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Abstract: The inverse design of photonic crystal fibers (PCFs) is essential for optimizing fiber
optic devices. Although neural network-based methods have shown promise in predicting optical
properties from structural parameters, most existing models are tailored to single PCF geometries
and lack generalization across diverse structures. To overcome this limitation, we propose a
federated learning (FL) framework for predicting optical properties across multiple PCF types.
Our approach aggregates data from structurally diverse PCFs and explores two settings: (1)
a heterogeneous FL scenario where each client holds data from a distinct PCF geometry, and
(2) a non-IID scenario where data from a unified PCF structure is randomly distributed among
clients. To handle variations in input/output dimensions across structures, we design a flexible
architecture featuring a shared hidden layer with personalized input/output layers, coupled with
a dynamic padding strategy to enhance model adaptability. Experiments demonstrate that our
method achieves high prediction accuracy (Setting 1: MSE < 0.0085; Setting 2: MSE < 0.0057),
with strong convergence and robustness under non-IID conditions. This framework effectively
addresses structural diversity and data heterogeneity, mitigating distribution drift and breaking
the "data island" limitations of centralized approaches, thereby enabling generalized optical
property prediction for a wide range of PCF designs.

© 2025 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

The design and optimization of photonic crystal fiber (PCF) structures are vital for advancing
optical sensing [1,2], telecommunication [3,4], and spectroscopy applications [5,6]. Accurate
prediction of PCF optical properties—such as dispersion, birefringence, and confinement loss—is
essential for enabling performance-driven fiber design. Traditionally, two main approaches
have been used for this task: physics-based numerical modeling [7–9] and data-driven learning
[10–12].

Physics-based methods, including the finite element method (FEM) [13,14], finite difference
method (FDM) [15,16], effective refractive index method (ERIM) [17,18], and plane wave
expansion method (PWEM) [19,20], simulate electromagnetic behaviors based on Maxwell’s
equations. While these methods offer strong interpretability and high accuracy, they are resource-
intensive, require expert knowledge for parameter tuning, and scale poorly in high-dimensional
design spaces, making them inefficient for iterative design in real-world scenarios.

Recently, data-driven methods based on machine learning and deep learning have emerged
as efficient alternatives for PCF property prediction [10–12,21–25]. These models learn direct
mappings from structural parameters to optical properties, enabling rapid inference and scalable
optimization. For example, Chugh et al. [26] used feedforward neural networks for real-time
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property prediction, while Jabin et al. [27] developed a deep learning model capable of predicting
twelve optical characteristics of silica-based PCFs within milliseconds, achieving a significant
speedup over conventional solvers. Despite their success, most of these models are trained on
fixed structural templates and lack the ability to generalize across varying PCF geometries. The
diversity in structural configurations and physical mechanisms among PCFs leads to distribution
shifts that degrade model performance when transferred to unseen structures.

To tackle this generalization challenge, our recent work explores the use of federated learning
(FL) [28–30] as a decentralized paradigm for collaborative PCF modeling. In prior studies
[31,32], we introduced FL into the PCF design pipeline, demonstrating its ability to preserve
data privacy, enable cross-institutional model training, and enhance robustness under data-scarce
or resource-constrained settings. However, these works focused on single-structure scenarios,
and the problem of multi-structural generalization remained unresolved.

In this paper, we propose a novel FL-based prediction framework specifically designed for
multi-structured PCFs. By leveraging heterogeneous data from different PCF configurations,
the proposed model addresses the structural generalization gap in existing methods. We
formulate two realistic federated settings: (1) Structurally Heterogeneous FL, where each client
holds data from a distinct PCF geometry, simulating collaboration among design institutions;
and (2) Non-IID data setting, where samples from a unified PCF structure are randomly
distributed across clients, reflecting common deployment challenges. To handle structural
inconsistencies—including varying input/output dimensions—we develop a modular neural
architecture with a shared hidden layer and personalized input/output layers, supported by a
dynamic padding strategy for seamless integration of diverse structures. This architecture
enhances both adaptability and scalability, allowing the model to generalize across PCFs with
different topologies and optical behaviors. Experiments validate the effectiveness of our approach,
showing high predictive accuracy (e.g., MSE < 0.0085 in Setting 1; MSE < 0.0057 in Setting 2)
and strong robustness under non-IID conditions. Beyond performance, our method alleviates the
"data island" problem of centralized modeling by enabling knowledge aggregation without direct
data sharing, offering a practical path toward unified and extensible PCF property prediction
across diverse platforms and applications.

