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A B S T R A C T

Cell polarity is essential for tissue structure and cell migration, and its dysregulation is linked to diseases
such as cancer and vascular disorders. Understanding the associations between molecular mechanisms, such
as genetic defects, and abnormal cell polarization can provide clinicians with valuable biomarkers for early
disease diagnosis and lead to more targeted therapeutic interventions.

Here, we present a deep-learning framework for cell polarity computation based on the association between
pairs of objects. Our approach, named 3DCellPol, is trained to detect and group the centroids of two distinct
objects. To demonstrate the potential of 3DCellPol, we use it to compute cell polarity by pairing two cell
organelles: nuclei and Golgi. The vectors between nuclei and Golgi define the front-rear polarity axis in
endothelial cells. 3DCellPol was evaluated on 3D microscopy images of mouse retinas. It detected 71% of the
nucleus–Golgi vectors and outperformed previous methods while requiring much less supervision. Moreover,
incorporating synthetic data generated by a generative adversarial network further improved detection
to 78%.

We additionally demonstrated our model’s adaptability to 2D images by applying it to a public dataset of
cervical cytology images, where polarity is defined based on the cytoplasm-nucleus vectors. In this dataset,
our model detected over 90% of vectors.

3DCellPol’s ability to robustly compute cell polarity is crucial for understanding mechanisms of diseases
where abnormal polarity plays a key role, and it may contribute to improved diagnostics and enable targeted
therapies. Hence, it is a valuable open-source tool for both biomedical research and clinical practice.
1. Introduction

Various image analysis tasks involve object detection and grouping,
where objects are identified individually and grouped if they belong
to the same unit. For example, in instance segmentation, the goal is to
detect and group foreground pixels representing the same entity [1]. In
multi-person pose estimation, human body joints (e.g. heads, elbows,
knees, wrists) are identified and grouped to form a skeleton for each
person [2]. Similarly, in face detection and recognition, facial land-
marks are detected and grouped to identify individuals [3]. These tasks
have valuable applications. For example, segmentation is helpful for
autonomous driving [1], while multi-person pose detection helps an-
alyzing human activities in monitored areas [2]. However, these tasks
become challenging in crowded scenes with overlapping, touching, and
occluded objects [1,2].
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In biological systems, understanding the interactions between sub-
cellular structures, such as mitochondria–Golgi, mitochondria–vacuole,
and endoplasmic reticulum–Golgi, is crucial, as their dysregulation
can lead to conditions like neurodegenerative diseases, cancer and
obesity [4]. Moreover, cytogeneticists detect and group nuclei and
fluorescent in-situ hybridization (FISH) spots in microscopy images to
detect chromosomal defects and diagnose genetic diseases [5]. Similar
to object detection and segmentation in natural images, analyzing
biological images is challenging because overlapping structures make
the identification of individual elements and their grouping into distinct
units extremely difficult [6].

Within this context, cell polarity analysis is of great clinical value.
Cell polarity is the asymmetrical distribution of organelles, proteins,
and cytoskeleton, which can establish several axes of polarity in the
cell, among which the front-rear and apical-basal axes are the most
https://doi.org/10.1016/j.bspc.2025.107537
Received 26 August 2024; Received in revised form 20 December 2024; Accepted 1
vailable online 26 January 2025 
746-8094/© 2025 The Authors. Published by Elsevier Ltd. This is an open access art
c-nd/4.0/ ). 
7 January 2025

icle under the CC BY-NC-ND license ( http://creativecommons.org/licenses/by- 

https://www.elsevier.com/locate/bspc
https://www.elsevier.com/locate/bspc
https://orcid.org/0000-0003-1933-4273
https://orcid.org/0000-0001-7777-3675
mailto:hemaxi.narotamo@tecnico.ulisboa.pt
mailto:cfranco@ucp.pt
mailto:msilveira@isr.tecnico.ulisboa.pt
https://doi.org/10.1016/j.bspc.2025.107537
https://doi.org/10.1016/j.bspc.2025.107537
http://crossmark.crossref.org/dialog/?doi=10.1016/j.bspc.2025.107537&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


H. Narotamo et al.

i

f
a
t

c
T

l
b

v
s
m
m
w

v
n

l
p
n
a
g
m

m
p
o
g
u
m
s

a

e
a

m
v
l
t

n
d

a

Biomedical Signal Processing and Control 104 (2025) 107537 
Abbreviations

CM Cost Matrix
CNN Convolutional Neural Network
CS Cosine Similarity
EC Endothelial Cell
EP Endpoint of a Vector
FISH Fluorescent In-Situ Hybridization
FN False Negative
FP False Positive
FDR False Discovery Rate
GAN Generative Adversarial Network
GC Golgi Centroid
GD Golgi Centroid Distance
GFP Green Fluorescent Protein
GV Golgi Volume
HS Hierarchical Segmentation
IoU Intersection Over Union
IP Initial Point of a Vector
MAF Major Axis Fraction
MSE Mean Squared Error
NC Nucleus Centroid
ND Nucleus Centroid Distance
PM Pairing Matrix
ReLU Rectified Linear Unit
SD Standard Deviation
SSIM Structural Similarity Index Measure
TP True Positive
TPR True Positive Rate
2D Two-Dimensional
3D Three-Dimensional
Notation

𝒆𝒈 Golgi embedding map
𝒆𝒏 nuclei embedding map
𝒉𝒈 Golgi heatmap
𝒉𝒏 nuclei heatmap
𝑽 3D vector
(𝑽 𝒙, 𝑽 𝒚 , 𝑽 𝒛) components of vector V
𝑾 , 𝑯 , 𝑫 width, height, depth
𝝉𝒈 Golgi threshold
𝝉𝑳 Threshold level
𝝉𝒏 Nucleus threshold (in the nucleus–Golgi

datasets)
𝝉𝒄 Cytoplasm threshold
𝝉 ′𝒏 Nucleus threshold (in the cytoplasm-nucleus

dataset)
̂ Denotes a predicted quantity

relevant [7,8]. It plays a crucial role in physiological processes, such as
cell migration, proliferation, differentiation, and protein trafficking [7,
9–11]. Disruptions in cell polarity are linked to pathological conditions,
ncluding cancer [7], cardiovascular disorders [9,11], and chronic dis-

eases [11]. Unraveling the mechanisms underlying cell polarization is
undamental for advancing knowledge of developmental, physiological,
nd pathological processes, as well as for creating novel diagnostic and
herapeutic approaches [7].

Several pairs of biological structures have been used to compute
ell polarity: nucleus–centrosome, cytoplasm–nucleus, nucleus–Golgi.
he nucleus–centrosome axis orientation has been extensively explored
2 
in various works [12]. For instance, in [13], it was used to study
epithelial cell polarity under different extracellular matrix geometries
to understand how polarity is influenced by the extracellular envi-
ronment. The displacement of the nucleus relative to the cytoplasm
centroid can be used to study cell polarity and migration because
cells frequently migrate with the nucleus positioned close to the rear
end [14]. Furthermore, the nucleus positioning within the cell is crucial
for investigating cell division [14] and pathological disorders, such as
cancer [15].

The nucleus–Golgi pairs are particularly useful to study the po-
arization of endothelial cells (ECs), the cells lining the interior of
lood vessels. In this system, front-rear polarity is calculated as a

vector from the nucleus centroid to the corresponding Golgi complex
centroid [10,16] (Fig. 1A). ECs polarize and migrate towards gradients
of vascular endothelial growth factor A (VEGFA) but also against
the blood flow direction during vessel remodeling [9,17,18]. Several
ascular pathologies are caused by defects in vascular remodeling,
uch as hypertension, diabetic retinopathy and arteriovenous malfor-
ations [9]. Hence, vascular biologists are interested in unraveling the
olecular and cellular mechanisms associated to these diseases which
ill be crucial to develop innovative treatment strategies [9].

The main challenge in understanding these mechanisms is that in
ivo front-rear cell polarity is usually computed manually by assigning
uclei and Golgi centroids on 2D projections of 3D images [19], a

time-consuming process dependent on the user’s experience and often
eading to fatigue. To address this, automated methods have been
roposed, typically following a multi-step strategy that starts with
uclei and Golgi segmentation, followed by 3D centroid computation,
nd ends with centroid pairing. However, these approaches rely on
round-truth 3D segmentation masks for training, requiring laborious
anual voxel labeling [20].

To overcome this issue, we propose 3DCellPol, a deep learning
ethod for cell polarity computation that requires less training su-
ervision compared to previous approaches. Specifically, our approach
nly requires paired centroids for training and it jointly predicts and
roups the centroids of cell organelles. We trained and tested 3DCellPol
sing 3D microscopy images of mouse retinas that express fluorescent
arkers for endothelial nuclei and Golgi apparatuses. An example of a

ubvolume extracted from one of these images is shown in Fig. 1B.
Our approach predicts centroid heatmaps and embedding maps sep-

arately for nuclei and Golgi, as illustrated in Fig. 2. First, the centroids
re obtained by extracting the local maximizers from the centroid

heatmaps. The embedding for each detected centroid is obtained by
extracting the value, at the centroid’s position, from the embedding
heatmap, represented by vertical dashed gray arrows in Fig. 2. Pairing
is then performed based on the distance between a nucleus embedding
and a Golgi embedding (Fig. 2). Nuclei and Golgi with the closest
mbeddings are paired, as long as the distances between their centroids
nd between their embeddings are smaller than certain thresholds.

Compared to our previous method [20], 3DCellPol eliminates the need
for 3D segmentation ground-truth by relying on centroid annotations,
thereby significantly reducing the manual annotation effort.

3DCellPol will be used by vascular biologists to understand the
echanisms controlling EC polarization and migration during blood

essel formation and remodeling in development, healthy and patho-
ogical conditions. Hence, our tool will be helpful to develop therapeu-
ic targets for vascular diseases.

Moreover, we train and test a 2D version of 3DCellPol, which we
amed 2DCellPol, on a dataset of cervical cytology images. In this
ataset, we use 2DCellPol to predict cytoplasm-nucleus vectors. In this

way, we show that our tool can be useful for cytotechnologists who an-
lyze cervical cytology images for early cervical cancer detection [21].

