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Abstract

In medical image classification, data privacy constraints and
the high cost of expert annotations pose significant challenges
to building generalizable models. Federated semi-supervised
learning (FSSL), which combines the privacy-preserving na-
ture of federated learning with the label efficiency of semi-
supervised learning, offers a promising direction. However,
in real-world deployments, client data often exhibits highly
non-independent and identically distributed (Non-IID) char-
acteristics. This distributional heterogeneity undermines the
reliability of pseudo-labels generated by global models, ul-
timately limiting model generalization. A key limitation of
existing FSSL approaches lies in their reliance on a static la-
beled set fixed prior to training. Such strategies lack the abil-
ity to adaptively correct pseudo-label noise or address class
imbalance throughout training, particularly under Non-IID
settings. To address this, we propose FSSAL, a novel frame-
work that introduces an active learning component into the
FSSL pipeline. By continuously identifying informative and
representative samples during training, our method adaptively
refines the labeled set and enhances the model’s robustness to
distribution shifts. FSSAL employs client-private models for
pseudo-label generation to reduce global bias, applies a class-
aware dynamic thresholding mechanism to ensure more reli-
able and balanced label selection, and incorporates a sample
selection strategy guided by both feature diversity and model
uncertainty. Extensive experiments on four public medical
image classification datasets demonstrate that FSSAL con-
sistently outperforms competitive FSSL methods in accuracy
and F1-score, especially under highly Non-IID conditions,
highlighting its robustness and practical potential.

Introduction
Deep learning has achieved remarkable success in medical
image classification, powering applications such as diabetic
retinopathy screening, skin lesion diagnosis, and intracranial
hemorrhage detection (Litjens et al. 2017). However, two
persistent challenges continue to hinder the deployment of
robust and generalizable models in real-world medical sce-
narios: data privacy constraints (Sheller et al. 2020) and lim-
ited availability of labeled samples. Due to the sensitive na-
ture of medical data and regulatory restrictions, data cannot
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be directly shared across institutions. Moreover, expert an-
notation is costly and time-consuming, making large-scale
supervised learning impractical in many clinical contexts.

Federated semi-supervised learning (FSSL), which com-
bines the privacy-preserving nature of federated learning
(FL) with the label efficiency of semi-supervised learning
(SSL), offers a promising paradigm for collaborative model
training without requiring centralized data collection. In
FSSL, a global model is trained across decentralized clients
by leveraging both labeled and unlabeled data locally. While
this approach mitigates some limitations of data isolation
and annotation scarcity, it remains highly vulnerable to the
non-independent and identically distributed (Non-IID) na-
ture of medical data across clients (Li et al. 2019). Distri-
butional heterogeneity, such as class imbalance and demo-
graphic differences between hospitals, often leads to unre-
liable pseudo-labels generated by the global model. These
noisy pseudo-labels can propagate errors during training, es-
pecially when minority classes are systematically underrep-
resented.

We observe that many existing FSSL approaches rely
on a fixed set of labeled samples established at the start
of training. Once initialized, the model passively learns
from pseudo-labels on the remaining unlabeled data, with-
out revisiting the decision of which samples to label.
This static, pseudo-label-driven learning paradigm fails
to adapt to the evolving model state and dynamic error
patterns—particularly in Non-IID settings. For instance,
RSCFed (Liang et al. 2022) employs random sampling con-
sensus and distance-reweighted aggregation to mitigate het-
erogeneity but overlooks class imbalance in pseudo-label
generation. FedCD (Liu et al. 2024) uses a dual-teacher ar-
chitecture to enhance minority class recognition yet faces
pseudo-label instability and increased costs in data-scarce
scenarios. Similarly, SAGE (Liu et al. 2025) dynamically
adjusts pseudo-labels via confidence discrepancies but fal-
ters under extreme imbalance or noisy initial estimates in
heterogeneous environments.

