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• Analyse the impact of FedWSOComp, an integrated strategy combining top-k sparsification, quantization, and entropy-based encoding.

• The performance of 18 different configurations (including IID and non-IID) was evaluated systematically.

• High retention (60%) with fine quantization (64 clusters) optimizes performance.
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A B S T R A C T

Brain tumour segmentation is a key application of AI in neuroimaging. Recently, federated learning (FL) has 

emerged as a strategic and increasingly relevant paradigm in neural computing due to its ability to address key 

challenges in large-scale neural network training, such as data access, privacy, collaborative learning, and model 

robustness. However, its adoption is currently hindered by high communication costs and the heterogeneity 

of client data. In this study, we investigated an efficient FL framework for brain tumour segmentation based 

on communication-aware optimization. We evaluated FedWSOComp, which integrates sparsification, quantiza­

tion, and entropy-based encoding, in combination with a 3D U-Net architecture under both homogeneous and 

heterogeneous data distributions. The multi-institutional FeTS 2024 dataset was employed and partitioned into 

independent and identically distributed (IID) and non-IID settings, with an independent test set of 67 patients. An 

overall of 18 configurations combined sparsification rates and quantization levels. Performance was measured 

using Dice Similarity Coefficient (DSC) and 95th percentile Hausdorff Distance (HD95). Experimental results 

demonstrated that aggressive compression caused severe degradation in segmentation quality, with HD95 ex­

ceeding 60 mm. In contrast, higher retention with finer quantization achieved the best balance between efficiency 

and accuracy, reaching a DSC of 0.98±0.09 and HD95 of 10.40±15.54 mm on the test set under non-IID conditions. 

The findings demonstrated that, when configured with moderate-to-fine quantization and high sparsification re­

tention, FedWSOComp enabled accurate and communication-efficient federated brain tumour segmentation. This 

study provides quantitative evidence and practical guidance for the deployment of FL-based segmentation models 

in privacy-sensitive and bandwidth-constrained clinical settings.

1 . Introduction

Brain tumour segmentation plays a vital role in identifying and de­

lineating abnormal regions within brain imaging data, enabling accurate 

diagnosis and treatment planning and it is a major use case in AI for neu­

roimaging. Among the primary imaging modalities employed, computed 

tomography (CT) and magnetic resonance imaging (MRI) are widely 

used to detect and segment tumours [1]. However, MRI is generally 

preferred due to its non-invasive nature [2], and it remains one of the 

most fundamental and essential tools in the diagnosis and segmentation 

of brain tumours [3]. In recent years, the tumour segmentation field 
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has made substantial progress through the application of deep learn­

ing (DL), which offers the potential to automate tumour segmentation 

with high accuracy [4]. The U-Net architecture, originally proposed by 

Ronneberger et al. [5], has become a standard in DL-based segmenta­

tion tasks. This architecture and its numerous variants continue to serve 

as the foundation for state-of-the-art models in benchmark challenges, 

such as the Brain Tumour Segmentation (BraTS) challenge, where it has 

consistently been employed by top-performing teams. Despite their suc­

cess and the higher segmentation accuracy, DL models typically require 

large volumes of annotated data [6], and accessing extensive datasets 

distributed across multiple institutions remains a significant challenge 

due to stringent data protection regulations, such as the GDPR and 

HIPAA [7]. Federated Learning (FL) has been identified as a promis­

ing approach for neural computing because it enables the training of 

complex neural models on distributed and sensitive data without cen­

tralizing them. In a typical FL setup, participating clients train a local 

model on their private data and periodically share model weight updates 

with a central server. The server aggregates these updates and sends 

back the updated global model to all clients, enabling iterative improve­

ment [8]. This decentralised approach mitigates data privacy concerns 

and fosters cross-institutional collaboration in medical imaging research 

[9–11]. Despite its well-recognized advantages, the application of FL to 

3D medical images, such as MRI, poses significant challenges due to the 

high communication overhead, particularly when dealing with large DL 

models and resource-constrained clients [10,12]. Indeed, traditional FL 

aggregation strategies, such as federated averaging (FedAvg) [8], typi­

cally transmit full precision model updates during each communication 

round, resulting in a substantial bandwidth consumption [13]. To mit­

igate this, lossy compression techniques—including quantization and 

gradient sparsification—have been explored [14].

However, these methods often suffer from reduced accuracy and lim­

ited adaptability to the heterogeneity inherent in 3D volumetric imaging 

data in practical settings [15]. For instance, top-𝑘 gradient sparsification 

effectively reduces communication costs, it introduces approximation 

errors that impair convergence, especially at high sparsification levels 

[16]. Similarly, gradient quantization methods, such as QSGD [17] and 

TernGrad [18], have the potential to reduce communication overhead 

but often distort the gradient distributions and fail to optimise the bit 

efficiency in the quantization, leading to degraded model performance 

[19]. To address this limitation, Onaizah et al. introduced FedWSOComp 

[20], an advanced aggregation strategy that combined deterministic 

𝑘-means clustering for sparse quantization, weight magnitude-based 

sparsification, and Huffman encoding. This approach significantly re­

duced communication costs while preserving model performance. In 

contrast to conventional compression methods, FedWSOComp placed 

emphasis on near-lossless weight recovery, an essential requirement 

for FL in clinical applications. However, FedWSOComp has not yet 

been analysed in terms of the individual effects of its core compo­

nents, sparsification and clustering, particularly under conditions of 

data heterogeneity. Analysing the impact of sparsification and cluster­

ing in FedWSOComp is essential because these mechanisms directly 

affect communication efficiency, optimization dynamics, and model 

robustness. Sparsification reduces communication overhead but may in­

troduce bias and noise in the weight updates, influencing convergence 

and the quality of learned neural representations. Clustering groups 

clients with similar data distributions or learning behaviors, mitigating 

non-independent and identically distributed (IID) effects and improving 

aggregation stability. Based on the above considerations, studying their 

combined impact is therefore crucial to understanding the trade-offs be­

tween efficiency, accuracy, and scalability in federated neurocomputing 

systems. In this study, we address this gap by investigating the con­

tributions of these components within FedWSOComp in the context of 

3D brain tumour segmentation. We conduct our experiments using the 

Federated Tumour Segmentation (FeTS) 2024 challenge dataset under 

both IID and non-IID settings. It is important to highlight that with 

respect to other FL domains, in 3D brain segmentation, it is crucial 

to understand the individual effects of the FedWSOComp components, 

since brain MRI data is highly heterogeneous across institutions due to 

differences in scanners, protocols and patient populations. Furthermore, 

segmentation tasks are extremely sensitive to small errors that can al­

ter anatomical boundaries or clinical interpretations. It is essential to 

understand whether communication savings from sparsification or ro­

bustness from clustering primarily drive performance, in order to ensure 

that models remain accurate, fair and reliable. This analysis not only 

strengthens scientific understanding, but is also a prerequisite for the 

trustworthy deployment of FL in clinical neuroimaging, where even mi­

nor performance trade-offs can have significant medical consequences. 

In summary, the key contributions of this study are as follows:

• We analysed the impact of quantization parameters in the 

FedWSOComp framework, including sparsification rate and clus­

tering granularity, on model convergence and segmentation per­

formance.

• By quantifying how varying compression levels affect convergence 

and segmentation quality in realistic heterogeneity scenarios, the 

study provides insights that extend beyond a single application and 

are broadly valuable to researchers optimizing federated neuro­

computing systems.

• We validated the real-world applicability of FedWSOComp in FL 

scenarios by assessing the model’s generalization ability on an inde­

pendent test set comprising 67 patients from 3 separate institutions 

that were not involved in the federation.

