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Instituto Superior Técnico, Lisboa, Portugal

November 2022

Abstract

In recent years, deep learning methods have been extensively studied for the segmentation of microscopy
images to efficiently and accurately quantify and characterize cells, nuclei, and other biological struc-
tures, as this information is essential for the diagnosis of diseases, for example.

In this work, we address the segmentation of cell nuclei and Golgi in three dimensional (3D) fluores-
cence microscopy images as an unpaired image-to-image translation problem. For this task, we proposed
the use of the CycleGAN model, which can be used as an unsupervised end-to-end framework. With
this model, we are able to significantly reduce the training and testing time since it does not require
manually labeled segmentation masks for training, but instead trains with synthetic masks.

Furthermore, the detection of nucleus-Golgi pairs is also important for the study of blood vessel
formation. Therefore, the proposed segmentation model is extended to classify a third class, nucleus-
Golgi pairs.

The experimental results obtained with the proposed CycleGAN model are compared with two well-
known supervised segmentation models, 3D U-Net and Vox2Vox. The CycleGAN model led to the
following results: Dice coefficient of 76.64% for the nuclei class, 64.27% for the Golgi class and 69.99%
for the nucleus-Golgi pairs class, with a difference of only 1.11%, 5.11% and 6.02%, respectively, from
the best results obtained with the supervised model 3D U-Net. Moreover, the time required to train and
test the U-Net model is about 5.78 times longer than the time required to train and test the CycleGAN
model.
Keywords: Nuclei and Golgi Segmentation, Unsupervised Learning, Generative Adversarial Network

1. Introduction
1.1. Motivation

Digital pathology and microscopic image analy-
sis are widely used for comprehensive studies of cell
morphology or tissue structure and play an impor-
tant role in decision making in disease diagnosis.
The extensive information provided by these stud-
ies can be used in CAD (Computer-Aided Diagno-
sis). Computer-assisted methods can improve ob-
jectivity and provide accurate characterization of
diseases [1].

Cell detection and segmentation is critical for
CAD as it supports various quantitative analyses,
including calculation of cell morphology, e.g., size,
shape, and texture. This information is essential for
the analysis, diagnosis, classification and grading of
cancer, for example [2].

In recent years, the development of fluorescence
microscopy has allowed a better study of cells and
its substructures by allowing the acquisition of 3D
image volumes that reach deeper into the tissue [3]
and are therefore very important sources of infor-

mation for CAD.
Manual analysis of large image sets is labor inten-

sive, time consuming, and can be biased by individ-
uals. Therefore, automatic two/three dimensional
microscopy image analysis methods, especially seg-
mentation, have been extensively studied by re-
searchers [4] to achieve more efficiency and accu-
racy in quantifying and characterizing cells, nuclei,
or other biological structures, and thus improving
diagnosis.

Recently, Deep Learning (DL) has emerged as a
powerful tool that is attracting much interest in mi-
croscopic image analysis [5] due to its ability to au-
tomatically learn features from raw data. This en-
ables the development of more robust and accurate
algorithms for microscopic image segmentation.

However, the performance of these methods is
limited by the amount of manually labelled ground
truth data available to train the network, and the
generation of these data, especially for 3D volumes,
is tedious and very time consuming. Therefore, in-
terest in weakly supervised/fully unsupervised DL
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models that can be trained on data without anno-
tations and still perform well on unseen data has
increased greatly in recent years [5].

1.2. Objectives
In this work, deep learning methods are imple-

mented for the segmentation of fluorescent micro-
scopic images. Three models are implemented,
two supervised, inspired by the 3D U-Net [6] and
Vox2Vox [7] architectures, and one unsupervised,
inspired by the CycleGAN model [8]. The dataset
used to train, validate, and test these models in-
cludes 3D fluorescence microscopy images of mouse
retinas with two cellular components: Golgi and
Nuclei and the corresponding manually labeled 3D
segmentation masks. The aim is for these models
to receive the 3D fluorescence microscopy images as
input and return a 3D segmentation mask with n
binary segmentation maps, where n is the number
of classes we want to classify. This work has two
goals:

