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Abstract

With the growing need for high-density data and real-time communication, multimode
optical fibers (MMFs) have emerged as a vital technology due to their ability to transmit
multiple optical modes simultaneously through spatial division multiplexing (SDM). How-
ever, issues such as mode coupling and dispersion continue to compromise signal clarity.
This study presents a quantitative analysis of machine learning applications for enhancing
mode conversion and holographic reconstruction in MMF systems. We demonstrate that a
shallow artificial neural network can predict reconstruction accuracy, information transfer
capacity, and adaptive system efficiency based on mode coupling and dispersion inputs,
achieving prediction errors below 4% on case-study data. A convolutional neural network
achieves 93.7% accuracy for mode separation, with a 62% reduction in mode error rate
compared to conventional reconstruction methods. Hybrid physics-informed learning
approaches incorporating energy conservation and phase stability constraints are explored,
showing promise for improved generalization. Our results indicate that machine learning
significantly enhances reconstruction precision and information transmission in MMFs,
providing a foundation for next-generation communication and imaging systems. Despite
certain training challenges, these models effectively process complex data, demonstrating
their reliability and predictive capabilities.

Keywords: multimode optical fibers (MMFs); machine learning; holographic reconstruction;
deep learning; data transmission; spatial division multiplexing

1. Introduction
In recent years, the escalating demand for higher bandwidth and more accurate imag-

ing in optical systems has driven the adoption of multimode optical fibers (MMFs) as a
platform for transmitting large amounts of information. Unlike single-mode fibers (SMFs),
which support only one optical path, MMFs can carry multiple optical modes simultane-
ously, offering the potential to exploit spatial parallelization [1–4]. However, a fundamental
challenge in using MMFs arises from the complex nature of intermode coupling, scattering
phenomena, and environmental sensitivities that distort light propagation along the fiber.
These issues necessitate advanced methods for analyzing and retrieving optical modes.
Machine learning (ML), particularly deep learning, provides powerful tools for modeling
complex relationships and extracting patterns from noisy data [5–7]. Integrating these
algorithms into optical system design—especially for mode conversion and holographic
imaging via MMFs—promises significant gains in accuracy and efficiency [6–8]. This paper
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focuses on achieving real-time holography, high-resolution imaging, and secure, fast data
transmission by combining Space Division Multiplexing (SDM) and ML techniques. We
discuss fundamental concepts, review prior studies, analyze reported methods and results,
and explore future perspectives [9–11].

The exponential growth in demand for high-speed, high-capacity data transmission—
driven by cloud computing, the Internet of Things (IoT), artificial intelligence (AI), and
augmented reality—has placed optical communication technologies at the forefront [10–14].
Nevertheless, MMFs, as a transformative platform for increasing communication capacity
via SDM, have revolutionized optical network architectures. MMFs provide multiple si-
multaneous spatial paths through a single core, enabling multiple independent information
channels [15,16]. Yet, practical MMF use is hindered by mode coupling and intermodal
dispersion [3–6]. Due to physical inhomogeneities, thermal distortions, bending, or re-
fractive index fluctuations, different light modes interact strongly along the fiber, causing
interference and information attenuation—posing serious challenges for original signal
reconstruction. Hence, precise mode conversion and recovery methods are essential for
controlling light propagation in MMFs [3,4].

Optical holography, one of the most advanced methods for 3D scene imaging and
reconstruction, is increasingly moving toward fiber-based implementations. Holography’s
ability to record phase and spatial information is invaluable for medicine, digital microscopy,
mixed reality, and quantum communications. However, effective holography within MMFs
requires accurate reconstruction of complex wave patterns and interference phases that
become severely disturbed during fiber transmission. At this juncture, ML—especially
deep learning—emerges as a powerful tool for modeling nonlinear and complex systems.
Deep neural networks such as convolutional neural networks (CNNs), autoencoders, and
generative adversarial networks (GANs) can learn hidden patterns and internal dynamics
that are not easily modeled by traditional methods. In the context of MMFs, these algorithms
play a vital role in prediction, reconstruction, noise filtering, and adaptive control of light
transmission. CNNs, with their spatial and temporal feature extraction capabilities, can
transform the fiber’s output image back into its original features, enabling accurate optical
pattern reconstruction. Autoencoders create compact representations of large data volumes
from MMF outputs for mode conversion or classification. GANs excel at reconstructing
complex holographic images, especially under noisy or incomplete data conditions [5–8].

At a more advanced level, reinforcement learning has been proposed for active control
systems that regulate transmission dynamics within the fiber, responding to environmental
changes in real time while maintaining performance amid physical noise and dynamic fluc-
tuations. Additionally, Transformer networks—originally designed for natural language
processing—have recently succeeded in photonics, particularly for analyzing sequential
and long-term dependencies of optical properties along the fiber [9–11]. Experimentally,
laboratories equipped with wavefront sensing, interferometry, and fast imaging tools now
enable collection of real-world MMF data for training learning models. This integration of
physical and computational worlds has created a highly dynamic interdisciplinary field at
the intersection of photonics, ML, and intelligent distributed systems [12,13].

Theoretically, light propagation in MMFs can be formulated via Maxwell’s equations
and numerical models like finite-difference time-domain (FDTD) or transfer matrix methods
(TMMs). However, these approaches face serious limitations at operational and real-
time scales due to high numerical complexity, sensitivity to boundary conditions, and
strong dependence on the fiber’s physical structure. ML algorithms offer an alternative
or complementary solution: data-driven modeling of fiber behavior without requiring
detailed knowledge of its physical structure. These models identify hidden patterns in mode
coupling, phase perturbations, and intermode interference using experimental or simulated
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data and then use them to predict or reconstruct input modes [14]. From an information
theory perspective, SDM in MMFs is equivalent to opening parallel channels in mode space,
theoretically multiplying system information capacity. However, complex dependence
between these channels—arising from mode interactions—requires sophisticated signal
processing methods capable of separating and isolating modes under noisy and unstable
conditions. ML algorithms with distributed and memory-based learning capabilities (e.g.,
LSTMs or Transformers) are well-suited for such systems with complex temporal dynamics
and spatial delays, as they can identify long-term dependencies between fiber input and
output for signal reconstruction [15].

An emerging trend is hybrid learning, where physics-informed learning is combined
with experimental data. This approach mitigates limitations due to scarce labeled data
and enhances model generalizability across different scenarios. For instance, incorporating
physical constraints—such as energy conservation, phase stability, or spatial continuity—
into the learning model’s cost function ensures outputs are both numerically and physically
meaningful. From an implementation perspective, integrating learning algorithms with
optoelectronic hardware (e.g., photonic chips) can lead to all-optical systems with local
decision-making and processing capabilities. Concepts such as neural optical comput-
ing and photonic neuromorphic systems are becoming active research streams, reducing
processing latency and energy consumption while providing suitable platforms for edge
computing in applications like the optical Internet of Things [16,17].

This study addresses three specific research questions: (RQ1) How do mode coupling
and intermode dispersion quantitatively affect holographic reconstruction accuracy, as
measured by structural similarity index and mode error rate? (RQ2) Can CNN-based
approaches achieve superior mode separation compared to traditional digital signal pro-
cessing methods, including Fourier reconstruction and iterative phase retrieval? (RQ3) Do
physics-informed learning strategies incorporating physical constraints improve model
generalization across varying operational conditions, specifically temperature variations
from 15 ◦C to 45 ◦C?

This article is structured as an original research contribution that combines experi-
mental measurements, physics-based simulations, and machine learning analysis. Our
work is organized around three core pillars: (i) quantitative analysis of MMF parameter
interactions using ANN modeling, (ii) CNN-based mode separation with comparative
evaluation against non-ML methods, and (iii) exploration of physics-informed learning
strategies for enhanced holographic reconstruction. The results presented are original
unless explicitly cited as literature-based, and all simulated data are clearly distinguished
from experimental measurements throughout the manuscript.

While earlier research has often treated MMF propagation challenges and ML-based
reconstruction as separate issues, this study provides a quantitative framework for un-
derstanding how key optical parameters interact and evaluates ML approaches using a
combined experimental and simulated dataset. Second, we evaluate how well a convolu-
tional neural network (CNN) performs mode separation under noisy conditions, achieving
over 95% accuracy and a 30% lower mode error rate compared to baseline methods. Third,
we explore hybrid physics-informed machine learning approaches that embed physical
constraints—such as energy conservation and phase stability—directly into the learning
models. These hybrid models offer better generalization and resilience, performing reliably
across temperature variations from 15 ◦C to 45 ◦C and under electromagnetic noise as low
as 10 dB SNR. Together, these findings deepen our understanding of parameter interac-
tions in MMF systems and lay the groundwork for designing smarter optical systems for
high-capacity communications and holographic imaging.
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2. Physical Properties of Optical Fibers
Optical fibers for MMF applications are primarily fabricated from high-purity silica

glass (SiO2) with controlled refractive index profiles. The core region is typically doped
with germanium dioxide (GeO2) to increase the refractive index relative to the pure silica
cladding, enabling total internal reflection. For graded-index MMFs, the refractive index
follows a parabolic profile achieved through controlled doping gradients. The material
composition directly affects key propagation parameters, including attenuation (typically
0.2–3 dB/km depending on wavelength), nonlinear coefficients, and thermal stability. These
material properties are fundamental to understanding mode coupling, dispersion, and the
overall system performance analyzed in this study.

2.1. Multimode Fiber (MMF)

The material properties of optical fibers fundamentally determine their propagation
characteristics and influence the performance of machine learning-based reconstruction
methods. Understanding these physical properties is essential for interpreting the exper-
imental results presented in this study. Multimode fibers are capable of simultaneously
transmitting multiple independent optical modes. These modes can be spatially, temporally,
or frequency-separated. MMF is one of the key structures in optical data transmission that
provides the ability to transmit multiple spatial optical modes simultaneously in a single
fiber core. MMFs are engineered to transmit multiple light modes simultaneously and are
primarily composed of silica, which provides excellent optical properties. The larger core
diameter facilitates the propagation of various light paths. Chemically, the core can be
doped with materials such as germanium to modify its refractive index, enhancing light
transmission efficiency and signal integrity. The surrounding cladding, typically made
from lower-refractive-index silica, ensures total internal reflection, effectively confining
light within the core. Unlike SMFs that transmit only one fundamental optical mode,
MMFs can carry multiple discrete light modes, each with its own electromagnetic field
distribution, in parallel. This feature makes MMFs play a fundamental role in high-capacity
data transmission, optical imaging, and optical holography [18,19].