• We evaluated the FedWSOComp framework on the recent FeTS 

2024 dataset, focusing on 3D brain tumour segmentation under 

both IID and non-IID settings.

2 . Related work

2.1 . DL architectures and FL for medical image segmentation

In recent years, DL has become increasingly prominent in 3D med­

ical image segmentation due to its ability to capture spatial continuity 

and mitigate inter-slice artefacts, which are common in 2D approaches. 

Nonetheless, building three-dimensional models typically requires sub­

stantial computational resources. This often led to the adoption of 

sub-volume (or patch-based) processing, which may compromise struc­

tural consistency and the representation of global features [21,22]. 

These limitations became even more critical in FL, where hardware con­

straints and communication costs further restricted the deployment of 

large models on client devices. To overcome such challenges, a wide 

range of architectural solutions has been proposed. DenseNet-based seg­

mentation pipelines combined with ensemble learning, for instance, 

enhanced feature expressiveness and robustness across multimodal MRI 

data [23]. Similarly, lightweight convolutional modules and Dense 

U-Net variants offered a favourable balance between segmentation ac­

curacy and inference speed [22]. Attention-integrated frameworks, such 

as SLCA-UNet, improved border delineation by focusing on salient con­

textual information [21]. Other hybrid encoder–decoder models sought 

to improve efficiency while retaining accuracy. Obayya et al. [24], for 

instance, proposed a nested U-Net with multi-scale skips and adapted 

loss functions, specifically designed to address class imbalance in low-

grade glioma segmentation. Deep supervision and dual-path encoding 

further strengthened structural preservation at tumour boundaries [22], 

while attention-gated units facilitated feature fusion across tumour 

subregions [21].

Related advances in medical segmentation network design further 

highlighted the importance of global contextual modelling and recep­

tive field enlargement. ELTS-Net extended the 3D U-Net paradigm for 

liver and tumour segmentation by incorporating dilated convolutions 

to expand the effective receptive field, together with dual attention 

mechanisms operating across spatial and channel dimensions. In ad­

dition, deep supervision was employed at multiple decoder levels to 
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constrain intermediate representations towards target regions and im­

prove convergence [25]. Alternative paradigms for image segmentation 

have also been explored beyond fully supervised convolutional mod­

els. In this context, deep reinforcement learning has been applied to 

medical-related image segmentation by formulating region delineation 

as a sequential decision-making process guided by task-specific reward 

functions, demonstrating feasibility on gold immunochromatographic 

strip images segmentation [26].

All the above methods introduce important advances in improving 

accuracy of learning architectures but are orthogonal with respect to 

the communication cost. Parallel efforts focused on adapting 3D U-Nets 

to federated settings. Distributed training demonstrated the feasibility of 

privacy-preserving segmentation in FL [27], although the volumetric na­

ture of updates significantly increased communication overhead. To al­

leviate this, decentralised aggregation protocols such as peer-to-peer FL 

improved scalability and resilience to system faults, while compression-

aware strategies were introduced to manage high-dimensional MRI 

data [28].

2.2 . Communication-efficient FL

Heterogeneity across clients further motivated the design of adap­

tive solutions. Zhang et al. [6] introduced client-personalised layers, 

enabling global consistency alongside local adaptability. Dai et al. 

[29] proposed FedATA, an attention-based transformer framework that 

weighted client contributions by relevance, thereby enhancing ro­

bustness to non-IID data. Privacy-preserving mechanisms also gained 

attention, with studies exploring encryption-based methods [30] and 

blockchain-inspired frameworks [31] for secure medical collaborations. 

Lightweight and efficient convolutional networks were further applied 

to brain cancer analysis in FL [32]. Complementary approaches included 

contrastive learning [33], standardised evaluation protocols [34], and 

the integration of transfer learning into federated pipelines, which 

proved particularly beneficial in cross-institutional scenarios [35,36]. 

Despite these advances, communication efficiency remained a central 

challenge. Compression methods such as sparsification and quantiza­

tion were explored to reduce transmission costs. Top-𝑘 sparsification 

reduced the exchange of less relevant gradient updates [37,38], while 

weight quantization decreased bandwidth requirements by mapping pa­

rameters to lower-precision formats [39]. Adaptive schemes, including 

layer-wise quantization (FedLQ [37]) and multi-grained dequantiza­

tion strategies (FedMQ+ [38]), achieved improved trade-offs between 

accuracy and efficiency. Most existing techniques, however, treated 

sparsification, quantization, and encoding as separate processes, with 

limited emphasis on end-to-end reconstruction fidelity. Addressing this 

gap, FedWSOComp [20] proposed a compression-aware framework that 

integrated deterministic 𝑘-means quantization, soft Top-𝑧 sparsification 

[40], and Huffman encoding. This approach enabled high-fidelity recon­

struction while achieving compression levels of up to ×1085, resulting 

in 99% savings in both bandwidth and energy during communica­

tion. Although FedWSOComp demonstrated promising results in brain 

tumour segmentation, its evaluation primarily focused on scalability 

with increasing client numbers and fixed clustering and sparsification 

parameters.

Building on these findings, the present study investigated perfor­

mance stability under varying heterogeneity, clustering, and sparsifica­

tion conditions, thereby extending the applicability and usability of the 

original framework.

3 . Materials and methods

3.1 . Materials

This study employed the public and multi-institutional FeTS 2024 

dataset [41]. This challenge extended the BraTS framework [42] in a 

federated setting, where images are located at local institutions. This 

condition is often observed in hospital networks, where privacy and 

legal concerns pose challenges to the sharing of raw imaging data. 

Specifically, it integrates clinically acquired scans originating from the 

RSNA-ASNR-MICCAI BraTS 2021 challenge, the BraTS 2023 Glioma 

challenge, as well as additional independent datasets contributed by re­

mote institutions participating in a real-world federated network [41]. 

As a result, the dataset encompasses substantial variability in acquisi­

tion protocols, scanners, patient populations, tumour appearance, and 

institutional data distributions.

The dataset includes multi-parametric MRI (mpMRI) images of the 

brain of 1251 different patients, each with a corresponding expert-

labelled segmentation mask defining tumour subregions. Each scan 

consists of 4 modalities: i. T1-weighted, ii. T1-contrast enhanced (T1ce), 

iii. T2-weighted and iv. T2-FLAIR.

Although the dataset was collected from 33 real institutions, the 

metadata includes an artificial division into 23 partitions. In this study, 

the original partitions were used to create 4 major clients (or silos) with 

more data. This approach reduced the number of clients that needed 

to be trained while still enabling the simulation of non-uniform local 

datasets, which are characteristic of clinical FL implementations.

Using these 4 major clients, both homogeneous and heterogeneous 

partitioning arrangements have been defined. In the IID partitioning, 

100 random samples per client were selected from each client. This en­

sured that each client received an equal number of scans and a roughly 

similar distribution of tumour characteristics. This scenario represented 

an optimistic and ideal case of FL in which clients work in balanced and 

similar data environments and served as a baseline for further analysis. 

For non-IID partitioning, the major clients were kept unbalanced. This 

strategy simulated a more challenging and more representative scenario 

of real-world clinical conditions, in which institutions differed signifi­

cantly in both the quantity of available patient records and the quality 

of imaging. For each local client, the 10% of the total cases were used for 

the local validation set, 10% for the local testing set and remaining 80% 

for the local training set. Nevertheless, to ensure a clearer evaluation 

protocol, an independent testing set of 67 patients was used, differing 

from the original FedWSOComp study. This separation between train­

ing and testing data reflected a more realistic deployment setting and 

aimed to reduce potential evaluation bias. A comprehensive overview of 

the partitioning strategies employed is provided in Table 1. In addition, 

data distribution among clients was presented in Fig. 1.

