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Abstract: This work reports the design of a 1x2 photonic digital switch controlled by
an electrically induced metasurface, configurated by a rectangular array of points where
the refractive index is locally changed through the application of an external bias. The
device is simulated using the Beam Propagation Method (BPM) and Finite Difference Time
Domain (FDTD) algorithms and the structure under evaluation is an amorphous silicon
1x2 multimode interference (MMI), joined to an arrayed Metal Oxide Semiconductor (MOS)
structure Al/SiNx/a-Si:H/ITO to be used in active-matrix pixel fashion to control the
output of the switch. MMI couplers, based on self-imaging multimode waveguides, are
very compact integrated optical components that can perform many different splitting and
recombining functions. The input–output model has been defined using a machine learning
approach; a high number of images have been generated through simulations, based on the
beam propagation algorithm, obtaining a large dataset for an MMI structure under different
activation maps of the MOS pixels. This dataset has been used for training and testing
of a machine learning algorithm for the classification of the MMI configuration in terms
of binary digital output for a 1x2 switch. Also, a statistical analysis has been produced,
targeting the definition of the most incident-activated pixel for each switch operation. An
optimal configuration is proposed and applied to demonstrate the operation of a digital
cascaded switch. This proof of concept paves the way to a more complex device class,
supporting the recent advances in programmable photonic integrated circuits.

Keywords: MMI; amorphous silicon; metasurfaces; machine learning; programmable
photonic integrated circuits

1. Introduction
Integrated photonics represents an unmatched opportunity for implementing a large

variety of programmable functions [1,2], and a large-scale implementation of fabrication
facilities for Photonics Integrated Circuits (PICs) may be expected in the near future,
targeting an economy of scale comparable to the one attained by in microelectronics. There
is great expectation for this roadmap [3] aiming for application-specific integrated circuit
(ASICs) standardization of the overall process, from design simulation to the fabrication-
packaging steps [4]. There has been great interest in the application of photonic switching
structures [5], aiming for the development of programmable devices for optical data
processing [6]. An interesting approach recently reported used nanostructured material
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geometry to create an arbitrary distribution of the refractive index values, permitting
power splitting with arbitrary input and output directions [7]. The combination of a
Deep Artificial Neural Network with the optimized design of a local perturbation for the
refractive index in nanophotonic structures has opened a path toward the fabrication of
universal optical components [8]. Considering that while the overmentioned examples
are based on a lithographic design to produce a device associated with a specific function,
there is also a large investment in the scientific community in developing proper layouts for
programmable integrated circuits, compatible with standard CMOS fabrication technology
and capable of addressing a wide range of applications by providing a higher-level platform
for prototyping novel optical functionalities without the need for custom chip fabrication [9].
PICs manipulation of light flow is based on a tunable control operated on switching devices,
over an array of switches connected by waveguides. Programming functionality allows
the implementation of a wide set of logical functions, leading to the conception of a
general-purpose photonic processor to leverage the unique properties of photonics in terms
of ultra-high bandwidth, high-speed operation, and low power consumption [10]. The
switching operation in the devices proposed and described in the literature is typically
based on phase shifting control, operated on a set of light couplers conveniently distributed
and mutually interconnected. The phase-shifting function is generally operated by the
thermo-optical effect [11]. For reducing the power requirements of these systems, novel
approaches using liquid crystals [12] and/or MEMS [13] structures have been proposed as
an alternative to heaters, in line with the general recommendations for the next generation
of energy-efficient smart edge devices.

More recently, externally induced material phase changes have also been demon-
strated, allowing reconfigurable bistable functions [14], giving rise, among other applica-
tions, to the proposal of efficient structure for non-volatile memory storage with reconfig-
urable memory addressing to be used in photonic computing architectures [15].

While MxN digital optical switches have been studied since the gold times [16,17],
a large effort is presently being applied to produce advancements in photonic-electronic
integrated circuits for computing and AI tasks. Targeting the full implementation of the
photonic tensor core, one main research direction is the search for novel device concepts
and photonic material integration [18]. A programmable photonic structure based on
the MMI features, named Function Programmable Waveguide Engine (FPWE), has been
recently presented and demonstrated to be applicable in developing cascaded switches
and logical gates, built upon a combination of electrical inputs and optical outputs [19].
The 1xN switch functionality has gained increasing consideration for possible applications
in optical communication networks, supporting large port count optical devices for big
data and artificial intelligence, and boosting the use of materials requiring a simplified
fabrication process [20]. Due to the complexity of the layout of these kinds of structures,
a deep learning approach has been chosen as an effective tool to optimize the device
geometry and its correlation with the desired functionalities [21]. Whenever functional
meta-components need to be configured, improving the optical performances is supported
by machine learning algorithms for optimization and inverse design [22].