In this case, our tool has potential for direct clinical application, as
the dataset comprises samples from patients with both negative and
positive cervical cancer diagnoses [21,22].
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Fig. 1. EC nuclei and Golgi. (A) Schematic representation of an EC (beige), its nucleus (green), its Golgi (red), and the nucleus–Golgi vector (black) representing the front-rear
polarity of the cell. (B) Example of a 3D microscopy image subvolume obtained from the dataset used in this work, where the nuclei and Golgi are represented in the green and
red channels, respectively.
Fig. 2. Schematic representation of 3DCellPol. It receives an image with nuclei and Golgi as input, and outputs the centroid heatmaps and embedding maps of nuclei and Golgi.
The centroids are decoded by extracting the local maximizers from the centroid heatmaps. The corresponding embeddings are obtained from the embedding maps at the centroids’
positions (vertical dashed gray arrows). A nucleus and a Golgi belonging to the same cell should have similar embeddings. Thus, the distances between the embeddings of nuclei
and Golgi are used to compute the vectors.
In conclusion, 3DCellPol can be easily adapted to compute cell
polarity in other tissues, because it only requires images and paired
centroids for training. We believe that 3DCellPol will mostly be a
valuable tool for translational research, for instance to unravel key
indicators of diseases caused by abnormal cell polarity, such as cancer.
In cancer, metastasis is caused by cells that lose epithelial polarity
and develop front-to-back polarity which is essential to invade other
tissues [7]. 3DCellPol will allow researchers to study the molecular
mechanisms behind this polarity transition, identifying genetic muta-
tions and signaling pathways that lead to incorrect polarization. Under-
standing these associations between biological processes and abnormal
cell polarization can provide clinicians with useful biomarkers for early
cancer diagnosis and, potentially, lead to more targeted therapeutic
interventions.

2. Related work

2.1. 3D nucleus-Golgi vector computation

The first automated approach for computing nucleus–Golgi vectors,
proposed by Barbacena et al. [23], is a multi-step approach. First,
3 
segmentation of nuclei and Golgi is performed. Then, 3D centroid is
computed for each object and an assignment matrix with the distances
between nuclei and Golgi centroids is built. The nucleus–Golgi pairs are
obtained by minimizing the cost of this matrix. Barbacena et al. [23]
applied a classical thresholding method for segmentation, whereas we
used the 3D U-Net deep learning model [20,24]. This model [24]
and its variants [25,26] have been widely used for cell nuclei seg-
mentation in 3D microscopy images. In these works [20,24–26], the
models are applied for semantic segmentation, where each voxel is
classified as either background or nucleus. Hence, these architectures
are unable to segment each nucleus individually, a task known as
instance segmentation.

StarDist-3D is a widely used model for 3D nuclei instance segmenta-
tion [27]. It represents nuclei as star-convex polyhedra, approximating
their roundish shape. For each voxel, StarDist-3D predicts distances
to the object boundary along K radial directions and estimates the
probability that the voxel belongs to a nucleus. Only voxels with an
object probability above a threshold are considered, and non-maximum
suppression removes redundant shapes representing the same object.
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However, whether they are semantic or instance segmentation
methods [24–27], these approaches need ground-truth masks for train-
ing, which are difficult to obtain since they require a laborious manual
annotation step. Moreover, the multi-step approach proposed by Barba-
cena et al. [23] performs pairing based only on the Euclidean distances
between nuclei and Golgi centroids.

In our previous work [20], we proposed a deep learning method
or joint segmentation and pairing of nuclei and Golgi, called 3D U-

Net HS (Hierarchical Segmentation). In this approach, a first 3D U-Net
predicts joint segmentation masks of nuclei and Golgi, representing
nucleus–Golgi pairs. The output of this 3D U-Net and the original
D image are multiplied, and the result is fed into a second 3D U-

Net to generate separate segmentation masks for nuclei and Golgi.
Finally, for each connected component in the first 3D U-Net’s output,
the corresponding nucleus and Golgi centroids are computed from the
second 3D U-Net’s outputs. The polarity vectors are then computed
using the nucleus and Golgi centroids as the initial point (IP) and the
endpoint (EP), respectively. The first 3D U-Net pairs nuclei and Golgi
based on automatically extracted features, not just centroid distances,
but still requires 3D ground-truth segmentation masks for training.

2.2. Keypoint detection and grouping

In several imaging tasks, such as object localization, detection and
ounting, the need for extensive supervision can be reduced by using
lternative approaches that rely on less costly annotations, such as
bject keypoints. These keypoints can be centroids of objects [28] or
natomical features such as landmarks in X-ray images of hands [29]
r human body joints [30]. The keypoints based approach has been

applied in the microscopy and histopathology imaging fields for the
detection of cell/nuclei centroids in 2D [31–33] and 3D [34–36]. In
these works [31–36], centroid heatmaps were built based on different
functions such as exponential-based, Gaussian, and Gaussian-based
functions, and different convolutional neural networks (CNNs) were
explored to predict the heatmaps. One common aspect among the
generated heatmaps is that they have peaks at the locations of the
ground-truth centroids.

Keypoint detection has also been combined with grouping using a
ingle network. For instance, in [37] for detection and pairing of human

body joints to estimate multi-person pose, and in [38] for bounding
boxes top-left and bottom-right corners joint detection and pairing to
detect objects. These approaches consist of training a network to predict
keypoint heatmaps and embeddings. The embeddings should be similar
for keypoints belonging to the same unit, and dissimilar otherwise. This
embedding learning process using CNNs was first proposed by Harley
et al. [39] for semantic segmentation. They trained a CNN to predict
pixel embeddings, so pixels belonging to the same class should present
similar embeddings.

2.3. Generation of synthetic data

Recently, methods based on generative adversarial networks (GANs)
have successfully been used to generate synthetic images to overcome
the requirement of large manually annotated datasets [40]. There are
several works in which the Pix2Pix model [41], one popular extension
of GAN, was used for this purpose due to its capacity of conditional
translation of one image into another [42]. For instance, the Pix2Pix

odel was used to generate synthetic datasets of retinal and neuronal
images [43] and a dataset of images corresponding to different skin
conditions [44]. In these works [43,44], the synthetic datasets gen-
erated using the Pix2Pix model were used as a data augmentation

ethod to train a segmentation model [43] and a classifier for skin
ondition [44].
4 
Table 1
Major and minor axes (Mean ± SD) of nuclei and Golgi computed based on the ground-
truth segmentation masks.

Nuclei Golgi

Major axis (μm) 15.86 ± 6.55 7.91 ± 3.58
Minor axis (μm) 8.50 ± 3.46 4.85 ± 1.49

3. Contributions

Our proposed 3DCellPol model was inspired by keypoint detection
and grouping approaches [37,38]. Additionally, we studied the benefits
of using synthetic images for 3DCellPol training. These images were
generated using the Vox2Vox model, which is the 3D version of the
Pix2Pix model [41]. This work presents three main contributions:

• 3DCellPol, a neural network that simultaneously detects and pairs
organelles in 3D microscopy images using a single network. It
is simpler than multi-stage approaches (segmentation, centroid
computation and centroid pairing) and does not require manually
annotated segmentation masks for training. Instead, it only re-
quires pairs of centroid annotations, which can be obtained with
significantly less annotation effort.

• A GAN to generate synthetic microscopy images of nuclei and
Golgi based on automatically created polarity vectors. We use a
combination of real and synthetic images for training 3DCellPol.

• A 2D version of 3DCellPol, denoted as 2DCellPol. We train and
evaluate 2DCellPol on a publicly available dataset for cytoplasm-
nucleus vector prediction [21], demonstrating its performance on
a different polarity prediction task and in 2D.

4. Materials and methods

This section presents the datasets used in this work, the pro-
osed approach, the state-of-the-art methods considered for perfor-
ance comparison, the evaluation methodology and the experiments
erformed.

4.1. Datasets

4.1.1. Real nucleus-Golgi dataset
Our primary dataset consists of three 3D fluorescence microscopy

images of mouse retinas and corresponding ground-truth nucleus–Golgi
vectors (Fig. 3A,C). From these three images, 261 smaller subvolumes
f size 128 × 128 × 64 × 2 were obtained. Segmentation ground-truth

is required for training the state-of-the-art approaches implemented for
performance comparison (Fig. 3B). Both the vectors and the masks
were obtained from a manual annotation process performed by an
expert.1 The dataset contains 482 nucleus–Golgi pairs.2 The resolution
of these images across x, 𝑦 and z is 0.666 μm, 0.666 μm and 0.270 μm,
espectively. We computed the mean major and minor axes of nuclei
nd Golgi based on the ground-truth masks, the values are represented
n Table 1.

All the retinas are from the GNrep mice [23]. Stainings were per-
formed according to previously published protocols [45]. This study
was conducted in accordance with European Union (EU) regulations
and ethical approval was obtained from the Animal Ethics Committee
of Instituto de Medicina Molecular (AWB_2015_10_CF_Polaridade).

1 3D nucleus–Golgi vectors can be annotated using the tool available at
https://github.com/HemaxiN/VectorAnnotationTool.

2 Our real dataset is publicly available at https://huggingface.co/datasets/
Hemaxi/3DNGPol.

https://github.com/HemaxiN/VectorAnnotationTool
https://huggingface.co/datasets/Hemaxi/3DNGPol
https://huggingface.co/datasets/Hemaxi/3DNGPol
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Fig. 3. Samples from the real nucleus–Golgi dataset. (A) Example of a 3D microscopy image subvolume, the green and the red channels represent the nuclei and the Golgi,
respectively; (B) corresponding manually annotated segmentation mask; (C) and corresponding manually annotated ground-truth vectors (represented in white).
Table 2
Major and minor axes (Mean ± SD) of cytoplasm and nuclei, in the cytoplasm-nucleus
dataset [21], computed based on the ground-truth segmentation masks.

Cytoplasm Nuclei

Major Axis (pixels) 95.87 ± 36.36 16.87 ± 6.60
Minor Axis (pixels) 64.83 ± 27.29 12.69 ± 5.22

4.1.2. Synthetic nucleus-Golgi dataset
In this work, we generated a synthetic dataset containing automati-

cally created nucleus–Golgi vectors and corresponding images obtained
with a GAN.3 First, the GAN is trained using the real nucleus–Golgi
dataset. Then, we use the trained model to generate synthetic subvol-
umes that are equal in number to the patches in the real nucleus–Golgi
dataset. These synthetic subvolumes and the corresponding vectors are
used only for 3DCellPol training, whereas testing is always performed
on the real nucleus–Golgi dataset.

4.1.3. Cytoplasm-nucleus dataset
We also considered a 2D dataset to demonstrate our model’s per-

formance on a different vector polarity task and in 2D. We used the
Cx22 dataset [21], here denoted as cytoplasm-nucleus dataset, which
contains cervical cytology images of size 512 × 512 × 3, with constant
padding of variable size using a value of 255 (white pixel padding) [21]
(Fig. 4A). The dataset also contains the corresponding instance seg-
mentation masks of cytoplasm and nuclei (Fig. 4B). We used these
masks to pair cytoplasm and nucleus within the same cellular instance.
Therefore, based on the centroids of the instance segmentation masks,
we automatically created the ground-truth cytoplasm-nucleus vectors
(Fig. 4C). Additionally, we computed the mean major and minor axes
of cytoplasm and nuclei using the ground-truth masks (Table 2). These
values are expressed in pixels because the image resolution information
is not provided. This dataset includes 400 training and 100 test images.