Table 1 

Client-level data allocation for IID and Non-IID configurations, with a separate 

independent test set on the server.

IID

Client # Patients Percentage Original partitions

Client 1 100 25% 1

Client 2 100 25% 18

Client 3 100 25% 4, 6, 13

Client 4 100 25% 2, 3, 5, 7, 8, 9, 10, 11, 12

Total 400 100.0%

Non-IID

Client # Patients Percentage Original partitions

Client 1 511 43% 1

Client 2 382 32% 18

Client 3 151 13% 4, 6, 13, 21

Client 4 140 12% 2, 3, 5, 7, 8, 10, 11, 12, 14, 15, 17, 19, 22, 23

Total 1184 100.0%

Independent test set

# Patients Percentage Original partitions

Server 67 100% 9, 16, 20
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Fig. 1. The number of samples per client both in IID (blue) and non-IID (orange) 

settings. In an IID settings, clients received an equal number of patient cases. In 

a non-IID setting, the assignment of mixed data partitions to clients resulted in 

unbalanced local datasets, thereby simulating a real-world scenario.

3.2 . Methods

3.2.1 . Data preprocessing

The MONAI [43] framework was employed to implement the med­

ical segmentation workflow, including the data preprocessing pipeline. 

To standardise spatial orientation across clients, all images were reori­

ented to the canonical RAS (Right-Anterior-Superior) coordinate system. 

Furthermore, images and labels were resampled to an isotropic voxel 

spacing of 1.0×1.0×1.0 mm3, ensuring uniform spatial resolution across 

the dataset. Constant padding was applied to match the input dimen­

sions to 256 × 256 × 160 voxels. A min-max intensity normalization was 

applied for each modality, scaling values to the [0, 1] range. During train­

ing, random data augmentation was applied in a deterministic manner 

at the client level, including flipping along the spatial axes, intensity 

scaling, and intensity shifting.

3.2.2 . Deep learning architecture

While the original FedWSOcomp study [20] employed a 2D U-Net 

[5], we adopted a 3D U-Net to better exploit volumetric information 

in MRI data [44]. As discussed in Section 2, this architecture has been 

widely used in biomedical image segmentation tasks due to its en­

coder–decoder structure and skip connections, which preserve spatial 

detail by combining high-resolution features from the contracting path 

with those from the expanding path. The implemented model consisted 

of five hierarchical levels. At each downsampling stage, the number of 

feature channels was doubled, starting from 16 up to 256. Each block 

applied a 3 × 3 × 3 convolution, followed by batch normalization and 

ReLU activation. Downsampling was performed via max pooling with 

a stride of 2. In the decoding path, transposed convolutions were used 

to upsample the feature maps, which were concatenated with the corre­

sponding encoder features via skip connections to preserve localisation 

accuracy. A dropout rate of 0.2 was applied at the bottleneck to mitigate 

overfitting. The input to the model was a four-channel 3D volume com­

prising the T1, T1ce, T2, and FLAIR MRI modalities. A single-channel 

output volume was obtained through sigmoid activation, representing 

voxel-wise probabilities of tumour presence. The model was trained us­

ing Dice loss, which directly measured the overlap between predicted 

tumour masks and ground truth annotations.

3.2.3 . Aggregation strategy

The FedWSOComp [20] strategy was built upon the widely adopted 

FedAvg algorithm [8], introducing quantization-aware modifications 

to reduce communication overhead between clients and the cen­

tral server. While standard FedAvg involved the transmission of 

full-precision model updates, FedWSOComp employed compression 

techniques to enable scalability across numerous clients, particularly 

within bandwidth-constrained settings such as federated medical image 

segmentation [20]. The training process began with the initialisation 

of the global model weights 𝑤(0) by the server, which then broadcast 

them to all participating clients. Each client trained the model locally 

over a fixed number of epochs, producing an updated model 𝑤(𝑡)
𝑖  and 

computing the local update as: 

Δ𝑤(𝑡)
𝑖 = 𝑤(𝑡)

𝑖 −𝑤(𝑡) (1)

Rather than transmitting Δ𝑤(𝑡)
𝑖  directly, clients compressed their up­

dates into binary representations C(𝑡)
𝑖  using the FedWSOComp encoding 

pipeline. Only the compressed updates were transmitted to the server. 

Upon receiving the encoded updates, the server executed the following 

operations:

• Huffman decoding to recover the quantised index sequence 𝑧𝑖;
• Index-to-centroid mapping to reconstruct the quantised update: 

𝑧𝑖 → 𝑤̂𝑖 = 𝜇𝑧𝑖 (2)

• Aggregation of the reconstructed updates via a weighted FedAvg 

scheme.

The global model was subsequently updated as: 

𝑤(𝑡+1) = 𝑤(𝑡) +
𝑁
∑

𝑖=1

𝑛𝑖
∑

𝑗 𝑛𝑗
⋅ Δ𝑤̃𝑖 (3)

where 𝑛𝑖 denoted the number of local samples held by client 𝑖, and 

Δ𝑤̃𝑖 represented the decoded and reconstructed update provided by 

that client. Following aggregation, the updated global model 𝑤(𝑡+1) was 

redistributed to all clients to initiate the next training round. This pro­

cess was repeated for a predefined number of communication rounds. 

All compression and decompression steps were deterministic, ensur­

ing round-trip consistency without the need for additional metadata. 

This design led to considerable communication savings, as also reported 

in Onaizah et al. [20]. As in the original FedWSOComp algorithm, com­

pression was performed independently for each layer, treating model 

parameters as separate tensors. Sparsification was applied using a top-𝑧
scheme [45], in which each tensor was pruned by identifying the 

𝑧-quantile of absolute magnitudes and clipping smaller values while 

preserving their sign. This approach reshaped the update distribution 

without introducing zero values and was shown to improve convergence, 

particularly for bias tensors when using low sparsification thresholds 

[20]. Following sparsification, each tensor was quantised via deter­

ministic 𝑘-means clustering, with centroids computed per layer. Unlike 

stochastic or fixed-level quantization schemes, this method considered 

the statistical distribution of tensor values, thereby reducing update vari­

ance and preserving representativeness. Raw values were replaced by 

cluster indices, which were subsequently encoded using entropy-based 

methods such as Huffman coding. More frequent indices were assigned 

shorter bit-lengths, further enhancing compression efficiency [20]. An 

overview of the complete FedWSOComp pipeline employed in this study, 

which illustrates the full compression workflow, is provided in Fig. 2.

3.2.4 . Compression parameter analysis

The FedWSOComp strategy relies on two principal compression pa­

rameters: the number of quantization clusters (𝐶) and the sparsification 

rate (𝑆𝑅). In the original study [20], the number of clusters was fixed 

at 𝐶 = 3, and sparsification was applied conservatively. The authors 

reported improved convergence, particularly for bias tensors, when spar­

sification thresholds were set below the Top-0.2–thus 20%–level. In the 

present study, we extended this analysis by systematically exploring a 

broader range of compression configurations. Specifically, the number 

of clients was held constant while performing a grid search over the two 

parameters, as follows:

• Number of clusters 𝐶 ∈ {3, 32, 64}
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Fig. 2. Overview of the complete FedWSOComp pipeline adopted in this study.

• Soft Top-𝑧 sparsification rate 𝑆𝑅 ∈ {20, 30, 60}

All possible combinations were evaluated in both IID and non-IID 

scenarios, yielding 18 distinct configurations. Each setting was tested us­

ing the complete FedWSOComp compression and aggregation pipeline, 

allowing for an isolated assessment of the relationship between compres­

sion intensity and segmentation performance under otherwise identical 

experimental conditions.