Independently of the underlying physical effect, the switching mechanism depends on
the fine-tuning of the refractive index of suitable materials incorporated in the device. Thus,
the integration of subwavelength-structured metasurfaces and metamaterials on the stan-
dard optical waveguides can be suited to the proper design of a variety of meta-waveguides
with unprecedented control capabilities [23]. Within this context, the application of ma-
chine learning techniques grants the project of metamaterial-based devices [24] that can be
fabricated in the traditional semiconductor process. The neural network method for the
optimization of metamaterial-based devices permits us to overcome the intrinsic limita-
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tions of conventional design, allowing an inverse design approach for metamaterial-based
devices [25]. From this point of view, a deep learning model can be used to determine the
output spectrum of a specific photonic device, using the nanostructured geometry of the
material as an input. The supervised model needs to be trained with a large dataset of
input/output points obtained from simulation, but once trained, it can be used to accu-
rately approximate the output spectrum of a metamaterial much faster than using direct
simulations [26]. The inverse problem can also be solved using a deep learning model
by using the outputs as inputs and training the network to find the configuration for a
particular output.

One of the most important limits for a large-scale commercialization of Photonic
Integrated Circuits is the manufacturing tolerances that strongly degrade the PICs fabrica-
tion [27]. While nanoimprint lithography is generally accepted as a technology with great
potential to approach these problems [28–30] an alternative approach, based on a waveg-
uide with a multi-micron dimension, allowing a better polarization and process tolerance
management, has been recently proposed [31]. In agreement with these considerations, the
increased fabrication tolerance induced by a multi-micron dimension paves the way for a
new efficient use of hydrogenated amorphous silicon (a-Si:H) deposited by the Pressure
Enhanced Chemical Vapor Deposition (PECVD) method [32]. State-of-the-art good quality
a-Si:H can be deposited by PECVD as this technique has reached a stable maturity and
quality, due to the large investment directed to mass production of a-Si:H solar cells [33]
and thin film transistor for active-matrix flat panel displays [34]. The electro-optical effects
in silicon were well described and theoretically supported by Soref in 1987 [35], where the
charge carrier effect is reported to produce a modification of the semiconductor refractive
index up to an order of 1–10%.

Based on the same, adapted, Soref model, electrooptic modulators based on a-Si:H
material have been dimensioned and fabricated [36,37]. Indium thin Oxide (ITO) has
been observed to exhibit a huge enhancement of the non-linear optical response [38] and
proposed as a good candidate for nonlinear photonics metasurfaces [39]. Such peculiar
characteristics have been exploited for ITO-Silicon integrated structures in very attractive
structures for photonics neural network applications [40] and reconfigurable devices where
the ITO/Si structure acts as a localized MOS capacitor island [41].

Taking into consideration all the application opportunities and the technology require-
ments presented above, following a methodology previously introduced by the authors [42],
this work presents a feasibility study about an alternative switching structure. The study is
based on numerical simulations performed using the RSOFT Photonics Packages FDTD
and BPM algorithms via a University Donation Program [43]. The proposed solution joins
the multi-micron approach to the switching functionality and the specific electro-optic
properties of amorphous silicon. The typical light splitter/coupler multimode interference
structure (MMI) configuration is interfaced with a reconfigurable pixeled metasurface,
producing a building block suitable to be used as a photonic digital 1x2 switch. The con-
figuration proposed, where each MOS “pixel” produces a local alteration of the refractive
index, is only possible with the use of amorphous silicon. In fact, due to its intrinsic low
conductivity, a-Si:H lateral transport effects are naturally confined to the region of the
charge source [44,45], as has been extensively reported in previous works targeting imaging
devices [46]. Therefore, limiting the crosstalk between neighbor MOS pixels, amorphous
silicon appears to be a natural choice for the idea hereby proposed, based on joining the
concept of metamaterial-based devices with PECVD materials and Active-Matrix control.
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2. The Optical Phase Shifter
The main building block for a programmable PIC is a 2x2 switch, and the standard ap-

proach for implementing a programmable functionality is based on the thermo-optic effect,
by employing an electrically controlled heater on the waveguide surface and inducing a
slight change on the semiconductor refractive index.

The working principle of the thermo-optics effect is to alter the refractive index of the
waveguide and cladding material by means of injecting a current into a resistive heater
along them. At a specific wavelength λ, the resulting variation of the refractive index
(∆n) induced by a change in the temperature (∆T) is controlled through the effective
thermo-optic coefficient of the semiconductor (∂ne f f /∂T).

∆n =

(
∂ne f f

∂T

)
∆T

where, according to joule heating, the temperature increase is directly proportional to the
power consumed by the microheater, denoted as ∆T ∝ P.

The refractive index modulation speed can be evaluated by a time constant τ, denoting
the switching time, measured in microseconds (µs), determined as: [47]

τ =
H

GA

where G is the thermal conductance between the heated waveguide and the heater, H is
the heat capacity of the heated arm including the area A traversed by the heat flux (Gap).
The typical configuration for a refractive index controller based on the thermo-optic effect,
is reported inn Figure 1.
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Figure 1. A typical configuration for a refractive index controller based on the thermo-optic effect.

The thermo-optic coefficients of a-Si:H have been measured in operation temperature
range 300–500 K, at the communication wavelength of 1550 nm [48]. The experimental data
have been fitted using a single-oscillator model:

∂n
∂T

= 7.36 × 10−5+1.43 × 10−6 × T + 1.43 × 10−6 × T2

which results in a variation stronger than the one observed in crystalline silicon. The thermo-
optic coefficient of a-Si:H at room temperature is estimated to be 2.3 × 10−4 K−1 [49], about
20% higher than that of c-Si [50].

