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Abstract— Federated learning (FL) enhances data pri-
vacy and compliance with data regulations by enabling mul-
tiple decentralized parties to collaboratively train machine
learning models without sharing their data. This makes it an
ideal paradigm for the healthcare domain. Despite its inher-
ent privacy-by-design, FL faces performance and conver-
gence challenges when dealing with non-independent and
identically distributed (non-IID) data. Although previous
studies have primarily addressed the challenges of skewed
label distribution across clients, which are more effective
for classification, we focus in this paper on the much less
explored challenge of multi-domain FL in medical image
segmentation tasks, where client data originate from differ-
ent domains with varying feature distributions. To address
this problem, we propose FedGA, which performs heuristic,
gradient-free optimization on the server side after local
model aggregation in order to optimize the global model
by using a genetic algorithm. Empirical results on breast
lesion segmentation from ultrasound images and prostate
segmentation from T2w MRI images show the potential
of FedGA in FL schemes. Specifically, FedGA improves
the segmentation precision in critical boundary regions
compared to existing approaches, accelerates global model
convergence, reduces the total number of communication
rounds required to achieve optimal performance, and offers
better overall efficiency.

Index Terms— Data Heterogeneity, Data Privacy, Feder-
ated Learning, Genetic Algorithms, Medical Imaging, Non-
IID Data, Segmentation, Statistical Heterogeneity
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IN medical imaging, it is common that highly sensitive
medical images and the corresponding metadata are dis-

tributed across multiple entities (e.g., hospitals, clinics). Due
to their sensitivity, and under the umbrella of data protection
regulations such as the GDPR, the HIPAA, or the European
Union AI Act, these data cannot be freely shared for, e.g.,
building machine learning models.

Federated learning (FL) offers a distributed alternative to
centralized machine learning by enabling multiple clients hold-
ing sensitive data to collaboratively train a machine learning
model without sharing their data, thereby mitigating privacy
risks and enhancing compliance with privacy regulations.
However, FL struggles when dealing with non-independent
and identically distributed (non-IID) data across participating
entities. Unfortunately, this is the case for many real-world
applications, in which data from different parties can be
heterogeneous in terms of feature distribution, class distri-
bution, temporal distribution, quantity, and patterns [1]. Data
heterogeneity is even more pronounced in the medical imaging
domain as multiple types of heterogeneity coexist due to the
variety of imaging scanners, acquisition protocols, and patient
demographic characteristics [2].

In the FL setting, each client updates its local model
by using its own data without accounting for the overall
data distribution across all clients; for this reason, the local
objectives may conflict and diverge from the global model’s
objective. This could slow the convergence and prevent FL
from achieving an optimal global model [3], [4]. Several
solutions have been proposed to mitigate the heterogeneity of
data in the label and quantity distribution in FL settings, but
they are only applicable to medical image classification tasks,
where the primary challenge is the imbalanced distribution of
image labels and variations of data set size between hospitals.
In classification tasks, variations in local imaging feature dis-
tributions have minimal or no impact on the learning process.
This can be attributed to the encoder-only architectures of
classification models (e.g., ResNet [5], EfficientNet [6], etc.),
which focus on extracting high-level image representationsto
assign a label to the image without the need to account for
localized variations in feature distribution.

Segmentation is another equally critical task in the medical
imaging domain. Unlike classification, variations in local fea-
ture distributions might have an impact in FL settings in which
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the model must capture and analyze fine-grained spatial and
structural information embedded in the images. Segmentation
models leverage an encoder-decoder architecture (e.g., U-
Net [7], SegNet [8], TransUNet [9], DeepLab [10], etc.), in
which the decoder upscales high-level representations learned
by the encoder to reconstruct spatial details with pixel-level
annotations. Due to feature heterogeneity among clients, local
models struggle to converge to a consensus in pixel-wise label
assignment. As a result, existing FL solutions that address data
heterogeneity in label and quantity distribution struggle with
medical image segmentation tasks.

Several approaches have been designed for medical image
segmentation. However, they focus on learning models that
generalize only to the non-IID data distributions of the partic-
ipating institutions, and thus, their efficacy is often constrained
by domain shift. This limitation reduces their robustness
to out-of-distribution (OOD) data, as the models may not
perform as well on data sets from non-participating hospitals.
This raises concerns for clinical deployment, where reliability
across diverse and unseen data sources is essential to ensure
patient safety and regulatory compliance.

To address this research gap, we propose an FL method
for medical image segmentation with three primary goals: (1)
learning the segmentation model using non-IID data from the
participating hospitals; (2) generalizing the model across the
collective data distributions of all hospitals; and (3) making
the model robust to external, out-of-distribution data.

We address the feature heterogeneity problem in federated
medical image segmentation tasks with a novel perspective
based on metaheuristic optimization of the global model.
Specifically, our contributions are as follows.

1) We propose FedGA (Genetic Algorithm-Guided Feder-
ated Learning), a solution to find the optimal global
model from a suboptimal aggregated global model by
using metaheuristic optimization. FedGA initializes a
set of random models near the aggregated global model
in the solution space via Monte Carlo simulation and
subsequently employs a genetic algorithm with an evolu-
tionary strategy to thoroughly explore the solution space
and identify the optimal global model.

2) We curate multiple data sets that capture real-world
data heterogeneity arising from variations in imaging
protocols, patient demographics, and imaging equipment
from different manufacturers.

3) We perform extensive experiments on medical image
segmentation tasks using two image modalities and two
model architectures. Our results demonstrate that FedGA
not only enhances segmentation precision compared to
existing approaches, but also facilitates faster conver-
gence of the global model, reduces the total number
of communication rounds required to reach optimal
performance, and offers better overall efficiency.

Section II provides background on FL. Section III discusses
related work that tackles data heterogeneity in FL. Section V
presents FedGA. Section VI details the experimental setup.
Section VII reports, discusses, and compares empirical results.
Section IX draws conclusions and presents potential future
research directions.

II. BACKGROUND ON FEDERATED LEARNING

A typical FL system consists of a central server S and a
set of N participants, known as clients. Each client i has a
(potentially sensitive) data set Di, which is a subset of the
global data set D. In some FL settings, the server may also
hold public or private data sets, similar to the clients. The goal
of FL is to train a global model based on the data of all clients,
but without requiring them to share their data sets.

In local premises, each client i optimizes a local objective
Li, called the loss function, under the model parameters θi as

min
θi

Li(θi;Di). (1)

The global objective L is generally formulated as the weighted
average of the local optimization objectives, that is,

min
θ̂

L(θ̂;D) =

N∑
i=1

|Di|
|D|

Li(θ̂;Di), (2)

where | · | denotes the number of elements in the set and θ̂
represents the parameters of the global model.

Personalized Federated Learning (pFL) is a variant of FL
that aims to learn customized models for each client rather
than a single global model. These personalized models are
tailored to the specific characteristics of each client’s data
while still leveraging the benefits of collaborative training
across all clients. Formally, the goal of pFL is to learn a set
of models {θi}Ni=1 such that each client i minimizes the local
loss Li(θi;Di), while taking into account the data of all other
clients {Dj}j ̸=i, j∈{1,...,N}.

III. RELATED WORK

State-of-the-art solutions to address data heterogeneity in FL
either regularize local training, improve aggregation efficiency
or combine local regularization with efficient aggregation.

