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Abstract

Federated Semi-Supervised Learning (FSSL) has emerged as
a crucial topic in medical image analysis, allowing multiple
medical institutions to collaboratively train a global model
using limited labeled data. However, existing FSSL methods
focus solely on an effective combination of federated learn-
ing and semi-supervised learning, ignoring the heterogeneity
of client data and the inadaptability of semi-supervised meth-
ods in diverse environments, which leads to knowledge bias
in local models and impedes stable convergence. To this end,
we explore the application of personalization in FSSL and
propose a novel dual-calibrated co-training framework. To
adapt to the unique feature distribution of client data, we con-
sider collaborative relationships among clients to aggregate a
personalized model for each client. We further build a dual-
student architecture with the personalized model and private
local model on the client side, which encourages model dis-
agreement for co-training while enhancing participant pri-
vacy. Most importantly, we design dual calibration strate-
gies that adaptively optimize the model: Local calibration im-
proves the boundary discrimination of the local model by dy-
namically replacing pseudo-label boundary patches; Global
calibration corrects model direction based on the real-time
perception of the biases between local dual-student models.
Experimental results show the effectiveness of our method
on a private medical dataset and two public medical datasets.

Code —
https://github.com/Medical- AI-Lab-of-JNU/PFSSL

Introduction

Federated Learning (FL) has garnered considerable attention
recently in medical image analysis, which enables multiple
medical institutions (i.e., clients) to train a shared global
model without centralizing data (McMahan et al. 2017;
Kone¢ny et al. 2016; Liu et al. 2020). By ensuring patient
data privacy while meeting the necessity for collaborative
learning in the healthcare field, FL provides a way for more
precise diagnoses (Antunes et al. 2022). Despite the poten-
tial of FL, the requirement for a large amount of fully la-
beled data restricts its practicality. In real-world medical
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Figure 1: Illustration of the existing FSSL method and our
PFSSL method. Existing methods simply combine semi-
supervised methods with federated averages, while our
method considers collaborative relationships and aggregates
a personalized model for each client.

scenarios, it is difficult for medical institutions to provide
enough medical image annotations due to constraints such
as limited available expertise, time, and the high costs of
data annotation. Obtaining pixel-level annotations on a large
scale is undoubtedly a significant challenge, especially for
segmentation tasks that require pixel-level detail. To handle
this problem, many researchers have considered an effective
combination of FL and semi-supervised learning. This in-
novative paradigm allows multiple clients to utilize limited
labeled data and abundant unlabeled data to facilitate collab-
orative model training in a distributed environment (Jeong
et al. 2020; Liang et al. 2022; Lin et al. 2021).

In previous attempts, federated semi-supervised learning
(FSSL) has been extensively studied. FedIRM (Liu et al.
2021) addresses the deficiency of task knowledge at unla-
beled clients by extracting useful information through inter-
client relation matching. FedCD (Liu, Wu, and Qin 2024)
introduced a class awareness balance module to explore bal-
anced learning of rare classes in unlabeled clients. Although
these methods have considered the inter-client relationships
to facilitate knowledge transfer between labeled and unla-
beled data, their performance still faces two significant chal-
lenges: data heterogeneity among multiple clients and the
inadaptability of semi-supervised methods in distributed en-
vironments. As depicted in Figure 2, the main reasons for
performance degradation in traditional FSSL methods are
two-fold: 1) data heterogeneity may cause the aggregated
model to absorb varied experiences, leading to catastrophic
knowledge forgetting and repetitive local self-training pat-
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Figure 2: Traditional FSSL methods exhibit periodic fluc-
tuations in test dice coefficient during training with feder-
ated aggregation rounds, struggling to adapt to data hetero-
geneity among clients. Our method is unaffected by aggre-
gation and consistently delivers significantly better results
than other methods. The experiment was based on a repre-
sentative client using the Polyp dataset, with 10 local train-
ing epochs and 20 federated communication rounds. More
details are described in the Section Experiments.

terns that struggle to converge stably; 2) the inadaptability
of generalized semi-supervised methods with diverse data
may result in significant noise in pseudo-labels, causing lo-
cal models to learn incorrect decision boundaries and im-
peding high performance.