Figures 2 and 3 report the simulated results about the index change over a temperature
variation of 100 K. The extent of the index variation is present but limited to small values,
which leads to a standard geometry for an interferometric switch with dimensions in the
order of magnitude of tenths of millimeters (see Figure 4). While the PECVD deposition
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technique is prone to handle the fabrication of large area devices, the uniformity of the
lithographic process can be a challenge requirement to be fulfilled. A largely exploited alter-
native is based on the electro-optic effect induced by free carrier accumulation, extensively
described in silicon [51] as having a refractive index change up to 10−2 for the wavelength
of 1550 nm and even higher in a-Si:H the because of the presence of the trapped carriers at
localized states [52]. Yet, the dimension of the phase shifter, necessary for an On-Off func-
tion, remains higher, limiting the fabrication of Programmable Pics with a large number of
switches. So, other alternatives approaches have been proposed to address the problem of
scaling PICs dimension, like phase change materials, liquid crystal based, MEMS, Piezo or
Pockels [53]. In the following of this manuscript, we propose the Meta-MMI as alternative
switching structure with reduced dimension.
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structure (a) and the spatial distribution of the index change (b).
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3. The metaMMI Model
An analytical description of self-imaging in uniform index slab waveguide multi-

mode optical waveguides of homogeneous refractive index was first presented by Ulrich
in 1975 and successively elegantly described by Soldano [54] as a property of multimode
waveguides by which an input field profile is reproduced in single or multiple images at
periodic intervals along the propagation direction of the waveguide. According to this
theory, multiple images of the input filed can be found at periodic distance Lp which,
in turn, depends on the width of the planar waveguide, the light wavelength, and the
effective index of the input mode. The MMI structure takes advantage of these properties
allowing flexible splitting functionalities. When compared with other structures, like,
for example, the directional couplers, the MMI presents higher tolerance to dimension
changes in the fabrication process by not requiring submicron lithography gaps, has a
large optical bandwidth, and has a low polarization dependence. Following this path, it
becomes possible to design MMI layouts with an arbitrary number of multiple input and
output ports. Violating the symmetry of the components, for example, the position of the
input channel, as reported in Figure 5 the constructed self-images reflect the asymmetry,
and it is possible to route the output on a specific channel. Anyway, in this case, some of
the attractive characteristics of the MMI splitters, like the invariance of the losses to an
increasing number of input/output are reduced. The asymmetry proposed in this work is
produced by a reconfigurable array of local controllers for the refractive index. To address
this point, a study was performed on the number of output channels and the dimension of
the main MMI body. Regarding the first point, we have found that

MMI couplers, based on self-imaging multimode waveguides, are highly compact
integrated optical components that can perform multiple different splitting and recom-
bining functions. The underlying self-imaging principle, in multimode waveguides, is
described using a guided mode propagation analysis and an optimal configuration can
be analytically calculated [55]. Anyway, when the device geometry becomes irregular, an
analytical approach is no longer possible, and the solution can be obtained only by the
application of numerical simulation techniques [56].
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Figure 5. MMI output asymmetry induced by the position of the input waveguide in a 1x3 splitter.

As a first step, we have simulated and optimized the MMI behavior. It can be observed
in Figure 6c that if all the MMI dimensions are optimized, the field entering through the
input port is equally divided into two output channels. This configuration (Figure 6a),
typical in splitter devices, is very sensitive to the parameter defining the device geometry,
the material used, and the light wavelength.
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Figure 6. Simulation layout of basic MMI structure (a), the MMI interfaced to a metasurface (b) and
the correspondent calculated EM field inside the MMIs. In the basic structure (c) the input light is
equally split in the two output waveguides, while in the MMI controlled by the metasurface, the
output balance is changed (d).

The second step is the introduction, in the simulation layout, of an array of small square
regions where the material optical properties (i.e., the refractive index) are locally modified
Figure 6b. Consequently, light propagation inside the MMI is also modified, and the light
intensity at the output channels changes conveniently (Figure 6d). This configuration can
be considered as an externally induced metasurface in the MMI main body.

Such metasurface effect could be created and controlled by a MOS structure deposited
on top of the semiconductor surface, where the charge accumulation induced at the surface
by an externally applied voltage, together with the thin dimension in the vertical dimension
of the photonic layer produces a small change in the semiconductor refractive index that
can be approximated by a uniform vertical distribution. Figure 7 reports a sketch of the
proposed MOS-controlled metasurface, as we have introduced it in our simulations.
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Figure 7. MOS controlled metasurface. The white region represents the charge accumulation when
an external bias is applied to the metal contacts.

