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A B S T R A C T

This Thesis deals with a study of space-time modulation applied to digital
metasurfaces and reconfigurable intelligent surfaces (RISs), with a particular
focus on their synthesis and diagnostics. The investigations revolve around
two fundamental challenges: the efficient design of multi-frequency scatter-
ing responses, and the reliable detection of faulty elements in large-scale
RISs.

On the synthesis side, we explore semi-analytical and machine-learning-
based strategies that enable the independent control of harmonic equiva-
lent currents in both magnitude and phase. This enables the realization of
advanced multi-frequency functionalities, which have been experimentally
validated at microwave frequencies.

On the diagnostics side, we investigate space-time modulation approaches
that allow for accurate and efficient fault identification. Two different strate-
gies are analyzed: one based on orthogonal coding, where distinct code chan-
nels are assigned to each element, and another based on non-uniform mod-
ulation, where a one-to-one mapping is established between harmonic am-
plitudes and RIS elements. Both methods are validated through theoretical
analysis, simulations, and experiments, demonstrating robustness, scalabil-
ity, and practicality for real-world implementations.

Overall, the Thesis illustrates how space-time modulation and machine
learning can be leveraged to expand both the functional capabilities and the
operational reliability of RISs, paving the way toward their deployment in
future electromagnetic platforms for wireless communications, radar, and
imaging.

Keywords: digital metasurfaces, fault diagnostics, machine learning, multi-
frequency synthesis, reconfigurable intelligent surfaces, space-time-coding.
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Part I

R E S E A R C H F R A M E W O R K A N D O B J E C T I V E S

This part introduces the general context in which the present
research has been carried out, outlining the scientific back-
ground and motivation behind the study. It provides a structured
overview of the Thesis organization and defines the main re-
search objectives within the framework of electromagnetic wave
manipulation and metasurface technology.





1
I N T R O D U C T I O N

1.1 thesis organization

This Thesis presents the research conducted at the Fields & Waves Lab, De-
partment of Engineering, University of Sannio (Benevento, Italy), within the
framework of the PhD program in Information Technologies for Engineer-
ing. Some parts of this work were developed in collaboration with Prof. Tie
Jun Cui’s group (Southeast University, China).

The research activities focus on the multi-frequency synthesis and diag-
nostic methods for Space-Time-Coding Digital Metasurfaces (STC-DMs). This
chapter, along with Chapter 2, provides an overview of fundamental con-
cepts and background information, beginning with an introduction to meta-
materials and metasurfaces.

Chapter 3 introduces the fundamental concepts of metasurfaces, covering
their principles, modeling techniques, and a broad spectrum of applications.
This chapter sets the stage for the more specialized discussions that follow,
particularly those focused on digital metasurfaces.

Chapter 4 discusses to the multi-frequency synthesis procedures for STC-
DMs, including both analytical approaches and machine-learning-enabled
strategies.

Chapter 5 addresses diagnostic techniques for these metasurfaces. It ex-
amines methods based on uniform and non-uniform modulation schemes
to accurately characterize their Electromagnetic (EM) behavior and experi-
mentally validate the proposed approaches.

Finally, Chapter 6 presents some concluding remarks, summarizing the
key findings of this work and outlining potential directions for future re-
search.

1.2 background and generalities

Metamaterials [1] and metasurfaces [2] are synthetic structures specifically
designed to exhibit properties that are not typically present in natural ma-
terials. These structures are created by arranging dielectric or metallic inclu-
sions, periodically or aperiodically, within a host medium [3]. These inclu-
sions are characterized by small dimensions and spacing relative to the op-
erating wavelength so that, on a macroscopic level, the metamaterial can be
considered a homogeneous medium. In this way, the microscopic properties
of each meta-atom become invisible to EM radiation, and the material’s re-
sponse is characterized by the collective behavior of all the meta-atoms. The
ability to artificially engineer such meta-atoms has been widely exploited in
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recent years to control EM waves, allowing for the investigation of numerous
phenomena.

Compared to metamaterials, metasurfaces are easier to fabricate and in-
tegrate with other devices; therefore, they have attracted greater interest in
the research field [4–6]. In particular, the generalized Snell’s laws [4] have en-
couraged the study and development of metasurface applications. This type
of metasurface exhibits spatial phase gradient discontinuities at the inter-
face separating two media, allowing the manipulation of EM wavefronts in
the microwave and visible spectral regions. However, conventional metasur-
faces do not exploit the temporal dimension and are generally constrained
by Lorentz reciprocity.

Recently, space-time modulated metasurfaces have attracted significant
attention as a promising research field [7–10]. Time-varying metasurfaces
provide an additional degree of freedom, arising from the ability to mod-
ulate their constitutive parameters in the time domain. By combining this
aspect with spatial modulation, space-time metasurfaces are described by
constitutive parameters that vary in both space and time, such as electric
permittivity [11], conductivity [7], and characteristic impedance [8]. Space-
time modulated metasurfaces have been investigated to enable new appli-
cations, including optical isolators [12], overcoming Lorentz reciprocity [13],
and designing nonreciprocal antennas [7]. Notably, these characterizations
of space-time metasurfaces can be regarded as an form of analog modulation,
where the descriptive parameters vary continuously.

A new class of metasurfaces, featuring digital coding, was introduced by
Cui et al. in 2014 [14]. The concept behind these metasurfaces is based on
the implementation of a finite set of coding elements. Specifically, in a 1-bit
coded digital metasurface implemented on a substrate terminated with a
perfect electric conductor, the logical state “0” is assigned when the phase
of the reflection coefficient is 0, while “1” is assigned when it is π. Us-
ing these building blocks, digital metasurfaces enable the manipulation of
EM waves through an appropriate coding sequence, simplifying the design
and optimization process [15–17]. This digital coding of metasurfaces, un-
derstood as a form of digital modulation achieved through discrete coding
sequences, can be physically implemented and is well-suited for integration
with other components, such as diodes. By independently managing the ac-
tive components embedded in the digital coding elements through a Field-
Programmable Gate Array (FPGA), programmable digital metasurfaces can
be developed to dynamically regulate EM waves [14, 18, 19]. This concept
has been applied in various domains, including polarization control [20],
imaging techniques [21–24], and wireless communications [25–27].

In early studies, digital coding was defined only in the spatial domain,
allowing control over the spatial distribution of EM waves [14, 16–20, 24, 26].
By incorporating digital coding into the temporal domain, it becomes possi-
ble to control the spectral distribution of waves reflected by the metasurface
by dynamically adjusting the temporal coding sequences [25]. In 2018, the
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general theory of STC-DMs was proposed by Zhang et al. [28]. The phase of
the reflection coefficients describing STC-DMs is encoded in both space and
time, allowing EM waves to be controlled in both the spatial and spectral
domains. In other words, it is possible to manipulate the field distribution
at the harmonic frequencies of the operating frequency and the propagation
direction of the reflected waves. STC-DMs have been applied to control the
scattering pattern of the reflected field at harmonic frequencies [28], perform
scattering reduction [28], generate programmable nonreciprocal effects [29],
and in the context of wireless communications [30].
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2
M AT E R I A L S C L A S S I F I C AT I O N

Materials derive their properties from the arrangement of electrons in their
atomic structure. Most natural materials do not exhibit pronounced electrical
or magnetic behavior because the movement of electrons is random. How-
ever, in the presence of EM waves, the electrical and magnetic properties of
most materials are altered based on the direction of the electric and mag-
netic fields of the EM wave, reorganizing the orientation of the dipoles at
the atomic level.

An EM field incident on a material sample causes, at the microscopic level,
charge displacements that determine the response of individual atoms. The
material’s response to the EM field is given by the sum of the individual
atomic contributions. Accordingly, a distinction is drawn between a mate-
rial’s response at the microscopic level and at the macroscopic level. If the ma-
terial is homogeneous, the macroscopic response is obtained as the average
of the microscopic behaviors within the unit volume. Macroscopic consti-
tutive parameters are then defined to describe the material’s response. The
constitutive relations mathematically express the material’s response to an EM
field and are necessary to solve an EM problem [31].

Figure 1: Plane of the EM properties of materials, characterized by the electric
permittivity ε and the magnetic permeability µ.

The EM properties of materials are described, through Maxwell’s equa-
tions, by two fundamental quantities: the dielectric permittivity ε and the
magnetic permeability µ. Dielectric permittivity and magnetic permeability
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are parameters that provide a measure of how electric and magnetic fields
interact with matter, polarizing it. From a macroscopic perspective, it is pos-
sible to categorize all materials in nature based on the values of ε and µ, as
shown in Figure 1. Therefore, by referring to the plane of the EM properties
of materials, the following classes of materials can be defined [32]:

• Double Positive (DPS) materials. The first quadrant contains the most
common class of materials. These materials exhibit both positive per-
mittivity and positive permeability, encompassing most dielectric sub-
stances.

• Epsilon Negative (ENG) materials. The second quadrant hosts mate-
rials with negative permittivity and positive permeability. This class
includes metals, doped semiconductors, and ferroelectric materials,
which exhibit this property at certain frequency ranges, typically be-
low the plasma frequency.

• Double Negative (DNG) materials. The third quadrant, representing
materials with both negative permittivity and permeability, is of high
interest. Since no naturally occurring materials with these properties
have been discovered, they must be artificially engineered and real-
ized.

• Mu Negative (MNG) materials. The fourth quadrant includes materials
characterized by negative permeability and positive permittivity. While
less common, examples include certain ferrite-based materials that can
exhibit negative permeability, typically via magnetic resonances whose
effectiveness often fades beyond the microwave frequency range.

The EM behavior of these materials is rigorously described by Maxwell’s
equations. In particular, assuming a linear, temporally homogeneous, spa-
tially non-dispersive, and isotropic medium, Maxwell’s curl equations can
be written in the frequency domain as follows:

∇× E = −jωµH, (1a)

∇× H = jωεE, (1b)

obtained in the absence of currents J(r, t) and under the assumption that
the fields E(r, t) and H(r, t) are harmonic with respect to space r and time t,
that is

E(r, t) = Re
{

Eej(ωt−k·r)
}

,

H(r, t) = Re
{

Hej(ωt−k·r)
}

,
(2)

where k = kx x̂ + ky ŷ + kz ẑ is the wave vector and ω represents the angular
frequency. For a plane wave, the electric field E and the magnetic field H
satisfy the following relationships:

k × E = ωµH, (3a)

k × H = −ωεE. (3b)
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From these relations, it is deduced that, in a plane wave, k, E, and H form
a set of orthogonal vectors. Furthermore, considering the case of a plane
wave propagating in a medium described by constitutive relations of the
form D = εE and B = µH, the following dispersion relation is obtained:

k2 = ω2εµ, (4)

where k =
√

k2
x + k2

y + k2
z is the magnitude of k.

By solving Equation (4), two possible solutions are found: k = ±ω
√

εµ.
The correct choice of the square root determination must be made based
on physical considerations. For example, considering a DPS material, also
known as Right-Handed Medium (RHM), it can be stated that E, H, k form a
right-handed set; this occurs if Re(ε),Re(µ) > 0. This implies that, in a DPS
material, the correct determination is the one for which Re(k) > 0.

Another consideration for DPS materials concerns the Poynting vector,
which, in the frequency domain, is defined as:

S =
1
2

E × H∗, (5)

where ∗ indicates the complex conjugate. From this relation, it is easily noted
that in a DPS material, the Poynting vector is also orthogonal to the plane
formed by the vectors E and H, meaning it is parallel to the wave vector
k. If a DNG material, also known as Left-Handed Medium (LHM), is con-
sidered, from the relations in Equation (3), it is deduced that the vectors k,
E, and H form a left-handed set, while the vectors S, E, and H continue to
form a right-handed set. Therefore, in a DNG material, the Poynting vector
is antiparallel to the wave vector, meaning that the energy flux of the EM ra-
diation is antiparallel to the motion of the wavefronts, as shown in Figure 2.
To understand the consequences of this phenomenon, it is useful to express
the wave vector as follows:

k = nk0ŝ0, (6)

where k0 = ω
√

ε0µ0 is the wavenumber in vacuum, with ε0 and µ0 repre-
senting the permittivity and permeability of free space, respectively; n is
the refractive index of the medium, and ŝ0 is the unit vector parallel to the
Poynting vector.

Figure 2: Vector set {E, H, k} in a LHM and an RHM.
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By defining the wave vector in this way and keeping in mind the consid-
erations made earlier, it follows that in a DPS material, the refractive index
must be positive, whereas it is negative in a DNG material. Therefore, the
refractive index can be defined as follows:

n =


√

εrµr, in a DPS material,

−√
εrµr, in a DNG material,

(7)

where εr = ε/ε0 and µr = µ/µ0 represent the relative electric permittiv-
ity and relative magnetic permeability, respectively. From a mathematical
perspective, DPS and DNG materials correspond to the two possible deter-
minations of the square root of the refractive index.

Figure 3: Refraction of light in materials with positive refractive index (left) and
negative refractive index (right).

Figure 4: Refraction of light in water (left) and how light refraction might appear
in a medium with a negative refractive index (right).

To understand the effects of such phenomena, one can consider, for exam-
ple, the refraction of light in materials with a positive refractive index, where
the behavior of the radiation is well described by conventional optical laws.
When an EM wave propagates from a medium with refractive index n1 to a
medium with refractive index n2, its propagation direction θ1 with respect
to the normal is deviated along the direction θ2 according to Snell’s law:
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n1 sin θ1 = n2 sin θ2. (8)

In the case where light propagates from a medium with a positive refrac-
tive index to one with a negative refractive index, the incident angle and exit
angles must have opposite signs for their sine to continue satisfying Snell’s
law. That is, the refracted light propagates at negative angles, on the same
side as the incident light, as shown in Figures 3 and 4.

2.1 metamaterials

After the work by Veselago [33], where the possibility of EM wave prop-
agation through materials with simultaneously negative permittivity and
permeability was studied mathematically, the term “metamaterials” was in-
troduced to refer to materials that go beyond natural materials.

Metamaterials are artificially engineered structures designed to exhibit
properties not necessarily available in natural materials. These artificial struc-
tures are created by periodically arranging resonant metallic inclusions in a
host medium, which is typically a dielectric or magneto-dielectric material.
When exposed to an EM field, metamaterials alter the EM properties of the
host medium due to the characteristics of the inclusions. Figure 5 conceptu-
ally shows a possible realization of a metamaterial structure.

Figure 5: An example of a generic metamaterial. The unit cells have dimensions
small compared to the wavelength, so that, at the macroscopic level, the
metamaterial can be considered a homogeneous medium.

It is possible to recreate in laboratory materials with engineered EM prop-
erties by starting from common materials, and organizing them into indi-
vidual elements (known as meta-atoms) distributed periodically or randomly,
with dimensions and spacings small compared to the wavelength of the EM
radiation they interact with. In this way, the material’s response is influenced
by the collective behavior of all meta-atoms. In other words, the inhomoge-
neous set of meta-atoms can be described, from a macroscopic perspective,
as a homogeneous medium characterized by electric permittivity ε and mag-
netic permeability µ.
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2.2 definition of metamaterial

A possible definition of a metamaterial is as follows [34]:

A metamaterial is an artificial material designed to exhibit certain specific
properties. On a macroscopic scale, a metamaterial can be homogeneous, whereas on
a microscopic scale it consists of unit cells arranged according to a precise geometry.

This definition is quite general and can be applied to almost all artificial
materials. A unit cell is considered “microscopic” if its characteristic length
∆x is much smaller than the wavelength λ0 of the EM radiation with which
it interacts:

∆x ≪ λ0. (9)

In general, the particular properties of a metamaterial are determined by
its microscopic structure rather than its chemical composition. When the
condition described by Equation (9) is satisfied, a lumped-element model
can be used to describe metamaterials, where an equivalent resonant circuit
can be used to provide a qualitative description of the physical behavior of
such artificial materials [35].

2.2.1 Epsilon Negative Metamaterial

A natural medium that exhibits negative permittivity ε is plasma. Examples
of plasma are metallic conductors and the ionosphere, which is an ionized
gas created by solar radiation. The constitutive relations of a cold, isotropic,
and non-collisional plasma are [31]:

µ(ω) = µ0, (10a)

ε(ω) = ε0

(
1 −

ω2
p

ω2

)
, (10b)

where

ωp =

√
Niq2

e
ε0me

(11)

is the plasma frequency, Ni is the number of ionized particles per unit vol-
ume, qe is the electron charge, and me is the electron mass.

From Equation (10b), it can be observed that when ω > ωp, the dielectric
function assumes positive values, allowing the propagation of EM waves
through the medium. In contrast, when ω < ωp, the dielectric function as-
sumes negative values, meaning that the EM wave decays exponentially and
does not propagate in the medium. For such materials, the wavenumber is
purely imaginary and is given by k = jω

√
|ε|µ. Finally, when the incident

wave has a frequency ω = ωp, the dielectric function vanishes, and the EM
wave remains confined within the material, inducing oscillation modes of
the electrons.
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a b c d

Figure 6: Artificial ENG metamaterial [36]. a) ENG metamaterial realized through
an array of thin metallic wires. b) Unit cell of the ENG metamaterial. c)
Behavior of the real and imaginary parts of the relative permittivity of
the ENG metamaterial. d) Equivalent circuit of the ENG metamaterial.

The realization of resonant inclusions modeled in a host medium allowed
for the achievement of negative values of electric permittivity. Pendry et
al. [36] showed that a series of thin metallic bars or wires arranged in a cubic
lattice can exhibit, in the microwave regime, a negative dielectric response
given by the Drude function:

εr(ω) = 1 −
ω2

p

ω(ω − jξ)
, (12)

where ξ is a dissipative factor accounting for collisions occurring in a
plasma. If losses are negligible (ξ ≈ 0), from Equation (12) it is evident that
EM waves oscillating at a frequency lower than ωp are non-propagating,
since ε < 0 and µ > 0. The relative dielectric permittivity function expressed
by Equation (12) can be used to describe the response of a homogeneous
medium made through a series of very thin metallic wires. Notably, in the
realization of the periodic lattice, the diameter of the wires is much smaller
than the wavelength of interest, so the structure is perceived by the EM
radiation as a homogeneous medium.

2.2.2 Mu Negative Metamaterial

This category includes a few natural materials, such as ferrites. Ferrites are
ceramic materials made from a mixture of metals and iron oxides. Below is
the permeability matrix of a magnetized ferrite [31]:

µ = µ0

 µ1 jµ2 0

−jµ2 µ1 0

0 0 1

 , (13)
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where
µ1 = 1 +

ω0ωm

ω2
0 − ω2

,

µ2 =
ωmω

ω2
0 − ω2

m
,

(14)

with ω0 = γgmH0, H0 being the magnitude of the magnetic field, γgm = 2.21 ·
105 m/A the gyromagnetic ratio, ωm = γgmMs/µ0, and Ms the saturation
magnetization density per unit volume.

Among the engineered materials with negative permeability, artificial
magnetic materials have been of interest for many years. This is due to their
characteristics, including the ease of low-cost integration with radio frequen-
cy/microwave circuits. A wide variety of artificial magnetic inclusions have
been proposed and implemented. One of the most popular and widely ap-
plied artificial magnetic materials is the Split-Ring Resonator (SRR) [37], con-
sisting of two concentric metallic rings printed in a dielectric host medium.
The distance separating the inner ring from the outer one creates a capaci-
tive effect, while the circular structure of the rings acts as an inductor. Thus,
the combination of the two rings behaves like an LC resonant circuit. The
relative magnetic permeability of the MNG metamaterial is given by:

µr(ω) = 1 −
ω2

mp − ω2
0

ω2 − ω2
0 − jζω

, (15)

where ωmp is the magnetic plasma frequency, i. e., the frequency at which
µr(ω) = 0 in the absence of losses, ω0 is the resonance frequency, at which
µr(ω) diverges, and ζ is a factor representing losses. The frequencies ωmp

and ω0 depend on the spacing between the SRRs making up the metamate-
rial and geometric parameters such as the inner and outer ring radii and the
distance separating the two rings.

a b c d

Figure 7: Artificial MNG metamaterial [37]. a) MNG metamaterial realized using
an array of SRRs. b) Constitutive unit cell of the MNG metamaterial. c)
Behavior of the real and imaginary parts of the relative magnetic per-
meability of the MNG metamaterial. d) Equivalent circuit of the MNG
metamaterial.
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2.2.3 Double Negative Metamaterial

The properties of DNG metamaterials were obtained by combining the struc-
ture of thin metallic wires, used to create ENG metamaterials, with the struc-
ture based on SRRs, used to create MNG metamaterials. The overall struc-
ture resulting from this combination, proposed by Smith et al. [38], exhibits
negative values of both dielectric permittivity and magnetic permeability in
the microwave region.

The relative dielectric permittivity εr(ω) and relative magnetic permeabil-
ity µr(ω) responses of this metamaterial are described by Drude–Lorentz
models and follow the relations [38]:

εr(ω) = 1 −
ω2

ep − ω2
e0

ω2 − ω2
e0 + jζcω

, (16a)

µr(ω) = 1 − Acω2

ω2 − ω2
m0 + jξcω

, (16b)

where ωep and ωmp are the electric and magnetic plasma frequencies, ωe0

and ωm0 are the electric and magnetic resonance frequencies, ζc is a factor
accounting for collisions, Ac is an amplitude factor, and ξc is a damping
factor.

2.3 perfect lens

After the development of the first metamaterials, attention shifted to study-
ing and realizing some of their revolutionary potentials. In particular, the
possibility of creating superlenses capable of surpassing the diffraction limit
of light certainly represented one of the first and most significant examples
of metamaterial applications.

Figure 8: Operation diagram of a superlens. Propagating waves are focused by the
negative refractive index, while evanescent waves are amplified.
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In conventional optical systems, it is not possible to distinguish two points
if they are at a distance smaller than λ/2n, where n is the refractive index of
the surrounding medium. This is the so-called diffraction limit. This intrinsic
limit arises because information about structures with dimensions compara-
ble to the wavelength of light propagates optically in the form of evanescent
waves, i. e., EM waves that decay exponentially as they propagate. As a re-
sult, the image of these objects is lost before it can be collected and recreated
by a lens or objective. Pendry later proposed the use of a negative-refractive-
index metamaterial as a superlens (or perfect lens), capable of reconstruct-
ing an object’s image without loss of structural information, even below the
diffraction limit.

This property arises from the fact that, in a material with a negative re-
fractive index, evanescent waves are no longer exponentially decaying but,
on the contrary, are amplified. At the same time, propagating waves are au-
tomatically focused due to the negative refractive index, as schematically
shown in Figure 8.

By appropriately choosing the thickness of a plate made of a material with
a refractive index of n = −1, radiation can be focused to a point, unlike what
happens with a traditional lens.

a b

c d

Figure 9: a,b) Comparison between the behavior of a lens with a positive refractive
index and one with a negative refractive index, respectively. c,d) Compar-
ison between evanescent waves in a right-handed lens and a left-handed
lens, respectively.

In the panels of Figure 9, two lenses are compared: a traditional one and
one made with metamaterials. Figure 9a illustrates the path of light rays as
they encounter a traditional lens, whereas Figure 9b schematically depicts
the trajectory of light when using a metamaterial-based lens. Figure 9c shows
the behavior of evanescent waves in a traditional lens. The rapid decrease in
intensity can be observed, which results in a deterioration of image quality
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beyond the lens. Figure 9d highlights how evanescent waves are amplified
when using a lens with a refractive index of n = −1.

2.4 optical invisibility

The following analysis examines the conditions required for an invisibility
cloak or cloaking device. In general, to make an object invisible, the light
field outside the volume occupied by the object must remain undisturbed.
In other words, an ideal cloaking device should meet the following criteria:

• Absence of reflection: Waves impinging on the object must not be re-
flected.

• Absence of refraction: No detectable deviation or phase shift should oc-
cur due to refraction.

• No radiation: The cloaked system must not emit any waves.

• No shadowing: The system must not cast a shadow and it must be
absorption-less.

a b

Figure 10: The two main methods for rendering an object invisible. a) Invisibil-
ity achieved through transparency. b) Invisibility achieved by bending
light.

Thus, an “invisible” object should not produce any detectable effect out-
side the cloaking device. There are two main approaches to achieving invis-
ibility:

1. Making the object globally transparent so that light passes through it
without disturbance.

2. Bending light in such a way that it bypasses the object.
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2.4.1 Transparency-Based Invisibility

To achieve invisibility through transparency, the incident light must pass
through the object without alteration. For simplicity, assuming the surround-
ing medium is vacuum, this is possible only if:

• The characteristic impedance η of the object matches that of the sur-
rounding medium:

η = η0 (17)

This ensures the absence of reflection.

• The refractive index n of the object matches that of the surrounding
medium:

n = n0. (18)

Since the refractive index is related to the wave propagation speed in
the medium, this condition can be replaced by an equivalent one:

c = c0. (19)

Thus, the wave should propagate at the same speed both inside and
outside the object. This ensures the absence of refraction.

These two conditions can also be extended to other types of waves, such as
acoustic and mechanical waves, when the characteristic impedance η and
the propagation speed c are well defined.

A classic example of invisibility achieved through transparency is that
of a glass bottle immersed in glycerin. When a glass bottle is submerged
in glycerin, it appears to vanish. This occurs because the two media have
nearly the same refractive index, n ≈ 1.47, and, since they are non-magnetic
(µ ≈ µ0), they also share the same characteristic impedance η.

2.4.2 Invisibility Through Optical Transformations

Theoretically, deflection-based invisibility can be achieved by bending light
around an object. The possibility of guiding light through a metamaterial
to achieve this effect was considered by Pendry et al. [39]. The proposed
method is based on a coordinate transformation and can be summarized as
follows:

1. Consider the propagation of an EM wave.

2. Transform the spatial domain by applying a coordinate change, allow-
ing light to follow the desired path.

3. Apply the same coordinate transformation to Maxwell’s equations to
determine the required values of permittivity ε and permeability µ at
each point in the considered domain.
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2.4 optical invisibility

Supposing one wants to cloak an object enclosed within a spherical shell
designed to guide incident light, it is necessary to determine the appropriate
metamaterial for constructing the shell.

a b

Figure 11: Example of optical transformation [39]. a) A field line in an homoge-
neous medium with the background Cartesian coordinate grid shown.
b) The field radiated from a point source is excluded from the cloaked
region, but emerges from the cloaking sphere undisturbed.

As mentioned, a plane wave propagating in free space is considered,
where ε = ε0 and µ = µ0. Then, the original domain is transformed by
introducing a circle of radius R1 within which light cannot propagate. A
proposed linear transformation is [39]:

ρ′ =

R1 +
R2 − R1

R2
ρ, 0 ≤ ρ ≤ R2,

ρ, ρ > R2,

θ′ = θ,

ϕ′ = ϕ,

(20)

where ρ′, θ′, and ϕ′ are the transformed spherical coordinates. Note that for
ρ > R2, i. e., outside the spherical shell, the domain remains undistorted
since ρ′ = ρ.

After this coordinate transformation, EM waves experience curvature
when approaching the spherical shell. For the considered case, the permit-
tivity within the spherical shell, in the region where R1 < ρ < R2, is given
by [39]:

ε′ρ′ =
R2

R2 − R1

(ρ′ − R1)
2

ρ′
,

ε′θ′ =
R2

R2 − R1
,

ε′ϕ′ =
R2

R2 − R1
,

(21)
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The permeability (µ′
ρ′ , µ′

θ′ , µ′
ϕ′) follows the same functional expression in

Equation (21). This is just a possible transformation, since other solutions
are available. In practice, this cloaking technique is based on two main re-
quirements:

1. The cloaked object should not be hit by the waves impinging from
outside, so that it is completely concealed.

2. The incident waves enter into the coating without reflection, then they
are guided through the coating itself, curving around the cavity, and
finally emerge outside returning to their original trajectory.

To avoid reflection, the outer surface of the shell must be perfectly matched
to the surrounding environment, thus the impedance matching condition η

must be satisfied.
The light rays that would strike the object must be deflected. This effect

can be achieved by decreasing the refractive index of the inner layers of the
coating. Since n = c/vp, if the refractive index n is less than 1, a superlu-
minal phase velocity vp is required. Indeed, the waves that should hit the
coating must travel a longer path in the same amount of time to remain in
phase with the other waves. If a superluminal phase velocity is required,
then permittivity and permeability values lower than 1, or close to 0, might
be needed.

vp > c −→ |εrµr| < 1. (22)

For that reason, an Epsilon Near Zero (ENZ) or a Mu Near Zero (MNZ) meta-
material could be useful for the construction of such an invisibility cloak.

2.5 metasurfaces

A metasurface [2] can be defined as a metamaterial where one of the three
dimensions is negligible compared to the others, and where the characteris-
tic length ∆x of the unit cell is small relative to the EM wavelength λ0. The
main advantage of metasurfaces is that they are thinner, making them less
bulky and easier to fabricate and integrate with other devices compared to
3-D metamaterials. For instance, a metasurface can be directly printed on a
substrate, whereas constructing a 3-D metamaterial, which requires arrang-
ing all inclusions in a specified geometry, is a more complex operation.

The manipulation of EM waves using conventional optical components,
such as lenses and prisms, is achieved through a process in which light
accumulates a phase delay. However, the integrability and miniaturization
of such optical components are significantly limited by their dimensions.
Metasurfaces can modify the amplitude and introduce phase delays in the
incident wave, allowing for a more efficient manipulation of EM waves.
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2.5.1 Generalized Snell Laws

When a wave propagating in a medium encounters a discontinuity in the re-
fractive index n at the interface with another medium, it is partially reflected
back into the first medium and partially transmitted through the interface.
If the phase of the transmission coefficient remains constant at the interface
between the two media, the directions of reflection and refraction remain un-
changed. On the other hand, when the phase of the transmission coefficient
is not constant, specific phase variations can be achieved to effectively con-
trol the propagation direction of the wave and the shape of the wavefront.

In general, if a metasurface is added at the interface to vary the phase of
the reflection coefficient as a function of space, Snell’s laws are generalized
as [4]: 

nt sin θt − ni sin θi =
1
k0

dΦ
dx

,

sin θr − sin θi =
1

nik0

dΦ
dx

,
(23)

where ni and nt are the refractive indices of the two media separated by
the interface, k0 is the wavenumber in vacuum, and θi, θr, θt are the angles
of incidence, reflection, and transmission, respectively, as shown in Figure
12. The term dΦ/dx represents the phase variation at the interface due to
the metasurface. The relations in Equation (23) are the generalized laws of
refraction and reflection, as the direction of the reflected wave depends on
the optical properties of the surrounding media and the phase response of
the artificial interface separating these media.

Figure 12: Conceptual representation of the generalized Snell’s laws, where an
anomalous refraction and reflection phenomenon is observed.

To experimentally validate the generalized Snell’s laws, Yu et al. [4] de-
signed a metasurface composed of V-shaped antennas, made of two arms of
equal length h connected at the ends to form an angle ∆, as shown in Figure
13a. To orient the V-shaped antennas, two unit vectors were defined: a first
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a b

c d

Figure 13: a) V-shaped antenna supporting symmetric and asymmetric modes,
with current intensity shown by color and direction indicated by faded
arrows. b) Schematic of the V-shaped antenna array forming the meta-
surface from [4], designed for a phase difference ∆Φ = π/4 between
adjacent elements. c) Amplitude and phase distributions of the reflected
wave from the antennas, as a function of h and ∆, at a fixed wavelength
λ0 = 8 µm, with points representing experimental values from Ref. [4].
Dashed curves indicate resonance peaks for symmetric and asymmetric
modes. d) Metasurface used to experimentally verify anomalous reflec-
tion and refraction by generalized Snell’s laws.

unit vector ŝ along the symmetry axis of the antenna and a second unit vec-
tor â orthogonal to the first. The V-shaped antennas allow the propagation of
“symmetric” and “asymmetric” modes, which are excited by the components
of the electric field along the axes identified by ŝ and â, respectively.

In the symmetric mode, the current distribution in each arm of the an-
tenna approximates that of a single dipole of length h. In the asymmetric
mode, the current distribution in each arm of the antenna approximates that
of half of a dipole antenna of length 2h. As a result of the modal proper-
ties of the V-shaped antennas and the degrees of freedom in selecting the
antenna geometry, namely the length h and the angle ∆, the reflected wave
can assume different phase and amplitude values for a given wavelength
λ0. The numerical simulations of the amplitude and phase responses of the
V-shaped antennas are shown in Figure 13c.

The geometry and arrangement of the antennas were appropriately chosen
for an incident wave, polarized along the x-axis and with a wavelength of
λ0 ≈ 8 µm. With this configuration, the component of the wave polarized
along the y-axis undergoes a phase increment of π/4 between each adjacent
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antenna that constitutes the unit cell of the metasurface. The amplitude of
the component polarized along the y-axis is adjusted to be uniform across
the entire antenna array. The metasurface induces reflected and transmitted
beams at angles that comply with generalized laws over a wide range of
wavelengths.

2.5.2 Metasurfaces Based on Geometric Phase

The modulation of the amplitude and phase of the reflected wave, as dis-
cussed earlier, can be achieved by appropriately designing the unit cell of
the metasurface. An alternative method for introducing discontinuities in
the phase response is based on the Pancharatnam–Berry (PB) phase [40, 41],
also known as the geometric phase. This approach exploits the polarization
conversion obtained through anisotropic media, with dimensions smaller
than the wavelength of interest, that are geometrically identical but oriented
differently in space.

a

b

Figure 14: a) Unit cell consisting of U-shaped antennas, identical in geometry but
differently oriented. b) Numerical simulation results showing that the
metasurface from Kang et al. [42] directs maximum radiation based on
the polarization direction of the incident wave.

One way to understand the relationship between polarization and phase is
to use the Jones formalism [43]. Generally, the Jones matrix of an anisotropic
medium can be written as:

M = R(−α)

(
So 0

0 Se

)
R(α), (24)
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where So and Se are the scattering coefficients associated with the two or-
thogonal components of the incident linearly polarized wave,

R(α) =

(
cos α sin α

− sin α cos α

)
(25)

is the rotation matrix associated with the angle α. For a given incident wave
with Right-Handed Circular Polarization (RHCP) or Left-Handed Circular
Polarization (LHCP) ER/L

i , the reflected wave from the anisotropic medium
ER/L

r can be written as [42]:

ER/L
r = M · ER/L

i

=
So + Se

2
ER/L

i +
So − Se

2
ej2ςαEL/R

i ,
(26)

From Equation (26), the reflected wave consists of two circular polarization
states: the first component has the same polarization direction as the incident
wave and shows no phase delay; the second component has the opposite
polarization direction to that of the incident wave and exhibits a phase delay
of 2ςα, where

ς =

1, RHCP incident wave,

−1, LHCP incident wave,
(27)

By exploiting this principle, Kang et al. [42] showed that a phase-gradient
metasurface allows directing the maximum of the scattering pattern along
different directions, depending on the polarization direction of the incident
wave. The unit cell of the metasurface consists of a series of U-shaped anten-
nas, geometrically identical but differently oriented, as shown in Figure 14.

2.5.3 Metalenses

Metasurfaces can introduce abrupt phase shifts in incident EM waves over
sub-wavelength scales. As discussed in the previous section, these sharp
phase variations along an interface cause abnormal refraction and reflection.
By controlling the metasurface’s phase profile, the light beam can be twisted
or focused, and special optical beams like the optical vortex [44–46] and
Bessel beams [47] can be generated. Since phase profile engineering is the
fundamental tool for shaping the incident wavefront, this section provides a
discussion on creating the phase profile for metalenses.