3.2.5 . Ablation study

To disentangle the individual contributions of the different com­

ponents of the FedWSOComp framework, we performed a structured 

ablation study under both IID and non-IID data distributions. The ob­

jective was to isolate the functional impact of each mechanism, by 

selectively disabling or activating specific components while keeping all 

other experimental conditions unchanged. Therefore, three additional 

experimental pipelines were implemented:

1. FedAvg baseline. The FedAvg strategy was used without any 

compression, clustering, or sparsification mechanisms. This con­

figuration served as a reference upper-bound baseline in terms of 

communication fidelity and segmentation performance, allowing 

us to quantify the effect introduced by FedWSOComp.

2. Clustering-only configuration (C-only). In this setting, only the 

clustering-based quantization component of FedWSOComp was 

enabled. The number of quantization clusters was varied as 𝐶 ∈
{3, 32, 64}, while the sparsification rate was fixed to 𝑆𝑅 = 0, 

effectively disabling gradient sparsification.

3. Sparsification-only configuration (S-only). With this configuration, 

the clustering mechanism was disabled and only the Soft Top-𝑧
sparsification component was applied. The sparsification rate was 

varied as 𝑆𝑅 ∈ {20%, 30%, 60%}, allowing an isolated analysis 

of the impact of gradient pruning on model convergence and 

segmentation performance in the absence of quantization.

All ablation configurations were evaluated under both IID and 

non-IID client distributions, using the same number of clients, model 

architecture, training schedule, and data partitions adopted in the full 

FedWSOComp experiments. This controlled design ensured that any 

observed performance variations could be attributed exclusively to 

the inclusion or removal of specific FedWSOComp components, en­

abling a principled decomposition of their individual and combined 

contributions to communication efficiency and learning performance.

3.2.6 . Communication efficiency evaluation

To enable a principled and reproducible analysis of communica­

tion efficiency across different the configurations, we defined a unified 

evaluation protocol for measuring transmission costs and compression 

effectiveness. The objective was to quantify the impact of each compres­

sion strategy on the communication payload exchanged between clients 

and server, independently of model performance metrics. For each ex­

perimental configuration presented in Section 3.2.5, the communication 

cost was computed as the total number of transmitted bits per com­

munication round, accounting exclusively for model updates exchanged 

during the aggregation phase.

The baseline transmission cost was defined using the uncompressed 

FedAvg protocol, where full-precision model parameters are transmitted 

without any form of compression, quantization, or sparsification.

This value provided a fixed reference point for all subsequent com­

parisons.

Communication efficiency was quantified using two complementary 

metrics:

• the compression ratio, defined as the ratio between the FedAvg 

baseline payload and the compressed payload size, providing a 

multiplicative measure of communication reduction.

• the payload reduction percentage, defined as the relative decrease in 

transmitted bits with respect to the FedAvg baseline.

These metrics allowed for a consistent comparison across compres­

sion mechanisms, including the single components ablation study, and 

their combined application. All communication measurements were 

performed under identical experimental conditions, including model 

architecture, number of clients, training schedule, aggregation proto­

col, and data distribution, ensuring that differences in transmission cost 

arose solely from the adopted compression strategy.

3.2.7 . Experimental DL protocol and metrics

The federation was implemented using the Flower framework [46], 

while the DL components were developed using PyTorch [47] and 

MONAI 2 [43]. Model optimization was performed using the Adam opti­

miser, with a learning rate set to 1×10−4 and a weight decay of 1×10−5. 
A cosine annealing learning rate scheduler was employed, with the cycle 

2 All experiments were conducted on a Supermicro AS-4124GS-TNR 4U 

Rackmount GPU SuperServer equipped with an NVIDIA A100 80 GB GPU, 16 

CPU cores, and 128 GB of RAM
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length set to the number of local training epochs. Mixed-precision train­

ing was enabled via automatic loss scaling using PyTorch GradScaler. 

Due to the substantial memory requirements of 3D training, the batch 

size was set to 1. For all experiments, clients were trained for 25 rounds, 

each consisting of 5 local epochs.

Segmentation performance was primarily assessed using standard 

medical imaging segmentation metrics:

• the Dice Similarity Coefficient (DSC), which quantified the volu­

metric overlap between the predicted and ground truth tumour 

masks. The DSC, bounded between 0 and 1, was defined as:

𝐷𝑆𝐶 =
2|𝐴 ∩ 𝐵|
|𝐴| + |𝐵|

(4)

where A and B denoted the predicted and ground truth binary 

masks, respectively.

• the 95th percentile Hausdorff Distance (HD95) [48] was computed 

to evaluate spatial agreement between segmentations, offering 

complementary insight into anatomical accuracy. The HD95 met­

ric corresponded to the 95th percentile of all pairwise distances, 

reducing the influence of outliers.

4 . Results

4.1 . Compression parameter analysis

As reported in Section 3.2.4, the FedWSOComp strategy was assessed 

under 18 different compression configurations, by varying both the 

quantization cluster size and the Soft Top-𝑧 sparsification retention ra­

tio, in the context of IID and non-IID data distributions. Tables 2 and 3 

summarise the performance of the best-performing models, defined as 

those achieving the highest validation performance during training.

These models were subsequently evaluated on an independent test 

dataset that remained unseen during training. Both the global server 

models and the local clients models were considered, allowing the as­

sessment of cross-site generalization as well as client-specific adaptation.

For Client 1, under non-IID conditions with 𝐶 = 64 and 𝑆𝑅 = 60%, the 

local model achieved a DSC of 0.99±0.03 and an HD95 of 5.15±4.17 mm, 

indicating high segmentation quality when compression is lower. The 

federated model, trained under the same parameters and evaluated on 

the independent test set, obtained a DSC of 0.98 ± 0.09 and an HD95 

of 10.40 ± 15.54 mm, confirming that the applied sparsification ratio 

retained sufficient information to preserve boundary fidelity in both 

global and local models. In IID conditions, DSC values peaked at 𝑆𝑅 =
30% with 𝐶 = 32 (0.85±0.24), although further increasing 𝑆𝑅 to 60% im­

proved boundary accuracy, yielding an HD95 of 9.75±7.38 mm at 𝐶 = 64, 

with a slight trade-off in DSC (0.81 ± 0.31). This suggested that, in IID 

settings, volumetric overlap was maximised at 𝑆𝑅 = 30%, while bound­

ary accuracy improved at higher retention. Interestingly, this trade-off 

disappeared under non-IID conditions, where high 𝐶 values combined 

with 𝑆𝑅 = 60% yielded the best overall performance across both metrics.

For Client 2, which displayed greater intra-dataset variability, the 

best non-IID outcome was reached at 𝐶 = 64, 𝑆𝑅 = 60%, with DSC 0.79±
0.34 and HD95 10.19±8.24 mm. Here, boundary accuracy surpassed that 

of the global model, while DSC remained comparable. In IID settings, 

results were more consistent across parameter combinations. The best 

outcome was again observed with 𝐶 = 64, 𝑆𝑅 = 60% (DSC 0.53 ± 0.44, 

HD95 11.64 ± 8.37 mm), with a marginal DSC improvement at 𝐶 = 32, 

𝑆𝑅 = 60% (DSC 0.56 ± 0.47, HD95 12.87 ± 9.14 mm).

For Client 3, the non-IID setting with 𝐶 = 32, 𝑆𝑅 = 60% resulted 

in a local HD95 of 11.95 ± 9.24 mm. The corresponding global model 

under the same parameters achieved DSC 0.98 ± 0.12 and HD95 13.74 ±
15.71 mm, reflecting stable performance. In IID conditions, the lowest 

HD95 was observed at 𝐶 = 32, 𝑆𝑅 = 60% (11.95±9.24 mm), whereas the 

highest DSC was obtained at 𝐶 = 64, 𝑆𝑅 = 20% (0.92 ± 0.13), though at 

the expense of substantially higher HD95.