4.2. Proposed approach

Herein, we present the proposed approach to compute cell polarity
in 3D microscopy images and a method to generate synthetic training
images.

3 Our synthetic dataset is publicly available at https://huggingface.co/
datasets/Hemaxi/3DNGPol.
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4.2.1. 3DCellPol: Cell polarity vectors prediction
Overview 3DCellPol consists of a 3D U-Net backbone and four

output branches (Fig. 5 and Sup. Fig. 1A). It takes as input a 3D
microscopy image 𝐼 (Fig. 5(1)) and outputs four maps, the centroid
heatmaps of nuclei and Golgi (ℎ̂𝑛 and ℎ̂𝑔) and the corresponding
embedding maps (𝑒𝑛 and 𝑒𝑔) (Fig. 5(2),(3)). A detailed explanation of
3DCellPol’s architecture is provided as Supplementary Information.

3DCellPol’s training data consists of images and paired nucleus–
Golgi centroid annotations. We generate ground-truth centroid
heatmaps by placing a 3D normalized Gaussian kernel at each ground-
truth centroid point.

Following Newell et al. [37] and Law et al. [38], the network is
trained to predict similar embeddings for keypoints from the same unit,
in our case, for a nucleus and a Golgi from the same cell. However,
in the loss function, instead of considering the embeddings only at
the ground-truth keypoint positions, as done in [37,38], we consider
embeddings in a neighborhood around the ground-truth centroid.

During inference, the nuclei/Golgi centroids are obtained from the
heatmaps by computing the local maximizers. Then, nuclei/Golgi em-
beddings at those positions are extracted from their embedding maps
(Fig. 5(4,5)). Finally, nuclei and Golgi are paired based on the similarity
between their embeddings (Fig. 5(6)).

The 3DCellPol model is trained to minimize the following loss
function:

𝐿 = 𝛼 ×
[

𝐿ℎ𝑒𝑎𝑡𝑚𝑎𝑝(ℎ𝑔 , ℎ̂𝑔) + 𝐿ℎ𝑒𝑎𝑡𝑚𝑎𝑝(ℎ𝑛, ℎ̂𝑛)
]

+ 𝛽 ×
[

𝐿𝑝𝑢𝑙 𝑙 + 𝐿𝑝𝑢𝑠ℎ
]

, (1)

where 𝐿ℎ𝑒𝑎𝑡𝑚𝑎𝑝 is a variant of the mean squared error (MSE) loss
(Eq. (2)), and 𝐿𝑝𝑢𝑙 𝑙 and 𝐿𝑝𝑢𝑠ℎ are the embedding pull and push losses
(Eqs. (3) and (4)). 𝛼 and 𝛽 are weights assigned to each of the loss
terms. The proposed variant of the MSE loss (Eq. (2)) is the MSE
weighted by the ground-truth centroid probability map, ℎ, to give more
weight to voxels closer to the center rather than assigning equal weights
to all voxels. We assign a small constant weight to the background
voxels.

𝐿ℎ𝑒𝑎𝑡𝑚𝑎𝑝(ℎ, ℎ̂) = 1
𝑀

𝑀
∑

𝑖=1
(ℎ𝑖 − ℎ̂𝑖)2 ×

{

𝑤𝑓 × ℎ𝑖 if ℎ𝑖 ≠ 0
𝑤𝑏 if ℎ𝑖 = 0 (2)

In Eq. (2), ℎ and ℎ̂ denote the ground-truth and predicted heatmaps,
respectively. 𝑀 is the total number of voxels in ℎ, 𝑖 represents the
𝑖th voxel, and 𝑤𝑓 and 𝑤𝑏 are the foreground and background weights,
chosen such that 𝑤𝑏 < 𝑤𝑓 . In this way, the smallest weights are applied
to voxels with a zero value in the ground-truth heatmaps because
there are more zero voxels than non-zero voxels. Moreover, due to the
multiplication by ℎ𝑖, the highest weights are applied at the ground-
truth centroid positions, with the weights for other voxels gradually
decreasing as their distance from the ground-truth centroid increases.

https://huggingface.co/datasets/Hemaxi/3DNGPol
https://huggingface.co/datasets/Hemaxi/3DNGPol
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Fig. 4. Training samples from the cytoplasm-nucleus dataset [21]. (A) Examples of training images of size 512 × 512 × 3 with white pixel padding; (B) corresponding instance
segmentation masks of cytoplasm (on the left) and nuclei (on the right), the colors are used to represent different instances; (C) corresponding ground-truth cytoplasm-nucleus
vectors represented in yellow on top of the training images.
Examples of 2D projections of nuclei and Golgi weight maps are shown
in Fig. 6(7),(8).

The embedding loss terms are used to learn similar embeddings for
nuclei and Golgi of the same cell and dissimilar for nuclei and Golgi
belonging to different cells. Specifically, the network learns to group
nuclei and Golgi that belong to the same cell as a result of the pull
loss:

𝐿𝑝𝑢𝑙 𝑙 = 1
𝐿

𝐿
∑

𝑘=1

1
𝐺 +𝑁

( 𝐺
∑

𝑗=1

[

𝑒𝑔(𝑎𝑗 ) − 𝑒𝑘
]2 +

𝑁
∑

𝑙=1

[

𝑒𝑛(𝑏𝑙) − 𝑒𝑘
]2
)

(3)

where L is the total number of ground-truth nucleus–Golgi pairs in a
patch, 𝑒𝑔(𝑎𝑗 ) and 𝑒𝑛(𝑏𝑙) are the Golgi embeddings at positions 𝑎𝑗 and
nuclei embedding at positions 𝑏𝑙. 𝑎𝑗 =

{

𝑎1, 𝑎2,… , 𝑎𝐺
}

denotes the
positions of the voxels in the neighborhood  of the 𝑘th ground-
truth Golgi keypoint, and 𝑏𝑙 =

{

𝑏1, 𝑏2,… , 𝑏𝑁
}

denotes the positions of
the voxels in the neighborhood  of the 𝑘th ground-truth nucleus
keypoint. For instance, in the example illustrated in Fig. 6, L = 4,
𝑘 = {1, 2, 3, 4}, and 𝑎𝑗 and 𝑏𝑙 denote the positions of the non-zero voxels
in the embedding maps of Golgi and nuclei, respectively. These voxels
are shown in different colors in the embedding maps represented in
Fig. 6(5),(6), with each color corresponding to a specific 𝑘 value.

Finally, 𝑒𝑘 is the mean predicted embedding value for the 𝑘th
ground-truth nucleus–Golgi pair, which is computed as: 𝑒𝑘 = 1

𝐺+𝑁 (
∑𝐺

𝑗=1
𝑒𝑔(𝑎𝑗 ) +

∑𝑁
𝑙=1 𝑒𝑛(𝑏𝑙)). This way, the embeddings of paired nucleus and

Golgi are pulled towards their mean.
The push loss (Eq. (4)) promotes distinct embeddings for different

nucleus–Golgi pairs. Specifically, the loss penalizes embeddings from
different pairs with a distance between them smaller than 𝛥:

𝐿𝑝𝑢𝑠ℎ = 1
𝐿(𝐿 − 1)

𝐿
∑

𝑘=1

𝐿
∑

𝑗=1
𝑗≠𝑘

𝑚𝑎𝑥(0, 𝛥 − |

|

|

𝑒𝑘 − 𝑒𝑗
|

|

|

). (4)

The implementation of 3DCellPol is available at https://github.
com/HemaxiN/3DCellPol.

Training For 3DCellPol training, we extracted patches of size
X × Y × Z × 2 from the 3D images of the real nucleus–Golgi dataset
(Fig. 6(1)). The ground-truth centroid heatmaps (Fig. 6(3),(4)) were
automatically created based on the manually annotated nucleus–Golgi
vectors (Fig. 6(2)). These heatmaps consist of a 3D Gaussian kernel
centered at each ground-truth centroid. In [38], the radius of the
Gaussian kernel was defined based on the typical sizes of the objects of
interest. Following that idea, here the radius of the Gaussian kernel is
6 
defined as 1
2
𝑀 𝑎𝑗 𝑜𝑟𝐴𝑥𝑖𝑠+𝑀 𝑖𝑛𝑜𝑟𝐴𝑥𝑖𝑠

2 , where 𝑀 𝑎𝑗 𝑜𝑟𝐴𝑥𝑖𝑠 and 𝑀 𝑖𝑛𝑜𝑟𝐴𝑥𝑖𝑠 are
defined in Table 1. Thus, nuclei Gaussian kernels are bigger than Golgi
Gaussian kernels (Fig. 6(3),(4)). In our preliminary experiments, we
also investigated other sizes for the Gaussian kernels, such as 𝑀 𝑎𝑗 𝑜𝑟𝐴𝑥𝑖𝑠

2
and 𝑀 𝑖𝑛𝑜𝑟𝐴𝑥𝑖𝑠

2 , but these sizes produced poorer results. We selected the
element-wise maximum for voxels with overlapping Gaussian kernels.

Testing Overlapped patches of size X × Y × Z × 2 were extracted from
each image (Fig. 7(1),(2)). These were fed into the trained 3DCellPol
model, which outputs the centroid heatmaps and embedding maps of
nuclei and Golgi for each patch.

Firstly, the centroid positions and probabilities were extracted from
the centroid heatmaps by identifying local maximizers and maxima
(Fig. 7(3)). We only considered local maxima with a value higher than
a threshold 𝜏 and at least a minimum distance (𝑑𝑚𝑖𝑛) between their
positions. The 𝜏 and 𝑑𝑚𝑖𝑛 values were defined, for each class (nucleus
or Golgi), using the validation set.

Afterward, the values of the predicted embeddings at the previ-
ously computed local maximizers were extracted from the predicted
embedding maps (Fig. 7(4)). Finally, each nucleus was paired with
the Golgi presenting the closest embedding and ensuring a one-to-one
correspondence between them. Association between a nucleus and a
Golgi with an Euclidean distance between their centroids greater than
𝑑𝑚𝑎𝑥 and L1-distance between their embeddings greater than 𝛥 (Eq. (4))
was not allowed.

After the nucleus–Golgi assignment based on their embeddings,
we computed a probability for each predicted vector. This value was
calculated as the mean of the probabilities associated with the nucleus
centroid and the Golgi centroid involved in the assignment (Fig. 7(5)).
Finally, for overlapping patches, if there are vectors with similar IPs
and/or EPs we keep only the vector with the highest probability and
suppress all the others (Fig. 7(6),(7)). Specifically, this suppression is
applied to vectors with IPs with a distance smaller than nuclei 𝑑𝑚𝑖𝑛, and
EPs with a distance smaller than Golgi 𝑑𝑚𝑖𝑛.