MMFs consist of three main components: the core, cladding, and coating. The core,
which has a higher refractive index, guides light and typically has a diameter ranging from
50 to 100 µm, in contrast to SMFs that measure about 8 to 10 µm. Surrounding the core is
the cladding, a lower-refractive-index layer that facilitates total internal reflection, keeping
the light contained within the core. The outermost layer, known as the coating, provides
mechanical and thermal protection. MMFs can be categorized based on their refractive
index characteristics and mode support into two main types: step-index MMFs, where the
refractive index in the core changes abruptly compared to the cladding, resulting in high
intermodal dispersion but easier manufacturing, and graded-index MMFs, which feature a
continuously decreasing refractive index from the core center to the cladding, significantly
reducing intermodal dispersion and enhancing data transmission speed.

Scalability in optical networks is crucial for accommodating the ever-increasing de-
mand for bandwidth and connectivity. As data traffic continues to grow exponentially,
network architectures must evolve to support higher capacities without compromising
performance. Real-world optical networks leverage advanced technologies such as wave-
length division multiplexing (WDM) and dense wavelength division multiplexing (DWDM)
to maximize the use of existing fiber infrastructure. A scalable optical network can effi-
ciently expand by adding more wavelengths or channels, enabling operators to meet
customer demands without extensive overhauls. Flexibility is also essential; networks must
adapt to various applications, from data centers to long-haul transmissions. Moreover,
software-defined networking (SDN) plays a pivotal role in scalability, allowing for dynamic
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resource allocation and network management. Automated provisioning and reconfigura-
tion capabilities enhance operational efficiency, enabling rapid deployment of new services.
Incorporating artificial intelligence and ML can further optimize network performance and
predict traffic patterns, ensuring that resources are allocated efficiently. Scalable optical
networks not only support current needs but also future-proof infrastructures, paving the
way for innovations such as 5G and beyond, ensuring robust, high-speed connectivity in
increasingly digital societies.

Fibers that support only a limited number of modes (e.g., 4 to 6 modes) lie between
SMFs and MMFs and are suitable for controlled SDM [20–24]. Light transmission in MMFs
is analyzed by solving Maxwell’s wave equation for cylindrical media. The allowed modes
of the electromagnetic field are defined as Helmholtz modes, and the allowed modes are
determined based on the boundary conditions between the core and cladding. These
modes consist of combinations of Bessel and Neumann functions in cylindrical geometry.
In general, the benefits and challenges can be as follows. MMFs offer several advantages,
including high data transfer capacity through spatial parallelization, lower manufacturing
costs compared to SMFs for short-range applications, and versatility in various fields,
such as imaging, microscopy, holography, and local area networks. However, they also
face challenges, including intermodal dispersion, where different modes propagate at
varying speeds, causing pulse stretching; mode coupling, which disrupts the original signal
structure; attenuation and phase distortion from long-distance mode propagation; and
sensitivity to environmental changes like bending, temperature fluctuations, and vibrations.
MMFs are applied in multiple areas: they enhance optical communications with SDM,
increasing transmission capacity significantly; serve as flexible optical lenses in imaging and
microscopy, particularly in inaccessible locations; facilitate digital holography by requiring
accurate phase reconstruction for 3D holograms; and are utilized in the design of optical
sensors for monitoring temperature, pressure, and strain due to their high sensitivity to
environmental changes.

2.1.1. Theoretical Framework for Mode Coupling

Mode coupling in MMFs is governed by the coupled-mode equations. For a fiber
supporting N modes, the propagation of the electric field E(z,t) can be expressed as

∂E_n/∂z = −jβ_n E_n + Σ_{m ̸=n} κ_{nm} E_m

where β_n is the propagation constant of mode n, and κ_{nm} is the coupling coefficient
between modes n and m. The coupling coefficient κ_{nm} depends on the fiber perturbation,
which can be expressed as

κ_{nm} = (ω/4)
∫ ∫

∆ε(x,y,z) e_n·e_m* dxdy

where ∆ε represents the permittivity perturbation due to fiber imperfections, and e_n and
e_m are the modal field distributions.

2.1.2. Dispersion Analysis

Intermode dispersion ∆τ arises from the differential group delay between modes:

∆τ = L × (1/v_g,m − 1/v_g,n)

where v_g,m = dω/dβ_m is the group velocity of mode m, and L is the fiber length. The
group velocity dispersion (GVD) for each mode is given by

D_m = −(2πc/λ2)(d2β_m/dω2)
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For graded-index MMFs optimized for minimal modal dispersion, the refractive index
profile is as follows:

n(r) = n1 [1−2∆(r/a)ˆα]ˆ{1/2}

where α ≈ 2 minimizes intermode dispersion by compensating for the dispersion of
different modes. However, imperfections cause deviations from this ideal profile, leading
to the residual dispersion analyzed in this study.

2.2. Space Division Multiplexing (SDM)

SDM is a technique for increasing data transmission capacity by using multiple in-
dependent spatial channels. In MMFs, these channels are implemented as different mode
states. SDM, as one of the most advanced methods for increasing capacity in optical data
transmission systems, has found a special place in the development of high-speed networks
and future-oriented communication infrastructures in recent years. The main idea in SDM
is to use the spatial degree of freedom in light to transmit multiple independent information
streams in parallel over a common physical medium [25–27]. Unlike traditional methods
such as wavelength division multiplexing (WDM), time division multiplexing (TDM), or
polarization division multiplexing (PDM), which increase transmission capacity by using
spectral or temporal properties of the signal, SDM exploits the spatial and topological prop-
erties of the electromagnetic field to transmit data channels simultaneously, but separately,
along an optical path [28–31]. In the optical fiber context, SDM is usually implemented
in two main ways: using MMFs or multicore fibers (MCF). In the first case, the different
modes of light that can be supported in multimode fibers act as separate transmission paths,
and each mode is considered an independent communication channel. In the second case,
each core in a multicore fiber is considered a physical transmission path by itself. The use
of SDM in these areas can increase data transmission capacity by several tens, without the
need to increase the spectral bandwidth, which in many cases is limited physically or by
regulations [32]. From a physical point of view, the optical modes in multimode fibers are
a function of the distribution of the electromagnetic field in the fiber cross-section. These
modes, which can be solved as eigenfunctions of Maxwell’s equations for the cylindrical
structure of the fiber, have different propagation properties, including group velocity, dis-
persion coefficient, and phase distribution. These differences cause the modes to interact
with the medium in different ways along the path, and therefore, for optimal use of SDM,
there is a need to convert, separate, and precisely control these modes. These tasks are
usually performed by components such as Mode Multiplexer/Demultiplexer, Mode Con-
verter, and Mode Filter, the design and manufacture of which require high optical and
engineering precision [33]. One of the biggest challenges of SDM, especially in multimode
fibers, is the phenomenon of intermodal coupling, which causes different signals trans-
mitted through different modes to interfere with each other in an unwanted way. This
phenomenon is caused by random disturbances in the fiber structure, thermal distortions,
or even mechanical bending along the transmission path. Intermodal dispersion also leads
to time stretching and phase distortion of signals, which, if not compensated, will cause
intersymbol interference (ISI) and reduce the data transfer rate. Here, the use of digital
signal processing (DSP) algorithms and, in particular, ML-based modeling plays a key role
in compensating and controlling these effects [34].

At the system level, SDM-based architectures are being developed for use in data
centers, sixth-generation (6G) networks, and quantum communication systems. In such
applications, the ability to simultaneously transmit multiple video streams, sensor data, or
quantum signals over a single optical fiber will lead to significant savings in cost, energy,
and physical space. In particular, in the field of optical holography, SDM plays a key role in
providing high-resolution phase image transmission infrastructures, because each mode can
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transmit information related to a specific angle or view of the holographic image, and their
combination at the destination allows for 3D reconstruction of the image. In recent years,
extensive research has been initiated to utilize deep neural networks to model the complex-
ities of SDM. These networks can identify the existing modes based on the output image of
the fiber, model the coupling effects, and implement signal correction and reconstruction
solutions at the destination using methods such as supervised or reinforcement learning.
Combining SDM with ML has opened new horizons for real-time telecommunication sys-
tems, advanced optical imaging, and environmental analytics. Spatial parallelization thus
represents both a technological advance and a conceptual framework for maximizing the
information-carrying capacity of optical fibers [35].

2.3. Mode Conversion

Mode conversion is the process by which light emitted in one mode from an optical
fiber or waveguide is converted to another mode in a controlled and targeted manner. This
process is at the heart of MMF technologies, particularly in areas such as spatial demul-
tiplexing (SDM), advanced optical holography, and ML-based optical signal processing,
and is an essential tool for guiding, controlling, combining, and demultiplexing optical
modes along the transmission path. From a physical perspective, optical modes in a fiber
or waveguide are functions of the electromagnetic field that are solved in a particular form
of Maxwell’s wave equation in an inhomogeneous medium. These modes, which include
different distributions of intensity, phase, polarization, and spatial structure of the light,
each have distinct propagation properties, including cutoff frequency, group velocity, and
cutoff wavelength. Mode conversion means the transfer of optical energy from one specific
field function to another, without the energy disappearing or being scattered; rather, the
goal is a precise and controlled change in the type of information-carrying mode. The
mode conversion process can be performed in various ways. In its simplest form, a change
in the waveguide structure (e.g., changing the radius or refractive index of the fiber) can
induce coupling between the two modes and create the conversion. This conversion can be
gradual and continuous, as occurs in tapered fibers or adiabatic mode converters, or abrupt
and based on alternating structures, such as Bragg gratings and phase plates. In addition,
the use of active optical elements such as optical modulators, metamaterial structures, and
phase-matching mirrors also allows for controlled and dynamic mode conversion [36].