To focus the EM energy at a distance dfocus (as shown in Figure 15), the
phase distribution (in the x-y plane) for the reflected or transmitted wave
must be arranged to compensate for the optical phase difference:

φL(x, y) =
2π

λ

(√
x2 + y2 + d2

focus − dfocus

)
. (28)
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Figure 15: Distribution of the phase profile φL of a metalens composed of V-
shaped nanoantennas with different lengths and opening angles [48].

Exploiting the concept of optical phase discontinuities, Aieta et al. [48]
demonstrated a metalens operating at telecommunication wavelengths us-
ing V-shaped nanoantennas (as illustrated in Figure 15). However, the device
suffered from a low focusing efficiency of approximately 1%. Complemen-
tary V-shaped apertures were subsequently proposed to realize metalenses
in the optical regime, but without any notable improvement in efficiency.

a b

Figure 16: Dielectric metalens composed of high-aspect-ratio TiO2 nanobricks
with different orientations [6]. a) Simulated polarization conversion ef-
ficiency as a function of wavelength. b) Scanning electron microscope
micrograph of the fabricated metalens. Scale bar: 300 nm.

To address this limitation, Metal-Insulator-Metal (MIM) structures were in-
troduced, which successfully improved the focusing efficiency in the near-
infrared [49] and mid-infrared regimes [50]. Nevertheless, the significant
ohmic loss inherent to metals at optical frequencies still fundamentally limits
efficiency. Consequently, many metallic metalenses are designed to operate

25



2.5 metasurfaces

at larger wavelengths, such as the terahertz, millimeter-wave, or microwave
regimes [51–53].

Dielectric metasurfaces were recently developed to circumvent the ohmic
losses inherent to metallic structures at optical frequencies [54–57].

In 2014, Lin et al. [58] introduced a transmissive metalens composed of
thousands of nanobeam nanoantennas, leveraging the spin-dependent prop-
erties of the PB phase. Through rational structural tuning, the metalens was
designed for operation at a 500 nm wavelength, exhibiting a 100 µm focal
length and a Numerical Aperture (NA) of 0.43. When illuminated with right-
hand circularly polarized RHCP light through the substrate, the transmit-
ted light was converted into an LHCP focal spot measuring 670 nm, which
closely approached the diffraction limit.

Subsequently, Khorasaninejad et al. [6] successfully fabricated high-aspect-
ratio titanium dioxide (TiO2) metasurfaces (as shown in Figure 16). Based
on the geometric PB phase, they demonstrated three metalenses with a high
NA of 0.8 working at 660, 532, and 405 nm with corresponding efficiencies
of 66, 73, and 86%. Their later work [59] achieved a polarization-insensitive
metalens operating at these same three wavelengths, boasting a large NA
of 0.85 and high efficiency (over 60%). Crucially, this work demonstrated
promising diffraction-limited focusing spots (≈ 0.64λ).

Figure 17: Dielectric metalens working in a large wavelength range (1200–1650 nm)
with meta-atoms composed of multi-resonators [60].

Because these metalenses rely on a phase jump governed by resonance
conditions, their operation is intrinsically limited across a broad frequency
range by the dispersion effect. Consequently, the minimization or removal of
chromatic aberration has become a critical concern in metalens design and
fabrication.

Various approaches have been developed to address this. Avayu et al. [61]
designed a multi-layer structure by vertically stacking independent meta-
surfaces to demonstrate a triply working wavelength achromatic metalens
in the visible range (450, 550, and 650 nm). Similarly, Khorasaninejad et
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al. [62] combined multiple dielectric resonators into meta-atoms to realize an
achromatic metalens at three discrete wavelengths (1300, 1550, and 1800 nm).
Shrestha et al. [60] further utilized this combining method, employing new
meta-unit geometries that achieve a much greater space-filling ratio, result-
ing in a polarization-independent metalens with focusing efficiencies over
20% across a broadband of 1200–1650 nm (as shown in Figure 17).

Furthermore, an achromatic metalens working in a large wavelength band
(1200–1680 nm) with an efficiency of ≈ 12% was experimentally demon-
strated by employing both low-Q-factor resonance-induced phase and geo-
metric phase that compensated for each other [63]. A significant develop-
ment was the design and fabrication of an achromatic metalens composed
of gallium nitride (GaN)-based integrated resonator meta-atoms, which
successfully eliminated chromatic aberration in the visible spectrum (400–
660 nm) with an average efficiency of ≈ 40% [64]. More recently, tunable
dielectric meta-lenses were also proposed [65, 66], offering greater freedom
and potential usage for meta-devices.

2.5.4 Metasurface-Based Invisible Cloak

A cloak is a device capable of rendering objects invisible to incident waves.
Transformation optics and metamaterials provide powerful tools for develop-
ing such cloaking devices [67–69]. While metamaterials successfully demon-
strated the concept of an invisible cloak, the practical development of a cloak
using 3-D metamaterials remains extremely challenging.

An alternative approach was first introduced with waveguide-based cloak-
ing. This played a crucial role by leading to a “quasi-conformal mapping
technique,” where the cloak concealed an object by restoring a wavefront to
appear as if it were reflected from a flat surface. This concept, termed “carpet
cloaking,” was subsequently demonstrated [70].

Figure 18: Schematic representation of the metasurface based carpet cloak [71].

The realization of ultra-thin carpet cloaking became feasible through the
use of an ultra-thin, engineered metasurface-based structure. Metasurfaces
offer an efficient way to design arbitrarily shaped 3-D carpet cloaks with
minimal thickness and low loss. A multi-layer metasurface structure was
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proposed to achieve broadband performance of the cloak [72]. Specifically,
a metallic resonator with a discontinuous phase profile was fabricated onto
a polyimide substrate. This structure demonstrated excellent wavefront ma-
nipulation when applied to a surface with a triangular bump [71].

The schematic representation of the metasurface carpet cloak is shown
in Figure 18. The cloaking layer was fabricated using a standard lithogra-
phy process, with a low-loss, flexible polyimide layer serving as the spacer
medium. The terahertz cloak demonstration used time-domain spectroscopy
with an angular scanning system.

Figure 19: Deep-learning-enabled self-adaptive metasurface cloak [73].

Material dispersion poses the primary challenge for achieving broadband
carpet cloaking in optical components. To address this, a novel metasurface
was recently proposed for carpet cloaking that operates with linear polariza-
tion across the visible spectrum, specifically from 650 to 800 nm. This design
introduced a thin slot of a waveguide-based metasurface [74].

More recently, the field has advanced with the use of a metasurface that
incorporates a machine learning algorithm to create an adaptive cloaking
system. This work represents a significant step toward developing the next
generation of invisible cloaks powered by artificial intelligence.

A tunable metasurface—effectively loaded with varactor diodes—was em-
ployed to fabricate an invisible cloak operating in the microwave range, as
illustrated in Figure 19. Crucially, this metasurface cloak can respond swiftly,
on a millisecond timescale, to changes in the incident wave or surrounding
medium. This rapid adaptability is managed by a pre-trained artificial neu-
ral network, which serves as a fundamental building block of Deep Learn-
ing (DL). For further technical details, the reader is referred to Ref. [73].

28





Part II

O V E RV I E W O F D I G I TA L M E TA S U R FA C E S

This part offers a comprehensive introduction to digital metasur-
faces, outlining their physical principles, electromagnetic proper-
ties, and functional classifications. Core concepts, such as wave-
front engineering, are explored to establish the theoretical foun-
dation for advanced topics. Particular emphasis is placed on
space-time-coding digital metasurfaces, which are crucial for
practical applications and represent a central focus of this The-
sis.





3
D I G I TA L M E TA S U R FA C E S

3.1 background and generalities

Digital metasurfaces consist of meta-atoms whose EM response is dis-
cretized into a finite number of quantized states. In a B-bit digital metasur-
face, each element supports S = 2B phase states. Ideally, the phases of the
corresponding reflection (or transmission) coefficients are uniformly spaced
over a 2π interval, with a phase step of 2π/S.

Figure 20a schematically illustrates a 1-bit digital metasurface, described
by two distinct coding elements, “0” and “1,” characterized by a phase dif-
ference of 180◦. Figure 20b shows the geometry of the meta-atom and the
phase response of the associated reflection coefficient. The meta-atoms of
the metasurface are realized using a square metallic patch, with dimensions
smaller than the wavelength, printed on a dielectric substrate terminated by
a ground plane. Cui et al. [14] have shown that, from 8.1 to 12.7 GHz, two
subwavelength square metallic patches of different widths can realize the
binary coding elements.

a b

Figure 20: 1-bit coding digital metasurface [14]. a) 1-bit coding digital metasurface,
composed of the elements “0” and “1”. b) Binary element realized with
a metallic patch printed on a dielectric substrate.

By properly designing the coding sequence, it is possible to control the
EM field reflected by the metasurface. For example, with a coding scheme in
which the “0” and “1” elements alternate only along the x-axis, the incident
wave is reflected by the metasurface in two directions; whereas with a coding
scheme where the binary elements alternate along both axes, the incident
wave is reflected in four directions, as shown in Figure 21.
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a b

Figure 21: Digital metasurfaces with two different periodic coding schemes, used
to control the reflection of an incident wave [14]. a) Coding scheme in
which the binary elements alternate along the x-axis. b) Coding scheme
in which the binary elements alternate along both axes.

To understand why this control is possible, without loss of generality, one
can consider a 1-bit digital metasurface composed of N × M unit cells, each
with dimensions dx along the x-axis and dy along the y-axis. Each unit cell is
occupied by either a “0” or “1” element, according to an arbitrarily designed
coding sequence. The phase response φnm of the (n, m)-th meta-atom can
take values of either 0 or π. Considering the case of normally incident plane
waves and a time-harmonic dependence exp(j2π fct), the far-field scattering
pattern of the metasurface can be expressed as [14]:

f(θ, ϕ) =
N

∑
n=1

M

∑
m=1

Enm(θ, ϕ)ej(φnm+
2π
λc r̂·rnm), (29)

where θ and ϕ are the elevation and azimuth angles, respectively, λc denotes
the wavelength at the carrier frequency fc, and Enm(θ, ϕ) represents the field
scattered by the (n, m)-th meta-atom of the metasurface. Recalling that the
radial unit vector can be expressed as

r̂ = sin θ cos ϕ x̂ + sin θ sin ϕ ŷ + cos θ ẑ, (30)

and that the position of the (n, m)-th element of the metasurface, lying on
the plane z = 0, can be identified as

rnm = (n − 1)dx x̂ + (m − 1)dy ŷ + 0 ẑ, (31)

it follows that Equation (29) becomes

f(θ, ϕ) =
N

∑
n=1

M

∑
m=1

Enm(θ, ϕ)ej{φnm+
2π
λc sin θ[(n−1)dx cos ϕ+(m−1)dy sin ϕ]}. (32)

Furthermore, the directivity Dir(θ, ϕ) of the metasurface can be expressed as

Dir(θ, ϕ) =
4π|f(θ, ϕ)|2∫ 2π

0

∫ π/2
0 |f(θ, ϕ)|2 sin θ dθ dϕ

. (33)
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From Equations (32) and (33), it follows that the scattering pattern of the
reflected field can be shaped by modifying the metasurface coding. Conse-
quently, the direction of maximum radiation can be controlled.

The concept of digital metasurfaces can be extended from 1-bit coding
to 2-bit coding, and so on. In 2-bit coding, four unit cells are required to
realize the “00,” “01,” “10,” and “11” elements, for which the phase ex-
hibits a step difference of 90◦ and a possible coding alphabet would be
{0◦, 90◦, 180◦, 270◦}. Clearly, 2-bit coding offers more degrees of freedom in
manipulating EM waves compared to 1-bit coding, since more coding states
are available. Figure 22 shows a possible realization of the unit cells of a
2-bit digital metasurface [14]. By varying the width of the metallic patches,
the four coding states of the 2-bit scheme can be obtained.

Figure 22: Constitutive elements of a metasurface with 2-bit coding and the corre-
sponding phase responses [14].

3.1.1 Information-Theoretic Aspects

A common scenario in information theory involves transmitting information
from multiple transmitters to multiple receivers through various channels.
As illustrated in Figure 23a, a pair of horn antennas (for transmitting and
receiving) and a metasurface can be considered as an information system.
Inspired by Shannon’s information entropy, which quantifies the informa-
tion in each message, Cui et al. [75] proposed a similar metric to measure the
information associated with a coding metasurface.

Figure 23b shows that a simple 1-bit coding scheme provides an effective
way to study the information entropy of a metasurface. In this scheme, only
four combinations—G(0, 0), G(0, 1), G(1, 0), and G(1, 1)—are possible in ad-
jacent coding elements. The 2-D information entropy is determined by the
probabilities of these four combinations. Based on the definition of normal-
ized Shannon entropy, a geometric information entropy H1 was introduced
to quantify the coding pattern, while a physical information entropy H2 was
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proposed to estimate the information carried by the far-field pattern, com-
puted via a Fourier Transform (FT) of the coding pattern.

The relationship between the geometric (coding pattern) and physical (far-
field pattern) information entropies, as a function of iteration number, is
shown in Figure 23c. As seen, the physical information entropy gradually
increases, approaching the geometric entropy. This demonstrates that the
physical information entropy can be controlled by the diffusion depth of the
random coding pattern.

a b

c

Figure 23: Information-theoretic aspects [75]. a) Schematics of possible informa-
tion systems based on metasurfaces. b) A conceptual calculation of the
physical information entropy. c) Geometrical and physical information
as a function of iterations in the diffusion process.

3.1.2 Convolution-Based Operations

To steer a scattering pattern toward an arbitrarily predesigned direction,
convolution-type operations can be exploited [76]. In signal processing, as il-
lustrated in Figure 24g–i, convolution implies a shift in the spectrum, namely

f (t)ejω0t FT⇐⇒ F(ω) ∗ δ(ω − ω0) = F(ω − ω0), (34)
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with δ(·) denoting the Dirac delta impulse function. Likewise, we can define
the principle of scattering-pattern shift as follows:

E(xλ)ejxλ sin θ0 FT⇐⇒ E(sin θ) ∗ δ(sin θ − sin θ0) = E(sin θ − sin θ0), (35)

where xλ = x/λ is the electrical length, and exp(jxλ sin θ0) denotes the elec-
tric field distribution generated by a gradient phase pattern. Hence, by multi-
plying the coding pattern E(xλ) by the gradient coding sequence associated
with exp(jxλ sin θ0), a steering of a quantity sin θ0 (in angular coordinates) is
obtained. As shown in Figure 24a–c, Ref. [76] considers a 2-bit coding meta-
surface with the four digits “0,” “1,” “2,” and “3” represented with different
shades of gray. Figure 24a,b shows that a cross-shaped coding pattern (con-
sisting of digits “0” and “2”) is multiplied by a gradient coding sequence.
The result in Figure 24c clearly shows that, after the convolution operation
with the single-beam scattering pattern, the scattering pattern (Figure 24d)
is steered from the original direction, with no apparent distortion. This is
analogous to the convolution in the frequency domain schematized in Fig-
ure 24g–i.

a

b

c

d

e

f

g

h

i

Figure 24: Convolution-based operations [76]. a–c) Coding patterns with a cross
shape, phase gradient, and their modulus, respectively. d–f) Corre-
sponding scattering patterns. g–i) Analogy in the frequency domain.

3.2 programmable metasurfaces

The metasurfaces described so far allow the engineering of certain proper-
ties of EM waves through spatial modulation of the meta-atoms. In fact, by
using patches of different sizes, it is possible to obtain the various elements

36



3.2 programmable metasurfaces

of a digital coding scheme. However, once the geometry of the constituent
elements and their arrangement are fixed, it is not possible to vary the prop-
erties of the metasurface thus created. Assuming that the properties of the
metasurface are not time-varying, the device is capable of manipulating the
EM wave spectrum in the wave vector domain, leaving the frequency do-
main behavior unchanged.

a b

Figure 25: Device designed to achieve temporal modulation [14]. a) The structure
exhibits the coding states “0” and “1” when the PIN diode is in the
“OFF” and “ON” states, respectively. b) Phase response of the device
when the PIN diode is in the “OFF” or “ON” state.

a

b

Figure 26: a) Flowchart of a 1-bit programmable metasurface controlled by FPGA
hardware. b) Scattering patterns, obtained numerically, of the field re-
flected by the metasurface for different coding sequences [14].
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In order to introduce a temporal modulation, Cui et al. [14] proposed im-
plementing active devices, such as diodes, to design metasurfaces capable of
controlling EM fields in real-time. Figure 25 shows the geometry and phase
behavior of the reflection coefficient of the 1-bit programmable element,
which behaves like the “0” and “1” elements of a binary coding scheme
when the Positive-Intrinsic-Negative (PIN) diode is in the “OFF” and “ON”
states, respectively. The coding states of a programmable metasurface can
be generalized from the binary case to an B-bit configuration. For example,
a 2-bit programmable metasurface can be realized by integrating multiple
PIN diodes into each unit cell. In this way, a more versatile programmable
metasurface can be designed and characterized.

Figure 25a schematically shows the process by which a digital metasur-
face can be controlled via an FPGA, allowing for different behaviors of the
reflected field depending on the chosen coding sequence, as shown in Fig-
ure 25b.

3.3 analytical model

In this section, the main theoretical aspects of the STC-DMs are presented,
with reference to a metasurface composed of N × M programmable ele-
ments, shown in Figure 27. The programmable elements (represented by
the yellow patches) have the same geometry, and each of them is integrated
with active devices, such as PIN diodes. By applying different voltages to the
active devices, the reflection coefficient of the programmable elements can
be dynamically adjusted, allowing it to take on quantized values in either
amplitude or phase.

Figure 27: Conceptual illustration of a STC-DM [28].
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For the 1-bit coding scheme, the behavior of each element alternates be-
tween two states, “0” and “1,” corresponding to which the reflected wave
is either in-phase or out-of-phase with the incident wave. Moreover, it is
assumed that the states of the programmable elements change in both the
spatial and temporal domains through an FPGA, in line with the Space-Time
Coding (STC) matrix represented in Figure 27, where each element is period-
ically modulated over time through a set of temporal coding sequences.

a b

Figure 28: a) A metasurface with time-varying admittance, illuminated by an EM
wave oscillating at frequency fc. b) Equivalent transmission line model
[10].

In order to obtain information about the reflected EM field from the con-
sidered metasurface, one can focus on the case of normal incidence of a
plane wave with harmonic time dependence of the form exp(j2π fct). This
allows for deriving the general relationships between the incident and re-
flected waves in the time-varying case, and between the reflection coefficient
and the admittance that describes the metasurface [10]. If the characteristic
dimension of the unit cell is much smaller than the wavelength of interest,
the array composed of such elements can be described by an equivalent
admittance Ys. Furthermore, assuming that the modulation frequency f0 is
much lower than the central frequency fc of the EM wave, the mathemati-
cal analysis is simplified, and the metasurface admittance becomes a time-
dependent function, Ys = Ys(t). Under these conditions, the system can be
studied using an equivalent transmission line model in which the incident
and reflected waves are related by a time-varying reflection coefficient

Γ(t) =
Y0 − Ys(t)
Y0 + Ys(t)

, (36)
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where Y0 is the admittance of free space. The scattered EM field at a large
distance from the digital metasurface under consideration can be expressed
as [28]

f(θ, ϕ, t) =
N

∑
n=1

M

∑
m=1

Enm(θ, ϕ)Γnm(t)ej 2π
λc sin θ[(n−1)dx cos ϕ+(m−1)dy sin ϕ], (37)

where Enm(θ, ϕ) is the field scattered by the (n, m)-th element, λc is the op-
erating wavelength, dx and dy are the dimensions of the unit cell, and Γnm(t)
represents the time-varying reflection coefficient of the (n, m)-th element,
which is a periodic function of time, defined over a period T0 as a linear
combination of shifted time windows

Γnm(t) =
L

∑
l=1

Γ(l)
nmW(l)(t), 0 < t < T0, (38)

where W(l)(t) denotes a time window with modulation period T0

W(l)(t) =

1, (l − 1)τ ≤ t ≤ lτ,

0, otherwise,
(39)

where τ = T0/L is the time duration of the window W(l)(t), L is a posi-
tive integer representing the length of the temporal coding sequence, and
Γ(l)

nm = A(l)
nm exp (jφ(l)

nm) is the reflection coefficient associated with the (n, m)-
th coding element during the time interval (l − 1)τ ≤ t ≤ lτ. The function
W(l)(t) can be expressed through the Fourier series as

W(l)(t) =
+∞

∑
ν=−∞

w(ν,l)ej2πν f0t, (40)

where f0 = 1/T0 and the Fourier coefficients w(ν,l) are given by

w(ν,l) =
1
T0

∫ T0

0
W(l)(t)e−j2πν f0t dt. (41)

At this point, the reflection coefficient can also be expressed through its
Fourier series

Γnm(t) =
+∞

∑
ν=−∞

a(ν)nmej2πν f0t, (42)

where the coefficients a(ν)nm are given by

a(ν)nm =
1
T0

∫ T0

0
Γnm(t)e−j2πν f0t dt. (43)

By using Equation (38) for the reflection coefficient Γnm(t) in Equation (43),
the following expression for the coefficients a(ν)nm is obtained:

a(ν)nm =
1
T0

L

∑
l=1

Γ(l)
nm

∫ lτ

(l−1)τ
e−j2πν f0t dt

=
1
L

sinc
(πν

L

) L

∑
l=1

Γ(l)
nme−j πν(2l−1)

L ,

(44)
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where sinc(x) = sin x/x. Furthermore, by substituting Equation (44) into
Equation (37), the scattered field at a large distance from the digital metasur-
face can be expressed as follows:

f(θ, ϕ, t) =
+∞

∑
ν=−∞

F(ν)ej2π( fc+ν f0)t, (45)

where F(ν)(θ, ϕ) is the far-field scattering pattern corresponding to the ν-
th harmonic order, whose frequency is fc + ν f0. This results in a harmonic
expansion where each term corresponds to a distinct equivalent scattering
pattern

F(ν)(θ, ϕ) =
N

∑
n=1

M

∑
m=1

Enm(θ, ϕ)a(ν)nmej 2π
λc sin θ[(n−1)dx cos ϕ+(m−1)dy sin ϕ]. (46)

Thus, given an arbitrary STC sequence, it is possible to determine the scat-
tered field at a large distance from a STC-DM corresponding to each har-
monic frequency.

It is useful to note that the complex coefficients a(ν)nm defined by Equa-
tion (44) can be synthesized to obtain equivalent amplitudes |a(ν)nm| and
phases ∠a(ν)nm through linear combinations of the reflection coefficients Γ(l)

nm.
In other words, it is possible to individually control the amplitudes and
phases of each coding element, at a specific frequency, by acting on the
STC sequences. Therefore, for an arbitrary 3-D STC matrix derived from
Equation (38), the corresponding feeding currents can be calculated through
Equation (44).

3.3.1 Equivalent Phase Coverages

The equivalent phases ψ
(ν)
nm = ∠a(ν)nm of each coding element can be designed

independently at any harmonic order ν through a suitable selection of the
corresponding time-coding sequence. A comprehensive theoretical investi-
gation into the phase coverage achievable at different harmonic frequencies
was previously reported in Ref. [28]. In the 1-bit scenario, where the cod-
ing elements are restricted to only 0◦ or 180◦ phase responses, the resultant
equivalent phase coverages are illustrated in Figure 29a. It can be readily ob-
served that the phase coverage spans a full 360◦ at all harmonic frequencies,
with the sole exception of the central frequency (ν = 0). This observation
can be rigorously explained by noting that the equivalent phase ψ

(0)
nm at the

central frequency is fundamentally determined by the expression:

ψ
(0)
nm = arg

(
1
L

L

∑
l=1

Γ(l)
nm

)
, (47)

which clearly dictates that ψ
(0)
nm can only assume values of either 0◦ or 180◦.

To mitigate this constraint, the authors extended their study to the phase
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coverages of 2-bit digital coding elements, which possess four distinct phase
states: 0◦, 90◦, 180◦, and 270◦. As depicted in Figure 29b, the equivalent
phase coverages at the central frequency are shown to achieve nearly 360◦,
provided that the time-coding sequences associated with each element are
of sufficient length.

a b

Figure 29: Equivalent phase coverages of digital coding elements, at different har-
monic frequencies [28]. a) 1-bit case. b) 2-bit case.

In contrast, the control systems and biasing circuitry required for con-
ventional programmable metasurfaces with more than 2 bits are inherently
complex. To realize non-modulated elements with higher-bit coding, such as
3-bit resolution, additional diodes must typically be incorporated into the el-
ement design. This necessity leads to a significantly complicated layout and
poses considerable challenges to the control system’s architecture. However,
the proposed STC-DMs offer an elegant, simplified approach for achieving
nearly 360◦ phase coverage at both the central and all harmonic frequencies.
This capability means that high-bit programmable metasurfaces can be im-
plemented simply by suitably tailoring the time-coding sequences, entirely
circumventing the need for intricate layouts and complex control systems.

3.4 representative applications

Using the theoretical model introduced earlier, STC-DMs can be employed
to manipulate EM waves, both in the spectral and spatial domains. Further-
more, by carefully designing the STC matrix, information processing can be
performed not only in the spatial domain but also in the temporal domain.
In this section, we will primarily focus on the phase modulation scheme of
the reflection coefficient, where the amplitudes A(l)

nm of each coding element
remain constant, while the phases φ

(l)
nm take discrete values in accordance
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with a STC matrix, in order to discuss representative and significant applica-
tions of STC-DMs.

3.4.1 Harmonic Beam Manipulations

3.4.1.1 Harmonic Beam Steering

An application inspired by STC-DMs is the harmonic beam steering, through
which the main beam of the reflected field is directed along different direc-
tions corresponding to different harmonics [28], as shown in Figure 27. In
Ref. [28], a simple STC matrix is proposed, shown in Figure 30, through
which harmonic beam steering can be realized. However, this scheme
presents unbalanced power distributions. To address the problem, the Binary
Particle Swarm Optimization (BPSO) algorithm has been used to optimize the
STC matrix, in order to equalize power levels at different frequencies [28].

Figure 30: The 3-D STC matrix and its corresponding 2-D coding matrix [28].

In this case, a STC-DM consisting of 8× 8 elements with dimensions equal
to half the wavelength was considered, along with a 1-bit temporal coding
sequence of length L = 10. The elements of the metasurface belonging to
the same column share the same temporal coding sequence, which allows
the original 3-D coding matrix to be reduced to a 2-D matrix, shown in Fig-
ure 31a. According to this coding matrix, the scattering patterns obtained for
the various harmonics, shown in Figure 31b–d, were numerically calculated
using Equation (46). As observed, the radiation peak approximately main-
tains the same amplitude value across different harmonics and lies along
different directions. To experimentally verify this behavior, a STC-DM was
designed to operate at a frequency of 10 GHz [28]. When the PIN diode
integrated into the coding element is in the “ON” and “OFF” states, the re-
flection coefficient exhibits a phase difference of 180◦. In the case of 1-D beam
steering, the eight coding elements in the same column of the metasurface
are supplied with the same voltage via FPGA hardware, which provides
eight control voltages in accordance with the coding matrix in Figure 31a.
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a b

c

d

Figure 31: a) Optimized 2-D STC matrix. b–d) Corresponding 1-D scattering pat-
terns, obtained for ϕ = 90◦, 2-D, and 3-D, respectively, for different
harmonics [28].
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Using a modulation frequency of f0 = 0.5 MHz, the measured scattering
patterns are in agreement with the theoretical ones.

a b

c d e

Figure 32: a) STC matrix. b) Corresponding 1-D scattering patterns, obtained for
ϕ = 90◦. c,d) Amplitude and phase distributions corresponding to dif-
ferent harmonics. e) Corresponding 2-D scattering pattern at the central
frequency [28].

From the beam steering example just discussed, it is noted that for har-
monic orders (ν ̸= 0), the radiation peak can be oriented along a direction
different from the broadside direction, while at the central frequency (ν = 0),
the radiation peak always lies along the broadside when using a 1-bit STC
matrix. This limitation is a consequence of Equation (44), where 1-bit tem-
poral coding sequences can produce equivalent phases of 0◦ and 180◦ at
the central frequency. To relax this constraint, a multi-bit coding scheme has
been adopted in the physical realization of the metasurface [28]. Therefore,
an example of beam steering at the central frequency has been proposed,
where the STC-DM is analogous to the one used in the previous example,
but the length of the temporal coding sequences is L = 8 and a 2-bit coding
is employed.

Figure 32a shows the 2-bit STC matrix used. The amplitudes and equiva-
lent phases of these eight coding elements at different harmonics are shown
in Figure 32c,d. It is observed that the proposed STC matrix exhibits a re-
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sponse equivalent to a 3-bit coding and a phase gradient at the central fre-
quency. In accordance with the generalized Snell’s laws [4], this phase dis-
continuity allows the radiation peak to be steered along a direction different
from the broadside. Figure 32b shows the 1-D scattering patterns at different
harmonics, while Figure 32e shows the 2-D scattering pattern at the central
frequency fc.

3.4.1.2 Beam Shaping at the Central Frequency

Using the eight temporal coding sequences shown in Figure 33a, an exam-
ple of beam shaping at the central frequency was proposed [28], through
which it was possible to shape the main beam of the scattering pattern. The
STC-DM was segmented into eight sectors, with each sector using the same
temporal coding sequence. Figure 33a,b show the amplitudes and phases
corresponding to the central frequency, where the phases equivalent to a
3-bit coding follow a spiral pattern and can generate a vortex beam. The cor-
responding 2-D scattering pattern is shown in Figure 33c, where the typical
behavior of a vortex beam with Orbital-Angular-Momentum (OAM) of order
ℓ = 1 [77] can be recognized at the central frequency.

a b c

Figure 33: Application of STC-DMs in beam shaping [28]. a,b) Amplitude and
equivalent phase distributions to generate the vortex beam at the cen-
tral frequency. c) Corresponding 2-D scattering pattern at the central
frequency.

3.4.1.3 Multi-Frequency Beam Shaping and Steering

In Section 3.4.1.1, a harmonic beam steering method was introduced, en-
abling the orientation of the radiation maximum at different frequencies
through numerical optimization using the BPSO algorithm. However, the
applicability of optimization methods is constrained by their computational
complexity. A limitation of STC schemes is the intrinsic coupling of multi-
frequency synthesis [28], derived from Equation (44). From this equation, it
can be seen that the equivalent amplitudes |a(ν)nm| and the equivalent phases
∠a(ν)nm depend on all the reflection coefficients Γ(l)

nm of the temporal coding
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sequence. Therefore, conventional STC schemes do not allow independent
multi-frequency synthesis of scattering patterns. To overcome this limitation,
a new coding technique has been proposed based on temporal coding se-
quences designed from appropriate subsequences, to decouple the multi-
frequency synthesis [78].

a b

Figure 34: a) Conceptual representation of multi-frequency synthesis using a STC-
DM. b) Diagram of the coding subsequences [78].

As shown in Figure 34a, a digital metasurface encoded with the approach
proposed in Ref. [78] can independently and simultaneously synthesize as-
signed scattering patterns at multiple frequencies. In Ref. [78], the phase
values of the reflection coefficient of the STC-DM are quantized by the
number of available coding states S over the interval (0◦, 360◦). Thus, for
the 1-bit case (S = 2), we have Γ(l)

nm ∈ {1,−1}, while for the 2-bit case,
Γ(l)

nm ∈ {1, j,−1,−j}, and so on. Figure 34b schematically shows the pro-
posed strategy, based on coding subsequences. As hypothesized in Ref. [78],
the problem was formulated in terms of Q coupled harmonic syntheses
(ν = 0, . . . , Q − 1). To address this, each temporal coding sequence is broken
down into Q coding subsequences, each of length P. Thus, the total length
of the temporal coding sequence over a period T0 is L = PQ. Omitting the
nm subscripts for simplicity of notation, the temporal coding sequence com-
posed of the subsequences can be expressed as [78]

ΓpQ+q+1 = ΩpqΓq+1, p = 0, . . . , P − 1,

q = 0, . . . , Q − 1,
(48)

where Ωpq are coefficients that introduce a phase delay. Therefore, the com-
plex quantities expressed by Equation (44) can be rewritten as [78]

a(ν) = c(ν)
Q−1

∑
q=0

Γq+1α
(ν)
q e−j 2πνq

L , (49)

where
c(ν) =

1
L

sinc
(πν

L

)
e−j πν

L (50)
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are coefficients that describe how the spectrum decays at the ν-th harmonic
order, while the terms

α
(ν)
q =

P−1

∑
p=0

Ωpqe−j 2πνp
P (51)

can be interpreted as digital filters to be appropriately designed by adjust-
ing the coefficients Ωpq to decouple the syntheses at different frequencies.
Decoupling the syntheses is equivalent to requiring that

α
(ν)
q ∝ δ̃qν, (52)

where

δ̃qν =

1, q = ν

0, q ̸= ν
, q, ν = 0, . . . , Q − 1, (53)

denotes a reduced Kronecker delta, defined over a restricted subset of in-
dices. In this context, each coding subsequence acts on a specific harmonic,
enabling decoupled multi-frequency synthesis. To determine the coefficients
Ωpq such that α

(ν)
q ∝ δ̃qν, the following minimization problem was solved:

min
Ωpq

wwww P−1

∑
p=0

Ωpqe−j 2πνp
P − χδ̃qν

wwww, ν = 0, . . . , Q − 1, (54)

where ∥·∥ denotes an appropriate norm and χ ̸= 0 is a constant. This prob-
lem admits a straightforward solution when the number of harmonics of
interest Q does not exceed the number of available quantized phase states
S that the phase of the reflection coefficient can assume—i. e., when Q ≤ S.
Therefore, by choosing P = S, one obtains

Ωpq = ej 2πpq
S . (55)

To demonstrate the effectiveness of this approach, in Ref. [78], a STC-DM
with 2-bit encoding (S = 4) consisting of 16 × 16 programmable elements
was considered. The proposed technique was applied to perform a synthesis
at Q = 4 harmonic frequencies, using coding subsequences of length P = 4.
Consequently, the total length of the temporal coding sequence fitting within
one period is L = PQ = 16. Figure 35a shows the synthesized sequences for
the complex-valued equivalent amplitudes a(ν) corresponding to the first
four harmonic orders, while Figure 35b shows the corresponding 2-D scat-
tering patterns of the field reflected by the metasurface. It can be seen that
the four scattering patterns corresponding to the harmonic frequencies were
synthesized independently.

Due to the inherent periodicity of the digital-filter terms in Equation (51),
the syntheses performed at the first Q harmonic orders repeat periodically,
with progressively decreasing amplitudes following the spectral decay de-
scribed in Equation (50). This behavior leads to reduced spectral efficiency,
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a

b

Figure 35: a) Synthesized sequences for the complex-valued equivalent ampli-
tudes a(ν) corresponding to the first four harmonic frequencies. b) Cor-
responding 2-D scattering patterns, determined numerically [78].

since energy is periodically spread across replicated harmonic bands, limit-
ing the effective utilization of available spectral resources.

Overall, the proposed approach for performing multi-frequency scattering
pattern synthesis in Ref. [78] provides greater versatility to STC-DMs and en-
ables promising applications in the fields of wireless communications, radar,
imaging, and other more advanced processing systems. Finally, it is worth
highlighting that this encoding technique inherits the programmability fea-
ture in the context of digital metasurfaces, meaning that scattering patterns
can be dynamically modified by adjusting the coding sequences loaded from
an FPGA.