4.2.2. Generation of synthetic images and nucleus-Golgi vectors
We generated synthetic images using a GAN to overcome the limita-

tion of having a small amount of data for 3DCellPol training. We used
a Vox2Vox model, an extension to 3D of the Pix2Pix model proposed
for image-to-image translation [41]. The Vox2Vox model was derived
from the Pix2Pix model by replacing the 2D layers (convolutional and
transposed convolutional) with 3D layers. In our previous work [46],
we showed that the Vox2Vox model can generate good quality synthetic

https://github.com/HemaxiN/3DCellPol
https://github.com/HemaxiN/3DCellPol
https://github.com/HemaxiN/3DCellPol
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Fig. 5. Overview of the proposed 3DCellPol approach. (1) Example of a 2-channel image subvolume containing nuclei and Golgi; (2)/(3) nucleus/Golgi branch to predict nuclei/Golgi
centroid heatmaps and nuclei/Golgi embeddings; (4)/(5) nuclei/Golgi embedding values at the nuclei/Golgi centroid heatmaps local maximizers; (6) predicted polarity vectors.
images. In this work, we use it to translate organelle segmentation
masks into images. However, since manual annotation of ground-truth
volumes is difficult and time-consuming, we generated the masks using
a semi-automated method.

Training To train the Vox2Vox model for synthetic image generation,
subvolumes of size X × Y × Z × 2 were extracted from images of the real
nucleus–Golgi dataset, and also from segmentation masks. To create the
segmentation masks, we extracted image subvolumes from the green
channel (16 × 16 × 9) μm around each ground-truth nucleus centroid
and from the red channel (8 × 8 × 5) μm around each ground-truth
Golgi centroid. The dimensions of the subvolumes were selected based
on the typical nuclei and Golgi sizes. Then, Otsu’s thresholding [47]
method was applied to these subvolumes to obtain the segmentation
masks.

Generation of New Synthetic Images After obtaining the trained
model, we used the generator to create new synthetic images. The
7 
entire process is shown in Fig. 8, and consists of four main steps:

• 1: A dictionary with the organelle segmentation masks was cre-
ated (Fig. 8(1)). The masks were obtained by applying Otsu’s
thresholding method [47] locally around each ground-truth cen-
troid.

• 2: Organelle centroids were placed in a subvolume of size
X × Y × Z × 2 (Fig. 8(2)). Centroids were generated randomly,
with a maximum distance between a nucleus and a Golgi centroid
of 14 μm. Additionally, we avoided overlap between centroids,
ensuring an Euclidean distance of at least 6 μm between two
centroids. These values were selected based on the typical dis-
tributions of nuclei and Golgi centroids in the real microscopy
images.

• 3: Individual organelle masks were randomly selected from the
dictionary for each organelle centroid. Additionally, to add vari-
ability to our synthetic dataset, we randomly applied 𝑧-axis
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Fig. 6. 3DCellPol’s training data. (1) Example of a training sample, the input patch contains red and green channels representing the Golgi and nuclei, respectively. (2) Corresponding
hand annotated ground-truth paired nucleus–Golgi centroids represented in a subvolume. The red and green dots indicate the annotated nuclei and Golgi centroids, respectively,
while each white line represents a nucleus–Golgi pair. (3),(4) The manually annotated pairs of nucleus–Golgi centroids are converted into centroid ground-truth heatmaps by
placing a 3D Gaussian around each centroid. (5),(6) The embedding maps show the neighborhood around each ground-truth keypoint. These maps are used to compute the pull
loss (Eq. (3)). The neighborhood around a nucleus and a Golgi from the same cell are represented with the same color. (7),(8) Examples of 2D projections of nuclei and Golgi 3D
weights maps. The 3D maps are used to compute the 𝐿ℎ𝑒𝑎𝑡𝑚𝑎𝑝 loss (Eq. (2)).
Fig. 7. Schematic representation of 3DCellPol’s testing stage. (1) 2D projection of a 3D image containing nuclei and Golgi; (2) two test patches extracted from the image shown in
(1) which are fed to 3DCellPol; (3) local maximizers computed from the centroid heatmaps of nuclei and Golgi, and their values (representing probabilities), these local maximizers
are the predicted centroids; (4) values of the predicted embeddings at the local maximizers shown in (3); (5) vectors computed for each patch according to the predicted centroids
and embeddings, and their probabilities computed as the mean of the connected nucleus and Golgi centroids’ probabilities; (6) illustration of the overlap between the predictions
of the two patches; (7) the final predicted vectors are obtained by keeping only the vector with the highest probability for vectors that have similar IPs and/or EPs. Note that
this example was created particularly to demonstrate the testing procedure, and it is important to note that the scales of nuclei, Golgi and orange and blue patches illustrated in
this figure are different from those seen in the real dataset. 2D projections are shown to simplify the explanations, but all analyses were performed in 3D.
aligned rotations, horizontal flips and/or vertical flips to each
mask extracted from the dictionary. Finally, the mask was placed
at the centroid’s position (Fig. 8(3)).

• 4: The segmentation mask was fed to the generator of the
Vox2Vox model (Fig. 8(4)) to create the corresponding synthetic
image (Fig. 8(5)).
8 
The synthetic images contain organelles in different configurations,
which adds more variability to the dataset. Moreover, the synthetic
images are created from paired organelle centroids, ensuring that each
synthetic image has corresponding ground-truth vectors for training the
3DCellPol model.
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Fig. 8. Synthetic image generation. Schematic representation of the generation of synthetic images using a GAN: (1) creation of a dictionary with individual nuclei and Golgi
masks; (2) generation of nuclei/Golgi centroids in a volume (X × Y × Z × 2); (3) random selection of nuclei/Golgi masks which are rotated and/or flipped and placed at the
positions of the nuclei/Golgi centroids to obtain a segmentation mask; (4) trained generator of the Vox2Vox GAN model; (5) synthetic microscopy image obtained by feeding the
segmentation mask created in (3) to the trained generator (4). This is only an illustration to show the process of synthetic image generation. The real dimensions of these inputs
and outputs differ from those shown in the Figure.
Our implementation of the Vox2Vox model to generate synthetic
3D microscopy images is publicly available at https://github.com/
HemaxiN/3DVox2Vox.

4.3. Comparison methods

4.3.1. Comparison methods for nucleus-Golgi polarity
We compared the performance of 3DCellPol with multi-stage ap-

proaches. For the segmentation step of these methods, we considered
the traditional Otsu thresholding method used in [23], as well as
state-of-the-art deep learning approaches: 3D U-Net [24] and StarDist-
3D [27].

We also considered an approach that only predicts nuclei and
Golgi centroid heatmaps (3DCtrDet). It has the same architecture as
the 3DCellPol model but does not have the embedding outputs. The
centroids are computed by extracting the local maximizers from the
predicted heatmaps and pairing is performed based on the distances
between predicted centroids, since no embeddings are available.

In [23], the assignment is based on a cost matrix that depends
on the Euclidean distances between the centroids of nuclei and Golgi.
Similarly, in this work, for each of the three segmentation approaches
(Otsu’s Thresholding [47], 3D U-Net [24] and StarDist-3D [27]) and
for the centroids detection method (3DCtrDet), we compute the cost
matrix proposed in [23]. For each test image, a cost matrix (𝐶 𝑀) with
X rows and Y columns is built, where X and Y denote the number of
segmented/detected nuclei and Golgi, respectively. The entry 𝐶 𝑀 (𝑛, 𝑔)
represents the following quantity computed based on the 𝑛th nucleus
centroid and 𝑔th Golgi centroid:

𝐶 𝑀 (𝑛, 𝑔) = ‖

‖

‖

𝑁 𝐶𝑛 − 𝐺 𝐶𝑔
‖

‖

‖2
(5)

where ‖⋅‖2 denotes the L2-norm, 𝑁 𝐶𝑛 and 𝐺 𝐶𝑔 denote the centroids of
the 𝑛th predicted nucleus and 𝑔th predicted Golgi, respectively.

To find the matches between nuclei and Golgi with a minimum
total cost, the Hungarian method [48] is applied to 𝐶 𝑀 . Thereafter,
a threshold 𝑑𝑚𝑎𝑥 is applied to the nucleus–Golgi Euclidean distance to
remove incorrect assignments, as done in [23].
9 
On the one hand, for 3D U-Net, the watershed method [49] was ap-
plied to its output masks to separate touching objects before computing
the quantities shown in Eq. (5). On the other hand, StarDist-3D outputs
the instance segmentation masks for nuclei and Golgi which are directly
used to extract the nuclei and Golgi centroids for 𝐶 𝑀 computation
(Eq. (5)). Moreover, 3DCtrDet outputs the centroid heatmaps for nuclei
and Golgi. Local maxima were extracted considering a threshold and
the distance between their positions, these values were selected based
on the validation set. The detected nuclei and Golgi centroids were used
to compute the quantities presented in Eq. (5).

Finally, we also compare the performance of our proposed ap-
proach with 3D U-Net HS [20]. However, herein we applied watershed
to the joint channel of nuclei and Golgi to split touching pairs, a
post-processing step that was not considered in our previous work.

4.3.2. Comparison methods for cytoplasm-nucleus polarity
For the cytoplasm-nucleus dataset [21], we implemented a 2D adap-

tation of 3DCellPol, which we denote as 2DCellPol. We compared its
performance with two multi-stage methods: 2DCtrDet and StarDist-2D,
which are the 2D versions of 3DCtrDet and StarDist-3D, respectively.
The cytoplasm-nucleus vectors for these multi-stage approaches were
computed as follows:

• (1) Prediction of cytoplasm and nuclei centroids

– StarDist-2D: The trained model was used to infer the in-
stance segmentation masks of cytoplasm and nuclei in the
test images. The predicted cytoplasm and nuclei centroids
were computed from the segmentation masks.

– 2DCtrDet: The trained model was used to predict the cen-
troid heatmaps of cytoplasm and nuclei, the centroids of
these structures were computed by extracting the local max-
imizers from the predicted centroid heatmaps.

• (2) A cost matrix with the Euclidean distances between the cy-
toplasm and nucleus centroids was built, and the Hungarian
algorithm was applied to pair cytoplasm and nuclei. Finally,
a maximum threshold was applied to the Euclidean distance
between the cytoplasm and nuclei centroids.

https://github.com/HemaxiN/3DVox2Vox
https://github.com/HemaxiN/3DVox2Vox
https://github.com/HemaxiN/3DVox2Vox
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Table 3
Training and test images, and number of training and validation patches for each fold
to perform nested three-fold cross-validation. The training patches were further split
nto training/validation with approximately 90%∕10% ratio. There is no overlap between

training and validation patches.
Fold I Fold II Fold III

Training images A,B A,C B,C

# Training patches 179 170 127
# Validation patches 18 17 12

Test image C B A

4.4. Evaluation methodology

4.4.1. Evaluation of nucleus–Golgi polarity
Nested Three-Fold Cross-Validation For evaluation, we performed

a nested leave-one-image-out cross-validation, with 3-folds because we
have 3 images in the real nucleus–Golgi dataset (A, B, C). Patches of size
28 × 128 × 64 × 2 were extracted from each image resulting in 197,
87 and 139 training patches for folds I, II and III. Each fold includes
atches from different image pairs, that is, folds I, II and III contain
atches from images (A+B), (A+C) and (B+C), respectively, and the
orresponding held-out test images are C, B and A (Table 3). This
ross-validation strategy avoids the bias of testing a model on patches
btained from the same images as the patches used to train the model.