In multimode systems, especially those that utilize spatial parallelization, mode con-
version plays a dual role: first, as a matching tool to prepare signals for entering or leaving
optical channels; second, as a solution to compensate for disturbances caused by ran-
dom coupling or intermode scattering. In this context, designing low-loss and robust
mode converters against environmental distortions is a key engineering challenge. These
advances, especially in the design of converters with adaptive frequency characteristics
or high spatial modulation, have enabled the implementation of optical converters for
real-time applications [37].

One of the critical applications of mode conversion is in the field of optical holography
and multidimensional imaging. In this context, light with different mode structures (such
as Laguerre–Gaussian or Hermite–Gaussian modes) carries information about the phase,
depth, and spatial structure of the image. Accurate conversion of these modes before
displaying or reconstructing the holographic image is essential for avoiding phase distortion
and preserving 3D information. Also, in holographic systems with optical memory or
rewritable holograms, mode conversion is used as an optical encoder. On the other hand,
in interaction with ML, mode conversion plays the role of an intelligent intermediary for
the connection between the input data and the spatial structure of light. In this application,
environmental data or training signals are translated in a way that leads to the generation or
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detection of specific modes of light. For example, trained CNNs can analyze light scattering
structures and automatically determine the mode conversion required to reconstruct the
original signal. Furthermore, in all-optical processing, the design of systems where mode
conversion is equivalent to applying mathematical operations to the input data is becoming
one of the forefront research lines in neurophotonics [38].

The main challenge in all these applications is to find a structure that can minimize
losses and noise, maintain signal phase integrity, and accommodate high data rates. In
response to this challenge, new concepts such as Mode-Aware Neural Networks, Pho-
tonic Reservoir Computing, and Mode-Selective Feedback are being developed, in which
mode conversion acts not only as a transmission tool but also as a central processing
element [39]. In general, state conversion in optical systems is not only a tool for data
transmission but also a bridge between classical optical architecture and the future of
adaptive and intelligent photonics; a tool that provides unprecedented capacities in light
processing and transmission by utilizing quantum principles, learning algorithms, and
nanoengineering [39].

2.4. Optical Holography

Optical holography is a 3D imaging technology that uses interference patterns of light
to reconstruct scenes. In MMF-based systems, the main challenge is to accurately recover
phase and spatial information. Optical holography is a fundamental branch of modern
optics that is based on the recording and reconstruction of the complete information of
a light wave, including amplitude and phase. Unlike conventional imaging, which only
records light intensity, optical holography allows for three-dimensional, angular, and
dynamic reconstruction of an object, opening the door to advanced technologies such as 3D
displays, optical storage, nanophotonic sensors, and, more recently, ML-based optical data
processing. At the core of optical holography, the interaction between two waves plays a
key role: the reference beam and the object beam. When these two waves interfere on a
recording surface such as a photosensitive plate or CMOS sensor, an interference pattern is
formed that contains the complete phase and amplitude information of the object wave.
This pattern is stored as a hologram. In the reconstruction step, re-irradiating the reference
wave or a similar wave on this hologram reconstructs the object wave with all its spatial
properties, such that the viewer can see a virtual or real three-dimensional image [40].

With the development of multimode fiber (MMF) technology and nanophotonic
structures, the application of holography has expanded beyond an image recording method
to areas such as optical encryption, wavefront shaping, and data transmission in spatial
parallelization. In this regard, the ability to precisely control optical modes plays a crucial
role, since different modes carry different information about the 3D image. For example,
in a holographic system based on multimode fiber, higher-order modes may contain
information related to depth or viewing angle, while the fundamental modes convey the
overall view of the object. Therefore, designing systems that can achieve precise, stable,
and controllable mode conversion is essential for accurate holographic reconstruction [41].
On the other hand, digital holography, which is based on recording hologram data by
digital sensors and their numerical processing using numerical algorithms, has enabled
the development of new reconstruction methods. In these methods, the reconstruction of
the object wave is performed through algorithms such as Fourier reconstruction, phase
transformation, spatio-spatial filtering, gradient algorithms, or ML. This approach has led
to the rapid growth of holographic applications in noisy environments and biomedical
and multimode systems. The integration of ML with holography is one of the most
attractive research lines in modern photonics. In this approach, CNN or supervised learning
models are trained to improve reconstruction accuracy, reduce noise, detect objects, or even
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predict wavefront changes. Also, reinforcement learning can be used to find the best mode
distribution for optimal image recording or reconstruction. In multimode holography, ML
allows for mode detection and separation, compensation for distortion due to intermode
scattering, and increased hologram resolution in dynamic environments. In addition,
optical holography has been applied in high-density optical memories. Here, multiple
holograms are simultaneously stored in a volume of material (Volume Holography), and
each is read out at a different angle from the reference wave. This technology, with the
help of SDM and mode conversion, has enabled the storage of large and multidimensional
information in small substrates. Meanwhile, precise control of optical modes and the use
of dedicated waveguides (such as waveguide holography) make it possible to optimize
the storage and readout process [42]. In a macroscopic view, optical holography is no
longer just a tool for imaging; it is also a new interface between photonics, data science,
and quantum technologies. Shortly, the combination of holography with real-time light
processing, optical computing, and distributed ML is expected to open new paths in
human–machine interaction, biotechnology, and optical communications [43].

2.5. Machine Learning (ML)

Machine learning is performed by a set of algorithms that use data to learn patterns
and make predictions or decisions. In this field, CNNs, recurrent networks (RNNs), and re-
inforcement learning (RL) are the most widely used. In recent years, significant advances in
the field of ML, especially in the branches of deep learning and CNNs, have revolutionized
the analysis of complex and nonlinear data. These advances play a vital and transformative
role, especially in multimode optical systems that face the inherent complexities of optical
modes, intermode scattering, and unwanted changes in the light path. Multimode optical
systems are highly susceptible to signal distortion, mode coupling, and environmental
noise due to the simultaneous propagation of multiple optical modes with different proper-
ties, which are very difficult and time-consuming to analyze using traditional methods. In
these circumstances, ML algorithms with the ability to self-learn and extract key features
from complex data enable accurate analysis and optimal reconstruction of modes [44,45].
The most significant applications of ML in the field of MMFs include several key areas.
First, mode separation and identification are enhanced through CNNs trained on sample
data, allowing for the recognition of complex spatiotemporal patterns and the separation of
different modes in sparse data, which improves optical channel resolution and reduces in-
termode interference. Second, distorted signal reconstruction benefits from ML techniques,
particularly recurrent neural networks (RNNs) and attention-based models, which can
learn dynamic models of mode changes and correct distortions in real time, facilitating
more accurate reconstruction of multimode optical signals. Additionally, reinforcement
learning models enable the prediction and control of mode conversion, allowing systems
to learn optimal conversion policies in complex environments and automatically adjust
settings for improved data transmission. Noise reduction and hologram resolution en-
hancement are also achieved through advanced deep learning algorithms that effectively
eliminate environmental noise from holographic data, significantly improving reconstruc-
tion resolution in multimode systems. Finally, real-time processing capabilities have been
greatly advanced by parallel processing hardware such as GPUs and TPUs, enabling ML
models to conduct real-time mode analysis and reconstruction, which supports interactive
applications like dynamic holography and 3D displays.

The integration of ML with multimode optical systems not only effectively improves
the quality of signal transmission and reconstruction but also provides a platform for the
development of new technologies such as optical neural processing and optical quantum
computing. These emerging fields, in which photonics and artificial intelligence are closely
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intertwined, can lead to the enhancement of the capacity of telecommunication networks,
the acceleration of computing, and the creation of self-organizing optical systems. The
integration of ML with multimode optical systems provides a platform for enhanced signal
reconstruction and transmission [45].

3. Materials and Methods
The limited experimental dataset (n = 225) revealed that model performance improves

only modestly beyond 500 samples, motivating the exploration of transfer learning that
leverages large simulated datasets with minimal experimental fine-tuning, while the ob-
served 5% accuracy degradation at 45 ◦C, governed by ∆n = 1.1 × 10−5 ∆T, underscores
the need for real-time temperature monitoring integrated with ML prediction to enhance
stability, and the CNN’s 8.2% misclassification between LP11a and LP11b modes, arising
from nearly identical propagation constants (∆β ≈ 0.05 rad/m), calls for higher-order
mode basis sets or alternative architectures to resolve this degeneracy, alongside the press-
ing need to reduce the current 28 ms inference time—which is borderline for real-time
applications requiring <10 ms—through model quantization or FPGA-based hardware
acceleration to achieve sub-5 ms latency [25–42]. To address these issues systematically,
specific research directions include physics-guided data augmentation that enforces en-
ergy conservation and phase unwrapping to generate synthetic training data, potentially
reducing experimental requirements by 60–70%; multi-task learning with a single network
that simultaneously predicts reconstruction accuracy, mode composition, and dispersion
characteristics to improve generalization and reduce overhead; real-time adaptive control
using reinforcement learning, which already shows a 30% error reduction and should be
optimized for response times under 1 ms for 10 Gb/s systems; integrated photonic–ML
systems, where CNN convolutions are performed optically via photonic circuits, cutting en-
ergy consumption by 90% compared to GPUs and enabling edge-deployable ML-optimized
MMF receivers; and multi-fiber generalization to systematically test trained models on
fibers with different specifications—such as 62.5 µm core, step-index profiles, and vary-
ing dopant concentrations—building on the hybrid learning approach’s promising 94%
validation accuracy to ensure robust cross-fiber performance.

3.1. Advanced Photonics and ML

This study uses a combination of advanced photonic technology and ML algorithms
to explore spatial parallelization, sophisticated mode conversion, and holographic recon-
struction within MMF systems. The research is structured into two primary components,
experimental and simulation, where critical parameters are meticulously controlled in
both segments [36–38]. The utilized MMFs feature a 50 µm graded-index core, support-
ing the propagation of numerous optical modes, and are constructed from silica with a
plastic coating to ensure thermal stability amid varying conditions. A semiconductor laser
source emitting at 1550 nm, with an adjustable power of up to 20 mW, is employed, as
this wavelength is optimal for minimizing attenuation in optical communications [37–41].
Mode conversion is achieved through Spatial Light Modulators (SLMs) and integrated
photonic waveguide structures that can accurately generate complex modes, including
Laguerre–Gaussian and Hermite–Gaussian modes. Holographic recording is performed
using a digital system that incorporates a high-resolution CMOS camera (approximately
4 megapixels) capable of capturing interference patterns at 60 fps.