Indeed, the perturbation induced on the refractive index depends on the concentration
of the accumulated charge, which in turn depends on the MOS structure and on the applied
voltage. Finally, once one knows the induced charge accumulation, the new refractive
index can be calculated by the Soref model. This model relies on the Drude theory and it
describes the variation of the refractive index (Dn) with the charge accumulation (Ne and
Nh) be summarized by the following expression:

∆n = − e2λ2

8π2c2ε0n

(
Ne

m∗
e
+

Nh
m∗

h

)
where ε0 is the vacuum permittivity e is the elementary charge, n the unperturbed refractive
index of the material, m* denotes the carrier effective mass, and the subscripts e and h label
quantities associated with electrons and holes, respectively.

Figure 8 depicts the variation of the refractive index, calculated by the Soref model,
induced in amorphous silicon by a charge accumulation of 1019 cm−3 for a wavelength
interval in the visible and near IR range. It may be observed that in the near-infrared region,
the induced variation is about 1%. This model does not take into account the saturation of
free-carrier-induced index change, so, for a detailed calculation, it should be given special
attention to this point. Furthermore, the presence of trapped charge in defect states of
amorphous silicon is expected to boost the charge accumulation process and consequently
the electro-optic effect.
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Figure 8. Ratio of the refractive index variation over the corresponding value as a function of the
wavelength. The values are calculated by the Soref model.
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The fine-tuning of the electrically controlled refractive index was not studied in
detail in this work, and our conclusion about its feasibility relies on the well-established
technology for Thin Film Transistors (TFTs) supporting Active Matrix Displays [57].

The thermo-optics-based phase shifters offer efficient and stable modulation, but
the free-carrier-dispersion-based modulation is preferred in applications requiring high-
speed phase modulation, such as telecommunications [58]. Charge accumulation is usually
performed using a p-n junction or a metal-insulator-semiconductor (MIS) structure. The
capacitance per unit area in a MIS structure is the main parameter influencing the respon-
sivity, but when the dimension is reduced to the nanoscale, it may be observed a significant
enhancement of the inversion effect and a decrease in the response time. Consequently,
nanoscale MOS capacitors are revealed to be a promising device for active electro-optical
modulation [59]. The metaMMI structure hereby proposed attempts to profit this MOS
characteristic, by keeping the area of the single pixels as small as possible, aiming to gen-
erate a small total capacitance for the control matrix and consequently targeting a fast
time response. At the present stage, our approach targets mainly the demonstration of
the metasurface effects, to control the output of a reconfigurable switch, so the physical
considerations about the material properties, even if of major importance in a fabrication
step, will be further addressed in a second time, together with the specific requirements
from the selected facilities for the device fabrication. The semiconductor used in our sim-
ulation is amorphous silicon, with a refractive index naSi = 3.42149, deposited on an ITO
substrate [60]. Covered by a SiO2 layer with nSiO2= 1.4551. By a straightforward calculation,
as reported in literature [61], over a MOS structure ITO/SiO2/a-Si:H the bias application is
expected to produce a charge accumulation in the range 1019–1020 cm−3, being possible
to control this value through the modulation of the oxide layer thickness. Such charge
accumulation corresponds to an index variation spanning in the range 0.01–0.22 [52]. As
an example, Figure 9 reports the TE00 mode within an a-Si:H waveguide with no charge
accumulation compared with the case of a charge accumulation of 1020 cm−3; it is possible
to observe that the effective modal index reduction is of the order of 10−2.
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In our simulation, we have assumed the MOS activation to induce a variation in the
refractive index of 0.01%. This value is in the range of what is reported in the literature
for crystalline silicon [62] and below the values that could be expected in the amorphous
counterpart by exploiting the localized charge trapping due to the unavoidable presence
of midgap density of states. Additionally, the choice of amorphous silicon allows taking
profit from the high resistivity of the material, reducing lateral charge diffusion [63] and its
related cross-talking effects. In Figure 4 it was possible to see the device simulation layout,
and the results obtained by the simulation, as well as the impact of a random distribution
of activated MOS on the output channels.
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Once the objective of the study is defined, it is necessary to design a 1x2 MMI layout
suitable to host on its surface a matrix array of contacts with dimension and density capable
of imposing control on the light intensity of the output channels. The same standard
1x2 3 dB splitter function can be obtained by varying conveniently the length (LMMI) and
the width (WMMI) of the MMI box. Following a preliminary study, our choice has been
guided by the following requirements, where the dimension of the structure is maintained
within the limits of a standard lithography process:

• The size of each metal contact should be larger than 0.5 mm2.
• The separation between adjacent metal contacts should be at least 0.5 mm.
• The number of metal contacts should be maintained as small as possible
• The MMI should perform an optimized 3dB splitting function when no bias is applied

to the metal contacts.
• By varying the activated MOS contacts, each of the output channels should allow an

independent and continued variation of the light intensity.

