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Abstract

Keratitis is a common ophthalmic disease associated with a high risk of blindness. Although deep
learning (DL) based on slit-lamp images has shown great promise for automatic keratitis diagnosis,
data heterogeneity and privacy constraints hinder data sharing, limiting model generalization across
multiple medical centers. To address these challenges, we propose a similarity-guided dynamic adjust-
ment federated learning algorithm for automated keratitis diagnosis (SDAFL_AKD). SDAFL_AKD in-
troduces a similarity-based regularization term during local model updates to alleviate catastrophic for-
getting and employs a performance-driven dynamic aggregation mechanism on the server-side to
adaptively weight client contributions, thereby enhancing global model robustness under non-inde-
pendent and identically distributed ( Non-IID) conditions. The framework is evaluated on slit-lamp
images collected from four independent data sources encompassing keratitis, normal cornea, and other
cornea abnormalities, and compared with FedAvg, model-contrastive federated learning ( MOON) ,
stochastic controlled averaging for federated learning (SCAFFOLD) and single-center baseline mod-
els. Experimental results demonstrate that SDAFL_AKD consistently outperforms conventional meth-
ods, achieving average accuracies of 97.95% on a balanced dataset and 86.05% on an imbalanced
smart phone-acquired dataset. Ablation studies further confirm the synergistic benefits of the similar-
ity (SIM) and dynamic aggregation ( DA) modules in improving multi-category recognition and gen-
eralization. These findings indicate the effectiveness of SDAFL_AKD for keratitis diagnosis under
data heterogeneous and privacy-constrained conditions, providing a scalable solution for collaborative
ophthalmic image analysis across institutions.
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0 Introduction

Keratitis is a major ophthalmic disease that poses
a serious threat to visual health. Without timely inter-
vention, it may result in irreversible visual impairment

or even blindness''” .

Slit-lamp imaging is an essential
tool for both the diagnosis and disease progression as-
sessment of keratitis. However, its diagnostic accuracy
largely depends on the clinical experience and techni-

In China, the

shortage and uneven distribution of ophthalmologists

cal expertise of ophthalmologists'>’ .

further exacerbate this challenge. On average, only
1.6 specialists are available per 50 000 people, making
large-scale early screening difficult to implement effec-
tively®'. In this context, artificial intelligence ( Al)
based computer-aided diagnostic methods have emerged
as a promising approach to improve the accuracy and
efficiency of keratitis diagnosis.

With the continuous accumulation of medical ima-
ging data, deep learning ( DL) has demonstrated tre-
mendous potential in the automated diagnosis of various
ophthalmic diseases, including keratitis, cataracts, di-

[4-

abetic retinopathy, and ocular tumors'* ', In particu-
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lar, convolutional neural networks ( CNNs) trained on
slit-lamp images have been widely applied for automa-
ted screening and severity grading of keratitis. In
2020, Lyu et al'® proposed an intelligent classification
system based on a residual neural network ( ResNet)
for fungal keratitis, achieving an accuracy of 96.3%
and an area under the receiver operating characteristic
curve (AUC) of 0.98. In 2021, Li et al'”’ systemati-
cally evaluated multiple CNNs using 13 557 slit-lamp
images for keratitis screening, demonstrating that a
cost-sensitive DenseNet 121 achieved the optimal per-
formance with an AUC exceeding 0. 98. Subsequently,
in 2023, Jiang et al'®' proposed an automated cropping
strategy based on object detection algorithm to focus on
the corneal and conjunctival regions, effectively combi-
ning the features of lesions and complications. This
model achieved an AUC greater than 0. 99 in classif-
ying keratitis, normal cornea, and other cornea abnor-
malities. In 2024, Li et al'” introduced a multi-task
hierarchical optimization DL model, DeeplK, which
simulated the diagnostic decision-making path of clini-
cians. Leveraging 23 055 slit-lamp images from 12
medical centers nationwide, DeeplK achieved severity
grading of keratitis with an AUC above 0. 96, signifi-
cantly outperforming conventional methods. Although
these studies demonstrated excellent performance, all
of them relied on large-scale slit-lamp image datasets.
Due to strict regulations on patient privacy protection
and data security, data sharing across medical institu-
tions remains limited. Consequently, the lack of multi-
center data integration has become a critical bottleneck
restricting the broader clinical deployment of DL in
keratitis diagnosis.