The remainder of this paper is organized as follows: Section 2 introduces the dataset construction
and preprocessing. Section 3 describes the proposed FL-based methodology. Section 4 presents
experimental evaluations and discussions. Finally, Section 5 concludes the paper and outlines
future directions.

2. Establish data sets

To support the prediction of optical properties from structural parameters, we construct a
comprehensive dataset comprising four representative types of microstructured optical fibers:
solid-core photonic crystal fibers (SC-PCF) [26], suspended-core fibers (SCF) [33], air-hole
photonic crystal fibers (AH-PCF) [31], and porous-core photonic crystal fibers (P-PCF) [34].
These fiber types were selected for their distinct structural characteristics and widespread
applications in sensing and communication. The cross-sectional schematics of each fiber type
are illustrated in Fig. 1, highlighting the geometric diversity considered in our framework.

For each fiber type, we construct datasets by pairing structural design parameters with
corresponding optical properties derived from numerical simulations. The input features consist
of key geometric and material parameters, which vary depending on the specific PCF configuration.
For instance:

• Solid-core PCFs (SC-PCF): ir-hole diameter (d), lattice pitch (Λ), core refractive index
(nc), operating wavelength (λ), and number of cladding rings (Nr).
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Fig. 1. Schematic cross-sections of four representative photonic crystal fiber (PCF)
structures: (a) solid-core PCF (SC-PCF), (b) suspended-core fiber (SCF), (c) air-hole PCF
(AH-PCF), and (d) porous-core PCF (P-PCF).

• Suspended-core fibers (SCF): number of supporting bridges (n), bridge width (W), taper
radius (r), and wavelength (λ).

• Air-hole PCFs (AH-PCF): centrifugal ratio (e), elliptical core semi-axis (Rm), air-hole
diameter (d), and pitch (Λ).

• Porous-core PCFs (P-PCF): core diameter (Dcore), porosity, and operating frequency (f ).

The target outputs include a set of optical properties computed via full-vector numerical
solvers. Commonly predicted quantities across all fiber types including Effective refractive index
(neff), Effective mode area (Aeff), Chromatic dispersion (D), and Confinement loss (αc). These
properties are defined as follows:

Aeff =

(︂∬
Ω
|Ht |

2, dx, dy
)︂2∬

Ω
|Ht |4, dx, dy

,

D = −
λ

c
·

d2, Re(neff)

dλ2 ,

αc = 8.686 × 106 · k0 · Im(neff) [dB/m],

(1)

where Ht is the transverse magnetic field, Ω denotes the computational domain, and k0 = 2π/λ
is the free-space wavenumber. In addition to these fundamental metrics, certain structures
require the prediction of nonlinear or polarization-sensitive characteristics. Two commonly used
properties are:
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(︃
2π
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(2)

where γ is the nonlinear coefficient and B represents birefringence, computed from the effective
indices of orthogonal polarization modes.
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For porous-core PCFs, additional material-related metrics are essential for modeling light–matter
interaction. These include:

EMA =
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,
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(3)

where E(x, y) is the electric field distribution, Sz denotes the longitudinal component of the
Poynting vector, and αmat is the absorption coefficient of the core material. The V-parameter
characterizes the single-mode condition in waveguides. To improve numerical stability during
training, certain properties with large dynamic ranges, such as αc and EMA, are logarithmically
scaled using log10.

Table 1 summarizes the key structural parameters, value ranges, associated optical properties,
and dataset sizes for each fiber type. The resulting labeled datasets serve as the foundation
for training and evaluating the proposed prediction model, enabling accurate mapping from
geometric design to optical performance across structurally diverse PCFs.

Table 1. Summary of datasets for different types of microstructured
optical fibers

Fiber Type Structural Parameters Optical Properties Samples

SC-PCF

Hole diameter d: 0.8–2.0 µm (step: 0.2 µm)

neff , Aeff , D, αc 1,160
Pitch Λ: 0.6–0.9 µm (step: 0.1 µm)

Wavelength λ: 0.5–1.8 µm (step: 0.0684 µm)

Core refractive index nc = 1, rings Nr ∈ {4, 5}

SCF

Wavelength λ: 1–4 µm (step: 0.01 µm)

Aeff ,γ, D 71,760
Taper radius r: 0.4–1.1 µm (step: 0.05 µm)

Bridge width W: 0.6–1.1 µm (step: 0.1 µm)

Number of bridges n ∈ {3, 4, 6}

AH-PCF

Wavelength λ: 1–2 µm (step: 0.1 µm)

Aeff , D, B,γ 94,185
Centrifugal ratio e ∈ {0.33, 0.38, 0.43}

Elliptical core semi-axis Rm : 0.4–0.8 µm (step: 0.1 µm)