Considering these requirements, we have chosen an MMI with dimensions LMMI =
30.55 mm and LMMI = 5.2 mm. This small footprint allows complete control of the output
channels with a 3x20 MOS array where each metal contact is a square with a 0.8 mm
side. On the active control of the MOS array, we have imposed a rule for maintaining an
average of 70% of the contacts in the ON state, while the other 30% is kept in the OFF state.
This choice allows for the possibility of having one of the output channels with full light
intensity while the other one receives no light. This configuration, interesting from the
digital application point of view, cannot be completely attained with a lower number of
contacts in the ON state. Figure 10 reports a simple statistical analysis of power distribution
on each of the two channels, obtained on a set with 1000 samples, randomly generated, yet
respecting the optimal condition described above. The channels are symmetric and each
one spans between 0 and 50% of the input power. The layout of the metasurface has been
tailored to be able to produce output configurations for all the classes in analysis. So, the
number of array elements, their size, and position have been chosen in order to allocate
10% of the total number of simulated results in the most asymmetric classes (1, 0) and (0, 1).
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4. Database Creation and Analysis
As previously put in evidence, the input–output relationship cannot be defined either

as a full input–output map, or as an analytic function; the first one due to the fact that
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the input size is 23x20, the second for the complexity of the structure and the phenomena
involved. The choices adopted here consist of the use of a subset of possible input com-
binations, with the corresponding output obtained by simulations previously described,
and the identification of common characteristics when the same output is produced. The
first attempt makes use of a machine-learning-based approach for the model definition:
the common characteristics detection is demanded to a suitable neural network training,
whose effectiveness is measured by a confusion matrix, discussed in the next Section. To
this aim, using the the model and the layout described in Section 2, it has been produced a
database with 105 simulations, obtained using the BeamProp method.

The BPM method exploits finite difference methods to solve the parabolic, or parax-
ial, approximation of the Helmholtz equation [64], implementing transparent boundary
conditions. Despite some mitigation techniques implemented in the RSOFT package, the
main physical limitation of the parabolic approximation of the Helmholtz equation is
the difficulty of simulating sharply curved waveguides [65]. A second limitation of the
described approach arises from the assumption of scalar waves, which do not allow the
effects of polarization to be considered. One additional limitation of the BPM algorithm is
that it cannot account for backward reflections, limiting the analysis to the one-way wave
equation. While the first two limitations have no impact on our work, the back reflection
can be an issue in MMI functionalities. Anyway, RSOFT BeamPROP has a bidirectional
BPM algorithm [66], which considers coupled forward and backward traveling waves,
and can account for reflection phenomenon, including resonant effects. Despite these
limitations, we have adopted the BPM method for database creation due to its attractive
execution time and computer memory management. All the results have been confirmed
by FullWAVE FDTD simulation at the end of the analysis, dispelling doubts regarding the
back-reflection effects.

Each simulation run has a different configuration of the ON-OFF distribution state
of the electric contacts. The result of each simulation run has been classified on the basis
of the power reading on the output channels. For the output definition, two different
approaches have been attempted, where the power intensity has been discretized on 3 or
5 levels, yielding to the output sizes 23 or 25 respectively. In the 3-level configuration, the
thresholds, defined on the power fraction, separating the different classes are 0.05 and 0.35
for the lower and the higher level, respectively. So, we have level 0 representing the dark
state (power between 0 and 0.05), level 1 represents the light state (power higher than 0.35),
and an intermediate level 2 (power between 0.05 and 0.35). From a digital point of view, we
may consider levels 0 and 1 as the significative ones, while level 2 is an intermediate value
with no information content. In the 5-level configuration, the higher and lower thresholds
are maintained, while the intermediate level is subdivided into three parts. This approach
permits a better understanding of the impact that the array ON/OFF configuration has on
the final output. We observed that by operating a random generation of the metasurface
layout, the number of elements assigned to the intermediate class is much higher than the
others. Therefore, while the two meaningful power threshold levels (below 0.05 and over
0.35) remain the same in the two approaches, the further intermediate stratification in five
levels produces a more balanced distribution of the configuration. Additionally, it supports
a more detailed analysis of the errors that can be produced in the classification process of
the meaningful 0 and 1 levels, allowing a rough quantification of the distance between the
predicted and the true class. It may be thought of as a secondary classification over the
intermediate (and unwanted) classifications. Regardless, no differences in the accuracy and
reliability of the results are introduced; the overall result is not affected by this additional
classification scheme and for the sake of readability, only the results obtained with the
3-level scheme are reported.
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A Python 2.7 script produced a set of about 2 × 105 RSOFT simulation runs, based
on a random generation of the MOS distribution. The results have been saved in three
different formats: straight numerical, B&W graphical representation of the matrix, and
internally generated EM field. Figure 11 reports an example of the three output formats.
The classification of the switch function has been operated on the same scheme previously
described at the beginning of this section. Figure 12 reports a few samples of the classi-
fication result obtained using the images of EM fields. We attribute the digital value 0
or 1 to the output of each channel, depending on the intensity of light. For the analysis
carried out, two consequent strategies have been adopted: a machine learning approach
from the images and a statistical one from the numerical descriptions. They are detailed in
the next section.
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5. Machine Learning
The ML approach for patterns classification according to their generated outputs

tries to define a relationship between the features that can be identified in the pictures
and the corresponding output they generate. It is a very useful technique when it is
assumed that there are also features that cannot be identified by human inspection. In
this case, the simulations output in the form of image of internally generated EM field
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(rightest image in Figure 11) has been used for training of a machine learning network,
developed on the Deep Learning Matlab 2023 Toolbox. It is mainly constituted of a sequence
of segmentation and convolutions, followed by Normalization and a Rectifying Linear
Unit operation to get only positive quantities (for example, ReLU(x) = max(0,x)). Going
deeper in the network, the images transformations produce patterns and features that
human interpretation cannot explain but are somehow connected to the original images
through deterministic operations. For example, one can have patterns like the ones in
Figure 13 (a and b, higher level, still geometric features, c. and d., deeper level, lost human
visual correspondence and interpretation). It is possible to appreciate in this sequence the
progressive blurring effect of the images as a visual characteristic of the ML analysis.
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Figure 13. Examples of output at different levels of the ML network. (a,b), higher level, still geometric
features, (c,d) deeper level, lost human visual correspondence and interpretation.