3.4.2 Scattering Reduction

In radar and stealth technologies, reducing the scattering contribution from
a target, that is, reducing its Radar Cross Section (RCS), is a fundamental
problem. Many methods have been devised for RCS reduction. For exam-
ple, some conventional materials are capable of absorbing the EM energy
incident on them, while metasurfaces based on the phase cancellation prin-
ciple can scatter the incident wave in multiple directions in the spatial do-
main [14, 15, 79]. Moreover, a phase-switching screen has been proposed to
redistribute the scattered power to the odd harmonic orders in the frequency
domain [80]. In this context, a new method has been proposed, enabled by
STC-DMs, to redistribute the energy of the reflected wave both in the spa-
tial and spectral domains [28], deviating from conventional approaches and
allowing for a greater reduction of RCS.
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a b

Figure 36: Control of scattering through a STC-DM [28]. a) Optimized 2-D spatial
coding matrix and 3-D STC matrix to achieve RCS reduction. b) Corre-
sponding scattering patterns at various harmonics.

Figure 37: Maxima of the reflected field scattering patterns corresponding to the
3-D coding matrix in Figure 36a, for harmonic orders between −50th
and +50th [28].

Considering the spatial coding matrix proposed in Ref. [28], shown at the
top of Figure 36a, the corresponding reflected power is distributed more
uniformly over the spatial domain, and the maximum reflected power is re-
duced by ≈ 12.7 dB compared to the result obtained using a metal screen, as
shown in Figure 36b. Subsequently, an arbitrary temporal coding sequence
was applied to optimize the spatial coding matrix, resulting in the 3-D STC
matrix shown at the bottom of Figure 36a. In this case, the incident power
can be redistributed more evenly, both in the spatial and spectral domains,
and the maximum reflected power across the considered harmonic orders is
further reduced by ≈ 8.82 dB, when compared to the result obtained using
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the matrix characterized by spatial coding alone. The scattering patterns at
the various harmonic orders are shown in Figure 36b.

Furthermore, Figure 37 displays the maxima of the scattering patterns
from the metasurface at harmonic orders ranging from the −50th to the
+50th, corresponding to the 3-D STC matrix presented in Figure 36a. It can
be observed that the maximum intensity gradually diminishes as the har-
monic frequency increases. Thus, by utilizing STC, the reflected power can
be effectively reduced in both the spatial and spectral domains, leading to a
more significant reduction in RCS.

3.4.3 Generation of Multi-bit Programmable Phases

Multi-bit programmable metasurfaces offer low quantization error and pro-
vide more precise control over EM waves, enhancing versatility and enabling
more complex functionalities. 1-bit and 2-bit programmable metasurfaces
have been developed for integration with active devices and FPGA hardware.
However, creating multi-bit programmable metasurfaces using PIN diodes
presents significant challenges. To overcome this, alternative methods have
been explored, such as the use of varactor diodes, liquid crystals, and micro-
electromechanical systems. Despite these efforts, these approaches still fall
short of achieving continuous phase modulation within the range [0, 2π].

In Ref. [81], a 2-bit programmable metasurface was designed to achieve
nearly continuous phase modulation, as conceptually shown in Figure 38a.
Figure 38b shows a schematic representation of the vector synthesis method
proposed to analyze the phase coverage obtained. With the help of this tem-
poral coding strategy, it was possible to synthesize the phase values corre-
sponding to a 4-bit coding and those corresponding to a higher-order coding.
The reflection coefficients, i. e., exp (jφ00), exp (jφ01), exp (jφ10), exp (jφ11),
of the original 2-bit coding are represented in the complex plane by four base
vectors (in red), as shown in Figure 38b. Assuming unit-amplitude reflection
coefficients of the 2-bit programmable metasurface, the reflection coefficients
obtained at the central frequency fc and the first harmonic frequency fc + f0

can be obtained from Equation (44) and are given by:

a(0) =
1
L

L

∑
l=1

Γ(l) = A0ejψ(0)
, where Γ(l) ∈ {ejφ00 , ejφ01 , ejφ10 , ejφ11},

a(1) =
1
L

sinc
(π

L

) L

∑
l=1

Γ(l)e−j π(2l−1)
L = A1ejψ(1)

.

(56)

By appropriately designing the temporal coding sequence, new vectors (in
green) with arbitrary phases ψ(ν) can be synthesized through a linear combi-
nation of the base vectors [81]. It can be observed from from Figure 38c,d that
nearly continuous phase modulation can be obtained in the range [0, 2π] at
both the central frequency and the first harmonic frequency by properly de-
signing the 2-bit temporal coding sequence. Furthermore, some beam steer-
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a b

c d

e

Figure 38: Generation of multi-bit programmable phases [81]. a) Conceptual rep-
resentation of a multi-bit programmable metasurface controlled by an
FPGA. b) Synthesis of the vectors in the complex plane to gener-
ate multi-bit programmable phases. c,d) Distribution of the equivalent
phase at the central frequency and the first harmonic frequency, respec-
tively. e) Comparison of the scattering patterns corresponding to the
original codings (1-bit and 2-bit) with those corresponding to the equiv-
alent codings (3-bit and 4-bit).

ing examples have been proposed to validate the effectiveness of the tempo-
ral coding method. Figure 38e shows the scattering patterns corresponding
to the original 1-bit and 2-bit codings, as well as those corresponding to the
equivalent 3-bit and 4-bit codings. In this figure, it can be observed that, in
the scattering patterns associated with the original codings, the main lobes
are prominent, whereas, in the case of the equivalent codings, the side lobes
are attenuated. For experimental validation, a prototype of a programmable
metasurface controlled by an FPGA was designed and tested, with the mea-
sured results showing strong agreement with the numerical predictions. Fur-
ther details and additional results can be found in Ref. [81].

Therefore, the temporal coding strategy presented in Ref. [81] provides
an alternative approach for designing multi-bit programmable metasurfaces,
avoiding the need for complex control systems.

3.4.4 Nonreciprocal Effects

Based on the work of Yu et al. [4], regarding the generalized Snell’s laws,
metasurfaces have enabled the possibility of engineering the wavefront and
other properties of EM waves. However, metasurfaces that only introduce a
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spatial discontinuity of the phase gradient are constrained by Lorentz reci-
procity. This implies that, for instance, the time-reversed version of a re-
flected wave propagates in the same direction as the original incident wave,
maintaining the same frequency.

Overcoming the limits imposed by reciprocity has attracted attention
mainly for the potential applications in communication systems. In wireless
communication systems, a nonreciprocal antenna could radiate an EM field
with high directivity without being limited in receiving the reflected com-
ponent. One way to achieve nonreciprocal effects, especially at microwave
frequencies, is to use magnetic materials such as ferrites. These materials,
however, are bulky, expensive, and difficult to integrate and scale to optical
wavelengths. For this reason, new approaches based on temporally modu-
lated devices have been proposed, which are less costly and offer greater
prospects for integration.

In 2015, Shaltout et al. [9] proposed to exploit the temporal discontinuity
of the phase gradient, achieved on time-varying metasurfaces, in order to
break Lorentz reciprocity. In this work, a plane wave with phase ψ(r, t) =

kc · r − 2π fct was considered, impinging on a time-varying metasurface. For
a plane wave, the frequency and the wave vector can be expressed as:

fc = − 1
2π

∂ψ

∂t
, (57a)

kc = ∇ψ. (57b)

As a result of the interaction with the metasurface, the phase ψr(r, t) of the
reflected wave experiences a shift relative to the phase ψ(r, t) of the incident
wave:

ψr(r, t) = ψ(r, t) + ψms(r, t), (58)

where ψms(r, t) represents the phase shift introduced by the metasurface. By
applying the relations in (57), it follows that the frequency and wavenumber
of the wave reflected by the time-varying metasurface satisfy the following
relations:

fr = fc −
1

2π

∂ψms

∂t
, (59a)

kr = kc +∇ψms. (59b)

This highlights how, through spatial modulation of the metasurface alone,
it is possible to manipulate the spectrum in the wave vector domain. By
introducing temporal modulation to the metasurface, it becomes possible to
also control the behavior of the incident wave in the frequency domain.

3.4.4.1 Programmable Nonreciprocal Effects

In recent years, several experimental works based on STC-DMs have been
proposed to overcome Lorentz reciprocity by introducing an appropriate
space-time phase gradient [29, 82].
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a b

Figure 39: Nonreciprocal effect achieved through a time-varying metasurface [9].
a) Reflection angle achieved through a time-varying metasurface. b) Re-
flection angle in the time-reversed case.

a b

Figure 40: Nonreciprocal effect achieved through a STC-DM [29]. a) Conceptual
representation of the nonreciprocal reflection phenomenon based on
the STC-DM. b) Prototype of the 2-bit programmable metasurface.

In particular, a 2-bit STC-DM has recently been designed to achieve pro-
grammable nonreciprocal effects [29], enabling nonreciprocal reflection ef-
fects along with frequency conversion. In this particular application, a STC-
DM composed of N columns of programmable elements was considered,
where the phase of the reflection coefficient was modulated using integrated
PIN diodes. The metasurface was illuminated by a plane wave impinging at
an angle θi, with a time-harmonic dependence of the form exp(j2π fct). The
reflection coefficient of the n-th element is temporally modulated and can be
represented as a periodic function of time:

Γn(t) =
L

∑
l=1

Γ(l)
n W(l)(t),

where W(l)(t) is the rectangular window defined in Equation (40). Thus, the
phase response of each element can be characterized by a set of encoding
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sequences of length L. With these premises, the field reflected by the meta-
surface, in the far-field region, can be expressed as [29]:

f(θ, ϕ, t) = E(θ, ϕ)
N

∑
n=1

Γn(t)ej 2π
λc (n−1)d(sin θ+sin θi), (60)

where E(θ, ϕ) is the element radiation pattern, assumed identical for all el-
ements, and d is the inter-element spacing. Considering the Fourier series
expansion of the periodic function Γn(t), the reflected field from the meta-
surface in question at the harmonic frequency fc + ν f0 is given by:

F(ν)(θ, ϕ) = E(θ, ϕ)
N

∑
n=1

a(ν)n ej2π(n−1)d
(

sin θ
λr +

sin θi
λc

)
, (61)

where λr = c/( fc + ν f0) is the wavelength at the ν-th harmonic order, and
a(ν)n are the Fourier coefficients of Γn(t), already defined in Equation (44):

a

b

Figure 41: a) 2-D STC matrix. b) Equivalent amplitudes and phases [29].

Figure 40a schematically shows the nonreciprocal effect in a system based
on a STC-DM. By properly designing the STC sequence, a plane wave oscil-
lating at frequency f1 and incident at angle θ1 will be reflected at an angle
θ2 with frequency f2. In the time-reversed scenario, the incident wave at an-
gle θ2 and frequency f2 will be reflected at an angle θ3 ̸= θ1 and frequency
f3 ̸= f1. This effect represents a phenomenon that overcomes Lorentz reci-
procity.
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To achieve this nonreciprocal behavior, a STC-DM has been designed, con-
sisting of 16 programmable columns and a temporal coding sequence of
length L = 4, as represented by the STC matrix in Figure 41a. Each con-
stituent element is subject to a temporal gradient phase of π/2, and the
temporal coding sequences are progressively delayed by a time interval of
T0/4, such that each pair of adjacent elements exhibits a phase difference of
π/2 in every temporal interval. The distributions of equivalent amplitudes
and phases, determined using Equation (44), are shown in Figure 41a, from
which it can be observed that the proposed STC leads to an anomalous re-
flection, where the EM energy is primarily concentrated in the first positive
harmonic (ν = 1).

Referring to the case of direct incidence shown in Figure 40a, for a plane
wave incident at frequency fc and wavenumber k = 2π fc/c, the main re-
flected component is located at the first positive harmonic frequency fc + f0

and wavenumber k + ∆k = 2π( fc + f0)/c. The relationship between the inci-
dent angle θ1 and the reflection angle θ2 is [9]:

(k + ∆k) sin θ2 = k sin θ1 +
∂ψ

∂x
. (62)

Referring to the time-reversed case shown in Figure 40a, and assuming
that the incident wave has a frequency fc + f0 and wavenumber k + ∆k =

2π( fc + f0)/c, the main reflected component is located at a frequency fc +

2 f0 and a wavenumber k + 2∆k = 2π( fc + 2 f0)/c. In this case, the relation-
ship between the incident angle θ2 and the reflection angle θ3 is given by [9]:

(k + 2∆k) sin θ3 = (k + ∆k) sin θ2 −
∂ψ

∂x
. (63)

From Equations (62) and (63), it can be found that the reflection angles
for the direct case, θ2, and the time-reversed case, θ3, satisfy the following
relationships [29]:

sin θ2 =
k sin θ1 +

∂ψ
∂x

k + ∆k
=

sin θ1 − λc
4d

1 + f0
fc

, (64a)

sin θ3 =
k

k + 2∆k
sin θ1 =

sin θ1

1 + 2 f0
fc

. (64b)

The reflected wave in the time-reversed case does not propagate along the
same direction as the incident wave in the direct case and also exhibits a fre-
quency shift of 2 f0, thus demonstrating the breaking of Lorentz reciprocity
in both the spatial and frequency domains.

To quantify the difference in the tilt angle between the reflected wave in
the time-reversed case and the incident wave in the direct case, a deviation
factor has been defined [29]:

∆1,3 = |sin θ3 − sin θ1| =
sin θ1

1 + fc
2 f0

, (65)
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which is nonzero in the case of oblique incidence. Therefore, Equation (65) in-
dicates that the deviation ∆1,3 increases with the ratio f0/ fc and the incident
angle θ1. If the modulation frequency f0 is much lower than the operational
frequency fc, it might be impossible to observe a spatial separation. However,
by appropriately increasing the ratio f0/ fc and the incident angle θ1, the spa-
tial separation ∆1,3 can reach values on the order of a few degrees [29].

3.4.5 Nonlinear Effects

Besides PIN diodes, varactor diodes can be employed to realize Time-
Domain Coding (TDC) metasurfaces, providing finer modulation control over
time-varying states. In particular, temporally encoded digital metasurfaces
have been utilized to generate nonlinear harmonic components in the re-
flected EM waves [25, 83], as illustrated in Figure 42a.

a b

c

Figure 42: a) Conceptual illustration of TDC digital metasurfaces for spectral ma-
nipulations. b) Geometry of the programmable element based on a var-
actor diode. c) Spectral intensities corresponding to a phase modulation
performed through 1-bit and 2-bit temporal coding sequences [25].

In Ref. [25], a TDC sequence was considered such that the time-varying
reflection coefficient Γ(t), which describes the entire metasurface, is tem-
porally modulated with period T0 = 1/ f0. Assuming that the TDC digital
metasurface is illuminated by a monochromatic plane wave E(i) with nor-
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mal incidence and a harmonic time dependence of the form exp(j2π fct), the
reflected wave E(r), in the frequency domain, can be represented as follows:

E(r)( f ) = Γ( f ) ∗ E(i)( f )

= δ( f − fc) ∗
+∞

∑
ν=−∞

a(ν)δ( f − ν f0)

=
+∞

∑
ν=−∞

a(ν)δ( f − fc − ν f0),

(66)

where the ∗ symbol denotes the convolution operation, δ( f ) represents the
Dirac delta function, and a(ν) is the Fourier coefficient of the periodic func-
tion Γ(t) corresponding to the ν-th harmonic. From Equation (66), it follows
that the reflected wave is a linear superposition of EM waves at different
harmonic frequencies fc + ν f0. However, in certain light-matter interaction
scenarios, additional nonlinear effects may occur, where components at har-
monics different from the fundamental appear.

Figure 42b shows the geometry of a TDC digital metasurface, where each
constituent element is composed of two rectangular patches connected via a
varactor diode. Several experimental demonstrations based on a TDC dig-
ital metasurface, implemented by integrating varactor diodes, have been
proposed to demonstrate the operating principle of a programmable non-
linear effect [25]. Figure 42c shows the spectral distributions corresponding
to a phase modulation obtained through 1-bit and 2-bit temporal coding se-
quences. Using the 1-bit time-coding sequence, the incident power is trans-
ferred to the odd harmonics of the reflected wave with a symmetric spectral
distribution. The 2-bit time-coding sequence, on the other hand, primarily
redirects the incident power to the first harmonic with an asymmetric spec-
tral distribution [25].

3.4.5.1 Nonlinear Programmable Effects

From Equation (44), it follows that one of the main limitations of STC-DM
arises from the intrinsic coupling between the amplitudes and phases of the
coefficients a(ν)nm at the various harmonics. Therefore, a recent study based
on TDC digital metasurfaces proposed a method to independently control
the amplitude and phase values at different frequencies using time-varying
signals [83]. Figure 43a shows a conceptual representation of a TDC meta-
surface, in which the phase of the reflection coefficient is periodically mod-
ulated in time through a square wave oscillating between two phase values,
ϕ1 and ϕ2, corresponding to two bias voltages, V1 and V2.

To decouple the amplitudes and phases at the various harmonics, a time
delay t0 was introduced in the reflection coefficient Γ(t), leading to an addi-
tional phase shift of −2π f0t0 in the frequency domain, while leaving the am-
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a b

c

Figure 43: a) Conceptual representation of a TDC digital metasurface for indepen-
dently controlling the amplitudes and phases at the various harmonics.
b) Measured equivalent amplitudes and phases at different harmonics,
corresponding to different combinations of the bias voltages V1 and V2.
c) Scattering patterns measured at the first harmonic for three different
spatial codings [83].

plitudes corresponding to the ν-th harmonic unchanged [83]. The reflected
spectral distribution can be expressed as:

E(r)( f ) = 2πAejΦ2 cos Φ1 · E(i)( f ) +

+
+∞

∑
ν=−∞

4A
2ν − 1

ej[Φ2−(2ν−1)2π f0t0] sin Φ1 · E(i)( f − (2ν − 1) f0),
(67)

where Φ1 = (ϕ1 − ϕ2)/2, Φ2 = (ϕ1 + ϕ2)/2, A is a constant, and ν ∈ Z.
From Equation (67), it can be observed that the spectral components of

the reflected waves appear only at the central frequency (ν = 0) and at
odd harmonics, due to the properties of the Fourier transform of the square
wave [83]. Furthermore, the amplitudes of the reflected waves at the central
frequency and at the odd-order harmonics can be controlled by adjusting
the phase difference ϕ1 − ϕ2, and the time delay t0 provides an additional
degree of freedom to control the phases at the odd harmonics while keeping
the amplitudes unchanged. This enables independent manipulation of the
amplitudes and phases at the harmonic frequencies.

To experimentally verify the described nonlinear phenomenon, a TDC dig-
ital metasurface prototype controlled via an FPGA was designed and charac-
terized in Ref. [83]. Figure 43b shows the measured amplitudes and phases
at various harmonics for three different combinations of the voltages V1 and
V2 applied to the metasurface. Subsequently, time delays of 0 and T0/2 were
introduced to different columns of the metasurface, implementing a spatial
coding consisting of “0” and “1” elements in order to perform beam shap-
ing. Figure 43c shows three sets of radiation patterns measured at the first
positive harmonic, obtained using three different spatial coding sequences.
From the results presented in Ref. [83], it is observed that different combina-
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tions of the bias voltages V1 and V2 allow the control of the radiation power
intensity, while preserving the beam shapes.

3.4.6 Polarization Conversion

In the applications presented so far, digital metasurfaces can only function in
a single polarization context. In Ref. [84], an anisotropic digital metasurface
was proposed to achieve programmable polarization conversions at the cen-
tral frequency and harmonic frequencies. Based on the theory of nonlinear
effects discussed in Section 3.4.5, a general theory was proposed to control
the polarization of the reflected wave.

In Ref. [84], the polarization conversion problem was expressed in terms of
a matrix Γ(t), introduced to characterize the effects of anisotropic reflection:

Γ(t) =

(
Γxx(t) Γxy(t)

Γyx(t) Γyy(t)

)
. (68)

Since Ke et al. [84] consider an anisotropic digital metasurface, we have Γxx ̸=
Γyy and the off-diagonal terms are nearly zero. Therefore, the anisotropic
reflection effect can be expressed by the following equation:

E(r)(t) = E(r)
x (t) x̂ + E(r)

y (t) ŷ

= E(i)
x (t)Γxx(t) x̂ + E(i)

y (t)Γyy(t) ŷ,
(69)

where E(r)
· (t) and E(i)

· (t) represent the components of the reflected and in-
cident waves, respectively. Considering a monochromatic incident wave, ex-
pressed as

E(i)(t) = (A0xejφ0x x̂ + A0yejφ0y ŷ)ej2π fct,

Equation (69) can be rewritten as:

E(r)(t) =
[
|A0xΓxx(t)|ej(φ0x+φxx(t)) x̂ + |A0yΓyy(t)|ej(φ0y+φyy(t)) ŷ

]
ej2π fct, (70)

From Equation (70), it follows that one can act on the polarization of the in-
cident wave, at the central frequency, by appropriately programming Γxx(t)
and Γyy(t).

3.4.6.1 Programmable Polarization Conversion

As shown in Figure 44a, the metasurface is illuminated with a linearly po-
larized wave. When the phase difference ∆φ = φxx(t) − φyy(t) = π/2
and |A0xΓxx(t)| = |A0yΓyy(t)|, the metasurface reflects a wave with right-
handed circular polarization. Additionally, a left-handed circularly polarized
reflected wave can also be obtained by setting ∆φ = −π/2. Otherwise, an
elliptically polarized reflected wave can be achieved. However, due to lim-
itations in modulating the reflection coefficient amplitudes, it is likely that
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a b

Figure 44: a) Conceptual representation of polarization conversion through a TDC
digital metasurface. b) Polarization conversion diagrams associated
with different combinations of phase responses along x and y [84].

there is no substantial difference between |Γxx(t)| and |Γyy(t)|. Therefore, the
condition |A0xΓxx(t)| = |A0yΓyy(t)| is not necessarily satisfied when consid-
ering an incident wave with arbitrary polarization.

To overcome this issue, Ref. [84] designed the reflection coefficient as a
square wave with a tunable duty cycle Dc, which is adjustable along the po-
larization directions. By increasing Dc, |E(r)

y ( fc)| is attenuated while φ
(r)
y ( fc)

remains unchanged. Therefore, by adjusting the phase response φxx so that
φ
(r)
x = φ

(r)
y ( fc), a linearly polarized wave can be obtained whose electric

field is oriented along an arbitrary direction, defined by the following polar-
ization angle:

αpol = arctan

(∣∣∣∣∣E
(r)
y ( fc)

A0x

∣∣∣∣∣
)

.

Figure 44b shows the polarization conversion diagrams associated with dif-
ferent combinations of phase responses along x and y, corresponding to
different values of Dc.

Subsequently, the reflection coefficient was designed as a square wave
with Dc = 50% to achieve polarization conversion effects at the harmonic fre-
quencies of the reflected field. Considering a reflection coefficient polarized
along y and introducing a time delay of T0/4, according to Equation (67), the
reflected wave is LHCP at the first negative harmonic, while a RHCP wave
is observed at the first positive harmonic. Moreover, it was observed that by
varying the introduced time delay, different nonlinear polarization conver-
sion effects can be achieved. By also introducing a phase shift φ0 = π/2 in
the phase response polarized along y, LHCP reflected waves were obtained
at the first harmonic frequency. Similarly, if a phase shift φ0 = π/2 is added
to the phase response polarized along x, RHCP reflected waves are observed.
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In general, by introducing a time delay t0 in the phase response polarized
along y and a phase shift φ0 in the phase response polarized along x, the
following occurs [84]:

∆φ(r)( f ± f0) = φ
(r)
x ( f ± f0)− φ

(r)
y ( f ± f0) = φ0 ∓ f0t0, (71)

Therefore, using Equation (71), it is possible to easily derive the values of t0

and φ0 through which the nonlinear polarization effect can be engineered.

a b

Figure 45: a) Conceptual illustration of the TDC anisotropic digital metasurface.
b) Prototype of the digital metasurface designed in Ref. [84].

In Ref. [84], to experimentally verify the results that were obtained through
theoretical analysis, a TDC anisotropic digital metasurface was designed and
thoroughly characterized, as shown in Figure 45. Each constitutive element
of the metasurface was obtained by integrating two varactor diodes between
two rectangular metallic patches. As the applied bias voltage changes, the
capacitance of the varactor diodes changes, allowing the independent de-
sign of phase responses along different polarization directions. Moreover,
the pairs of rectangular patches enable the polarization isolation condition
(off-diagonal elements of the matrix defined in Equation (68) being nearly
zero) and eliminate the crosstalk component between the phase responses
associated with different polarization directions. In this way, independent
control of the phase responses along the two polarization directions can be
achieved.

3.4.7 Polarization Multiplexing

Typical metasurface-based configurations exhibit static polarization behav-
ior when the geometric parameters are fixed, making dynamic polarization
control an area of interest. In particular, polarization manipulation can be
achieved by exploiting nonlinear effects, while frequency conversion is im-
plemented using time-varying platforms.
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Programmable metasurfaces integrated with active elements can be em-
ployed to simultaneously control both polarization and frequency. For in-
stance, it has been demonstrated that polarization can be manipulated us-
ing anisotropic metasurfaces integrated with varactor diodes, which are
appropriately controlled through bias voltages [85]. Moreover, it has been
shown that the polarization plane of an incident wave can be rotated using
a metasurface with dynamically tunable properties [86]. However, these ap-
proaches offer limited control, as they operate in a linear and time-invariant
regime. This constraint prevents the simultaneous realization of frequency
and polarization conversion.

Figure 46 conceptually illustrates the architecture of a polarization multi-
plexing scheme implemented using an anisotropic STC-DM [87]. Each ele-
ment of the metasurface is composed of two partitions that independently
control the x- and y-polarized components of the EM waves.

Figure 46: Architecture of the polarization multiplexing scheme based on an
anisotropic STC-DM [87]. Coding sequences 1 and 2 are time-varying
waveforms that drive the varactor diodes.

A linearly polarized plane wave, whose polarization direction is not
aligned with either the x or y axis, is used as the incident wave to illumi-
nate the metasurface perpendicularly. Due to its anisotropy, the metasur-
face decomposes the incident electric field into two orthogonal components,
thereby producing x- and y-polarized fields. As a result, the metasurface si-
multaneously generates two independent reflected waves. Consequently, by
dynamically adjusting the reflection coefficients corresponding to the two
polarization directions in real time, it is possible to independently control
the amplitudes and phases of the x- and y-polarized reflected waves.
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The dual-polarization reflection property can be described using a Jones
matrix H(t), that adheres to the structure of the matrix in Equation (68) and
can be expressed as

H(t) =

(
|Γxx(t)|ejΦxx(t) 0

0 |Γyy(t)|ejΦyy(t)

)
, (72)

where the off-diagonal elements are considered null to model the cross-
polarization isolation property of the metasurface, and the elements along
the main diagonal are expressed using phasor notation.

3.4.7.1 Frequency-Polarization Multiplexing

From Equation (72) and the general theory presented in Section 3.4.6, it is
evident that the simultaneous and independent control of time-varying po-
larization coefficients is achieved by dynamically adjusting the reflection co-
efficients corresponding to the two polarization directions, Γxx(t) and Γyy(t),
thereby enabling the realization of a polarization conversion scheme.

a b

c

Figure 47: Conceptual illustration showing the time-division multiplexing in a
metasurface [88]. a) Metasurface integrating polarization switches con-
trolled via an FPGA. b) Linear polarization rotation at the central fre-
quency. c) Polarization states obtained at the harmonic frequencies.

As already discussed, an anisotropic metasurface allows the control of
polarization at harmonic frequencies by adjusting the phases of two orthog-
onally polarized waves. However, this paradigm is limited by several factors.
For instance, varactor diodes are used to continuously correct the amplitude
and phase responses along the orthogonal polarization directions, but they
require high bias voltages, which limit the switching speeds. Furthermore, to
achieve optimal results with this approach, the incident polarization should
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be tilted by 45◦ with respect to the array axes, which limits the potential
application fields.

To overcome these restrictions, a time-division multiplexing metasurface
composed of N × M elements integrated with PIN diodes has been pro-
posed [88], as shown in Figure 47a. Unlike traditional schemes based on
phase or amplitude modulation, this approach employs the unit cell as a
polarization switch that enables the transmission of waves polarized along
the x or y direction, depending on the state (“ON” or “OFF”) of the diodes.
Those diodes can be reconfigured by controlling the bias voltages supplied
through the FPGA hardware. This mechanism can operate with arbitrarily
polarized incident waves and makes use of PIN diodes, which require low
bias voltages and exhibit a wide operational bandwidth. In particular, it has
been shown in Ref. [88] that, by consistently designing the time-switching
process, it is possible to arbitrarily rotate the linear polarization at the central
frequency, as illustrated in Figure 47b, and to obtain different polarization
states at the harmonic frequencies.

a b

Figure 48: Periodic modulation of the transmission function T(t) [88]. a) Ampli-
tude behavior of the transmission function. b) Phase behavior of the
transmission function.

As schematized in Figure 48, for each unit cell, the transmission function
is assumed to be periodic with period T, and the modulation frequency is
defined as f0 = 1/T. Within each period, the x-polarization is transmitted
with phase p1 in the interval 0 ≤ t < t1, while the y-polarization is trans-
mitted with phase p2 in the interval t1 ≤ t < T. Therefore, the transmission
function can be defined within one period as follows:

T(t) =

a1ejp1 , 0 ≤ t < t1,

a2ejp2 , t1 ≤ t < T,
(73)

where a1 and a2 denote the amplitude factors associated with the respective
polarizations. As a consequence of the temporal modulation, the transmitted
wave contains spectral components not only at the central frequency fc, but
also at the harmonic frequencies fc ± ν f0. Considering modulation frequen-
cies such that f0 ≪ fc, the amplitudes of the x- and y-polarized components

65



3.4 representative applications

can be explicitly expressed by expanding the transmission function defined
in Equation (73) into a Fourier series of coefficients:

c(ν) =

a1ejp1 Rx + a2ejp2(1 − Rx), ν = 0,

(a1ejp1 − a2ejp2)Rxe−jπν f0t1 , ν ̸= 0.
(74)

Assuming a1 = ax and a2 = 0 for the x-polarization, and a1 = 0 and a2 = ay

for the y-polarization, the complex amplitudes of the two polarizations at
the harmonic frequencies can be obtained by particularizing Equation (74)
as follows:

A(ν)
x =

axejp1 Rx, ν = 0,

axejp1 Rxe−jπν f0t1 , ν ̸= 0,
(75a)

A(ν)
y =

ayejp2(1 − Rx), ν = 0,

−ayejp2 Rxe−jπν f0t1 , ν ̸= 0,
(75b)

where Rx = t1/T is the duty cycle of the transmission function. Thus, at
each harmonic frequency, the polarization angle θ(ν) can be expressed as:

tan θ(ν) =
A(ν)

y

A(ν)
x

=


ay

ax
ej(p2−p1)

(
1 − Rx

Rx

)
, ν = 0,

−
ay

ax
ej(p2−p1), ν ̸= 0.

(76)

From Equation (76), it can be observed that the polarization state obtained
at the central frequency (ν = 0) and at the harmonic frequencies (ν ̸= 0) can
be modified by adjusting the phase difference ∆p = p2 − p1, the amplitude
factors ax, ay, and the duty cycle Rx.

In other words, by varying the phase difference ∆p, an additional degree
of freedom is introduced in the design process of the polarization states at
the harmonic frequencies. However, the PIN diode-based architecture im-
poses limitations on the control that can be exercised over these parameters.
To address this issue, a more general modulation of the transmission func-
tion can be considered:

T(t) =

a1ejφ(t), 0 ≤ t < T/2,

a2ejφ(t), T/2 ≤ t < T,
(77)

where φ(t) is a time-varying phase. Based on this more general formulation,
the Fourier coefficients of the transmission function can be expressed as:

c(ν) =
1
2

C(
ν
2 )(a1 + a2e−jπν) (78)

where C(ν) are the Fourier coefficients of the signal exp (jφ(t)).
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a

b

Figure 49: Schematic representation of the synthesis process [88]. a) Periodic mod-
ulation of the transmission function for both polarizations and temporal
overlap of the modulated polarizations. b) Corresponding amplitude
and phase distributions of the polarizations at the harmonic frequen-
cies.
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Considering Equation (78) and specializing it for even harmonic orders
(ν = 2k), with the assumption that for the x-polarization, a1 = ax, a2 = 0,
and φ(t) = φx(t), and for the y-polarization, a1 = 0, a2 = ay, and φ(t) =

φy(t), the corresponding harmonic amplitude values can be derived as:

A(2k)
x =

1
2

C(ν)
x ax, (79a)

A(2k)
y =

1
2

C(ν)
y ay, (79b)

Since C(ν)
x and C(ν)

y can be independently controlled via the phases φx(t)

and φy(t), the complex amplitudes A(2k)
x and A(2k)

y can also be synthesized
independently at the even harmonic orders. Based on this, a synthesis tech-
nique was proposed [88], schematically shown in Figure 49, which proceeds
as follows:

1. The time-varying phases φx(t) and φy(t) are independently designed
to achieve specific amplitude and phase distributions for the two po-
larizations at the even harmonic frequencies;

2. These signals are time-interlaced using polarization switches, ensuring
that the spectral distributions for the two polarizations are effectively
overlapped.

This enables independent and concurrent manipulation of polarization states
at even harmonic orders.

For further considerations on the temporal delays and their role as an
additional degree of freedom, the reader is referred to Ref. [88].

3.4.7.2 Space-Frequency-Polarization Multiplexing

Equation (72) can be used to describe the reflection function of the unit
cell in a frequency-polarization multiplexing scheme. A space-frequency-
polarization multiplexing scheme can be implemented along both polariza-
tion directions by exploiting the harmonic beamforming properties of STC-
DMs.

To achieve harmonic beamforming, it is essential to design the phase pro-
file for the harmonics. As shown in Figure 50c, an arbitrary harmonic phase
profile can be obtained by constructing the corresponding time-delay func-
tions for the reflection coefficients of the unit cells. In a general case, a STC-
DM can be divided into N rows and M columns to independently control the
properties of waves polarized along the x and y directions. By introducing
time-delay functions for the x and y directions, denoted as τ1(x) and τ2(y),
respectively, between the control signals of different rows and columns (as
shown in Figure 46), the reflection function can be expressed as:

H(x, y, t) =

(
Γx(t − τ1(x)) 0

0 Γy(t − τ2(y))

)
, 0 ≤ t ≤ T, (80)
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a b c

Figure 50: a) Time-varying phases of the original and time-delayed reflection co-
efficients. b) Amplitude distribution at harmonic frequencies. c) Phase
delay trend at the central frequency and the first harmonic frequency
as the time delay td varies [88].

where Γx(t− τ1(x)) and Γy(t− τ2(y)) satisfy the following functional expres-
sion [87]:

Γ(t − td) =

Aej[φ0+
∆φ
T (t+T−td)], 0 ≤ t ≤ td,

Aej[φ0+
∆φ
T (t−td)], td < t ≤ T,

where td represents a general time delay, A is the amplitude of the reflection
coefficient, and φ0 and ∆φ are the initial phase and phase difference, respec-
tively. The harmonic phase profiles, produced by the time-delay functions
τ1(x) and τ2(y), steer the x-polarized wave at the first negative harmonic
frequency and the y-polarized wave at the first positive harmonic frequency
along the directions defined by the angles

θx = arcsin
(

c f0

fc − f0

dτ1

dx

)
, (81a)

θy = arcsin
(
− c f0

fc + f0

dτ2

dy

)
, (81b)

where c is the speed of light in vacuum and f0 = 1/T is the switching
frequency.

3.4.8 Integrated Sensing and Communication

Recent developments in wireless technology underscore the transformative
potential of programmable metasurfaces in shaping intelligent wireless en-
vironments. Among these, STC-DMs have emerged as a compelling solu-
tion for seamlessly integrating sensing and communication within a unified
hardware platform. By employing sophisticated STC strategies, STC-DMs
dynamically control the propagation of the fundamental frequency wave to
ensure robust wireless communication, while simultaneously synthesizing
harmonics for spatial sensing.