Hence, we propose a personalized federated semi-
supervised learning (PFSSL) framework with co-training
via dual calibration. As shown in Figure 1, we consider
constructing rule relationship graphs of models to aggre-
gate personalized models for clients, enabling each client to
adapt to its unique data characteristics (Luo et al. 2021a). In
this way, clients can gather preferred knowledge by match-
ing with collaborative clients that have similar data distri-
butions, which significantly alleviates the impact of data
heterogeneity. To enhance client privacy protection (Kalra
et al. 2023) and promote learning diversity, we establish a
single-teacher-dual-student mechanism on the client side.
The aggregated personalized model and the local private
model serve as dual-student networks, with co-training be-
tween student networks to facilitate the integration of the
teacher model (Hung et al. 2018; Yu et al. 2019; Chen
et al. 2021). Crucially, we design dual calibration strategies
(local calibration and global calibration) that flexibly up-
date the local model based on the client’s data distribution
and learning state to alleviate local maladaptation. For lo-
cal calibration, reliable knowledge with labeled boundaries
is gathered in a patch-wise manner and utilized to dynam-
ically replace pseudo-label boundary patches, thereby cre-
ating highly credible pseudo-labels. This process calibrates
the ambiguous boundary semantics of unlabeled data, reduc-
ing the misleading impact of noise on model learning. The
global calibration perceives the differences between the lo-
cal model and the personalized model, using gradient up-
dates to correct inconsistencies and guide the model in the
right learning direction. Overall, our main contributions can
be summarized as follows:
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* We propose a novel FSSL method to address perfor-
mance biases caused by heterogeneous data and the in-
adaptability of semi-supervised methods. Unlike existing
FSSL methods, we incorporate personalized learning in
FSSL.

* Our approach involves co-training for the local model
and the personalized model aggregated by rule relation-
ship graphs, especially designing dual calibration ap-
proaches to optimize local model performance and guide
the model’s learning direction, which achieves adaptive
optimization for clients.

* We validated our method on liver organ, skin cancer
lesion, and colorectal polyp segmentation tasks. Our
method demonstrated remarkable segmentation results,
showing the great potential of PFSSL.

Related Work
Personalized Federated Learning

Federated Learning (FL) is a collaborative learning frame-
work that aims to train a global consensus model via co-
ordinated communication with multiple clients. The data
heterogeneity causes differences in client data distribution,
making it challenging for a single global model to meet the
diverse requirements of all clients. Consequently, Personal-
ized Federated Learning (PFL) has emerged as an appropri-
ate alternative solution (Kulkarni, Kulkarni, and Pant 2020;
Tan et al. 2022). PFL can be viewed as a multi-task learn-
ing strategy, shifting from a traditional single server-centric
learning task to multiple client-centric learning tasks (Mar-
foq et al. 2021). For instance, FedU (Dinh et al. 2022) pro-
posed using Laplacian regularization to explicitly leverage
the relationships among client models for multi-task learn-
ing. Pgfed (Luo et al. 2023) considers client risks to con-
struct a personalized global objective for each client’s local
task. However, despite considering partial collaboration fac-
tors, these PFL methods lack a comprehensive and rigorous
guideline for cooperation, which limits their adaptability to
heterogeneous scenarios in the real world.

Semi-Supervised Learning

Semi-supervised learning (SSL) was proposed to improve
supervised learning performance by utilizing a large amount
of unlabeled information. Existing popular methods are
mainly divided into pseudo-labeling and consistency reg-
ularization. Pseudo labeling (Lee et al. 2013) attempts to
generate pseudo labels that are similar to the ground truth,
and models are trained as in supervised learning. Consis-
tency regularization (Lee et al. 2022; Tarvainen and Valpola
2017) enforces the model’s outputs of different perturbed
versions of the same input to be consistent. Current state-
of-the-art approaches have incorporated these two strategies
and shown satisfactory results for image segmentation tasks
(Sohn et al. 2020; Zhang et al. 2021). Building on this foun-
dation, we explored semi-supervised segmentation adaptive
learning algorithms in the federated learning scenario.
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Figure 3: An overview of our proposed PFSSL framework. The upper side shows the federated learning architecture, where the
server builds a rule relationship graph for multi-client models and aggregates a personalized model for each client. The lower
side depicts the co-training process with dual calibration in semi-supervised learning, where local calibration corrects pseudo-
labels to enhance the boundary discernment ability of the local model, and global calibration adjusts the gradient directions of

the local model and the personalized model in real-time.