We argue that this lack of dynamic supervision is a key
bottleneck in current FSSL systems. To address this, we ex-
plore the integration of active learning (AL) into FSSL to se-
lectively and iteratively expand the labeled set during train-
ing. AL has been effective in centralized settings for acquir-
ing high-value labels under budget constraints, yet remains
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underexplored in federated semi-supervised regimes, partic-
ularly under Non-IID conditions. By identifying informative
and representative samples based on model uncertainty and
feature structure, active sample selection enables targeted
correction of pseudo-label noise and improved class cover-
age.

In this paper, we propose FSSAL, a Federated Semi-
Supervised Active Learning framework that introduces an
active annotation mechanism into the FSSL pipeline. Rather
than relying solely on initial supervision, FSSAL periodi-
cally selects high-value samples to be labeled during train-
ing, based on both local and global signals. Our frame-
work integrates three key components: (1) private model-
specific pseudo-labeling to mitigate early-stage global bias;
(2) a class-aware dynamic thresholding strategy that adapts
to global class distribution shifts; and (3) a dual-view active
sample selection mechanism that fuses local feature cluster-
ing and global entropy-based uncertainty estimation.

To validate the effectiveness of our approach, we con-
duct extensive experiments on four publicly available medi-
cal image classification datasets. Each dataset is partitioned
under varying Non-IID conditions to emulate realistic in-
stitutional disparities. Compared to competitive FSSL base-
lines, FSSAL consistently achieves superior performance in
terms of accuracy, F1-score, and minority-class coverage,
particularly under strongly skewed client distributions. Fur-
ther ablation studies confirm the independent contributions
of pseudo-labeling, threshold control, and active sample se-
lection to the observed performance gains.

Our main contributions are summarized as follows:
• We propose FSSAL, a novel framework that integrates

active learning into federated semi-supervised learning to
dynamically improve annotation efficiency and pseudo-
label robustness under Non-IID conditions.

• We introduce a class-aware thresholding strategy and a
dual-model active sample selection algorithm that jointly
enhance pseudo-label precision and class-level balance.

• We perform extensive evaluations on four medical
datasets, demonstrating that FSSAL outperforms state-
of-the-art FSSL methods, especially in highly heteroge-
neous data environments.

Related Work
Federated Learning
Federated Learning (FL) is a distributed machine learn-
ing paradigm that enables collaborative model training
across multiple decentralized clients without sharing raw
data, thereby preserving data privacy. Due to its privacy-
preserving nature, FL has garnered increasing attention in
the field of medical imaging. A significant line of FL re-
search addresses client-side data heterogeneity, which of-
ten manifests as class imbalance and domain shifts. For
instance, FedIIC (Wu et al. 2022) tackles class imbalance
by optimizing feature representations, while FedAWA (Yue
et al. 2023) introduces adaptive aggregation and dynamic
feature fusion to enhance classification performance. Fed-
MoP (Du et al. 2024) mitigates catastrophic forgetting and

aggregation issues through model projection on both client
and server sides. Nevertheless, most FL approaches assume
sufficient labeled data, which is often unrealistic in medical
scenarios. The scarcity of labeled data has motivated grow-
ing interest in leveraging abundant unlabeled data for feder-
ated training.

Semi-Supervised Leaning
Semi-Supervised Learning (SSL) leverages a small amount
of labeled data along with a large pool of unlabeled data
to improve model generalization. Popular SSL strategies in-
clude consistency regularization, pseudo-labeling, and hy-
brid approaches. Consistency-based methods, such as UDA
(Xie et al. 2020), enforce invariance between weakly and
strongly augmented views of unlabeled inputs. Pseudo-
labeling methods generate soft or hard labels using model
predictions; for example, FreeMatch (Wang et al. 2023) fil-
ters pseudo-labels based on confidence thresholds to reduce
label noise. Hybrid methods like FlexMatch (Zhang et al.
2021a) combine consistency regularization and curriculum-
based pseudo-labeling for robust training. However, directly
applying these methods in FL settings poses two primary
challenges: (1) Pseudo-label reliability may degrade due to
local distribution biases (Itahara et al. 2021; Zhang et al.
2021b); and (2) Medical datasets are often highly imbal-
anced, making it difficult to ensure robust learning across
all classes (Che et al. 2021).