The casual generation of patterns for the input–output determination produced a
nonhomogeneous number of samples among the different classes of output, but sufficiently
large anyway. The available input set of X analyzed cases has been divided into three
subsets: the training, the validation, and the test ones, taking 60%, 20%, and 20% of the
data, respectively, a commonly adopted choice.

Figure 10 synthetizes the effectiveness of the system identification of the output
produced for any given image to be analyzed. It is reported in the form of a confusion
matrix for a classification of a 1x2 digital switch output channels, obtained by the previously
trained network. It reports, for all the images belonging to each class and given in the
vertical axis, which class the trained network associates with, horizontal axis.

Power in the channel is subdivided in three levels (0, 1, and 2). Precision of the
classification is 90%. Accuracy is 97%. 0 should be intended as “light off”, 1 as “light
on”, while 2 represents an intermediate value. The four combinations of interest are (0, 0);
(1, 0); (1, 0); (1, 1). The values “0” and “1” can be thought as the logical high and logical
low in a binary logic family. The presence intermediate value “2”, which is the most
commonly obtained, determine the non-usability of the configuration. Normally this result
is obtained when we have some light intensity in the output, but not clearly enough do
define a logical level.

A graphical representation of the network architecture is reported in Figure 14. It is
organized over four groups of convolution layers with increasing filters number (from 4
to 64). The confusion matrix obtained after the ML training is reported in Figure 15. The
result confirms that the approach can successfully produce an optical reconfigurable digital
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1x2 output by controlling the distribution of the refractive index inside a MMI structure,
imposed by a MOS active matrix behaving as a reconfigurable metasurface.
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On the other hand, using images like the second kind in Figure 11, B&W pictures
representing the binary matrix of activation, the identification of common features char-
acteristics from a geometric figure is not as effective as the use of the simulated internal
EM field (third picture in Figure 11); in fact, the confusion matrix obtained in this case after
a training phase, depicted in Figure 16, clearly show that it is not so easy to distinguish
between consecutive classes; the obtained result has an accuracy of 78% and precision
of 56%.

This observation confirms that while it is harder to apply a machine learning approach
on more complex images, once well trained, the corresponding neural network gains the
power to better distinguish the different classes.
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Figure 15. Confusion matrix for classification of a 1x2 digital switch output channels, obtained by
training the system with the images of the field intensities.
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Figure 16. Confusion matrix for a classification of a 1x2 digital switch output channels, obtained by
training the system with the B&W images depicting the binary activation matrix.

However, the binary information yielded by the on/off activation matrix should be
sufficient to represent the input map, even without a direct and predictable corresponding
output. So, an approach different from an image-based one like in machine learning
systems is investigated in the next section.

6. Statistical Analysis
The matrix structure of the device, once seen as an array of activation points, suggests

a different approach for the identification and the detection of the characteristic patterns
generating each output.
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In fact, it is possible to assume that there exists at least one optimal activation pattern
for any desired output, and small changes in the optimal pattern (differences in a few
activation points, ON instead of OFF and vice versa) produce small changes in the output
signals. In this case, given a randomly generated activation array, the closer it is to the (one
of) optimal pattern, the more the output is like the exact one. Then, given two activation
arrays with comparable output, the differences between their patterns and the optimal one
should be small and, consequently, also the differences between their patterns should be
small too.

Be Pi the i-th array associated with a certain pattern configuration of activated points,
PO

OUTk
the one of (unknown) optimal pattern which best generates the output k, and be

e
(

Pi, Pj
)

the error between patterns, for example defined simply as the array

e
(

Pi, Pj
)
= Pi − Pj

so that each entry (i, j) ∈ {−1, 0, 1}, with 0 when the activation point is present in both the
patterns and ±1 when it is present in only one.

Then, given a set of p patterns which produces outputs comparable with the k-th
optimal one PO

OUTk
, a classical procedure of the least square error computation can be

adopted to find the best estimation Pest
OUTk

of the optimal one, defining the mean square error

εp =
1
p

p

∑
i=1

e
(

Pi, Pest
OUTk

)2

and computing Pest
OUTk

to minimize εp. One has

d εp

d Pest
OUTk

=
2
p

p

∑
i=1

e
(

Pi, Pest
OUTk

)
=

2
p

p

∑
i=1

(
Pi − Pest

OUTk

)
=

2
p

p

∑
i=1

Pi −
2
p

p

∑
i=1

Pest
OUTk

=
2
p

p

∑
i=1

Pi −
2p
p

Pest
OUTk

= 0

yielding to the classical expression of the average value

Pest
OUTk

=
1
p

p

∑
i=1

Pi

Clearly, according to those definitions, each entry (i, j) of Pest
OUTk

belongs to the contin-
uous interval [0, 1] while entries of the optimal pattern PO

OUTk
should be 0 or 1. A statistical

interpretation of such a result allows one to associate the values of the entries to the
probability of the presence of the corresponding activation point in the optimal pattern.