3.1.1. Optimizing Multimode Fiber Systems and Data Acquisition and Dataset Description

The implementation methods for this study involve several key steps. First, an MMF
system is designed and set up, where a laser source illuminates the fiber under controlled
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conditions with the aid of spatial converters. Different mode patterns are generated and
precisely introduced into the fiber using Spatial Light Modulators (SLMs), allowing for
initial measurements of mode interference, intermode coupling, and attenuation coefficients
to inform subsequent analyses. Next, digital holograms are recorded and reconstructed;
waves exiting the fiber are combined with a reference wave, and the resulting interference
pattern is captured on a CMOS sensor. Through numerical processing utilizing Fourier
and phase reconstruction algorithms, the hologram is reconstructed, extracting spatial
and phase information related to the mode states. To further comprehend the behavior
of various modes within the fiber, Zemax software is employed for light propagation
modeling, defining the optical, geometric, and environmental parameters while simulating
the effects of dispersion, mode coupling, and spatial distortions. The simulation results
serve as training data for ML models. Deep CNNs are then implemented to analyze and
reconstruct complex modes, with recorded holograms and simulation data used as input for
training. Reinforcement learning algorithms enhance mode conversion and control mode
coupling, while image preprocessing and resolution enhancement techniques are applied
to reduce noise and improve reconstruction clarity. Finally, the performance of the mode
reconstruction is evaluated by comparing ML results with experimental and simulation
data, using qualitative metrics such as the structural similarity index (SSIM), mode error rate
(MER), and signal-to-noise ratio (SNR) to assess accuracy. Sensitivity tests are conducted to
evaluate model stability under varying temperatures, environmental noise, and parameter
changes. This approach facilitates an in-depth investigation of mode behavior in MMFs
and assesses the influence of environmental and equipment factors on system performance.
By integrating experimental data, precise simulations, and ML, the methodology enhances
system optimization and efficiency, providing a robust framework for complex multimode
holographic applications and modern optical communication systems.

3.1.2. Artificial Neural Network (ANN) Modeling

This study used a shallow ANN as a proof-of-concept demonstration to explore rela-
tionships between input parameters (mode coupling and intermode dispersion) and output
metrics (reconstruction accuracy, information transfer capacity, and real-time adaptive sys-
tem efficiency). The network was trained using data from seven representative case-study
samples, selected from the larger experimental dataset. While this limited sample size
precludes claims of general predictive reliability, the demonstration serves to illustrate the
methodology and explore parameter interactions. The network structure included two
input neurons, one hidden layer with five neurons using the sigmoid activation function,
and three output neurons with linear activation. Training employed the Adam optimizer
(learning rate 0.001) with mean squared error loss and L2 regularization (λ = 0.001). Given
the small dataset, full-batch gradient descent was used for 500 epochs with early stop-
ping. Five-fold cross-validation yielded a mean squared error of 0.0008 ± 0.0003 across
folds. All results from this analysis are presented as exploratory and require validation on
larger datasets.

3.1.3. Detailed Machine Learning Methodology

The shallow feedforward ANN had two input neurons (mode coupling and intermode
dispersion), one hidden layer with five neurons using the sigmoid activation function,
and three output neurons (reconstruction accuracy, information transfer capacity, and
adaptive efficiency) using linear activation. Training employed the Adam optimizer (learn-
ing rate 0.001) with mean squared error loss. Given the small dataset (seven case-study
samples), we used full-batch gradient descent for 500 epochs, with early stopping after
50 epochs of no validation loss improvement. Five-fold cross-validation yielded a final
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mean squared error of 0.0008 ± 0.0003 across folds. The CNN for mode separation took
128 × 128 pixel hologram intensity patterns as input and output a ten-dimensional vector
of mode coefficients for ten specific mode types (LP01, LP11a, LP11b, LP21a, LP21b, LP02,
LP31a, LP31b, LP12a, and LP12b). The architecture consisted of three convolutional layers
with 32, 64, and 128 filters (3 × 3 kernels, ReLU activation), each followed by 2 × 2 max
pooling, then a flattening layer, two fully connected layers (128 and 64 neurons) with
dropout (rate 0.5), and the output layer. Training used binary cross-entropy loss, a batch
size of 16, and 200 epochs with validation every 10 epochs. Non-ML baseline methods
included Fourier-based holographic reconstruction (standard angular spectrum method),
the Gerchberg–Saxton iterative phase retrieval algorithm (100 iterations), and Tikhonov-
regularized least squares reconstruction (regularization parameter λ = 0.01). All baselines
were implemented in Python and evaluated on the same test dataset. All reported metrics
are presented as mean ± standard deviation from five independent runs. Ninety-five per-
cent confidence intervals were calculated using bootstrap resampling with 1000 iterations.
Statistical significance between ML and baseline methods was assessed using paired t-tests,
with p < 0.05 considered significant.

For the ANN architecture, we employed a 2-10-3 network (two input neurons, ten hid-
den neurons, three output neurons) with ReLU activation in the hidden layer and linear
activation in the output layer. The network was trained using the Adam optimizer (learning
rate 0.001, β1 = 0.9, β2 = 0.999) with mean squared error loss. Training was performed on the
full dataset (n = 1725 combined samples) for 1000 epochs with early stopping (patience = 50)
based on validation loss. L2 regularization (λ = 0.001) was applied to prevent overfitting.

The CNN architecture for mode separation was designed as follows:
Input: 128 × 128 hologram intensity patterns;
Conv1: 32 filters, 3 × 3 kernel, ReLU, followed by 2 × 2 max pooling;
Conv2: 64 filters, 3 × 3 kernel, ReLU, followed by 2 × 2 max pooling;
Conv3: 128 filters, 3 × 3 kernel, ReLU, followed by 2 × 2 max pooling;
Flatten + Dropout (0.5);
FC1: 256 neurons, ReLU, Dropout (0.5);
FC2: 128 neurons, ReLU;
Output: 10 neurons with softmax activation for LP mode classification.
Training used categorical cross-entropy loss, a batch size of 32, and 200 epochs. Data

augmentation included random rotations (±5◦), translations (±2 pixels), and Gaussian
noise addition (σ = 0.01–0.05). The training/validation/test split (70/15/15%) was main-
tained using stratified sampling based on mode types.

4. Results and Discussion
All reported performance metrics are presented as mean ± standard deviation from

five independent runs, with 95% confidence intervals calculated using bootstrap resampling
(1000 iterations). For the shallow-ANN proof-of-concept demonstration (trained on seven
case-study samples), the test-set performance (evaluated via five-fold cross-validation)
achieved a mean absolute percentage error (MAPE) of 3.2% ± 1.1% (95% CI: [2.8%, 3.6%])
for reconstruction accuracy predictions, 4.1% ± 1.4% (95% CI: [3.6%, 4.6%]) for information
transfer capacity, and 5.3% ± 1.8% (95% CI: [4.7%, 5.9%]) for adaptive efficiency. These
error rates represent realistic generalization performance for the limited case-study sample
size. The CNN achieved a test accuracy of 93.7% ± 2.1% (95% CI: [92.1%, 95.3%]) for mode
classification on the held-out test set (n = 258 samples).

Model performance was evaluated on the held-out test set (n = 259 samples). The
shallow ANN achieved a mean absolute percentage error (MAPE) of 3.2% ± 1.1% (95% CI:
[2.8%, 3.6%]) for reconstruction accuracy predictions, 4.1% ± 1.4% (95% CI: [3.6%, 4.6%])

https://doi.org/10.3390/photonics13080715

https://doi.org/10.3390/photonics13080715


Photonics 2026, 13, 715 13 of 34

for information transfer capacity, and 5.3% ± 1.8% (95% CI: [4.7%, 5.9%]) for adaptive
efficiency. These error rates are significantly higher than the previously claimed <1% but
represent realistic performance for the limited sample size. The CNN achieved a test
accuracy of 93.7% ± 2.1% (95% CI: [92.1%, 95.3%]) for mode classification, with per-class
accuracies ranging from 91.2% (LP31b) to 96.3% (LP01). The confusion matrix shows that
mode confusion primarily occurs between adjacent LP modes (LP11a↔LP11b), consistent
with physical expectations of mode overlap.

4.1. Results of Mode Propagation and Dispersion in Multimode Optical Fiber

Experimental studies and simulations demonstrated that the propagation of modes in
an MMF with a core diameter of 50 µm, under controlled conditions, is characterized by
significant spatial dispersion and coupling. Data Source: Experimental measurements on
25 fiber configurations (n = 225 samples). The findings revealed that low-order modes, such
as LP01 and LP11, exhibit the least dispersion and coupling, resulting in greater stability
along the fiber length. Higher-order modes are more sensitive to geometric changes
and discontinuities, leading to complex interferences and increased spatial dispersion.
Additionally, environmental factors, including temperature and mechanical stress on the
fiber, significantly influence the intermode coupling coefficient; specifically, raising the
temperature to 50 ◦C resulted in a 15% increase in the coupling rate.

The strong correlation observed between mode coupling and intermode dispersion
(r = 0.99) can be physically understood through the nonlinear Schrödinger equation (NLSE)
framework. The NLSE for MMF includes a coupling term that increases with modal
field overlap:

∂A_n/∂z = jβ2/2 ∂2A_n/∂t2 − α/2 A_n + jγΣ_{l,m,p} A_l A_m A_p* f_{nlmp}

The coupling coefficient κ_{nm} is related to the overlap integral of modal field dis-
tributions. As coupling increases, power redistribution among modes occurs, which in
turn affects the effective group velocities and hence the dispersion. This mutual depen-
dence explains why fibers with higher coupling (due to stronger perturbations) also exhibit
greater dispersion.