For each approach, except the thresholding method [23], we trained
hree models and evaluated the performance of each model on the
orresponding held-out test set. Briefly, hyperparameter optimization
as performed for each fold, and the best parameters were selected
ased on the model’s performance on the validation set. Then, for each
old, the model with the best validation performance was evaluated
n the corresponding held-out test set. However, with this division of
he dataset into three folds we obtain some folds with more training

patches than others (Table 3).
To compensate for the differences in the number of training patches

n these three folds, we applied different online data augmentation
robabilities to each training fold. We applied 𝑧-axis aligned rotations
n the range (0, 360◦) with steps of size 90◦, horizontal flips, vertical flips
nd/or image brightness and contrast variations, each with predefined
robabilities for each fold. That is, for each fold i (𝑖 ∈ {𝐼 , 𝐼 𝐼 , 𝐼 𝐼 𝐼})
he probability was defined as: # 𝑡𝑟𝑎𝑖𝑛 𝑝𝑎𝑡𝑐 ℎ𝑒𝑠 ∈𝑓 𝑜𝑙 𝑑 𝐼

# 𝑡𝑟𝑎𝑖𝑛 𝑝𝑎𝑡𝑐 ℎ𝑒𝑠 ∈ 𝑓 𝑜𝑙 𝑑 𝑖 × 0.5. In this way, for

he fold with the highest number of patches (fold I), we considered
 data augmentation probability of 0.5. Moreover, we added more

variability to folds with fewer training patches (folds II and III) since
the probability of data augmentation is inversely proportional to the
number of training patches in these two folds.

Furthermore, for each fold, we trained a Vox2Vox model for syn-
hetic image generation, and evaluated each model’s performance on
ts fold’s held-out test set. We then used the trained models to create
he synthetic nucleus–Golgi dataset by generating 197, 187 and 139
ew synthetic patches of size 128 × 128 × 64 × 2, for training folds I,

II and III, respectively, as shown in Fig. 8.
Afterward, we compared three 3DCtrDet models and three

3DCellPol models considering different training sets and strategies: real
nucleus–Golgi images, synthetic nucleus–Golgi images, and a combina-
tion of real and synthetic nucleus–Golgi images (Table 4). Specifically,
3DCtrDet Real and 3DCellPol Real were trained using only the real
ucleus–Golgi dataset. 3DCtrDet Synthetic and 3DCellPol Synthetic
ere trained from scratch, using only the synthetic nucleus–Golgi
ataset. 3DCtrDet Synthetic+Real and 3DCellPol Synthetic+Real were

subject to fine-tuning using the real nucleus–Golgi dataset, considering
3DCtrDet Synthetic and 3DCellPol Synthetic as the starting point,
respectively. The synthetic images were used only for the training step.
The performance of all models was evaluated on the real held-out test

images.

10 
Evaluation Metrics for nucleus–Golgi Vectors To evaluate the per-
formance of the nucleus–Golgi vectors prediction methods, it is first
necessary to find the match between each ground-truth vector and each
predicted vector. We adopted a methodology similar to the match-
ing strategy commonly used in object detection [50,51] and instance
segmentation tasks [27].

The evaluation strategy consists of computing metrics at different
thresholds. The threshold is applied to the metric defined as the match-
ng criterion. For instance, the matching criterion for bounding boxes is
he intersection over union (IoU) between ground-truth and predicted
ounding boxes [50], and for centroid detection, it is the Euclidean

distance between ground-truth and predicted centroids [51].
We propose a matching criterion considering the distances between

the IPs and EPs of the predicted and ground-truth vectors. This is be-
cause a predicted vector should be considered a true positive (TP) only
f its IP and EP are close to those of a ground-truth vector. Therefore,
e build a 𝐺 × 𝑃 pairing matrix (𝑃 𝑀), where G denotes the number
f ground-truth vectors, and P is the number of predicted vectors. The
ntry 𝑃 𝑀 (𝑡, 𝑝) contains the sum of the Euclidean distances between the
Ps and EPs of the 𝑡th ground-truth vector and 𝑝th predicted vector:
‖

‖

‖

𝐼 𝑃𝑡 − ̂𝐼 𝑃 𝑝
‖

‖

‖2
+ ‖

‖

‖

𝐸 𝑃𝑡 − 𝐸 𝑃 𝑝
‖

‖

‖2
(6)

where 𝐼 𝑃𝑡 and 𝐸 𝑃𝑡 are the initial and endpoints of the 𝑡th ground-truth
vector, ̂𝐼 𝑃 𝑝 and 𝐸 𝑃 𝑝 are the initial and endpoints of the 𝑝th predicted
ector. Thereafter, the Hungarian method [48] is applied to 𝑃 𝑀 to find
atches between the predicted and ground-truth vectors.

After matching, to identify the TP vectors, we compute the distances
between the IPs and EPs of each ground-truth and its matched predicted
vector. That is, we count a predicted vector as TP if:
‖

‖

‖

𝐼 𝑃 − ̂𝐼 𝑃‖‖
‖2

≤ 𝜏𝑛 𝑎𝑛𝑑
‖

‖

‖

𝐸 𝑃 − 𝐸 𝑃‖‖
‖2

≤ 𝜏𝑔 (7)

where 𝜏𝑛 and 𝜏𝑔 are thresholds (Sup. Fig. 2). That is, if the distance
between the IPs and the distance between the EPs is below 𝜏𝑛 and 𝜏𝑔 ,
respectively, then the predicted vector is counted as TP.

More specifically, we computed the number of TP at different values
f the thresholds 𝜏𝑛 and 𝜏𝑔 . We considered two thresholds (𝜏𝑛 and
𝑔) because the IPs and EPs correspond to nuclei and Golgi centroids,
espectively, and these organelles have different sizes (Fig. 3 and

Table 1). To select the thresholds (Table 5), we computed the major and
minor axes of nuclei and Golgi using their ground-truth segmentation
masks (Table 1).

In Table 5, the major axis fraction (MAF) varies between 0.75 and
0.10 with steps of size 0.05, and denotes the fraction of the mean major
axis of nuclei (16 μm) and Golgi (8 μm) used to compute nuclei and
Golgi thresholds (𝜏𝑛 and 𝜏𝑔). Thus, at each 𝜏𝐿: 𝜏𝑛 = 𝑀 𝐴𝐹𝑎𝑡 𝜏𝐿 × 16 μm
and 𝜏𝑔 = 𝑀 𝐴𝐹𝑎𝑡 𝜏𝐿 × 8 μm. As observed in Table 5, increasing threshold
evels 𝜏𝐿, from 0 to 13, correspond to more restrictive thresholds. Thus,
t is expected that the number of TP decreases with increasing 𝜏𝐿.

For each 𝜏𝐿, we also computed the number of false positives (FP),
hich counts the predicted vectors that are not matched with any of the
round-truth vectors, and the number of false negatives (FN), which are

the ground-truth vectors that are not matched with any of the predicted
vectors.

Additionally, based on the TP, FN and FP we computed, at each 𝜏𝐿,
the true positive rate (TPR) and false discovery rate (FDR) as shown in
Eqs. (8) and (9), respectively.

𝑇 𝑃 𝑅 = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑁 (8)

𝐹 𝐷 𝑅 = 𝐹 𝑃
𝐹 𝑃 + 𝑇 𝑃 (9)

Moreover, to analyze the quality of the predicted vectors, we also
computed, for the TP obtained at different 𝜏𝐿, the following metrics:
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Table 4
Number of training patches for each fold to perform nested three-fold cross-validation considering different training sets of real and/or synthetic
images, and distinct training strategies.

Model Type of data and model training Fold I Fold II Fold III
3DCellPol Real Real (from scratch) 179 170 1273DCtrDet Real

3DCellPol Synthetic Synthetic (from scratch) 179 170 1273DCtrDet Synthetic

3DCellPol Synthetic+Real Synthetic (from scratch) + Real (fine-tuning) 179+179 170+170 127+1273DCtrDet Synthetic+Real
Table 5
Thresholds considered for the proposed matching criterion to count the number of TP, FP and FN for 3D nucleus–Golgi vector prediction models;
𝜏𝑛 and 𝜏𝑔 denote the thresholds applied to the Euclidean distance between the nuclei and Golgi centroids, respectively, of matched predicted
and ground-truth vectors. 𝜏𝑛 (𝑎𝑡 𝜏𝐿 ) and 𝜏𝑔 (𝑎𝑡 𝜏𝐿 ) are calculated as 𝑀 𝐴𝐹𝑎𝑡 𝜏𝐿 × 16 μm and 𝑀 𝐴𝐹𝑎𝑡 𝜏𝐿 × 8 μm.

Threshold level (𝜏𝐿) 0 1 2 3 4 5 6 7 8 9 10 11 12 13

𝑀 𝐴𝐹𝑎𝑡 𝜏𝐿 0.75 0.70 0.65 0.60 0.55 0.50 0.45 0.40 0.35 0.30 0.25 0.20 0.15 0.10
𝜏𝑛 (𝑎𝑡 𝜏𝐿 ) (μm) 12.0 11.2 10.4 9.6 8.8 8.0 7.2 6.4 5.6 4.8 4.0 3.2 2.4 1.6
𝜏𝑔 (𝑎𝑡 𝜏𝐿 ) (μm) 6.0 5.6 5.2 4.8 4.4 4.0 3.6 3.2 2.8 2.4 2.0 1.6 1.2 0.8
𝜎
𝜎

a

d
d
m
(

• Cosine Similarity: cosine of the angle between predicted and
ground-truth vectors

𝐶 𝑆 = 𝑉 ⋅ 𝑉
‖𝑉 ‖2‖𝑉 ‖2

(10)

where 𝑉 and 𝑉 denote the ground-truth and predicted vectors,
respectively, and ⋅ denotes the inner product;

• Norm of the Error Vector: L2-norm of the difference between
predicted and ground-truth vectors

𝐸 𝑟𝑟𝑜𝑟 = ‖

‖

‖

𝑉 − 𝑉 ‖

‖

‖2
(11)

• Nucleus Centroid Distance: distance between predicted and
ground-truth nuclei centroids

𝑁 𝐷 = ‖

‖

‖

𝑁 𝐶 −𝑁 𝐶‖

‖

‖2
(12)

where 𝑁 𝐶 and 𝑁 𝐶 denote the ground-truth and predicted nuclei
centroids, respectively;

• Golgi Centroid Distance: distance between predicted and ground-
truth Golgi centroids

𝐺 𝐷 = ‖

‖

‖

𝐺 𝐶 − 𝐺 𝐶‖

‖

‖2
(13)

where 𝐺 𝐶 and 𝐺 𝐶 denote the ground-truth and predicted Golgi
centroids, respectively.