Federated Semi-Supervised Leaning
Federated Semi-Supervised Learning (FSSL) combines the
strengths of FL and SSL to utilize unlabeled data while
maintaining data privacy. Recent works have explored FSSL
for medical image classification to address the dual con-
straints of limited annotations and distributional heterogene-
ity. For instance, FedIRM (Liu et al. 2021) leverages fea-
ture clustering for local model updates, although its reliance
on global disease relationship modeling may limit adapt-
ability. RSCFed (Liang et al. 2022) uses random sampling
consensus and distance-reweighted aggregation to mitigate
heterogeneity but does not perform pseudo-label filtering.
FedLoKe (Zhang et al. 2023) improves global accuracy by
incorporating local knowledge, though it struggles under
severely imbalanced data. CBAFed (Li, Li, and Wang 2023)
introduces class-wise adaptive pseudo-label weighting but
remains sensitive to pseudo-label quality. FedCD (Liu et al.
2024) utilizes dual-teacher models to enhance minority class
learning, yet suffers from increased computation and label
instability in low-data regimes. SAGE (Liu et al. 2025) dy-
namically adjusts pseudo-labels using confidence discrepan-
cies, but its efficacy is diminished under noisy or imbalanced
conditions.

While these approaches enhance FSSL from a modeling
perspective, most overlook the pivotal role of data qual-
ity. Improper utilization of unlabeled data—especially under
highly Non-IID conditions—can introduce noisy pseudo-
labels that propagate and amplify over training rounds.
Moreover, not all unlabeled samples contribute equally; low-
quality samples may even hinder model robustness. There-
fore, an open problem in FSSL lies in effectively filtering
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and utilizing informative unlabeled data to improve learning
efficiency and generalization.

Active Learning
Active Learning (AL) is a label-efficient strategy that re-
duces annotation costs by selectively querying the most in-
formative samples for labeling (Settles 2009). In medical
imaging, AL has been widely applied to minimize expert
annotation burden. Ren et al. (Ren, Zhang, and Liu 2021)
combined uncertainty sampling with deep convolutional net-
works to improve classification accuracy while reducing the
volume of labeled data. Zhang et al. (Zhang, Li, and Li 2022)
proposed a GAN-based AL framework, leveraging genera-
tive models for pseudo-labeling and employing AL to select
representative samples. While AL has proven successful in
centralized SSL, its integration with FSSL remains under-
explored, particularly under Non-IID distributions. Incorpo-
rating AL into FSSL holds promise for adaptively improv-
ing pseudo-label quality, correcting class imbalance, and en-
hancing annotation efficiency.

Methodology
Figure 1 illustrates the overall architecture of our pro-
posed Federated Semi-Supervised Active Learning (FS-
SAL) framework. Each client possesses a small labeled
dataset and a large unlabeled dataset locally. To ensure re-
liable pseudo-label generation under data heterogeneity, we
introduce a novel dual-model design. In contrast to con-
ventional federated semi-supervised learning (FSSL) ap-
proaches that rely on a single model, each client in our
framework maintains both a local model for global aggre-
gation and a private model trained solely on its local la-
beled data to generate pseudo-labels. Furthermore, we pro-
pose a class-aware dynamic thresholding mechanism to se-
lect high-confidence unlabeled samples for semi-supervised
training. For the remaining low-confidence samples, we in-
tegrate an active learning strategy to select informative and
class-diverse samples for annotation. The components of our
framework are detailed in the following sections.

Problem Setup
We consider a federated semi-supervised learning scenario
with K medical clients coordinated by a central server. Each
client k ∈ {1, . . . ,K} has a local dataset Dk = Dl

k ∪ Du
k ,

where Dl
k = {(xi, yi)}nl

i=1 is a small labeled subset and
Du

k = {xi}nu
i=1 is a larger unlabeled subset with nl ≪ nu.