Being the input matrix defined over {0, 1}NxM, possible choices for reliable activation
patterns can be obtained assuming a confidential threshold 0 < tP < 1 for probability,
defining the NxM array Tp with all entries equal to tP and choosing

P∗
OUTk

= f loor(Pest
OUTk

+ Tp)

as best approximation of optimal pattern. An example is depicted in Figure 17, where
the probability array obtained as the average matrix over all the patterns corresponding
to acceptable outputs close to (1,0), Pest

OUT(1,0)
, is reported: Correspondingly, the appliable

configurations obtained choosing as possible confidence thresholds 0.5 and 0.6 are depicted
in Figure 18. All the P∗

OUTk
patterns obtained with such a procedure for all the possible

output have been simulated, obtaining very satisfactory results.



Photonics 2025, 12, 263 17 of 23Photonics 2025, 12, x FOR PEER REVIEW 18 of 25 
 

 

 

Figure 17. Matrix of probability �AB�(d,4)
�PQ  of activation points for the configuration with output (1, 

0). 

 

Figure 18. Matrix of activation points for output (1, 0) assuming a threshold ^� = 0.5 (left) and 

^� = 0.6 (right). 

Toward the Optimization of the Metasurfaces 

Based on the previously described analysis, a set of optimized configurations has 

been created for each of the logic classes. Figure 19 reports the results of the output inten-

sities obtained by FDTD simulation of the metaMMI for the different configurations. 

For each class, an example of the results obtained with four different thresholds is 

reported, together with the HIGH and LOW values used for the classification. The plots 

report the power value calculated on each output channel. A good agreement was ob-

tained between the results provided by the statistical method and the BPM simulations. 

The most important consideration is that the method succeeded in creating, separating 

and isolating the four meaningful configurations from the large number of chaotic layouts 

leading to intermediate values with no useful meaning. The configurations used for these 

simulations are not part of the database used for the analysis and are created ex novo. To 

confirm the effectiveness of the results, additional simulations on the same layouts pro-

duced by the FDTD algorithm have been executed. Figure 20 shows the internal field ob-

tained by using the optimized MOS arrays for each of the logical classes obtained by sim-

ulating the device by BPM and FDTD algorithms. No significant difference is observed 

between the results obtained by the different methods and the logic functions are clearly 

defined for all cases. The output at each channel is satisfactorily controlled by the MOS 

activation. Obviously, the light intensity in the output is reduced to half of the input, de-

fining some constraints on the Fan-Out limits. The device is compact, with a dimension 

within the order of few tenths of mm, and multiple combinations of metaMMIs can be 

arranged for more complex functionalities. In Figure 21, as an example, a cascaded digital 

switch is demonstrated to write two 4-bit binary numbers: nine and six (1001 and 0110, 

respectively). The different numbers are obtained through different configurations of the 

MOS array. As confirmation, in Figure 22 it is reported the 1001 configuration, simulated 

Figure 17. Matrix of probability Pest
OUT(1,0)

of activation points for the configuration with output (1, 0).

Photonics 2025, 12, x FOR PEER REVIEW 18 of 25 
 

 

 

Figure 17. Matrix of probability �AB�(d,4)
�PQ  of activation points for the configuration with output (1, 

0). 

 

Figure 18. Matrix of activation points for output (1, 0) assuming a threshold ^� = 0.5 (left) and 

^� = 0.6 (right). 

Toward the Optimization of the Metasurfaces 

Based on the previously described analysis, a set of optimized configurations has 

been created for each of the logic classes. Figure 19 reports the results of the output inten-

sities obtained by FDTD simulation of the metaMMI for the different configurations. 

For each class, an example of the results obtained with four different thresholds is 

reported, together with the HIGH and LOW values used for the classification. The plots 

report the power value calculated on each output channel. A good agreement was ob-

tained between the results provided by the statistical method and the BPM simulations. 