Federated Semi-Supervised Learning

Personalized Federated Semi-Supervised Learning (PFSSL)
combines the advantages of personalized federated learn-
ing and semi-supervised learning to protect client data pri-
vacy while reducing annotation costs and addressing signif-
icant data heterogeneity issues. Recently, UM-pFSSL (Shi,
Chen, and Zhang 2022) proposed client assistants to help un-
labeled clients obtain trustworthy pseudo-labels. SemiPFL
(Tashakori et al. 2023) considers the performance challenges
of aggregating personalized models across multiple edge de-
vice users. However, these approaches are limited to specific
scenarios and cannot be directly applied to medical image
segmentation. In real-world medical scenarios, a single med-
ical institution can annotate only a minimal amount of data.
Our research is conducted in this context, where each client
contains a small amount of labeled data and a large amount
of unlabeled data.

Methodology

This section introduces our personalized federated semi-
supervised learning framework, as depicted in Figure 3.

6274

First, we define the problem and introduce the aggregation
process of the personalized model. Then, we describe in de-
tail the optimization strategy of the dual calibration method
with co-training.

Problem Settings

In our PFSSL setting, we assume there are K clients,
where each client dataset contains a labeled dataset D},
{(xfw-, k)i = 1,...,|DL|} and an unlabeled dataset D¥ =
{(z¥ )i = 1,...,|D¥|}, usually |D!| < |D“|. The goal
of PFSSL is to train a high-performance local segmentation
model f(-, 8) for each client.

Personalized Aggregation

We propose a federated learning personalized aggregation
algorithm based on the rule relationship graph. Unlike tradi-
tional FL. methods, the server receives the uploaded mod-
els and aggregates a unique personalized model for each
client (Qi and Li 2024; Li et al. 2020). To determine the
collaborative relationships among clients, we define a rule
relationship graph G(V, &, A), where the node set V =



{c1,¢9,...,cx} representing all K clients, £ is the set
of edges representing relationships among the models of
clients, and A € RE*K is a symmetric weighted adjacency
matrix whose (4, j)th element quantifies the extent of col-
laboration between the ith and the jth clients.

Since the data distribution is inaccessible, we consider
establishing a basic collaboration based on model similar-
ity. Furthermore, we define two additional rules to jointly
guide the collaboration among clients: the relative dataset
size among clients and the model quality score. The model
quality score is approximated by the segmentation predic-
tion results of the client’s personalized model. Then, the op-
timization objective for the i-th client on the server side is:

min A;j + oh;))* — A;jcos(0;,0;
e ; ( —(pgj +¢ zj: ij i,6;)
StZA” 217VZ, Aij ZO,VZ,], ,0+¢:1
J
ey

where g; = D,/ Zf D; is the relative dataset size, h; is
the result calculated by model quality estimation function,
cos(0;,0;) is the cosine similarity between two models, o
and p are the hyperparameters that influence the collabora-
tive relationship based on model similarity and control the
proportion of model rule, respectively. In the objective func-
tion, the first term accounts for the dataset size and model
quality evaluation results, where more extensive or more ac-
curate knowledge contributions are given higher collabora-
tion strength. The second term considers model similarity to
determine basic collaboration. The first constraint limits the
overall collaboration budget of each client, and the second
constraint requires all collaboration strengths to be positive.
The third constraint defines the range of the rule.
Considering that personalized model aggregation is a dy-
namic process, we use the historical round information accu-
mulated in the rule relationship graph to converge the current
node weights (Zhu, Chen, and Yuan 2023). In each commu-
nication round ¢, we update the weight matrix A;; by com-
bining the current and past rule relationships and perform
symmetric normalization. For the weight matrix A4;; :

t
_1 _ ~1
=D;" (E Nk'AEj k) Dy
k=0

where D;; = diag(3")_o u* - A} ") is the degree matrix,
is the hyperparameter, and A! represents the weight matrix
at round ¢.