The data distribution across clients is assumed to be non-IID
and class-imbalanced. Each client trains a local model θk us-
ing its local data, and the goal is to collaboratively learn a
global model θg without sharing raw data. The overall train-
ing objective is defined as:

min
θ
L =

1

|Dl|
∑

(x,y)∈Dl

Lsup((x, y), θ)

+ λ · 1

|Du|
∑
x∈Du

1(p(x) > τc) · Lunsup((x, ŷ), θ)

(1)

where ŷ = argmax p(x) denotes the predicted pseudo-
label, τc is the class-specific confidence threshold, and Lsup
and Lunsup represent the supervised and unsupervised loss
terms, respectively.

Decoupled Dual-Model Pseudo-Labeling
Framework
Traditional FSSL approaches typically generate pseudo-
labels using the global model, but due to data heterogeneity,
such pseudo-labels are often biased toward majority classes
and may degrade model performance. To address this, we
introduce a decoupled dual-model design on each client: a
private model ω for pseudo-labeling and a local model θ for
semi-supervised learning and global aggregation. This struc-
ture aims to enhance pseudo-label accuracy under non-IID
conditions.

Specifically, the private model ωk is trained only on the
labeled set Dl

k of client k, capturing local label distribution.
The training objective for ωk at round t is:

Lprivate
k =

1

|Dl
k|

∑
(x,y)∈Dl

k

CE
(
y, f(Aw(x);ω

t
k)
)

(2)

where CE denotes the cross-entropy loss and Aw is a weak
augmentation. The model is updated via stochastic gradient
descent (SGD) to obtain ωt+1

k .
To mitigate overfitting due to the small labeled set, we

adopt an Exponential Moving Average (EMA) fusion of the
local private model and the global model, inspired by Fed-
LoKe (Zhang et al. 2023):

ωt+1
k = αema · ωt+1

k + (1− αema) · θt+1
g (3)

where αema controls the fusion ratio.
The updated private model is then used to generate soft

pseudo-labels for Du
k :

p = softmax(f(Aw(x);ωk)), ŷ = argmax(p) (4)

These pseudo-labels are considered as candidates and will
be filtered based on class-aware thresholds.

Meanwhile, the local model θk is initialized from the
global model θg and trained on both Dl

k and the pseudo-
labeled set Dp

k. The local training loss is:

Llocal
k = Lsup

k + λ · Lunsup
k (5)

Lsup
k =

1

|Dl
k|

∑
(x,y)∈Dl

k

CE(y, f(Aw(x); θk)) (6)

Lunsup
k =

1

|Dp
k|

∑
(x,ŷ)∈Dp

k

CE(ŷ, f(As(x); θk)) (7)

whereAs is a strong augmentation. After local optimization,
θk is uploaded to the server and aggregated using FedAvg.
The decoupling ensures the private model focuses on robust
pseudo-labeling, while the local model contributes to feder-
ated optimization.
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Figure 1: An overview of our proposed FSSAL framework.

Labeled Data-Aware Class Threshold
As mentioned, the private model provides candidate pseudo-
labels for unlabeled data. A critical step is to set appropriate
confidence thresholds to filter reliable labels. Instead of fixed
thresholds, we propose class-specific dynamic thresholds
derived from the labeled data distribution, enabling adap-
tation to class imbalance and distribution shifts.

Each client reports the number of labeled samples per
class to the server. For client k and class c, the count is:

σk(c) =

|Dl
k|∑

m=1

1(ylm = c) (8)

The server aggregates global counts:

σs(c) =
K∑

k=1

σk(c) (9)

The empirical class distribution is:

βs(c) =
σs(c)∑C
c=1 σs(c)

(10)

Following CBAFed (Li, Li, and Wang 2023), we intro-
duce a standard deviation term to quantify class imbalance:

std(βs) =

√√√√ 1

C − 1

C∑
c=1

(βs(c)− β′
s)

2
,

where β′
s =

1

C

C∑
c=1

βs(c)

(11)

This metric allows the threshold to adapt: lowering the
threshold for rare classes and maintaining higher ones for

common classes. The class-wise threshold is thus computed
as:

τ(c) = βs(c) + τ − std(βs) (12)

Here, τ is the base threshold, a global constant that adjusts
the overall confidence level required for pseudo-labeling.
For each unlabeled sample xu

i ∈ Du
k , if its predicted proba-

bility for class c exceeds τ(c), it is added to Dp
k as a pseudo-

labeled sample; otherwise, it is excluded.