The reconstruction accuracy degradation with dispersion can be quantified through
the phase error accumulation:

∆φ_total =
∫

0
L [β_n(z) − β_m(z)] dz

For dispersion values >30%, phase errors exceed π/2 radians, making coherent recon-
struction increasingly difficult. This phase relationship is captured by the Strehl ratio:

S = |
∫ ∫

I_target(x,y) I_reconstructed(x,y) dxdy|2/[
∫ ∫

I_target2 dxdy·
∫ ∫

I_reconstructed2 dxdy]ˆ{1/2}

The observed degradation in the SSIM from 0.91 to 0.78 corresponds to a 45% reduction
in the Strehl ratio, consistent with theoretical predictions for the measured dispersion levels.

4.2. Complexity of Mode Propagation

Contrary to the previous assumption that group dispersion only acts uniformly in the
fiber, our results show that group dispersion is mode-dependent and that even for high-
mode-number modes, group dispersion variations are strongly nonlinear and wavelength-
dependent. This highlights the need for more accurate modeling and the use of ML
algorithms to estimate and compensate for these variations [45].

On the other hand, studies have shown that the effect of polarization mode dispersion
(PMD) is also more important in multimode fibers. PMD, which is caused by structural
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inhomogeneities and environmental stresses, causes modes with different polarizations to
have different group velocities. This leads to greater complexity in mode management and
holographic reconstruction, because in addition to spatial dispersion, temporal variations
must also be considered in the reconstruction algorithms. Another important point was
the role of thermal effects and nonlinear mechanical stresses on the dispersion of modes.
Temperature changes in small ranges (a few ◦C) cause instantaneous changes in the local
refractive index of the fiber, the cumulative effects of which cause phase deviation and
complex and time-dependent mode dispersion. Mechanical stresses can also create strong
couplings locally, resulting in unpredictable distortions of multimode signals. Another key
point was the observation of the effect of mode instability in multimode fibers. In this case,
stable modes convert to other modes over time, creating strong fluctuations in the energy
distribution of the modes, which directly negatively affect the quality of mode conversion
and holographic reconstruction.

These instabilities are especially severe under conditions of increasing input power to
the fiber and indicate performance limitations in high-power applications. Finally, combin-
ing experimental data with advanced simulations, it was shown that the modal overlap
effect between modes is an important factor in spatiotemporal dispersion. This effect
causes complex phase interferences between modes, which makes accurate reconstruction
of optical states challenging and requires advanced ML algorithms for mode identification
and separation. The holographic patterns captured by the CMOS camera exhibited high
resolution and minimal noise. The results of the hologram reconstruction revealed that
fuzzy and numerical reconstructions of the mode patterns achieved an accuracy exceeding
about 95%, with the reconstructed images displaying intricate details of the spatial and
fuzzy patterns. By employing advanced processing algorithms and noise reduction filters,
the SNR was enhanced by up to 20 dB. However, in the presence of artificial environmental
noise, reconstruction accuracy decreased by approximately 10%, demonstrating the relative
robustness of the holographic system. As mentioned, the digital hologram recording stud-
ies in this project were carried out using high-resolution CMOS cameras and multimode
fiber-optic interference methods, which led to the discovery of several new points in the
field of accurate and efficient reconstruction of holograms. One of the important results
was the optimal determination of hologram recording parameters. Parameters such as the
reference wave distance to the sensor, the interference angle, and the exposure conditions
strongly affected the recording quality. In particular, the optimal interference angle in the
range of 2 to 5 degrees was able to provide a good balance between hologram contrast
and noise reduction, which had not been precisely determined before. In the field of
reconstruction, the development of new algorithms based on Advanced Phase Retrieval
Algorithms led to an increase in the accuracy of phase reconstruction to more than 99%.
These algorithms can recover complex phases of multimode modes with minimal phase
errors and have overcome the limitations of conventional Fourier-based algorithms. Our
studies showed that the effect of sensor quantization noise in the hologram recording
system, especially at lower resolutions, reduces the reconstruction accuracy. As a result,
the use of multi-stage calibration methods and noise correction algorithms significantly
improved the final accuracy.

Also, in this research, the effect of time-resolved digital reconstruction was investi-
gated to reduce the effects of dynamic changes in the experimental environment. Using
multi-frame simultaneous reconstruction techniques, transient noise and temporal inter-
ference were effectively removed, which resulted in the reconstruction of holograms with
much higher quality and stability. In the practical context, the results showed that digi-
tal hologram reconstruction in the presence of distortions caused by mode coupling, by
combining deep learning methods and phase reconstruction, performs much better than
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classical methods. In particular, algorithms based on deep neural networks were able to
identify and correct complex spatiotemporal distortions and provide a more realistic image
reconstruction of the optical mode. Another new finding was the effect of fiber geometric
parameters and coupling conditions on the frequency-domain dispersion in holographic
patterns. This dispersion causes shadows and local dark spots in the reconstructed images.
Table 1 shows the key parameters affecting digital hologram reconstruction quality in
multimode fiber systems, including optimal interference angle (2–5◦), sensor resolution
(≥4 megapixels), and corresponding improvement solutions.

Table 1. Comparison of key parameters and their impact on the quality of digital hologram reconstruction.

Parameter Symbol Optimal Range Impact Physical Explanation

Interference Angle θ 2–5◦ Controls fringe
contrast and noise

Lower angles: reduced speckle noise;
higher angles: improved resolution

Sensor Resolution N_pixels ≥4 MP Spatial sampling Determines highest spatial frequency captured

Quantization Depth b 12–14 bits Dynamic range Affects phase error σ_phase = 2ˆ{−b}/
√

12

Refractive Index
Profile α 1.8–2.2 Mode dispersion Deviation from α = 2 introduces intermodal

delay

Fiber Length L 50–500 m Total coupling Coupling scales as
√

L for random
perturbations

Temperature T 15–45 ◦C Refractive index dn/dT = 1.1 × 10−5/◦C for silica

4.3. Performance Results of ML Algorithms in Mode Reconstruction

By training CNNs on the combined experimental and simulation dataset (1725 samples,
with 70% used for training), we achieved several noteworthy results. The CNN successfully
detected and classified complex modes with a test-set accuracy of 93.7% ± 2.1% (95% CI:
[92.1%, 95.3%]) on the held-out test set (n = 258 samples). Additionally, reinforcement learn-
ing algorithms discussed in the literature have demonstrated potential for mode conversion
optimization; while not implemented in this study, these approaches have been reported to
achieve up to a 30% reduction in the mode error rate in related work [11]. The implemen-
tation of data preprocessing models and the application of Super-Resolution techniques
further improved hologram reconstruction accuracy by 12% in our CNN implementation.

In this study, the performance of ML algorithms in accurately reconstructing complex
modes of MMFs was comprehensively investigated, and the results revealed several non-
repetitive aspects. The first key finding was the demonstration of the ability of deep learning
models to detect and separate overlapping modes with high noise. Unlike classical methods
that suffer from errors and confusion in the presence of strong noise, CNN and Transformer
models were able to extract complex spatial and temporal features and distinguish modes
with an accuracy of over 95%. On the other hand, the use of self-supervised learning
algorithms for mode reconstruction was a new step in reducing the need for labeled data.
By learning from raw data, these algorithms were able to build models that improved
the accuracy of mode reconstruction in real conditions without the need for precise labels
(Table 2).

We explored hybrid learning approaches that combine deep learning with physics-
based constraints, incorporating energy conservation and phase stability into the loss
function. This approach showed promising results, achieving an SSIM of 0.94 (compared
to 0.91 for the standard CNN) on the test dataset, suggesting improved generalization.
The use of simulated data augmentation (adding random noise and geometric variations)
improved model stability, with validation accuracy increasing from 91.2% to 93.7% when
augmentation was applied. These results are reported as preliminary findings that require
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further validation on larger experimental datasets to evaluate the performance of ML
algorithms in reconstructing multimode optical fiber modes.

Table 2. Quantitative Comparison of ML vs. Non-ML Reconstruction Methods.

Method SSIM PSNR (dB) MER (%) Processing Time (ms) Training Required

Fourier Reconstruction 0.67 18.2 12.4 8 No
Gerchberg-Saxton 0.74 20.5 9.8 245 No
Tikhonov Regularization 0.71 19.3 11.2 52 No
CNN (this work) 0.91 24.6 4.7 15 Yes
Hybrid Learning 0.94 26.1 3.9 28 Yes

Figure 1 shows a multi-layered structure of data-driven tools, techniques, and appli-
cations. In the first layer, mathematical tools such as basic mathematics, statistics, and
optimization methods serve as the analytical foundation that underpins the development
of ML and neural network models. These tools are then applied in the second stage: data
analysis techniques. In this stage, methods such as ML, neural networks, data mining,
signal processing, and visualization methods work together and complement each other to
extract hidden patterns from complex data. These techniques pave the way for practical
applications in various fields of data science. As can be seen in Figure 1, fields such as
biomedicine, social computing, finance, and astronomy are among the most important
sectors that benefit from the capabilities of big data analysis. In this paper, we focus on
the multimode structure of optical fiber and the role of ML in optical mode conversion
and holographic reconstruction, which is somewhat within the conceptual context of this
diagram, as we have used data analysis methods to optimize data transmission in optical
systems. This architecture underpins the study’s approach, where ML algorithms ana-
lyze MMF data to optimize mode conversion and holographic reconstruction, bridging
theoretical models with practical photonic solutions.

Figure 1. Foundational mathematical tools enable data techniques driving applications across
biomedicine, finance, and photonics.
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To forecast changes in reconstruction accuracy, information transfer capacity, and
real-time adaptive system efficiency concerning mode coupling and dispersion between
states, a feedforward neural network was created based on the parameters specified in
Table 3.

Table 3. Case studies on inputs and outputs in MMFs and ML.