Federated learning (FL), an emerging distributed
learning paradigm, provides a feasible solution for col-

10-13
*. The core

laborative modeling across institutions'
principle of FL is to allow participating entities, such as
hospitals, to retain data locally and only share model
parameters or gradients for joint training. This approach
enables the utilization of multi-center data resources
while ensuring privacy and security. FL has already
been applied in medical imaging, electronic health re-
cords, and multimodal medical data analysis'** ™", No-
tably, FL algorithms such as FedProx, stochastic contr-
doled averaging for federated learmning ( SCAFFOLD ),
and model-contrastive federated learning ( MOON ) '* %
have been proposed and demonstrated excellent perform-
ance in various image recognition tasks. However, their
effectiveness in keratitis diagnosis has not yet been sys-
tematically evaluated. Furthermore, ophthalmic imaging
data from different centers often exhibit substantial het-

erogeneity in acquisition protocols, storage environ-

ments, and imaging conditions, resulting in pronounced
non-independent and identically distributed ( Non-IID)

characteristics >

This heterogeneity can cause cata-
strophic forgetting in client-side models and aggregation
failure on the server-side, thereby degrading global
model performance.

To address these challenges, a novel similarity-
guided dynamic adjustment FL algorithm for automated
keratitis diagnosis (SDAFL_AKD) is proposed. During
local training, SDAFL._AKD introduces a similarity met-
ric'® ") between the global and local models, and in-
corporates it into the loss function to correct the update
direction of local models, thereby mitigating the risk of
local models forgetting global knowledge. During global
aggregation, SDAFL_AKD replaces the conventional da-
ta-volume-based weighting scheme with a dynamic con-
tribution evaluation mechanism that integrates loss val-
ues and classification accuracy, enabling adaptive ad-
justment of aggregation weights for each participant.
Through this two-stage optimization strategy, SDAFL _
AKD enhances the robustness of slit-lamp image analysis
under Non-IID conditions and improves the effectiveness
of global aggregation, providing an efficient and scalable
solution for multi-center collaborative keratitis diagnosis.

1 Methods

1.1 SDAFL_AKD

SDAFL_AKD incorporates a similarity-guided dy-
namic adjustment strategy to fully exploit multi-center
slit-lamp images. As illustrated in Fig. 1, the frame-
work consists of two core modules; similarity-guided lo-
cal adjustment and performance-driven global dynamic
aggregation.

Multi-center slit-lamp images typically exhibit
pronounced heterogeneity, which may lead to cata-
strophic forgetting on the client-side and ineffective ag-
gregation on the server-side. To address this, a simi-
larity measurement mechanism is introduced during the
local training phase (steps 1 =3 in Fig. 1). The simi-
larity between the global and local models is computed
and incorporated into the loss function as a regulariza-
tion term, constraining the update direction of local pa-
rameters and preventing excessive deviation from the
global optimization objective. During the global aggre-
gation phase (steps 4 —7), the similarity metric is fur-
ther combined with classification performance to serve
as a dynamic adjustment factor for aggregation weights,
thereby enhancing the effectiveness of global model ag-
gregation. The following sections describe the local
models adjustment and global dynamic aggregation
modules in detail.
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Fig. 1 Framework of SDAFL_AKD

1.2 Similarity-guided local model adjustment

The heterogeneity of slit-lamp images from different
medical institutions can cause local models to overfit
their respective datasets, potentially overriding or forget-
ting global knowledge. In SDAFL_AKD, similarity met-
ric is employed to quantify the consistency between the
global and local models. Specifically, cosine similarity
is used to measure the directional alignment between
global and local model parameter vectors, while mitiga-
ting the impact of their scale variations. This similarity
reflects their alignment in feature extraction and param-
eter update directions and is incorporated as regulariza-
tion factor to guide the local training process. A high
similarity value indicates greater consistency, facilita-
ting convergence toward a collaboratively optimized so-
lution and improving overall model performance.