Active Class-Balanced Sample Selection
Low-confidence samples filtered out in the previous step
may still hold valuable information. Discarding them risks
reducing generalization. Thus, we adopt an active learn-
ing strategy to select the most informative and class-diverse
samples from the uncertain set Dal

k = Du
k −Dp

k for annota-
tion.

The active learning process is conducted locally. First, the
private model ωk is used to extract diversity features from
the penultimate layer:

Fi = φ(xal
i ;ωk) ∈ Rd (13)

where φ(·) denotes the feature extractor and d is the feature
dimension.

Then, KMeans++ clustering is applied to F to form B
clusters (each representing one sample in the labeling bud-
get):

{C1, . . . , CB} = KMeans++(F ), ∀b, |Cb| ≥ 1 (14)

Next, uncertainty sampling is applied using the current
global model θg , selecting the most uncertain sample (with
highest entropy) in each cluster:

xs
b = arg max

x∈Cb

H(p(y|x; θg)) (15)
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Algorithm 1: FSSAL

Require: Private models {ωk}Kk=1; Local models {θk}Kk=1;
Global model θg; Labeled data {Dl

k}Kk=1; Unlabeled
data {Du

k}Kk=1; Active learning budget B per round and
total budget TB; Class threshold base τ ; EMA weight
αema; Active learning rounds Tal.

Ensure: Converged global model θg .
Active Learning Cycle:
while B ≤ TB do

for active learning round t = 1 to Tal do
Federated Semi-Supervised Training

end for
for each client k in parallel do do

Perform Algorithm 2 with budget B
end for
B ← TB −B

end while
while θg not converged do

Federated Semi-Supervised Training
end while
Federated Semi-Supervised Training:
for each client k in parallel do

Compute labeled data loss Lprivate
k on ωk by Eq.2 and

Lsup
k onθk by Eq.6.

Generate pseudo-labels by Eq.4
Dp

k ← {(xu
i , y

u
i )|max(pui ) > τ(yui )}

Compute unlabeled data loss Lunsup
k on θk by Eq.7

and total loss Llocal
k by Eq.5

Update ωk with Lprivate
k

Update θk with Llocal
k

end for
Server aggregates θg ←

∑K
k=1

|Dl
k|

|Dl| θk
Update θk ← θg
EMA update ωk by Eq.3

Algorithm 2: Client k Active Learning Procedure

Require: Private model ωk, global model θg , unlabeled
data Du

k , pseudo-labeled data Dp
k, annotation budget B

Ensure: Updated labeled data Dl
k, unlabeled data Du

k

1: Dal
k ← Du

k −Dp
k {Unreliable unlabeled samples}

2: for each xal
i ∈ Dal

k do
3: Fi ← Diversity Extraction by Eq.13.
4: end for
5: {C1, . . . , CB} ← Cluster Formation({Fi}

|Dal
k |

i=1 ) by
Eq.13.

6: for each cluster Cb do
7: xs

b ← Uncertainty Sample Selection by Eq.15.
8: Dl

k ← Dl
k ∪ {xs

b} {Add to labeled data}
9: Du

k ← Du
k − {xs

b} {Remove from unlabeled data}
10: end for
11: Reset: Dal

k ← ∅
12: Recalculate class thresholds due to distribution shift
13: return Updated Dl

k, Du
k

Selected samples are annotated and added to Dl
k, while

removed from Du
k . Dal

k is reset. After active learning, thresh-
olds are recalculated to reflect the updated class distribution.

Our method improves pseudo-label reliability via private
modeling, introduces class-aware confidence control, and
enhances sample utility through active learning. The full
pipeline is outlined in Algorithm 1.