• the main goal is to develop an unsupervised
deep learning-based algorithm that is able to
accurately segment the nucleus and Golgi of
cells as well as or better than the supervised
methods. For this unsupervised method, syn-
thetic 3D segmentation masks have to be cre-
ated for training the model;

• the secondary goal is to explore an approach
that consists in considering, as in [9], three
classes: the nuclei, the Golgi, and the nucleus-
Golgi pairs, with the goal of studying whether
the segmentation of the nuclei and Golgi im-
proves, i.e., whether we can avoid, for example,
the detection of noise. Furthermore, the de-
tection of nucleus-Golgi pairs may have many
applications, such as counting the number of
nucleus-Golgi pairs and estimating the nucleus-
Golgi vectors, which are fundamental tasks to
study the migration process of cells in the for-
mation of blood vessels in the mouse retina [9].

2. State-of-the-Art on Microscopy Image
Segmentation

2.1. Microscopic image segmentation diffi-
culties

Segmentation of subcellular structures in micro-
scopic images presents many challenges. In par-
ticular, during image acquisition, microscopic im-
ages often exhibit digital noise, background clutter,
and blurring [10]. These problems are exacerbated
for microscopic volumes because they are inherently
anisotropic and anomalies vary along different axes.
As a result, these images often exhibit the follow-
ing: intensity inhomogeneity, low contrast, limited
depth resolution, and consequently the subcellular
structures being segmented typically have poorly
defined edges [11].

When segmenting nuclei/cells, the challenge be-
comes even greater because the size, shape, and
intracellular intensity heterogeneity of nuclei/cells
vary widely and they are often grouped together
in clumps so that they sometimes touch and/or
overlap [10]. In recent decades, several automated
segmentation methods for microscopic images have
been investigated that aim to overcome some or all
of these challenges.

2.2. Related Work

Several classical image processing algorithms
have been investigated for microscopy image seg-
mentation, in particular Active Contour Models
[12, 13], 3D Active Surface Model [14] and Squassh
[15]. The main problem with these methods is
that they are unable to separate overlapping nu-
clei, which degrades the quality of the segmentation
results. To separate overlapping cells/nuclei and
improve segmentation, several methods have been
described [16, 17]. However, these methods require
manual optimization of parameters, are difficult to
generalize to different datasets, and are unable to
discriminate between different cellular structures.

Deep learning-based models have been success-
fully applied to computer vision tasks, including
microscopy image analysis, for nuclei detection, cell
segmentation, and so on. One popular deep ar-
chitecture is the Convolutional Neural Networks
(CNN) which, given images and corresponding an-
notations (ground-truth), is able to learn the essen-
tial features of an image that are invariant to irrel-
evant variations [18]. The CNN model has already
been successfully implemented for the automatic
nuclei segmentation in [19, 20]. For the specific task
of segmentation of 3D microscopic image volumes
the 3D U-Net model [6] was proposed. However this
supervised deep neural network methods requires a
large amount of pixel-wise annotated data for train-
ing. Obtaining these detailed annotations is not
only time consuming, especially for 3D volumes,
but also must be done by an expert. Therefore,
in recent years several weakly supervised/fully un-
supervised deep learning models that perform well
on data with little or any annotations have been
proposed [21, 22, 23, 24].

The performance of CNN architectures is always
limited by the quantity and quality of the dataset
used for training. This is where the Generative Ad-
versarial Networks (GANs) model comes into play
to significantly improve the performance of these
approaches due to their superior ability to generate
data as well as translate it. Supervised and unsu-
pervised models have been proposed with GANs.
For supervised models we have [25] where a con-
ditional generative adversarial network with clas-
sifier (cC-GAN) is introduced to solve the overfit-
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ting problem of most DL models by improving their
transfer capacity. For unsupervised models, the un-
supervised CNN network [23] was improved in [26]
by using a modified model of CycleGAN, a spa-
tially constrained CycleGAN, SpCycleGAN to gen-
erate realistic synthetic microscopic data to train
the CNN model. DeepSynth [27] is currently recog-
nized as the state-of-the-art deep model for unsu-
pervised 3D nuclei segmentation, and is based on
the works [23, 26]. More recently, in 2021, [28]
treats the segmentation of cell nuclei as an image-
to-image translation problem. Yao et al. [28] pro-
pose a novel end-to-end unsupervised framework
called Aligned Disentangling Generative Adversar-
ial Network (AD-GAN).
State-of-the-art unsupervised approach presented