FedProx [4] uses the squared Euclidean distance between
the current local and global models as a regularization term
in the local objective function to prevent local updates from
deviating too much from the global model. FedDyn [3] in-
troduces a dynamic regularization term in local training. This
term updates the client’s risk objective at each step to ensure
that the local optima are asymptotically consistent with the
stationary points of the global empirical loss. Unlike FedProx,
FedDyn considers the history of local updates and global
model changes in the regularization terms. To keep track of
the update history, clients must maintain additional memory.
However, while both methods perform well under marginal
label heterogeneity, they experience significant performance
degradation as heterogeneity increases or statistical hetero-
geneity in feature distribution arises.

FedNova [11] normalizes and scales each local update by
the number of local steps performed during local training
before updating the global model on the server. Therefore,
each client must share with the server information about the
number of local steps it performs during each training round.
This not only increases communication overhead, but also
opens the door to gradient-based privacy attacks [12].
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FedMGC [13] replaces the cross-entropy loss with focal loss
during local training to amplify the loss impact of minority
classes, thereby mitigating the model’s bias towards majority
classes. However, focal loss is incompatible with segmentation
models that require loss functions directly optimizing overlap
metrics, such as intersection over the union (IoU) or Dice
Similarity Coefficient (DSC).

SCAFFOLD [14] addresses data heterogeneity by applying
variance reduction techniques to mitigate client drift. It intro-
duces control variates at both the server and client sides, which
are used to estimate the update directions for the global model
and individual client models, respectively. Their difference is
treated as drift in local training, which is used to correct local
updates on the client side [1]. However, SCAFFOLD requires
clients to share their control variates with the server at each
communication round, in addition to the local model updates.
This doubles the communication length compared to Federated
Averaging (FedAvg) [15]. Moreover, since the control variate
encapsulates gradient history, it is vulnerable to gradient-based
privacy attacks.

FedDecorr [16] argues that high label heterogeneity in
data causes feature dimension collapse, where global model
feature representations shift toward a lower-dimensional space
rather than the ambient space derived from local models. To
mitigate this, FedDecorr applies a regularization term during
local training that encourages the different dimensions of
the representation to be uncorrelated. This requires access to
a one-dimensional feature vector immediately preceding the
output layer. However, in segmentation models, the feature
representation module (encoder) is located far from the output
layer and generates multiple feature maps. As a result, im-
plementing FedDecorr in segmentation models is challenging,
and the regularization effect diminishes before it reaches the
encoder module during backpropagation.

FedBN [17] is the only method (to our knowledge) specif-
ically designed to address non-IID features among clients.
It updates the batch normalization layers locally without
communicating and aggregating them on the server. However,
its applicability is limited to neural network architectures that
include batch normalization layers. Many state-of-the-art seg-
mentation models do not incorporate batch normalization due
to its poor performance, thereby limiting the applicability of
the solution. Moreover, batch normalization assumes that the
training data are derived from a single distribution, allowing
the mean and variance to be calculated from each mini-batch
[18]. This assumption does not hold for medical images, even
within a single hospital, because different imaging protocols
may be used for patients according to their disease conditions.
Moreover, FedBN is designed exclusively for personalized FL
and does not generate any global model.

MOON [19] requires changes to the architecture to in-
corporate a projection head for feature alignment, which is
not feasible for legacy or proprietary models. The projection
head improves the effectiveness of both contrastive learning
and model contrastiveness, as empirically demonstrated in
[20] and MOON papers, respectively. Consequently, when the
latent features extracted by the encoder are used directly to
implement the MOON method without a projection head, the

segmentation performance is expected to decrease.
FedCross [21] conducts local model training in a round-

robin sequential fashion among participating clients. This
sequential processing inherently limits the parallelization of
training and results in substantially increased training time. In
addition, it is prone to catastrophic forgetting, a phenomenon
in which a model’s performance on previously encountered
client data deteriorates if those data have not been experi-
enced for a long time. On the other hand, FedCross is more
vulnerable to privacy attacks and breaches than conventional
FL because, after local training on a client’s private data, the
resulting model is shared directly with another client.

FedDP [22] is a pFL technique tailored for self-attention
networks (vision transformers) in segmentation tasks. It first
personalizes the long-term dependency modeling module, with
each site retaining its query vector parameters of the self-
attention module and sharing the remaining model parameters
with the server. Subsequently, each site collects all local mod-
els in a single communication round and fine-tunes its local
parameters, guided by inter-site prediction inconsistencies. The
architecture-specific nature of FedDP makes it inapplicable to
CNN-based segmentation models, such as the highly efficient
nnU-Net. Moreover, it opens the door to successful privacy
attacks by directly exposing client-specific and dependency-
personalized local models to all participating clients, where
some of them can be potential adversaries.

FedCE [23] is explicitly designed to optimize both collabo-
rative fairness (rewarding clients based on their contribution)
and performance fairness (achieving uniform performance
across clients) simultaneously. FedCE estimates the contribu-
tion of each client in both the gradient and the data spaces by
tracking gradient direction differences among clients and mea-
suring prediction errors on each client’s data using an auxiliary
model. Based on these estimates, it determines the aggregation
weights for the global model. However, by enforcing the
objective of fairness, it can strongly limit the performance of
certain clients. Moreover, its design objective does not account
for the robustness of the global model to out-of-domain data
distributions, restricting its clinical applicability.

FedCLAM [24] integrates client-adaptive momentum terms
derived from each client’s loss reduction during local training,
along with a personalized dampening factor to mitigate overfit-
ting. In addition, it introduces a novel intensity alignment loss
that aligns predicted and ground-truth foreground distributions
to account for heterogeneous images with varying intensity
profiles across institutions and devices. Similar to FedCE,
FedCLAM’s learning objectives do not include explicit com-
ponents or mechanisms to improve generalization to out-of-
domain data, which limits its applicability in clinical settings.

A common limitation of existing methods is that they were
explicitly designed to tackle problems of quantity and label
skewness in classification tasks. To our knowledge, these
methods for addressing data heterogeneity in FL have not
been tested with segmentation models. Whereas classification
models comprise an encoder component for feature represen-
tation, followed by a classification layer, segmentation models
use encoder-decoder architectures. The encoder module learns
feature representations as in classification models, while the
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decoder module performs the upsampling task to generate
the segmentation mask. Consequently, existing methods either
disrupt the learning process of the decoder component when
attempting to align the encoder in the local model with the
global model, or their effects on the encoder component get
diminished since they first backpropagate through the decoder
module and then reach the encoder part.

IV. PROBLEM STATEMENT

We address the problem of data heterogeneity in FL that
originates from feature distribution shifts and skewness in the
number of images between different hospitals for a supervised
image segmentation task. We assume that the data for each
hospital are different, with variations in imaging systems,
acquisition protocols, patient demographics, and data set sizes.
In other words, data across hospitals exhibit heterogeneity in
both feature distributions and sample quantities. In our setting,
we assume that the server represents another hospital with
enough computing power (i.e., the server is not resource-
constrained) that holds a small set of medical images with the
corresponding segmentation masks. Since the server also acts
as a data-contributing institution, similar to the client hospitals
participating in federated training, both the server and client
hospitals are considered mutually trusted entities. This setup
inherently mitigates potential privacy concerns. Furthermore,
even if this assumption does not fully hold, the server can
alternatively employ a public or synthetically generated data
set for fitness evaluation, thereby ensuring that data privacy is
preserved.

