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Abstract—Training deep learning models for medical imaging
requires access to large volumes of sensitive patient data. To
this end, the models are generally trained on centralized, de-
identified databases that are hard to collect because of privacy re-
quirements. Federated learning proposes an alternative approach,
in which a coalition of hospitals collaboratively trains a central
model without exchanging any clinical data. This paper explores
the combination of federated learning with U-Net models, and
applies it to the task of image segmentation of the heart. A variant
of federated learning referred to as federated equal-chances that
improves segmentation performance on unbalanced datasets is
introduced as well.

I. INTRODUCTION

Artificial intelligence is being increasingly applied to
medical imaging. In particular, the task of the automated
segmentation of organs or biological structures has attracted
a lot of interest. The family of the U-Net deep learning
models has proved to be highly successful on bioimaging
segmentation tasks [1]. Radiotherapy offers a great opportunity
to study such segmentation algorithms in the context of human
radiology. Indeed, the oncologists working in any radiotherapy
department all around the world have to delineate organs-at-
risk and tumors so as to propose efficient, highly personalized
treatments to their patients [2]. This results in radiotherapy de-
partments gathering large volumes of labeled images that could
be extremely useful to train artificial intelligence algorithms.

However, such labeled medical images are not easily ac-
cessible to researchers, because they correspond to clinical
data that must be carefully protected, and that should not
be communicated outside of the hospitals without patient’s
consent. As a consequence, even though free and open-source
software are widely available to extract DICOM images from
the Picture Archiving and Communication System (PACS)
of the hospital, to de-identify them, then to send them to
external artificial intelligence experts [3,4], such clinical trials
necessitate the setup of complex research protocols because
they typically associate two distinct entities (one hospital and
one university). Some large datasets have nevertheless been
released as open data, notably thanks to the efforts of The
Cancer Imaging Archive project [5], but this is a small fraction
of all the data that is produced by hospitals on a daily basis.

An alternative approach would be to train deep learn-
ing models directly inside the hospitals, without having to
communicate patient data to the outside world. In practice
however, training a complex segmentation model requires a
lot of annotated data, and the amount of data available inside
one single hospital may not be sufficient to effectively train
the model. Furthermore, few hospitals employ data scientists

Sébastien Jodogne

Institute of Information and Communication Technologies,

Electronics and Applied Mathematics,
Louvain-la-Neuve, Belgium
Email: sebastien.jodogne @uclouvain.be

who are granted to access patient data in order to do in-house
artificial intelligence research, which limits the applicability of
this approach to a handful of university hospitals.

Federated learning might be a game changer to train deep
learning models for healthcare [6]. In the typical federated
learning setup, many mobile devices collaborate to train a
shared model in a decentralized way, without ever communi-
cating personal data to protect privacy [7]. Federated learning
has originally been motivated by supervised learning appli-
cations characterized by four key properties: non-i.i.d. (non
independent and identically distributed) data [8], unbalanced
data, massively distributed data, and limited communications.

Federated learning allows to envision the training of a
central deep learning model for medical applications by a
coalition of several hospitals and research teams, while avoid-
ing any communication of patient data between these entities.
Figure 1 transposes the typical setup of federated learning to
the context of medical imaging [9-11]. The imaging data tends
to be non-i.i.d. between hospitals because of different clinical
teams and possibly different medical guidelines. Note that even
within one single hospital, data related to image segmentation
tasks might possibly be non-i.i.d. because of intra-observer
and inter-observer variability [12]. Furthermore, datasets can
be strongly unbalanced between the hospitals of the coalition,
typically if smaller hospitals collaborate with larger hospitals.
Summarizing, similarly to the original federated learning setup,
the non-i.i.d. and unbalanced key properties of the data hold.
Howeyver, the size of a healthcare coalition is much smaller
than a coalition involving mobile devices. In addition, most
hospitals benefit from good network connectivity. This implies
that the two last key properties of original federated learning
(i.e. massively distributed data and limited communications)
are not necessarily fulfilled, which hopefully implies that
learning is facilitated.