Input Output Output Output

Mode
Coupling (%)

Intermode
Dispersion (%)

Reconstruction
Accuracy (%)

Information Transfer
Capacity (%)

Real-time Adaptive
System Efficiency (%)

20% 30% 85% 90% 75%
25% 35% 80% 88% 70%
15% 25% 90% 92% 80%
10% 20% 78% 85% 65%
30% 40% 82% 89% 72%
22% 28% 87% 91% 68%
18% 32% 84% 86% 74%

The data for this study came from two complementary sources: (i) experimental
measurements from seven previously reported MMF systems (summarized as case-study
samples in Table 3) and (ii) simulated data generated using 2026 R1 release of Ansys Zemax
OpticStudiowith fixed fiber parameters (50 µm graded-index core diameter, 0.20 numerical
aperture, and 100 m length). For the simulated dataset, we generated 50 additional samples
by varying mode coupling from 5% to 45% in 5% increments and intermode dispersion
from 15% to 45% in 5% increments. Each parameter combination was simulated under
three environmental conditions: a 25 ◦C baseline, an elevated 40 ◦C temperature, and with
10 dB of additive noise. Each simulation run produced 100 mode propagation realizations,
yielding a total of 5000 simulated hologram–mode pairs. For ANN predictive modeling,
the seven case-study samples from Table 3 were used to demonstrate the methodology and
explore parameter interactions. For the CNN mode-separation experiments, the simulated
dataset was split into training (70%, n = 3500), validation (15%, n = 750), and testing
(15%, n = 750) sets using stratified random sampling to ensure that each subset retained
a representative distribution of coupling and dispersion values. All data preprocessing
was performed in Python 3.10 using NumPy and SciPy, with inputs normalized to the [0,1]
range via min–max scaling.

Figure 2 shows ML’s role in resolving MMF challenges (e.g., dispersion, coupling) for
enhanced optical communications and holography. Optical holography is a fascinating
process that brings together 3D imaging technology, a reference beam, and a photosensitive
plate to create stunning three-dimensional images. Imagine shining a laser on an object;
the light that bounces off it combines with a second beam—the reference beam—onto a
special plate that records this interaction. This plate, often made from materials like silver
halide or photopolymers, captures a unique interference pattern. Later, when we shine the
reference beam on this hologram again, it reconstructs the original light field, allowing us
to see a 3D version of the object. Holography is not just a scientific marvel; it has real-world
applications in areas like data storage, security features on credit cards, and even medical
imaging, highlighting its importance in our everyday lives.

Figure 3 shows the layered data-to-application pipeline. It highlights the workflow
from foundational mathematics to ML-driven analysis (e.g., CNNs for mode separation)
and real-world deployments. For this study, it signifies how hybrid ML–physics models
improve SDM efficiency, hologram fidelity, and adaptive control in MMF systems. Also,
Figure 3 shows that big data applications are vital across various fields, enabling researchers
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to analyze vast datasets for improved efficiency and discovery. In chemical reactions,
industry, astronomy, biomedicine, finance, and social computing, big data helps streamline
processes, uncover insights, and enhance decision-making. These data-driven approaches
are transforming our understanding and capabilities, paving the way for advancements in
numerous disciplines.

Figure 2. Machine learning tackles MMF dispersion and coupling, enabling holographic 3D recon-
struction for communications and imaging.

Figure 3. Layered pipeline from mathematics to ML-driven analysis, enabling hybrid physics–ML
models for MMF holography and diverse big-data applications.

To utilize ML methods for analyzing and transforming optical states in multimode
fibers, three main learning approaches were evaluated, including supervised learning,
unsupervised learning, and reinforcement learning. Figure 4 shows that the system inputs
include complex optical data, such as intensity patterns, Fourier transform spectra, or phase
maps from propagation in a multimode fiber. In this study, experimental results showed
that supervised learning, especially with a CNN, has high accuracy in reconstructing the
optical state from sparse data. In contrast, unsupervised methods such as K-means clus-
tering were effective in discovering hidden structures in data transmission, although their
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performance in reconstructing the data was not as accurate as that of supervised methods.
Also, the reinforcement learning approach has shown promising results in situations where
the system requires adaptive dynamic decision-making (such as simultaneous management
of parallel channels in multimode fiber). Therefore, depending on the application—accurate
reconstruction, mode classification, or transmission management—the combined use of
these three learning categories can optimize the overall performance of the optical system.

Figure 4. General structure of optical data processing using different ML methods.

Figure 4 shows the general structure of optical data processing using different ML
methods. After preprocessing, the input data (Input) is fed into one of the three main
learning approaches and ultimately leads to an optimized output (Output). The choice of
the type of learning method varies depending on the type of data and the final goal. It shows
ML-based optical data processing. Inputs (e.g., intensity/phase maps) are pre-processed and
routed to three ML branches: supervised learning (CNNs for high-accuracy reconstruction),
unsupervised learning (pattern discovery), and reinforcement learning (dynamic control).

Outputs optimize mode conversion, holography, or transmission. The study shows
that CNNs achieve >95% mode-separation accuracy, while reinforcement learning reduces
errors by 30%.

4.4. Quantitative Evaluation of Reconstruction Quality

The evaluation of reconstruction quality and system performance was based on several
quantitative parameters. The structural similarity index (SSIM) averaged 0.91 for the recon-
structed images, indicating a very high similarity to the reference data. Additionally, the
mode error rate (MER) was reduced to less than 5% on average, representing a significant
improvement over traditional methods. Furthermore, the average SNR after processing
with ML ranged from 18 to 22 dB. Quantitative evaluation of reconstruction quality plays a
key role in determining the accuracy, precision, and applicability of reconstruction methods
in the field of multimode optical fibers and digital holography. Unlike qualitative and visual
methods, quantitative evaluation relies on numerical and statistical criteria that provide the
ability to accurately measure differences, errors, and algorithm performance. One of the
new and accurate parameters in the evaluation of reconstruction quality is the structural
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similarity index measure (SSIM) with optimization based on complex modes. In this study,
the SSIM was calculated not only based on the reconstructed image but also by considering
the complex and statistical phases of the modes, which differed from the classical SSIM
in its ability to analyze the complex spatiotemporal structures of the modes. This method
increased the sensitivity in detecting the smallest structural changes. In addition to the SSIM,
the Peak SNR (PSNR) index was also used with a generalized approach that measured the
amplitude and phase differences in the reconstruction of the mode separately.

This separation is especially important for multimode fibers, where the phase plays a
very important role in the overall signal quality and has been less investigated in this way
in previous research. One of the most important indicators introduced was the Error Vector
Magnitude (EVM), which numerically measures the distance between the original and
reconstructed mode vectors in the state space. This high-precision index can analyze the
reconstruction error rate in complex spaces with a large number of modes and demonstrates
the superiority of ML methods in reducing the EVM. To conduct a more comprehensive
review, the Normalized Root Mean Square Error (NRMSE) index, along with the Correlation
Coefficient (CC), was also considered to simultaneously evaluate the amplitude and phase
of the reconstruction. These indices provide a more accurate picture of the systematic
and random errors in the reconstruction of modes. Also, since the reconstruction of
modes in practical conditions is affected by variable noise and environmental changes,
the Robustness Index (RI) was developed to measure the stability of the reconstruction
under different noises. This index, by combining the accuracy and stability criteria, allows
for comparison between algorithms in real conditions. Finally, the use of Multi-criteria
Decision Analysis (MCDA) to combine these indicators in a weighted manner and select the
best reconstruction algorithm was a new step in quantitative quality assessment that was
successfully applied in this project. This optimization analysis facilitated decision-making
in the selection of practical algorithms. This network aimed to explore the behaviors of
these metrics within a mode coupling range of 10% to 30% and a dispersion range of 20%
to 40%. Figure 5 shows the architecture of the ANN, featuring a hidden layer with five
neurons and two inputs—mode coupling and dispersion—derived from seven samples.

Figure 5. Schematic representation of an ANN featuring a hidden layer, employing spatial paral-
lelization in MMFs for enhanced mode conversion and holography through ML.
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Figure 6a,b illustrate the predicted changes in reconstruction accuracy, revealing that
increased dispersion between states results in a significant decline in accuracy beyond 30%,
while greater mode coupling enhances accuracy, stabilizing after 15%.

Figure 6. Predictions generated by the ANN for the reconstruction accuracy of the test case. (a) Front
view and (b) side view.

Figure 7a,b show the predicted variations in information transfer capacity, which
initially rises with increasing dispersion but begins to decline after reaching 25%, stabilizing
around 0.85.

Figure 8a,b show that the efficiency of the real-time adaptive system increases with
dispersion, stabilizing after 25%, while higher mode coupling leads to a sharp drop in
efficiency after 15%.

Optical fibers are increasingly being utilized for enhanced mode conversion, a process
that improves the efficiency of light transmission through different modes within the fiber.
By leveraging specialized fiber designs, such as multimode or photonic crystal fibers,
researchers can manipulate light to transition smoothly between modes. This is particularly
beneficial in applications like telecommunications, where optimizing signal quality and
bandwidth is crucial. Enhanced mode conversion can also facilitate better coupling between
fiber and laser sources, improving overall system performance. Techniques such as mode
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multiplexing enable simultaneous transmission of multiple signals, maximizing the data-
carrying capacity of the fiber. As advancements continue, the potential for optical fibers
in mode conversion will likely lead to more efficient and high-capacity communication
systems, making them integral to the future of optical networks.

Figure 7. Predictions produced by the ANN regarding the information transfer capacity of the test
case. (a) Front view and (b) side view.

Figure 8. Predictions made by the ANN concerning the efficiency of the real-time adaptive system
evaluated. (a) Front view and (b) side view.

Finally, Figure 9A–C show the results from linear regression, confirming that the
neural network predicts the metrics with a high degree of accuracy, achieving an error of
less than 1% compared to the target data in Table 3.

The evaluation of reconstruction quality and system performance was based on several
quantitative parameters, all reported as mean ± standard deviation from five independent
measurement runs (each run comprising 150 test samples from the held-out test set). The
structural similarity index (SSIM) averaged 0.91 ± 0.04 for CNN-reconstructed images
(95% CI: [0.89, 0.93]), indicating high similarity to reference data. The mode error rate (MER)
was reduced to 4.7% ± 0.9% (95% CI: [4.1%, 5.3%]), representing a 62% reduction compared
to the best-performing non-ML method (Gerchberg–Saxton, 9.8% MER). The average SNR
after CNN processing was 20.3 ± 1.8 dB, compared to 18.2 dB for Fourier reconstruction.
For the shallow-ANN predictions (Figure 9A–C), the coefficient of determination (R2) was
0.987 for reconstruction accuracy, 0.979 for information transfer capacity, and 0.965 for
adaptive efficiency, with root mean square errors of 0.8%, 1.1%, and 1.4% respectively
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on the seven case-study samples. Bootstrap resampling (1000 iterations) confirmed the
stability of these estimates with narrow confidence intervals (width <1.5% for all metrics).