For Client 4, segmentation accuracy reached its maximum, with 

non-IID DSC values of 1.00 ± 0.00 in several configurations. However, 

boundary precision was not always preserved, as illustrated by 𝐶 = 64, 

𝑆𝑅 = 60% (non-IID), which achieved HD95 of 10.40 ± 15.54 mm de­

spite near-perfect DSC. In IID conditions, DSC peaked at 0.99±0.04 with 

𝐶 = 32, 𝑆𝑅 = 30% and 𝐶 = 64, 𝑆𝑅 = 30%, while boundary accuracy 

further improved at higher retention (e.g., 𝐶 = 64, 𝑆𝑅 = 60%, HD95 

14.18 ± 9.96 mm).

A comparison of the results obtained on the independent set (re­

ported as “Server” in Tables 2 and 3) revealed a consistent pattern: 

moderate-to-fine quantization (𝐶 = 32 or 𝐶 = 64) combined with higher 

retention (𝑆𝑅 = 60%) yielded the most favourable balance between DSC 

and HD95. Specifically, under IID, 𝐶 = 32 or 64 with 𝑆𝑅 = 60% achieved 

DSC values of 0.98 ± 0.12 and 0.98 ± 0.13, and HD95 of 13.74 ± 15.71 mm 

and 14.11 ± 15.74 mm, respectively. Under non-IID conditions, the same 

retention ratio with 𝐶 = 64 produced optimal performance (DSC 0.98 ±
0.09, HD95 10.40 ± 15.54 mm). Conversely, low retention (𝑆𝑅 = 20%) 

Table 2 

Test results under IID data distribution for different combinations of C and 𝑆𝑅. Dice Similarity Coefficient (DSC) and 95th 

percentile Hausdorff Distance (HD95) are reported as mean ± standard deviation for the server and each client.

C 𝐒𝐑 (%) Metric Server Client 1 Client 2 Client 3 Client 4

3 20 DSC 0.77 ± 0.21 0.24 ± 0.12 0.21 ± 0.17 0.69 ± 0.32 0.74 ± 0.24

HD95 69.23 ± 13.28 81.00 ± 17.40 88.44 ± 7.26 69.28 ± 16.99 68.60 ± 11.51

3 30 DSC 0.93 ± 0.14 0.47 ± 0.25 0.40 ± 0.40 0.78 ± 0.26 0.94 ± 0.13

HD95 57.70 ± 19.48 74.02 ± 19.25 85.46 ± 9.93 59.33 ± 24.69 57.16 ± 16.56

3 60 DSC 0.90 ± 0.14 0.63 ± 0.28 0.37 ± 0.34 0.71 ± 0.26 0.93 ± 0.09

HD95 60.47 ± 18.88 75.41 ± 18.48 86.90 ± 10.44 58.08 ± 22.77 63.19 ± 15.99

32 20 DSC 0.95 ± 0.13 0.54 ± 0.25 0.46 ± 0.37 0.89 ± 0.18 0.94 ± 0.08

HD95 61.23 ± 18.73 73.35 ± 19.42 83.39 ± 12.31 60.08 ± 21.94 61.71 ± 16.63

32 30 DSC 0.97 ± 0.12 0.85 ± 0.24 0.43 ± 0.40 0.78 ± 0.33 0.99 ± 0.04

HD95 25.25 ± 24.93 26.95 ± 20.46 46.95 ± 35.99 24.04 ± 13.53 22.24 ± 18.19

32 60 DSC 0.98 ± 0.12 0.80 ± 0.32 0.56 ± 0.47 0.75 ± 0.40 0.98 ± 0.07

HD95 13.74 ± 15.71 10.69 ± 6.95 12.87 ± 9.14 11.95 ± 9.24 14.20 ± 9.84

64 20 DSC 0.95 ± 0.12 0.56 ± 0.27 0.48 ± 0.37 0.92 ± 0.13 0.97 ± 0.05

HD95 58.60 ± 20.52 72.47 ± 19.76 80.90 ± 14.01 58.31 ± 22.91 59.71 ± 18.02

64 30 DSC 0.97 ± 0.12 0.85 ± 0.24 0.45 ± 0.39 0.80 ± 0.31 0.99 ± 0.04

HD95 26.59 ± 25.50 32.42 ± 19.03 48.32 ± 36.29 25.41 ± 16.46 27.74 ± 21.01

64 60 DSC 0.98 ± 0.13 0.81 ± 0.31 0.53 ± 0.44 0.75 ± 0.40 0.97 ± 0.08

HD95 14.11 ± 15.74 9.75 ± 7.38 11.64 ± 8.37 12.23 ± 8.87 14.18 ± 9.96
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Table 3 

Test results under non-IID data distribution for different combinations of C and 𝑆𝑅. Dice Similarity Coefficient (DSC) and 95th 

percentile Hausdorff Distance (HD95) are reported as mean ± standard deviation for the server and each client.

C 𝐒𝐑 (%) Metric Server Client 1 Client 2 Client 3 Client 4

3 20 DSC 0.92 ± 0.15 0.55 ± 0.28 0.42 ± 0.38 0.82 ± 0.23 0.92 ± 0.14

HD95 61.35 ± 18.48 74.32 ± 18.77 82.08 ± 13.39 58.33 ± 22.56 61.08 ± 15.35

3 30 DSC 0.96 ± 0.11 0.76 ± 0.28 0.45 ± 0.38 0.83 ± 0.23 0.99 ± 0.03

HD95 54.02 ± 22.78 69.89 ± 19.51 71.85 ± 25.79 41.03 ± 29.92 51.61 ± 22.15

3 60 DSC 0.98 ± 0.09 0.83 ± 0.23 0.48 ± 0.37 0.84 ± 0.22 1.00 ± 0.00

HD95 50.21 ± 25.27 68.50 ± 16.99 69.82 ± 27.20 39.93 ± 27.89 47.92 ± 26.84

32 20 DSC 0.98 ± 0.12 0.83 ± 0.25 0.42 ± 0.40 0.81 ± 0.30 1.00 ± 0.00

HD95 37.66 ± 29.13 50.16 ± 10.80 69.19 ± 19.19 35.92 ± 29.82 38.13 ± 26.86

32 30 DSC 0.98 ± 0.13 0.85 ± 0.25 0.40 ± 0.41 0.77 ± 0.36 0.99 ± 0.04

HD95 27.02 ± 27.49 32.43 ± 21.42 49.31 ± 33.66 33.27 ± 27.47 28.79 ± 26.55

32 60 DSC 0.97 ± 0.14 0.70 ± 0.44 0.31 ± 0.45 0.70 ± 0.46 0.91 ± 0.26

HD95 13.34 ± 15.23 87.39 ± 68.91 17.93 ± 12.65 15.21 ± 19.05 12.10 ± 7.62

64 20 DSC 0.98 ± 0.12 0.82 ± 0.25 0.48 ± 0.37 0.84 ± 0.25 1.00 ± 0.00

HD95 44.74 ± 27.34 59.76 ± 9.61 74.73 ± 15.02 37.32 ± 29.96 45.79 ± 23.61

64 30 DSC 0.97 ± 0.14 0.90 ± 0.21 0.37 ± 0.42 0.74 ± 0.40 0.95 ± 0.11

HD95 22.25 ± 24.93 29.58 ± 21.86 43.54 ± 34.15 28.92 ± 23.14 28.23 ± 27.08

64 60 DSC 0.98 ± 0.09 0.99 ±0.03 0.79 ± 0.34 0.83 ± 0.34 0.98 ± 0.05

HD95 10.40 ± 15.54 5.15 ± 4.17 10.19 ± 8.24 11.79 ± 10.45 17.56 ± 15.31

combined with coarse quantization (𝐶 = 3) proved least effective, with 

IID DSC as low as 0.77 ± 0.21 and HD95 69.23 ± 13.28 mm, and non-IID 

DSC 0.92 ± 0.15 with HD95 61.35 ± 18.48 mm.