According to this discussion, this paper studies the com-
bination of U-Net architectures with federated learning, and
applies it to the segmentation of the heart on CT-scan images.
Experimental results compare the predictions of the classical,
centralized learning strategy with a federated learning strategy.

II. FEDERATED LEARNING FOR U-NETS

In this section, it is explained how U-Nets can be used in
conjunction with federated learning.

A. U-Net architecture

U-Net is a highly successful deep learning architecture
for bioimaging segmentation [1]. Contrarily to the sliding-
window approach, in which all the possible patches of a
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Fig. 1: Federated learning in the context of medical imaging.
Several hospitals contribute to the training of one single deep
learning model. No patient data leaves any hospital at any time:
Only the parameters of the central model are exchanged.

fixed size in an image are scanned by a convolutional neural
network producing one binary output for each patch [13], U-
Nets consider the input image as a whole. U-Nets first apply
a contraction path to generate high-level features, then apply
an expansion path to output the segmentation mask, resulting
in the typical “U” shape that is depicted in Figure 2. This
architecture allows the global spatial structure of the medical
images to be taken into account. Generating a segmentation
mask given an input image is also much faster than using the
sliding-window approach.

In this work, the U-Net models are trained on the individual
axial slices of segmented CT-scan images so as to minimize
a smoothed version of the 2D Dice loss function [14], that is
defined as:
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where Y (z,y) € {0,1} (resp. Y (z,y)) denotes the expected
binary value (resp. the actual prediction of the U-Net) of the
pixel at coordinates (x,y), and where ¢ is a coefficient that
prevents divisions by zeros as well as vanishing gradients
induced by the slices that do not contain any pixel belonging
to their segmentation mask.
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B. Federated averaging

Federated averaging is a well-known, effective algorithm
for federated learning [7]. In this algorithm, the weights of the
central deep learning model are collaboratively optimized by a
swarm of clients, each of them using their own private dataset.

Federated averaging is divided in a number of rounds. At
each round ¢, federated averaging randomly selects a subset of
K clients, sends them the current parameters w; of the central
model, asks the selected K clients to optimize the parameters
on their own local dataset during a fixed number of epochs,
then collects back the parameters w®, as independently

t+1
optimized by each client k. The parameters of the central
model are then updated by taking the weighted average of
the locally optimized parameters as follows:
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Fig. 2: The U-Net architecture that is used throughout this
work. The main differences with respect to the original U-Net
architecture [1] are the size of the input and output images
(both 512 x 512 pixels), the number of filters used for the
convolutions (it ranges from 32 to 512 filters), and the zero-
padding that is used in convolutions (which preserves the
image sizes throughout the network). The resulting U-Net
models have exactly 7,759,521 floating-point parameters.

where n. is the size of the local dataset of client k, and where
n =Y ,_, nk is the sum of the sizes of all the local datasets
of the clients selected at round ¢.

In this work, the clients correspond to the hospitals. Be-
cause a typical learning coalition for healthcare will only
contain a handful of hospitals, there is no random selection
of the clients: All the hospitals optimize the model at each
round ¢. Furthermore, this paper applies federated averaging
to U-Nets: The weights w; thus correspond to the 7 millions
of floating-point parameters of our U-Nets. Because each
parameter is encoded as a 32-bits floating-point number in our
setup, exchanging one full U-Net model through a computer
network requires around 30MB of data. This is not an issue
in practice because hospitals largely feature good network
connectivity, and because the time that is needed for one round
of U-Net optimization is typically much higher than for the
transmission of data.

C. Equal chances through data augmentation

The classical federated averaging algorithm described in
Section II-B can be problematic if the local datasets of the
different hospitals are significantly unbalanced. Indeed, Equa-
tion 1 gives a much stronger importance to the model updates
that stem from the larger datasets, hereby affecting the quality
of the final model when tested on the smaller datasets.