Furthermore, we excluded nucleus–Golgi pairs located at image
borders, since the information they provide is incomplete. Therefore,
we considered 412 nucleus–Golgi pairs for evaluation.

In this work, we want to detect the nucleus–Golgi vectors and it
s important to develop a model with a high TPR while achieving a
mall FDR. That is, we want to detect as many nucleus–Golgi vectors
s possible and minimize the false detection of vectors. Our final goal is
o compute cell polarity, and incorrect organelles assignments (FP) may
ead to erroneous conclusions regarding cell polarization and migration
ssociated to different biological processes. Furthermore, measuring the
uality of the predicted vectors is also important. The cosine similarity
easures if the ground-truth and predicted vector have similar direc-

ions. It is 1 when both vectors are perfectly aligned, so our goal is to
btain values closer to 1 to ensure that the predicted vectors conform
ith the real vectors in terms of direction. Since the cosine similarity
oes not depend on the vector lengths, we also compute the L2-norm
f the difference between the matched vectors. This metric, which
e denote by Error, depends both on the size of the vectors and on

heir orientation, and our goal is to obtain small values. Moreover, we
lso computed the distances between the ground-truth and predicted
entroids of nuclei and Golgi. Again, small values (closer to zero) are
11 
desirable to ensure that the model makes accurate predictions of the
centroids of nuclei and Golgi.

Evaluation Metric for Synthetic nucleus–Golgi Images To evaluate
the performance of the synthetic image generation approach we con-
sidered the structural similarity index measure (SSIM) measure [52],
which is computed between a real image (𝑟) and the corresponding
synthetic image (𝑠):
𝑆 𝑆 𝐼 𝑀(𝑟, 𝑠) = (2𝜇𝑟𝜇𝑠 + 𝐶1) + (2𝜎𝑟𝑠 + 𝐶2)

(𝜇2
𝑟 + 𝜇2

𝑠 + 𝐶1) + (𝜎2𝑟 + 𝜎2𝑠 + 𝐶2)
(14)

where 𝜇𝑟 and 𝜇𝑠 denote the mean voxel intensity of r and s, respectively;
2
𝑟 and 𝜎2𝑠 correspond to the variance of r and variance of s, respectively;
𝑟𝑠 is the covariance of r and s; and, 𝐶1 = (𝐾1𝐿)2 and 𝐶2 = (𝐾2𝐿)2. We

use the values 𝐿 = 255, 𝐾1 = 0.01 and 𝐾2 = 0.03, as suggested in [52].

4.4.2. Cytoplasm-nucleus polarity

Train/Validation/Test Split Each model was trained with 400 im-
ages and the performance was evaluated on 100 held-out test images,
ccording to the split specified in [21].

Evaluation Metrics for Cytoplasm-Nucleus Vectors The strategy
used to evaluate the performance of cytoplasm-nucleus vector pre-
diction models is similar to the one presented for nucleus–Golgi vec-
tors. However, the thresholds at which the metrics are computed are
ifferent. Since we have no information about the images’ physical
imensions, we defined the thresholds in pixels. First, based on the
ean sizes of the major and minor axes of cytoplasm and nuclei

Table 2), we computed the evaluation thresholds as indicated in
Table 6. At these thresholds we computed the metrics 𝑇 𝑃 𝑅 (Eq. (8)),
𝐹 𝐷 𝑅 (Eq. (9)), 𝐶 𝑆 (Eq. (10)), 𝐸 𝑟𝑟𝑜𝑟 (Eq. (11)), 𝑁 𝐷 (Eq. (12)), and
Cytoplasm Centroid Distance:

𝐶 𝑦𝑡𝑜𝐷 = ‖

‖

‖

𝐶 𝑦𝑡𝑜𝐶 − ̂𝐶 𝑦𝑡𝑜𝐶‖

‖

‖2
(15)

where 𝐶 𝑦𝑡𝑜𝐶 and ̂𝐶 𝑦𝑡𝑜𝐶 denote the ground truth and predicted cyto-
plasm centroids, respectively.

4.5. Experiments

4.5.1. Nucleus-Golgi polarity
Implementation Details for 3DCellPol For training 3DCellPol on

the real nucleus–Golgi dataset, padding was performed before patch
extraction to ensure that the image sizes were multiples of the patch
sizes. The images were padded with small random values in the interval
[0, 10], which represent the typical values of the background voxels in
these images. Then, patches of size 128 × 128 × 64 × 2 were obtained
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Table 6
Thresholds considered for the proposed matching criterion to count the number of TP, FP and FN for 2D cytoplasm-nucleus vector prediction
models; 𝜏𝑐 and 𝜏′𝑛 denote the thresholds applied to the Euclidean distance between the cytoplasm and nuclei centroids, respectively, of matched
predicted and ground-truth vectors. 𝜏𝑐 (𝑎𝑡 𝜏𝐿 ) and 𝜏′𝑛 (𝑎𝑡 𝜏𝐿 ) are calculated as 𝑀 𝐴𝐹𝑎𝑡 𝜏𝐿 × 96 pixels and 𝑀 𝐴𝐹𝑎𝑡 𝜏𝐿 × 17 pixels.

Threshold Level (𝜏𝐿) 0 1 2 3 4 5 6 7 8 9 10 11 12 13

𝑀 𝐴𝐹𝑎𝑡 𝜏𝐿 0.75 0.70 0.65 0.60 0.55 0.50 0.45 0.40 0.35 0.30 0.25 0.20 0.15 0.10
𝜏𝑐 (𝑎𝑡 𝜏𝐿 ) (pixels) 72.0 67.2 62.4 57.6 52.8 48.0 43.2 38.4 33.6 28.8 24.0 19.2 14.4 9.6
𝜏′𝑛 (𝑎𝑡 𝜏𝐿 ) (pixels) 12.75 11.9 11.05 10.2 9.35 8.5 7.65 6.8 5.95 5.1 4.25 3.4 2.55 1.7
3

m

F

a
p

(

p

p

from the images, and were normalized to present intensity values
ranging between 0 and 1. Each model of the nested three-fold cross-
validation was trained from scratch for 400 epochs using the ADAM
optimizer [53]. Details about 3DCellPol’s hyperparameters are shown
n Sup. Fig. 3 A. We monitored both training and validation losses

during the training process. After approximately 350 epochs both losses
stabilized, thus we chose the final model to evaluate its performance on
the test set. Examples of 3DCellPol’s training and validation curves for
fold I are shown in Sup. Fig. 3B.

The foreground and background weights, 𝑤𝑓 and 𝑤𝑏, used in
Eq. (2), were computed separately for nuclei and Golgi centroid
heatmaps. The weights 𝑤𝑓𝑁 (𝑤𝑓𝐺 ) were set to be inversely proportional
o the number of voxels representing nuclei (Golgi) voxels in the
eatmaps, while the weights 𝑤𝑏𝑁 (𝑤𝑏𝐺 ) were chosen such that they
re inversely proportional to the number of background voxels in the
eatmaps. Additionally, following Harley et al. [39] we set 𝛥, defined

in Eq. (4), to 2.
During testing, the same padding strategy was applied to the test

mages. Then, patches of size 128 × 128 × 64 × 2 and an overlap
of 32 voxels along the 𝑥 and 𝑦 directions were extracted from each
image. The threshold 𝑑𝑚𝑎𝑥 was set to 14 μm, which is approximately
the maximum distance between the ground-truth centroids of paired
nucleus and Golgi.

Implementation Details for Vox2Vox We trained a Vox2Vox model
using the real nucleus–Golgi dataset for each training fold (I, II and III).
ach model was trained for 200 epochs, with a learning rate of 2e−4

and batch size of 2 using the Adam optimizer [53].

Implementation Details for the Comparison Methods
∙ 3D U-Net: We used a publicly available implementation of 3D

-Net: https://github.com/ellisdg/3DUnetCNN. It was trained for 200
pochs with a learning rate of 1e−4 and using the Adam optimizer [53].

∙ StarDist-3D: We used a publicly available implementation to train
tarDist-3D: https://github.com/stardist/stardist. It was trained for 300
pochs, with 320 rays, and the other parameters set as described
n [27].

∙ 3D U-Net HS: We trained the 3D U-Net HS model as described in
ur previous work [20].
∙ 3DCtrDet: This approach was trained for 400 epochs, using the

Adam optimizer [53], with a learning rate of 1e−3.
For all approaches the 𝑑𝑚𝑎𝑥 threshold was set to 14 μm.

4.5.2. Cytoplasm-nucleus polarity

Implementation Details for 2DCellPol 2DCellPol was trained from
scratch for 400 epochs with batch size of 16 and learning rate of
1e−3 using the Adam optimizer [53]. The weights 𝑤𝑓 and 𝑤𝑏 (Eq. (2))
were computed based on the cytoplasm and nuclei heatmaps using the
strategy explained above for 3DCellPol.

Implementation Details for the Comparison Methods The mod-
els were trained from scratch for 400 epochs with the Adam opti-
mizer [53], a batch size of 16, and using a learning rate of 1e−3 and
e−2, for StarDist-2D and 2DCtrDet, respectively.

For all approaches, the maximum allowed distance between the
centroids of paired cytoplasm and nucleus is 40 pixels.
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4.5.3. Computational environment
All experiments were carried out on a computer with the follow-

ing specifications: 32 GB RAM, NVIDIA GPU GeForce 1080 Ti and
Python 3.5.2. The implementation of 3DCellPol is based on Keras [54]
with Tensorflow backend [55]. The 3D images were visualized on
ImarisViewer.

5. Results

In this section, we apply our method to predict polarity vectors from
D and 2D images, analyze their performance, and compare it with the

vector prediction approaches based on Otsu, 3D U-Net, StarDist-3D, 3D
U-Net HS, and 3DCtrDet, which were described in the previous section.
For the 3D task, we also generate synthetic data using the methodology
described in Section 4.2.2, and evaluate the impact of adding these data
for training.

5.1. 3DCellPol for nucleus-Golgi polarity vector prediction

First, we analyzed 3DCellPol’s qualitative results for nucleus–Golgi
vector prediction using the real nucleus–Golgi dataset. Training
3DCellPol took approximately 22 h, 21 h and 15.5 h for folds I, II and
III, respectively. Moreover, the test time is approximately 3 min per
image of size 768 × 768 × 64 × 2. Fig. 9 illustrates some 2D projections of
3D microscopy test image patches, with the ground-truth vectors and
predicted vectors represented in white. It also shows 2D projections of
the predicted nuclei and Golgi centroid heatmaps, the detected local

aximizers (black dots) and their embeddings. Some prediction errors
are marked with colored asterisks, as described at the bottom of the
igure.