As shown in Fig. 2(a), we consider the (¢ —1)-th
iteration of client k£ as an example. Let the local model
parameters be w,” and the global model parameters ob-
tained via server aggregation be w''. Eq. (1) defines
the similarity constraint S, using the cosine similarity
function Sim( +). By dividing the dot product of the
vectors by the product of their L, norms ( || + | ) ,the
metric projects the high-dimensional parameter space
onto a value range of [ — 1,1 ]. This metric isolates the
directional correlation between local and global updates

from their respective vector norms.

wt—l . wT—l
. -1 T-1 k
S, = Sim(w,” , w ) =

-1 ”

(1)

where ¢t denotes the training round of the local model,

Faoi 0= Il

and T represents the aggregation round of the global

model.
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Fig. 2 Similarity-guided local update adjustment

The similarity metric is then incorporated into the
local loss function as a regularization term to constrain
parameter updates, as shown in Eq. (2).

loss = lossg,, + 1055 (, . cniropy

m

=—Sim(u", w'™") - Z; (ylogf/ + (1 =y)log(1-y) )
(2)

where lossg,, and [05s¢,,, ., denote the parameter
alignment loss and the local classification loss, respec-



HIGH TECHNOLOGY LETTERSIVol. 32 No. 1 |Mar. 2026

tively; y represents the ground truth label of the sam-

ple; and y denotes the predicted probability output by
the model.
highly overlapping ranges of lossg,, and 10ssc,,.. cuwpy »

Due to the comparable magnitudes and

equal fusion without tunable weights prevents any single
term from dominating gradient updates, thereby balan-
cing global and local optimization. This formulation
strengthens alignment between local and global models,
ensuring that local optimization not only fits local data
but also preserves global knowledge.

As shown in Fig. 2(b), during the i-th itera-
tion, the client minimizes both classification and
alignment losses while training on local data. Specific-
ally, lossg,, drives local models to improve prediction
accuracy for keratitis classification, whereas loss;, en-
forces consistency with the previous global update di-
rection. Through this dual-loss mechanism, clients
capture common patterns across multi-center data

while suppressing overfitting-induced aggregation fail-

ures. Consequently, this approach alleviates local
update drift, accelerates global model convergence,
and enhances the stability and generalization of

SDAFL_AKD.

1.3 Dynamic aggregation based on performance
evaluation

The substantial heterogeneity of client data distri-
butions often results in inconsistent update directions,
which can degrade global model convergence. If indis-
criminate weighted aggregation is performed on the
server-side, such biases may accumulate, leading to
oscillations or even divergence. To overcome this, this
paper proposes a dynamic aggregation strategy that con-
structs a comprehensive evaluation function using loss
values and accuracy as core indicators, which quanti-
fies and adjusts each client’ s contribution to the global
aggregation, enabling adaptive weight allocation. The
detailed procedure is illustrated in Fig. 3(a).
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Fig. 3 Dynamic aggregation strategy of the global model based on performance evaluation

After the t-th round of global aggregation, the
server calculates the differences between the local mod-
el of client & and the global model in terms of loss and
accuracy, as expressed in Eq. (3).

{ALk =L -L

: (3)
AA, = AT - A

where L" and A"represent the loss and accuracy of the
global model after the i-th aggregation, respectively;
while L, and A, denote the corresponding metrics of cli-
ent k; the difference AL, reflects the convergence gap,
and AA, indicates prediction reliability. These two
terms are combined to form a comprehensive evaluation
parameter, shown as Eq. (4).

BAT = A, - AL, (4)

Based on this evaluation parameter, each client
dynamically adjusts its aggregation weight for the global

update, as shown in Eq. (5).
a; = Clip(ey”" +B; - y) (5)

where a; ' is the aggregation weight of client k in
the (T - 1)-th round, 7y is the step size controlling
weight updates, and Clip (.) constrains the updated
weight within [0, 1] to ensure stability.