As a consequence, we propose to leverage data augmen-
tation so that every client in the coalition uses a training set
of equal size. Data augmentation is commonly used to prevent
overfitting of deep learning models in computer vision [15]: It
consists in artificially increasing the size of a dataset using
label-preserving transformations, such as rotations, flips or
zooms. Let my denote the size of the original local dataset
of the client k, and let M be the size of the largest dataset.
The federated equal-chances algorithm consists, for each client
k at each round ¢, in replacing the my original items in the
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Fig. 3: Example of one typical entry in the datasets: (a) the 2D slice from the CT-scan image, (b) the contour of the heart in
this slice, as delineated by the physician and encoded as a sequence of points defining a closed polygon, and (c) the binary
segmentation mask that is obtained by filling up the polygon using a standard scan-line algorithm.

dataset, by ny, = M new items obtained through online data
augmentation. In this flavor of federated averaging, n = KM
and Equation 1 becomes an unweighted average of the updates.

III. EXPERIMENTAL RESULTS

The federated averaging and federated equal-chances algo-
rithms are now applied to the task of heart segmentation on
CT-scan images using U-Nets.

A. Datasets

Our experiments emulate an environment similar to the
one depicted in Figure 1. The three hospitals in the figure are
replaced by three unrelated datasets provided by The Cancer
Imaging Archive project [5]. The three considered datasets are
NSCLC-Radiomics [16,17], Pediatric-CT-SEG [18,19] and
Lung CT Segmentation Challenge 2017 (LCTSC) [20,21].
They provide DICOM CT-scan images together with the delin-
eation of the heart encoded as DICOM RT-STRUCT instances,
as routinely used in radiotherapy and nuclear medicine depart-
ments. Figure 3 illustrates a typical entry in these datasets.

Because these three datasets have been gathered and delin-
eated separately by different research teams for different pur-
poses, they provide non-i.i.d. distributions by design. Further-
more, they have varying sizes: NSCLC-Radiomics, Pediatric-
CT-SEG and LCTSC respectively contain 127, 349 and 59
patients with a valid segmentation of the heart. These datasets
are thus representative of a federated learning setup with non-
i.1.d. and unbalanced data. Also, the three considered datasets
contain images of whole chests, many axial slices of which
do not include the heart. The datasets have thus been pre-
processed in order to remove the axial slices that are farther
than 50% the height of the heart, with respect to the top and
bottom slices of the heart. The pre-processed datasets therefore
contain the same number of slices including the heart than
slices not including it.

Each dataset is randomly split into three independent parts:
a train, a validation and a test set, containing respectively 70%,
20% and 10% of the patients. The validation set is used for the
early stopping of the training to avoid overfitting. Importantly,
the train/validation/test sets are defined at the patient level, not
at the slice level. Working at the slice level would totally bias

the results, as this would induce a strong correlation between
the train/validation/test sets.

B. Learning parameters and evaluation metrics

One single 3D segmentation of the heart defines multiple
binary segmentation masks, one for each 2D axial slice of the
CT-scan image: The U-Net is trained to map those individual
2D axial slices to their associated binary segmentation masks.
However, the performance metrics related to organ segmenta-
tion should consider the heart as a whole in the 3D space. This
motivates the introduction of a 3D version of Dice similarity
coefficient defined as follows [22]:
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where V(2,y.2) € {0,1} (resp. ¥(x,y,2)) denotes the
expected binary value (resp. the prediction of the U-Net) of
the voxel (z,y) in the axial slice whose coordinate in the 3D
stack is z. This 3D performance metrics was used to assess
the final quality of the models.

DSCs3p(Y,Y) =

The source code was written in Python using Keras with
the TensorFlow back-end. The Adam optimizer was used, with
random initial weights, a learning rate of 5- 1075 and a batch
size of 1. Note that this batch size of 1 corresponds to the
value that was used in the original U-Net paper [1]. Dropout
layers were introduced to prevent overfitting [23]. Online
data augmentation was applied through Keras data generators,
which means that the augmented images were different at each
epoch. The following transformations were experimentally
found to provide best results for data augmentation: rotations
between —25° and 25°, zoom-in and zoom-out up to 8%,
and slight modifications of the Hounsfield values of the CT-
scan between —1.5% and 1.5%. It was found that using these
parameters led to an improvement of about 1% in the Dice
loss function if training the central model.