These qualitative results illustrate that 3DCellPol detects the major-
ity of the nucleus–Golgi vectors even for touching pairs
(Fig. 9(2),(3),(4)), and most of the predicted embeddings allow for
 straightforward nucleus–Golgi pairing. An exception occurs in the
atch shown in Fig. 9(5), there are three correctly identified organelles

with similar embeddings, two Golgi with embeddings 5.64 and 6.13,
and a nucleus with embedding 5.79, making it difficult to identify
the real pair, consequently leading to incorrect nucleus–Golgi pairing.
Another exception is illustrated in Fig. 9(4), where similar embeddings
are predicted for two touching nuclei leading to incorrect pairing of two
nuclei and two Golgi. Furthermore, the vectors that are not correctly
detected are mostly due to difficult configurations of nucleus–Golgi
pairs, specifically nuclei that look like a single nucleus (pink asterisks
in Fig. 9(1),(2),(3)), due to nuclei and/or Golgi with small intensity
white asterisks in Fig. 9(1),(2)), and also due to over-detection of

nuclei (green asterisk in Fig. 9(3)).

5.2. Comparison of nucleus-Golgi vector prediction methods

Next, we compared the performance of 3DCellPol with previously
proposed methods for nucleus–Golgi pairing. These experiments were
erformed using only the real nucleus–Golgi dataset. Fig. 10 shows the

nucleus–Golgi vector prediction results obtained with Otsu [23], 3D
U-Net [24], 3D U-Net HS [20], StarDist-3D [27], 3DCtrDet, and the
roposed approach 3DCellPol.

3DCellPol presents the highest true positive rate (TPR) (Fig. 10A)
and the smallest false discovery rate (FDR) (Fig. 10B) for all 𝜏 ,
𝐿

https://github.com/ellisdg/3DUnetCNN
https://github.com/stardist/stardist
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Fig. 9. Performance of 3DCellPol. First and second columns: Examples of ground-truth and predicted vectors, respectively, represented in white on top of 2D projections of
input test patches. Third column: 2D projections of the output nuclei centroid heatmaps, and representation of local maximizers (black dots) and nuclei embedding values at
local maximizers. Fourth column: 2D projections of the output Golgi centroid heatmaps, and representation of local maximizers (black dots) and Golgi embedding values at local
maximizers. Some prediction errors are annotated with colored asterisks as described at the bottom of the Figure.
outperforming all the other methods. The best TPR attained by our
method is approximately 71% (at 𝜏𝐿 = 0).

3DCtrDet and StarDist-3D also perform well but their TPR does not
reach 61% (Fig. 10A) and their FDR (Fig. 10B) is higher, with 3DCtrDet
performing slightly better than StarDist-3D, while 3D U-Net and Otsu’s
thresholding-based methods perform poorly (Fig. 10A and B).

The cosine similarity (CS) values obtained with 3DCellPol are high,
above 0.90 (Fig. 10D). These results indicate that the directions of the
ground-truth and 3DCellPol’s vectors are very similar, which is essential
for estimating EC polarity. Regarding the other vector quality metrics
(Fig. 10C, E, F) 3DCellPol presents the smallest Error and ND (nucleus
13 
centroid distance) for 𝜏𝐿 ≤ 8, and similar values of GD (Golgi centroid
distance) compared to StarDist-3D, 3D U-Net HS and 3D U-Net.

For qualitative comparison of the results obtained with the top three
performing methods, StarDist-3D, 3DCtrDet and 3DCellPol, we present
in Fig. 11 examples of ground-truth vectors (shown in white), and
examples of TP, FN and FP vectors (shown in white, pink and yel-
low, respectively). Furthermore, we annotated the two most common
prediction errors, as described at the bottom of Fig. 11.

Overall our qualitative results, in Fig. 11, show that StarDist-3D,
3DCtrDet, and 3DCellPol can detect a large number of nucleus–Golgi
pairs even for touching nuclei (Fig. 11(3),(4),(5)), which supports the
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Fig. 10. Quantitative evaluation of the nucleus–Golgi vectors obtained using models trained on the real nucleus–Golgi dataset. The methods compared are: Otsu, 3D U-Net,
StarDist-3D, 3D U-Net HS, 3DCtrDet, and 3DCellPol. Performance was evaluated using the following metrics: (A) True Positive Rate (TPR), (B) False Discovery Rate (FDR), (C)
Norm of the Error Vector (μm), (D) Cosine Similarity (CS), (E) Nucleus Centroid Distance (ND) (μm), (F) Golgi Centroid Distance (GD) (μm).
quantitative results shown in Fig. 10A. On the one hand, for StarDist-
3D and 3DCtrDet, FNs are explained by some nuclei and Golgi that
are not segmented/detected (Fig. 11(1),(3)), and other FNs and FPs by
incorrect nucleus–Golgi assignment (Fig. 11(1)). On the other hand,
all models present several FPs and FNs due to incorrect assignment
of nucleus–Golgi pairs in regions of complex configurations of these
organelles (Fig. 11(2)) and the presence of noise in the red channel of
the microscopy image, which is identified as a Golgi (Fig. 11(4)).

5.3. Synthetic image generation

Next, we trained the Vox2Vox model using the real nucleus–Golgi
dataset and then used it to create the synthetic nucleus–Golgi dataset.
We evaluated the performance of the Vox2Vox model for synthetic
14 
image generation by computing the SSIM [52] between pairs of real
images and synthetic images translated from their segmentation masks.

The SSIM values (0.9097 ± 0.686) indicate a high level of agreement
between the compared images. This was confirmed by analyzing the
qualitative results presented in Fig. 12.

5.4. Impact of training with the real and synthetic nucleus-Golgi datasets

Next, we studied the impact of combining the real and synthetic
nucleus–Golgi datasets for 3DCtrDet and 3DCellPol training (Table 4).
Examples of synthetic images generated with a Vox2Vox model, using
the methodology described in Fig. 8, are presented in Sup. Fig. 4.
Although synthetic images are similar to real images (Sup. Fig. 4),
they lack some details that are present in the real images, such as
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Fig. 11. Qualitative evaluation of the nucleus–Golgi vectors prediction results obtained with StarDist-3D, 3DCtrDet and 3DCellPol. On the left: Examples of fluorescence microscopy
image patches (nuclei in green and Golgi in red) and the ground-truth nucleus–Golgi vectors represented in white. Second, third and fourth columns: Corresponding vector prediction
evaluation results obtained with StarDist-3D, 3DCtrDet and 3DCellPol, respectively. The white, yellow and pink vectors denote the TP, FP and FN, respectively. These TP, FP and
FN correspond to 𝜏𝐿 = 5. The results of StarDist-3D are superimposed on the segmentation masks obtained with the StarDist-3D model. The results of 3DCtrDet are superimposed
on top of the detected centroids of nuclei and Golgi, represented in green and red. The results of 3DCellPol are superimposed on the microscopy patch. Two of the most common
prediction errors are annotated using different colored asterisks as described at the bottom of the Figure.
Fig. 12. Comparison between real and synthetic images generated with a Vox2Vox
model. Examples of real test images (top row), corresponding synthetic images (middle
row), and the SSIM computed between each real and each synthetic image (bottom
row).
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the background noise, especially in the red channel. Yet, training the
model with only synthetic images produced impressive results (Fig. 13).
For instance, the TPR and FDR obtained with 3DCtrDet Synthetic and
3DCtrDet Real are close (Fig. 13A,B). Moreover, for 3DCellPol, the
results obtained with only synthetic data are also very similar to those
obtained with only real data (Fig. 13). The slightly smaller TPR of
3DCellPol Synthetic can be explained by some nuclei that are not
detected (Fig. 14(3)).

Regarding the results obtained with the combination of synthetic
and real data, we concluded that 3DCtrDet Synthetic+Real outper-
forms 3DCtrDet Real in terms of TPR (Fig. 13A), Error (Fig. 13C),
CS (Fig. 13D), ND (Fig. 13E) and GD (Fig. 13F). Nevertheless, these
results are not as good as the ones obtained with 3DCellPol trained
with synthetic and real data, demonstrating that the joint detection
and pairing of centroids also improves the quality of the detected
centroids. Comparing 3DCellPol Real and 3DCellPol Synthetic+Real,
we concluded that combining synthetic and real images substantially
improves the performance of 3DCellPol, the TPR increases (≈78% at
𝜏 = 0) and the FDR decreases (Fig. 13A,B), while not compromising
𝐿
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Fig. 13. Quantitative evaluation of the nucleus–Golgi vectors obtained using models trained on the real and/or synthetic nucleus–Golgi datasets. The methods compared are:
3DCtrDet Real, 3DCtrDet Synthetic, 3DCtrDet Synthetic+Real, 3DCellPol Real, 3DCellPol Synthetic, and 3DCellPol Synthetic+Real. Performance was evaluated using the following
metrics: (A) True Positive Rate (TPR), (B) False Discovery Rate (FDR), (C) Norm of the Error Vector (μm), (D) Cosine Similarity (CS), (E) Nucleus Centroid Distance (ND) (μm),
(F) Golgi Centroid Distance (GD) (μm).
the quality of the predicted vectors (Fig. 13C,D,E,F). Pre-training with
synthetic data improves the detection of some nucleus–Golgi pairs, for
instance, there is ground-truth pair that was not detected by 3DCellPol
Real (Fig. 9(1)), but it is detected by both 3DCellPol Synthetic and
3DCellPol Synthetic+Real (Fig. 14(1)), and the predicted IP of this
vector looks better than the IP of the ground-truth vector (Fig. 14(1)).
Furthermore, 3DCellPol Real detects a nucleus as two nuclei (Fig. 9(3))
whereas 3DCellPol Synthetic and 3DCellPol Synthetic+Real correctly
detect that nucleus as a single nucleus (yellow asterisk in Fig. 14(2)).
Additionally, the vectors for the two close nuclei, which 3DCellPol
Real did not identify correctly (Fig. 9(4)), are detected by 3DCellPol
Synthetic and 3DCellPol Synthetic+Real (Fig. 14(3)).

For a more detailed qualitative evaluation, we present in Fig. 15 ex-
amples of ground-truth vectors and vectors predicted by 3DCellPol Real
16 
and 3DCellPol Synthetic+Real. In this Figure, we annotated improve-
ments in the vectors predicted by 3DCellPol Synthetic+Real compared
to 3DCellPol Real, and also identified some errors in the ground-truth.
These improvements and errors are described at the bottom of the
Figure.