Our goal is to learn a parameterized segmentation model in
a supervised manner on the aggregation of the data sets of all
hospitals. The model should generalize across the collective
data distributions of all participating hospitals, as well as to
external, out-of-distribution data, thereby enabling accurate
and general segmentation.

V. FEDGA: GENETIC ALGORITHM-GUIDED FEDERATED
LEARNING

The overall workflow of FedGA is shown in Figure 1. It
follows the client-server interaction of standard FL, along
with an end-to-end model flow. The server coordinates the
training process by broadcasting the global model θt to clients
in training round t. The clients use the global model as a
fresh starting point and perform local optimization on their
private data to achieve local objectives. After completing local
updates, each client sends its updates θkt to the server, which
aggregates the collected information from all participants into
a new global model version θ∗t+1 for the federated training
round t+1, which is sub-optimal due to the data heterogeneity
across the client hospitals. Subsequently, the server performs
metaheuristic optimization using a genetic algorithm (GA) to
produce a optimal global model θt+1. The new optimal global
model θt+1 is broadcast again by the server until T training
rounds are completed (or alternatively, until the successive
learned global models converge to a stable model).

A. Server Side Optimization

The high heterogeneity in both the feature and quantity
distributions across hospitals causes them to train local seg-
mentation models with conflicting gradients, leading to local
objectives that significantly deviate from the global objective.
When local models with conflicting gradients are aggregated
on the server, they often yield a suboptimal global model
that fails to generalize well to both in-distribution and out-
of-distribution data sets.

We hypothesize that this issue can be mitigated by searching
for the optimal global model from a suboptimal one through
the integration of Monte Carlo simulation with metaheuristic
optimization on the server at each communication round.
Based on this hypothesis, our solution incorporates a meta-
heuristic optimization process on the server on top of federated
averaging (FedAvg) at each training round to search for the
optimal global model from a suboptimal one in the solution
space. More specifically, at training round t, the server first
aggregates each client hospital’s updates θkt to produce an
intermediate global model θ∗t+1 for the next federated training
round t+ 1 using the FedAvg [15] algorithm as

θ∗t+1 =

K∑
k=1

nk

n
θkt , (3)

where nk = |Di| represents the number of data samples
held by client k and n = |D| denotes the total number
of samples across all participating clients. The server then
performs metaheuristic optimization by using a GA to find the
optimal global model θt+1 from the sub-optimal aggregated
model θ∗t+1. We chose GA because it is easy to implement,
requires a small amount of data, and can converge to an
acceptable solution close to the optimum in a reasonable
amount of time [25]. GA works in several steps: forming
a population of candidate solutions, evaluating their fitness,
selecting the fittest individuals, and creating new offspring
through crossover and mutation operations. These are de-
scribed below:

Forming initial populations. In this step, a set of candidate
models is generated in the search space via Monte Carlo simu-
lation from the averaged global model. As the initial candidate
set, we consider ten random models in the neighboring space
of the averaged global model, and implement the Monte Carlo
simulation by the Gaussian noise mechanism.

A neighboring model ĝ is generated from the suboptimal
averaged global model g by adding noise to its parameters:

ĝ = g + η, η ∼ N(0, σ2), (4)

where η is the Gaussian noise sampled from N(0, σ2) and σ2

is the variance of the noise. The original suboptimal global
model and the neighboring models generated in this step
comprise the initial population of metaheuristic optimization
in the next step. Inclusion of the suboptimal global model in
the set of candidate models ensures that the solution will not
perform worse than it.

Fitness evaluation. In this step, the fitness of each candidate
model is evaluated based on its precision in segmenting unseen
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Fig. 1: Overall workflow of the proposed FedGA framework.

images held by the coordinating hospital. This unseen data
set is expected to have a feature distribution that differs from
those of the participating hospitals, primarily due to varia-
tions in patient demographics, imaging protocols, or imaging
systems. DSC is used as the fitness function. Formally, the
fitness F of a candidate model M on the unseen data set
Dunseen = {(xi, yi)}mi=1 with xi and yi being the image and
the corresponding ground-truth segmentation mask is defined
as

F (M) =
1

m

m∑
i=1

2 · |M(xi) ∩ yi|
|M(xi)|+ |yi|

, (5)

where M(xi) is the predicted segmentation mask for the input
xi, | · | denotes the cardinality (e.g., the number of pixels in
the mask), and ∩ represents the intersection of the predicted
and the ground-truth masks in Dunseen.

Candidate model selection. In this step, models from the
current population are chosen to become the parent models
for the next generation to improve the overall population. We
adopt the elitism selection strategy [26], where the best per-
forming models are directly passed on to the next generation.
More specifically, we sort the models in the current population
according to their DSC such that F (M1) ≥ F (M2) ≥ · · · ≥
F (MN ), and the best N/2 models are selected for the next
generation, where N is the size of the population, which is 10
in our case.

New offspring generation. In this step, two genetic oper-
ations crossover and mutation are employed to generate new

and better candidate models from the candidate models of the
previous generation.

Crossover explores the solution space by combining in-
formation from two parent models to create one or more
offspring models. It preserves, propagates, and exploits the
best parameter components present in the parent models in the
offspring models. We consider a uniform crossover in which
each of the weights in the offspring model is independently
chosen from one of the parent models. Formally, a new
offspring model O from the two-parent models P1 and P2

is defined as

O(i, j) =

{
P1(i, j), if r < 0.5,

P2(i, j), if r ≥ 0.5,
(6)

where O(i, j), P1(i, j), and P2(i, j) are, respectively for
models O, P1, and P2, the weight between the i-th neuron
in layer l − 1 and the j-th neuron in layer l, and r ∈ [0, 1] is
a random value generated independently for each weight.

In turn, mutation helps to explore the solution space more
thoroughly by introducing diversity in the offspring models
and preventing the algorithm from getting stuck in local
optima. This diversity is implemented by adding Gaussian
noise to some randomly selected parameters of the offspring
model O with a probability of α as follows:

O′(i, j) =

{
O(i, j) +N (0, σ2), with probability α,

O(i, j) otherwise,
(7)
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where O′(i, j) is the updated weight at position (i, j) after
mutation, N (0, σ2) is Gaussian noise with mean 0 and vari-
ance σ2, and α is the probability of mutation that controls
the fraction of weights to which mutation is applied. We used
α = 0.1 in the experiments.

In this way, the crossover and mutation operations balance
exploration (searching new areas) and exploitation (refining
known good areas) in the solution space, helping to find (near)
optimal solutions during a particular training generation.

B. Client Side Optimization
Each client hospital downloads the new global model θt at

training round t and subsequently updates the model parameter
by minimizing the loss function L on their respective privately
held data set, using stochastic gradient descent as follows:

θkt = θt − η∇L(θt;Dk), (8)

where L(θt;Dk) is the weighted dice and cross-entropy
loss function, ∇L(θt;Dk) is the gradient computed on the
local data set Dk, and η is the local learning rate.

The complete FedGA workflow is formalized in Algorithm 1,
where the GA-based post-aggregation optimization module,
along with its associated inputs, is highlighted in blue to
distinguish it from conventional FL approaches. FedGA
performs additional optimization only on the server side,
while the client-side remain the same as in vanilla FL.
Moreover, this optimization is conducted on the distorted
versions of the aggregated global model generated by adding
Gaussian noise. Therefore, FedGA either improves or at
least offers the same level of privacy and robustness against
inversion attacks on the clients as vanilla FL.