Pitch p = 2.8 µm, Hole diameter d = 1.35 µm

P-PCF

Core diameter Dcore : 200–300 µm (step: 10 µm)

EML, Pcore , log10 CL, log10 EMA, Vparam 2,859Porosity: 30%–70% (step: 5%)

Frequency f : 0.6–1.6 THz (step: 0.05 THz)

3. Methodology

3.1. Overall framework

Given the diversity in dimensionality and statistical distribution across different PCF structures,
we propose a unified federated learning framework to predict optical properties based on structural
parameters, without requiring centralized or mixed data. The method consists of four key stages:
data preprocessing, local model construction, global aggregation, and iterative optimization. A
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central feature of the approach is a federated network architecture comprising globally shared
hidden layers and structure-specific input/output layers, enabling effective knowledge sharing
across heterogeneous PCF datasets.

The overall pipeline is illustrated in Fig. 2. Initially, structural data for each PCF type (refer to
Table 1) are assigned to separate clients, forming multiple local datasets. Since the input and
output dimensions vary significantly across PCF types, a dynamic zero-padding strategy is applied
to unify feature and label dimensions while preserving structural integrity. Each client then trains
a local model to capture the nonlinear mapping from PCF geometry to optical characteristics.
During training, only the parameters of the shared hidden layers are communicated. These shared
layers capture transferable knowledge across clients, while the private input/output layers adapt
to the unique structure-specific characteristics of each fiber type. The training procedure unfolds
as follows:

• Step 1: Client initialization. The available data are split into training and test subsets.
Each client is assigned a specific PCF dataset. Zero-padding is used to align the
dimensionality of input features x and target outputs y across clients.

• Step 2: Model setup. Initialize the global model parameters W0. Set training hyperpa-
rameters, including the learning rate η, batch size B, and the loss function L (e.g., mean
squared error for regression).

• Step 3: Local training. Each client k receives the current shared model parameters Wt,
then trains its local model on its dataset Dk using gradient descent. The model consists
of a shared deep hidden backbone and private input/output projection layers. The local
weights are updated via:

Wk
t := Wt − η∇L(Wt, Dk). (4)

• Step 4: Upload. After local training, each client sends the updated shared parameters Wk
t

(excluding private layers) to the central server.

• Step 5: Global aggregation. The server performs weighted averaging of received
parameters:

Wt+1 =

K∑︂
k=1

nk

n
Wk

t , (5)

where nk is the number of samples at client k, and n =
∑︁

k nk is the total number of training
samples.

• Step 6: Iterative optimization. The updated global parameters Wt+1 are distributed back
to all clients for the next round of local training. This loop continues until a convergence
criterion is met (e.g., validation performance or maximum rounds).

This federated optimization process ensures structural privacy and scalability while enabling
cross-structure generalization. The local and global models are implemented using deep neural
networks (DNNs), which are capable of capturing the complex nonlinear dependencies between
PCF geometries and their corresponding optical responses. Further architectural details are
provided in the next section. The detailed implementation of the proposed federated learning
framework for PCF optical property prediction is described in Algorithm 1.

3.2. Dense neural network as local PCF predictors

A key challenge in multi-structure PCF modeling lies in the heterogeneity of input and output
dimensions across different fiber types. Directly applying a unified neural network model is
infeasible due to dimension mismatch. To overcome this, we design a flexible neural network
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Fig. 2. Overall framework of the FL architecture for optical property prediction.

Algorithm 1. Federated training for PCF optical property prediction
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architecture featuring a shared hidden backbone and personalized input/output layers. This
configuration enables knowledge transfer across structures while preserving compatibility with
their respective feature spaces.

As depicted in Fig. 3, each local model is composed of three components: an input projection
layer, a shared hidden feature extractor, and an output projection layer. To standardize data
representations, we introduce a dynamic zero-padding mechanism that expands both input vectors
x and output labels y to a common dimensionality:

Dmax = max(d1, d2, . . . , dK), (6)

where dk denotes the original dimension of structure k, and K is the total number of distinct PCF
types. Shorter feature vectors are padded with zeros to align with Dmax, ensuring architectural
uniformity across clients.

Fig. 3. Architecture of local model on each client.