Fig. 3 further illustrates these trends. In IID settings, 𝐶 = 32 with 

𝑆𝑅 = 60% produced smooth, monotonic DSC improvements with min­

imal oscillations, indicative of stable convergence. In contrast, coarse 

quantization with low retention (e.g., 𝐶 = 3, 𝑆𝑅 = 20%) resulted in 

unstable trajectories, with rapid degradation of DSC during training. 

In non-IID conditions, configurations with high retention (𝑆𝑅 = 60%) 

and fine quantization (𝐶 = 64) retained DSC above 0.95 throughout, 

demonstrating robustness against heterogeneous updates. In addition, 

to complement the quantitative findings, a fixed-slice comparison was 

performed to highlight qualitative differences between configurations, 

as shown in Figs. 4 and 5 for IID and non-IID settings, respectively.

4.2 . Ablation study

As described in Section 3.2.5, to assess the individual contribution of 

each component of the FedWSOcomp framework, we conducted an abla­

tion study under both IID and non-IID data distributions. In the following 

Section, we report the results of each ablation configuration, including 

a systematic comparison with the full FedWSOcomp pipeline using the 

reference configuration 𝐶 = 32 and 𝑆𝑅 = 60%.

The results reported in Tables 4 and 5 correspond to the best-

performing communication rounds, thus the models achieving the 

highest validation performance during the federated training process. 

Performance is reported for both the server (independent test set) and 

the clients.

Under IID conditions (Table 4), the FedAvg baseline achieved strong 

segmentation performance at both server and client levels, with a no­

ticeable degradation on Client 2, which –as also reported in Section 4.1– 

exhibited the highest intra-dataset variability.

When quantization was isolated (𝐶 − 𝑜𝑛𝑙𝑦), with coarse quantiza­

tion (𝐶 = 3), segmentation fidelity deteriorated substantially across 

both metrics, indicating that the transmitted updates were excessively 

distorted to preserve tumour boundaries. In contrast, moderate-to-fine 

quantization (𝐶 = 32, 𝐶 = 64) preserved both overlap and boundary ac­

curacy at the server level, achieving an average server-side performance 

of 0.98±0.12 and HD95 10.82±15.72 mm for 𝐶 = 32, and DSC 0.99±0.02
with HD95 9.01±11.62 mm for 𝐶 = 64. In the latter configuration, HD95 

improved consistently both at the server and client levels, indicating 

enhanced boundary preservation. This behaviour can be attributed to 

the sensitivity of boundary-based metrics to inconsistencies in local 

gradient directions and anatomical representations across heteroge­

neous clients. While FedAvg performs a global parameter averaging 

that can smooth and distort fine-grained boundary features, clustering-

based aggregation groups clients with similar data distributions, thereby 

preserving coherent geometric and anatomical structures.

When sparsification was evaluated independently (𝑆𝑅 − 𝑜𝑛𝑙𝑦), with 

low-to-moderate sparsification (𝑆𝑅 = 20%, 𝑆𝑅 = 40%), segmentation 

quality was already substantially degraded, as reflected by moderate 

DSC values and high HD95, indicating pronounced boundary distortions. 

With stronger sparsification (𝑆𝑅 = 60%), volumetric overlap remained 

relatively high, with an average server-side DSC of 0.94±0.13. However, 

boundary accuracy still deteriorated, with an average server-side HD95 

of 41.05 ± 30.26 mm. These findings suggested that sparsification alone 

can preserve volumetric overlap while introducing significant boundary 

errors.

Under non-IID conditions (Table 5), the same overall trends were 

observed. FedAvg remained robust at both server and client levels. The 

𝐶 − 𝑜𝑛𝑙𝑦 configurations, showed that coarse clustering induced severe 

boundary degradation, with an average server-side HD95 of 68.69±14.58
mm for 𝐶 = 3, whereas finer configurations (𝐶 = 32, 𝐶 = 64) preserved 

both overlap and boundary accuracy.

For the 𝑆𝑅 − 𝑜𝑛𝑙𝑦 configurations, boundary degradation was consis­

tently observed across sparsity ratios. At low sparsification (𝑆𝑅 = 20%), 

although overlap remained relatively high, boundary accuracy was al­

ready severely compromised, indicating once again significant contour 

deviations.

The same behaviour was observed with moderate and higher spar­

sification (𝑆𝑅 = 60%). Overlap remained high (i.e., server-side DSC of 

0.98 ± 0.08), but boundary accuracy remained unsatisfactory compared 

to FedAvg and 𝐶 − 𝑜𝑛𝑙𝑦 aggregation with 𝐶 ∈ {32, 64}.

4.3 . Communication efficiency evaluation

Communication efficiency results are reported in Table 6. The base­

line transmission cost was constant across all modes (1.54 × 108 bits). 

The 𝐶 − 𝑜𝑛𝑙𝑦 configurations achieved compression ratios ranging from 

×3.13 to ×3.77, corresponding to payload reductions of 68.11%–73.48%. 

The highest compression was obtained for the coarsest clustering setting 

(𝐶 = 3, ×3.77), which, however, corresponds to the configuration 

Neurocomputing 677 (2026) 133142 

7 



A. Raza, C.B. Raggio, A. Guzzo et al.

Fig. 3. Performance trends for varying 𝑆𝑅 and 𝐶 values under IID and non-IID settings.

yielding the poorest segmentation performance in Table 4, highlighting 

a clear trade-off between communication efficiency and model accuracy.

For the 𝑆𝑅−𝑜𝑛𝑙𝑦 configurations, communication gains were strongly 

dependent on the sparsity level. Specifically, 𝑆𝑅 − 𝑜𝑛𝑙𝑦 with 𝑆𝑅 = 20%
resulted in no effective reduction, matching the FedAvg baseline, while 

𝑆𝑅 = 30% produced only a negligible improvement (×1.01, 0.93%). 

Increasing sparsity to 𝑆𝑅 = 60% led to a modest communication 

reduction (×1.24, 19.48%), which remained substantially weaker than 

the gains achieved by 𝐶 − 𝑜𝑛𝑙𝑦 strategies.

In contrast, the combined configuration –reported as FedWSOcomp– 

using the 𝐶 = 32 and 𝑆𝑅 = 60% configuration achieved a good com­

pression ratio of ×3.40 with a 70.65% payload reduction, providing 

communication savings comparable to 𝐶 − 𝑜𝑛𝑙𝑦 while simultaneously 

preserving segmentation performance.
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Fig. 4. Qualitative comparison of segmentation predictions across all compression configurations under IID conditions. Results are shown for different sparsification 

rates (𝑆𝑅 = 20%, 30%, 60%) and quantization levels (𝐶 = 3, 32, 64), with the corresponding ground truth masks.