During aggregation, model similarity is further in-
troduced as a scaling factor to adjust the strength of
weight adaptation. By jointly considering performance
and similarity, the server balances prediction accuracy
with parameter consistency, achieving robust global op-
timization.

As shown in Fig. 3(b), after one round of local
iterative training, client k£ uploads its trained local
model parameters w; together with the dynamically ad-
justed weight ] to the server. The server then aggre-
gates all client parameters via weighted averaging to
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form the new global model (Eq. (6)).
K
w'™' = Zu); - a (6)
oy

The updated global model w'*' is redistributed to all
clients, replacing the previous version. Each client then
resumes local training based on the new model. Through
the iterative cycle of ‘ performance evaluation—dynamic
aggregation—global update’ , SDAFL_AKD progressive-
ly converges toward an optimal solution.

2 Experiments and analysis

2.1 Dataset

The experimental images are derived from four in-
dependent sources: Ningbo Eye Hospital (NEH) affili-
ated with Wenzhou Medical University, Jiangdong Eye
Hospital (JEH) , Ningbo Ophthalmic Center (NOC) ,
and Smart Phone-based Images ( SPI). For images

with sufficient diagnostic certainty, low-quality samples
in which corneal structures and lesions could not be re-
liably visualized—due to over exposure, motion blur,
or other imaging artifacts—were excluded. Ultimately,
594 images failed to meet the quality criteria and were
removed , while 12 623 qualified images were included
in the study. During the image annotation phase, each
image was independently annotated in a double-blinded
manner by two mid-level ophthalmologists, based on
clinical records, ophthalmic examinations, and follow-
up data. Labels included keratitis, normal cornea, or
other cornea abnormalities. In cases of disagreement,
the final decision was made by a senior ophthalmolo-
gist. All images were randomly divided into training,
15% -

15% , with train, val and test used as grouping identi-

validation, and test sets in a ratio of 70% :

fiers in the table. The detailed distribution is presented
in Table 1.

Table 1~ Multi-center keratitis data and its distribution
NEH JEH NOC SPI
Type
Train Val Test Train Val Test Train Val Test Train Val Test
Keratitis 2 225 477 477 587 126 126 830 178 178 328 71 70
Normal 1775 381 381 781 167 168 396 85 84 135 29 28
Others 595 128 128 678 146 145 165 36 35 339 73 72

2.2 Experimental environment and parameter

settings

The proposed SDAFL_AKD algorithm and base-
line methods were implemented under Ubuntu 18. 04
with Nvidia driver 440.82, CUDA 10.2, Python 3.8,
Torch 1.7.1, and Torchvision 0. 8.2. A transfer learn-
ing strategy was adopted, with DenseNet 121 pretrained
on the ImageNet dataset as the backbone model. The
optimization was conducted using mini-batch gradient
descent (MBGD) , with a per-GPU batch size of 16.
Each local model was trained for 5 iterations per com-
munication round, across 20 global rounds. The initial
learning rate was 0. 001, with a weight decay coeffi-
cient of 5 x 107°.

performance criterion, and the best-performing model

Validation accuracy served as the
on the validation set was elected as the final model.

2.3 Evaluation metrics

To comprehensively evaluate diagnosis performance,
accuracy (Acc), specificity (Spe), sensitivity (Sen),
receiver operating characteristic ( ROC) curve, and

AUC were employed. The ROC curve characterizes the
trade-off between the true positive rate (TPR) and the
false positive rate (FPR) under different thresholds,
while the AUC measures overall discriminative ability.
The F1-score, defined as the harmonic mean of preci-
sion and recall, was used to provide a balanced assess-
ment. Recall is equivalent to sensitivity. The definitions
of the evaluation metrics are given in Eqs. (7) — (11).

Accuracy = gg I $§ + FN (7
Specificity = % (8)
Sensitivity = % (9)
Precision = % (10)

Precision + Recall
Precision + Recall

Fl-score = 2 x (11)

For the keratitis category, TP (true positive) de-
notes the number of keratitis cases correctly identi-
fied, FP (false positive) represents the number of
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non-keratitis cases incorrectly classified as keratitis,
FN (false negative) denotes the number of missed
keratitis cases, and TN ( true negative) represents the
number of non-keratitis cases correctly identified. For
the other two categories, the definitions follow the

same principles.