VI. EXPERIMENTAL SETUP

A. Tasks and data sets
FedGA was evaluated in two medical image segmenta-

tion tasks of two different modalities. For both tasks, the
data associated with the simulated clinical centers exhibited
heterogeneous distributions, primarily due to variations in
imaging conditions such as scanner manufacturers, magnetic
field strengths, acquisition protocols, and patient populations.
Moreover, these two data sets are the largest available image
sets that match the scenario addressed in this paper.

Prostate segmentation: For this task, we collected Mag-
netic Resonance Imaging (MRI) data sets from three public
repositories: NCI-ISBI13 [27], I2CVB [28] and PROMISE12
[29]. Some of these data sets are multimodal; however,
for the purposes of our experiments, we exclusively used
the T2-weighted (T2w) modality. Since the NCI-ISBI13 and
PROMISE12 data sets contain data from multiple sources, we
separated each source and treated it as an individual client
in the federated scenario, resulting in six federated sites.
Specifically, across the six sites, samples from Sites A and
B are from the NCI-ISBI13 data set; samples from Site C
are from the I2CVB data set; and samples from Sites D, E,
and F are from the PROMISE12 data set. Table I illustrates
the details of the scanners, imaging protocols, data sources,

Algorithm 1 FedGA: Genetic Algorithm-Guided FL
Input: Number of clients N , minibatch size B, local epochs E, learning rate
η, population size P , generations Gmax, crossover probability Pc, mutation
probability Pm

Output: θT , optimized global model after T rounds
1: Server Executes
2: Initialize global model θ0
3: for each round t = 0, . . . , T − 1 do
4: for each client k ∈ {1, . . . ,K} in parallel do
5: θkt ← LOCALUPDATE(θt, B,E, η)
6: end for
7: θ∗t+1 ←

∑K
k=1

nk
n

θkt ▷ FedAvg aggregation

8: P ← {θt+1 +∆k | ∆k ∼ N (0, σ2), p = 1, . . . , P}
9: for generation g = 1, . . . , Gmax do

10: Evaluate fitness f(M) for each M ∈ P using server data
11: Sort P by fitness and retain the top P/2 as parents
12: Generate offspring O via crossover with probability Pc

13: Mutate O with probability Pm

14: P ← P ∪O
15: end for
16: θt+1 ← argmaxM∈P f(M)
17: end for
18: return θT
19: Client Executes
20: function LOCALUPDATE(θ,B,E, η)
21: for epoch e = 1, . . . , E do
22: for each minibatch b of size B do
23: θ ← θ − η∇L(θ; b)
24: end for
25: end for
26: return θ
27: end function

and number of slices for the sites. For all sites, we adopted
the same image preprocessing pipeline outlined in [30]. All
images were preprocessed to ensure a consistent field of view
centered on the prostate region and resized to dimensions of
384×384 in the axial plane. Intensity values were subsequently
normalized to have zero mean and unit variance.

Breast lesion segmentation: For this task, we curated four
breast ultrasound (US) image data sets from public sources:
BUS-BRA [31], BUSI [32], and QAMEBI [33]. The BUS-BRA
data set comprises images acquired from multiple US scanners
with distinct hardware configurations and imaging protocols.
To preserve data heterogeneity and reflect real-world cross-silo
scenarios, we partitioned the data according to the originating
scanner, treating each subset as an independent client within
the FL scenario. This resulted in six federated sites (A-F).
More specifically, the imaging samples from sites D and E
were derived from the BUSI and QAMEBI data sets, respec-
tively, and the samples from sites A, B, C, and F originated
from the BUS-BRA data set. Table II gives details on US
systems, imaging protocols, data sources, and the number of
images per site. The same preprocessing pipeline was applied
to the images across all sites to ensure data consistency. Both
images and segmentation masks were converted to grayscale to
enforce a single-channel representation. Intensity values were
normalized to reduce variability between different US systems,
with each pixel intensity re-scaled based on the minimum
and maximum values in the image to confine them within
the range [0, 1]. Finally, all images and labels were resized
to a standardized spatial resolution of (384, 384) to enable
consistent batch processing and efficient model training.

As shown in Tables I and II, the data of each site for a
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specific task are different from those of other sites in terms of
MRI or US systems, imaging protocols, patient demographics,
and the number of slices or images.

To quantify feature heterogeneity across images originat-
ing from different sites for a given task, we compute the
Fréchet Inception Distance (FID) between each pair of site-
specific data sets associated with that task. FID evaluates
the dissimilarity between two sets of images by comparing
their feature distributions, specifically capturing differences
in both the first-order (mean) and second-order (covariance)
statistics of features extracted by a pre-trained deep neural
network. A higher FID score reflects greater divergence in
feature representations between data sets. The FID scores
for the prostate and breast lesion segmentation tasks are
visualized as heatmaps in Figures 2 and 3, respectively. As
shown, both tasks exhibit consistently elevated FID values
between data sets from different sites, underscoring substantial
cross-site feature heterogeneity. This naturally introduces both
feature and quantity distribution heterogeneity, creating a more
realistic and challenging setting for FL.

Fig. 2: FID values between data sets from the sites in Table I
for the prostate segmentation task.

Fig. 3: FID values between data sets from the sites in Table
II for the breast lesion segmentation task.

B. Segmentation Models

We adopted a 2D residual U-Net architecture for the breast
lesion segmentation task. The model takes single-channel
2D images as input and outputs a two-channel segmentation
mask corresponding to the lesion and background classes. The
network consists of five encoding-decoding levels with channel
dimensions set to [16, 32, 64, 128, 256], and downsampling
is performed using strides of [2, 2, 2, 2] at each level.
Each convolutional block in both the encoder and decoder
paths comprises two residual units, which facilitate improved
gradient flow and training stability. Skip connections are used
between corresponding encoder and decoder levels to preserve
spatial information. The model outputs per-pixel class proba-
bilities, which are subsequently post-processed using softmax
for final mask prediction.

On the other hand, we used a 2D Attention U-Net archi-
tecture for the prostate segmentation task because the seg-
mentation was modeled as slice-based segmentation, following
previous FL studies [23], [24] on this data set, to ensure
computational feasibility in the federated setting.. The input
and output channels, as well as the encoder-decoder structure,
were kept consistent with those used in the 2D Residual
U-Net for the breast lesion segmentation task. Unlike the
Residual U-Net, this model integrates attention gates into the
skip connections between the encoder and decoder pathways.
These gates leverage an attention mechanism that enables
the network to focus on salient features relevant to prostate
anatomy while suppressing irrelevant or noisy activations.

It is worth noting that FedGA can be extended to any model
architecture because it is model-agnostic and operates solely
on the server side using aggregated model parameters. In
particular, it does not require any modifications to the model
architecture or training procedure on the client side, which
makes it versatile.

C. Evaluation Criteria and Metrics

We split each client’s data into training and validation sets
in an 80/20 ratio. The training subset was used for local model
updates, while the validation subset was used to enforce early
stopping regularization and choose the best local model across
local epochs. The server data were split into two mutually
exclusive segments: one was used for server-side optimization
via a GA, and the other part was kept reserved for global
model performance evaluation.