Experiments
Experimental Setup
Datsets. We evaluate our method on four medical im-
age classification tasks, i.e., skin lesion diagnosis for
dermoscopy images using HAM10000 dataset (Tschandl,
Rosendahl, and Kittler 2018), intracranial hemorrhage
(ICH) diagnosis for brain CT slice using RSNA ICH dataset
(RSNA 2019), dabetic retinopathy classification using Dia-
betic Retinopathy dataset (Dane and Karthik 2019; Porwal
et al. 2018; Decencière et al. 2014) and glaucoma fundus
image classification using Fundus dataset (EyePACS 2015).
We follow the preprocessing of datasets in FedIRM (Liu
et al. 2021), that resizes the images into 240×240, randomly
crops a 224×224 region, and normalizes before input to the
network. We also employ 70% for training, 10% for valida-
tion, and 20% for testing. We use the Dirichlet distribution
to simulate Non-IID data partition in federated systems. Ta-
ble 1 presents statistical information of datasets, where DT

denotes total training samples, Dt denotes total testing sam-
ples, C denotes the number of categories in the datasets, K
denotes clients in the federated system.

Dataset HAM10000 RSNA ICH Diabetic Fundus
DT 7010 17500 4150 4200
Dt 2003 5000 1180 1200
C 7 5 5 2
K 10 10 5 5

Table 1: Statistical information of datasets.

FSSAL Dir(0.01)
FSSAL Dir(0.1)
FSSAL Dir(0.8)

CBAFed Dir(0.01)
CBAFed Dir(0.1)
CBAFed Dir(0.8)

SAGE Dir(0.01)
SAGE Dir(0.1)
SAGE Dir(0.8)
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Figure 2: The Accuracy of different methods under varying
Non-IID degrees on the Diabetic dataset.
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Method Skin Lesion RSNA ICH Diabetic Fundus

Acc(%) Recall(%) F1(%) Acc(%) Recall(%) F1(%) Acc(%) Recall(%) F1(%) Acc(%) Recall(%) F1(%)

FedAvg 93.03 42.32 44.93 83.33 42.91 43.26 86.16 48.10 48.29 83.95 72.13 72.20

RSCFed 93.69 54.11 57.59 83.90 43.06 44.28 87.25 49.22 50.05 84.45 73.01 72.16
FedLoKe 93.65 52.45 55.40 84.42 48.69 47.86 87.55 49.61 50.89 85.20 72.06 71.56
CBAFed 93.42 40.48 44.29 84.56 46.95 46.48 87.89 50.63 51.64 85.45 73.88 74.05
SAGE 93.37 45.36 51.58 84.20 43.60 43.48 88.11 49.55 51.35 85.95 71.18 73.23

Ours 94.47 64.05 61.91 86.49 56.19 55.38 88.61 55.13 54.62 87.00 76.58 77.67

Table 2: Performance comparison under Dir(0.8) and γ = 0.2 across four medical datasets.

Method Skin Lesion RSNA ICH Diabetic Fundus

Acc(%) Recall(%) F1(%) Acc(%) Recall(%) F1(%) Acc(%) Recall(%) F1(%) Acc(%) Recall(%) F1(%)

FedAvg 92.36 41.54 44.03 82.67 41.21 42.64 85.65 46.35 46.87 82.75 71.44 71.20

RSCFed 93.08 52.94 54.72 82.79 41.65 43.28 86.73 46.67 47.32 83.79 71.23 70.88
FedLoKe 93.37 48.20 50.32 83.91 47.68 45.96 87.16 47.43 48.90 84.87 70.95 71.06
CBAFed 93.02 40.08 43.57 83.74 45.95 44.98 86.91 48.60 49.75 84.17 72.34 72.15
SAGE 92.75 42.28 46.46 82.90 40.66 41.48 87.37 46.98 48.12 85.33 70.11 71.35

Ours 94.08 60.87 59.54 86.11 54.11 54.08 88.01 52.81 52.34 86.20 75.29 76.39

Table 3: Performance comparison under Dir(0.8) and γ = 0.15 across four medical datasets.