The shared hidden layers consist of a deep feedforward network with L fully connected
layers. Each layer learns a hierarchical representation of structural-to-optical mappings that
is generalizable across different PCF designs. The forward propagation through the shared
backbone is given by:

h(1) = σ
(︂
W (1)x′ + b(1)

)︂
,

h(l) = σ
(︂
W (l)h(l−1) + b(l)

)︂
, l = 2, . . . , L,

(7)

where x′ ∈ RDmax is the padded input vector, σ(·) is a nonlinear activation function (ReLU is used
in our implementation), and W (l), b(l) are the shared weights and biases at layer l. The output of
the final hidden layer h(L) is fed into a client-specific output projection layer to map the shared
representation back to the corresponding output space, accommodating variations in the number
and type of optical properties for each PCF structure.

This architecture design offers the following advantages: (1) The shared hidden layers extract a
latent representation that captures universal physical relationships between geometry and optics;
(2) The personalized input/output layers, combined with zero-padding, allow seamless handling
of arbitrary dimensional configurations; and (3) The model naturally integrates into the federated
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learning pipeline, where only shared parameters are synchronized globally, ensuring both privacy
and structural decoupling.

4. Experiment and results

4.1. Experiment design

The parameter and hyperparameter values used in this study are determined through extensive
empirical tuning and reference to prior work [31,32]. To systematically investigate the influence
of network architecture and client participation strategies on the performance of the global model,
controlled experiments are conducted under a unified set of training configurations. Specifically,
the network architecture and optimizer settings are kept consistent across all tests to isolate the
effect of the studied variables. The detailed hyperparameter configurations are summarized in
Table 2.

Table 2. Hyperparameter settings for the proposed federated learning framework

Hyperparameter Value Description

Hidden layer size 64 / 128 / 256 Number of neurons in shared hidden layers

Epochs 1000 Number of local training epochs per client

Batch size 64 Mini-batch size used during local training

Learning rate (η) 0.0005 Step size for gradient descent optimization

Adam betas (0.9, 0.99) Momentum coefficients for Adam optimizer

Communication rounds 10 Total number of global aggregation rounds

Test split ratio 20% Proportion of each client’s data for testing

Random seed 3 Seed for reproducibility in data partitioning

Activation function ReLU Nonlinear activation used in all layers

Loss function MSE Mean squared error for regression training

To evaluate model performance, three widely adopted regression metrics are employed: Mean
Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE).
These metrics are defined as follows:

MSE =
1
n

n∑︂
i=1

(yi − ŷi)
2,

RMSE =

⌜⎷
1
n

n∑︂
i=1

(yi − ŷi)2,

MAE =
1
n

n∑︂
i=1

|yi − ŷi | ,

(8)

where yi and ŷi denote the true and predicted values of the i-th test sample, respectively, and n
represents the total number of samples.

4.2. Experiment results and analysis

This section presents a comparative evaluation of federated learning (FL) performance under
two distinct experimental settings. Setting 1 – Structural Heterogeneity: each client possesses
data from a different photonic crystal fiber (PCF) geometry, simulating a scenario where clients
operate on structurally diverse physical systems. Setting 2 – Non-IID Distribution: all clients
use the same PCF geometry, but their local datasets are randomly shuffled to introduce statistical
heterogeneity across clients.
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In both settings, parameter aggregation is restricted to shared hidden layers to preserve model
flexibility and accommodate structural or distributional differences. Model performance is
assessed using MSE, RMSE, and MAE. We also investigate how hidden layer configurations and
client participation ratios affect convergence behavior and prediction accuracy.

4.2.1. Results for Setting 1: structural heterogeneity

In this setting, four clients (Client 1–Client 4) are associated with four distinct PCF structures
(PCF(1)–PCF(4)). Each local model shares a unified three-layer feedforward neural network
architecture, with each hidden layer containing an identical number of neurons. Local datasets
are partitioned into training and testing subsets using an 80/20 split.

To investigate the influence of model complexity, we evaluate three hidden layer sizes: 64,
128, and 256 neurons. As shown in Table 3, the best performance is achieved with 64 neurons
per layer, offering a strong trade-off between expressiveness and generalization. For example,
Client 4 attains an RMSE of 0.0546 and an MAE of 0.0296 under this configuration. Conversely,
a smaller model with only 16 neurons (not shown in table) suffers from underfitting—evidenced
by the poor performance on Client 3 (RMSE = 0.2426)—highlighting its limited capacity to
capture structural complexities. Interestingly, increasing the neuron count to 128 or 256 does not
improve performance; instead, it leads to performance degradation, likely due to overfitting in
federated settings where each client has limited data. Thus, a configuration of 64 neurons per
layer is adopted in all subsequent experiments.