For evaluation and comparison, we used DSC, which as-
sesses the similarity between the predicted and ground-truth
segmentation masks:

DSC(X,Y ) =
2|X ∩ Y |
|X|+ |Y |

, (9)

where X and Y denote the predicted segmentation and the
ground-truth mask, respectively. Additionally, the 95th per-
centile Hausdorff Distance (HD95) was employed to evalu-
ate boundary consensus between ground-truth and predicted
masks. HD95 can be calculated as follows:

HD95(X,Y ) = PC95(h(X,Y ), h(Y,X)), (10)
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TABLE I: Overview of data sets from different federated sites for the prostate segmentation task.

data set Institute Manufacturer Field Strength (T) Resolution (in-plane/ through-plane) in mm Endorectal Coil # Cases # Slices

Site A [27] RUNMC Siemens 3 0.6–0.625/3.6–4.0 No 30 421
Site B [27] BMC Philips 1.5 0.4/3 Endorectal 30 384
Site C [28] I2CVB Siemens 3 0.67-0.79/1.25 No 19 468
Site D [29] BIDMC GE 3 0.25/2.2–3 Endorectal 12 261
Site E [29] HK Siemens 1.5 0.625/3.6 Endorectal 12 158
Site F [29] UCL Siemens 1.5 and 3 0.325–0.625/3–3.6 No 13 175

TABLE II: Overview of data sets from different federated sites for the breast lesion segmentation task.

data set US System Probe Type Frequency Range (MHz) # Patients # Images

Site A [31] Toshiba Aplio 300 – 12–14 72 902
Site B [31] GE Logiq 5 – 10–12 490 1064
Site C [31] GE Logiq 7 – 10–14 488 809
Site D [32] LOGIQ E & LOGIQ E9 Agile Matrix Linear probe 1–5 – 697
Site E [33] AirPlorer Ultimate Linear probe 5–18 – 232
Site F [31] GE U-Systems – 12–14 14 25

where

h(X,Y ) = max
x∈X

min
y∈Y

∥x− y∥,

h(Y,X) = max
y∈Y

min
x∈X

∥y − x∥,
(11)

and PC95 is the 95th percentile. The higher DSC and the
lower HD95, the better.

D. Baseline Methods
We compared our method with the FedBN state-of-the-

art FL method [17], which is the only method designed to
address non-IID features among clients. As reference, we also
evaluated the vanilla FL method FedAvg and two other baseline
methods designed to address non-IID label distributions or
label distribution skewness between clients: FedProx [4] and
SCAFFOLD [14]. Finally, we compare FedGA with Fed-
CLAM [24], which is explicitly designed for medical image
segmentation with non-IID data.

E. Implementation Details
Federated training was conducted over 20 communication

rounds, and each client performed 10 local epochs per round.
The model architecture and hyperparameters were the same
across all clients to ensure system homogeneity. The param-
eters of the initial global model were initialized using the
default initialization schemes provided by the PyTorch library.
Local models were optimized using the Adam optimizer,
configured with momentum parameters β1 = 0.9 and β2 =
0.99, a learning rate of 1× 10−3 and a batch size of 128.

The optimization was used to minimize the weighted combi-
nation of DSC and Cross-Entropy losses, with equal weighting
assigned to both components. This approach aimed to maxi-
mize class overlap via the DSC and pixel-wise classification
accuracy through the Cross-Entropy loss.

To avoid overfitting and improve computational efficiency,
early stopping regularization was applied to local model up-
dates in each communication round to terminate the training

process if the DSC did not improve for three consecutive
epochs. For the FedGA method, we set the crossover and
mutation probabilities to 0.5 and 0.1, respectively, for both
tasks, as these values have been shown to perform optimally in
the literature. In Section VII-G we report an ablation study on
these parameters that further reinforce our choice. To initialize
the candidate population, we sampled 10 random models in
the local neighborhood of the averaged global model using a
Gaussian-noise–based Monte Carlo sampling mechanism. For
both tasks, the GA was executed for 20 generations.

Segmentation models, image preprocessing, and local train-
ing pipelines were implemented using the MONAI framework,
built on top of PyTorch with CUDA support for GPU accel-
eration. The overall federated training pipeline used Python
3.10.12, with Scikit-learn 2.7 leveraged for auxiliary machine
learning utilities and data handling. All experiments were
executed on a system equipped with an Intel Xeon Silver 4114
processor, 64 GB of RAM, and an NVIDIA A10 GPU with
24 GB of VRAM, running on Ubuntu 22.04.3 LTS operating
system.

VII. EMPIRICAL RESULTS

A. Misalignment of Local Models Induced by Feature
Heterogeneity

This section empirically validates and illustrates how het-
erogeneity in feature distributions and the number of images
across hospitals gives rise to hospital-specific segmentation
models with inherently conflicting gradient directions.

For this illustration, we trained five independent segmenta-
tion models for each segmentation task outlined in Section VI-
A, using data from five different hospitals associated with each
task. Subsequently, each model was evaluated on data from an
external hospital corresponding to the same task but exhibiting
a markedly different feature distribution. We used the same
network architecture, initial parameters, and hyperparameters
to train each of the five models corresponding to a task.
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Specifically, for breast lesion segmentation from US images,
we trained five independent models using data from hospitals
labeled A through E and evaluated their performance on data
from hospital F, as detailed in Table II. Similarly, five models
were trained on data from hospitals A to E for prostate
segmentation from MRI images and tested on the data set
from hospital F, as shown in Table I.
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Models
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Fig. 4: Model performance across sites on a common out-of-
distribution and unseen data set for breast lesion segmentation.
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Fig. 5: Model performance across sites on a common out-of-
distribution and unseen data set for prostate segmentation.

As Figure 4 shows, the DSC of the models from different
sites varies from 0.34 to 0.71 for the breast lesion segmentation
task on the external data set. Similarly, prostate segmentation
models in MRI follow the same pattern, with a DSC ranging
from 0.06 to 0.49, as shown in Figure 5. This validates our
assumption: the gradients of individual models might conflict
with each other and not align in a consistent direction due
to the non-IID feature distribution. When such conflicting
gradients are aggregated, they produce a global model that
converges to a local optimum in the search space rather than
a global optimum.

B. Validation of FedGA Across Different FL Settings

We next validate the stability of FedGA across both seg-
mentation tasks under varying FL settings. Specifically, we
assess the consistency and stability of each client, where both
the participating clients and the datasets used for GA-based
optimization on the server side differ.

To simulate different FL settings for a given segmentation
task, we designate one hospital associated with that task as

the server and assign the remaining hospitals as participating
clients. This process is repeated until every hospital has acted
as the server. Consequently, across different FL settings, at
least one participating client changes, and both the number
and set of images used for fitness evaluation vary accordingly.

For example, in the first FL configuration of the breast
lesion segmentation task, site A was designated as the server,
while sites B–F (as listed in Table II) served as clients.
The GA-based model optimization employed 451 images,
corresponding to 50% of site A’s patient data, for the fitness
evaluation. In the final FL configuration, site F acted as the
server, with sites A–E as clients. Here, 12 mutually exclusive
images (50% of patient data from site F) were used for fitness
evaluation. For each client, we evaluated all global models in
terms of DSC and HD95 within FL settings that include that
client, using its local test set. We then calculated the mean
and standard deviation (SD) of DS and HD95 along with a
95% bootstrap confidence interval (CI). The results are sum-
marized in Tables III and IV for the breast lesion and prostate
segmentation tasks, respectively. The small SDs and narrow
bootstrap CIs observed across all sites for both segmentation
tasks indicate that FedGA is robust to variations in FL settings,
including the subset of participating clients and the image used
for metaheuristic optimization at the server. FedGA remains
stable under heterogeneous FL configurations by searching
for the optimal global model in each communication round,
thereby ensuring that the learning dynamics converge toward
a balanced equilibrium.