The most important consideration is that the method succeeded in creating, separating 

and isolating the four meaningful configurations from the large number of chaotic layouts 

leading to intermediate values with no useful meaning. The configurations used for these 

simulations are not part of the database used for the analysis and are created ex novo. To 

confirm the effectiveness of the results, additional simulations on the same layouts pro-

duced by the FDTD algorithm have been executed. Figure 20 shows the internal field ob-

tained by using the optimized MOS arrays for each of the logical classes obtained by sim-

ulating the device by BPM and FDTD algorithms. No significant difference is observed 

between the results obtained by the different methods and the logic functions are clearly 

defined for all cases. The output at each channel is satisfactorily controlled by the MOS 

activation. Obviously, the light intensity in the output is reduced to half of the input, de-

fining some constraints on the Fan-Out limits. The device is compact, with a dimension 

within the order of few tenths of mm, and multiple combinations of metaMMIs can be 

arranged for more complex functionalities. In Figure 21, as an example, a cascaded digital 

switch is demonstrated to write two 4-bit binary numbers: nine and six (1001 and 0110, 

respectively). The different numbers are obtained through different configurations of the 

MOS array. As confirmation, in Figure 22 it is reported the 1001 configuration, simulated 

Figure 18. Matrix of activation points for output (1, 0) assuming a threshold tP = 0.5 (left) and
tP = 0.6 (right).

Toward the Optimization of the Metasurfaces

Based on the previously described analysis, a set of optimized configurations has been
created for each of the logic classes. Figure 19 reports the results of the output intensities
obtained by FDTD simulation of the metaMMI for the different configurations.

For each class, an example of the results obtained with four different thresholds is
reported, together with the HIGH and LOW values used for the classification. The plots
report the power value calculated on each output channel. A good agreement was obtained
between the results provided by the statistical method and the BPM simulations. The most
important consideration is that the method succeeded in creating, separating and isolating
the four meaningful configurations from the large number of chaotic layouts leading to
intermediate values with no useful meaning. The configurations used for these simulations
are not part of the database used for the analysis and are created ex novo. To confirm
the effectiveness of the results, additional simulations on the same layouts produced by
the FDTD algorithm have been executed. Figure 20 shows the internal field obtained by
using the optimized MOS arrays for each of the logical classes obtained by simulating the
device by BPM and FDTD algorithms. No significant difference is observed between the
results obtained by the different methods and the logic functions are clearly defined for
all cases. The output at each channel is satisfactorily controlled by the MOS activation.
Obviously, the light intensity in the output is reduced to half of the input, defining some
constraints on the Fan-Out limits. The device is compact, with a dimension within the
order of few tenths of mm, and multiple combinations of metaMMIs can be arranged for
more complex functionalities. In Figure 21, as an example, a cascaded digital switch is
demonstrated to write two 4-bit binary numbers: nine and six (1001 and 0110, respectively).
The different numbers are obtained through different configurations of the MOS array. As
confirmation, in Figure 22 it is reported the 1001 configuration, simulated with the FDTD
algorithm. While all the simulation results have been obtained in continuous wave (CW)
conditions, the simulation has been also realized with a pulsed light input, demonstrating
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the correct dynamic operation of the MetaMMI. Two videos about these results are reported
as Supplementary Material in Videos S1 and S2.
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Figure 19. Figure of Merit for the simulation output obtained by using the optimized MOS arrays.
The orange and cyan horizontal line represents the LOW and HIGH logical threshold.
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Figure 20. Internal field obtained by using the optimized MOS arrays for each of the logical class.
Simulation obtained by BPM (a) and FDTD (b) algorithms. Different from the other plots, Class 1 0
simulated in FDTD, does not show the device boundaries, for a better visual insight.
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binary numbers: 9 and 6 (1001 and 0110, respectively). Simulation obtained with BPM method.
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Figure 22. Internal field of a metaMMI combination used as a cascaded digital switch writing number:
9 (1001) respectively. Simulation obtained with FDTD method. In (a) is reported the overall file
distribution. (b) report a zoom on the output port, with respected dimension proportionality.
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7. Conclusions
The recent advances in silicon photonic integrated circuits have highlighted the need

for a new class of reconfigurable building blocks. In this paper, we have proposed a novel
approach, based on a MOS-induced charge accumulation and respective local refractive
index modification. As a proof of concept, a 1x2 digital switch has been demonstrated
through the application of a machine learning approach for analyzing the MOS matrix
configuration. A similar approach can be used for configuring more complex devices,
with special attention to a 2x2 reconfigurable optical digital switch, with the potential of
being used as the basic building block for programmable photonic integrated circuits. As
proof of concept, cascaded switch, operated by a combination of three metaMMIs has been
demonstrated in continuous wave and pulsed light input conditions.

Once the method for controlling the reconfigurability of the device is demonstrated,
future developments can be elaborated, addressing more complex functionalities, like for
example a Nx1 reconfigurable logic gate or a 2x2 switch to be used in programmable PICs.
Upscaling the complexity of the photonic circuit by combining a set of metaMMI building
blocks will make it possible to design an arbitrary NxM weighted switch. Considering
the potential applications of this kind of device as an optical layer for machine learning
computation, further investigation is indeed attractive. As reported in the analysis of
Section 6, cascade configuration is not an issue. It should be taken into account that
by increasing the number of output lines, the signal power will proportionally decrease,
leading to a power management limitation that will need to be properly addressed.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/photonics12030263/s1, Video S1: Time-dependent simulation
of a pulsed light input traveling inside a metaMMI (1-1 output) and Video S2: Time-dependent
simulation of a pulsed light input traveling inside a metaMMI (0-1 output).

Author Contributions: Conceptualization, A.F. and P.D.G.; methodology, A.F. and P.D.G.; software,
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