in [27] used the CycleGAN as a two-stage pipeline
to train a robust segmentor with CycleGAN-
synthesized data. However, this adds time and
computational costs and significantly increases the
complexity of the system. In this work, a differ-
ent approach is proposed, more similar to the AD-
GAN model (but without making major changes to
the CycleGAN architecture), which consists in us-
ing an unsupervised end-to-end CycleGAN model
to segment subcellular strutures, nuclei and Golgi,
in fluorescence microscopy images.

3. Methodology
3.1. Dataset
The dataset used in this work consists of eight

crops extracted from 3D fluorescence microscopy
images of mouse retinas. These crops range in size
from 257x505x55 to 627x818x61. In these crops,
the nuclei are labeled with green fluorescent protein
(GFP) and the Golgi are labeled with mCherry. In
addition, manually labeled segmentation masks are
used for training the proposed supervised methods
and evaluating their performance. These masks are
RGB, with the red channel containing the segmen-
tation mask of the Golgi and the green channel con-
taining the segmentation mask of the nuclei. The
blue channel contains the segmentation mask of the
nucleus-Golgi pairs, but only for the task of the 3
class segmentation problem. In this case, the input
images and the output masks have 3 channels. For
the 2 class segmentation problem, the blue chan-
nel is not considered, so the input images and the
output masks have only two channels (these masks
are converted to RGB for visualization but the blue
channel is all zeros).
To use these crops to train the models, its neces-

sary to divide them into equal sized patches. There-
fore, we set the size of these patches to 64x64x64.
Since the z-axis of the original images has a size
between 55 and 61, the crops had to be padded to
get the 64 slices in the z-axis for the input images,
for this purpose a reflection padding was applied.

Synthetic segmentation masks

As mentioned earlier, the manually labelled seg-
mentation masks are used for training the imple-
mented supervised models. However, in order to
train the proposed model in a non-supervised way,
synthetic segmentation masks had to be created.

For this purpose, ellipsoids are created to rep-
resent the nuclei and spheres for the Golgi at ran-
dom positions. For each nucleus-Golgi pair created,
the radius of the spheres (nucleus) and the size of
the principal and secondary axis of the ellipsoids
(Golgi), the distance between the nucleus and Golgi
(relative to the center of the Golgi), and the rotation
of each pair are selected randomly from the intervals
[5,9] pixels, [[17,30],[8,13],[8,13]] pixels, [-6,6] pixels
and [0,180] degrees, respectively. For each crop cre-
ated, a random number of nucleus-Golgi pairs were
generated (between 45 and 70 pairs). To make the
images more realistic, an elastic transformation was
applied to each nucleus-Golgi pair. This transfor-
mation consists in deforming the image using dis-
placement vectors and a spline interpolation. The
value of this displacement is set to 0.75. Six crops
were created with the same size of the six micro-
scopic image crops used for training the model.

For the 3 class segmentation problem, another
six synthetic segmentation masks were created to
train the models for this task. Here, the nuclei and
Golgi are generated in the same way as described
previously. In this case, a third segmentation mask
is added in the blue channel corresponding to the
class of the nucleus-Golgi pair that corresponds to
the union of the nuclei and Golgi generated for the
green and red channels, respectively. To make the
images more realistic, isolated nuclei and Golgi are
added to the segmentation mask and are not in-
cluded in the segmentation mask of the nucleus-
Golgi pairs (blue channel).

3.2. Proposed Approach

For this work, cell nuclei and Golgi semantic
segmentation will be performed using the cycle-
consistent GAN model, CycleGAN for short. Two
different domain images will be considered, the flu-
orescence microscopy images (domain I) and the
synthetic segmentation mask (domain S). More-
over, let i and s denote training examples where
i 2 I and s 2 S.