2.4 Comparative experiments and analysis

To verify the effectiveness of SDAFL_AKD under
Non-IID conditions, slit-lamp images from the four
sources were divided into two experimental groups:

Group A (NEH, JEH, and NOC) and Group B (NEH,

JEH, and SPI). NEH and JEH served as the common
datasets across both groups to ensure consistency of the
baseline environment. NOC contains sufficiently sam-
ples with relatively balanced category distributions,
whereas SPI has fewer samples with highly imbalanced
distributions. Models trained on Group A were tested on
NOC, while models trained on Group B were tested on
SPI. SDAFL_AKD was compared against four conven-
tional FL methods (MOON, SCAFFOLD, FedProx, and
FedAvg) and a single-center baseline model ( Dense-

Net 121 trained solely on NEH). Results are summa-
rized in Table 2.

Table 2 Performance comparison of different FL. and single-center baseline models on two groups of keratitis datasets

Group A Group B
Method Grade
Acce/% Spe/ % Sen/ % Ace/% Spe/ % Sen/ %
Keratitis 98.86 99.36 97.62 90.70 92.16 88.57
Normal 99.09 99.63 98.21 93.06 92.31 100. 00
SDAFL_AKD
Others 97.95 97.96 97.95 87.79 94.95 78.08
Average 97.95 98.98 97.92 86. 05 93.14 88.88
Keratitis 98.41 99.36 96.03 89.47 89.22 89.86
Normal 98.86 99.63 97.62 88.89 86.62 100. 00
MOON
Others 97.27 96.94 97.95 81.87 95.92 63.01
Average 97.27 98.55 97.20 80.23 90.59 84.29
Keratitis 98. 86 98.73 99.21 88.37 88.24 88.57
Normal 98.18 99.26 96.43 88.37 86.71 96.55
SCAFFOLD
Others 97.50 97.96 96.58 82.56 95.96 64.38
Average 97.27 98.65 97.41 79.65 90.30 83.17
Keratitis 98.86 98.73 99.21 88.17 89. 66 85.71
Normal 97.95 98.90 96.43 89.25 87.26 100. 00
FedProx
Others 97.27 97.96 95.89 80. 65 92.93 66. 67
Average 97.05 98.76 97.68 77.33 89.07 89.63
Keratitis 95.45 98. 84 95.24 87.21 88.24 85.71
Normal 95.23 97.43 91.67 87.79 85.31 100. 00
FedAvg
Others 92.50 94.56 88.36 78.49 92.93 58.90
Average 91.59 96.94 91.76 76.74 88.83 81.54
Keratitis 94.29 93.59 96.03 85.47 86.27 84.29
Normal 95.43 97.25 92.81 87.79 85.31 100. 00
DenseNet 121
Others 92.47 96. 25 84.83 76.74 91.92 56.16
Average 91.10 95.70 91.22 75.00 87.83 80.15

For Group A, SDAFL_AKD achieved an average

accuracy of 97.95% across the three categories when
tested on NOC. Compared with the four other FL. meth-

ods and the single-center baseline model, the improve-
ments were approximately 0. 68% , 0.68% , 0.90% ,
6.36% , and 6.85% , respectively. The average spe-
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cificity reached 98. 98% , with gains ranging from
0.33% to 3.28% , while the average sensitivity was
97.92% , with improvements between 0. 24% and
6.70% . These results indicate that SDAFL_AKD ex-
hibits superior stability and discriminative capability
under conditions of sufficient samples and balanced
category distributions.

For Group B, SDAFL_AKD achieved an average
accuracy of 86.05% on the smartphone-acquired SPI.
Compared with MOON, SCAFFOLD, FedProx, Fed-
Avg, and the single-center baseline model, the im-
provements were 5.82% , 6.40% , 8.72% , 9.31% ,
and 11. 05% , respectively. The average specificity
reached 93. 14% , with gains ranging from 2. 55% to
5.31% , while the average sensitivity was 88. 88% ,
showing improvements between 4. 59% and 8. 73%.
These results indicate that SDAFL,_AKD maintains high
stability and generalization even with limited samples
and highly imbalanced category distributions.