In Ref. [89], Chen et al. propose an innovative method for Integrated Sens-
ing and Communication (ISAC) that leverages the unique capabilities of STC-
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DMs. The core idea relies on the metasurface’s ability to manipulate incom-
ing EM waves such that the fundamental frequency component is directed
toward the intended communication target, while spatially distributed har-
monics are generated for sensing. Figure 51 presents a conceptual overview
of the system.

Figure 51: Conceptual illustration of the proposed STC-DM-based ISAC scheme
[89].

In this setup, the fundamental frequency wave is utilized for communi-
cation, while the spatial-spectral properties of the harmonics are analyzed
to precisely estimate the Direction of Arrival (DOA) of the incoming signal.
Using the DOA information, the STC-DM’s coding pattern is adjusted to
ensure that the direction of the beam of the fundamental frequency wave is
consistently steered towards the user’s location.

In particular, considering a 2-bit coding STC-DM composed of N columns,
under a plane-wave illumination exp (j2π fct) at an incidence angle θi, the
far-field scattering pattern at the central frequency is described by

fS(θ) = E(θ)
N

∑
n=1

Γnejkcd(n−1)(sin θ+sin θi), (82)

where E(θ) denotes the element-level scattering pattern, kc = 2π fc/c is the
wavenumber corresponding to the central frequency fc, c is the speed of
light in free space, and d is the spacing between adjacent meta-atoms. By
expanding the time-varying reflection coefficient Γn(t) into its Fourier series,
with a(ν)n representing the general coefficient, the far-field scattering pattern
at ν-th harmonic order becomes:

f (ν)T (θ) = E(θ)
N

∑
n=1

a(ν)n ejd(n−1)(k(ν) sin θ+kc sin θi), (83)
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a b

c d

e f

Figure 52: STC matrices and corresponding far-field scattering pattern of the pro-
posed STC-DM [89]. The blue, green, yellow, and brown pixels repre-
sent the “0,” “1,” “2,” and “3” digits of the 2-bit coding, respectively.
a,b) Space-coding sequences for N = 16 and the corresponding theo-
retical far-field scattering pattern for the fundamental frequency wave
at θi = 0◦, respectively. c,d) Optimized STC matrix for controlling the
harmonics when N = 16 and L = 32, and corresponding far-field scat-
tering patterns at θi = 0◦, respectively. e,f) Optimized STC matrix for
simultaneously controlling the fundamental frequency wave and for
generating multiple harmonics, and corresponding far-field scattering
patterns, respectively.
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where k(ν) = 2π( fc + ν f0)/c is the wavenumber corresponding to the har-
monic frequency fc + ν f0.

These spatial-spectral responses are carefully designed through optimized
coding matrices, as illustrated in Figure 52, which shows a set of space-
coding sequences and the resulting far-field scattering patterns for commu-
nication and sensing purposes.

a

b

c

Figure 53: STC-DM-based ISAC system architecture [89]. a) Adjustable partition-
ing scheme of the STC-DM, which is divided into two regions for sens-
ing and communication. The size of the two regions can be adjusted
based on the required needs. b) Full-aperture scheme of the STC-DM
without partitioning, which can utilize the entire STC-DM aperture by
using STC matrices. c) Architecture of the ISAC system, in which a
universal software radio peripheral is used for signal modulation and
demodulation, and the STC-DM establishes a reliable communication
link by sensing the direction of the incoming wave in real-time and up-
dating the coding matrices.

To enhance ISAC performance, two complementary coding strategies are
introduced: adjustable partitioning and full-aperture modulation, allowing STC-
DMs to manipulate both the communication and sensing functions without
interference, effectively eliminating the need for additional sensors or sepa-
rate control links. This not only streamlines system design but also leads to
significant reductions in hardware costs and power consumption compared
to conventional systems like phased array antennas.

In the partitioned scheme (Figure 53a), the metasurface is divided into
two independently coded regions: Region 1 applies STC for sensing via har-
monic generation, while Region 2 uses space-only coding for beamforming
the communication signal. The size of each region can be adjusted to balance
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power between the two functions, minimizing interference and optimizing
performance.

Conversely, the full-aperture scheme (Figure 53b) applies STC uniformly
across the entire aperture, allowing simultaneous control of the fundamental
and harmonic wavefronts without physical partitioning. This method maxi-
mizes aperture usage while maintaining functional decoupling through STC
matrix design.

Finally, Figure 53c provides details on the hardware implementation. A
universal software-defined radio (NI USRP-2943R) performs signal genera-
tion and reception. The modulated signal, transmitted at frequency fc via
antenna ANT1, impinges on the STC-DM. The spatio-temporally modulated
harmonics are captured by ANT2 and analyzed to estimate the DOA. Based
on this estimate, the STC matrix is updated in real time to redirect the beam
toward ANT3, ensuring adaptive beam steering without mechanical move-
ment or external sensors.

This architecture enables reliable, direction-aware wireless communication
while simultaneously performing environmental sensing. The elimination
of separate sensor arrays or mechanical beam-steering components leads
to lower hardware complexity, reduced power consumption, and greater
adaptability—offering a compelling alternative to conventional phased ar-
ray systems.

3.4.9 Non-Uniform Modulation

In the simplest STC-DM configuration, a uniform modulation frequency is
applied across all meta-atoms [28]. This enables a straightforward Fourier-
based modeling approach, where the metasurface is represented as an ar-
ray of equivalent sources with complex excitation currents at the generated
harmonic orders. However, adopting non-uniform modulation—where each
meta-atom operates at a distinct modulation frequency—introduces addi-
tional degrees of freedom for enhanced wavefront control.

Among such strategies, asynchronous [90, 91] and co-prime modulation [92]
schemes have emerged as effective solutions to achieve broadband manipu-
lation, such as scattering reduction.

3.4.9.1 Asynchronous STC-DMs

Wang et al. [90] introduced an Asynchronous Space-Time-Coding Digital
Metasurface (ASTC-DM), where each element operates with an independent
local clock. This design enables the encoding of distinct temporal phases
across the metasurface, thereby eliminating the need for a global synchro-
nization mechanism. The asynchronous configuration allows for the synthe-
sis of complex spectral modulations in the reflected wavefront and intro-
duces a novel degree of freedom in space-time EM design.
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In the proposed ASTC-DM, which consists of N × M meta-atoms, the
modulation period varies significantly across the surface due to position-
dependent modulation frequencies. The time-varying reflection coefficient
for the (n, m)-th meta-atom is given by [90]

Γnm(t) =
+∞

∑
ν=−∞

a(ν)nmej2πν( f0+∆ fnm)t, (84)

where a(ν)nm are the Fourier coefficients of Γnm(t), while f0 and ∆ fnm represent
the reference modulation frequency and the local frequency offset of the
(n, m)-th meta-atom, respectively. As a result, the actual modulation period
for each meta-atom becomes 1/( f0 + ∆ fnm).

Under normal incidence of a monochromatic wave at frequency fc, the
far-field scattering pattern of the ASTC-DM is expressed as [90]

f(θ, ϕ, t) =
+∞

∑
ν=−∞

N

∑
n=1

M

∑
m=1

Enm(θ, ϕ)a(ν)nmej
(

ψnm+�0
(ν)
nm

)
, (85)

where ψnm and �0
(ν)
nm are defined as

ψnm =
2π fc

c
d sin θ[(n − 1) cos ϕ + (m − 1) sin ϕ],

�0
(ν)
nm = 2πν∆ fnm

(
t − R′

c

)
.

(86)

Here, d is the spacing between adjacent meta-atoms in both x and y direc-
tions, c is the speed of light in vacuum, and R′ denotes the distance between
the center of the metasurface and the observation point. In Equation (86),
ψnm depends solely on the spatial location of the meta-atom, while �0

(ν)
nm ac-

counts for the temporal phase shift due to the modulation frequency off-
sets, enabling dynamic harmonic wavefront control under a fixed coding
sequence. The reader is referred to Ref. [90] for a more detailed theoretical
treatment and additional discussion.

3.4.9.2 Co-Prime Modulation

A more advanced non-uniform scheme was introduced in Ref. [92], where co-
prime integers are assigned as modulation factors to individual meta-atoms,
resulting in aperiodic temporal modulation over the aperture. As conceptu-
ally illustrated in Figure 54, this aperiodicity disrupts the global coherence
of the scattered field and promotes joint spatial-spectral dispersion.

The authors demonstrated that by carefully choosing the co-prime set
for the (n, m)-th meta-atom and ensuring that these numbers are relatively
prime, the resulting modulation sequence achieves an extremely low time-
domain periodicity—formally, the Least Common Multiple (LCM) of the co-
prime set becomes very large. Consequently, the temporal coherence among
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Figure 54: Conceptual illustration of non-uniform temporal modulation in a STC-
DM [92].

the reflected harmonic components is drastically reduced, leading to a broad-
band suppression of coherent scattering. In this framework, the time-varying
reflection coefficient for the (n, m)-th element is modeled as

Γnm(t) =
L

∑
l=1

Γ(l)
nmG(l)

nm(t), (87)

where the rectangular window function G(l)
nm can be expressed as

G(l)
nm(t) =

1, (l − 1)τnm ≤ t < lτnm,

0, otherwise,
(88)

where τnm = Tnm/L is the local modulation period.
The far-field scattering pattern is then expressed via a Fourier expansion

as

f(θ, ϕ, t) = E(θ, ϕ) ∑
f∈F

ej2π f t
N

∑
n=1

M

∑
m=1

bnm( f )ej 2π
λc sin θ[(n−1) cos ϕ+(m−1) sin ϕ], (89)

where F = { f | f = fc + ν fnm, ν ∈ Z} is the set of harmonic frequencies
generated by the periodic time-varying reflection coefficient Γnm(t) on each
coding element under monochromatic incidence exp(j2π fct), and bnm( f ) de-
notes a modified equivalent reflection coefficient

bnm( f ) =

anm

(
f− fc
fnm

)
, f− fc

fnm
∈ Z,

0, f− fc
fnm

̸∈ Z,
(90)

where anm(ν) are the complex-valued equivalent currents defined by Equa-
tion (44).
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a b

c d

e f

Figure 55: Non-uniform modulation with four frequencies [92]. Harmonic order
matrices and the corresponding 2-D far-field scattering patterns pro-
duced by a non-uniform STC-DM at different harmonic frequencies.

This structure leads to a dense harmonic distribution that resembles a
noise-like spectral profile and suppresses coherent scattering across a broad
frequency band. For a more comprehensive discussion about the implication
of Equation (90), the reader is referred to Ref. [92].

Numerical and experimental results confirmed that co-prime modulation
can achieve ≈ 33.5 dB of scattering reduction when compared to a metal-
lic reference plate of equal dimensions, as shown in Figure 55. Moreover, it
provides ≈ 11 dB of improvement over conventional uniformly modulated
STC-DMs [28], as shown in Figure 56. These gains are attributed to the en-
hanced spectral spreading and the disruption of deterministic interference
patterns.

Finally, co-prime modulation is compatible with current digital metasur-
face hardware, as it only requires programmable local clocks. This makes it
a promising candidate for stealth-oriented and low-scattering EM systems.
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a b

c d

Figure 56: Maximum scattering powers for different modulation cases [92]. a) Max-
ima of scattering patterns for uniform and co-prime modulation. b–d)
Angular-frequency spread diagrams of a STC-DM with identical coding
sequences but different modulation strategies (uniform, non-uniform,
and co-prime non-uniform, respectively).
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Part III

S Y N T H E S I S A N D D I A G N O S T I C S F O R
S PA C E - T I M E - C O D I N G D I G I TA L M E TA S U R FA C E S

This part of the Thesis investigates the synthesis and diagnostics
of space-time-coding digital metasurfaces, highlighting advanced
techniques in both fields.

The design methodology begins with a generalized analytical
framework for the multi-frequency synthesis. In addition, a
machine-learning-based approach to synthesis is explored, show-
casing its potential to enhance design processes.

The diagnostic techniques for these metasurfaces are then pre-
sented. This includes advanced methods such as sparse regular-
ization and inverse modeling, as well as the application of deep
learning for data-driven diagnostics. A significant portion is ded-
icated to space-time modulation-based diagnostics, where both
uniform and non-uniform coding schemes are examined in de-
tail.





4
S Y N T H E S I S O F S PA C E - T I M E - C O D I N G D I G I TA L
M E TA S U R FA C E S

4.1 background and generalities

As discussed in Chapter 3, STC-DMs have emerged as powerful and versatile
architectures for the practical realization of space-time-varying media. These
platforms leverage digital coding by coupling spatial and temporal modula-
tions, enabling advanced control over the spatial and spectral characteristics
of EM waves.

The synthesis of STC-DMs fundamentally involves selecting appropriate
digital coding sequences that define the response of each meta-atom. These
sequences are typically periodic in time, defined by specific modulation fre-
quencies, and are often represented as a STC matrix with two spatial and
one temporal dimension. From a computational perspective, this design pro-
cess remains largely unresolved. In relatively simple scenarios, it can be ap-
proached through Brute-Force (BF) numerical optimization methods [28].

This chapter explores design strategies that significantly enhance the func-
tionality of STC-DMs. It begins with a summary of recent advances in this
area and highlights the computational complexity inherent to the general
design problem. To address these challenges, we introduce a generalized au-
toencoder architecture based on Deep Neural Networks (DNNs). This novel
approach enables the simultaneous and independent synthesis of harmonic
scattering patterns, providing fine control over harmonic tapering and phas-
ing, and thereby improving spectral efficiency.

4.2 generalization of the analytical synthesis procedure

In Section 3.4.1.3, the analytical design strategy is put forward to achieve the
independent and simultaneous syntheses of prescribed scattering patterns
at given harmonic frequencies, but has attained only partial control on the
equivalent complex-valued amplitudes described by Equation (44).

This section presents a possible generalization of the aforementioned syn-
thesis procedure, aimed at enabling greater control over the equivalent am-
plitudes. In particular, to decouple the syntheses at the various harmonic
frequencies and achieve control over both amplitude and phase modulation,
the temporal coding sequence can be decomposed into Q subsequences, each
of length R, repeated periodically with a period P. Consequently, the total
length of the interleaved coding sequence becomes L = PQR.
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The elements that compose the subsequences are determined by imposing
the following condition:

ΓpQR+qR+r+1 = ΩpqΓqR+r+1, p = 0, . . . , P − 1,

q = 0, . . . , Q − 1,

r = 0, . . . , R − 1.

(91)

By applying this condition to Equation (44), the complex-valued equiva-
lent amplitudes for (n, m)-th meta-atom are obtained as:

a(ν)nm = c(ν)
Q−1

∑
q=0

Λ(ν)
q Θ(ν)

q e−j 2πνq
PQ , (92)

where

c(ν) =
1
L

sinc
(πν

L

)
e−j πν

L , (93a)

Λ(ν)
q =

P−1

∑
p=0

Ωpqe−j 2πνp
P , (93b)

Θ(ν)
q =

R−1

∑
r=0

ΓqR+r+1e−j 2πνr
L . (93c)

By formulating the problem in this way, in order to decouple the synthesis at
the various harmonic frequencies, it is necessary to find coefficients Ωpq such

that Λ(ν)
q = χ(ν)δ̃qν for ν = 0, . . . , Q − 1, where χ(ν) are non-zero constants.

Let S denote the number of accessible states for a given digital encoding.
In the particular case where the periodicity of the coding sequence is an
integer multiple of the number of states, i. e., P = κS, with κ ∈ N \ {0},
Equation (93b) can be written as

Λ(ν)
q =

S−1

∑
p=0

(
Ωκp,q + Ωκp+1,qe−j 2πν

P + Ωκp+2,qe−j 4πν
P + . . .

· · ·+ Ωκp+κ−1,qe−j 2(κ−1)πν
P

)
e−j 2πpν

S ,

or, equivalently, in the more compact form:

Λ(ν)
q =

S−1

∑
p=0

(
κ−1

∑
s=0

Ωκp+s,qe−j 2πνs
P

)
e−j 2πpν

S . (94)

At this point, to simplify the problem, one can impose the factorization
Ωκp+s,q = γqsΩ̃κp+s,q, where the auxiliary coefficients are defined as

Ω̃κp+s,q = ej 2πpq
S , s = 0, . . . , κ − 1.

Substituting this into Equation (94) yields:

Λ(ν)
q = Λ̃(ν)

q

κ−1

∑
s=0

γqse−j 2πνs
P , (95)
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where γq0 = 1 ∀q, expressing a self-consistency condition. By introducing

the auxiliary variable ξ = q − ν, the term Λ̃(ν)
q is explicitly given by

Λ̃(ν)
q =

S−1

∑
p=0

ej 2πpξ
S ,

=
1 − ej2πξ

1 − ej 2πξ
S

=
S sinc (πξ)

sinc
(

πξ
S

) ej (S−1)πξ
S ,

(96)

which is directly related to the Dirichlet kernel [93]. In this way, to determine
the coefficients γqs needed to decouple the problem, it is possible to set up
a BF optimization of Equation (95) by exploring a space of Sκ combinations,
rather than SP.

4.2.1 Feasible Domain at the Central Frequency

Here we analyze the characteristics of the coefficient a(0)nm in the simplified
case where P = Q = 1, focusing on the impact of different values of R.
Figure 57 illustrates the feasible domain of the complex-valued equivalent
amplitudes at the central frequency for R = 2, 4, 8. In all cases, the domain
lies within a square in the complex plane and contains (R + 1)2 unique val-
ues.

a b c

Figure 57: Feasible domains at the central frequency for different values of R, rep-
resented in the complex plane. a) R = 2, b) R = 4, c) R = 8.

As the length of the basic time sequence increases (i. e., with increasing
R), the number of equivalent phase states grows accordingly, resulting in
improved resolution of the achievable amplitudes for specific angular direc-
tions. In particular, the resolution along orthogonal directions is 2/R, while
along the diagonal directions it is

√
2/R (when R is even). Importantly, in-

creasing R does not affect the maximum achievable magnitude of the equiv-
alent amplitudes.

As shown in Figure 57a–c, increasing R leads to a visible densification
and expansion of the feasible domain at the fundamental harmonic. This
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behavior stems from the definition of the coefficient Θ(ν)
q in Equation (93c),

which implies that for a given R, the feasible domain tends to further expand
with increasing harmonic order. Nevertheless, since the trends observed at
the central frequency are representative of the general behavior, higher-order
harmonic domains are omitted here to avoid redundancy.

Additionally, it is important to consider practical constraints associated
with the selection of the sequence length L. Assuming a fixed modulation
period T0, a longer time sequence implies a shorter duration per coding state,
equal to T0/L, and thus a higher state-switching rate. In practice, however,
this rate cannot be arbitrarily high due to hardware limitations. Conversely,
if the coding state duration is fixed, increasing L leads to a higher modula-
tion frequency f0, which may degrade the frequency separation between the
fundamental and higher harmonics. Consequently, the choice of L must bal-
ance resolution requirements with system-level limitations and performance
trade-offs.

4.2.2 Optimization Criterion

In order to synthesize specific scattering patterns of the STC-DM at various
harmonic frequencies, it is required to determine the required STC matrix.
To achieve this, we can apply the Minimum Distance (MD) criterion, aiming
to minimize the distance in the complex plane between the optimized com-
plex excitation vector and the ideal solution corresponding to the optimal
excitation coefficients. Under this criterion, the problem used to determine
the optimal coding sequence Ĝnm for the generic (n, m)-th meta-atom, can
be described as

Ĝnm = argmin
Gnm

wwwwÂnm − Anm

wwww
1
, (97)

where ∥ · ∥1 denotes the L1-norm, Gnm = (Γ(1)
nm, . . . , Γ(L)

nm )T is the time cod-
ing sequence pertaining to the (n, m)-th meta-atom, subject to the feasibility
constraint that all its components must belong to the alphabet {1, j,−1,−j},
Ânm = (â(0)nm, . . . , â(Q−1)

nm )T denotes the optimal excitation coefficients for Q
consecutive harmonic orders of interest, while Anm = (a(0)nm, . . . , a(Q−1)

nm )T de-
notes the feasible excitation coefficients.

4.2.3 Example of Synthesis

As a proof of concept, we consider a 2-bit (S = 4) coding STC-DM with
N = 16 meta-atoms, a spacing d = λc/2, and a temporal coding sequence
composed by Q = 5 subsequences, each of length R = 6, repeated with a
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periodicity P = 8, for a total length L = 240. To determine the coefficients
γ̂qs such that Λ(ν)

q ∝ δ̃qν, the following minimization problem was solved:

γ̂qs = argmin
γqs

|Λ(ν ̸=q)
q |

|Λ(q)
q |

, ν = 0, . . . , Q − 1,

s. t. γqs ∈ {1, j,−1,−j} ∀s.

(98)

Figure 58 shows the coefficients Λ(ν)
q obtained via a BF optimization for this

configuration. As can be observed, the magnitude of these coefficients is
not equal for all the harmonic orders. In particular, in correspondence of
q = ν ∈ {1, 3}, we have |Λ(ν)

q | =
√

2 +
√

2 · S. While the magnitude |Λ(ν)
q |

directly constrains the maximum spectral efficiency for the corresponding
harmonic synthesis, the values shown for q = ν ∈ {1, 3}, despite falling
below the ideal maximum of 2S, are nevertheless very close to this boundary.
Crucially, this result represents the best solution for the chosen parameter set,
having been obtained through an exhaustive search of all γqs combinations.

Figure 58: Magnitude of the coefficients Λ(ν)
q achieved via the BF optimization,

when P = 8, Q = 5, R = 6, S = 4. Continuous curves are guides to the
eye only.

In this example, the targets are Q = 5 representative 1-D scattering pat-
terns with nontrivial magnitude and phase distributions for harmonic orders
ν = 0, 1, 2, 3, 4, namely:

1. Golay–Rudin–Shapiro diffuse-scattering pattern, with a steering angle
of 35◦ [15];

2. Three-beam pattern with peaks at −30◦, 15◦, 50◦ [94];

3. Difference pattern with cosine tapering and a steering angle of 30◦;

4. Binomial pattern [94];

5. Dolph–Chebyshev pattern with a Sidelobe Level (SLL) of −20 dB [94];
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4.2 generalization of the analytical synthesis procedure

This example of joint synthesis is not related to any specific application;
rather, it was selected to illustrate how this method can shape scattering
patterns across different harmonics.

In order to improve the agreement between the synthesized and desired
coefficients, a constant phase shift of exp (jφ(ν)) was applied to the target
coefficients for each harmonic synthesis. This phase shift is a degree of free-
dom that can be exploited without affecting the magnitude of the scattering
patterns. In particular, the harmonic phases φ(ν) correspond to the phases
at which the points in the feasible domain exhibit the maximum magnitude
for each harmonic order. Figure 59 illustrates the synthesized results for the
harmonic frequencies of interest. Specifically, Figure 59a–e display the feasi-
ble domains for the targeted harmonic orders. The filled markers represent
the feasible equivalent amplitudes, calculated using Equation (44) for all
combinations of the coding states. The empty markers denote the optimal
solutions found through the MD criterion, while the crosses indicate the
ideal equivalent amplitudes. Figure 59f–j show the synthesized scattering
patterns, compared with the targeted ones.

Figure 60: Variation of the error metric E(ν) as a function of the subsequence
length R, for the harmonic orders of interest ν = 0, 1, 2, 3, 4. Continu-
ous curves are guides to the eye only.

To further assess the effectiveness of the synthesis approach, we introduce
an error metric that quantifies the deviation between the target and synthe-
sized scattering patterns across different harmonic orders. Specifically, the
metric is defined as the mean absolute error between the magnitude of the
target scattering pattern M(ν) and the magnitude of the synthesized pattern
M̂(ν) for the harmonic orders ν = 0, 1, 2, 3, 4:

E(ν) =
1

Nθ

∥∥∥M(ν) − M̂(ν)
∥∥∥

1
, (99)
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4.2 generalization of the analytical synthesis procedure

where Nθ denotes the number of samples of θ used to compute the scattering
patterns, which are derived from Equation (46) for ϕ = 0.

Referring to the synthesis shown in Figure 59f–j, Figure 60 illustrates the
variation of the error metric as a function of the subsequence length R. The
plot provides insights into how the error evolves with different values of R,
offering a performance benchmark for the synthesis process and demonstrat-
ing the trade-offs between synthesis accuracy and coding sequence length.

4.2.4 Spectral Efficiency

The syntheses generated across the first Q harmonic orders replicate periodi-
cally due to the inherent periodicity of the digital-filter terms Λ̃(ν)

q defined in
Equation (96). However, the amplitudes of these syntheses decay according
to the relation given in Equation (92). Therefore, depending on the value of
L, this decay may occur at a rather slow rate, which can result in reduced
spectral efficiency.

One approach to effectively control the spectral decay of these higher-
order terms involves intentionally shaping the temporal coding by applying
a digital low-pass filter. To provide a concrete example, with reference to Fig-
ure 59, we implemented a 16th-order Finite-Impulse-Response (FIR) low-pass
filter with a normalized cut-off frequency νc = (2Q − 1)/(2L). The filtering
operation is performed by numerically convolving the original reflection-
coefficient sequence {Γ(l)

nm}l=1,...,L with the filter’s coefficient sequence. The
resulting, extended sequence is now of length L + 16, and its coefficients
generally no longer maintain the identical amplitude or the 2-bit quantized
phases of the initial sequence.

As a meaningful metric for assessing the spectral efficiency, we evaluate
the normalized intensities of the complex-valued equivalent amplitudes, as
given in Equation (92), averaged across all coding elements:

I(ν) =
∑N

n=1 ∑M
m=1

∣∣∣a(ν)nm

∣∣∣2
∑N

n=1 ∑M
m=1 ∑+∞

k=−∞

∣∣∣a(k)nm

∣∣∣2 , (100)

which essentially provides a measure of the average fraction of power dis-
tributed across the various harmonic orders. Figure 61 compares the results
in the absence and presence of ideal filtering, from which the effects on the
higher-order terms are evident. Specifically, when filtering is not employed,
≈ 4% of the total power is allocated to each of the five controlled harmonic
orders (ν = 0, 1, 2, 3, 4). These controlled harmonic orders, highlighted by
the green-shaded region, thus account for a cumulative power fraction of
≈ 21%. Conversely, when the ideal filtering is applied, the individual power
fractions delivered to the controlled harmonic orders rise significantly, now
spanning from ≈ 6% up to ≈ 18%, yielding a much higher total power
concentration of ≈ 63%.
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4.2 generalization of the analytical synthesis procedure

Figure 61: Filtering of the higher-order harmonic terms. The normalized intensi-
ties I(ν) are plotted as a function of the harmonic order ν, for the con-
figuration and parameters as in Figure 59. Red circles: Results in the
absence of low-pass filtering. Blue squares: Effects of ideal low-pass FIR
filtering. Purple triangles: Effects of approximate low-pass FIR filtering,
with 2-bit quantization of phase only. Continuous curves are guides-to-
the-eye only; the green-shaded region indicates the spectral range of
direct interest for the synthesis.

The primary obstacle, however, lies in the fact that the resulting amplitude
and phase distributions are incompatible with our digital, phase-only plat-
form. Consequently, investigating simplified or approximate filtering meth-
ods becomes necessary. Specifically, Figure 61 also illustrates the outcome
achieved when the filter is approximated using only 2-bit quantized phases.
It is evident that even this phase-only quantized version, which is compati-
ble with our hardware, offers significant advantages over the original, unfil-
tered results, with power fractions ranging from ≈ 3% to ≈ 19%, for a total
of ≈ 49%.

Overall, there appears to be promising potential for improvements, partic-
ularly in achieving better power distribution across the controlled harmonic
orders, which could be accomplished by optimizing the filtering process or
the underlying modulation waveform. Nevertheless, applying any form of
filtering inevitably increases the overall length of the code sequence, present-
ing a trade-off between performance gains and sequence length. Addition-
ally, it is essential to optimize filtering without compromising the alignment
between target and synthesized coefficients, as the code sequence must com-
ply with the 2-bit coding scheme of the STC-DM prototype, introducing
another layer of complexity to the design process.
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4.3 machine-learning-enabled synthesis

4.2.5 Experimental Details

modeling The numerical implementation of the theoretical analysis was
carried out using MATLAB©, with the far-field scattering pattern of the basic
element approximated as E(θ, ϕ) ≈ cos θ.

4.2.6 Summary and Outlook

To summarize, the analysis has outlined the primary intrinsic limitations of
the synthesis technique based on interleaved time coding sequences, which
directly impact the viability of this approach:

• Constraints on the sequence length: For a fixed total modulation period,
extending the time sequence necessitates a reduction in the duration
allocated to each coded state. This demands a faster switching rate,
which may exceed the physical limitations of the hardware system.
Conversely, if the duration of each state is kept constant, increasing
the sequence length implies a higher modulation frequency. This, in
turn, leads to a deterioration in the spectral separation between the
fundamental harmonic and the higher-order harmonics.

• Reduced spectral efficiency: Due to the intrinsic periodicity of the digital
coefficients described in Equation (96), the synthesized responses gen-
erated at the first Q harmonic orders replicate with progressively de-
creasing amplitudes, following the spectral envelope detailed in Equa-
tion (92).

Therefore, while the results shown in Figure 59 may initially appear
promising, the interconnected technical constraints discussed above place
serious restrictions on the practical effectiveness of the proposed synthesis
methodology. Consequently, these challenges discourage further exploration
of this approach under the current conditions.

In light of these considerations, it is essential to explore alternative strate-
gies to address these challenges and improve the overall effectiveness of the
synthesis approach.

4.3 machine-learning-enabled synthesis

The independent and simultaneous multi-frequency synthesis of scattering
patterns is a key challenge for realizing the full potential of STC-DMs in wire-
less communication scenarios [30], enabling efficient multiplexing strategies.
However, BF optimization methods can become computationally prohibitive
when dealing with complex patterns and a large number of frequencies.
Semi-analytical approaches only partially address this issue by decoupling
the synthesis across different frequencies, but they are typically limited to
phase-only designs and result in suboptimal spectral efficiencies [78].
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4.3 machine-learning-enabled synthesis

Figure 62: Conceptual illustration of the physics-driven vector-quantized intelli-
gent autoencoder [95].

In recent years, Machine Learning (ML) approaches have been explored as
a more efficient solution. For instance, in Ref. [95], a physics-driven vector-
quantized intelligent autoencoder was proposed for harmonic beam steer-
ing. As illustrated in Figure 62, this system consists of an encoder, a vector-
quantizer layer, and a physics-driven decoder. The system takes a set of
desired harmonic scattering patterns as input and, after training, generates
the corresponding optimized STC matrix. This approach was successfully
applied to harmonic beam steering for up to five harmonic orders.

Although significant, previous research has predominantly targeted har-
monic beam steering, offering limited capabilities in beam shaping. As a
result, precise and computationally efficient control of the radiation pattern
remains a major challenge in the field.

In our approach, we adopt a distinct strategy—still grounded in ML—
that focuses on synthesizing the equivalent current (in both magnitude and
phase) at harmonic frequencies, rather than directly targeting the scattering
patterns. This method utilizes DNNs to enable the generation of a diverse
set of scattering patterns by simultaneously and independently applying
traditional array synthesis techniques.

To address the inherent ill-posedness of the inverse problem, which often
leads to slow and inefficient training of the DNN, we employ a tandem archi-
tecture. This architecture has already proven successful in various domains,
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4.3 machine-learning-enabled synthesis

including nanophotonics [96], plasmonics [97], cloaking [98], scattering re-
duction [99], and antenna design [100].

To showcase the potential of our approach, we provide several representa-
tive examples of multi-frequency synthesis that involve both phase and am-
plitude control. These designs encompass Dolph–Chebyshev, Fourier, multi-
beam, diffuse scattering, and OAM configurations. The results are experi-
mentally validated using a 2-bit coding STC-DM prototype operating in the
microwave range (X-band), showing strong agreement between theoretical
predictions and measurements.

In summary, our findings substantially enhance the design capabilities
of STC-DMs, paving the way for advanced applications in areas such as
wireless communications, sensing, and imaging. The results below are also
documented in Ref. [101].

4.3.1 Proposed Approach

Figure 63 provides a conceptual illustration of the proposed ML-based reflec-
tive STC-DM. In this configuration, each meta-atom (represented as a golden
square) has a reflection phase that can be toggled between multiple quan-
tized levels using embedded diodes. This modulation scheme successfully
translates physical states into digital signals, with both spatial and temporal
control handled dynamically by an FPGA. The management is directed by
an STC matrix, which comprises two spatial axes and one temporal axis of
digital values.

Figure 63: Conceptual illustration of an STC-DM showing its multi-frequency
beam shaping and steering capabilities, powered by a tandem DNN.
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4.3 machine-learning-enabled synthesis

Although conceptually similar to previous studies [28, 78], the current ap-
proach employs ML to achieve a more ambitious goal: The independent and
simultaneous synthesis across multiple frequencies, offering improved capa-
bilities in beam shaping and steering, as well as enhanced spectral efficiency.

From a modeling standpoint, we consider a STC-DM consisting of an N ×
M periodic array of meta-atoms, with a lattice period d, lying on the x-y
plane. The structure is illuminated by a linearly polarized, normally incident,
time-harmonic plane wave of the form exp(j2π fct), with the electric field
oriented along the x-axis.

Each meta-atom experiences a temporally periodic modulation of the re-
flection coefficient, with a period T0, which is assumed to be much longer
than the EM timescale. This modulation is described by Equation (38).
For simplicity, we initially assume unit-magnitude reflection, i. e., Γ(l)

nm =

exp (jφ(l)
nm), where the phase response is uniformly quantized into S discrete

states within the interval [−180◦, 180◦]. Nonetheless, we will later investigate
the impact of non-ideal factors, such as reflection losses and non-uniform
phase quantization. Under these assumptions, the harmonic scattering pat-
tern is given by Equation (46).

Remarkably, despite the inherently unit-magnitude and phase-quantized
nature of Γ(l)

nm, the resulting equivalent currents typically exhibit a signifi-
cantly richer and broader coverage in both magnitude and phase, as dis-
cussed in Ref. [28]. This characteristic effectively broadens the parameter
space available for synthesis. However, Equation (44) defines a complex and
nonlinear relationship between these equivalent currents and the actual de-
sign variables, namely, the quantized phase values of the reflection coeffi-
cients in the temporal sequence described by Equation (38). This intrinsic
entanglement across different harmonic frequencies hinders the direct ap-
plication of conventional semi-analytical array design methods that rely on
independent control of phase and magnitude, such as the Dolph–Chebyshev
or Fourier method [102].

4.3.2 Machine-Learning-Based Synthesis

The tandem architecture comprises two sub-blocks: a forward DNN and an
inverse DNN, as shown in Figure 64.

For now, we assume a symmetric set of Q = 2K + 1 consecutive har-
monic orders of interest, i. e., ν = −K,−K + 1, . . . , K − 1, K. The synthesis
is performed for a generic meta-atom, so we omit the dependence on in-
dices (n, m) to avoid notational redundancy. Essentially, for a given meta-
atom, the system takes the target harmonic equivalent currents a(ν) as input
and, through intermediate layers and a quantizer, outputs the L reflection
phases φ(l) of the coding sequence in Equation (38). More specifically, the
input is a real-valued vector a ∈ R2Q, where the first half corresponds to
Re{a(ν)} and the second half to Im{a(ν)}. The intermediate-layer output
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4.3 machine-learning-enabled synthesis

Figure 64: Schematic illustration of the tandem DNN architecture.

is a real-valued vector p ∈ RL comprising continuous normalized phases
p(l) = φ̂(l)/π ∈ [−1, 1], which are subsequently quantized within the B-bit
alphabet of cardinality S = 2B, yielding the desired discrete phases φ(l).