@

Dual-Calibrated Co-training

In this section, we present a dual calibration strategy within
the co-training mechanism, which optimizes client models
from local and global perspectives. We will further elaborate
on the co-training mechanism and the calibration process in
the following subsections.

Co-training Student-Teacher. In FSSL scenarios, rely-
ing on a single model may lead clients to prioritize local
knowledge while neglecting global knowledge, resulting in
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over-personalization. Inspired by Mean Teacher (Tarvainen
and Valpola 2017) and Cross Pseudo Supervision (Chen
et al. 2021), we built a single-teacher-dual-student archi-
tecture with the local model f(-,07) and the personalized
model f(-,67), which promotes the consistency of pseudo-
labels by co-training with the dual students.

During the training process, gradient propagation is only
performed within the student models, while the teacher
model serves as a self-ensemble of the student model train-
ing results. Specifically, the teacher model is updated by the
exponential moving average (EMA) of the balance weights
from the student models: 6; = v0;_1 + (1 —v)(86] + (1 —
B)Of ), where 4 represents the local training iteration, -y is the
EMA decay that controls the parameter update rate, and (3 is
the balance coefficient of the student model ensemble. The
B is calculated as follows:

1 — de(ﬁf;
2 — Edc(9g§ Dl) —

DY)
£dc(9f§ Dl)

8= (3)
where L. represents the supervised dice loss (i.e., segmen-
tation performance) of the two student networks on the la-
beled dataset. We choose the dice loss to control the balance
coefficient, which determines the integration of more useful
knowledge into the teacher model.

Local calibration. Differences in data distribution among
clients may accumulate a large amount of heterogeneous
pseudo-label noise in the SSL environment. We propose cor-
recting pseudo-labels to calibrate the local model’s ability to
distinguish fuzzy boundaries (Pati et al. 2022), thereby im-
proving the applicability of local models with SSL methods.

As shown in the local calibration module of Figure 3, the
teacher model generates pseudo-labels and uncertainty maps
using unlabeled data, where pseudo boundaries are obtained
from the pseudo-labels by the boundary detection algorithm.
We divide the uncertainty map into patches of sizeh x wina
block-wise manner and merge them with the pseudo bound-
ary to form an uncertainty patch map that only contains the
boundaries.

My = \/S(mS,d = 2)* + S(mS . d =) @)
hxw C
Pb_ Cth;;pljlogpzj M’Lj) (5)

where S is the Sobel boundary detection operator, d is the
directional gradient, and mj ; is the classification result of
the unlabeled image prediction f(z};,0) for pixel (7, j) on
class c. In Eq(4), the pseudo boundary feature information
M*; is obtained through horizontal and vertical detection. In
Eq(5) p; ; 1s the activation probability distribution of pixel
(i, 7) on the class ¢ in the uncertainty map, and C is the total
number of classes. Obviously, the b-th patch can reflect the
model’s confidence in the pixels within the patch.

Similarly, we calculate the boundary uncertainty patches
for labeled data and select those with lower uncertainty as re-
liable knowledge to store in a fixed-capacity memory bank.
Given the diversity of label scales and the differences in the
quality and quantity of boundary patches, we dynamically



adjust the number of patch fusions to ensure the effective
transfer of reliable knowledge.

h:min{|Pl|,|Pu‘}',Pscore'77 (6)

where |P!/4l| denotes the number of labeled or unla-
beled boundary patches, we choose the minimum value
of |P!| and |P%| as the replacement threshold, Pscopc
represents the prediction performance of labeled data as
the reliability of knowledge replacement, 1 is a hyper-
parameter used to control the number of replacements.
We sort the pseudo-label boundary patches by uncertainty
and select the top-h most uncertain (low-confidence) re-
gions (red squares) to form similarity pairs with labeled
data regions (blue squares) that are stored in the memory
bank. Subsequently, the pseudo-labels are replaced based
on the similar pairs, generating new images and pseudo-
labels denoted as z° = Replace(z!, z%; P}, P& h),y
Replace(y', y*; P, P%; h). The new samples are then used
for supervised retraining.