To further examine subtle differences among differ-

ent models, the top three performing models (SD-AFL_

AKD, MOON, and SCAFFOLD ) were selected and
compared, and their confusion matrices and ROC curves
are presented, as shown in Figs. 4 and 5. On the NOC
test set (Fig. 5(a) ), SDAFL_AKD misclassified only 9

samples across the three categories, fewer than both
MOON and SCAFFOLD, which misclassified 12 samples
each. Similarly, on the SPI test set (Fig. 5(b)),
SDAFL_AKD misclassified 24 samples, compared with
34 for MOON and 35 for SCAFFOLD, indicating supe-
rior classification accuracy. The ROC curve and AUC
analyses further support the above findings. In Fig. 5
(a), all three models achieved AUC values close to 1
for keratitis detection, with SDAFL _ AKD’ s ROC
curve closer to the upper-left corner. For the other cor-
nea abnormalities, SDAFL _ AKD exhibited a steeper
ROC curve, maintaining a low false positive rate even at
high sensitivity levels, reflecting enhanced robustness.
In Fig. 5(b), SDAFL_AKD achieved approximately a
0.018 improvement in AUC for both the keratitis and
other cornea abnormalities compared with the second-
best MOON. For the normal cornea, SDAFL_AKD also
maintained a superior ROC slope and lower false posi-
tive rate.

In summary, SDAFL _ AKD consistently outper-
formed conventional FL methods and the single-center
baseline model, especially in challenging scenarios with
limited and imbalanced samples, demonstrating strong
practical value for multi-center keratitis diagnosis.

SDAFL_AKD MOON SCAFFOLD
2z 150 2 150 2 '
B 8 B
N 125 S 125 N/ 125
:g - 100 I‘? = 100 z‘? = 100
= E- s = E- = E-
> O 75 & 8 75 o 8 75
g Z s Z s Z
= 50 F 50 F 50
z 25 5 25 2 25
Qo ] ]
-0 -0 -0
Predicted labels Predicted labels Predicted labels
(a) Confusion matrix of different diagnosis models on the NOC test set under Group 4
SDAFL_AKD MOON SCAFFOLD
- - 60 ” 60 ” 60
s 3 5 50 g 63 3 4 50 E 4 4 50
o o o
M M M
L2 40 =2 _ 40 2z _ 40
23 N 23
% 5- 0 30 f 5- 0 29 0 30 f 5- 1 28 0 30
[E Z [E Z [Eg 4
-20 -20 20
4] 14 4]
=- -10 = - 11 16 46 -10 = - 11 15 47 -10
@) o @)
' > 0 ‘ > 0 > 0
e S & &> S & e S &
@@\* e@”/& & @@\* é@/@ & & éé& &

Predicted labels

Predicted labels

Predicted labels

(b) Confusion matrix of different diagnosis models on the SPI test set under Group B

Fig. 4 Comparison of confusion matrices of diagnosis models under different training and testing settings
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Fig. 5 Comparison of ROC curves of diagnosis models under different training and testing settings

2.5 Ablation study and analysis

To assess the contribution of individual modules,
four ablation experiments were conducted while keep-
ing the backbone network unchanged. Specifically,
baseline represents the FedAvg model trained on Group
A, M1 denotes FedAvg with the DA module incorporat-
ed, M2 represents FedAvg with the SIM module incor-
porated , and SDAFL_AKD corresponds to the proposed
method combining both SIM and DA modules. The
NOC dataset was used as the test set, and Precision,
Recall, and Fl-score were employed as evaluation
metrics. The results are summarized in Table 3.