Like the original CycleGAN model [8], the ar-
chitecture of this segmentation model will be com-
posed of four interconnected networks, two gener-
ators and two discriminators. A representation of
this network can be found in Figure 1. The first
generator (GS), corresponding to the segmentation
network we wish to obtain, learns a mapping from
the domain I to S. The first discriminator (DS)
takes the segmentation masks as input and tries to
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predict whether they are real or generated, accord-
ing to the domain S. In contrast, the second gener-
ator (GI) learns a mapping from the domain S to
I, and is used only to improve the training. Fur-
thermore, the second discriminator (DI) receives an
image as input and predicts whether this image is
real or generated, according to domain I.

Figure 1: CycleGAN schematic for the proposed
approach.

Network Architecture

The generator architecture used in the original
CycleGAN model is intended for a 2D image-to-
image translation task. Therefore, for our dataset,
this approach needs to be adapted to perform a 3D
image-to-image translation. This can be achieved
by replacing the 2D convolutional layers of the
original CycleGAN with 3D convolutional layers.
The discriminator architecture to be implemented
is based on the PatchGAN [7], which includes Leaky
ReLU for nonlinearity. The layers of the discrimi-
nator architecture must also be converted from 2D
to 3D. The detailed architecture of the generator
and discriminator used in the CycleGAN model em-
ployed in this work are shown in Figures 2 and 3,
respectively.

Figure 2: Implemented CycleGAN generator archi-
tecture. The Residual Block consist of a 3D con-
volutional layer with instance normalization and
ReLU as the activation function, followed by a sec-
ond convolutional layer also with instance normal-
ization. The output of this block is the concatena-
tion of the output of the second layer with the input
layer of the block. k = (x; y; z) denotes the size of
the input image for the x, y and z axes.
In the Figures 2 and 3 each box corresponds to

a convolution block in the model. For each block,
the type of convolutional layer and the normaliza-
tion and activation function used after each layer
are described in the Figure legend. The size of the
feature map that each convolution block outputs is
provided at the bottom of the boxes with respect to
the size of the input image k. In each box, the num-
ber of filters, the size of these filters, and the stride
used in each convolutional layer are indicated.

Figure 3: Implemented CycleGAN PatchGAN dis-
criminator architecture. k = (x; y; z) denotes the
size of the input image for the x, y and z axes.

Loss functions
The loss function used to train CycleGAN com-

prises four terms. These terms are described below.
Adversarial Loss. The adversarial term en-

courages the mapping functions to translate from
one domain to the other. The adversarial loss for
the first GAN (GS ; DS) is given by,

Ladv(GS ; DS) = Es∼pdata(s)[(DS(s))
2]

+Ei∼pdata(i)[(DS(GS(i))� 1)2]:
(1)

The adversarial loss for the second GAN
(GI ; DI), is written as,

Ladv(GI ; DI) = Ei∼pdata(i)[(DI(i))
2]

+Es∼pdata(s)[(DI(GI(s))� 1)2]:
(2)

Cycle consistency loss. The cycle consistency
loss is given by,

Lcyc = Ei∼pdata(i)[jjGI(GS(i))� ijj1]
+Es∼pdata(s)[jjGS(GI(s))� sjj1]:

(3)

Identity mapping loss. Lastly, the identity
mapping loss is given by,

Lid = Ei∼pdata(i)[jjGI(i)� ijj1]
+Es∼pdata(s)[jjGS(s)� sjj1]:

(4)

Finally, the total loss is obtained by combining
the 4 terms:

L(GS ; GI ; DS ; DI) = Ladv(GS ; DS)+

Ladv(GI ; DI) + �cycLcyc + �idLid

(5)

where �cyc and �id are hyperparameters to optimize
that control the relative importance of the two ob-
jectives. Thus, the objective function is:

arg min
GS ;GI

max
DS ;DI

L(GS ; GI ; DS ; DI): (6)
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3.3. Comparison between different ap-
proaches

The performance of the proposed approach will
be compared with two other known supervised tech-
niques for segmenting nuclei and Golgi in fluores-
cence microscopy images, the 3D U-Net [6] and
Vox2Vox, which is the 3D extension of the Pix2Pix
model [7]. To train these models, the 3D volumes of
fluorescence microscopy images and corresponding
3D segmentation masks are required.
The following subsections provide information on

the implementation of these methods.