5 . Discussion

The experimental evaluation of FedWSOComp under both IID 

(Table 2) and non-IID (Table 3) conditions provided insights into the 

relationship between sparsification, quantization, and federated aggre­

gation in 3D brain tumour segmentation. At the global level, the results 

indicated that extreme compression (𝐶 = 3, 𝑆𝑅 = 20%) led to se­

vere performance degradation, with the DSC falling below 0.80 and 

the HD95 exceeding 60 mm. These findings confirmed that aggressive 

sparsification combined with coarse quantization caused substantial in­

formation loss, limiting the global model’s ability to capture tumour 

morphology. In contrast, configurations with higher retention (𝑆𝑅 =
60%) and moderate-to-fine quantization (𝐶 = 32 or 𝐶 = 64) consis­

tently achieved the best trade-off between accuracy and communication 

efficiency. In non-IID settings, the combination of 𝐶 = 64 and 𝑆𝑅 =
60% reached better overall performance, maintaining high segmenta­

tion quality despite heterogeneous client distributions. This observation 

aligned with prior studies that emphasised the importance of retaining 

high-magnitude parameters to preserve representational capacity while 

reducing communication costs [16,40,49]. Conceptually, FedWSOComp 

shared similarities with the dynamic layer-wise sparsification strategy 

introduced by Zhang et al. [40], but it differed in its adoption of a fixed 

soft Top-𝑧 policy. This softer retention mechanism appeared effective in 

preserving fine anatomical structures, which are particularly relevant in 

volumetric tumour segmentation.

In addition to the quantitative analysis, the qualitative results pre­

sented in Figs. 4 and 5 provide further insight into the behaviour of 

FedWSOComp under different compression settings. In the IID case, 

coarse quantization with 𝐶 = 3 and low retention (𝑆𝑅 = 20%) produced 

poorly defined segmentations, including spurious regions extending 

beyond the brain volume. Increasing retention to 𝑆𝑅 = 30% and 𝑆𝑅 =
60% reduced these artefacts, but the segmentations remained poor. Using 

finer quantization (𝐶 = 32 and 𝐶 = 64), the predictions covered the 

ground truth more consistently, with only minor deviations along the 

outer lesion boundaries. However, the difference between 𝐶 = 32 and 

𝐶 = 64 was negligible, indicating limited benefit from doubling the num­

ber of clusters. Under non-IID conditions, the larger number of samples 

available to each client led to more precise segmentations overall. As 

in the IID setting, 𝐶 = 3 resulted in inaccurate predictions, particularly 

at 𝑆𝑅 = 20% and 𝑆𝑅 = 30%. An improvement was noticed only using 

𝑆𝑅 = 60%, although the model still failed to match the ground truth 

with high accuracy. In contrast, with 𝐶 = 32 and 𝐶 = 64, segmentation 

quality clearly improved as retention increased, yielding satisfactory re­

sults at 𝑆𝑅 = 30% and excellent delineations at 𝑆𝑅 = 60%. Overall, 

these qualitative observations confirmed quantitative results. A coarse 

quantization (𝐶 = 3) consistently degraded segmentation quality, with 

the degradation being most pronounced when fewer training cases were 

available (IID scenario). By contrast, moderate-to-fine quantization (𝐶 =
32 or 𝐶 = 64) combined with higher retention produced more accurate 

and reliable lesion delineations, particularly in heterogeneous non-IID 

scenarios.

Notably, substantial variability was observed across clients. For in­

stance, Client 2, trained on a more heterogeneous dataset, exhibited 

reduced stability, whereas Client 4, with more homogeneous data, 

achieved near-perfect DSC. However, higher DSC values were sometimes 

associated with increased HD95, suggesting a trade-off between vol­

umetric overlap and boundary precision. Such site-specific differences 

reinforced the need to assess FL models at both independent institutions 

and individual clients levels, in agreement with recent federated studies 

[10,11,34].

Under IID conditions, 𝐶 = 32 provided the most favourable balance, 

achieving tighter variance bounds and higher DSC compared with 𝐶 = 3
or 𝐶 = 64. Although 𝐶 = 64 yielded marginal robustness advantages 
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Fig. 5. Qualitative comparison of segmentation predictions across all compression configurations under non-IID conditions. Results are shown for different 

sparsification rates (𝑆𝑅 = 20%, 30%, 60%) and quantization levels (𝐶 = 3, 32, 64), with the corresponding ground truth masks.

Table 4 

Test results under IID data distribution for the four experiment modes: FedAvg, CH (𝑆𝑅 = 0, 𝐶 ∈ {3, 32, 64}), SH (𝐶 = 0, 

𝑆𝑅 = 60%), and SKH (𝐶 = 32, 𝑆𝑅 = 60%). Dice Similarity Coefficient (DSC) and 95th percentile Hausdorff Distance (HD95) 

are reported as mean ± standard deviation for the server and each client.

Pipeline C 𝐒𝐑 (%) Metric Server Client 1 Client 2 Client 3 Client 4

FedAvg 0 0 DSC 0.99 ± 0.04 0.90 ± 0.30 0.71 ± 0.39 0.98 ± 0.05 1.00 ±0.00

HD95 12.58 ± 18.87 12.32 ± 16.79 11.30 ± 9.18 11.39 ± 9.55 14.12 ± 13.54

𝐶 − 𝑜𝑛𝑙𝑦 3 0 DSC 0.59 ± 0.21 0.46 ± 0.26 0.40 ± 0.28 0.54 ± 0.24 0.68 ± 0.18

HD95 73.28 ± 12.69 76.19 ± 15.31 76.47 ± 14.14 73.21 ± 13.12 64.77 ± 8.36

𝐶 − 𝑜𝑛𝑙𝑦 32 0 DSC 0.98 ± 0.12 0.88 ± 0.30 0.63 ± 0.45 0.79 ± 0.34 1.00 ± 0.00

HD95 10.82 ± 15.72 13.48 ± 18.47 12.50 ± 9.42 10.79 ± 9.57 14.04 ± 12.51

𝐂 − 𝐨𝐧𝐥𝐲 64 0 DSC 0.99 ± 0.02 0.89 ± 0.30 0.78 ± 0.32 0.97 ± 0.07 1.00 ± 0.00

HD95 9.01 ± 11.62 8.55 ± 7.97 9.07 ± 7.77 8.07 ± 7.30 13.37 ± 13.85

𝑆𝑅 − 𝑜𝑛𝑙𝑦 0 20 DSC 0.74 ± 0.23 0.26 ± 0.14 0.40 ± 0.32 0.87 ± 0.17 0.64 ± 0.16

HD95 61.49 ± 18.29 74.59 ± 17.84 83.43 ± 12.43 61.53 ± 21.26 60.95 ± 16.42

𝑆𝑅 − 𝑜𝑛𝑙𝑦 0 30 DSC 0.74 ± 0.17 0.30 ± 0.14 0.40 ± 0.27 0.70 ± 0.28 0.65 ± 0.27

HD95 68.89 ± 12.76 77.19 ± 17.07 85.70 ± 9.29 68.51 ± 16.51 69.02 ± 11.55

𝐒𝐑 − 𝐨𝐧𝐥𝐲 0 60 DSC 0.94 ± 0.13 0.72 ± 0.28 0.80 ± 0.31 1.00 ± 0.00 0.92 ± 0.08

HD95 41.05 ± 30.26 30.61 ± 20.60 32.73 ± 31.09 27.14 ± 18.73 42.50 ± 28.49

under non-IID distributions, this came at the cost of increased commu­

nication. Similar behaviour was observed in high-retention scenarios 

(𝑆𝑅 = 60%), consistent with the findings of Jia et al. [50], who showed 

that inappropriate parameter choices could amplify inter-client vari­

ance. In this work, deterministic 𝑘-means quantization combined with 

Huffman coding appeared to mitigate such instability by constraining 

convergence trajectories.

When compared with FedSparse [49], which primarily relied on 

sparse gradient updates, FedWSOComp integrated quantization directly 

into the sparsification pipeline and employed entropy coding to enable 

exact weight reconstruction. This design minimised communication 

payloads while maintaining boundary integrity–an essential aspect in 3D 

segmentation, where even minor inaccuracies may compromise clinical 

reliability.