The total loss £ for the k-th client in local semi-
supervised learning consists of two parts: supervised loss
L and unsupervised loss L., expressed as £ = L + ALy,
where ) is a regularization parameter to balance the super-
vised and unsupervised learning losses. The supervised loss
is formulated as,

|Dj,|

s ‘D”Z{Ld(

09) i) + Lac(f (2,07) i)}
(7
Unsupervised loss includes the cross pseudo supervision
and mean-teacher pseudo supervision, i.e., L, = (Leps1 +
Leps2) + (Lmps1 + Lmps2), which are defined as follows:

| Dy

1 s .
Lepsiij2) = 0] Z Lae(f(as,0W/9), f(z5,0l9/P]))
=1
(®)
|Di|
Lonpsii/2) = ‘Du| Z Lac(f(@s,019/7) y2) ()

where z7 and y; are the fused images and pseudo-labels.

Global calibration. After each round of federated ag-
gregation, the personalized model absorbs knowledge from
multiple clients, which may lead to significant knowledge
deviations from the local model. Furthermore, it potentially
causes imbalances in the teacher model. We control the
global direction by sensing the gradient directions of both
the local model and personalized model in real time and
guiding each other for calibration. Taking the local model
as an example the optimization for the ¢-th client is:

A
ZAZJ J EZA” COS(0i70j)
J

(10)
The first term minimizes the loss of semi-supervised learn-
ing to pursue personalized model utility. The second term
maximizes the cosine similarity between the local model and
the personalized model to avoid excessive deviation and re-
duce the risk of overfitting.

min
in £ (-,

6276

Experiments
Experimental Setup

Datasets. We conducted comprehensive experiments on one
private dataset and two public datasets, focusing on liver or-
gans, skin cancer lesions, and colorectal polyps. The Liv-
erSeg23 private dataset, sourced from six hospitals in China,
contains 1,139 patient samples, 11,701 CT images, and cor-
responding annotations. Since the ISIC-2018 (Codella et al.
2019) dataset for the skin cancer lesion task follows inde-
pendent and identically distributed (IID), we use Dirichlet
distribution to generate non-IID data partitions of the 3594
image files among four clients. The polyp segmentation task
uses colonoscopy images from five different data sources for
the experiment (Jha et al. 2020; Bernal et al. 2015). In our
studies, each sub-dataset was treated as an individual client’s
private dataset and randomly split into 80% for training and
20% for testing. Finally, we merged all test sets into a global
test set to validate the performance of the aggregated model.

Implementation Details. We implemented our frame-
work using the Pytorch library on Linux system. We em-
ployed U-Net (Ronneberger, Fischer, and Brox 2015) as the
base model for each client, with a pre-trained ResNet-34 (He
et al. 2016) as the backbone network. All training images
were resized to 256 x 256. Each local model is trained via
an AdamW optimizer with a batch size of 8§, Adam momen-
tums of 0.9 and 0.999, and a fixed learning rate uniformly as
le-4. We set the federated hyperparameters p = 0.8, and u
= 0.1. In the semi-supervised setting, the labeled data ratio
factor is set to 0.3, the patch size is set to 8 and the patch re-
placement number hyperparameter 7 is set to 1. We trained
20 federated rounds in total or until the model has converged
stably, where the local epoch is set as 10 by default. Addi-
tionally, the basic settings for all comparison methods were
kept consistent with our method.

Evaluation Metrics. We employ four widely used met-
rics to evaluate segmentation performance, including dice
coefficient (DC), jaccard index (JC), hausdorff distance
(HD95), and average symmetric surface distance (ASSD).

Comparisons with State-of-the-arts

Comparison Methods. We compare the following meth-
ods in experiments. FedIRM (Liu et al. 2021) and HSSF
(Ma et al. 2024b) are state-of-the-art FSSL methods. Fe-
dAvg+MT (McMahan et al. 2017; Tarvainen and Valpola
2017), PgFed+dhc (Luo et al. 2023; Wang and Li 2023),
FedProx+FixMatch (Li et al. 2020; Sohn et al. 2020), and
FedU+bcp (Dinh et al. 2022; Bai et al. 2023) are naive com-
binations of FL or PFL methods and SSL methods. We also
compare our method against FedAvg combined with super-
vised methods, using FedAvg with fully labeled data and
10% labeled data as the upper and lower bounds, respec-
tively (Luo et al. 2021b; Luo 2020).