FSSAL Dir(0.01)
FSSAL Dir(0.1)
FSSAL Dir(0.8)

CBAFed Dir(0.01)
CBAFed Dir(0.1)
CBAFed Dir(0.8)

SAGE Dir(0.01)
SAGE Dir(0.1)
SAGE Dir(0.8)

0 50 100 150 200 250
Training Rounds

0.2

0.3

0.4

0.5

0.6

R
ec

al
l

Figure 3: The Recall of different methods under varying
Non-IID degrees on the Diabetic dataset.

Implementation Details. We implemented FSSAL using
PyTorch 1.11.0 and trained it on RTX 3090 GPU. We em-
ploy pre-trained ResNet-50 (He et al. 2016) as the backbone
network for medical image classification tasks. In all ex-
periments, the standard Stochastic Gradient Descent (SGD)
(Bottou 2010) optimizer is used to train the model. The batch
size is 12 for the HAM10000 dataset, RSNA ICH dataset
and 16 for the Diabetic dataset, Fundus dataset. The learning
rate is 0.001 and Dir(α) = 0.8. We enpirically set threshold
base τ = 0.85, model fusion ratio αema = 0.95.

FSSAL Dir(0.01)
FSSAL Dir(0.1)
FSSAL Dir(0.8)

CBAFed Dir(0.01)
CBAFed Dir(0.1)
CBAFed Dir(0.8)

SAGE Dir(0.01)
SAGE Dir(0.1)
SAGE Dir(0.8)

0 50 100 150 200 250
Training Rounds

0.2

0.3

0.4

0.5

0.6

F1

Figure 4: The F1 Score of different methods under varying
Non-IID degrees on the Diabetic dataset.

Comparisons with State-of-the-Arts
Compare Method. We compare our approach with the
state-of-the-art FSSL methods including RSCFed (Liang
et al. 2022), FedLoKe (Zhang et al. 2023), CBAFed (Li, Li,
and Wang 2023) and SAGE (Liu et al. 2025). For all meth-
ods, we let the proportion of labeled data γ = 0.2. We also
conduct a comparative analysis against FedAvg (McMahan
et al. 2017), which serves as the lower bound training only
by the labeled data.

Evaluation Metrics. We use Accuracy (ACC), Recall,
and F1-score to evaluate model performance. ACC measures
overall prediction correctness. Recall quantifies sensitivity
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Figure 5: Pseudo label accuracy of Private Model and Global
Model under varying Non-IID degrees on the Diabetic
dataset.
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Figure 6: Pseudo label accuracy of CBAFed Model and
SAGE Model under varying Non-IID degrees on the Dia-
betic dataset.

to positive cases, crucial for detecting medical anomalies in
imbalanced datasets. F1-score balances precision and recall,
offering a robust metric for class-imbalanced scenarios.

Quantitative Comparisons. Table 2 presents outstand-
ing experimental results comparing our approach with other
methods on four medical datasets. For the FSSAL method
proposed in this paper, at the beginning of training, the pro-
portion of labeled data γ = 0.1. Then, two rounds of active
learning are performed, each time selecting 5% from the
training set to add to the labeled data. Finally, the model is
trained in a federated semi-supervised manner with labeled
data proportion γ = 0.2, and the performance of the global
model at convergence is measured. Our method outperforms
the baseline on all three metrics, particularly most notably
on Recall and F1.

Performance Evaluation
Influence of the Proportion of Labeled Data. To compare
the effects under different labeled data ratio experiments, the
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Figure 7: The Accuracy of FSSAL with different EMA pa-
rameters αema on Diabetic under different non-IID degrees.

proportion of labeled data in Table 3 is set to 0.15, with only
one round of active learning performed, while keeping other
conditions unchanged. When the amount of labeled data de-
creases, our method still maintains strong performance com-
pared to other approaches, making it more suitable for sce-
narios with limited annotated data.