TABLE III: DSC and HD95 statistics (mean, standard devi-
ation, and 95% confidence interval) per site across different
federated settings for the breast lesion segmentation task.
The 95% confidence interval was estimated via bootstrapping
the scores across federated settings.

Sites DSC HD95 (mm)
Site A 79.35 ± 1.93 [77.84, 80.70] 45.85 ± 1.16 [44.97, 46.83]
Site B 86.74 ± 1.79 [85.40, 88.16] 28.23 ± 1.20 [27.16, 29.11]
Site C 85.45 ± 1.86 [84.11, 86.99] 35.99 ± 1.40 [35.01, 37.26]
Site D 75.01 ± 1.84 [73.61, 76.37] 56.52 ± 1.70 [54.97, 57.66]
Site E 82.67 ± 1.74 [81.39, 84.11] 47.71 ± 1.44 [46.56, 48.70]
Site F 81.61 ± 1.26 [80.68, 82.65] 51.37 ± 1.18 [50.48, 52.38]

TABLE IV: DSC and HD95 statistics (mean, standard devi-
ation, and 95% confidence interval) per site across different
federated settings for the prostate segmentation task. The
95% confidence interval was estimated via bootstrapping the
scores across federated settings.

Sites DSC HD95 (mm)
Site A 84.06 ± 1.31 [82.90, 84.88] 13.16 ± 0.33 [12.85, 13.40]
Site B 83.96 ± 0.86 [83.28, 84.65] 11.08 ± 0.27 [10.89, 11.29]
Site C 36.00 ± 1.73 [34.55, 37.42] 138.57 ± 3.45 [135.87, 141.28]
Site D 85.04 ± 1.40 [83.98, 86.09] 15.97 ± 0.76 [15.43, 16.65]
Site E 86.07 ± 1.26 [85.10, 86.96] 09.50 ± 0.40 [09.18, 09.80]
Site F 80.94 ± 1.70 [79.54, 82.14] 33.60 ± 1.53 [32.45, 34.72]

C. Comparison for Out-of-Domain Generalization
We next evaluate how well FedGA performs compared to

existing FL methods when handling data distributions not seen
during training (e.g., data from a completely new site).
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For this experiment, we designated Site F as the server,
and the remaining sites as clients for both tasks. We evaluated
the performance of the best global model across all federated
training rounds on the server data, which are not directly
exploited in the training process. To rigorously evaluate per-
formance differences between FedGA and competing baseline
methods, we also conducted statistical hypothesis testing us-
ing per-test image DSC and HD95 scores. Specifically, we
evaluated each method on the test set, recording the DSC
and HD95 scores for each image in the data sets, and then
performed a pairwise comparison between FedGA and each
of the baseline methods based on the resulting DSC and
HD95 values. Before significance testing on the difference, we
applied the Shapiro–Wilk test (with a significance threshold
of p = 0.05) to determine whether the DSC and HD95 scores
followed a normal distribution. If both methods yielded p-
values greater than 0.05, we used a paired t-test. Otherwise,
we employed the non-parametric Wilcoxon signed-rank test
to ensure robust statistical inference. Table V summarizes
the quantitative performance (mean ± standard deviation) of
FedGA and the comparative baseline methods across two
segmentation tasks. It also reports the p-values from statistical
tests conducted between each baseline method and FedGA.

At first glance, it is clear that, for both tasks, our method
consistently outperformed state-of-the-art approaches in terms
of DSC and HD95. The performance improvements are sta-
tistically significant, as indicated by p-values < 0.001 for all
baseline methods across both tasks and metrics. This improve-
ment can be attributed to the GA’s server-side metaheuristic
optimization, which searches for the best model from the
suboptimal global models in each training round.

FedAvg and FedProx show suboptimal performance, with
inconsistent effectiveness across imaging modalities. FedProx
outperforms FedAvg in ultrasound imaging, while FedAvg
achieves better results in MRI segmentation. FedAvg’s sub-
optimal performance is expected, as it lacks mechanisms to
mitigate inter-client data heterogeneity, including label and
feature distribution skewness. On the other hand, FedProx
adds a proximal term to prevent client updates from straying
too far from the global model. Although this helps mitigate
label distribution skew in classification models, it can be
overly restrictive for segmentation tasks where pixel-level
classification is required. This restriction prevents clients from
adequately adapting to their local data for segmentation tasks,
leading to underfitting. In addition, the feature encoder stays
far behind the output layer in segmentation models. As a
result, the impact of regularization for feature harmonization
diminishes during backpropagation.

FedBN and SCAFFOLD exhibit the worst performance
in out-of-domain segmentation. Despite being designed to
address feature heterogeneity, FedBN performs poorly because
it follows a personalized federated learning approach: instead
of producing a single global model, it generates client-specific
local models by fine-tuning the global model on local data to
better capture unique distributions and client-specific patterns.
Since it does not aggregate batch statistics across clients, it
fails to harmonize features among them, which limits its ability
to generalize to unseen out-of-domain data sets.

SCAFFOLD’s poor performance in segmentation tasks is
due to its inability to accurately capture spatial relationships
and structures within input images and masks. SCAFFOLD
was originally developed to address the skewness of the label
distribution in classification tasks, where each input is reduced
to a single class label. In contrast, segmentation performs
pixel-wise annotations, where spatial relationships and bound-
ary and edge information are crucial. However, SCAFFOLD’s
variance correction mechanism (control variates) distorts spa-
tial structures, boundary, and edge information, and intro-
duces artifacts in the predicted masks, ultimately degrading
segmentation performance. The performance of FedCLAM
is worse than that of FedAvg and FedProx, as its design
objective focuses on producing a well-fitted model for the
data distribution of the participating clients in federation, while
completely neglecting out-of-domain generalization.

D. Comparison as a Personalized Approach

This section evaluates FedGA as a personalized approach.
Instead of building a global model, each client produces a
customized model that adapts to its data distribution but that
benefits from the knowledge aggregated from other clients’
data. To implement this approach, we fine-tune the global
model on each client’s training set (80% of the data) and
evaluate its performance on the validation set (20% of the
data). The results are presented in Tables VI and VII for the
breast lesion and prostate segmentation tasks, respectively.

In the breast lesion segmentation task, four personalized
models achieved the highest DSC, and three attained the
highest HD95 out of five personalized models produced by
FedGA across five sites. For the remaining model, the DSC
or HD95 of FedGA are comparable to those of the best-
performing method, FedAvg, with no significant drop in score.
The other three baseline methods fail to produce personalized
models that outperform FedGA due to the reasons outlined in
the previous section.

For the prostate MRI segmentation task, FedGA followed
a similar trend, achieving the highest HD95 for three out
of five personalized models. However, unlike breast lesion
segmentation, FedBN outperformed FedGA in the remaining
two models. All personalized models produced by FedBN
were expected to deliver the best performance for both tasks,
as its design explicitly targets delivering personalized models.
Nevertheless, many of FedGA’s personalized models across
different sites offer the best high-precision segmentation for
both tasks, further indicating FedGA’s effectiveness.