First, the forward DNN is pre-trained on a dataset constituted by D =

85 · 103 sequences of unit-magnitude reflection coefficients Γ(l) = exp (jφ(l)),
l = 1, . . . , L, where φ̂(l) are random phases uniformly distributed in [−π, π],
and the corresponding equivalent currents a(ν) are derived from the analyt-
ical model in Equation (44). At this stage, the forward mapping a = Op is
well-defined and can be accurately captured by the forward DNN. However,
the inherent ill-posed nature of the inverse problem makes it impossible to
directly invert by merely swapping the input and output vectors. To over-
come this limitation, our proposed tandem scheme seeks a nonlinear opera-
tor O′ such that O(O′a) = a, essentially aiming for an identity relationship
between the input and the output. This strategy is known to mitigate the
one-to-many mapping issues that occur in the training of DNNs for inverse
problems [96]. To achieve this, we fix the forward DNN with the pre-trained
configuration and train the inverse DNN on a dataset of the same cardinality
D as in the previous stage. Additionally, we introduce a power constraint:

Pr ≤
K

∑
ν=−K

|a(ν)|2 ≤ 1. (101)

Here, the lower bound Pr represents the desired fraction of power to be al-
located within the spectral range of interest, while the upper bound arises
from power conservation. The choice of the lower bound strikes a balance
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4.3 machine-learning-enabled synthesis

between optimizing spectral efficiency and ensuring successful performance
during the training phase. In our subsequent syntheses, as a reasonable
trade-off, we assume Pr = 0.8, aiming at concentrating up to 80% of the
scattered power within the targeted spectral range. For training the inverse
DNN, we apply a rejection scheme, generating the training set similarly to
the forward case, but discarding sequences that do not satisfy the power con-
straint in Equation (101). The loss function used during the training process
is the half Mean Squared Error (MSE) [103], which can be defined as

L=
1

4QD
∥X − T∥2

F, (102)

where ∥·∥F denotes the Frobenius norm, X ∈ R2Q×D contains the predicted
harmonic equivalent amplitudes (i. e., the network outputs), and T ∈ R2Q×D

holds the corresponding target values.
It is worth noting that our forward model can be described analytically, as

presented in Equation (44). This opens the possibility of adopting a hybrid
approach, where only the inverse model is implemented using a DNN. How-
ever, in our implementation, we opt for a full DNN setup to streamline the
training process. This approach allows for the direct use of built-in metrics
and routines, simplifying the overall implementation.

Moreover, while more sophisticated tandem DNN architectures exist [98,
99, 104, 105], here we opt for a conventional fully connected implementa-
tion [96] because it adequately demonstrates the effectiveness and advan-
tages of our approach in synthesizing STC-DMs with a simple architecture.
Indeed, there is potential for enhancements in the tandem DNN architecture
that could provide more advanced control features (see Section 4.3.4.2).

4.3.3 Results and Discussion

4.3.3.1 Tandem DNN Training

Figure 65 illustrates the convergence of the inverse-DNN training process.
Figure 65a shows the MSE for a scenario with Q = 5 harmonic frequencies
(ν = −2,−1, 0, 1, 2) and sequences of length L = 24.

The plot displays the error metrics for the training, validation, and test
datasets, with the phase quantization effects explicitly excluded. The errors
for the three datasets are hardly distinguishable and reach values as low as
≈ 3 · 10−3. Figure 65b illustrates the correlation between the optimal error
and the temporal sequence length, for various numbers of target harmonic
frequencies (Q = 3, 5, 7). Intuitively, handling a larger number of harmonic
frequencies typically requires longer sequences. However, beyond a certain
threshold, the error may increase, likely due to overfitting. Further increases
in the number of harmonic frequencies (Q > 7) may demand more complex
DNN architectures, with additional hidden layers and neurons.

The corresponding results for the forward DNN are presented in Fig-
ure 66, where trends appear qualitatively similar but with significantly
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a b

Figure 65: Convergence for inverse DNN training. a) MSE for a scenario with Q =
5 harmonic frequencies (ν = −2,−1, 0, 1, 2) and sequences of length
L = 24. b) Optimal error as a function of sequence length L for various
numbers of target harmonic frequencies. Continuous curves are guides
to the eye only.

a b

Figure 66: Convergence for forward DNN training. a) MSE for a scenario with Q =
5 harmonic frequencies (ν = −2,−1, 0, 1, 2) and sequences of length
L = 24. b) Optimal error as a function of sequence length L for various
numbers of target harmonic frequencies. Continuous curves are guides
to the eye only.

smaller errors, reflecting the inherently lower complexity of the forward
problem.

In our subsequent examples of application, we will focus on a scenario
featuring Q = 5 harmonic frequencies, choosing a coding sequence length
of L = 24 as a reasonable trade-off between accuracy and complexity, and a
2-bit coding (S = 4) in view of its demonstrated practical viability in several
STC-DM prototypes [28].

96



4.3 machine-learning-enabled synthesis

4.3.3.2 Example of Syntheses

Figure 67 shows two illustrative cases of multi-frequency synthesis for the
complex-valued equivalent currents a(ν) of a generic meta-atom, targeting
Q = 5 consecutive harmonic frequencies (ν = −2,−1, 0, 1, 2).

Figure 67: Examples of joint syntheses for the complex-valued equivalent cur-
rents a(ν) in a generic meta-atom across different harmonic frequen-
cies, assuming as a target Q = 5 consecutive harmonic frequencies
(ν = −2,−1, 0, 1, 2), and a 2-bit coding sequence of length L = 24. a,b)
Comparison between target and synthesized magnitudes and phases,
respectively, for an example featuring piecewise asymmetric linear be-
havior for the magnitude, and linear decreasing behavior for the phase.
c,d) Same as above, but for an example featuring piecewise symmet-
ric linear behavior for the magnitude, and linear increasing behavior
for the phase. The green-shaded regions indicate the targeted spectral
range. The total power fraction concentrated within the target region is
71% and 74% in the two examples. Continuous curves are guides to the
eye only.

These examples utilize a 2-bit coding sequence of length L = 24 and
ideal phase jumps of 90◦, and focus on synthesizing piecewise linear mag-
nitudes (exhibiting either asymmetric or symmetric profiles) together with
linear phase shifts (either increasing or decreasing). The comparison between
the targeted and synthesized values, both in magnitude and phase, demon-
strates a good agreement within the desired spectral domain (highlighted
by a green-shaded region). Additionally, the results for higher harmonic or-
ders (ν up to ±5), which are not directly controlled, are also shown. These
harmonics exhibit relatively small magnitudes, ensuring that the majority of
the power (71% Figure 67a and 74% in Figure 67b) remains confined within
the targeted spectral range.
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Once the problem is decoupled, we proceed to apply these results to
the multi-frequency synthesis of harmonic scattering patterns, treating each
harmonic frequency independently. We then derive the desired (magnitude
and phase) distributions of the equivalent currents for each meta-atom. This
approach allows the use of conventional semi-analytical array design tech-
niques [102], eliminating the need for computationally expensive BF opti-
mization methods.

To illustrate the capabilities of our approach, we consider an STC-DM
with 16 × 16 meta-atoms, with period d = λc/2 and the same parameters as
previous examples. We target Q = 5 representative 2-D scattering patterns
with nontrivial magnitude and phase distributions for harmonic orders ν =

−2,−1, 0, 1, 2, namely:

1. Tseng–Cheng-type optimal pattern with a SLL of −15 dB [102];

2. OAM beam with topological charge ℓ = 1 (i. e., constant magnitude
and spiral-type phase) [106];

3. Triangular-shaped sector beam synthesized via the Fourier method
[102];

4. Golay–Rudin–Shapiro diffuse-scattering pattern (with constant magni-
tude and binary phase) [15];

5. Cross-shaped sector beam synthesized via the Fourier method [102].

This example of joint synthesis is not related to any specific application.
Rather, it is selected to demonstrate the robustness and versatility of our ap-
proach in synthesizing diverse scattering patterns, including those requiring
either magnitude-phase or phase-only equivalent current distributions.

The semi-analytically obtained magnitude and phase distributions are
shown in Figure 68, along with the corresponding scattering patterns. Fig-
ure 69 illustrates the synthesized results for the five harmonic frequencies of
interest. Specifically, Figure 69a–e display the synthesized magnitude distri-
butions of the complex-valued a(ν)nm, while Figure 69f–j show the correspond-
ing phase distributions, and Figure 69k–o the resulting scattering patterns.

The comparison with Figure 68 highlights the good agreement between
the targeted and synthesized results, demonstrating the potential of the ap-
proach. Remarkably, three of these scattering patterns, which require non-
uniform magnitude distributions, were previously impossible to synthesize
with the former semi-analytical approach [78], and have not been demon-
strated with the previous ML-based strategy [95]. Therefore, they represent
the first examples of joint magnitude-phase multi-frequency syntheses with
STC-DMs. The scattering patterns at higher harmonic orders (|ν| > 2) not
shown for brevity, consistently exhibit levels below ≈ −8 dB, thereby con-
firming the increased spectral efficiency.
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4.3.3.3 Experimental Validation

For our experimental validation, we utilize a 2-bit, X-band STC-DM pro-
totype. This prototype features a layout of 16 columns and 8 connected
meta-atoms, as schematized in Figure 71a. Each column shares common con-
trol voltages, simplifying the electronics but restricting the beam-shaping
and steering to one plane (ϕ = 0) only. The meta-atom, illustrated in Fig-
ure 71b, consists of a hexagonal metal patch on a grounded dielectric sub-
strate, connected via two PIN diodes to biasing lines, with a total unit cell
size of 14 × 14 mm2. A photograph of the fabricated prototype, measuring
224 × 140 mm2, is shown in Figure 71c.

Figure 70: a,b) Simulated magnitude and phase reflection responses, respectively,
as a function of frequency, pertaining to the meta-atom in Figure 71b,
for the four possible combinations of the PIN diodes’ bias states. c,d)
Corresponding measured responses. The vertical dashed line indicates
the design frequency.

As illustrated in Figure 70, the meta-atom is numerically designed so that,
at the operational frequency of 10.3 GHz, the four possible ON/OFF com-
binations of the two PIN diodes yield reflection phases differing by ≈ 90◦

steps, with reflection magnitudes above ≈ −2 dB. However, from experimen-
tal characterization, we found slight discrepancies, with the actual reflection
phases of 12◦, 102◦, 186◦, 289◦, and corresponding magnitudes of −0.06,
−2.86, −3.25, −0.98 dB, due to unmodeled imperfections, approximations,
and fabrication tolerances.

The measurement setup, visualized as a photograph in Figure 71d, com-
prises an anechoic chamber housing a turntable hosting the prototype, along
with a feeding antenna connected to a signal generator, and a receiving an-
tenna connected to a spectrum analyzer. Accordingly, we implement our
joint syntheses across Q = 5 harmonic frequencies (ν = −2,−1, 0, 1, 2). Each
of the 16 columns, consisting of 8 connected meta-atoms, is controlled with
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a b

c

d

Figure 71: Microwave prototype and measurement setup. a,b) Schematics of the
STC-DM and meta-atom, respectively. c,d) Photographs of the STC-DM
prototype and measurement setup, respectively.
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a temporal coding sequence of length L = 24, having a period T0 = 1 µs
(modulation frequency f0 = 1 MHz, corresponding to a diode switching
rate of 24 MHz). In this experimental scenario, considering the restrictions
imposed by the prototype, we carry out 1-D syntheses, synthesized in a
semi-analytical fashion via conventional antenna array design methods:

1. Dolph–Chebyshev pattern with a SLL of −15 dB and a steering angle
of −10◦ [102];

2. Difference pattern with cosine tapering and a steering angle of −30◦;

3. Uniform aperture pattern with a steering angle of 20◦;

4. Four-beam pattern with peaks at ±50◦ and ±15◦ [94];

5. Golay–Rudin–Shapiro diffuse-scattering pattern, with a steering angle
of 35◦ [15];

Figure 72 compares the target and synthesized equivalent current distribu-
tions, demonstrating once again a satisfactory agreement. Figure 73 presents
a comparison between measured and simulated scattering patterns, consid-
ering both ideal and imperfect phase responses. In general, there is good
agreement, especially when phase imperfections are considered. Minor dis-
crepancies, such as slightly wider beams and elevated sidelobes in the mea-
sured results, can be ascribed to inherent non-idealities and modeling ap-
proximations. At the center frequency (ν = 0), moderately larger deviations
are observable. Specifically, the effects around the main lobe are mainly due
to blockage from the feeding antenna, whereas the speckle at larger angles is
attributable to the interference between the STC-DM reflection and the back-
ward radiation from the feeding antenna. Simulated and measured higher-
order scattering patterns are shown in Figure 74, consistently exhibiting lev-
els ≈ 10 dB below the maximum.

These results validate the proposed approach through experimentation,
confirming its practical viability.

4.3.4 Additional Results

To further validate the flexibility and robustness of the proposed synthe-
sis framework, this section presents two additional sets of results. First,
we demonstrate that the methodology can be effectively extended to non-
consecutive harmonic orders, highlighting its versatility beyond previously
shown configurations. Then, we explore an alternative implementation of
the tandem DNN, which replaces the learned forward model with an ana-
lytical counterpart and integrates a more expressive inverse network. These
results reinforce the generality of the proposed approach and offer insights
into its adaptability to different design choices and constraints.
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4.3.4.1 Results for Non-Consecutive Harmonic Orders

While the examples presented so far focus on targeting consecutive har-
monic frequencies, our approach can be generalized to accommodate more
diverse configurations. For instance, Figure 76 illustrates numerical results
for the same target patterns as in Figure 73, but now assuming non-
consecutive harmonic orders of interest, specifically ν = −2,−1, 0, 1, 3. The
results demonstrate performance comparable to the consecutive case. Addi-
tionally, Figure 77 confirms that the scattering patterns at other harmonic
orders, including the interior harmonic order ν = 2, maintain levels ≈ 10 dB
below the maximum. Once again, this indicates increased flexibility in the de-
sign, by comparison with the previous semi-analytical approach [78]. Never-
theless, there are limitations due to the inherent sinc-type decay of the equiv-
alent currents in Equation (44). Specifically, focusing too much power on
higher harmonic orders may cause the synthesis to become ill-conditioned,
hindering the convergence of the tandem DNN.

4.3.4.2 Alternative Implementation of the Tandem DNN

Here, we present results obtained using an alternative tandem DNN scheme,
which implements the forward model analytically and employs a more com-
plex inverse DNN with both convolutional and fully connected layers (see
Section 4.3.5 for more implementative details).

Figure 75 illustrates an alternative tandem DNN scheme. Unlike the
scheme in Figure 64, this approach directly implements the forward model
based on Equation (44), rather than relying on a secondary DNN to simulate
this operation. In this way, the overall training process is simplified. More-
over, this strategy ensures perfect fidelity to the theoretical model, thereby
avoiding the approximation errors typical of a data-trained DNN and allow-
ing for a direct focus on the error introduced by the inverse DNN.

Figure 75: Schematic illustration of the alternative tandem DNN architecture.
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For the intermediate layers, we use the conventional notation “kk̂nn̂sŝ,”
where the convolutional layer has a kernel of size k̂ × k̂, n̂ channels in the
output feature map, and a stride of ŝ. The data structures for the complex
amplitudes a and the reflection coefficient phases p, along with the gener-
ation of the training dataset, the training metric, and phase quantization,
are identical to those discussed previously. For notational compactness, we
refer to the original tandem DNN scheme (Figure 64) as T-DNN1, and the
alternative scheme (Figure 75) as T-DNN2.

Figure 78: Convergence for T-DNN2 scheme. MSE for a scenario with Q = 5 har-
monic frequencies (ν = −2,−1, 0, 1, 2) and sequences of length L = 24.

Figure 78 illustrates the convergence behavior for T-DNN2 under a typ-
ical parameter configuration. Overall, the results are comparable to those
observed for T-DNN1 (Figure 65), although T-DNN1 exhibits a smoother er-
ror behavior. On the other hand, T-DNN2 does not require the training of
the forward model.

Using the same parameter configuration, Figure 79 compares the results
of multi-frequency synthesis of complex-valued equivalent currents a(ν) for
a generic meta-atom using both tandem DNN schemes. For a meaningful
comparison, the results are presented both without phase quantization in
Figure 79a,b, and with a 2-bit phase quantization in Figure 79c,d. As ob-
served, the results are generally comparable, especially in the presence of
phase quantization. In general, T-DNN2 tends to offer slightly better spec-
tral efficiency, characterized by lower amplitudes at harmonic orders |ν| > 2.

For the same 1-D synthesis examples shown in Figure 73, Figure 80 com-
pares T-DNN1 and T-DNN2 in terms of equivalent amplitude distributions
and scattering patterns for the harmonic orders of interest ν = −2,−1, 0, 1, 2,
without phase quantization. Figure 81 provides the comparison for a 2-
bit phase quantization under the same scenario. These results confirm that
the two tandem DNN schemes produce comparable syntheses, particularly
when phase quantization is applied.
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Figure 79: Comparison of joint syntheses, via T-DNN1 and T-DNN2, for the
complex-valued equivalent currents a(ν) for a generic meta-atom across
different harmonic orders assuming as a target Q = 5 consecutive har-
monic orders (ν = −2,−1, 0, 1, 2). a,b) No phase quantization. c,d) 2-bit
phase quantization.

Finally, while the main goal was to demonstrate the feasibility and po-
tential of our synthesis method with a simple tandem DNN architecture,
further improvements are possible. For example, employing tensor or convo-
lutional layers could enhance the modeling efficiency [104, 107] and increase
the number of controllable harmonics. Additionally, constrained implemen-
tations [105] may improve the control over spectral efficiency and other
system-level metrics. For practical deployment, especially on edge comput-
ing devices like FPGAs, a simple, real-time DNN-based encoding scheme
is crucial. To accomplish this, the DNN architecture should be kept as sim-
ple as possible while still fulfilling the accuracy requirements. Thus, the fully
connected architecture in Figure 64 may represent a reasonable compromise.

4.3.5 Experimental Details

modeling The numerical implementation of the analytic modeling in
Equations (44)–(46) was carried out using MATLAB© [108]. The design and
modeling of the 2-bit meta-atom in the X-band microwave prototype were
performed by means of full-wave numerical simulations relying on CST Mi-
crowave Studio© [109]. In these simulations, a normally incident plane-wave
excitation was assumed, port-type terminations along the z-direction were
employed, and periodic boundary conditions in the x-y plane were imple-
mented. The PIN diodes were modeled as equivalent circuits, namely an RL
circuit for the “ON” state (with R = 2 Ω, L = 200 pH), and an RLC circuit
for the “OFF” state (with R = 3.3 Ω, L = 200 pH, C = 52 fF).
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tandem dnn implementation The fully connected tandem DNN
was implemented using the fitnet library in MATLAB© [110]. Both the
forward and inverse DNNs were composed of two hidden layers. Specifi-
cally, the first hidden layer of the forward DNN comprised 10L neurons,
while the second hidden layer contained 20Q neurons. Radial basis func-
tions were employed as activation functions for both DNNs, while the out-
put layers utilized the Elliot sigmoid function [111]. Regarding the training
algorithm, the resilient back-propagation method [112] was used, as it is par-
ticularly well-suited for sigmoid-type activation functions. For both forward
and inverse DNNs, the datasets were divided as follows: 70% for training,
15% for validation, 15% for testing. The training process typically required
3 hours on a personal computer equipped with an Intel Core i7-8550U CPU
(@ 1.80–2.00 GHz) and 8 GB of RAM. In the final phase quantization step, a
nearest-neighbor search was performed, utilizing the degree of freedom in
the reference phase to minimize errors.

alternative tandem dnn implementation The alternative tan-
dem DNN scheme was implemented and tested using the functionalities
provided by the dlnetwork library in MATLAB© [113]. In this scheme, the
inverse model adopts a more complex architecture, as summarized in Table 1.
Each hidden layer comprises a convolutional layer, followed by a batch nor-
malization layer and a Rectified Linear Unit (ReLU) as activation function.
The layers are listed in the table in the same order in which they appear in
the network.

Table 1: Architecture of the alternative inverse model using a CNN.

Layer Description

Input 2Q features

Fully connected 256 neurons

Reshape 16 × 16 feature map

Hidden (5×) Conv†, BatchNorm‡, ReLU activation

Fully connected 512 neurons, tanh activation

Output L features, tanh activation
† Convolutional layer
‡ Batch normalization layer

For the training algorithm, we employ the ADAM algorithm [114] with the
following parameters: learning rate α = 0.001, gradient decay factor β1 = 0.9,
squared gradient decay factor β2 = 0.999, denominator offset ϵ = 10−8. The
dataset is split into two partitions: 80% for training and 20% for validation.
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prototype realization The fabrication of the STC-DM prototype in
Figure 71c was carried out by means of standard printed-circuit-board tech-
nology, utilizing a 1.5 mm-thick F4B substrate with a dielectric constant
of εr = 2.65 and a loss tangent of tan δ = 0.001. Each meta-atom in-
tegrates two embedded PIN diodes (MACOM MADP-000907-14020x) con-
nected to the biasing lines. To implement dynamic biasing, an FPGA hard-
ware control board (ALTERA Cyclone IV) was employed. This board was
pre-programmed with a computer code designed to generate control signals
according to the desired STC matrices.

experiments The experimental setup shown in Figure 71d comprised
a linearly polarized X-band horn antenna, employed as a transmitter, and
a signal generator (Keysight E8257D) providing the carrier microwave sig-
nal. The transmitter and STC-DM prototype were coaxially mounted on a
rotary support at a distance of 0.85 m, enabling a 360◦ rotation in the hor-
izontal plane with a precision of 0.1◦. To measure the harmonic scattering
patterns, an identical horn antenna was utilized as a receiver and connected
to a spectrum analyzer (Keysight E4447A). The characterization of the meta-
atom’s reflection response was performed using a vector network analyzer
(Keysight N5230C).

4.3.6 Summary and Outlook

We have put forward a novel ML-based method for the multi-frequency syn-
thesis of STC-DMs, which utilizes a tandem DNN architecture to map de-
sired equivalent-current distributions at different harmonic frequencies di-
rectly onto the coding sequences of a generic meta-atom. This effectively
decouples the synthesis problem, enabling the use of conventional semi-
analytical array design techniques for harmonic beam shaping and steering,
with precise control over magnitude and phase distributions.

Within the emerging framework of STC-DMs, our approach stands out
as a remarkable integration of ML-based and semi-analytical techniques. It
enables the synthesis of complex scattering patterns that were previously
unattainable with existing design methodologies while maintaining a com-
putational complexity that is essentially independent of the STC-DM elec-
trical size. This advantage essentially arises from synthesizing the equiva-
lent currents across harmonic frequencies for individual meta-atoms, render-
ing the computational complexity of the tandem DNN independent of the
size of the STC-DM. Scattering pattern synthesis is then effectively carried
out using traditional array design techniques. Although our examples focus
on semi-analytical approaches, numerical methods [115] remain computa-
tionally feasible thanks to the decoupling strategy and could be employed
for each individual frequency component. This stands in contrast to previ-
ous ML-based methods that directly target scattering pattern synthesis [95],
which results in a computational complexity that scales unfavorably with
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the STC-DM size. Another key advantage is that our DNN training depends
solely on the targeted harmonic frequencies and coding-sequence length and
hence it remains valid even if the desired scattering pattern or STC-DM size
changes, eliminating the need for retraining.

The promising results of our approach have been experimentally validated
using a 2-bit, X-band STC-DM prototype, paving the way for significant ad-
vancements in applications such as smart radio environments for upcoming
wireless networks [116, 117], as well as in sensing and imaging technolo-
gies [118, 119]. Within this framework, the proposed ML-based approach
can be seamlessly integrated with system-level, artificial-intelligence-driven
strategies tailored for smart radio environments [120, 121]. Another promis-
ing direction is the investigation of rapid switching mechanisms, such as
those leveraging graphene or vanadium dioxide, to enable operations at
higher frequencies, such as millimeter-wave and terahertz bands [122, 123],
where the use of PIN diodes is not viable.
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5
D I A G N O S T I C S O F S PA C E - T I M E - C O D I N G D I G I TA L
M E TA S U R FA C E S

5.1 background and generalities

The diagnostics of metasurfaces, whether configured as reflectarrays or RISs,
plays a critical role in ensuring optimal performance in practical deployment
scenarios. As these structures are increasingly integrated into advanced
wireless communication systems, maintaining their operational integrity be-
comes essential. In particular, modern diagnostic techniques have shifted
toward data-efficient and model-aware strategies, leveraging methods such
as sparse recovery, Compressed Sensing (CS), and DL. These approaches
aim to identify faults or anomalies at the level of individual elements within
the array by analyzing far-field radiation measurements. By detecting dis-
ruptions such as amplitude degradation, phase errors, or complete element
failure, these techniques enable real-time monitoring and correction, thus
preserving the metasurface’s intended EM functionality.

Recent advancements in diagnostics have focused on model-based inver-
sion techniques, CS frameworks, ML approaches, all of which aim to iden-
tify local defects using only partial observations—typically in the far-field
domain. These methods are particularly well-suited to metasurfaces, where
faults are often sparse (i. e., only a few elements are defective at any given
time) and measurements are costly or limited in resolution.

5.1.1 Sparse Regularization and Inverse Modeling

A commonly used technique for antenna diagnostics is the back-propagation
algorithm [124]. This method relies on the Fourier relationship between the
tangential components of the electric field distribution on the antenna array
surface, E(x, y), and the radiated far field, F(r, θ, ϕ). As is well known, the
spatial resolution on the array aperture is practically limited to λc/2. Using
fewer unknowns than this limit would result in an undersampling of the
aperture field, compromising reconstruction accuracy. Consequently, for an
array of dimensions 2Nx × 2Ny, the minimum number of unknowns required
is Nu ≈ Nx Ny/λ2

c . Using a larger number of unknowns does not improve
the accuracy of the reconstruction; rather, it leads to an oversampling of a
band-limited function, which results in an interpolation of the available data.

An alternative technique for identifying faults in large antenna arrays
is the Matrix Method Algorithm (MMA) [125, 126]. This approach exploits
the linear relationship between the sampled values of the aperture field
x ∈ CN and those of the far-field pattern y ∈ CM, where kx = k0 sin θ cos ϕ,
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ky = k0 sin θ sin ϕ, and k0 = 2π/λc. The mapping is described by a sys-
tem matrix A, such that y = Ax. However, the matrix A is typically ill-
conditioned, which necessitates the use of regularization techniques to stabi-
lize the inversion process and ensure a meaningful solution [127].

Building on this class of inverse approaches, Ref. [128] presents a model-
driven diagnostic technique that leverages prior knowledge of the ideal (i. e.,
fault-free) radiation pattern of the array. By subtracting the expected far-field
response from the measured one, the diagnostic problem is reformulated to
highlight only the local discrepancies introduced by faulty elements. This dif-
ferential formulation transforms the original problem into an equivalent one
in which radiation is attributed solely to the region affected by the failure-
induced field perturbation. As a result, the method achieves higher accuracy
and reduced computational complexity by focusing the analysis on a limited
portion of the aperture. In particular, the tangential field distribution E(x, y)
and its corresponding far field pattern F(r, θ, ϕ) are given by the difference
between the distributions of the reference antenna and the antenna under
test

E(x, y) = E(r)(x, y)− E(d)(x, y), (103a)

F(r, θ, ϕ) = F(r)(r, θ, ϕ)− F(d)(r, θ, ϕ). (103b)

The reconstruction task is then solved by minimizing a sparsity-promoting
objective function:

min
x

∥Ax − y∥2
2 + αregR(x), (104)

where x represents the spatial distribution of anomalies, A is a forward op-
erator mapping anomalies to far-field deviations, y is the difference between
the observed and nominal field responses, αreg is a coefficient that controls
the relative contribution of the regularization term and R(x) is a regulariza-
tion function (e. g., L1-norm, or mixed norms) enforcing sparsity or some a
priori knowledge in the solution.

Compared to classical back-propagation or matrix inversion techniques,
this approach significantly reduces the number of required measurements
and offers faster convergence in real-time settings, making it highly suitable
for large and reconfigurable metasurfaces. The reader is referred to Ref. [128]
for further details and numerical examples that validate this model.

5.1.2 Compressed Sensing-Based Diagnostics

In Ref. [129], a diagnostic technique is proposed for millimeter-wave arrays
affected by partial or complete blockages caused by external agents (e. g.,
dust, water, fingers). The impact of these blockages is modeled as attenua-
tion and phase variation on the incident signal. Considering an N × M re-
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flectarray, with an antenna spacing of d, without any temporal modulation,
the model focuses on the far-field scattering pattern:

F(θ, ϕ) =
N

∑
n=1

M

∑
m=1

wnmej 2π
λc d(n−1) sin θ cos ϕej 2π

λc d(m−1) sin θ sin ϕ, (105)

where λc is the operating wavelength, and wnm is the (n, m)-th complex an-
tenna weight. Equation (105) can be reduced to

F(θ, ϕ) = vec(W)TΨ(θ, ϕ), (106)

where vec(W) is the N × M column vector obtained by stacking the columns
of the matrix W on top of one another, the vector Ψ(θ, ϕ) = ψx(θ, ϕ) ⊗
ψy(θ, ϕ) is the 1-D array response vector, where the n-th component of
ψx(θ, ϕ) and the m-th component of ψy(θ, ϕ) are given by the two expo-
nential terms in Equation (105), respectively, while the operator ⊗ denotes
the Kronecker product. This formulation enables the reduction of the 2-D
array to an equivalent 1-D representation, thereby simplifying the overall
problem structure.

In presence of blockages, the far-field scattering pattern of the array in
Equation (105) becomes

F(θ, ϕ) = vec(W)T(b ◦ Ψ(θ, ϕ)), (107)

where the operator ◦ represents the Hadamard product, and the n-th com-
ponent of the vector b ∈ CNM is defined by

bn =

ςn, if the element is blocked,

1, otherwise,
(108)

where ςn = ρn exp (jΦn), with 0 ≤ ρn ≤ 1 and 0 ≤ Φn ≤ 2π are the resulting
absorption and scattering coefficients of the n-th antenna. A value of ρn = 0
represents maximum blockage at the n-th element, and the Φn coefficient
measures the phase-shift caused by the n-th element. Under this model, bn

is treated as a random variable that takes the value bn = ςn with probability
Pb when the n-th antenna is blocked, and bn = 1 with probability 1 − Pb
otherwise. From Equation (107), it is evident that blockages will change the
array scattering pattern. For further details and validating numerical exam-
ples, the reader is referred to Ref. [129].

5.1.3 Data-Driven Diagnostics via Deep Learning

In Ref. [130], a purely data-driven method is introduced, where a deep CNN
is trained to identify faults in antenna arrays directly from far-field radiation
patterns. The proposed architecture includes multiple blocks of convolution,
batch normalization, and activation layers, followed by fully connected lay-
ers to perform fault classification. This DL framework offers a number of
advantages:
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• It captures nonlinear relationships between radiation patterns and faults
that are difficult to model analytically;

• It is robust to noise and measurement imperfections;

• Once trained, the model enables instantaneous inference, suitable for
real-time diagnostics.

This method is particularly promising for RIS applications, where the
metasurface is often dynamic and the relationship between control states
and observed patterns can be highly complex. The flexibility and scalability
of DL make it a compelling solution for large-scale reconfigurable systems.

For a detailed description of the architecture, training methodology, and
numerical results, the reader is referred to Ref. [130].

5.2 diagnostics via orthogonal codes

Common methods for diagnosing RISs focus on the signal level [129, 131].
These approaches leverage the statistical properties of transmitted and re-
ceived signals, along with channel state information, in order to assess the
operational status (normal or faulty) of individual elements. This is typi-
cally accomplished using CS-based algorithms, which often involve iterative
procedures and advanced signal-processing techniques. These methods are
commonly integrated into core communication tasks, such as channel esti-
mation [131], resulting in significant computational complexity. Additionally,
most of these techniques have been validated primarily through theoretical
models or simulations, limiting their experimental validation.

On the other hand, hardware-based diagnostics methods evaluate RIS per-
formance by directly measuring physical parameters, such as far-field [128,
130, 132] or near-field [133] radiation patterns. These methods detect faulty
elements by comparing measured data from the tested structure with refer-
ence data from a fault-free configuration. However, they require prior mea-
surements of fully functioning structures and highly accurate data collec-
tion at specific locations. Furthermore, they typically assume fault sparsity—
meaning that only a few elements are defective—which limits their effective-
ness in cases of more extensive failures.

To address these limitations, we propose a novel RIS diagnostic method
based on STC modulation using orthogonal codes. This approach encodes
the reflections of individual elements into distinct, orthogonal channels via
time-varying control signals. Elements that fail to correctly modulate the
signal leave their corresponding code channels empty, enabling straightfor-
ward fault identification. Unlike previous methods, our approach eliminates
the need for complex algorithms or iterative measurement processes. It of-
fers several practical benefits, including rapid testing, ease of implementa-
tion, minimal computational demand, and robust performance—making it
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especially suitable for applications like factory inspections and routine RIS
maintenance. The results below are also documented in Ref. [134].

5.2.1 Theory and Modeling

Figure 82 illustrates the core concept behind the proposed RIS diagnostic
approach, which leverages spatio-temporal modulation. This modulation is
achieved by dynamically controlling the state of reconfigurable elements
through an FPGA. As depicted on the left side of the figure, the RIS modu-
lation is represented by a 3-D STC matrix based on orthogonal codes. When
the RIS is illuminated by a monochromatic wave, the reflected signal is cap-
tured and analyzed to extract the power associated with each code chan-
nel. Faulty elements, which fail to modulate correctly, result in significantly
lower power in their corresponding channels. By examining the power dis-
tribution across these channels, faulty elements can be precisely identified.
The next section provides a detailed theoretical model of the RIS diagnostic
procedure.

Figure 82: Conceptual illustration of the RIS diagnostics modulation strategy. Each
coding element is assigned a unique orthogonal Hadamard sequence,
enabling rapid fault detection by analyzing the recovered power associ-
ated with each code channel in the received signal.

5.2.1.1 Coding Strategy

As the RIS under test, we consider a 1-bit coding STC-DM comprising N
independent coding elements. An independent coding element refers to a

122



5.2 diagnostics via orthogonal codes

group of meta-atoms that share the same control signal from the FPGA con-
trol module—for example, all meta-atoms in the same column in a column-
controlled STC-DM, or a single meta-atom in a point-controlled STC-DM.
Each coding element is modulated using a distinct Hadamard code, which
is commonly employed in Code-Division Multiple Access (CDMA) communi-
cation systems and signal processing applications [135]. These codes are ob-
tained from the rows of a Hadamard matrix HL, where L denotes the code or-
der. Due to their orthogonality, Hadamard codes are particularly well-suited
for this diagnostic method. An L-order Hadamard matrix is recursively de-
fined as follows:

HL =

(
HL/2 HL/2

HL/2 −HL/2

)
,

H1 = 1.

(109)

Equation (109) defines an orthogonal matrix whose rows constitute mutually
orthogonal Hadamard codes. These codes, composed solely of ±1 elements,
can be directly mapped to binary phase states (0 or π) in complex nota-
tion. This discrete phase representation aligns naturally with the capabilities
of 1-bit coding STC-DMs, where the 90◦-phase-shift functionality enables
straightforward implementation of the codes.