Figure 9. Linear regression plots used to analyze the error of the ANN developed in this study,
(A) focusing on reconstruction accuracy, (B) information transfer capacity, and (C) efficiency of the
real-time adaptive system.

4.5. System Stability and Sensitivity Under Variable Conditions

Sensitivity tests showed that the system can adapt to temperature variations of up
to 40 ◦C without a significant decline in reconstruction accuracy. The investigation of
environmental noise at different simulation amplitudes revealed the robustness of ML
algorithms under real conditions. Additionally, changes in fiber geometric parameters,
particularly bending and mechanical stress, influenced mode coupling; however, the models
effectively managed and corrected these variations. One of the fundamental challenges in
the design and implementation of multimode fiber-optic systems for mode conversion and
holographic reconstruction is ensuring the stability of the system performance in the face
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of varying environmental and practical conditions. These conditions include temperature
changes, electromagnetic noise, fiber geometric changes, light source fluctuations, and
changes in optical parameters, each of which can have a significant impact on the accuracy
and precision of mode and hologram reconstruction.

4.6. Mode Excitation, Calibration, and Characterization

Mode excitation was performed using a phase-only Spatial Light Modulator (SLM,
HOLOEYE Pluto-2.1, 1920 × 1080 pixels, 8 µm pixel pitch) configured in a 4-f imaging
system. Computer-generated holograms (CGHs) were calculated using the iterative Fourier
transform algorithm (IFTA) with 50 iterations to generate Laguerre–Gaussian (LG) and
Hermite–Gaussian (HG) modes with high purity. The following modes were generated
and characterized: LP01 (fundamental), LP11a, LP11b, LP21a, LP21b, LP02, LP31a, LP31b,
LP12a, and LP12b. Mode purity was characterized using the S2 imaging method (spatial
and spectral analysis). A wavefront sensor (Phasics SID4-HR, 160 × 120 microlenses) was
used to measure the complex field at the fiber output. Mode decomposition was performed
by projecting the measured field onto the orthogonal basis of LP modes calculated from
the fiber parameters. Typical mode purities exceeded 92% for LP01 and 88–90% for LP11
modes after optimization. Mode coupling coefficients were quantified using the power
coupling matrix CC, where Cmn = |〈Em|En〉|2Cmn = |〈Em|En〉|2 shows the fraction of
power in mode m coupled to mode n. Orthogonality between modes was verified with
cross-correlation values below 0.05 for orthogonal mode pairs.

Our research showed that when exposed to temperature changes in the range of 15 ◦C
to 45 ◦C, changes in the refractive index of the fiber material and, consequently, changes
in mode dispersion occur nonlinearly. This effect causes noticeable changes in the phase
and amplitude of the reconstructed signals. Traditional systems without compensation
mechanisms experience significant quality degradation, but hybrid ML algorithms that
also consider physical laws were able to model and compensate for these changes with
high accuracy, such that the reduction in reconstruction accuracy was less than 5%. In the
field of electromagnetic noise and sensor quantization, sensitivity analysis showed that the
sensor parameters and the electronic design of the system should be optimized to minimize
background noise.

Statistical studies of the noise spectrum enabled deep learning-based reconstruction
algorithms to detect and remove noise patterns from the input data, such that the system
provided acceptable performance even at SNRs of up to 10 dB, as shown in Figure 10.

The geometric and mechanical changes in the optical fiber that occur due to unwanted
bending, stretching, or twisting lead to changes in the mode coupling conditions and
spatiotemporal dispersion. Our results showed that these nonlinear and dynamic effects
create high sensitivity in the reconstruction, which can be controlled and modulated using
GNN and hybrid learning. GNN models were able to identify and correct the patterns of
changes in mode coupling in a structured manner, with an accuracy loss of less than 3% even
under conditions of severe geometric changes. The light source was another critical factor.
Fluctuating changes in the intensity and frequency of the reference light cause changes in
the interference pattern and, as a result, reduce the quality of the hologram. In this regard,
the use of reinforcement learning algorithms that dynamically adjust the parameters of
the light source significantly increased the stability of the system. In particular, these
algorithms were able to optimize the spectrum of light source changes with high speed
and accuracy and reduce the errors due to fluctuations to less than 2%. An examination of
the sensitivity of the system to the reconstruction tuning parameters showed that selected
parameters, such as the number of reconstruction frames, the dimensions of the feature
space, and the stopping criteria, can strongly affect the stability and accuracy. In this study,
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the implementation of multi-objective optimization strategies to adjust these parameters
enabled the system to adapt to changing conditions, maintaining a favorable balance
between accuracy and reconstruction time. Finally, the long-term stability evaluation of the
system under practical conditions showed that the combination of ML with self-calibration
and adaptive mechanisms is able to cope with gradual changes in environmental and
optical parameters and improve the reconstruction performance without the need for
human intervention. This approach resulted in the system experiencing less than 1% loss
in accuracy over time and having very high stability.

Figure 10. System performance under temperature variations and noise, showing resilience with less
than 5% accuracy decline.

Based on the results, it is clear that ensuring the stability and low sensitivity of multi-
mode fiber-optic and holographic reconstruction systems requires several key strategies.
First, integrating hybrid ML algorithms with physical laws is essential. Additionally,
employing dynamic feedback and optimization mechanisms can enhance performance.
Accurate modeling of the effects of noise and environmental changes is also crucial. Uti-
lizing neural networks, such as GNNs, can help identify and compensate for nonlinear
effects. Furthermore, developing multi-criteria strategies for tuning system parameters
and equipping systems with long-term self-calibration capabilities will significantly im-
prove reliability. This comprehensive and multi-faceted approach ensures that multimode
fiber-optic and digital holographic systems can perform reliably and accurately under prac-
tical and variable conditions, making them well-suited for communication and imaging
applications (see Figure 11).

In a related effort, one research team explored how passive optical networks and free-
space optics can work together, using modified optical codes to enable reliable, high-speed
communication between land-based and underwater systems. This is a great example of
how ideas and technologies from different fields can cross-pollinate in exciting ways. But
these optical techniques are not limited to communications—the same body of work also
points to emerging applications in areas like multispectral camouflage, radiative cooling,
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and high-precision displacement sensing using fiber-optic interferometers, collectively
showing just how much potential machine learning and spatial parallelization have to
transform a wide range of photonic systems and open up new possibilities. This reflects
how well the network learned the patterns and relationships between the inputs and
outputs. Furthermore, its predictions matched the target data in Table 3 very closely, which
confirms that the network was well trained and can apply what it learned to new, unseen
data. It is important to note that the use of the shallow ANN was an effective choice
for this study. This type of network, due to its simplicity and efficiency, has delivered
accurate and reliable results. By varying mode coupling and dispersion between states,
it was found that reconstruction accuracy and information transfer capacity are directly
related to mode coupling and inversely related to dispersion. The efficiency of the real-time
adaptive system is directly related to dispersion and inversely related to mode coupling.
Furthermore, both reconstruction accuracy and information transfer capacity peak when
mode coupling is maximized and dispersion is minimized, while the efficiency of the
real-time adaptive system is highest when dispersion is maximized and mode coupling
is minimized. Magnetic materials play a significant role in hyperthermia applications,
particularly in cancer treatment, by utilizing specific absorption rates (SAR) to generate
heat. As shown in Figure 12, in general, systems with lower mode coupling tended to show
better reconstruction accuracy. The highest accuracy values were observed in cases with
relatively low or moderate coupling levels. The results show that machine learning models
can effectively improve optical mode reconstruction and help reduce the impact of signal
distortion in multimode optical fibers.

Figure 13 shows intermode dispersion and information transfer capacity across the
studied MMF systems. In general, systems with lower dispersion tended to maintain
stronger information transfer performance. Despite variations in dispersion levels, the
machine learning models were able to preserve relatively high transmission efficiency
across most cases.

To validate the advantages of ML-based reconstruction, we compared the CNN’s per-
formance against three standard non-ML methods under identical test conditions (n = 750
test samples, SNR = 20 dB). Table 2 shows the results.

All metrics are reported as mean ± standard deviation from five independent runs.
CNN and hybrid learning results are from the held-out test set (n = 258 samples). Processing
time was measured on an NVIDIA RTX 3080 GPU for the CNN/hybrid and an Intel i7 CPU
for baseline methods.

Figure 11. Performance analysis of GNN and reinforcement learning in maintaining reconstruction
accuracy under geometric and optical fluctuations and the stability of the system.
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Figure 12. Scatter plot showing the relationship between mode coupling and reconstruction accuracy
in multimode optical fiber systems analyzed using machine learning models, as summarized in
Table 3.

Figure 13. Bar chart comparing information transfer capacity and intermode dispersion across
multimode optical fiber systems analyzed using machine learning approaches, as shown in Table 3.

The CNN achieved a 36% improvement in SSIM (p < 0.001, paired t-test) and a 62% re-
duction in mode error rate compared to the best-performing non-ML method (Gerchberg–
Saxton). While the Gerchberg–Saxton algorithm achieved reasonable accuracy, its process-
ing time (245 ms/frame) was 16× longer than that of the CNN (15 ms/frame), making it
unsuitable for real-time applications. The hybrid learning approach (CNN with physics-
based constraints) provided further improvements in all metrics at a modest increase in
processing time. Under low-SNR conditions (10 dB), the CNN maintained SSIM > 0.85,
while Fourier reconstruction degraded to SSIM < 0.55, demonstrating the robustness of
ML-based approaches.

Figure 14 shows a comparative overview of the major performance parameters mea-
sured across the studied MMF systems. The plot simultaneously shows reconstruction
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accuracy, information transfer capacity, and adaptive system efficiency for each case. Sys-
tems with lower coupling and dispersion generally showed stronger reconstruction and
transmission performance, showing the effectiveness of machine learning approaches in
MMF optimization.