A notable observation is that DSC drops to 35.86 for Site
C in the prostate segmentation task, as reported in Table VII.
This drop can be explained by the clearly visible and distinct
tumor size distributions observed at Site C, as illustrated in
the violin plot in Figure 6. The prostate size distribution at
Site C is much wider and is shifted higher, with a median size
much larger than at the other sites. A Kruskal-Wallis test also
revealed a statistically significant difference in prostate size
distributions (H = 274.298, p-value = 3.340× 10−57). Post-
hoc Mann-Whitney U tests with Holm correction confirmed
that Site C differed significantly from all other sites (all
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TABLE V: Generalization performance of baseline methods (FedAvg, FedProx, SCAFFOLD, FedBN, FedCLAM) and
our proposed method (FedGA) on out-of-distribution domains across two tasks: prostate segmentation and breast lesion
segmentation. The best values are highlighted in bold.

Method
Breast Lesion Segmentation Prostate Segmentation

DSC ↑ p-value HD95 (mm) ↓ p-value DSC ↑ p-value HD95 (mm) ↓ p-value
FedAvg [15] 81.77±2.42 1.906e-04 59.14±2.67 1.976e-07 64.64±2.97 1.451e-03 83.23±3.24 1.936e-12
FedProx [4] 82.62±1.48 4.903e-04 60.62±1.98 6.960e-14 58.47±2.90 6.327e-11 97.28±2.73 4.200e-24
SCAFFOLD [14] 72.06±2.31 4.397e-22 83.22±3.27 8.644e-24 24.44±2.44 1.263e-31 150.40±2.40 1.967e-38
FedBN [17] 65.25±2.78 6.760e-22 110.34±2.63 9.471e-32 20.95±3.85 5.056e-27 75.52±3.58 3.175e-03
FedCLAM [24] 78.83±1.91 1.487e-11 62.37±1.52 1.961e-16 57.98±1.98 1.194e-14 89.21±1.93 6.782e-22
FedGA 84.52 ±1.58 – 54.16±1.92 – 66.29±1.52 – 72.13±1.43 –

TABLE VI: Personalized performance across federated sites for baseline methods (FedAvg, FedProx, SCAFFOLD, FedBN,
FedCLAM) and the proposed method (FedGA) evaluated on site-specific test data for the breast lesion segmentation task.
The best values are highlighted in bold, while the second-best values are underlined.

Method
DSC ↑ HD95 (mm) ↓

Site A Site B Site C Site D Site E Site A Site B Site C Site D Site E
FedAvg [15] 76.90 87.13 83.66 74.87 82.70 45.98 30.59 42.27 56.37 50.22
FedProx [4] 75.79 86.61 83.34 74.11 80.99 54.69 30.31 42.99 61.69 57.32
SCAFFOLD [14] 67.38 82.87 81.26 63.37 74.19 56.76 62.78 45.56 83.71 66.40
FedBN [17] 77.75 84.04 80.17 63.58 78.06 52.85 48.67 51.33 83.59 59.20
FedCLAM [24] 76.87 85.49 83.90 71.89 82.63 55.94 29.79 40.87 58.11 52.17
FedGA 78.49 87.94 84.69 74.85 83.55 46.08 28.36 36.29 56.90 48.25

TABLE VII: Personalized performance across federated sites for baseline methods (FedAvg, FedProx, SCAFFOLD, FedBN,
FedCLAM) and the proposed method (FedGA) evaluated on site-specific test data for the prostate segmentation task. The
best values are highlighted in bold, while the second-best values are underlined.

Method
DSC ↑ HD95 (mm) ↓

Site A Site B Site C Site D Site E Site A Site B Site C Site D Site E
FedAvg [15] 83.02 83.80 35.69 83.32 86.28 14.54 14.49 141.25 17.16 11.21
FedProx [4] 83.53 84.50 33.67 82.87 84.93 13.17 12.65 154.51 17.93 10.97
SCAFFOLD [14] 70.26 77.37 54.62 74.76 74.57 29.65 27.09 142.25 24.80 34.70
FedBN [17] 82.29 85.44 72.50 84.41 88.47 17.66 16.51 110.10 13.66 14.27
FedCLAM [24] 83.11 83.03 36.87 83.24 84.11 15.33 16.51 153.76 17.09 16.85
FedGA 84.25 84.80 35.86 84.84 85.75 13.05 14.08 143.22 15.92 9.63

TABLE VIII: Leave-one-site-out validation results for the breast lesion segmentation. The best values are highlighted in bold.

Method
DSC ↑ HD95 (mm) ↓

Site A Site B Site C Site D Site E Site F Mean Site A Site B Site C Site D Site E Site F Mean
FedAvg [15] 71.19 80.59 80.18 68.89 81.61 81.77 77.37 64.20 60.65 52.84 81.67 53.97 59.14 62.08
FedGA 73.35 78.79 80.03 68.64 82.22 84.52 77.93 55.98 64.83 48.16 74.27 52.28 54.16 58.28

TABLE IX: Leave-one-site-out validation results for the prostate segmentation task. The best values are highlighted in bold.

Method
DSC ↑ HD95 (mm) ↓

Site A Site B Site C Site D Site E Site F Mean Site A Site B Site C Site D Site E Site F Mean
FedAvg [15] 67.41 66.40 35.75 73.06 78.73 64.64 64.33 36.32 49.38 136.97 45.49 19.27 83.23 61.78
FedGA 69.30 67.04 38.06 72.80 79.09 66.29 65.43 36.80 31.64 132.74 33.63 19.33 72.13 54.38

corrected p-values < 3.039083 × 10−6), with large effect
sizes (Cliff’s δ > 0.496). This deviation may arise from
differences in patient demographics, segmentation protocols,
or annotation inconsistencies. On the other hand, the DSC
scores for the breast lesion segmentation task remain consis-

tent between sites, as presented in Table VI, due to the lack of
substantial variation in the tumor size distribution among them,
as shown in Figure 7. The performance decline for Site C is
consistent with our expectations, given that FedGA is primarily
designed to deal with feature heterogeneity across sites rather
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than inconsistency in the segmentation protocol or annotation
quality. Future work will aim to model and explicitly mitigate
these additional sources of domain shift.

Fig. 6: Distribution of prostate sizes across sites in the prostate
segmentation task.

Fig. 7: Distribution of tumor sizes across sites in the breast
lesion segmentation task.

E. Performance on Leave-One-Site-Out Validation

We also used a leave-one-site-out evaluation protocol to test
the generalizability of FedGA on both tasks, following the
approach outlined in [30]. This protocol iteratively designates
one site as the FL server while using the remaining sites as
clients for model training. We also implemented the FedAvg
baseline using the same protocol for a fair comparison.

More specifically, this protocol evaluated the generalization
of FedGA on two segmentation tasks using two distinct model
architectures (Residual UNet for breast lesion segmentation
and Attention UNet for prostate segmentation) and different
FL settings in terms of the client hospitals, the number and
selection of images used for metaheuristic optimization on
the server. For example, for the unseen site A, hospitals B–F
joined FL (as shown in Table I). The fitness function was
evaluated using 451 images, corresponding to 50% of patients
from site A. In contrast, for the unseen site F, the participating
hospitals were sites A–E. Here, 12 exclusive images, represent-
ing 50% of site F’s patients, were used for fitness evaluation.