Table 3. Performance of FL with varying hidden layer sizes across clients

Hidden Units Client MSE (×10−3) RMSE (×10−2) MAE (×10−2) Time/Iter. (s)

16

Client 1 12.13 10.95 6.22

19.63
Client 2 9.82 9.89 6.16

Client 3 58.94 24.26 17.41

Client 4 24.91 15.78 11.15

32

Client 1 9.33 9.64 7.21

35.14
Client 2 7.75 8.77 6.28

Client 3 42.41 20.61 11.95

Client 4 8.83 9.41 6.74

64

Client 1 5.72 7.58 5.28

93.16
Client 2 4.14 6.35 3.59

Client 3 8.43 9.13 6.91

Client 4 2.95 5.46 2.96

128

Client 1 15.26 12.36 8.53

226.37
Client 2 12.11 11.01 6.93

Client 3 64.15 25.31 15.17

Client 4 10.37 10.17 6.43

To further analyze training dynamics, we plot the loss curves for each client over 10 rounds
of federated learning in Fig. 4. Each local model is trained for 1000 steps per round, with loss
values recorded every 100 steps, yielding 100 data points per client.

The training curves indicate a rapid decline in loss during the initial rounds, followed by a
gradual flattening after round 5. This behavior suggests the model is approaching convergence.
Figure 5 presents the error distribution between predicted and true values across the test sets of
all four PCF structures. Despite variations among clients, prediction errors are generally confined
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Fig. 4. The local training loss variation curve of each client during federated training
process.
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within a small range (±0.06), with the majority falling within ±0.03, demonstrating the global
model’s robustness and strong generalization across heterogeneous structural data.

Fig. 5. The prediction error of PCF structure for different customers.

4.2.2. Results for Setting 2: non-IID distribution

Table 4. Performance of the global model under different client participation ratios in
Setting 2

Participation Ratio MSE (×10−3) RMSE (×10−2) MAE (×10−2) Time per Iteration (s)

2 5.64 7.51 3.39 15.40

5 5.03 7.09 3.11 39.24

8 4.64 6.81 3.09 62.48

10 4.04 6.36 3.03 81.23

In Setting 2, the dataset is preprocessed and dimensionally aligned before being randomly
distributed among 10 clients. Each client thus receives a mixture of samples from all four PCF
structures, introducing statistical heterogeneity while maintaining structural consistency. The
optimal architecture (64 neurons per layer) from Setting 1 is reused here.

To examine the effect of client participation ratio, we vary the number of clients selected per
communication round and track the average training loss across iterations (Fig. 6). Regardless of
participation level, the global model shows consistent convergence. However, higher participation
(e.g., 8 or 10 clients per round) results in faster convergence and more stable loss reduction. In
contrast, lower participation (e.g., 2 clients) leads to slower convergence and higher variance,
likely due to limited representativeness of the global data distribution.
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Fig. 6. Training loss curves under varying client participation ratios. Specifically, for
each round, the average of the final loss values (after 1000 local training steps) across the
participating clients was computed. Subfigures (a)–(d) correspond to scenarios with 2, 5, 8,
and 10 participating clients, respectively.

Table 4 summarizes the final prediction performance and average training time for each
participation ratio. Full participation (10 clients) yields the lowest MSE, representing a 28.4%
improvement compared to the 2-client setting. However, this comes at the cost of increased
computation. Notably, using 8 clients achieves 95% of the accuracy of full participation while
reducing training time by 23%, suggesting that moderate participation strikes a favorable balance
between accuracy and efficiency.

Overall, the proposed framework exhibits stable performance across varying degrees of client
involvement. It maintains low prediction errors even under limited participation, and benefits
from the increased data diversity introduced by randomized sample distribution. Compared to
Setting 1, this configuration enables better generalization due to mixed data exposure. However,
one trade-off is that data privacy at the structural level (i.e., per PCF type) is not strictly preserved
in this mixed setup.

5. Conclusion

In conclusion, the proposed federated learning framework effectively tackles the challenges
of dimensional inconsistency and distributional drift arising from structural heterogeneity in
photonic crystal fiber (PCF) datasets. By integrating a shared hidden-layer architecture with
personalized input/output layers and a dynamic feature alignment strategy, the framework ensures
both model adaptability and representation consistency across clients. Experimental results
under structurally heterogeneous and non-IID conditions demonstrate that the approach delivers
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high prediction accuracy with strong generalization and computational efficiency. Beyond
performance, this method marks a significant step forward for inverse PCF design by alleviating
the reliance on centralized datasets and enabling privacy-preserving, collaborative learning across
institutions. Overall, it contributes to bridging the gap between data-driven photonic design
methodologies and scalable, real-world engineering deployment.
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