Non-IID Degree. We evaluate methods under three dif-
ferent Non-IID distributions, i.e., α ∈ 0.01, 0.1, 0.8, which
all have label ratios γ = 0.2. To delve deeper into the im-
pact of Non-IID degrees on different methods, we conducted
comparisons along two dimensions: model performance and
pseudo-label accuracy. As shown in Figures 2, 3, and 4, our
method exhibits significant improvements across all three
metrics after 150 rounds, when active learning completes
with a 0.2 labeled data ratio, demonstrating consistent ad-
vantages thereafter. Figures 5 and 6 show that the model
trained with our method achieves the highest pseudo-label
accuracy, which also explains why our method performs so
well.

EMA Weight. We also explore how the EMA weight
αema influences the performance of FSSAL. These results
are shown in Figures 7 and 8. The initial rise followed by a
decline demonstrates the effectiveness of model fusion.

Active Learning Selector. Our approach employs both
private and global models during active learning. The pri-
vate model performs clustering, while the global model con-
ducts query selection based on clustering outcomes, pro-
moting globally balanced sample selection. To validate this,
we compared FSSAL’s performance at convergence against
variants using only the global or private model for class-
balanced selection (Dir(α) = 0.01, Diabetic dataset). As
shown in Table 4, our dual-model selector achieves superior
performance across all metrics, validating its effectiveness
in active learning sample selection.

Ablation Studies
We present a comprehensive ablation analysis in Table 5,
combining both single-component and pairwise-component
evaluations. The results highlight the individual and joint
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Figure 8: The Recall of FSSAL with different EMA param-
eters αema on Diabetic under different non-IID degrees.

Selector Metrics
Acc (%) Recall (%) F1 (%)

Private Model 86.62 51.40 49.20
Global Model 86.72 48.67 46.28

Both 87.00 52.30 50.40

Table 4: Performance comparison of different active learn-
ing selectors on the Diabetic dataset.

contributions of the three core modules in FSSAL: Pri-
vate Model Pseudo-label Prediction (PMPP), Labeled Data-
Aware Thresholding (LAT), and Active Class-Balanced
Sampling (ABS).

When evaluated independently, LAT demonstrates the
most substantial standalone impact, while PMPP and ABS
also contribute positively—PMPP delivering strong super-
vised guidance and ABS providing diverse label selection.

Pairwise combinations further amplify performance. No-
tably, LAT combined with PMPP yields stronger gains than
either alone, confirming LAT’s role as a foundational mod-
ule. The full FSSAL framework, integrating all three com-
ponents, consistently outperforms all partial variants, with
improvements ranging from 0.37% to 9.93% across key met-
rics, including Accuracy, Recall, and F1-score.

Conclusion
This paper presents FSSAL, a federated semi-supervised
learning framework enhanced by active learning to ad-
dress the challenges of limited labeled data, data hetero-
geneity, and pseudo-label noise in medical image classifi-
cation. Unlike existing methods that rely on static supervi-
sion, FSSAL dynamically updates the labeled set through
uncertainty- and diversity-driven sample selection, while
leveraging client-specific pseudo-labeling and class-aware
thresholding to ensure label reliability and class balance.
Extensive experiments on four public medical datasets un-
der various Non-IID settings show that FSSAL consistently
outperforms representative FSSL baselines in terms of ac-

PMPP LAT ABS Acc(%) Recall(%) F1(%)

✓ × × 93.40 58.39 54.80
× ✓ × 93.80 57.89 57.28
× × ✓ 93.71 54.12 53.96
✓ ✓ × 94.10 61.55 59.53
✓ × ✓ 93.50 58.46 57.64
× ✓ ✓ 93.85 62.12 60.17
✓ ✓ ✓ 94.47 64.05 61.91

Table 5: Ablation studies on the effectiveness of one compo-
nent.

curacy, recall, and F1-score. Ablation studies further con-
firm the effectiveness of each proposed component. Overall,
FSSAL offers a practical and scalable solution for privacy-
preserving collaborative learning in real-world medical en-
vironments. In future work, we plan to extend the frame-
work to more complex tasks such as medical image segmen-
tation and multi-modal federated learning, as well as explore
communication-efficient variants to support deployment in
resource-constrained settings.
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