Thus, for each unseen site, at least one participating client
differed and both the number and the image set for evaluation
changed. In addition, two different network architectures were
used for the two segmentation tasks. As shown in Table VIII
and Table IX, FedGA outperforms FedAvg on both metrics on
average in both tasks, across different model architectures and
diverse FL settings. This demonstrates its generalizability.

FedGA also greatly improves the HD95 score, indicating
more accurate and precise tumor boundary delineation. This
precision in the boundary region ensures that radiation is
applied to the tumor while protecting healthy tissue, reduc-
ing adverse effects, and improving patient outcomes. This
also helps to decide the best intervention approach, whether
surgery, radiation therapy, or targeted drug delivery in the case
of cancer treatment.

This experiment protocol also provides a thorough valida-
tion of FedGA under varying numbers of images used for
fitness evaluation, thereby addressing the question of how
many unseen images are necessary for this purpose. In the
breast lesion segmentation task, 451, 511, 397, 384, 50, 116
and 12 unseen images were employed for fitness evaluation,
corresponding to 50% of the total images (a patient-level
partition was performed whenever patient information was
available) from the unseen sites A–H, respectively. Similarly,
in the prostate segmentation task, 210, 192, 221, 130, 79
and 78 unseen images were used at the leave-out sites A–H,
also representing 50% of the data from each site. The results
presented in Table VIII and Table IX demonstrate that FedGA
remains robust with respect to the number of unseen images
used for fitness evaluation, with as few as 12 unseen images
proving sufficient for fitness evaluation.

F. Computational and Communication Costs, Memory
Usage, and Scalability Analysis

We empirically evaluate FedGA’s overall computational and
communication efficiency in comparison to FedAvg by ana-
lyzing their learning dynamics and training time. Specifically,
we report the training time overhead introduced by FedGA
on the server side and track the evolution of the DSC of the
global models for both methods on unseen data throughout the
training process for the breast lesion segmentation task. The
same experimental setup described in Section VII-C is used
here for the breast lesion segmentation task.

Table X presents the training times for both methods for
a single FL round (client-side model training and server-side
model aggregation and optimization) on average, computed
over 20 rounds, and the percentage of computational overhead
incurred by FedGA. At first glance, FedGA appears to intro-
duce 15.04% computational overhead due to the server-side
metaheuristic optimization. However, the learning dynamics
shown in Figure 8 indicates that FedGA reached its highest
DSC in the 13th communication round, outperforming FedAvg
in both accuracy and communication efficiency. In compar-
ison, FedAvg achieved its highest DSC in the 19th round.
Converging six rounds earlier, FedGA reduces the computa-
tional burden on both the client and server sides: it saves 30
client-side model updates and 6 server-side aggregations and
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broadcasts, which account for 20.29% savings of computation,
as shown in Table XI. Therefore, the additional server-side
overhead imposed by FedGA is more than compensated for
by the cumulative computational savings between clients. In
addition, the reduction in client-side updates and communica-
tion rounds results in lower energy consumption and a reduced
carbon footprint, making FedGA not only more efficient but
also more environmentally sustainable, aligning well with the
operational realities and ethical priorities FL deployments.

FedGA incurs additional memory usage only on the server
side for processing candidate solutions during GA-based op-
timization. Memory usage depends on the model size used
for segmentation, but it should have minimal impact on server
performance, as server environments are usually equipped with
enough memory for large-scale data processing.

In this context, FedGA is well-suited for typical healthcare
scenarios. In such cases, developing high-quality and trust-
worthy models using limited and heterogeneous data sources
while minimizing communication rounds and carbon footprint
is more critical and desirable than reducing server-side com-
putational overhead or memory consumption, as healthcare
servers are not expected to be resource-constrained.

Regarding scalability with an increasing number of clients,
FedGA generates a fixed number of initial candidate solutions
(models) from the aggregated global model for GA-based op-
timization, irrespective of the number of clients. Consequently,
the server-side workload remains constant as additional clients
join the federation. In other words, the computational complex-
ity of the GA module is O(1). Therefore, FedGA is expected
to maintain consistent performance regardless of the number
of participating clients.

TABLE X: Average runtime (in seconds) per training round
for FedAvg and FedGA, and percentage of runtime overhead
introduced by FedGA, calculated over 20 training rounds.

FedAvg (s) FedGA (s) Overhead (%)
904.18 1040.18 +15.04%
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Fig. 8: DSCs of global models for FedGA and FedAvg on
unseen data of Site F over 20 communication rounds of FL
for the breast lesion segmentation task.

TABLE XI: Optimal runtime (calculated as the average runtime
per round multiplied by the number of rounds required for
convergence) for each method (FedAvg and FedGA), along
with the cumulative time savings (%) achieved by FedGA.

FedAvg (s) FedGA (s) Saving (%)
17179.42 13522.34 -21.29%

G. Ablation Study of GA Parameters

Finally, we conduct an ablation study for the two most criti-
cal parameters of our GA module: Pc and Pm. The parameter
space considered for Pc is {0.4, 0.5, 0.6}, while for Pm it
is {0.05, 0.1, 0.2}. The same experimental setup described in
Section VII-C is used here for breast lesion segmentation.
The DSC and HD95 values for each Pc-Pm pair are shown
as heatmaps in Figure 9. A Pc of 0.5 and a Pm of 0.1 –as
we have used so far– yielded the highest scores, balancing
exploration and exploitation. High crossover and mutation
rates make the GA too random, lowering performance. In
contrast, high crossover with low mutation rates leads to
premature convergence due to inadequate diversity.
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Fig. 9: Heatmaps from the ablation study of GA parameters,
showing the DSC (left) and HD95 (right) across different
combinations of crossover and mutation probabilities.

VIII. POTENTIAL CLINICAL IMPACT

The potential clinical impact of FedGA lies in its ability
to facilitate the joint development of a robust and generalized
clinical decision support tool for medical image segmentation
across diverse healthcare institutions (despite variations in
patient demographics, imaging protocols, and imaging sys-
tems), while ensuring patient privacy and compliance with
relevant regulations. Moreover, by allowing access to diverse
datasets from multiple institutions, FedGA could facilitate
more reliable diagnosis and treatment planning, particularly
for underrepresented populations and hospitals with limited
data, computational resources or clinical expertise. This could
eventually improve patient outcomes and support broader and
more equitable access to AI-assisted healthcare.

It is worth mentioning is that the variability in annotation
quality and the scale of participating institutions can affect
the generalizability of the model. Further validation on larger,
multi-institutional datasets and across diverse imaging modal-
ities is essential to confirm its future clinical use.
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IX. CONCLUSIONS AND FUTURE WORK

We have presented FedGA, a method that integrates a
genetic algorithm into the server-side global model optimiza-
tion process to address the fundamental challenge of feature
distribution shift across clients in FL for (medical image) seg-
mentation. A comprehensive evaluation of two segmentation
tasks across two different medical imaging modalities shows
substantial improvements versus related works.

Future work will explore alternative metaheuristic ap-
proaches, such as differential evolution [34] and particle
swarm optimization [35], as potential replacements for genetic
algorithms to reduce the server-side computational overhead of
model optimization. We also plan to investigate FedGA’s per-
formance and generalizability in federated multimodal datasets
and multitask learning [36] settings for simultaneous medical
image segmentation and classification tasks.
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