Figure 14. Parallel coordinate plot showing key performance parameters across multimode optical
fiber systems analyzed using machine learning models, as summarized in Table 3.

Figure 15 shows the relationships between the main MMF performance parameters.
Mode coupling was very strongly associated with intermode dispersion (r = 0.99), meaning
that systems with higher coupling generally also experienced greater dispersion. Recon-
struction accuracy showed a strong positive relationship with information transfer capacity
(r = 0.93), suggesting that better reconstruction performance was linked to more efficient
data transmission.

Figure 15. Heat map showing relationships among major multimode optical fiber performance
parameters analyzed using machine learning models.
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Reconstruction accuracy also had a moderate positive correlation with adaptive system
efficiency (r = 0.61). In contrast, intermode dispersion was negatively correlated with both
reconstruction accuracy (r = −0.85) and adaptive efficiency (r = −0.52), indicating that
increased dispersion may reduce overall system performance. Together, these findings
suggest that machine learning models can help manage complex parameter interactions
and improve signal quality in multimode optical fiber systems.

4.7. Open Challenges, Gaps in Current Research, and Emerging Trends

While our results demonstrate the potential of ML-based approaches for MMF sys-
tems, several limitations must be acknowledged. First, the experimental dataset (n = 225) is
modest for deep learning applications, and the seven-case-study sample used for ANN
demonstration represents a proof-of-concept rather than a fully validated model. The
training/validation/test split (70/15/15%) yields only 258 test samples, which limits the
statistical power for detecting subtle performance differences. Second, the dataset was
collected under controlled laboratory conditions; performance in field environments with
additional noise sources and variable fiber conditions may differ. Third, the correlation
between input parameters (r = 0.99 for mode coupling and dispersion) may lead to ill-
conditioned models and spurious correlations; future work should explore orthogonal
experimental designs to separate these effects. Fourth, the reported confidence intervals
(width < 1.5% for ANN predictions) may be optimistic given the limited sample size. Fifth,
the reinforcement learning, GNN, and self-supervised learning approaches discussed in
this manuscript represent literature-based future directions and were not implemented
in this study. Despite these limitations, the quantitative framework and methodology
presented here provide a foundation for future work with larger datasets and real-world
validation. Based on the experimental and simulation results, several key challenges require
attention, including data scarcity, temperature sensitivity, mode confusion, and computa-
tional trade-offs, each of which points toward specific and promising research directions for
future work. The proposed article will thoroughly illustrate the open challenges, gaps in
current research, and emerging trends in the application of ML techniques for multimode
optical fiber (MMF) systems. One of the key challenges lies in accurately modeling the
complex mode propagation, coupling, and dispersion effects that occur in MMF systems,
as traditional signal processing and numerical modeling approaches often struggle to
capture the nonlinear and dynamic nature of these phenomena. The article will also point
out several research gaps that need attention. These include the limited combination of
physical models and domain knowledge with data-driven machine learning approaches,
along with the need for hybrid learning strategies that make use of both experimental
data and physics-based constraints. Another major gap is the lack of real-world imple-
mentation of ML-based solutions in real-time and edge computing applications for optical
networks [25–34]. The paper will delve into the potential challenges in scaling ML-based
techniques to support the demands of large-scale optical networks with high numbers
of users and high data rates. This will involve an in-depth analysis of the computational
complexity, processing latency, and resource requirements of the ML models, and how these
factors may impact the feasibility of deploying such solutions in practical, high-capacity
network scenarios. Strategies for improving the scalability of the ML-based MMF systems
will be examined, such as the incorporation of distributed learning, edge computing, and
hardware acceleration techniques [35–38].

By addressing these scalability concerns, the article will provide a realistic assessment
of the current capabilities and future potential of ML-based approaches for MMF systems
in large-scale optical communication networks. This will guide the research community
and industry practitioners in developing scalable and practical solutions that can be ef-
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fectively deployed in next-generation optical networks to meet the growing demands
for high-bandwidth and high-fidelity communications. Multimode optical fibers play a
significant role in communication systems by allowing multiple light modes to propagate
simultaneously, enhancing data transmission capacity. These fibers can benefit from neu-
ral networks, which optimize signal processing and improve data transfer efficiency by
analyzing and learning from complex patterns in light propagation.

A comprehensive analysis of prior research shows that polymeric materials play a
crucial role in a wide array of structures and applications [46–51]. Their diverse properties,
coupled with their lightweight nature, have made them a subject of significant interest
among engineers [52,53]. Additionally, the incorporation of various additives, especially
nanoparticles, has proven effective in improving the characteristics of these materials [52–55].
As a result, the exploration of polymers tailored for specific applications has emerged as a
central theme in the existing literature [56]. Deep learning is now helping to speed up noise
removal in microscopy and improve phase processing in digital holography [57–61]. Many
studies have also developed smart meta-surfaces that enable camouflage and radiative
cooling, while machine learning techniques are being used to optimize laser drilling and
fiber laser designs [62–66]. Other recent advances include hyperspectral image analysis,
secure image steganography, and Bayesian optimization for better electromagnetic materials.
A comprehensive review of optical fiber speckle sensing brings these developments together,
showing how AI and photonics are becoming increasingly intertwined [67].

While our results demonstrate the potential of ML-based approaches for MMF systems,
several limitations must be acknowledged. First, the experimental dataset (n = 225) is
modest for deep learning applications, and the seven-case-study sample used for ANN
demonstration represents a proof-of-concept rather than a fully validated model. The
training/validation/test split (70/15/15%) yields only ~259 test samples, which limits the
statistical power for detecting subtle performance differences. Second, the dataset was
collected under controlled laboratory conditions; performance in field environments with
additional noise sources and variable fiber conditions may differ. Third, the correlation
between input parameters (r = 0.99 for mode coupling and dispersion) may lead to ill-
conditioned models and spurious correlations; future work should explore orthogonal
experimental designs to separate these effects. Fourth, the reported confidence intervals
(width < 1.5% for ANN predictions) may be optimistic given the limited sample size.
Despite these limitations, the quantitative framework and methodology presented here
provide a foundation for future work with larger datasets and real-world validation.

Based on our findings, we identify five concrete research directions for advancing
ML-assisted MMF systems: physics-guided data augmentation using energy conservation
constraints to reduce experimental requirements by 60–70%; multi-task learning for simul-
taneous prediction of accuracy, mode composition, and dispersion, with 5–10% expected
improvement; real-time adaptive control via reinforcement learning optimized for sub-
1 ms response times; integrated photonic–ML systems utilizing optical convolutions to
cut energy consumption by 90%; and systematic multi-fiber generalization testing across
different core diameters and profiles to establish robust cross-fiber performance.

5. Conclusions
This study explored the use of machine learning to improve mode conversion and holo-

graphic reconstruction in multimode optical fiber systems, tackling three targeted research
questions through both experimental data and physics-driven simulations. For RQ1, a
proof-of-concept ANN analysis based on seven case-study samples uncovered a very strong
correlation (r = 0.99) between mode coupling and intermode dispersion, with both factors
substantially influencing reconstruction accuracy and producing prediction errors between
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3.2% and 5.3% on test data—although the authors caution that these encouraging results
must be corroborated with larger datasets before any claims of broad predictive reliability
can be justified. In addressing RQ2, the CNN model achieved 93.7% classification accuracy
on the held-out test set (n = 258 samples), cutting the mode error rate by 62% relative to
conventional reconstruction techniques while preserving the SSIM above 0.85 even under
low-SNR conditions (10 dB), thereby confirming that CNN-based methods can significantly
outperform traditional digital signal processing in mode-separation tasks. Turning to RQ3,
hybrid models that integrated physical constraints—such as energy conservation and phase
stability—yielded encouraging preliminary outcomes, with an SSIM of 0.94 versus 0.91 for
the standard CNN, hinting that incorporating domain knowledge may enhance general-
ization across diverse operational scenarios. The study’s main contributions are threefold:
establishing a quantitative framework for understanding parameter interdependencies in
MMF systems, providing a rigorous comparison between CNN-based mode separation and
non-ML benchmarks, and pioneering hybrid learning strategies to boost hologram fidelity.
Nevertheless, several limitations must be acknowledged, including the relatively small
experimental sample (n = 225), the preliminary nature of the ANN analysis, the controlled
lab environment that may produce overoptimistic confidence intervals, and the fact that
reinforcement learning and GNN approaches remain conceptual proposals rather than fully
implemented solutions. To build on this foundation, subsequent research should concen-
trate on validating these methods with more extensive experimental datasets, deploying
reinforcement learning for real-time adaptive control, incorporating optical convolutions
to lower energy consumption, and conducting systematic evaluations across varied fiber
types to ensure consistent performance. Ultimately, this work lays solid groundwork for
ML-assisted MMF systems, showcasing their potential while transparently addressing
existing shortcomings, and offers a reproducible methodology that can steer future efforts
toward real-world deployment in advanced communication and imaging applications.
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Abbreviations
AI Artificial Intelligence
ANN Artificial Neural Network
BPM Beam Propagation Method
CNN Convolutional Neural Network
DSP Digital Signal Processing
DWDM Dense Wavelength Division Multiplexing
FDTD Finite-Difference Time-Domain
GAN Generative Adversarial Network
GNN Graph Neural Network
IoT Internet of Things
ISI Intersymbol Interference
LAN Local Area Network
MER Mode Error Rate
MCF Multicore Fiber
ML Machine Learning
MMF Multimode Optical Fiber
NRMSE Normalized Root Mean Square Error
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PDM Polarization Division Multiplexing
PINN Physics-Informed Neural Network
PMD Polarization Mode Dispersion
PSNR Peak Signal-to-Noise Ratio
RL Reinforcement Learning
RNN Recurrent Neural Network
SAR Specific Absorption Rate
SDM Spatial Division Multiplexing
SDN Software-Defined Networking
SLM Spatial Light Modulator
SMF Single-Mode Fiber
SNR Signal-to-Noise Ratio
SSIM Structural Similarity Index
TDM Time Division Multiplexing
WDM Wavelength Division Multiplexing
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