As shown in Table 3, without the SIM and DA
modules, the baseline model exhibited relatively low
scores across most metrics, with only the recall for kera-
titis (0.96) and the precision for normal cornea (0.95)

remaining relatively high. M1, with only the DA mod-
ule, improved precision for keratitis and other cornea
abnormalities to 0. 92 and 0. 93, respectively, but re-
duced precision for normal cornea to 0. 93, indicating
that DA alone may enhance balance while slightly com-
promising categories already well distinguished. With
only the SIM module incorporated, M2 achieved 0. 94
precision for both keratitis and normal cornea, but the
precision and Fl-score for other cornea abnormalities
were limited to 0. 88 and 0. 89, suggesting a local opti-
mum in category adaptation. In contrast, SDAFL_AKD,
combining both SIM and DA modules, achieved optimal
F1-score across all three categories—0. 98 for keratitis,
0.99 for normal cornea, and 0.94 for other cornea ab-
normalities—demonstrating that the synergy of the two
modules substantially enhances the model’ s adaptability
in multi-category recognition.

Table 3 Performance comparison of ablation experiments for SDAFL_AKD

Keratitis Normal Others
Model SIM DA
Precision  Recall ~ Fl-score Precision  Recall  Fl-score Precision  Recall  Fl-score
Baseline X X 0.85 0.96 0.90 0.95 0.92 0.93 0.91 0.84 0.88
M1 X Y 0.92 0.95 0.93 0.93 0.95 0.94 0.93 0.87 0.90
M2 Vv X 0.94 0.95 0.94 0.94 0.91 0.93 0.88 0.90 0.89
SDAFL_AKD V vV 0.98 0.97 0.98 0.99 0.98 0.99 0.96 0.98 0.94
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As illustrated in Fig. 6, SDAFL_AKD achieved
average precision, recall, and Fl-score of 97. 92% ,
97.93% , and 97. 92% , respectively, outperforming
the other methods. This finding confirms its overall su-
periority in multi-category classification, with both SIM
and DA modules contributing critically to robust per-
formance by compensating for the limitations of individ-
ual modules in addressing class imbalance.

100 [Z] Average precision KN Average recall [ Average F1-score

97.92% 97.93% 97.92%

1 &Y [
95
92.28% 92.4% 92.34% 92.66% 92.68% 92.67%
7 N [ 90.9% 91.22% 91.06%

90 71 Y M
85
80

SDAFL_AKD M2 M1 Baseline

Fig. 6 Comparison of average performance across

three categories for different models

Furthermore , the impact of local epochs on classi-
fication performance was investigated, with results
shown in Fig. 7. The horizontal axis represents the
number of local iterations per client, while the vertical
axis shows average precision across categories. When
local epochs were low (e.g., 1), the model suffered
from undertraining, leading to suboptimal perform-
ance. As the number of local epochs increased, per-
formance improved substantially. However, excessive
epochs tended to overfitting on local data, causing dis-
tributional shifts and performance fluctuations. For in-
stance , when local epochs increased from 10 to 15, the
classification performance for keratitis and other cornea
abnormalities improved, whereas the performance for
normal cornea fluctuated downward due to data hetero-
geneity. These results indicate that appropriate config-
uration of epochs not only reduces communication and
computational overhead but also mitigates the negative
impact of data heterogeneity, thereby enhancing global
model stability.

3 Conclusions

This study proposed SDAFL_AKD, a similarity-
guided dynamic adjustment FL algorithm for automated
keratitis diagnosis under conditions of data heterogenei-
ty and privacy constraints. By integrating similarity-
based regularization during local models update and
adaptive weighting in global aggregation, SDAFL_AKD
enhanced model consistency, robustness, and generali-
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651 Others
60

1 5 10 15
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Fig. 7 Performance trend of SDAFL._AKD with

varying local epochs

zation across diverse datasets. Detailed comparative ex-
periments on slit-lamp images from four medical cen-
ters demonstrated that SDAFL_AKD consistently out-
performed FedAvg, MOON, SCAFFOLD, and conven-
tional single-center baseline model. These results con-
firm the efficacy of SDAFL_AKD for Non-IID data and
multi-center keratitis diagnosis, providing a practical
and scalable solution for FL applications with heteroge-
neous ophthalmic imaging data.

Source-code and data sharing statement

The code and data used in this study can be ac-
cessed at GitHub ( https://github. com/jiangjiewei/
SDAFL_AKD).
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