However, not all Hadamard codes are suitable for this application. Specif-
ically, the first row of a Hadamard matrix, as shown in Equation (109),
consists entirely of +1 entries—implying no temporal modulation. Conse-
quently, coding elements assigned this sequence would produce no observ-
able difference between functional and faulty states, aside from a 90◦-phase
offset, which is impractical to detect in most scenarios. To overcome this limi-
tation, the first row of the Hadamard matrix is omitted, and each n-th coding
element is instead assigned the (n+ 1)-th row. When all coding elements are
modulated simultaneously, the minimum required order of the Hadamard
matrix is given by:

Lmin = 2⌈log2(N+1)⌉, (110)

where ⌈·⌉ denotes the ceiling operator. Consequently, as N increases, higher-
order Hadamard codes are required, resulting in increased computational
resource demands. A practical strategy to mitigate this issue is to partition
the RIS into smaller segments and perform the diagnostic procedure on each
segment sequentially.

To implement Hadamard code modulation in the time domain, the control
sequence cn in the n-th element of the STC-DM must satisfy

c(l)n =

0, HL(n + 1, l) = −1,

1, HL(n + 1, l) = +1,
(111)
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where c(l)n denotes the bit symbol of cn in the l-th time interval. Under the
control sequence cn, the reflection coefficient of the n-th elements during the
l-th time interval is given by

Γ(l)
n = Aeej

(
Φ0+c(l)n π

)
= −AeejΦ0 HL(n + 1, l),

(112)

where Ae represents the reflection amplitude, Φ0 is the reflection phase of
state “0,” and a time-harmonic dependence exp(j2π fct) is assumed. Given
that the symbol duration in the modulation sequence is τ, the time-varying
reflection coefficient Γn(t) of an element controlled by the sequence in Equa-
tion (109) can be expressed as:

Γn(t) =
L

∑
l=1

Γ(l)
n W(l)(t)

= −AeejΦ0
L

∑
l=1

HL(n + 1, l)W(l)(t),

(113)

where W(l)(t) is the same window function defined in Equation (40).

5.2.1.2 Signal Model

Assuming a monochromatic plane wave at frequency fc impinging on the
RIS from the direction (θi, ϕi), the received signal at a receiver located at
(θo, ϕo) is given by

r(t) = ej2π fct
N

∑
n=1

Γn(t)E(i)
n E(o)

n ψn(θi, ϕi)ψn(θo, ϕo) + n(t), (114)

where E(i)
n and E(o)

n represent the angular response of the n-th element in
the incident and outgoing directions, respectively, n(t) is additive Gaussian
white noise, and ψn(θ, ϕ) is the steering factor of the n-th element, given by

ψn(θ, ϕ) = ej 2π
λc (n−1) sin θ(dx cos ϕ+dy sin ϕ), (115)

where dx and dy denote the dimensions of the n-th coding element along
the x and y directions, respectively. Equation (114) can be discretized with a
time interval τ as

r(l) =
N

∑
n=1

Γ(l)
n E(i)

n E(o)
n ψn(θi, ϕi)ψn(θo, ϕo) + n(l). (116)

For a properly functioning element, Γn(t) exhibits a periodic behavior fol-
lowing an L-order Hadamard code, as defined in Equation (113). In con-
trast, for a malfunctioning element, the reflection coefficient becomes time-
invariant, i. e., Γn(t) = Ae exp (jΦ0), establishing a direct structural corre-
spondence with HL(1, ·)—a row consisting solely of +1 entries—through
the decomposition

Γn(t) = AeejΦ0
L

∑
l=1

HL(1, l)W(l)(t). (117)
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Equation (117) highlights that the reflected signal components from faulty
elements remain orthogonal to those of properly functioning ones, owing
to the intrinsic orthogonality of HL. This inherent energy separation guar-
antees that faulty elements do not interfere with the code channel energy
of operational elements, thereby enabling accurate and unambiguous RIS
diagnostics.

5.2.1.3 RIS Diagnostics

At the receiving terminal, the signal power of the m-th coding channel, P̂m,
is recovered as

P̂m =

∣∣∣∣∣ 1
L

L

∑
l=1

HL(m + 1, l)r(l)
∣∣∣∣∣
2

. (118)

Substituting Equation (116) into Equation (118) and interchanging the sum-
mation order, we obtain

P̂m =

∣∣∣∣∣ 1
L

N

∑
n=1

E(i)
n E(o)

n ψn(θi, ϕi)ψn(θo, ϕo)
L

∑
l=1

HL(m + 1, l)Γ(l)
n + n(l)

∣∣∣∣∣
2

. (119)

Analyzing Equation (119) and defining the following auxiliary term:

Ξnm =
1
L

L

∑
l=1

HL(m + 1, l)Γ(l)
n , (120)

we can distinguish two cases:

• Case 1: The m-th element is normally functioning, i. e., the coding se-
quence is Γ(l)

m = −Ae exp (jΦ0)HL(m + 1, l). In this case, using Equa-
tion (117) and the orthogonality of HL, we obtain

Ξnm =

0, n ̸= m,

−AeejΦ0 , n = m,
(121)

Thus, the recovered code channel power is

P̂n =
∣∣∣AeE(i)

n E(o)
n ψn(θi, ϕi)ψn(θo, ϕo)

∣∣∣2 + Pn, (122)

where Pn denotes the noise power.

• Case 2: The m-th element is faulty, i. e., Γ(l)
m = Ae exp (jΦ0)HL(1, l). In

this case, using Equation (117) and the orthogonality of HL, we obtain

Ξnm = 0, (123)

which leads to
P̂m = Pn. (124)
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By comparing Equations (122) and (124), it follows that in high Signal-to-
Noise Ratio (SNR) conditions, an appropriate power threshold Pthr can be
established to assess the state of the m-th element. Specifically, if P̂m ≥ Pthr,
the element is classified as normally functioning; otherwise, if P̂m < Pthr,
it is identified as faulty. Although the angles influence the absolute inten-
sity |AeE(i)

n E(o)
n ψn(θi, ϕi)ψn(θo, ϕo)|2, the diagnostic decision is based on the

relative difference in intensity between functioning and faulty elements, en-
suring robust and consistent fault identification.

In summary, the proposed diagnostic procedure includes the following
steps:

1. Modulate each coding element with a distinct Hadamard code as de-
fined in Equations (109)–(113);

2. Illuminate the RIS under test with a monochromatic plane wave and
collect the reflected signal;

3. Compute the power associated with each code channel using Equa-
tion (118);

4. Determine the state of the m-th element based on the power threshold:Normal, if P̂m ≥ Pthr,

Faulty, if P̂m < Pthr.

This diagnostic approach avoids the sparsity assumptions typically em-
ployed in CS-based techniques, making it well-suited for RIS scenarios char-
acterized by a high fault density [128, 129, 131–133].

5.2.2 Results and Discussion

5.2.2.1 Simulation Results

To validate the effectiveness of the proposed diagnostic method, we first per-
form a numerical simulation using a 16 × 16 column-controlled metasurface
as the RIS under test. The metasurface operates at a frequency of 9.8 GHz
and comprises meta-atoms of size 15 × 15 mm2, consistent with the configu-
ration of Prototype 1 in Table 2.

Following Equation (110), we set the code order to L = 32, with each
code symbol lasting τ = 1 µs, corresponding to a modulation frequency
f0 = 62.5 kHz. The digital sampling frequency is fs = 8 MHz. We set the
incident angle to θi = 0◦ and position the receiver at θo = 20◦ relative to the
RIS normal. The SNR of the incident signal is set at 30 dB.

Building on the strategy described in the previous section, we implement
space-time modulation of the RIS using the STC matrix shown in Figure 83a.
This matrix is derived from a 32nd-order Hadamard matrix, with the first
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Figure 83: Simulation results for signal analysis and processing. Each column is
modulated using a 32nd-order Hadamard code. a) STC matrix con-
structed from the Hadamard codes. b,c) Amplitude and phase, respec-
tively, of the received time-domain signal over six modulation periods.
d) Actual operational states of each column. e) Recovered power across
different code channels used for fault diagnostics.
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Table 2: Design parameters of RIS prototypes for fault diagnostics.

Parameter Prototype 1 Prototype 2

Testing frequency 9.8 GHz 10 GHz

Array dimensions 16 × 16 8 × 8

Meta-atom size 15 × 15 mm2 15 × 15 mm2

Phase resolution 1 bit 1 bit

row excluded. To emulate faulty elements, we randomly set specific rows
in the STC matrix to all zeros. By altering seven such rows, Figure 83b,c
present the amplitude and phase, respectively, of the time-domain received
signal across six modulation periods, while Figure 83d shows the actual
operational state of each element. The received signal is processed using
Equation (118) to extract the power associated with each coding channel. To
mitigate the influence of noise, the mean power is computed over the six
modulation periods. Figure 83e displays the recovered power for all code
channels, which distinctly separates into two groups. Since the diagnostic
approach is based on relative intensity rather than absolute power levels,
the recovered powers are normalized with respect to the maximum observed
value.

Figure 84: a,b) Simulated DER of the diagnostics under varying SNR conditions
as a function of the number of faulty elements and the receiving angle,
respectively.

A comparison between Figure 83e,d reveals that channels corresponding
to normal elements maintain power levels close to 0 dB, whereas those asso-
ciated with faulty elements show significantly attenuated values. By select-
ing an appropriate threshold, faulty elements can be reliably identified by
their low recovered power. This outcome matches the actual fault distribu-
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tion, thereby validating the effectiveness of the proposed diagnostic method.
Moreover, the approach is inherently scalable to large-scale point-controlled
RISs, as further discussed in Section 5.2.3.1.

We further conduct simulations to evaluate the impact of SNR and the
number of faulty elements NF on the Diagnostics Error Rate (DER). The DER
is defined as the average ratio of incorrectly diagnosed elements to the total
number of elements, computed over 3000 simulation runs. As illustrated in
Figure 84a, for a fixed NF, the DER decreases with increasing SNR. Notably,
when the SNR exceeds 15 dB, the DER drops below 10−4 regardless of the
number of faulty elements. Furthermore, as NF increases, the DER remains
nearly constant or may even slightly decrease. These results demonstrate the
reliability of the proposed method, even in high fault-density scenarios.

Additionally, we analyze the DER as a function of the receiving angle θo,
while maintaining a fixed incident angle of θi = 0◦. As shown in Figure 84b,
smaller receiving angles provide improved DER performance under low-
SNR conditions. However, for SNR > 10 dB, the DER remains stable within
the angular range −30◦ ≤ θo ≤ 30◦, reinforcing the method’s robustness
against angular variations. Moreover, when SNR > 20 dB, the DER remains
below 10−4 across the entire range −60◦ ≤ θo ≤ 60◦.

These results confirm both the feasibility and robustness of the proposed
diagnostic method. In practical applications, achieving an SNR above 15 dB
is easily attainable by increasing transmission power. As a result, the RIS
diagnostic approach remains effective under a wide range of SNR levels,
receiving angles, and fault densities. Additionally, it requires only a single
measurement to acquire the diagnostic data, enabling rapid fault detection
with minimal computational overhead.

5.2.2.2 Experimental Validation

To further validate the proposed RIS diagnostic method, we implement it on
two distinct RIS prototypes.

Figure 85a presents the architecture of the diagnostic system. A pair of
standard horn antennas is used for transmission and reception. One signal
generator provides the monochromatic transmission signal, while a second
generator supplies the local oscillator signal for down-conversion. The re-
ceived signal is captured using a Universal Software Radio Peripheral (USRP)
and processed by a host computer. The actual measurement setup in a real-
istic testing environment is shown in Figure 85b.

The specific design parameters of the two RIS prototypes employed in the
experiments are summarized in Table 2. Prototype 1 is a 16 × 16 column-
controlled STC-DM with a total aperture of 240 × 240 mm2, while Pro-
totype 2 is an 8 × 8 column-controlled STC-DM with a total aperture of
120 × 120 mm2. Both RISs operate with a 1-bit phase modulation, achieved
by toggling the PIN diodes soldered on each element between the “ON” and
“OFF” states. Close-up photographs of the two prototypes are provided in
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Figure 85: Measurement setup and RIS prototypes. a) Architecture of the proposed
RIS diagnostic system. b) Photograph of measurement setup. c,d) Close-
up views of RIS Prototypes 1 and 2, respectively.
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Figure 86: STC configuration in the experiment for Prototype 1. a) Modulation sig-
nal frame structure. b) Detailed STC matrix within a frame. c,d) Ampli-
tude and phase, respectively, of received signal over a frame duration.

Figure 85c,d. Additional design details and discussions on the influence of
inherent response imperfections are provided in Section 5.2.3.

Different coding schemes are applied to the two prototypes to accommo-
date variations in array scale and the effects of mutual coupling. For Proto-
type 2, which features a smaller array and requires only 16th-order codes,
a direct coding scheme is adopted—mirroring the configuration used in the
simulation setup. The STC matrix is directly constructed from 16th-order
Hadamard codes. For Prototype 1, a segmented coding strategy is imple-
mented to reduce the effective code order and mitigate the influence of mu-
tual coupling between adjacent elements.

Figure 86a illustrates the structure of the control signal frame, which is di-
vided into eight segments: two padding bit segments and six segments con-
taining STC signals that alternately modulate odd and even columns. Since
only half of the columns are modulated within each segment, the same set
of Hadamard codes can be reused across segments, effectively reducing the
required code order from 32 to 16. Moreover, by keeping adjacent elements
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static while one subset is being modulated, the interference due to mutual
coupling is significantly reduced. Two 16-bit padding segments filled with
“0” symbols are inserted for synchronization purposes.

Figure 87: Experimental results of RIS diagnostics across different test cases. a,c,e)
Recovered power, normalized power, and actual operational states, re-
spectively, for Prototype 1 across twelve cases. b,d,f) Recovered power,
normalized power, and actual operational states, respectively, for Proto-
type 2 across nine cases.

Figure 86b provides a detailed view of the STC matrix used within a con-
trol frame of 128 bits, wherein 16th-order Hadamard codes are employed.
The modulation symbol duration is set to τ = 1 µs, corresponding to a
switching frequency of fswitch = 1 MHz. Under this control scheme, the
amplitude and phase of the received signal, measured over the duration of a
frame, are shown in Figure 86c,d, respectively, using a sampling frequency of
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fs = 10 MHz. It is worth noting that a phase hop observed at the end of the
padding segments—resulting from reverse symbol mapping—facilitates syn-
chronization. Additionally, as in the simulation scenario, we emulate faulty
elements in both prototypes by setting the corresponding control signals to
zero. This approach avoids the risk of damaging the hardware, which would
be required to reproduce all possible fault scenarios experimentally. A perfor-
mance analysis under alternative fault modes is available in Section 5.2.3.3.

Figure 87 presents the experimental results obtained from both RIS proto-
types under various fault scenarios, each characterized by a different num-
ber of faulty elements. For Prototype 1, twelve test cases were evaluated,
with Case 1 corresponding to the fault-free condition. The actual opera-
tional states for each case are depicted in Figure 87e. Figure 87a displays
the received power across different columns. The results show a sharp drop
in recovered power—falling below −20 dB—for columns corresponding to
faulty elements. By applying an appropriate threshold, these elements can
be clearly identified. In this experimental setup, a noticeable power imbal-
ance of up to 5 dB is observed between central and edge columns. This effect
is attributed to edge-related phenomena and the relatively large aperture of
the metasurface, which compromises the approximation of the incident field
as a plane wave. Such imbalances become more pronounced as the metasur-
face size increases. Despite these fluctuations, the power contrast between
normal and faulty states exceeds 20 dB, rendering normalization based on
the reference power from Case 1 (all operational elements) unnecessary for
effective diagnostics. However, to improve clarity in result visualization, we
normalize the recovered power using the reference from the fault-free case.
As shown in Figure 87c, this normalization effectively stabilizes the power
distribution, reducing inter-column imbalance to within 2 dB. By comparing
the normalized power maps in Figure 87a,c with the actual operational states
in Figure 87e, a clear distinction is observed between normal and faulty ele-
ments, confirming a power contrast of up to 20 dB and validating the diag-
nostic capability of the proposed method.

For Prototype 2, nine test cases were measured, as shown in Figure 87f.
Figure 87b,d illustrate the received and normalized power for each case,
respectively. These results demonstrate a power difference of up to 10 dB be-
tween normal and faulty elements, confirming that the proposed diagnostic
method can accurately determine the operational state of RIS elements by
applying an appropriate threshold. Notably, the diagnostic method remains
effective even under high fault-ratio scenarios, such as Case 11 and 12 in
Prototype 1 and Case 8 and 9 in Prototype 2, where more than 50% of the
elements are faulty. In such cases, the sparsity assumption underlying con-
ventional CS-based approaches no longer holds [136, 137]. Nonetheless, the
proposed method continues to deliver accurate diagnostics, highlighting its
robustness and confirming theoretical predictions regarding its performance
in non-sparse fault distributions. Further investigation on the impact of mod-
ulation period length on diagnostic accuracy is provided in Section 5.2.3.4.
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The total diagnostic time comprises two main components: the commu-
nication time Tc between the RIS and the diagnostic system, and the post-
processing time Tp required to analyze the acquired signal data. The com-
munication time Tc depends on the diode switching frequency fswitch, the
Hadamard code length L, and the number of segments per diagnostic frame
Nseg, and is calculated as Tc = NsegL/ fswitch. In our experiments, with
fswitch = 1 MHz, L = 16, and Nseg = 8, the communication time is 128 µs.
For RISs with fewer than 1000 elements, under the same fswitch and Nseg, the
communication time remains below 8.2 ms. Thus, in most practical scenar-
ios, the proposed method achieves millisecond-level communication times.
The post-processing time Tp depends on several factors, including the per-
formance of the processing hardware, the efficiency of the programming
environment, and the size of the received data. As a result, it is difficult to
provide a fixed value or general formula for Tp.

Additionally, more advanced adaptive clustering algorithms, such as K-
means clustering, hierarchical clustering, or even neural network-based
methods [138], can be applied to determine the working state after recov-
ering the power of each code channel. These approaches may improve diag-
nostic flexibility and reliability but require increased algorithmic complexity
and greater computational resources. However, in our experimental envi-
ronment, the power difference between normal and faulty elements exceeds
20 dB, enabling the use of a simple fixed threshold for reliable state classifi-
cation.

In summary, experimental findings validate the feasibility and effective-
ness of the proposed diagnostic method across different RIS configurations
and realistic operating conditions. For small-scale RISs or those exhibit-
ing low mutual coupling, the direct coding scheme proves sufficient. Con-
versely, segmented coding offers a more suitable solution for large-scale ar-
rays or those affected by significant mutual coupling. Moreover, the method
operates effectively without requiring anechoic environments or multiple
measurement iterations, making it highly practical for real-world applica-
tions such as factory inspection and routine maintenance. Although this
study focuses on 1-bit RIS configurations using 180◦ phase shifts, the use of
Hadamard codes can be generalized to support arbitrary phase values [139].
Therefore, the proposed approach is, in principle, extendable to multi-bit RIS
systems.

5.2.3 Additional Results

5.2.3.1 Simulation Results for Diagnostics of Large RISs

We further evaluate the proposed diagnostic method on large-scale point-
controlled RISs, specifically a 15 × 15 array (PC-RIS 1) and a 25 × 25 ar-
ray (PC-RIS 2), each comprising ≈ 30% randomly distributed faulty ele-
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ments. The simulation parameters are consistent with those detailed in Sec-
tion 5.2.2.1.

Figure 88: Simulation results for large-scale point-control RISs. a,b) Simulated re-
covered power of each coding element’s channel in PC-RIS 1 and PC-
RIS 2, respectively. c,d) Corresponding actual operational states.

For both RISs, the direct coding scheme is employed, using STC matrices
derived from 256th-order and 1024th-order Hadamard codes, respectively.
To assess performance, received signals over 20 modulation periods are
collected and analyzed. Figure 88a,b display the average recovered power
for each coding channel in PC-RIS 1 and PC-RIS 2, respectively, while Fig-
ure 88c,d show the corresponding actual operational states. The results con-
firm that the proposed diagnostic method accurately identifies faulty ele-
ments, as evidenced by the significantly reduced recovered power (below
−15 dB) associated with these elements. This demonstrates the method’s
scalability and robustness, effectively extending its applicability to large-
scale RISs with substantial fault ratios.
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5.2.3.2 Analysis of 1-bit Phase Deviations and Reflection Amplitude Imbalance

Figure 89c–f shows that, within the operational frequency band of the RIS
elements, the phase shift between the “0” and “1” states deviates from the
ideal 180◦, accompanied by an imbalance in the reflection amplitude. More-
over, manufacturing tolerances lead to discrepancies between the simulated
and actual operational frequencies. These non-idealities affect the orthogo-
nality of the code modulation used for RIS diagnostics. To assess the influ-
ence of these imperfections, we simulate the diagnostic performance under
different phase deviations and amplitude imbalances, as depicted in Fig-
ure 89.

Figure 89: Simulation analysis of the impact of element response imperfections. a–
c) Diagnostics results under varying phase differences. d–f) Diagnostics
results under different reflection amplitude imbalances.

Figure 89a–c demonstrate that, although phase deviations cause variations
in the energy distribution across code channels, the separation between func-
tional and faulty elements remains sufficiently distinct to enable accurate
diagnostics. Similarly, Figure 89d–f indicate that the diagnostic performance
is only marginally affected by amplitude imbalances. Overall, these findings
confirm that the proposed method is robust and maintains high accuracy
even in the presence of realistic element response deviations.

Notably, at the testing frequency of 10 GHz (see Figure 87), RIS Proto-
type 2 exhibits a phase difference of ≈ 200◦ rather than the ideal 180◦ ex-
pected at its nominal operational frequency of 9.8 GHz. Despite this devia-
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tion, the method successfully detects faults, further validating its tolerance
to non-ideal element behaviors.

Figure 90: Simulated recovered channel power (in dB) as a function of the ele-
ment’s phase difference.

The diagnostic accuracy mainly depends on the orthogonality between
the realized codes, which result from the space-time modulation of the RIS,
and the ideal Hadamard codes used for channel power recovery. For normal
elements, hardware imperfections can lead to deviations from the ideal code
patterns, reducing orthogonality and slightly lowering the recovered chan-
nel power. Figure 90 presents the recovered channel power as a function
of the element’s phase difference, showing only minor degradation within
the range of 120◦ to 240◦. In contrast, faulty elements lack time modulation
capability, leading to recovered channel power at the noise level. These re-
sults indicate that phase imperfections have limited impact on diagnostic
accuracy, confirming the robustness of the proposed method.

5.2.3.3 Performance of the Proposed Diagnostics Under Alternative Fault Modes

In our experiments, it was not feasible to simulate all possible fault scenar-
ios without risking damage to the prototypes. As a practical trade-off, we
emulated faults by setting the control signals of selected elements to zero.
However, other fault modes may exist. These are explored through simula-
tions in the following analysis.

One potential fault mode involves partially degraded elements due to com-
ponent aging, environmental factors like snow or dirt accumulation, or man-
ufacturing defects. These elements may still function but exhibit reduced am-
plitude response and limited phase variation. Figure 91a shows simulation
results for a RIS containing such partially faulty elements. Their amplitude
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Figure 91: Simulation results for alternative fault patterns. a) Recovered power
of a RIS containing partially faulty elements. b) Temporal fault pat-
tern showing intermittently faulty elements. c) Corresponding recov-
ered power of the intermittently faulty elements.

responses were set to 0.5, 0.3, and 0.1, while the phase shifts between the
two states were configured as 90◦, 30◦, and 20◦, respectively. As shown, the
power of these elements (highlighted in yellow) remains sufficiently lower
than that of normal elements and clearly distinguishable, although higher
than completely faulty elements. This indicates that the proposed method
can detect partially faulty elements under high SNR conditions.

Another fault mode involves intermittent failures, which can result from
unstable soldering or loose electrical contacts. In this scenario, elements may
occasionally function correctly. Figure 91b,c simulate this condition, where
the 4th, 9th, and 15th elements malfunction intermittently during the red-
highlighted time slots. Although their recovered power is higher than that
of completely faulty elements (such as the 16th element, which remains at
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−30 dB), it is still clearly distinguishable from the power of normal elements.
Diagnostic reliability in such cases can be further improved by increasing
the number of sampling periods, which helps reduce the average recovered
power of intermittently faulty elements.

These simulations confirm that the proposed diagnostic method remains
effective across a variety of realistic fault conditions.

5.2.3.4 Effects of Modulation Periods on Diagnostics Performance

In Section 5.2.2.2, the recovered power for both RIS prototypes across all test
cases is derived from received signals collected within a single frame, which
includes only six segments of valid modulated signal periods. To investi-
gate how the number of modulation periods influences diagnostic accuracy,
numerical simulations are performed using 1, 6, 12, and 200 periods, as il-
lustrated in Figure 92.

Figure 92: Simulation results of diagnostics with varying numbers of modulation
periods per frame. a–d) 1, 6, 12, and 200 periods, respectively.

A comparison of Figure 92a–d reveals that the power associated with each
code channel becomes increasingly stable as the number of modulation pe-
riods increases. Specifically, the power corresponding to normal elements
tends to converge toward 0 dB, while that of faulty elements approaches the
simulated noise floor (≈ −30 dB). Notably, even with a minimal number of
modulation periods (Figure 92a,b), the power gap between functional and
faulty elements remains clearly distinguishable. Furthermore, the incremen-
tal improvement between Figure 92c,d is minor, suggesting that increasing
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the number of modulation periods beyond a certain point yields diminishing
returns in terms of diagnostic performance.

Including more modulation periods within a frame helps suppress noise-
induced fluctuations, thereby enhancing the consistency and reliability of
the diagnostic results. However, under high-SNR conditions, even a limited
number of modulation periods proves sufficient to achieve accurate fault
identification. This observation reinforces the practicality of the proposed
method, as it enables reliable diagnostics with minimal signal acquisition
time.

5.2.3.5 Effects of Non-Ideal Modulation Waveform

Certain factors, such as fast switching in the RIS, can occasionally introduce
impulse noise. These noise spikes occur during state transitions of RIS ele-
ments, resulting in sharp peaks, as shown in Figure 93a, and abrupt phase
changes, as illustrated in Figure 93b. However, the duration of these im-
pulses is very short compared to the symbol duration. Since multiple sam-
ples per symbol are used in the diagnostic process, the presence of such
impulse noise has little impact on overall diagnostic reliability. Figure 93c,d
presents simulation results based on the waveforms in Figure 93a,b, show-
ing that the received power from faulty elements remains at the noise level,
around −30 dB. Similar impulse effects are also observed in the experimen-
tal waveform shown in Figure 86. Nonetheless, the consistent accuracy of
experimental results confirms that these impulse noise spikes do not com-
promise the reliability of the proposed diagnostic method.

5.2.3.6 Detailed Designs and Element Responses of RIS Prototypes

Figure 94a depicts the unit-cell design of RIS Prototype 1, which consists
of a three-metal-layer structure embedded between two Rogers RO4003C
dielectric substrates and a bottom FR4 layer. The programmable meta-atom
integrates a PIN diode (MACOM MADP-000907-14020X), connecting a bow-
tie radiating patch to a grounded rectangular patch on the top layer. The bias
voltage is supplied through bottom-layer lines accessed via vertical vias. This
design enables a phase shift of ≈ 180◦ between the diode’s “ON” and “OFF”
states. Full-wave simulations performed using CST Microwave Studio© [109]
confirm this behavior, as shown in Figure 94c, which displays a 1-bit phase
response centered around 10 GHz with less than 1 dB of amplitude loss.
Experimental measurements (Figure 94e) corroborate these results, showing
a 180◦ phase difference at 9.8 GHz.

The unit cell of RIS Prototype 2 is illustrated in Figure 94b. This de-
sign adopts a two-metal-layer architecture built on an F4B dielectric sub-
strate. The same PIN diode is used, bridging a central rectangular patch
with ground vias, while the biasing network is implemented directly on the
top layer. Simulation results (Figure 94d) and experimental data (Figure 94f)
both confirm a 180◦ phase shift occurring at ≈ 10 GHz and 9.8 GHz, re-
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Figure 93: Simulation results for waveforms affected by impulse noise. a,b) Ampli-
tude and phase, respectively, of the received time-domain signal during
one modulation period. c) Actual operational states of each column. d)
Recovered power of different code channels used for fault diagnostics.

spectively. Experimental results indicate a slightly higher amplitude loss of
about 2 dB.

5.2.4 Experimental Details

modeling The numerical implementation of the theoretical analysis was
carried out using MATLAB©, with the far-field scattering pattern of the basic
element approximated as E(θ, ϕ) ≈ cos θ.

measurements The experimental setup used for method verification is
illustrated in Figure 85a. Detailed design schematics and the correspond-
ing measured reflection coefficients are provided in Section 5.2.3.6 (see Fig-
ure 94). A pair of standard X-band horn antennas are used as transmitter
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Figure 94: Designs and response characteristics of RIS prototypes. a,b) Element
design of Prototype 1 and 2, respectively. c,d) Corresponding simulated
responses. e,f) Corresponding measured responses.

and receiver. The monochromatic signal is generated by an Agilent E8257D
signal generator, while reception is handled by a National Instruments NI-
USRP 2943R software-defined radio, with post-processing performed on a
host computer.

5.2.5 Summary and Outlook

We have proposed a diagnostic method for RISs based on a uniform STC
modulation strategy, wherein each RIS element is assigned a unique orthog-
onal Hadamard code. Functioning elements modulate the incident signal
temporally using their respective codes, while faulty elements passively re-
flect the signal without modulation. At the receiver, the power associated
with each code channel is recovered; faulty elements are identified by a sig-
nificant reduction in recovered power, enabling accurate diagnostics via a
simple thresholding procedure.

To validate the proposed approach, we developed an analytical model and
performed a theoretical feasibility analysis. Extensive numerical simulations
confirmed the method’s effectiveness, even in challenging scenarios with
low SNR, high numbers of faulty elements, and various receiving angles.
The results show consistent fault detection performance across all tested
conditions.

Experimental validation was conducted using two distinct RIS prototypes.
A direct coding scheme was applied to a small-scale prototype with low
mutual coupling, while a segmented coding scheme was employed for a
larger-scale RIS with more pronounced coupling effects. Both simulation and
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experimental results consistently demonstrated the method’s practicality, its
effectiveness in high-fault regimes, and its robustness to variations in the
receiving angles.

These features render the proposed method particularly suitable for prac-
tical applications requiring rapid and reliable diagnostics, such as factory
testing for poor soldering or defective components, and initial fault local-
ization during routine maintenance of outdoor RIS deployments. As RIS
technology continues to advance and becomes increasingly integrated into
next-generation wireless communication systems, the proposed diagnostic
framework offers a valuable tool for maintaining system reliability and per-
formance.

5.3 diagnostics via non-uniform modulation

In Section 5.2, we introduced a uniform STC modulation strategy leverag-
ing specific classes of orthogonal codes to enable fast diagnostics of RISs.
This method effectively overcomes several limitations of conventional RIS
diagnostic techniques, exhibiting robust and reliable performance. Nonethe-
less, it requires a coherent detection scheme, which entails the use of a local
oscillator and strict synchronization. Moreover, while the method is theoret-
ically extendable to multi-bit RISs, such an extension is non-trivial and may
introduce additional complexity.

Figure 95: Conceptual illustration of the RIS diagnostics approach based on non-
uniform STC modulation.

In this section, we present an alternative RIS diagnostics approach based
on non-uniform STC modulation in conjunction with simple amplitude-only
spectral measurements. This technique allows direct frequency-domain map-
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ping for identifying and localizing faults, removing the need for iterative op-
timization, coherent detection, or extensive measurements. Consequently, it
significantly lowers computational and measurement burdens. Notably, the
method remains effective even when faults are not sparsely distributed—an
assumption commonly required by other existing approaches. By exploit-
ing relative variations in the amplitude of harmonic components, rather than
their absolute values, the method also achieves high robustness to system
noise and measurement variability. Furthermore, it naturally supports both
1-bit and multi-bit RIS configurations. Overall, the proposed non-uniform
STC-based diagnostics method provides a practical, efficient, and real-time
solution for dependable RIS fault detection. The corresponding results are
also reported in Ref. [140].

5.3.1 Proposed Approach

Referring to Figure 95 for a conceptual illustration, the RIS under test is illu-
minated by a plane wave at the carrier frequency fc, and each RIS element is
periodically modulated by a control circuit, such as a FPGA, according to a
predefined time-coding sequence. While the time-coding sequence is identi-
cal across all elements, each element is individually assigned a unique mod-
ulation frequency. This STC modulation transforms the incident monochro-
matic wave into multiple harmonic components. Under nominal operating
conditions, the +1st harmonic components associated with each modula-
tion frequency exhibit a uniform power distribution in the spectrum of the
reflected wave. However, if one or more RIS elements are faulty, the har-
monic power at their respective modulation frequencies deviates from this
expected behavior. By analyzing the spectrum of the reflected wave and map-
ping each harmonic component to its corresponding RIS element, the oper-
ational status of each element can be accurately assessed, enabling precise
fault localization across the RIS.

We begin by considering a 1-bit RIS composed of N × M elements, each
incorporating a PIN diode. Each element supports two discrete reflection
states ideally characterized by identical amplitude and a 180◦ phase differ-
ence, corresponding to logical states “0” and “1.” The RIS is normally illu-
minated by a linearly polarized, monochromatic plane wave at carrier fre-
quency fc, whose electric field amplitude is expressed as E(i) = exp (j2π fct).
By assigning time-coding sequences to the elements, the reflected wave in
the direction normal to the surface can be expressed as follows:

E(r)(t) =
N

∑
n=1

M

∑
m=1

E(i)(t)Γnm(t), (125)

where Γnm(t) is the reflection coefficient of the (n, m)-th element.
The common time-coding sequence assigned to all RIS elements is illus-

trated in Figure 96a. According to this sequence, each element switches be-
tween its two operating states within each modulation period, with a duty
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Figure 96: a) Time-coding sequence for each RIS element with 1-bit coding. b) Cor-
responding amplitude distribution of the Fourier coefficients derived
from the periodic reflection coefficient. c) Spectrum of the reflected
wave under normal incidence, assuming fc = 9.8 GHz. d) Possible
assignment of distinct modulation frequencies ( f0, f1, . . . , f15) to indi-
vidual elements of a 4 × 4 RIS. e) Amplitudes of +1st harmonic order
components for each modulation frequency.

cycle of 50%. By assigning a unique modulation frequency to each element,
the reflection coefficient of the (n, m)-th element can be expressed as a peri-
odic function:

Γnm(t) =

1, 0 ≤ t < Tnm/2,

−1, Tnm/2 ≤ t ≤ Tnm,
(126)

where Tnm denotes the modulation period, with the corresponding modula-
tion frequency defined as fnm = 1/Tnm. Based on Fourier transform theory,
the reflected wave in the frequency domain can be written as follows:

Ẽ(r)( f ) =
N

∑
n=1

M

∑
m=1

Ẽ(i)( f ) ∗ Γ̃nm( f ), (127)
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where the ∼ identifies spectral quantities, and ∗ indicates the convolution
operator. The periodic reflection coefficient can be expanded into a Fourier
series

Γnm(t) =
+∞

∑
ν=−∞

a(ν)ej2πν fnmt, (128)

which in the spectral domain corresponds to

Γ̃nm( f ) =
+∞

∑
ν=−∞

a(ν)δ( f − ν fnm), (129)

with δ(·) denoting the Dirac delta. By specializing Equation (44) for the case
L = 2 and setting {Γ(l)}l=1,...,L = {1,−1}, we obtain the Fourier coefficients

a(ν) = j sinc
(πν

2

)
sin
(πν

2

)
e−jπν, (130)

which represent the frequency-domain complex reflection response of the
element at the ν-th harmonic frequency fc + ν fnm. Equation (127) can be
further expressed as:

Ẽ(r)( f ) =
N

∑
n=1

M

∑
m=1

+∞

∑
ν=−∞

a(ν)δ( f − fc − ν fnm). (131)

The temporal modulation transforms the incident wave into multiple har-
monic components, such that the spectrum of the reflected wave Ẽ(r)( f ) be-
comes a superposition of these harmonics. As illustrated in Figure 96b, the
amplitude of the reflection coefficients exhibits a distinctive pattern: The
coefficient at the fundamental frequency is zero, while the maximum am-
plitude occurs at ν = ±1. This indicates that the applied coding sequence
predominantly shifts the incident power into the ±1st harmonic order com-
ponents at fc ± fnm.

a b

Figure 97: a) Amplitude distribution of the Fourier coefficients for a phase dif-
ference of 160◦ between states “0” and “1”. b) Same distribution for a
phase difference of 180◦ and reflection amplitudes of 1 for state “0” and
0.8 for state “1”.

