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Semi-Supervised Cervical Spine MRI Segmentation Model in
Federated Heterogeneous Data

PAN Enyuan, ZHONG Yuan™ § LI Ping

(School of Computer Science, Southwest Petroleum University, Chengdu 610500, Sichuan, China)

[ Abstract] Segmented medical images for diagnosissserve as an effective auxiliary method in clinical and medical
research. However, challenges such as privacy conéerns, data dispersion, and labeling difficulties hinder their
practical application. For example, in the ¢ase of “eérvical spine Magnetic Resonance Imaging ( MRI) image
segmentation, it is more challenging to obtain image data, and labeling costs are high. It is difficult for the cervical
spine segmentation model to effectivelytextract detailed cervical spine information when encountering heterogeneous
data from different sources. Therefore,\in the federated learning scenario, this paper proposes M-FedlLO. It is a
multi-scale semi-supervised segmentation network based on label separation and bootstrapping. It aims to address
the challenges of limited labeled infermation and reduced accuracy when handling heterogeneous data. M-Fedl.O
employs label separation to Separately segment the vertebrae and intervertebral discs while achieving multi-scale
outputs. This allows for*further ‘edge information extraction and better separation between vertebral blocks and
intervertebral discs. In the "global + local” mode of federated learning, the labels from the global model guide the
local models. This ensures that the features extracted by the local models from unlabeled data approximate those of
the global model. This, in turn, enhances the utilization of unlabeled data by the local models. Additionally, the
approach uses Stochastic Weight Averaging(SWA) to optimize the parameters to alleviate model weight oscillation
issues and enhance the model's generalization capability. The experimental results demonstrate that the proposed
model outperforms the semi-supervised baseline segmentation models in the segmentation of non-heterogeneous
cervical spine MRI medical images and heterogeneous cervical spine images. Specifically, compared with the best-
performing ICT model on the cervical spine dataset, the proposed approach achieves an improvement in the Dice
Similarity Coefficient(DSC) metric to 86. 86%. This represents an enhancement by 1. 72 percentage points.

[Key words]) cervical spine segmentation; federated learning; heterogeneous data; label separation; multi-scale;

label-guided
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Fig. 1, Federated operation mode of M-FedlLO method
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Table 5 Performance comparisons of different models

in centralized learning

HOER/ dEg/

- N o
TR ” % DSC/ % MIoU/ %
MT 245 245 84.0340.26 75.77-0.26
EM 245 245 83.6040.25 74.05+2.72
CPS 245 245 82.5640.33 74.19-0.47
ICT 245 245 85.0340.21 77.25740.13
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Table 6 [Performance comparisons of different segmentation

models under heterogeneous data

Bl SRCYIRMG /T AR AR /3R DSC/ %

MloU/ %

MT 245 245 82.36+1.64 74.35+1.9
EM 245 245 82.9743.07 74.74+4.33
CPS 245 245 82.6442.17 74.35+2. 60
ICT 245 245 83.66+1.12 75.56+1.81
Light-URPC 245 245 85.55+1.10 77.83%+1.19
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Fig.5 Visualization results of different models on the cervical vertebra dataset
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Table 7 Performance comparisons of different
segmentation models in heterogeneous
data under federated learning
-_— BSLER HE R/ A % MIoU, %
ik ik
MT 245 24.5 84.1940.31 75.8%0. 26
EM 245 245 83.5940.11 74.94+0. 04
CPS 245 245 84.7840.19 76.33+0.05
ICT 245 245 85.1440.02 77.07+£0. 16
M-FedLLO 245 245 86.8610.03 79.1910.02
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Fig.6 Performance changes in module stacking
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