3.3.1 3D U-Net

The 3D U-Net architecture is used to predict 3D
segmentation masks. Unlike the original 3D U-
Net model [6] the loss function used in training the
model is the Dice loss given by

DLoss(y; p̂) = 1� 2yp̂+ 1

y + p̂+ 1
(7)

here y is the reference value, p̂ is the probability
value predicted by the model.

3.3.2 Vox2Vox

Pix2Pix [7] is a supervised GAN model designed
for image-to-image translation. However, it is not
capable of performing image-to-image translation
at the 3D level. A 3D volume-to-volume network
for segmentation used as an alternative to Pix2Pix
is the Vox2Vox network.
Cirillo et al. [29] used a Vox2Vox approach in

their work. For this work, it will be used a similar
architecture. The generator model is built in the
style of the U-Net and Res-Net [30] architectures,
while the discriminator is built in the style of the
PatchGAN [7] architecture.
Another important part of the implementation of

Vox2Vox model is the loss function. The discrimi-
nator loss, Ldisc, is the sum of the L2 error of the
discriminator output between the original image x
and the respective ground-truth y with a tensor of
ones, and the L2 error of the discriminator output
between the original image and the respective seg-
mentation prediction ŷ given by the generator with
a tensor of zeros. This can be formulated as follows:

Ldisc = L2[D(x; y);1] + L2[D(x; ŷ);0]: (8)

On the other hand, the generator loss, Lgen, is
the sum of the L2 error of the discriminator out-
put between the original image, x, and the corre-
sponding segmentation prediction, ŷ, with a tensor
of ones, and the Dice Loss, between the ground-
truth and the generator output multiplied by the

scalar weight coefficient � > 0. This can be formu-
lated in the following way:

Lgen = L2[D(x; ŷ);1] + �DLoss(y; ŷ): (9)

3.4. Models Inference
As indicated in 3.1, the input size of the pro-

posed models is 64x64x64. Therefore, to obtain the
predicted segmentation mask of an entire crop, it
is necessary to slide a 3D window of size 64x64x64
to segment the entire crop. To make the segmen-
tation mask the same size as the original crop, we
need to pad the X and Y axes of the original image
so that the dimensions are Xpad = (X%step)�step
and Ypad = (Y%step)�step, where step is the num-
ber of pixels the 3D window moves during inference.
The padding used is reflection padding. If you place
a 3D window in the upper left corner of the padded
crop a 64x64x64 patch becomes the input volume
of the model used to create a sub-volume of the
segmentation mask in the upper left. This 3D win-
dow is slid in x and y direction with a certain step
through the entire padded crop until the entire vol-
ume is processed.

3.5. Execution time
The execution time of a deep neural network

model can be divided into two intervals: the train-
ing time and the testing time. Here, the training
time corresponds to the time it takes for a model
to learn a particular task. The test time is the time
required for a model to make a segmentation pre-
diction for an image. In this work, the execution
time is also considered as a measure of the perfor-
mance of the different approaches. For supervised
methods that require manual annotations, the time
required to create these masks is also considered.

4. Experimental Results and Discussion
4.1. Segmentation performance metrics

Pixel-based metrics are used to evaluate the per-
formance of the different models. Specifically, pre-
cision, recall, and Dice Coefficient are used to eval-
uate these different approaches. The equations for
these metrics are as follows:

Precision =
nT P

nT P + nF P
; (10)

Recall =
nT P

nT P + nF N
; (11)

DICE =
2� nT P

(nT P + nF P ) + (nT P + nF N )
(12)

where nT P , nF P and nF N are defined as the
number of true-positive, false-positive, and false-
negative segmentation result pixels in an image, re-
spectively. These metrics are calculated separately
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for the objects to be segmented: nuclei, Golgi and
nucleus-Golgi pair.