Interestingly, the ablation results revealed that HD95 degradation 

was more pronounced under IID conditions than in non-IID settings for 

the FedAvg baseline. This counterintuitive behaviour was likely due to 

the limited number of patients used to construct a perfectly balanced 

IID partition, which may reduce boundary generalization in individual 

experiments. In contrast, the inherent heterogeneity of the non-IID set­

ting appears to provide more stable anatomical variability, supporting 

improved generalization in some cases.

Neurocomputing 677 (2026) 133142 

10 



A. Raza, C.B. Raggio, A. Guzzo et al.

Table 5 

Test results under non-IID data distribution for the four experiment modes: FedAvg (𝐶 = 0, 𝑆𝑅 = 0), CH (𝑆𝑅 = 0, 𝐶 ∈
{3, 32, 64}), SH (𝐶 = 0, 𝑆𝑅 = 60%), and SKH (𝐶 = 32, 𝑆𝑅 = 60%). Dice Similarity Coefficient (DSC) and 95th percentile 

Hausdorff Distance (HD95) are reported as mean ± standard deviation for the server and each client.

Pipeline C 𝐒𝐑 (%) Metric Server Client 1 Client 2 Client 3 Client 4

FedAvg 0 0 DSC 0.99 ± 0.05 0.96 ± 0.17 0.83 ± 0.34 0.94 ± 0.16 0.97 ± 0.07

HD95 8.99 ± 13.75 5.49 ± 3.88 7.84 ± 8.55 8.50 ± 7.97 13.67 ± 14.40

𝐶 − 𝑜𝑛𝑙𝑦 3 0 DSC 0.85 ± 0.18 0.74 ± 0.27 0.60 ± 0.34 0.79 ± 0.22 0.91 ± 0.12

HD95 68.69 ± 14.58 71.69 ± 15.16 73.57 ± 14.53 67.25 ± 15.19 61.13 ± 11.09

𝐶 − 𝑜𝑛𝑙𝑦 32 0 DSC 0.98 ± 0.08 0.98 ± 0.14 0.88 ± 0.31 0.94 ± 0.24 0.97 ± 0.09

HD95 9.91 ± 14.47 6.09 ± 5.29 7.13 ± 7.31 7.80 ± 7.21 15.39 ± 15.27

𝐂 − 𝐨𝐧𝐥𝐲 64 0 DSC 0.99 ± 0.05 0.97 ± 0.16 0.84 ± 0.33 0.94 ± 0.19 0.98 ± 0.08

HD95 8.51 ± 13.03 5.51 ± 4.22 8.27 ± 9.27 8.33 ± 7.95 12.18 ± 15.27

𝑆𝑅 − 𝑜𝑛𝑙𝑦 0 20 DSC 0.89 ± 0.17 0.93 ± 0.17 0.86 ± 0.24 0.94 ± 0.10 0.89 ± 0.17

HD95 57.43 ± 19.32 56.07 ± 20.65 62.66 ± 16.77 48.63 ± 22.21 54.40 ± 13.41

𝑆𝑅 − 𝑜𝑛𝑙𝑦 0 30 DSC 0.99 ± 0.05 0.96 ± 0.12 0.88 ± 0.23 0.97 ± 0.07 0.99 ± 0.04

HD95 56.00 ± 22.62 56.23 ± 24.09 57.18 ± 21.47 44.58 ± 26.80 54.91 ± 18.17

𝐒𝐑 − 𝐨𝐧𝐥𝐲 0 60 DSC 0.98 ± 0.08 0.97 ± 0.17 0.93 ± 0.12 1.00 ± 0.00 0.97 ± 0.11

HD95 23.04 ± 27.07 16.32 ± 24.15 10.92 ± 13.38 24.74 ± 37.29 36.40 ± 25.61

Table 6 

Communication costs for different compression pipelines. For each method, the 

minimum transmitted payload observed across training rounds is reported.

Pipeline C 𝐒𝐑
(%)

Baseline 

bits

Compressed 

bits

Compression 

ratio

Payload re­

duction (%)

FedAvg 0 0 1.54 × 108 1.54 × 108 ×1.00 0.00

𝐶 − 𝑜𝑛𝑙𝑦 3 0 1.54 × 108 4.09 × 107 ×3.77 73.48

𝐶 − 𝑜𝑛𝑙𝑦 32 0 1.54 × 108 4.73 × 107 ×3.26 69.31

𝐶 − 𝑜𝑛𝑙𝑦 64 0 1.54 × 108 4.91 × 107 ×3.13 68.11

𝑆 − 𝑜𝑛𝑙𝑦 0 20 1.54 × 108 1.54 × 108 ×1.00 0.00

𝑆 − 𝑜𝑛𝑙𝑦 0 30 1.54 × 108 1.53 × 108 ×1.01 0.93

𝑆 − 𝑜𝑛𝑙𝑦 0 60 1.54 × 108 1.24 × 108 ×1.24 19.48

FedWSOComp 32 60 1.54 × 108 4.52 × 107 ×3.40 70.65

The communication results reported in Table 6 further clarified that 

the full FedWSOcomp pipeline represents a more practical operating 

point than clustering or sparsification alone. Although the 𝐶 − 𝑜𝑛𝑙𝑦
configuration achieved substantial compression (up to 3.77×), the most 

aggressive configuration (𝐶 = 3) was associated with the weakest seg­

mentation performance –presented in Tables 4 and 5– and the largest 

boundary errors.

Furthermore, the 𝑆𝑅 − 𝑜𝑛𝑙𝑦 configurations have not yielded consis­

tent communication savings across retention levels while simultaneously 

increasing the boundary errors represented by the HD95.

The findings of this study, when considered in conjunction with the 

ablation and communication analyses, indicate that the primary ad­

vantage of FedWSOcomp arises from the synergistic combination of 

sufficiently fine-grained quantization with high retention, rather than 

from either compression mechanism in isolation. From a pragmatic 

standpoint, the configuration 𝐶 = 32 with 𝑆𝑅 = 60% was identi­

fied as the most balanced operating regime under IID conditions with 

constrained sample availability, while 𝐶 = 64 with 𝑆𝑅 = 60% was 

identified as the most effective configuration under non-IID settings. It 

was demonstrated that both configurations consistently achieved high 

DSC while maintaining low HD95, and simultaneously delivered high 

communication reductions without the instability associated with coarse 

quantization or low-retention sparsification.

Overall, these configurations delineate a stable and deployable trade-

off between communication efficiency and segmentation reliability, thus 

supporting the assertion that FedWSOcomp may be considered suitable 

for clinical FL applications with constrained computational and net­

work infrastructures, without compromising the robustness of tumour 

delineation.

6 . Conclusion

This work analysed FedWSOComp, an FL strategy for 

communication-efficient 3D medical image segmentation, by sys­

tematically varying its key components, parameters and analysing their 

effects on model performance and compression. The study showed how 

different sparsification levels and quantization granularities influenced 

the trade-off between segmentation accuracy and communication 

efficiency, providing new insights into the practical applicability of 

the method. The results confirmed that moderate-to-fine quantization 

combined with higher retention ratios preserved segmentation quality 

while still achieving substantial communication savings. Moreover, the 

analysis of client-specific outcomes highlighted the importance of con­

sidering heterogeneity in federated scenarios, as improvements varied 

according to local data distributions. A limitation of this study con­

cerned the construction of the IID scenario. By allocating 100 patients to 

each client, the total number of patients available in this case was lower 

than in the non-IID setting, which explained the performance degrada­

tion observed in some IID experiments. Overall, this study deepened 

the understanding of FedWSOComp and its operational boundaries, 

offering guidance for its deployment in bandwidth-constrained clinical 

networks. Future investigations may explore adaptive parameter selec­

tion, integration with privacy-preserving techniques, and large-scale 

validation across multiple institutions and imaging modalities.
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