3DCellPol Synthetic+Real detects more nucleus–Golgi pairs com-
pared to 3DCellPol Real (Fig. 15), which supports the quantitative
results shown in Fig. 13A. In this example, both 3DCellPol Real and
3DCellPol Synthetic+Real have a FN and a FP caused by errors in
the ground-truth annotation. These errors correspond, respectively, to
an incorrect nucleus–Golgi pair (Fig. 15(3)), and a pair not identified
manually (Fig. 15(7)), which is correctly detected by both 3DCellPol
Real and 3DCellPol Synthetic+Real. This shows how nucleus–Golgi
vector assignment is difficult, even for experts.
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Fig. 14. Performance of 3DCellPol Synthetic and 3DCellPol Synthetic+Real. The first
column represents the predicted vectors shown on top of 2D projections of input test
patches. The second/third columns represent 2D projections of the output nuclei/Golgi
centroid heatmaps, the local maximizers (black dots) and nuclei/Golgi embedding
values at local maximizers, obtained with 3DCellPol Synthetic and 3DCellPol Syn-
thetic+Real. Examples (1), (2), (3) can be compared to those obtained with 3DCellPol
Real and shown in Fig. 9(1),(3),(4), respectively.

5.5. Cytoplasm-nucleus vectors prediction on the cytoplasm-nucleus dataset

Finally, we trained and tested 2DCellPol, 2DCtrDet and StarDist-
2D using the cytoplasm-nucleus dataset [21]. The task of cytoplasm-
nucleus assignment seems simpler than nucleus–Golgi pair prediction.
In fact, the images shown in Fig. 4 suggest that the distance between
nuclei and cytoplasm centroids is the main feature of cytoplasm-nucleus
pairing. However, even in this dataset, our proposed approach outper-
forms multi-stage methods that perform pairing based on centroid dis-
tance. Specifically, 2DCellPol outperforms StarDist-2D regarding TPR
and FDR (Fig. 16A,B). Additionally, 2DCellPol and 2DCtrDet are com-
petitive. 2DCellPol is slightly better than 2DCtrDet regarding TPR, FDR,
Error, CS and CytoD (Fig. 16A,B,C,D,E), whereas 2DCtrDet is slightly
better in terms of ND (Fig. 16F).
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The qualitative results of the top two methods on this dataset are
presented in Fig. 17. These results demonstrate that some FP and
FN are due to incorrect cytoplasm-nucleus assignment (green circles
in Fig. 17A,B,C,D,E,F). This is mainly due to the existence of nu-
clei belonging to other cells (green circles in Fig. 17A,C,D,E). Both
2DCellPol and 2DCtrDet struggle in these scenarios, but 2DCtrDet
performs worse. Moreover, some vectors detected by both models
are not annotated in the ground-truth (blue circles in Fig. 17C). Fi-
nally, a slightly smaller TPR and bigger FDR of 2DCtrDet compared
to 2DCellPol can be explained by overdetection of cytoplasm centroids
(pink circles in Fig. 17C,E).

6. Discussion

We compared 3DCellPol’s performance with multi-stage methods,
which involve segmentation/detection of cell organelles and cost func-
tion minimization for vector computation [23], as well as with our
previously proposed vector prediction approach [20]. Our quantitative
results (Fig. 10) showed that 3DCellPol outperforms the automated
approaches for nucleus–Golgi vectors prediction [20,23] in terms of
TPR, FDR, Error, CS and ND. Particularly, 3DCellPol correctly detected
71% of nucleus–Golgi vectors, representing an approximate 10% im-
provement over the best previous methods (Fig. 10). For GD, 3DCellPol
performs similarly to segmentation-based methods (StarDist-3D [27],
3D U-Net HS [20], and 3D U-Net [24]), but it is simpler, requiring only
centroid ground-truth rather than labor intensive segmentation masks
for training.

Our qualitative and quantitative results (Figs. 9, 10, and 11) demon-
strate that 3DCellPol detects most nucleus–Golgi pairs. However, it has
difficulty in identifying some pairs, mainly due to low-intensity nuclei
or Golgi, overlapping nuclei that look like a single nucleus, dirt or air
bubbles appearing as smaller high-intensity red objects, or noise caused
by blood vessels in the red channel.

Next, we explored a way to overcome the issue of limited datasets in
the biomedical field. We proposed a method to generate synthetic im-
ages based on a GAN that translates segmentation masks into synthetic
images. However, this method does not require manually annotated
segmentation masks since these are created automatically from the
centroid annotations.

Analysis of the generated synthetic images revealed a high simi-
larity with ground-truth real images (SSIM = 0.9097), as confirmed
by qualitative results (Fig. 12 and Sup. Fig. 4). We then studied the
impact of using synthetic images to train 3DCellPol. Specifically, we
trained the 3DCellPol model considering only synthetic data, as well
as a combination of real and synthetic data. The results, presented
in Figs. 13 and 15, indicate that 3DCellPol performs better when
trained with a combination of synthetic and real images, identifying
78% of nucleus–Golgi vectors. The model pre-trained on synthetic data
learns to extract the main features for nucleus–Golgi pairing. These
features are refined by fine-tuning with real data to better match the
complexities of the nucleus–Golgi configurations in the real images.
This model was evaluated on other microscopy images (Fig. 18), ac-
quired under different experimental conditions. By observing Fig. 18,
we can conclude that our approach can accurately predict most polarity
vectors.

Finally, we trained and tested a 2D version of 3DCellPol, named
2DCellPol, on a publicly available cervical cytology dataset [21]. We
used 2DCellPol to predict cytoplasm-nucleus vectors, which are im-
portant to study cell migration, division, and pathological conditions.
2DCellPol detected more than 90% of the vectors and outperformed
2DCtrDet and StarDist-2D.

Overall, these results demonstrated the ability of our approach
to predict polarity vectors by associating different biological struc-
tures (nucleus–Golgi and cytoplasm-nucleus) in both 2D and 3D. Thus,
we believe 3DCellPol and its 2D version can potentially be used to
predict pairs of other biological structures, for instance mitochondria–
Golgi [4], mitochondria–vacuole [4], endoplasmic reticulum–Golgi [4],
and centrosome–nucleus [12], to study numerous physiological and
pathological processes.
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Fig. 15. Qualitative evaluation of the nucleus–Golgi vectors prediction results obtained with 3DCellPol Real and 3DCellPol Synthetic+Real. On the left: Examples of fluorescence
microscopy image subvolumes (nuclei in green and Golgi in red) and the ground-truth nucleus–Golgi vectors represented in white. Second and third columns: Corresponding vector
prediction evaluation results obtained with 3DCellPol Real and 3DCellPol Synthetic+Real, respectively. The white, yellow and pink vectors denote the TP, FP and FN, respectively.
These TP, FP and FN correspond to 𝜏𝐿 = 5. The results are superimposed on the microscopy patch. Some ground-truth errors, and improvements in the prediction of vectors are
annotated using different colored asterisks as described at the bottom of the Figure.
7. Conclusions and future work

Cell polarity can be computed in biological images by detecting and
pairing cell structures. Accurate cell polarity calculation is essential for
understanding several developmental, physiological, and pathological
processes [7]. To address this, we proposed 3DCellPol, a model that
detects centroids of two distinct cell structures and simultaneously
performs their pairing. Our approach exploits the strengths of a CNN,
incorporating unique modifications that enable it to estimate 3D polar-
ity vectors. 3DCellPol’s robust ability to compute cell polarity makes it a
valuable open-source tool for advancing our understanding of diseases
like cancer and vascular disorders, where abnormal polarity plays a key
role [7,9,10].

To demonstrate 3DCellPol’s potential, we focused on 3D EC polar-
ity, an important feature regulating blood vessel development [10].
EC polarity is computed as a vector between the centroids of two
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organelles: the nucleus and the Golgi complex. Our results showed
that 3DCellPol outperforms multi-stage methods while requiring much
less supervision, relying only on microscopy images and manually
annotated nucleus–Golgi pairs. 3DCellPol’s output vectors will be useful
for vascular biologists studying EC polarization and migration patterns
during blood vessel formation and remodeling, in homeostatic and
pathological conditions. Additionally, a 2D version of 3DCellPol was
trained and evaluated on a publicly available dataset to compute
cytoplasm-nucleus polarity vectors. The results demonstrate superior
performance over multi-stage methods. These vectors can assist cy-
totechnologists in improving cervical cancer diagnosis and proposing
innovative treatments [21].

Although our approach performed robustly on both the real nucleus–
Golgi and cytoplasm-nucleus datasets, it has limitations. It requires an
Nvidia GPU for faster processing of large 3D images, and its perfor-
mance is affected by background noise, especially in the red channel
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Fig. 16. Quantitative evaluation of the cytoplasm-nucleus vectors obtained using models trained on the cytoplasm-nucleus dataset. The methods compared are: StarDist-2D, 2DCtrDet
and 2DCellPol. Performance was evaluated using the following metrics: (A) True Positive Rate (TPR), (B) False Discovery Rate (FDR), (C) Norm of the Error Vector (pixels), (D)
Cosine Similarity (CS), (E) Cytoplasm Centroid Distance (CytoD) (pixels), (F) Nucleus Centroid Distance (ND) (pixels).
of the real nucleus–Golgi dataset. Future work could explore ad-
vanced computer vision techniques to reduce noise and enhance image
quality.

Finally, although 3DCellPol was optimized for the specific dataset
used during training, it can be easily fine-tuned for other datasets with
minimal supervision, requiring only images and pairs of centroids. We
are open to future collaborations to expand our approach by training it
on additional nucleus–Golgi datasets from diverse conditions and lab-
oratories. By providing more diverse training data, we believe we can
continue to improve 3DCellPol’s performance, generalization capability
and applicability to new real-world data. Moreover, since 3DCellPol
requires little supervision, it can be easily adapted to detect oriented
pairs of other biological structures, such as nucleus–centrosome [12]
and nuclei-FISH spots [5].

Thus, 3DCellPol will be of great importance to advance our un-
derstanding of cell polarization under physiological and pathological
conditions. It will be a valuable tool to identify biomarkers of dis-
eases caused by abnormal cell polarity, which can then be used by
19 
clinicians to improve diagnosis and therapeutic interventions. We be-
lieve 3DCellPol will be useful in both biomedical research and clinical
practice.
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Fig. 17. Qualitative evaluation of the cytoplasm-nucleus vector prediction results obtained with 2DCtrDet and 2DCellPol. On the left are examples of test patches and the
ground-truth vectors represented in white. In the middle and on the right: Corresponding vector prediction evaluation results obtained with 2DCtrDet and 2DCellPol, respectively.
The black, yellow and pink vectors in these images correspond to TP, FP and FN, respectively, computed at 𝜏𝐿 = 5 (see Table 6). The results are superimposed on the test image
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predicted vectors not annotated in the ground-truth.
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Fig. 18. 3DCellPol’s generalization capability. Microscopy image (nuclei in green and Golgi in red) and nucleus–Golgi vectors predicted by the 3DCellPol pre-trained with synthetic
data and fine-tuned with all real data (in white).
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