Quantitative Comparisons. Table 1 reports the quan-
titative comparison results of our method and other state-
of-the-art methods on the medical datasets. For liver seg-
mentation results, we can observe that our method achieves
84.16%, 85%, 7.95, and 3.14 on average in the four metrics,
which outperforms the latest competitor HSSF with clear



Methods LiverSeg23 ISIC2018 Polyp
DCt JCt HD95] ASSD| | DC?t JCt HD95] ASSD| | DC?t JCt HD95] ASSD/|

HSSF 7147 7545 12.10 4.75 84.76 8336  10.25 3.37 4197 62.88 2234 11.32
FedIRM 82.74 83.83 8.67 3.34 86.77 84.85 9.98 3.39 60.83 71.82  18.15 7.56
PgFed+dhc 81.64 8298 8.65 3.51 86.22 8438  10.66 3.68 66.75 7455 @ 21.14 8.17
FedU+bcp 81.13 8242 1045 3.61 8571 8353 11.64 3.79 5775 69.47  23.26 10.21
FedAvg+mt 77.39  79.88 9.54 3.78 86.35 8439 11.22 3.67 59.68 7233  25.54 11.08
FedProx+FixMatch | 71.00 75.87  10.96 4.63 87.68 8574  10.36 3.32 63.11 7333 2274 9.79
Fedavg(upper-bound) | 88.27 88.33 6.92 2.45 89.16 87.30 9.69 297 71.72 7751  19.83 7.81
Fedavg(lower-bound) | 49.01 63.22 9.54 4.85 81.61 8034 15.61 5.10 40.03 58.62  30.69 12.98
ours 84.16 85.00 7.95 3.14 89.44 87.58 8.70 2.84 73.86 79.79 17.71 7.51

Table 1: The average results of LiverSeg23, ISIC2018, and Polyp datasets under multi-client heterogeneous data partition. The
results reported that our method performs relatively better than all methods.

LC PA GC|DCt JCt HD95| ASSD|
X X x | 7739 7988 954 378
vV X  x | 8076 81.64 894 3.65
x v x |8L77 8307 876 3.38
x x v | 7781 8028 939 375
v vV x | 8348 8451 8.8 3.19
v x v |8l6l 8290  8.89 3.54
x v v | 7415 7178 1124 4.44
v v /| 8416 8500 795 3.14

Table 2: Ablation study on the effectiveness of each compo-
nent using the LiverSeg23 dataset.

improvements of 12.69% in DC and 9.55% in JC. More-
over, simply combining personalized federated learning with
semi-supervised learning does not yield better results, even
with state-of-the-art methods. The main reason is that differ-
ences in individual data distributions cannot be sufficiently
adapted in semi-supervised learning, thereby hindering the
optimization of the aggregated model. In contrast, our PF-
SSL method effectively combines federated learning and
semi-supervised learning and utilizes dual calibration to op-
timize the model’s learning ability.

For skin lesion and polyp segmentation results, we can
see that our method outperforms both state-of-the-art and
classical methods in most evaluation metrics, even surpass-
ing the upper bound. Especially in the polyp segmentation
task, the significant distribution differences in data sources
cause most methods to suffer from severe data drift issues,
performing even close to the lower performance bound. This
issue arises because forcibly aggregating significantly differ-
ent client models misleads the learning of the local model,
resulting in a series of performance issues. Instead, our
method achieves consistent performance gains regardless of
the segmentation tasks. To more intuitively demonstrate the
superiority of our method, Figure 4 visualizes some example
results of liver segmentation, skin lesion segmentation, and
polyp segmentation.

