2 different perspectives (top), and corresponding mask obtained with 
3DVascNet also in the same 2 perspectives (bottom).
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Figure 5. Performance of 3DVascNet using vascular morphometrics.
Box plots (left graph) represent side-by-side comparison of vascular morphometrics computed from 2-dimensional maximum-intensity 
projection of manual segmentation masks (in blue) or 3DVascNet masks (in orange). Statistical analysis between the distributions of manual 
and automated features was performed, for each vascular morphometric and each intervention group, using the Mann-Whitney U test; the 
corresponding P values are presented above each pair of distributions compared. A P value <0.05 was considered statistically significant. 
Pearson correlation analysis (right graph) between the vascular morphometrics based on manual masks (x axis) and those based on the 
3DVascNet masks (y axis). Data represent vessel density (vascular area/region of interest [ROI] area [%]), mean vessel radius (µm), mean 
branch length (µm), and branching point density (#/µm2). For correlation analyses, we considered 43 images, corresponding to the groups 
shown in the box plots. Here, we considered only the intervention groups that have at least 4 images: PBS (n=7), VEGF (vascular endothelial 
growth factor; n=7), captopril (n=6), Ang II (angiotensin II; n=4), FLIJ (n=4), FLIO (n=8), and Yes (n=7).
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