To evaluate the robustness of this spectral behavior under non-ideal con-
ditions, we further analyze cases where the reflection responses of logical
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states deviate from ideal assumptions, as commonly observed in practical
RIS implementations. Figure 97a presents the case where the phase differ-
ence between the two states is reduced from 180◦ to 160◦, with equal reflec-
tion amplitudes. Figure 97b presents the case where the reflection amplitude
of state “0” is 1, the reflection amplitude of state “1” is 0.8, and the phase dif-
ference remains 180◦. In both cases, the ±1st harmonic components remain
dominant, and the fundamental component is still significantly suppressed,
closely resembling the ideal spectral pattern. These results demonstrate that
moderate phase shift errors or amplitude fluctuations do not significantly
alter the spectral signature of the applied coding sequence.

Figure 98: a,c,e) Three examples of 4 × 4 RISs with 1-bit coding, and different
numbers of faulty elements. b,d,f) Corresponding spectral amplitude
distributions of +1st harmonic order components at their respective
modulation frequencies.

As a specific example, consider a 1-bit RIS with N = 4 and M = 4 (i. e., 16
elements), operating at a carrier frequency fc = 9.8 GHz. Each RIS element
is assigned a distinct modulation frequency ( f0, f1, . . . , f15), as illustrated in
Figure 96d. When all elements are functioning correctly, the spectrum of the
reflected wave—shown in Figure 96c—exhibits a uniform power distribution
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across the +1st harmonic order components. In this scenario, the amplitudes
corresponding to all 16 modulation frequencies are equal, as depicted in
Figure 96e. However, if a PIN diode in one of the elements is damaged
or disconnected, preventing it from toggling between states, the element
becomes stuck in a fixed configuration and fails to produce the intended
harmonic components. Consequently, the amplitude of the +1st harmonic at
its corresponding modulation frequency is significantly attenuated relative
to that of the properly functioning elements.

Figure 98 provides three examples of RIS configurations with different
faulty elements, along with the associated spectral amplitude distributions
of the +1st harmonic components. These examples clearly illustrate how
faults manifest as drops in harmonic amplitude (e. g., at fc + f1 in Fig-
ure 98b), thereby enabling straightforward identification and localization of
malfunctioning elements based on the known mapping between modulation
frequencies and RIS elements.

Since the proposed RIS diagnostic method relies on analyzing the relative
amplitude distribution of the +1st order harmonics for each modulation fre-
quency, it is crucial to avoid spectral overlap with harmonics of other orders.
Specifically, to prevent interference from adjacent +2nd order harmonics,
the modulation frequencies must satisfy the condition max(F) < 2 · min(F),
where F = { fnm}n=1,...,N,m=1,...,M, ensuring adequate spectral separation and
accurate element identification.

Moreover, due to finite spectral resolution, the required maximum modu-
lation frequency increases with the number of RIS elements. To address this
scalability challenge, a grouping strategy can be adopted, wherein the RIS is
divided into smaller subsets that are diagnosed sequentially. This approach
maintains reasonable modulation frequency requirements while preserving
the accuracy and reliability of the diagnostics process.

5.3.2 Results and Discussion

5.3.2.1 Experimental Validation

To validate the proposed RIS diagnostics method, two prototypes of 1-bit
RISs operating in the microwave frequency range were fabricated and exper-
imentally tested. The experimental setup, depicted in Figure 99a,b, includes
a signal generator connected to a linearly polarized horn antenna, which
illuminates the RIS with a monochromatic wave. A second horn antenna,
connected to a spectrum analyzer, is used to capture the reflected wave and
placed ≈ 20◦ off the normal direction to avoid the blockage effect produced
by the illuminating horn antenna.

The first prototype is a 1-bit RIS operating around fc = 9.8 GHz, consist-
ing of 16 columns, each containing 16 elements, with all elements within
a given column controlled by a common voltage signal, as illustrated in
Figure 99c. Each column is driven by the time-coding sequence shown in
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Figure 99: a) Schematic of the experimental configuration. b) Experimental setup.
c,d) Two prototypes of 1-bit RISs.

Figure 99a. The modulation frequency for the n-th column is defined as
fn = 5 + 0.1 · (n + 1) MHz. Under normal operating conditions, the incident
wave is converted into multiple harmonic components, with the majority
of power concentrated in the ±1st harmonic orders. The resulting reflected
spectrum is shown in Figure 100a, while Figure 100b illustrates that the nor-
malized amplitudes of the +1st harmonic order are uniformly distributed
across the 16 modulation frequencies.

To emulate faults without physically damaging the PIN diodes, selected
columns of the RIS are disabled by setting their control bias voltage to
0 V, thereby preventing proper switching between states. In these experi-
ments, one or more columns are held in this inactive state while the re-
maining columns operate normally. Multiple fault scenarios are tested, and
Figure 100 presents the measured spectral amplitude distributions of the re-
flected wave for three representative cases. The corresponding normalized
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Figure 100: a) Measured spectra of the reflected wave for RIS Prototype 1, for four
scenarios featuring a varying number of faults. b) Corresponding nor-
malized amplitudes of the +1st harmonic order components across all
16 modulation frequencies.
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Figure 101: a) Measured spectra of the reflected wave for RIS Prototype 2, for four
scenarios featuring a varying number of faults. b) Corresponding nor-
malized amplitudes of the +1st harmonic order components across all
8 modulation frequencies.
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amplitudes of the +1st harmonic order are also shown, highlighting fault
conditions where columns at n = 2, n = 5, 9, and n = 5, 10, 15 are inactive.
The results demonstrate that the amplitudes of the +1st harmonic order at
modulation frequencies assigned to the faulty columns (e. g., fc + f2, fc + f5,
fc + f9, or fc + f5, fc + f10, fc + f15) are significantly attenuated—typically by
more than 20 dB—compared to those of normally functioning columns. This
clear spectral signature confirms the effectiveness of the proposed method
in detecting and localizing faults.

The second RIS prototype operates at a carrier frequency fc = 10.2 GHz
and comprises eight columns, with each column containing eight elements.
Four experimental cases are presented in Figure 101 showing the measured
spectral amplitude distributions and the corresponding normalized ampli-
tudes at the frequency points ( fc + f1, fc + f2, . . . , fc + f8). The first case cor-
responds to normal operation, while subsequent cases simulate faults by
disabling specific columns (at n = 1, n = 1, 2, and n = 2, 4, 6). The exper-
imental results show excellent agreement with the theoretical predictions,
again confirming that faults cause significant drops in the +1st harmonic
order amplitudes at the affected modulation frequencies. Although the two
presented prototypes operate at approximately 10 GHz, the proposed diag-
nostic method is not restricted to a specific frequency band and can be ex-
tended to other operating frequencies, including the millimeter-wave band.

5.3.2.2 Extension to 2-bit Configurations

The proposed diagnostic method is not limited to 1-bit RISs, and can be
readily extended to multi-bit configurations. As an example, let us consider
a 4× 4 RIS with 2-bit coding, where each element integrates two PIN diodes
(denoted as PIN1 and PIN2). Each diode can be independently switched
“ON” or “OFF,” resulting in four distinct operating states: “00,” “01,” “10,”
and “11.” These four states ideally exhibit equal reflection amplitude but
differ in their reflection phases, typically spaced at 90◦ intervals, as summa-
rized in Table 3.

Table 3: Characteristics of 2-bit RIS elements.

Operating state PIN1 PIN2 Relative phase

“00” OFF OFF 0◦

“01” OFF ON 90◦

“10” ON OFF 180◦

“11” ON ON 270◦

Each RIS element is driven by a common time-coding sequence, as shown
in Figure 102a, and is assigned a unique modulation frequency. Under nor-
mal operation, a 2-bit element transitions cyclically through the four states
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(“00,” “01,” “10,” and “11”) within a single modulation period, spending an
equal duration (25%) in each state. Accordingly, the reflection coefficient of
the (n, m)-th element can be expressed as a periodic function:

Γnm(t) =



1, 0 ≤ t < Tnm/4,

j, Tnm/4 ≤ t < Tnm/2,

−1, Tnm/2 ≤ t < 3Tnm/4,

−j, 3Tnm/4 ≤ t < Tnm.

(132)

When this periodic function is expanded into its Fourier series, the am-
plitude distribution of the resulting Fourier coefficients (illustrated in Fig-
ure 102b) shows that the temporal modulation converts the incident wave
into multiple harmonic components occurring at orders ν = 4k + 1 with
k ∈ Z. Among these harmonics, the maximum amplitude is observed at the
first harmonic order (ν = 1).

Fault behavior in these 2-bit elements can be categorized into three dis-
tinct cases based on the status of PIN1 and PIN2. In the first case, when
PIN1 is faulty and PIN2 operates normally, the element fails to switch into
the “10” and “11” states. Consequently, it cycles only between “00” and
“01,” as illustrated in Figure 102c. The corresponding amplitude spectrum
of the Fourier coefficients (shown in Figure 102d) reveals that the funda-
mental harmonic component remains dominant, while additional harmonic
components emerge at orders ν = 4k + 2 with k ∈ Z.

In the second case, where PIN1 functions correctly and PIN2 is faulty, the
element fails to switch into the “01” and “11” states, thus cycling over “00”
and “10,” as shown in Figure 102e. The amplitude spectrum in Figure 102f
displays harmonic components at orders ν = 2k + 1 with k ∈ Z, peaking at
ν = ±1. Although the +1st harmonic component remains present, its ampli-
tude is noticeably reduced compared to the normal operating condition.

In the third case, when both PIN1 and PIN2 are faulty, the element is
stuck in a single static state, similar to the fault scenarios observed in 1-bit
elements. Consequently, no harmonic conversion of the incident wave occurs,
resulting in the absence of higher-order spectral components.

In particular, using the time-coding sequences shown in Figure 102a,c,e,
and referring to them as Sequences 1–3, the corresponding sets {Γ(l)}l=1,...,L
are {1, j,−1,−j}, {1, j, 1, j}, and {1, 1,−1,−1}, respectively. By setting L = 4
and substituting these values into Equation (44) we obtain the following
Fourier coefficients

a(ν) =



j
2

sinc
(πν

4

)
sin
(πν

2

)
ζ(ν)e−j 3πν

4 , Sequence 1,

1
2

sinc
(πν

4

)
cos

(πν

2

)
ζ(ν)e−j 3πν

4 , Sequence 2,

j sinc
(πν

4

)
sin
(πν

2

)
cos

(πν

4

)
e−jπν, Sequence 3,

(133)
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Figure 102: a) Assigned time-coding sequence for a 2-bit RIS element. b) Corre-
sponding amplitude distributions of the Fourier coefficients. c) Actual
time-coding sequence when PIN1 is faulty and PIN2 functions nor-
mally. d) Corresponding amplitude distribution of the Fourier coeffi-
cients. e) Actual time-coding sequence when PIN1 functions normally
and PIN2 is faulty. f) Corresponding amplitude distribution of the
Fourier coefficients.

where
ζ(ν) = 1 + je−j πν

2 . (134)

These observations demonstrate that different fault types in 2-bit RIS el-
ements produce distinct spectral signatures. By analyzing the amplitude
distribution of harmonic components—particularly at orders ν = ±1 and
ν = 2—it is possible not only to detect faults but also to infer the specific
nature of the malfunction.

As an example, consider a 4× 4 RIS with 2-bit coding, where each element
is assigned a common time-coding sequence (shown in Figure 102a), along
with a unique modulation frequency. When all elements operate correctly,
the reflected wave exhibits a spectral amplitude distribution characterized
by uniform +1st-order harmonic components across all modulation frequen-
cies, with no significant components at ν = −1 or ν = 2 harmonic orders, as
shown in Figure 103a.
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Figure 103: a) Example of an assignment of sixteen distinct modulation frequen-
cies ( f0, f1, . . . , f15) to the elements of a 4 × 4 RIS with 2-bit coding,
along with the corresponding harmonic amplitudes for ν = ±1 and
ν = 2 when all elements function correctly. b–f) Four representative
examples illustrating different faulty elements and fault types, along
with the related harmonic amplitudes for ν = ±1 and ν = 2.

In the case of the first fault type (PIN1 faulty, PIN2 normal), the amplitude
of the harmonic component at its assigned frequency fc + f1 is significantly
reduced compared to the +1st harmonic components of normally operating
elements. Additionally, no notable components appear at ν = −1, while the
amplitude at fc + 2 f1 (i. e., the +2nd harmonic) is relatively high compared
to the corresponding +2nd order harmonics, as illustrated in Figure 103b.

When the same element exhibits the second fault type (normal PIN1,
faulty PIN2), the amplitude at fc + f1 remains lower than other +1st har-
monic components. In this scenario, no harmonic components appear at
ν = 2, but the −1st harmonic at fc − f1 is notably stronger than those of
other elements, as shown in Figure 103c.

In the third fault scenario, where both PIN1 and PIN2 are malfunctioning,
the element is fixed in a single state. As a result, the amplitude at fc + f1
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is again significantly reduced, with no observable harmonic components at
ν = −1 or ν = 2, as illustrated in Figure 103d.

Figure 103e presents a composite scenario involving multiple faulty ele-
ments of various types. The corresponding spectral amplitude distributions
at harmonic orders ν = ±1 and ν = 2 in the reflected wave clearly reveal
fault behavior. By analyzing these spectral patterns and utilizing the one-
to-one correspondence between modulation frequencies and RIS elements,
it is possible not only to localize faulty elements but also to determine the
specific fault type affecting each.

5.3.3 Experimental Details

prototype fabrication The RIS Prototypes 1 and 2, shown in Fig-
ure 99c,d, are fabricated using standard Printed Circuit Board (PCB) tech-
nology. Each meta-atom, with dimensions of 15 × 15 mm2, incorporates a
PIN diode (MACOM MADP-000907-14020X) that connects a top patch to
the grounded patch. The bias voltage is supplied through bottom-layer lines
connected through vias, with dynamic bias control implemented using an
FPGA hardware control board (ALTERA Cyclone IV).

Prototype 1 features a three-layer metal stack separated by dielectric ma-
terials, consisting of a 1.524 mm-thick Rogers RO4003C layer (dielectric con-
stant εr = 3.55, loss tangent tan δ = 0.0027), a 0.1 mm-thick FR4 prepreg
layer, and an additional 0.508 mm-thick F4B RO4003C layer. Prototype 2 em-
ploys a similar metal stack separated by a 1.5 mm-thick F4B layer (dielectric
constant εr = 2.65, loss tangent tan δ = 0.001), a 0.1 mm-thick FR4 prepreg
layer, and an additional 0.5 mm-thick F4B layer.

measurements The experimental setup shown in Figure 99b comprises
two linearly polarized X-band horn antennas, employed as transmitting and
receiving elements, a signal generator (Keysight E8257D) and a spectrum
analyzer (Keysight E4447A).

5.3.4 Summary and Outlook

In conclusion, this work introduces a novel RIS diagnostics method based
on non-uniform STC modulation, enabling direct fault detection via simple
amplitude-only spectral measurements. By applying a common time-coding
sequence to all RIS elements and modulating each element with a distinct
frequency, a direct frequency-domain mapping is established between the
harmonic components of the reflected wave and individual RIS elements.
This correspondence facilitates accurate identification and localization of
faulty elements without requiring iterative optimization, coherent detection,
or complex signal processing, thereby substantially reducing computational
and measurement overhead.
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The effectiveness of the proposed approach has been demonstrated
through both simulations and experimental validations. Importantly, the
method is applicable to both 1-bit and 2-bit RIS configurations and can be
readily scaled to larger arrays by employing grouping strategies. The re-
liance on simple, non-coherent amplitude spectral measurements makes this
technique highly practical for real-world implementations across a variety of
RIS architectures.

5.4 diagnostics via uniform modulation

This section explores a variant of the approach that adopts a uniform mod-
ulation strategy across the entire RIS surface. Specifically, instead of assign-
ing element-specific orthogonal codes, all RIS elements are modulated using
a globally consistent time-domain pattern, repeated periodically across the
structure. This uniformity allows the RIS to be viewed as a spatially struc-
tured, temporally modulated system, where local anomalies (e. g., faulty or
misbehaving elements) induce predictable distortions in the global spectral
signature.

The proposed diagnostic method exploits these distortions by analyzing
the spectral content of the reflected signal, enabling the identification and lo-
calization of faults through a simple frequency-domain interpretation. Com-
pared to Hadamard-based coding, this approach trades off spatial resolution
for hardware simplicity and reduced control complexity, as fewer unique
control sequences are required. Moreover, it maintains compatibility with
non-coherent detection schemes and does not rely on precise synchroniza-
tion, making it particularly appealing for cost-sensitive or time-constrained
inspection scenarios.

5.4.1 Theory and Modeling

To accurately model the system’s behavior under this uniform modulation
scheme, it is essential to describe the control states of each RIS element in
terms of the underlying physical parameters. Each element is controlled by
two PIN diodes, whose voltages, Vd1 and Vd2, determine the element’s re-
flection state. By assigning logical values to the diode states, i. e., −1 for the
“ON” condition and 1 for “OFF,” we obtain a convenient representation that
maps the electronic control signals to the element’s modulation pattern. This
mapping is summarized in Table 4.

Therefore, the coding state Γ(t) of an element can be expressed as a func-
tion of the two diode voltages as follows:

Γ(t) = s0[Vd1(t)Vd2(t) + jVd1(t)], where s0 =
1√
2

e−j π
4 . (135)
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Table 4: Mapping of the logical control states (“ON/OFF”) to the coding states of a
2-bit RIS element.

PIN1 PIN2 Coding state

OFF OFF 1

OFF ON j

ON OFF −1

ON ON −j

Now, we can introduce the faulty states s1 and s2, which can assume the
value 0 or 1, denoting a faulty state, or a normal functioning state, respec-
tively. By doing this, we can express the two diode voltages as:

Vd1(t) = s1V(id)
1 (t) + (1 − s1)V

(err)
1 , (136a)

Vd2(t) = s2V(id)
2 (t) + (1 − s2)V

(err)
2 , (136b)

where V(id)
1,2 and V(err)

1,2 are the ideal and error voltages, respectively, for the
two PIN diodes. As a result, considering a RIS composed of N elements, the
state of the n-th element can be described as

Γn(t) = s0

[
s1,ns2,nV(id)

1,n (t)V(id)
2,n (t) + (Va,n + js1,n)V

(id)
1,n (t) +

+ Vb,nV(id)
2,n (t) + V0,n

]
,

(137)

where

Va,n = s1,n(1 − s2,n)V
(err)
2,n , (138a)

Vb,n = (1 − s1,n)s2,nV(err)
1,n , (138b)

V0,n = (1 − s1,n)V
(err)
1,n

[
j + (1 − s2,n)V

(err)
2,n

]
. (138c)

At this point, considering the Fourier series of Γn(t), the complex-valued
equivalent currents are

a(ν)n = s0

[
(Va,n + js1,n)A(ν)

n + Vb,nB(ν)
n + s1,ns2,nC(ν)

n

]
, ν ̸= 0, (139)

where A(ν)
n , B(ν)

n , and C(ν)
n are the Fourier coefficients of V(id)

1,n (t), V(id)
2,n (t),

and V(id)
1,n (t)V(id)

2,n (t), respectively. As a consequence, the far-field scattering
pattern corresponding to the ν-th harmonic order can be expressed as

F(ν)(θ) =
N

∑
n=1

a(ν)n ejkd(n−1) sin θ , (140)

and the far-field measurements are computed for a fixed angle θ = θ0

M(ν)(θ0) =
∣∣∣F(ν)(θ0)

∣∣∣2 . (141)
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Note that this formulation reduces to the 1-bit case when

s0 = −j, (142a)

s2,n = 0 ∀n, (142b)

Vd2(t) = 0. (142c)

To enable rapid diagnosis of the RIS based on far-field measurements,
we optimized the STC matrix using a Genetic Algorithm (GA) to establish
a mapping between the diagnostic state and the corresponding complex-
valued equivalent currents.

Specifically, the 1-bit case allows for a straightforward mapping: When the
PIN diode is functioning normally, the equivalent currents excite a pair of
symmetric harmonic orders, while a faulty PIN diode results in no harmonic
orders being excited. Since the coding alphabet is {1,−1}, the amplitudes of
the equivalent currents will be symmetric with respect to ν. In this case, we
can define the following set to identify the labeled harmonic orders:

A= {ν ∈ Z | 1 ≤ ν ≤ N}. (143)

In the 2-bit case, instead, we implemented the following diagnostic map-
ping:

• Case 1: When both PIN diodes of the n-th element are normally oper-
ating, i. e., s1,n = s2,n = 1, the equivalent currents excite only a positive
harmonic order. In particular, we considered the first N consecutive
harmonic orders (ν = 1, . . . , N) given by the following set:

B1 = A. (144)

• Case 2: When PIN1 is normally operating and PIN2 is faulty, i. e.,
s1,n = 1 and s2,n = 0, the equivalent currents excite symmetric har-
monic orders in the range ν ∈ {±1, . . . ,±N}, defined by the set:

B2 = {ν ∈ Z | 1 ≤ |ν| ≤ N}. (145)

In this case, the n-th element excites only the harmonic orders ν = ±n.

• Case 3: When PIN1 is faulty and PIN2 operates normally, i. e., s1,n = 0
and s2,n = 1, the equivalent currents excite a pair of harmonic orders
that are symmetric with respect to ν = 0. These orders are shifted by N
compared to those in Case 2 (ν ∈ {±(N + 1), . . . ,±2N}) and are given
by the set:

B3 = {ν ∈ Z | N + 1 ≤ |ν| ≤ 2N}. (146)

In this case, the n-th element excites only the harmonic orders ν =

±(N + n).
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5.4.2 Optimization Criterion

Referring to Equation (135), the generic element of the coding sequence is

Γ(l)
n =



V(l)
1,n , 1-bit case,
s0

(
V(l)

1,n V(l)
2,n + jV(l)

1,n

)
, Case 1,

s0(1 + j)V(l)
1,n , Case 2,

s0

(
V(l)

2,n + j
)

, Case 3,

2-bit case,
(147)

where V(l)
1,n , V(l)

2,n describe the coefficients of the sequences associated with
Vd1(t) and Vd2(t), respectively. These sequences share the same functional
expression as shown in Equation (38). To achieve the harmonic mapping
discussed so far, we optimized the coding sequence {Γ(l)

n }l=1,...,L using a
discrete GA. This optimization was performed to enforce the constraint
Γ(l)

n ∈ {1, j,−1,−j}, minimizing the following fitness function:

F
(ν̄)
n =


∥αn∥2

|a(ν̄)n |
, 1-bit case

1
3

3

∑
m=1

D(ν̄)
nm , 2-bit case

, n = 1, . . . , N, (148)

where ∥·∥2 is the L2-norm, ν̄ is the chosen harmonic order to map the n-th
element, and auxiliary terms are defined as:

αn =
{

a(ν ̸=ν̄)
n

}
ν∈I,ν̄∈A

, (149a)

D(ν̄)
nm =

∥βnm∥2

|a(ν̄)n |
, (149b)

with
βnm =

{
a(ν ̸=ν̄)

n

}
ν∈I,ν̄∈Bm

, (150)

where I is the set of harmonic orders considered to compute the synthetic
measures, namely:

I=

{ν ∈ Z | 1 ≤ ν ≤ N}, 1-bit case,

{ν ∈ Z | 1 ≤ |ν| ≤ 2N}, 2-bit case.
(151)

The terms D(ν̄)
nm in the definition of the fitness function in the 2-bit case arise

because the final coding sequence of the n-th element requires three joint
optimizations. These optimizations are necessary to fulfill the mapping de-
scribed in Cases 1–3, which in turn requires the coefficients a(ν)n to be com-
puted accordingly.
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5.4.3 Results and Discussion

Before proceeding to the analysis, it is essential to clearly define the concept
of a fault state. A diode is in a fault state when it is no longer capable of
switching dynamically over time, remaining permanently locked in one of
its two possible operational states: “OFF” or “ON”. For the purposes of this
discussion, the term faulty diode will specifically refer to a non-switching
diode that is locked in the “OFF” state.

Figure 104: Optimized STC matrix for the 1-bit diagnostics scenario, pertaining
to a RIS featuring N = 16 elements, with a time-coding sequence of
length L = 64. The blue and yellow pixels represent the “0” and “1”
digits of the 1-bit coding, respectively.

Figure 105: Complex-valued equivalent currents pertaining to the optimized STC
matrix in Figure 104.
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Now, according to the adopted diagnosis mapping, and considering a RIS
of N = 16 elements, the results of the GA-based optimization for the STC
matrices are reported in Figures 104 and 106, for a time-coding sequence of
length L = 64 and L = 128, respectively, corresponding to the 1-bit and 2-bit
cases. The corresponding mappings between the elements and the complex-
valued equivalent currents are shown in Figures 105 and 107 for the 1-bit
and 2-bit case, respectively. Note that in the 1-bit case, the equivalent cur-
rents from the last two elements (n = 15, 16) excite the orders ±16,±32. This
choice is based on the fact that by alternating the coding sequence between
states “0” and “1” with periods of 1 and 2, we obtain sequences such as
“0101 . . . ” and “0011 . . . ”; resulting in a(ν)n ∝ δ̃nν, with n = ν ∈ {±16,±32},
respectively, thus avoiding the optimizations typically required for such cod-
ing sequences.

Exploiting this mapping, we aim to train a regression model to identify
the faulty state of elements in the RIS by analyzing the far-field measure-
ments described in Equation (141). Specifically, the input dataset is exhaus-
tive and includes all possible binary fault configurations s ∈ RNd , where
Nd denotes the total number of diodes. In the 1-bit case, each element in-
tegrates only one diode, so Nd = N and s = s1. In the 2-bit case, instead,
each RIS element integrates two diodes, leading to Nd = 2N. The binary
vector s is thus partitioned into two halves: s1, corresponding to the first
diode in each element, and s2, corresponding to the second. The dataset con-
siders up to NF = 4 faulty elements, as illustrated in Figure 108a,b. Given
these input datasets, the corresponding output datasets are computed using
Equation (140), which are illustrated in Figure 108a,b.

Figure 106: Optimized STC matrix for the 2-bit diagnostics scenario, pertaining
to a RIS featuring N = 16 elements, with a time-coding sequence of
length L = 128. The blue, green, yellow, and brown pixels represent
the “0,” “1,” “2,” and “3” digits of the 2-bit coding, respectively.
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a

b

c

Figure 107: Complex-valued equivalent currents pertaining to the diagnosis map-
ping for a 2-bit RIS featuring N = 16 elements and a time-coding
sequence of length L = 128. a–c) Spectral behaviors corresponding to
Case 1–3, respectively.
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a b

Figure 108: Input dataset composed by all the binary faulty sequences with a num-
ber of faulty elements NF = 1, . . . , 4. a) 1-bit case. b) 2-bit case.

a b

Figure 109: Output dataset composed by all the harmonic far-field scattering pat-
tern measures corresponding to the input dataset, computed in cor-
respondence of the observation angle θ0 = 40◦. a) 1-bit case. b) 2-bit
case.

The training performance of the regression model is presented in Fig-
ure 110a,b, where the training loss is plotted over the iterations, for both
1-bit and 2-bit case. Furthermore, Figure 111 shows the DER, as a function
of the SNR, for different values of the number of faulty elements NF. This
error rate has been computed as

DER(NF) =
Nerr

Ncomb(NF)
, (152)
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where

Nerr = ∥ŝ − s∥1, (153a)

Ncomb(NF) =

(
Nd

NF

)
=

Nd!
NF!(Nd − NF)!

. (153b)

It is worth noting that the difference ŝ − s, used to define the number of
errors committed by the regression model, also provides information on the
nature of the detection error, i. e., we have that

ŝn − sn =


+1, Missed detection,

0, Correct detection,

−1, False alarm.

(154)

In particular, the missed detection state occurs when the regressor fails to
detect a faulty element, meaning a fault exists but the regressor incorrectly
predicts that the element is functioning properly. The correct detection state
refers to the case where the regressor successfully identifies whether an el-
ement is functioning properly or is faulty, matching the true state of the
element. Finally, the false alarm state refers to the case where the regressor
incorrectly classifies a functioning element as faulty. This represents a false
positive where a non-defective element is mistakenly marked as defective.

a b

Figure 110: Training loss of the regression model. a) 1-bit case. b) 2-bit case.

To plot the DER as a function of the SNR, Gaussian noise components
nr, ni ∼ N(0, σ2) were added to both the real and imaginary parts of the
harmonic scattering pattern described by Equation (140). These noisy com-
ponents were then used to compute the synthetic measurements shown in
Figure 109a,b. Specifically, for a signal power Ps and a fixed noise power
Pn = 2σ2, where σ2 denotes the noise variance affecting the measures de-
fined in Equation (141), we defined the SNR as

SNR =
Ps
Pn

=
1

2σ2

N

∑
n=1

∑
ν∈I

|a(ν)n |2. (155)
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a b

Figure 111: DER of the trained regression model, displayed as a function of the
SNR, for different values of NF. a) 1-bit case. b) 2-bit case.

As can be observed from Figure 111a,b, the DER increases as the SNR
decreases, exhibiting a clear degradation trend. In particular, the DER starts
to significantly deteriorate below ≈ 16 dB in the 1-bit case and 20 dB in
the 2-bit case, for all fault configurations except NF = 0, which corresponds
to the no-fault condition. The overall worse performance exhibited by the
regressor in the 2-bit case can be attributed to the increased complexity of
the problem—since the number of unknowns is doubled compared to the
1-bit case—as well as to a less effective convergence of the GA during the
optimization of the corresponding STC matrix.

5.4.4 Additional Results

In this section, we discuss and compare the results obtained both numer-
ically and experimentally, using the same theoretical model that has been
discussed so far, but with a different temporal coding strategy. Specifically,
instead of optimizing the sequences via GA to achieve a specific spectral
behavior of the equivalent complex amplitudes, Pseudorandom Noise (PN)
sequences were employed.

5.4.4.1 Pseudorandom Noise Sequences

In communication systems, PN sequences [141] are widely used for appli-
cations like spread spectrum modulation, cryptography, and error detection.
These sequences, though appearing random, are generated by deterministic
algorithms and can be reproduced if the generating parameters are known.
A common method for generating PN sequences is using Linear Feedback
Shift Registers (LFSRs) [142], which are characterized by feedback polynomi-
als.

In what follows, we utilize the MATLAB©comm.PNSequence [143] system
object, which allows for the generation of PN sequences based on specified
parameters. The sequence is produced using a combination of feedback poly-
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Figure 112: Schematic representation of a LFSR used as a PN sequence generator,
characterized by the generator polynomial p(z) = z6 + z + 1 and the
mask polynomial m(z) = z5 + z4 + z2 + 1 [143]. These polynomials are
specific to the example presented in this figure and have been chosen
as a proof of concept to demonstrate the PN sequence generation.

nomials—one representing the generator polynomial, denoted as p(z), and
another representing the mask polynomial, m(z). The generator polynomial
defines the feedback taps of the LFSR, while the mask polynomial is applied
to the output sequence to alter its characteristics, enhancing its randomness
and ensuring that it meets specific system requirements.

Figure 112 illustrates the LFSR structure, which, driven by the generator
and mask polynomials, outputs a sequence of bits that are pseudo-random,
yet reproducible under the same conditions. To characterize the PN sequence
generator, the following polynomials were chosen:

p(z) = zh + z + 1,

m(z) = 1,
(156)

where
h = ⌈log2(NL)⌉. (157)

This allows for deriving the STC matrix from a single frame of length NL,
ensuring that the sequences exhibit good pseudo-random characteristics.

5.4.4.2 Results for PN Sequences

The experimental setup shown in Figure 113 is identical to that in Figure 99b.
The transmitting and receiving antennas are positioned at 0.85 m and ap-
proximately 2.5 m away from the RIS, respectively. The RIS under test, as
shown in Figure 99c, has an element periodicity of 15 mm, a diode switch-
ing frequency of 4 MHz, a modulation frequency f0 = 0.0625 MHz, and is
illuminated by a plane wave with a central frequency fc = 9.8 GHz.

The equipment in the foreground includes a signal generator and a spec-
trum analyzer, which are essential for generating test signals and analyzing
the frequency response of the system, respectively. The white grid and angu-
lar markings on the floor allow precise control and adjustment of the mea-
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Figure 113: The experimental setup, conducted within an anechoic chamber, is
designed for testing a RIS. The signal generator and spectrum analyzer
are positioned in the foreground to enable signal transmission analysis
at a frequency of 9.8 GHz. The transmitting antenna is aligned with the
RIS, while the receiving antenna is positioned at an angle of θ0 = 20◦,
swept relative to the normal of the RIS. The floor grid aids in adjusting
the measurement angle.

surement angle. For these tests, the measurement angle used was θ0 = 20◦.
This controlled experimental environment, with the use of specialized equip-
ment and the anechoic chamber, ensures accurate testing of the RIS’s perfor-
mance without interference from external noise or reflections.

To perform experimental tests, 30 simulation scenarios were considered,
with a number of faults NF = 0, . . . , 4. However, for brevity, 4 significant
examples are presented and discussed to illustrate the issues that arose from
these tests. In particular, Figures 114a, 115a, 116a, and 117a show four test
configurations considered, along with the corresponding STC matrices. As
noted, when an element is faulty, the corresponding row of the STC matrix
does not vary over time, presenting a constant coding. Configuration 1 is the
case where all N elements of the 1-D RIS are functioning normally. This case
was included as it serves as a reference point for interpreting the subsequent
results. Configurations 2, 3, and 4 feature one, two, and three faulty elements,
respectively. Figures 114b, 115b, 116b, and 117b show the corresponding
spectral behaviors of the complex-valued equivalent amplitudes.

During the test, we found that the harmonic spectrum is sensitive to the
observation angle due to the PN distribution. A deviation of the observation
angle by 1–2◦ leads to a slight difference in harmonic distribution.