Ablation Studies

Effectiveness of Components. We conducted a quantita-
tive comparison to evaluate the effectiveness of each com-
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Methods \ DC 1t JC1 HD95 | ASSD |
baseline 81.21 82.68 8.60 3.41
MiDSS | 83.73(+2.52) 84.61(+1.93) 8.19 3.06
UCMT | 85.08(+3.87) 85.60(+2.92) 8.07 2.98
Ours 87.20(+5.99) 87.41(+4.73) 7.40 2.62

Table 3: Ablation study on the effectiveness of local calibra-
tion using the LiverSeg23 dataset.

ponent in our method on the liver organ segmentation task.
We applied MT and FedAvg in clients to form a fundamental
FSSL method as the baseline. Similarly, we substituted the
comparison methods that do not use our components with
either MT or FedAvg. As shown in Table 2, the baseline
method yielded poorer segmentation performance, which
may be due to the negative effects of client models with
noisy data on the convergence of the global model. Introduc-
ing Local Calibration (LC), Personalized Aggregation (PA),
or Global Calibration (GC) individually led to significant
improvements over the baseline, demonstrating the effec-
tiveness of each component we proposed. We further com-
bined the components sequentially to verify the effective-
ness of these combinations. The experimental results clearly
show that applying PA or GC based on LC achieves consis-
tent improvements. However, the performance of GC based
on PA decreased, which we suspect is due to the instabil-
ity of local models affecting the global calibration. Finally,
we achieved final results with 84.16% in Dice and 85% in
HD95 by seamlessly integrating each proposed component
to obtain our proposed method, significantly outperforming
other methods on the liver segmentation task.

Effectiveness of Local Calibration. Considering the pro-
posed dynamic boundary patch fusion strategy of the local
calibration method is also a data fusion method for semi-
supervised learning. We compared it with the state-of-the-art
fusion methods, MiDSS (Ma et al. 2024a) and UCMT (Shen
et al. 2023), to verify the reliability of the calibrated pseudo-
labels. In the semi-supervised scenario, we train a super-
vised model using labeled data as the baseline, then select
a certain amount of data samples as the un-fusion dataset.
Next, we employed these methods to generate the fused
data, which was then used to retrain the supervised model.
As shown in Table 3, our method improved by 5.99% and
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Figure 5: Analysis of the impacts of labeled data ratio and different hyper-parameters. (a) Effect of the labeled data ratio on the
LiverSeg23 dataset and using FedAvg+MT as our baseline method. (b) and (c) illustrate the effect of different p and u values
on the Polyp dataset using our method. (d) Effect of different 1 values on the ISIC2018 dataset using our method. We have
utilized the DC and JC as the two main metrics for comparative analysis.

4.73% in DC and JC metrics compared with the baseline,
significantly surpassing the improvements of other methods.
This result indicates that the pseudo-labels generated by our
method are effective and can convey valuable knowledge for
model retraining.

Labeled Data Ratio. We evaluated our method on the Li-
verSeg23 dataset. In addition to adjusting the ratio of labeled
data, we also compared our method with the best-performing
method and the baseline method. We replicated the labeled
data to match the quantity of unlabeled data, ensuring a bal-
anced data volume. As shown in Figure 5(a), our method
outperforms the PgFed+dhc and baseline methods. More-
over, both DC and JC metrics show an increasing trend as
the ratio of data increases, which indicates that our method
is not affected by the ratio of labeled data in local clients.

Hyper-parameters. Note that our method has three main
hyperparameters: the personalized aggregation rule parame-
ter p, the historical information coefficient y, and the num-
ber of pseudo-label boundary patch fusion n. We first con-
ducted experiments on the polyp dataset with parameters p
and p. The experimental results shown in Figure 5(b) and
5(c), which indicate that set p = 0.8 and iz = 0.1 is optimal.
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Furthermore, we conducted experiments on the ISIC dataset
to determine the optimal boundary patch fusion number 7.
As shown in Figure 5(d), continuously increasing the value
of 17 does not improve overall segmentation performance, as
replacing too many boundary patches may convey incorrect
knowledge. Therefore, we chose to set the default value of n
to 1.

Conclusion

In this paper, we address two thorny challenges in FSSL,
the data heterogeneity among clients and the adaptability of
the semi-supervised method. We ingeniously introduce per-
sonalized federated learning to construct rule relationship
graphs across multiple clients to customize a personalized
model for each client and co-training with the private local
model. Additionally, we designed a dual calibration strat-
egy to further calibrate the local and personalized models.
We evaluated our method on both private and public medi-
cal datasets, and the results demonstrated the effectiveness
and superiority of our approach.
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