4.2. Data Pre-Processing

From the histogram of intensity values in Figure
4 of one of the microscopic images from the dataset,
it’s possible to verify that most of the pixels in the
red and green channels have low intensity values.
To correct this, we need to manipulate the inten-
sity histogram of the image, which can be done by
contrast stretching.

Figure 4: Slice of a microscopic image from the
dataset and corresponding intensity histograms of
the red and green channels.
Contrast stretching should theoretically improve

the learning ability of models by highlighting the
contours of objects and emphasizing the difference
between object and background. Contrast stretch-
ing can be easily done for an image using a formula
that scales up the differences in pixel values. This
up scaling must be applied to all color channels,
so for the microscopic images used in this work, it
must be applied to the red and green channels (as
mentioned earlier, these images have no blue chan-
nel).

Instead of using the minimum and maximum val-
ues in the contrast stretch as the lower and upper
bounds, the 5 and 98 percentile values are used,
respectively. These values were chosen by visual
inspection of the pre-processing results considering
different percentile values. The values that best en-
hance the contrast of the Golgi and nuclei were se-
lected.

The results of this process can be found in Figure
5 and, together with the corresponding new inten-
sity histograms for the red and green channels.

Figure 5: Same image slice of Figure 4 after per-
centile contrast stretching and corresponding inten-
sity histograms of the red and green channels.

Another simple step of the data pre-processing
method applied to the dataset of microscopic im-
ages was to normalize the input images with values
in the range [0,255] to values in the interval [0,1] by
dividing each image value by 255.

4.3. Implementation Details

All models are tested on two of the eight crops
in the dataset described in Section 3.1. The crops
for training the proposed models were divided into
equal-sized patches. Therefore, the training dataset
for all proposed models consists of 433 patches with
a size of 64x64x64 from 6 different crops.

4.3.1 3D U-Net

In all experiments, using the 3D U-Net model:
Early stopping was applied to stop training when
the validation loss did not improve for 10 epochs;
the model was trained with the ADAM optimizer
with a learning rate of 1e-3; using Xavier initializa-
tion for the model weights; a batch size of 4 and
ReLU as activation functions, except in the last
layer, which has a sigmoid activation function so
that the output is n binary probability maps (where
n is the number of classes). A threshold of 0.5 is
then applied to each probability map of the output
of the U-Net to obtain the final segmentation mask.

4.3.2 Vox2Vox

As mentioned earlier, the Vox2Vox model con-
sists of two networks, a generator and a discrimina-
tor. In these two networks, the following specifica-
tions were set for training: He normal initialization
for the model weights; the Adam Optimizer with a
learning rate of 2e-5; batch size of 4 and early stop-
ping to stop training when the validation loss did
not improve for 20 epochs, saving the weights of the
best model based on the lowest validation loss.

Specifically for the Vox2Vox generator, the sig-
moid activation function was used in the last layer
so that the output has n binary probability maps
(where n is the number of classes). A threshold
of 0.5 is then applied to each probability map of
the output of Vox2Vox to obtain the final segmen-
tation mask volume. The hyper-parameter � from
the generator loss defined previously in equation 9
is set to � = 5 as proposed in [29].

The loss function of the generator was modified to
give more weight to the Golgi Dice coefficient loss.
The term Dice loss in the equation 9 was changed
to:

DLosstotal = �1DLoss(yN ; ŷN )

+�2DLoss(yG; ŷG)
(13)
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where yN and yG are the ground truth segmentation
masks of nuclei and Golgi, respectively, and ŷN and
ŷG are the predicted segmentation masks of nuclei
and Golgi, respectively. We found the most appro-
priate values for �1 and �2 by trial and error, and
after some experiments, we set �1 = 1 and �2 = 6.