The learning was divided in two phases: Firstly, the U-
Nets were trained only on the slices that contain a part of
the heart up to convergence, with € = 1 in the loss function.



TABLE I: Value of DSCsp for the different strategies

NSCLC Pediatric-CT-SEG
127 patients 349 patients

Centralized learning 0.884 0.945 0.900
Local dataset only 0.858 0.939 0.901
Federated averaging 0.867 0.943 0.891
Federated equal-chances 0.879 0.940 0.922

LCTSC
59 patients

TABLE II: Approximate learning time

9 hours
0.8 hour
5.3 hours
0.5 hour
18.3 hours
30.5 hours

Centralized learning (535 patients)
Local NSCLC-Radiomics (/27 patients)
Local Pediatric-CT-SEG (349 patients)

Local LCTSC (59 patients)

Federated averaging (accumulated time)

Federated equal-chances (accumulated time)

Secondly, the U-Nets were refined by adding the slices that do
not contain the heart, with e = 5000. Without this two-phases
approach, the learning process tends to diverge.

C. Results and discussion

U-Net models were trained using the four strategies pre-
sented in this paper. The obtained values for the 3D Dice
similarity coefficient are reported in Table I. In this table,
the centralized learning is the traditional, reference scenario in
which the training is done on one central database that gathers
the three datasets. Table II reports the time that is necessary
to learn these different models on an Intel Xeon 6244 server
equipped with a NVIDIA RTX 2080 Ti GPU.

The first interesting result is that the federated equal-
chances algorithm systematically provides better scores than
if the model was trained only on one of the three considered
datasets. In the real world, this confirms the intuition that
a hospital with a limited dataset should consider joining a
coalition of hospitals. Table I also indicates that the federated
equal-chances algorithm obtains better results than the standard
federated averaging algorithm on the smaller datasets, while
not being significantly detrimental to the larger dataset.

As expected, centralized learning provides slightly better
scores in general, except on the LCTSC dataset, while having
an accumulated runtime that is lower than the federated
learning algorithms. However, as explained in the Introduction,
centralized learning comes with the difficulty of gathering
de-identified data outside of hospitals, which may or may
not be a viable option depending on the real-world scenario.
Furthermore, the reported runtimes for federated learning are
accumulated, as though the trainings were done sequentially
by the three hospitals. In practice, these trainings would be
done concurrently, which would divide the total runtime.

Finally, it is interesting to note that NSCLC-Radiomics has
a lower score than the two other datasets for all the strategies.
The explanation is provided in Figure 4: It appears that there is
an inter-observer variability were the contours of the heart have
not be delineated using the same conventions throughout the
dataset, which results in lower score on the LCTSC dataset
in Table I. This however does not prevent the U-Nets from
converging and providing valuable segmentations.

s0 0

Fig. 4: 3D rendering of the segmentation of the heart in one
DICOM study taken from the NSCLC-Radiomics dataset that
illustrates the non-i.i.d. problem: (a) contour delineated by
the physician, (b) contour segmented by the U-Net model.
The difference in the results is explained by the fact that this
particular physician has not followed the same conventions for
delineating the heart than other physicians, including many
more details in the contours. This is an example of inter-
observer variability [12].

IV. CONCLUSION

In this paper, the combination of federated learning with
U-Net models was applied to the task of heart segmentation in
CT-scan images. A new variant of the federated averaging al-
gorithm referred to as federated equal-chances was introduced
to improve the segmentation performance by balancing the size
of the datasets through data augmentation. Experimental results
indicate that federated learning by a coalition of hospitals is
a viable alternative to the traditional centralized learning on a
global database gathering patient data from different hospitals.

Future work will apply federated learning to other bioimag-
ing tasks, notably the segmentation of the lungs and of
the esophagus, and to other deep learning models than U-
Nets [24]. From a software engineering point of view, it is
planned to develop a framework to actually deploy federated
learning inside clinical environments as a plugin to the Orthanc
server [4]. This development will require to setup a network
infrastructure in which the hospitals connect as clients to a cen-
tral server that manages the global model, which necessitates
a focus on the security of the communications, on data man-
agement, and on the orchestration of data augmentation [25].
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