4.3.3 Proposed Approach - CycleGAN

As mentioned in Section 3.2, the CycleGAN
model consists of four interconnected networks, two
generators and two discriminators. After training,
we keep only the generator corresponding to the
segmentation network (GS), the rest of the net-
works are used only to improve training.
For training the CycleGAN we used: an initializer

that generates weights with a normal distribution;
the ADAM optimizer with a learning rate of 1e-
3 and 5e-3 for the generators and discriminators,
respectively; �cyc = 10 and �id = 5 in equation 5
as proposed in [8] and a batch size of 2.
Specifically for the generators, the activation

function Tanh was used in the last layer so that
the output has n binary probability maps (where n
is the number of classes). Therefore, for these ex-
periments, the input images had to be normalized
to be in the range [-1,1]. Then the output images
are normalized again to a range between [0,1]. For
the segmentation network (GS) output, a threshold
of 0.5 is then applied to each probability map to
obtain the final segmentation mask volume.
During training, the performance of the model

is tracked by using the generator models to gener-
ate translated versions of a few randomly selected
images at the end of each epoch. The model is
stopped when it reaches collapse mode, i.e., when it
produces exactly the same output image for differ-
ent input images. After training, we visually anal-
yse the results obtained by CycleGAN for different
epochs and select the model from the epoch that
gives better results for the validation dataset.
Similar to the Vox2Vox model, we changed the

cycle consistency and identity loss to give more
weight to the mean absolute error for Golgi. Af-
ter some experiments the final weight given to this
class was 3.5 and 1 to the nuclei class.

4.4. Execution time
In this Section, we present the time needed to

train and test the models. As mentioned earlier, we
have a total of 8 crops for training and testing the
models. Where 6 of these crops are used to train
the models and 2 of them are used for testing. It
was estimated how long it takes to manually label
nuclei and Golgi in a crop. The estimate was 28
hours. For training time, the time needed to obtain
these crops was considered. In the case of the Cycle-
GAN model, the time needed to create the synthetic

masks (40 minutes) was added to the training time.
The final values are presented in Table 1.

Table 1: Time needed to train and test the models
U-Net Vox2Vox CycleGAN

Training Time (28h � 6) + 66 min (28h � 6) + 74 min 40 min + 28.6 h

Testing Time 35 seconds 35 seconds 35 seconds

Total Time 169.1 hours 169.2 hours 29.3 hours

4.5. Results discussion

Table 2 shows the results obtained for the 3
classes with the 3 models implemented. Figure 6
and 7 are a 3D visualization of the segmentation
results tested with two pre-processed microscopic
images, for the 2 and 3 class segmentation tasks,
respectively. The results for the nuclei and Golgi
classes are those obtained with the 2 class models,
and the results for the nucleus-Golgi pairs are those
obtained with the 3 class models. The best results
for each class are highlighted in bold.

Segmentation of the nuclei class is challenging
because the microscopic images have some back-
ground clutter and some of the nuclei have low con-
trast in the images. For this class, the best Dice
coefficient was obtained for the U-Net model with
0.7775, but CycleGAN obtained a similar result
with 0.7664 and then Vox2Vox with 0.7539. The
precision and recall values for the CycleGAN and U-
Net models are also very close, with the CycleGAN
model only being inferior by less than one percent.
The lower Dice coefficient of Vox2Vox is due to its
high sensitivity to digital noise, which explains its
relatively low precision of 0.6529. However, it is the
best of the 3 models at detecting Golgi, as it can
detect and segment nuclei even when they have low
contrast.

The challenges in classifying the Golgi class are
mainly: the digital noise coming from particles such
as dust entering the analysed sample and produc-
ing blurs (due to their autofluorescence) with high
contrast in the red channel of the microscopic im-
ages, which can be mistaken for Golgi; and the small
size of the Golgi, which makes detection and bound-
ary segmentation difficult. For this class, the best
Dice coefficient was obtained for the U-Net model
with 0.6938, followed by the Vox2Vox model with
0.6883 and the CycleGAN model with 0.6427. Al-
though the U-Net model had the best Dice coeffi-
cient, because it was able to detect and segment the
Golgi best on average, the Vox2Vox model obtained
the best precision with 0.7078 and CycleGAN the
best recall with 0.8038. Analysing the segmentation
masks obtained for these models, we can conclude
that Vox2Vox is the best model for segmenting the
boundaries of the nuclei it detects and CycleGAN
is the model that detects the most Golgi on the
images.
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