Figures 114c, 115c, 116c, and 117c show the comparison between the nu-
merically derived synthetic harmonic measurement of the far-field scattering
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a

b

c

Figure 114: a) STC matrix for the 1-bit diagnostics using PN sequences, corre-
sponding to a RIS with N = 16 elements, all of which are operat-
ing normally, and a time-coding sequence of length L = 64. b) Cor-
responding spectral behavior of the complex-valued equivalent ampli-
tudes. c) Comparison between the numerically-derived synthetic har-
monic measurement of the far-field scattering pattern and the actual
experimental measurement for θ0 = 20◦.
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a

b

c

Figure 115: a) STC matrix for the 1-bit diagnostics using PN sequences, corre-
sponding to a RIS with N = 16 elements, one of which is faulty, and
a time-coding sequence of length L = 64. b) Corresponding spectral
behavior of the complex-valued equivalent amplitudes. c) Comparison
between the numerically-derived synthetic harmonic measurement of
the far-field scattering pattern and the actual experimental measure-
ment for θ0 = 20◦.
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a

b

c

Figure 116: a) STC matrix for the 1-bit diagnostics using PN sequences, corre-
sponding to a RIS with N = 16 elements, two of which are faulty, and
a time-coding sequence of length L = 64. b) Corresponding spectral
behavior of the complex-valued equivalent amplitudes. c) Comparison
between the numerically-derived synthetic harmonic measurement of
the far-field scattering pattern and the actual experimental measure-
ment for θ0 = 20◦.
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b

c

Figure 117: a) STC matrix for the 1-bit diagnostics using PN sequences, corre-
sponding to a RIS with N = 16 elements, three of which are faulty, and
a time-coding sequence of length L = 64. b) Corresponding spectral
behavior of the complex-valued equivalent amplitudes. c) Comparison
between the numerically-derived synthetic harmonic measurement of
the far-field scattering pattern and the actual experimental measure-
ment for θ0 = 20◦.
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pattern and the actual experimental measurement. As can be observed, the
harmonic distribution of simulation and experiment is similar to some ex-
tent, but there are no obvious characteristics and trends. This may be due to
testing errors and the approximation of the metasurface model. Therefore,
the accuracy of using the test results to validate the CNN model trained
on the simulation data remains uncertain. Furthermore, the variation in har-
monic distribution for different STC matrix sequences, observed at the same
observation angle, is not particularly significant. At present, it is uncertain
whether these differences can be accurately and robustly characterized using
the CNN model.

The input dataset, shown in Figure 108a, is used to generate the corre-
sponding output dataset, which is illustrated in Figure 118.

Figure 118: The output dataset consists of the harmonic far-field scattering pattern
measurements corresponding to the input dataset, computed at the
observation angle θ0 = 20◦ using the PN sequences.

Figure 119: Training loss of the inverse CNN model.
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The training performance of the inverse CNN model is presented in Fig-
ure 119, where the training loss is plotted over the iterations. A comparison
of the training performance shown in Figure 119 with that in Figure 111a
clearly reveals that the CNN model exhibits stronger oscillations during
training. While these oscillations in the learning curve of the inverse CNN,
particularly in a tandem architecture, are not unusual, they do not necessar-
ily indicate problems with the overall convergence of the model. These fluc-
tuations are typically associated with the complexity of the network architec-
ture, the non-linear nature of the activation functions, and the optimization
algorithm used.

It is important to emphasize that these oscillations do not impede the
network’s ability to converge to an optimal MSE. In fact, in many cases,
the final error value remains stable, and further training does not lead to
significant improvements. As the network stabilizes over several epochs, the
oscillations tend to decrease, and the model ultimately converges to a point
where the error cannot be significantly reduced any further, signaling that
the optimal solution has been reached.

Figure 120: DER of the trained inverse CNN model, displayed as a function of the
SNR, for different values of NF.

Furthermore, Figure 120 shows the DER, as a function of the SNR, for
different values of the number of faulty elements NF. As can be observed
from Figure 120, the DER increases as the SNR decreases, exhibiting a clear
degradation trend. In particular, the DER starts to deteriorate below ≈ 18 dB,
for all fault configurations except NF = 0.

By using PN sequences, the obtained results are comparable to those
shown in Figure 111a in terms of DER performance. However, experimen-
tal evidence revealed a strong sensitivity of the far-field harmonic measure-
ments to factors such as noise and measurement inaccuracies, even for small
variations in the observation angle, on the order of a few degrees. Further-
more, it is important to note that the experimental tests were conducted well
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before the Fraunhofer region, meaning that the curvature of the wavefront
is non-negligible.

These tests highlighted clear issues with the sensitivity of the measure-
ments to noise and other system parameters, stemming from the pseudo-
random nature of the used coding sequences. Consequently, under these
conditions, the proposed approach is not well-suited for solving diagnostic
problems that aim to infer faults in RIS based on far-field harmonic measure-
ments.

5.4.5 Experimental Details

modeling The numerical implementation of the theoretical analysis was
carried out using MATLAB©, with the far-field scattering pattern of the basic
element approximated as E(θ, ϕ) ≈ cos θ.

regression model implementation The neural network regression
model was implemented using the fitrnet library in MATLAB© [144]. The
network consists of a single hidden layer with 8Nd neurons. Therefore, for
the 1-bit scenario, resulting in 8N neurons, while for the 2-bit scenario, the
network contains 16N neurons. The input to the network is a feature vector
extracted from the measurement data, while the output is the predicted diag-
nostic vector. The model employs the ReLU activation function in the hidden
layer and has been trained using the default settings of the fitrnet function,
using Limited-Memory Broyden–Fletcher–Goldfarb–Shanno Quasi-Newton
Algorithm (LBFGS) [145] as the training solver and the MSE loss function.

tandem model implementation The tandem CNN scheme was im-
plemented and tested using the functionalities provided by the dlnetwork

library in MATLAB© [113]. The sigmoid activation function used in the final
layers is fσ(x) = 1/(1 + exp(−x)). The architecture, training algorithm, and
dataset partitioning follow the same setup as described in the experimental
section of Section 4.3.5. The layers are listed in Table 5 in the same order as
they appear in the network, with the inverse model placed after the direct
model.

5.4.6 Summary and Outlook

This framework presented a diagnostic method for RIS-based systems uti-
lizing uniform STC modulation. By exploiting the predictable distortions
in the spectral signature caused by faulty or misbehaving elements, we
demonstrated how a frequency-domain analysis could effectively identify
and localize faults. The approach offers a trade-off between spatial resolu-
tion and hardware simplicity, providing a viable solution for cost-sensitive
and time-constrained scenarios. Unlike more complex Hadamard-based cod-
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Table 5: Architecture of the inverse model using a CNN.

Layer Description

Fully connected 256 neurons

Reshape 16 × 16 feature map

Hidden (5×) Conv†, BatchNorm‡, ReLU activation

Fully connected 512 neurons, sigmoid activation

Output N features, sigmoid activation
† Convolutional layer
‡ Batch normalization layer

ing schemes, this method leverages fewer control sequences, making it com-
patible with non-coherent detection techniques, thus reducing the overall
system complexity.

The optimization of STC matrices using the GA for both 1-bit and 2-bit RIS
configurations revealed the potential of this approach in accurately diagnos-
ing faulty RIS elements. The results also highlighted the impact of increasing
the number of diodes per element on the diagnostic complexity, particularly
in the 2-bit case, where the problem complexity doubled compared to the
1-bit case. Additionally, the analysis of the DER as a function of the SNR
showed a clear degradation in performance as the SNR decreased, with no-
ticeable performance thresholds for both 1-bit and 2-bit configurations.

Looking forward, the proposed method opens up several avenues for fur-
ther improvement. Future work could focus on enhancing the robustness of
the diagnostic method under challenging environmental conditions, includ-
ing higher levels of noise or signal interference. Furthermore, the integra-
tion of advanced machine learning models for automated classification of
faulty states could complement the current system, allowing for real-time
diagnosis in more dynamic and large-scale RIS environments. Additionally,
exploring alternative modulation schemes or hybrid techniques may offer
further optimization opportunities in terms of both diagnostic accuracy and
computational efficiency.

Ultimately, the proposed diagnostic framework could serve as a corner-
stone for the next generation of intelligent, self-aware RIS systems, paving
the way for more reliable, cost-effective, and scalable wireless communica-
tion networks.
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6
C O N C L U S I O N S

This Thesis has addressed two fundamental aspects of STC-DMs: multi-
frequency synthesis and diagnostics. Both challenges are crucial to enabling
reliable and scalable deployment of such platforms in advanced EM applica-
tions, ranging from wireless communications to sensing and imaging.

On the synthesis side, a novel ML-based strategy has been proposed to
enable multi-frequency scattering pattern design through a tandem DNN ar-
chitecture. By mapping target equivalent-current distributions directly onto
meta-atom coding sequences, the method decouples the multi-frequency
synthesis problem and allows for precise tailoring of magnitude and phase
distributions. This approach successfully integrates ML-driven and semi-
analytical techniques, enabling the design of complex scattering responses
with computational complexity that remains essentially independent of the
electrical size of the metasurface. Experimental validation with an X-band
prototype has confirmed the potential of this approach for advanced func-
tionalities in smart radio environments, as well as in sensing and imaging.
These results are reported in Ref. [101].

On the diagnostics side, two space-time modulation strategies have been
developed to detect and localize faulty elements in RISs. The first relies on
orthogonal coding, assigning distinct code channels to each element and
enabling accurate diagnostics through simple signal processing of the re-
covered power distribution. The second leverages a non-uniform modula-
tion scheme that establishes a one-to-one correspondence between harmonic
amplitudes and RIS elements, allowing fault detection with amplitude-
only spectral measurements and eliminating the need for coherent detec-
tion or complex retrieval procedures. Both methods have been extensively
validated through theoretical analysis, simulations, and proof-of-principle
experiments, demonstrating their robustness, scalability, and practicality
across different operating conditions. These results are detailed in Refs. [134,
140].

Overall, the contributions presented in this Thesis advance the state of the
art in both the synthesis and diagnostics of STC-DMs. They provide compu-
tationally efficient and experimentally validated solutions that broaden the
functional range of digital metasurfaces while addressing the critical issue
of reliability in large-scale deployments. Future research directions include
extending the proposed synthesis strategies to higher frequency regimes by
exploiting fast-switching mechanisms based on emerging materials, and fur-
ther integrating diagnostic frameworks with system-level control to ensure
seamless operation in next-generation EM platforms.
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A P P E N D I C E S





A
D E E P L E A R N I N G I N E L E C T R O M A G N E T I C S

ML is becoming an integral part of EM systems. Antennas, as a core com-
ponent of such systems, are evolving to become more advanced and ver-
satile, driving the need for new techniques to improve their performance.
As a branch of Artificial Intelligence (AI), which seeks to replicate what
comes naturally to humans, learning from experience, ML is a data anal-
ysis method that automates the building of analytical models with minimal
human intervention. Its potential to solve complex, unpredictable, and non-
linear problems has drawn significant interest from researchers in the field
of EM, particularly in antenna and antenna-based systems. Today, ML tech-
niques are being widely applied to tasks such as antenna simulations, syn-
thesis, radiation pattern recognition, and nonlinear inverse scattering-based
object identification.

Although the accuracy of ML algorithms heavily depends on the availabil-
ity of sufficient data and expert handling of models and hyperparameters,
it is increasingly becoming the preferred solution for researchers looking
for cost-effective options that do not require excessive time investment. In
this context, this Appendix aims to provide an overview of ML and its ap-
plications in EM. It offers an in-depth discussion on recent advancements
in intelligent algorithms for antenna design, synthesis, analysis, and EM in-
verse scattering. Furthermore, it highlights the limitations of this emerging
field of study.

a.1 background and generalities

The genesis of DL dates back to the 1940s, undergoing an evolution of
nomenclature before finally settling on the current popular designation [146].
Initially, some of the initial learning algorithms were conceived to create
computational models of biological learning—in essence, simulating how
knowledge acquisition occurs within the human brain. This conceptual link
is why the field was referred to as Artificial Neural Networks (ANNs) from
the 1980s, coinciding with the resurgence of AI research largely catalyzed by
the connectionism movement [147]. A critical turning point in this era was the
seminal 1986 publication by David Rumelhart, Geoffrey Hinton, and Ronald
Williams [148]. In this work, the researchers refined and highlighted the
power of the original back-propagation algorithm, significantly accelerating
the learning process compared to earlier techniques and enabling the solu-
tion of previously intractable problems. The contemporary phase of neural
network investigation was ushered in by a 2006 breakthrough: Hinton, the
scientist who later coined the term DL, demonstrated a powerful training
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approach for DNNs called greedy layer-wise pretraining [149]. Following
this, DL achieved widespread prominence. Researchers could now success-
fully train significantly deeper neural architectures than before, confirming
the theoretical significance of a deep model architecture. Driven by the ex-
ponentially expanding volume of data available, DL remains the primary
catalyst for the current AI explosion, consistently delivering performance
that vastly outperforms predecessor models, often achieving or exceeding
human benchmarks [150].

The integration of DL—or, more precisely, ANNs as they were known
then—into the domain of EM research began in the 1980s, aligning with
the second major cycle of AI development. This cross-disciplinary effort was
largely driven by the microwave engineering community, where ANNs be-
came a valuable computer-aided design tool. Their primary utility was the
rapid prototyping of microwave devices and radio-frequency circuits [151].
The efficacy of ANN-based design methodologies stemmed from employ-
ing the most fundamental neural network structure: The feedforward neural
network composed of multiple fully connected layers. Within this architec-
ture, every node in one layer maintains a distinct weighted connection to
every node in the subsequent layer, hence the alternative designation, the
fully connected neural network. Initially, the deployment of ANNs in EM appli-
cations was quite simple. The core design challenge was usually reframed
as training an ANN to establish a mapping between an input parameter set
and an output characteristic set. This paradigm allowed ANNs to success-
fully address numerous microwave design challenges, encompassing com-
ponents such as transmission lines [152], filters [153], amplifiers [154], and
antennas [155].

In microwave and photonic design, the deployment of ANNs typically op-
erates under the well-established supervised learning framework. The funda-
mental goal here is to determine a reliable mathematical relationship linking
an input set, X, to a corresponding output set, Y. The optimization phase in-
volves adjusting the internal model parameters to accurately replicate the
intended X → Y mapping. This procedure is performed on a pre-assembled
training dataset consisting of numerous input examples X and their ground-
truth labels Y. Beginning with arbitrary values, this data-centric learning
methodology progressively refines the model’s parameters across the train-
ing data. The adjustments are dictated by minimizing a designated loss func-
tion, which quantifies the discrepancy against the true labels Y. This itera-
tive process continues until the model converges, resulting in a generalized
function capable of making accurate predictions on previously unseen data.
This methodology starkly contrasts with traditional optimization techniques,
whether relying on gradients or being gradient-free. Such conventional meth-
ods lack pre-existing input-output pairs; instead, the optimization towards
specific targets is governed by tailored, case-specific operational rules. To fa-
cilitate the efficient training of ANNs, the back-propagation algorithm was
a pivotal development. Comprehensive details regarding the fundamental
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ANN architecture and the operation of the back-propagation algorithm are
provided in Section A.1.1 and Section A.1.2, respectively.

Figure 121: Illustrations of four basic neural network architectures: MLP, CNN,
RNN, and GAN.

The last ten years have seen DL rise to prominence, profoundly impact-
ing numerous fields of research. With the invention of new training and
regularization techniques such as ReLU activation [156], dropout [157] and
batch normalization [158], it is now possible to design and train increasingly
DNNs capable of leveraging larger datasets with improved performance.
Meanwhile, advanced model architectures have been proposed or improved
to solve tasks in specific fields of ML and pattern recognition, such as the
Convolutional Neural Network (CNN) [159] for image recognition, Recurrent
Neural Network (RNN) [160] for natural language processing, Generative
Adversarial Network (GAN) [161] and Variational Autoencoder (VAE) [162]
for image generation. The EM community also benefited from the rapid
advances in DL techniques. Unlike rule-guided optimization that explores
the design space by following certain strategies case by case, DL, as a data-
driven method, aims to describe the design space holistically, using the train-
ing data as samples. Therefore, with generalization ability within a given de-
sign space, DL can produce fast and accurate designs without the need for
case-by-case, time-consuming numerical calculations. Properly trained DL
models are capable of directly mapping photonic device designs to their op-
tical properties, as well as performing the inverse mapping. In addition, DL
can interact with traditional optimization methods to improve the algorithm
performance.
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a.1.1 Fully Connected Neural Network

A fully connected neural network comprising L layers is structured with
a single input layer, one output layer, and L − 2 intervening hidden layers.
As illustrated in Figure 122, every neuron within a given layer forms a link
with all neurons in the subsequent layer, yet no connections exist between
non-adjacent layers. The core function of the neurons is to process the input
data sequentially, layer by layer, utilizing a set of tunable elements known as
learnable parameters, specifically weights and biases.

To detail this operation, consider w(ℓ)
pq as the weight linking the q-th neuron

in layer ℓ − 1 to the p-th neuron in layer ℓ, and b(ℓ)p as the bias associated
with the p-th neuron in layer ℓ. The final output of the p-th neuron in layer
ℓ, denoted by y(ℓ)p , is calculated by first performing a weighted summation

of the outputs from the preceding layer, z(ℓ)p , followed by the application of
a nonlinear function fσ(·). This operation is expressed as:

y(ℓ)p = fσ

(
z(ℓ)p

)
= fσ

(
N(ℓ−1)

∑
q=1

w(ℓ)
pq y(ℓ−1)

q + b(ℓ)p

)
, p = 1, . . . , N(ℓ). (158)

Alternatively, this calculation can be more concisely represented using the
vector-matrix notation. This compact format allows the calculation for all
neurons in a layer to be performed simultaneously:

y(ℓ) = fσ

(
z(ℓ)
)
= fσ

(
W(ℓ)y(ℓ−1) + b(ℓ)

)
, (159)

where
y(ℓ), z(ℓ), b(ℓ) ∈ RN(ℓ)

,

W(ℓ) ∈ RN(ℓ)×N(ℓ−1)
,

(160)

are the weight matrix and bias vector of the ℓ-th layer, respectively, and N(ℓ)

represents the total neuron count within that layer.
The nonlinear function fσ(·), known as the activation function, is indis-

pensable. Its role is to enable the network to capture highly complex data
representations, preventing the model from degenerating into a mere linear
transformation. Popular choices for this function include the sigmoid, hyper-
bolic tangent, and the ReLU. Consequently, during the forward pass, input
information propagates from one layer to the next, undergoing a sequence
of linear summation and nonlinear activation at each stage, mimicking the
flow of electrical signals across biological neurons and synapses.

To gauge the efficacy of the neural network, a cost function C(·) must be
defined. This function quantifies the error by measuring the disparity be-
tween the final network output and the desired output. Operating on the
outputs of the last layer and the true labels, the cost function yields a scalar
error value that the learning process aims to minimize. For the parameters
to be correctly adjusted, the learning algorithm calculates the gradient of the
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Figure 122: Architecture of a fully connected neural network.

cost function with respect to every weight and bias. This gradient signals
the precise rate at which the error would change in response to a minus-
cule alteration of the parameter. Subsequently, each parameter is updated
by moving in the opposite direction of its computed gradient, thus reducing
the overall error.

a.1.2 Back-Propagation Algorithm

The process of training a neural network relies on the back-propagation al-
gorithm, which fundamentally involves a single pass executed backwards
from the final (output) layer to the initial (input) layer. This procedure is
essentially a highly practical application of the chain rule for computing the
derivatives of multivariable functions. To illustrate the mechanics of back-
propagation, it is common to first define an intermediate quantity, the er-
ror vector δ(ℓ) =

(
∂C/∂z(ℓ)1 , ∂C/∂z(ℓ)2 , . . .

)
. This vector captures the partial

derivative of the overall cost C with respect to the weighted input z at layer
ℓ. For the final layer, L, this error vector is computed directly as:

δ(L) = (∇yC)⊙ f ′σ
(

z(L)
)

, (161)

where ⊙ denotes the Hadamard product (element-wise multiplication) be-
tween two vectors. Since the functional forms of both the cost function
C(y(L)) and the activation function fσ(z(L)) are known analytically, the error
value δ(L) at the last layer can be determined immediately. By recursively
applying the chain rule, the error vector for any preceding layer ℓ can be
derived from the error computed in the subsequent layer:

δ(ℓ) =

[(
W(ℓ+1)

)T
δ(ℓ+1)

]
⊙ f ′σ

(
z(ℓ)
)

. (162)

Equations (161) and (162) encapsulate the core mechanism of back-
propagation. The error, which originates from the disparity between the
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network’s output and the target, is systematically transmitted backward
through the network, layer by layer, while storing the crucial intermediate
error values at each stage.

The quantities required to update the network’s parameters—the partial
derivatives ∂C/∂w(ℓ)

pq and ∂C/∂b(ℓ)p —are directly related to these calculated
errors:

∂C

∂w(ℓ)
pq

= y(ℓ−1)
q δ

(ℓ)
p , (163a)

∂C

∂b(ℓ)p

= δ
(ℓ)
p . (163b)

Once the partial derivatives of the cost function C with respect to every
learnable parameter (the weight matrices W(ℓ) and bias vectors b(ℓ) across
all layers, ℓ = 1, . . . , L) are computed, the model’s training can proceed using
Stochastic Gradient Descent (SGD). In the SGD procedure, the entire training
dataset is first randomized and then segmented into multiple batches, each
containing only a small subset of the total data. Each training step consists
of several phases: feeding a batch of data through the network, computing
the resulting outputs and errors, using back-propagation to determine the
average gradient for that specific batch, and finally, adjusting the weights
and biases based on this gradient.

Specifically, a hyper-parameter known as the learning rate, αlr, must be
defined. This parameter governs the magnitude of the modification applied
to the parameters relative to their computed gradients with respect to the
batch cost. For a batch containing NB training samples, the update rules for
the weights and biases, derived from Equations (163a) and (163b), are as
follows:

W(ℓ) → W(ℓ) − αlr

NB

NB

∑
n=1

δ(n,ℓ)
(

y(n,ℓ−1)
)T

, (164a)

b(ℓ) → b(ℓ) − αlr

NB

NB

∑
n=1

δ(n,ℓ). (164b)

This entire training process is repeated for numerous iterations until the cost
function’s value ceases to significantly decrease. Post-training, the model’s
performance is rigorously assessed using a separate test set—samples the
model has never encountered during training—to evaluate its capacity for
generalization.

a.2 representative examples

a.2.1 Multilayer Perceptron

Although the architecture is relatively simple, the Multilayer Perceptron
(MLP) has been theoretically established as a universal approximator, capable
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of representing any continuous function [163]. In contemporary DL models
with sophisticated, task-specific architectures, the MLP often acts as a bot-
tleneck layer, extracting meaningful features as a compact representation of
high-dimensional data such as images. Even prior to the remarkable suc-
cess of DL in computer vision [159], researchers had explored MLP applica-
tions in photonics, following design paradigms adapted from the microwave
community. The effectiveness of these early models was largely constrained
by immature training strategies, limited data availability, and consequently
shallow architectures.

a b

Figure 123: a) A bidirectional MLP model for design of H-shaped plasmonic
nanostructures. b) Predicted (by DL model), simulated and measured
spectra of retrieved H-shaped structures under different polarization
conditions [97].

In 2018, Malkiel et al. reported a bidirectional MLP-based DL model for
the design of plasmonic nanostructures [97]. Building upon earlier efforts,
the authors were able to capture the complex physical relationship between
photonic structures and their optical responses by employing a “deeper” net-
work architecture. As illustrated in Figure 123, the structure under study is
an H-shaped metallic configuration defined by eight parameters: three con-
tinuous parameters (length and rotation angle of the arms) and five binary
parameters (presence or absence of specific arms). The design objectives com-
prise two reflection spectra under illumination with light polarized along
horizontal or vertical directions. Each spectrum is discretized into 43 points,
while the material properties (e. g., permittivity of the indium tin oxide adhe-
sion layer and hosting materials) are represented as a 25-dimensional vector.
A geometry-predicting network with eight grouped layers and a spectrum-
predicting network with six layers were trained on 18 · 103 samples, enabling
the model to function simultaneously as a fast simulator and an inverse de-
sign tool. The scale of the dataset, the complexity of the inputs, and the net-
work depth demonstrate that, from a data-driven perspective, deeper models
trained on larger datasets offer a promising alternative approach for solving
photonic design problems.

When trained on large datasets, MLP-based models for inverse design of-
ten encounter convergence issues due to the existence of multiple designs
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a b

Figure 124: a) DL model as an optimization tool by providing analytical gradients,
which can realize single-peak high scattering by a multilayer nanopar-
ticle. b) Runtime with a speed two orders of magnitude faster than
that of the conventional numerical optimization [164].

that satisfy similar requirements. To address this, Liu et al. proposed a tan-
dem training method for inverse design [96]. The approach involves first
training a forward model that maps design parameters to optical responses.
This pretrained forward network is then connected to the output of the in-
verse design network, using the forward prediction error as the supervision
signal. By training indirectly in this tandem configuration, the inverse de-
sign outputs are guided to converge toward a unique solution, effectively
mitigating the data inconsistency problem arising from the inherent non-
uniqueness of the inverse design task.

Beyond input-output mapping, MLP-based models, as universal function
approximators, enable analytical gradient computation. Peurifoy et al. em-
ployed a single neural network to approximate light scattering by multilayer
nanoparticles, using the analytical gradient from the model for structural
optimization according to spectral requirements [164]. They demonstrated
that, guided by the analytical gradient from the MLP, the single-band high
scattering effect in core-shell nanoparticles could be efficiently optimized
(Figure 124). Additionally, they compared the performance of a DNN with
interior-point methods, a conventional numerical inverse design algorithm
for nanoparticles. Under the same error threshold, the runtime of the neural
network was two orders of magnitude shorter than that of the numerical
method. More notably, as shown in Figure 124, as the design complexity in-
creases (i. e., the number of nanoparticle layers), the neural network exhibits
a linear increase in runtime, whereas numerical methods show a polynomial
increase with an exponent of 4.5. These results highlight that, for the same
level of accuracy, fully trained neural networks outperform conventional nu-
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merical inverse design methods by a significant margin in computational
efficiency.

Following these first forays into applying data-driven methodology in
photonics research, deep MLP models and their variants have been exten-
sively studied for many photonic design tasks, including topological pho-
tonics [165], integrated silicon photonics [166], color generation from nanos-
tructures [167, 168], metamaterials [169–171], plasmonic structures [172] and
photonic crystals [173]. For instance, in the work shown in Figure 125, the
authors propose to use DL to design silicon-on-insulator-based 1 × 2 power
splitters with various target transmission ratios at two ports (T1 and T2), in
which the device structure is represented by a matrix of binary variables,
indicating whether the silicon is etched or not at certain coordinates [166].

Figure 125: DNN to model silicon-on-insulator-based 1× 2 power splitters. T1 and
T2 denote transmission ratio of port 1 and port 2, respectively [166].

In addition to design problems, researchers have also developed sophis-
ticated MLP models to tackle other problems in photonics, such as modal
classification and effective refractive index retrieval in waveguides [174, 175],
dimension reduction to reveal underlying physics [176] and near-field ma-
nipulation of plasmonic nanoantennas [177]. As the plain form of the DL
model, MLP requires vectorized input and output. By parameterizing model
inputs and outputs into vectors composed of several discrete and dimension-
less elements, the MLP model can be adapted to a broad range of photonic
applications regardless of the underlying physics.

a.2.2 Convolutional Neural Networks

MLPs have proven effective in metamaterial design; however, they face chal-
lenges when handling 2-D images and 3-D structures due to their lack of
inherent spatial processing capabilities and the large number of parameters
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required, which can lead to overfitting and high computational costs. To
overcome these limitations, CNNs have been employed.

In DL, a CNN is a class of networks designed to extract features from input
data through convolution operations at each layer. Thanks to the nature of
convolution, a CNN can capture local spatial correlations in images. The fun-
damental architecture of CNN-based generative models enables the trans-
formation of data between high-dimensional images and low-dimensional
feature representations. Convolutional layers recognize hierarchical spatial
structures, making CNNs particularly suitable for image-based data. Each
neuron in a convolutional layer is connected only to a small region of the
input, which reduces the total number of parameters while enhancing the
network’s capacity to capture spatial and temporal patterns. The central prin-
ciple of CNNs is the convolution operation, which allows the network to
automatically and adaptively learn spatial hierarchies of features from the
input. This is achieved by applying a set of filters (or kernels) across the
input, producing feature maps that encode the presence of specific patterns
at various spatial locations. Mathematically, the convolution operation for a
single filter K and a 2-D input X can be expressed as

Y(p, q) =
M

∑
m=1

N

∑
n=1

K(m, n) · X(p + m − 1, q + n − 1), (165)

where Y(p, q) is the output feature map at position (p, q), K(m, n) represents
the filter weights, and X(p + m − 1, q + n − 1) is input pixel value at position
(p + m − 1, q + n − 1). M and N are the height and width of the filter, re-
spectively. The convolution operation involves sliding a filter over the input
image and computing the dot product between the filter and local regions
of the input. This mechanism enables CNNs to capture spatial relationships
and hierarchical patterns, which are crucial for tasks such as image recog-
nition and classification. As a result, CNNs have demonstrated outstanding
performance in metamaterial design, emerging as a primary tool due to their
efficiency and effectiveness in handling complex and nuanced designs com-
pared to traditional approaches [170, 178–183].

CNNs have been applied to a wide range of problems in optics and
photonics, including the inverse scattering problem [184], wavefront correc-
tion [185], digital coding metasurfaces [119, 186], and the prediction of op-
tical properties in complex photonic and material systems [187, 188]. The
convolution operation in a CNN is translationally invariant, making it par-
ticularly well-suited for modeling periodic photonic structures such as pho-
tonic crystals and metamaterials. These structures, typically represented as
2-D images, inherently exhibit translation invariance under periodic bound-
ary conditions used in numerical simulations. For instance, in 2018, Asano
et al. employed a CNN-based neural network to approximate the Q-factor of
photonic crystals [173]. Using back-propagation, the positions of nanocavi-
ties were optimized, resulting in a substantial improvement of the Q-factor
from 3.8 · 108 to 1.6 · 109, as illustrated in Figure 126.
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a b

Figure 126: Optimization of the Q-factors of photonic crystals using CNNs [173]. a)
Initial photonic crystals with a Q-factor of 3.8 · 108. b) Optimized pho-
tonic crystal with an improved Q-factor of 1.58 · 109. QFDTD denotes
the quality factor calculated via finite-difference time-domain simula-
tions, QNN is the quality factor predicted by the neural network, and
Vcav represents the modal volume.

In addition to the basic CNN architectures, advanced network structures
such as residual networks [189] and inception networks [190] have been
developed to improve both the performance and capability of the models.
These architectures can be employed to train surrogate models for simulat-
ing complex photonic structures with a large number of degrees of free-
dom [191].

a.2.3 Recurrent Neural Networks

RNNs are designed to handle sequential data, such as sentences or audio
signals. As illustrated in Figure 121, RNN architectures process sequential
inputs one element at a time, incrementally generating new sequences. In
photonic design, RNNs are well-suited for modeling optical signals or spec-
tra in the time domain, where specific line shapes arise from various res-
onance modes. RNNs have been employed to analyze optical signals and
mitigate noise in high-speed fiber transmission [192].

When combined with CNNs, RNNs have also been used to improve the
approximation of optical responses of nanostructures represented as im-
ages [191]. Figure 127 depicts random silver nanostructures used for sim-
ulation. Leveraging RNNs, the network is able to predict the absorption
spectra of these structures over the 800–1700 nm range, demonstrating excel-
lent agreement with full-wave simulations (Figure 127).

The performance of RNNs can be further enhanced by employing ad-
vanced variants such as Long Short-Term Memory (LSTM) [160] and Gated
Recurrent Units (GRUs) [193]. Hybrid architectures combining CNNs and
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RNNs represent a promising approach for modeling and designing photonic
devices that manipulate complex spatiotemporal properties of light.

a b

Figure 127: Prediction of the absorption of nanostructures using a combination of
CNNs and RNNs [191]. a) Randomly generated silver nanostructures
(yellow region). b) Absorption predicted by the CNN-RNN model
compared with the actual absorption of the nanostructures.

a.2.4 Deep Generative Models

Generative models, instead of determining the conditional distribution and
corresponding decision boundaries, describe the joint distribution of inputs
and outputs to optimize a given objective in a probabilistic manner. Unlike
deterministic models, generative models can handle one-to-many mappings
and produce structured outputs according to specified requirements, as illus-
trated in Figure 121. Empowered by DL techniques, deep generative models
can generate data that closely replicate or resemble the training dataset.

An Autoencoder (AE) comprises an encoder and a decoder. The encoder
maps the training data into a reduced-dimensional space, known as the la-
tent space, while the decoder reconstructs the data from the latent represen-
tation. AEs are commonly used to reduce the dimensionality of the design
space and the optical response features of photonic devices, providing essen-
tial insights into light-matter interactions for device optimization [176].

Building on the AE, a VAE introduces probabilistic perturbations in the
latent space [162], as illustrated in Figure 128. Because the latent space pro-
vides a continuous representation of the training data, new designs can be
generated by sampling this space [194]. Exploiting the reduced dimension-
ality and continuity of the latent space, Ma et al. employed a VAE-based
generative model to encode the meta-atoms of double-layered chiral meta-
materials and their optical responses. This approach enables exploration of
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the complex structure-performance relationship without requiring extensive
data collection [195]. Figure 129 illustrates a target circular dichroism spec-
trum with a sharp peak at 60 THz. The VAE-based framework successfully
identifies a double-layered metamaterial that reproduces the desired spec-
trum (right panel). More importantly, the model addresses the one-to-many
inverse problem, generating distinct metamaterial structures that satisfy the
same chiroptical response requirements.

Figure 128: Illustrative representation of the architectures of a VAE and a GAN.

The GAN, illustrated in Figure 128, is another class of deep generative
models, composed of a generator and a discriminator [161]. The generator
is trained adversarially to produce samples that ideally form a distribution
indistinguishable from the training dataset. Due to their capability to gen-
erate a large number of nanostructures in a short time, GANs have been
employed for the stochastic design and optimization of both dielectric and
metallic metasurfaces [196].

Figure 129: Design of a chiral metamaterial using a VAE combined with a semi-
supervised learning strategy. The required circular dichroism spec-
trum is shown, along with the retrieved patterns of the top and bottom
layers of the chiral meta-atom (insets) and the corresponding resulting
spectrum [195].
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Figure 130: GAN-based design of spatially varying meta-molecules. Designed
meta-atoms convert left-circularly polarized light to the cross polar-
ization, with the measured polarization states [197].

In addition to the standard architectures of GANs and VAEs, other va-
rieties of generative models have also been implemented for the discov-
ery and design of photonic structures. For example, Compositional Pattern-
Producing Networks (CPPNs) have been employed as generators within the
GAN framework to produce high-quality nanostructure patterns for the in-
verse design of metasurfaces with multiple meta-atoms per unit cell [197].
Figure 130 illustrates a gradient metasurface generated by a CPPN-GAN,
which partially converts LCP incident light to its cross-polarization while
maintaining a constant phase gradient. The figure also presents the polar-
ization states of incident and diffracted light measured after a quarter-wave
plate, confirming the polarization conversion.

Other examples of generative models applied in photonics have also been
reported. For instance, U-net, a DNN originally developed for image seg-
mentation, has been used to accurately predict the near-field optical re-
sponses of arbitrary 3-D nanostructures, enabling the approximation of var-
ious far-field responses [198]. Moreover, by combining traditional optimiza-
tion techniques with a generative model, global optimization of a 1-D meta-
grating can be efficiently achieved for multiple wavelengths and deflection
angles [199].

a.2.5 Optimization Leveraging Deep Learning Algorithms

Recent advances in material optimization, coupled with progress in nanofab-
rication techniques, have enabled the use of nanophotonic devices to address
global challenges in quantum information [200], space exploration [201],
and secure communication [202]. However, these inherently complex prob-
lems require highly constrained, multiparametric device optimization. Tra-
ditionally, adjoint, topology, and genetic optimization methods have been
employed to tackle a wide range of inverse problems in photonics. These
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approaches typically demand substantial computational resources and time,
with requirements increasing further as the dimensionality of the optimiza-
tion space and the number of constraints grow. Such resource intensity sig-
nificantly limits the applicability of conventional methods to problems that
involve optimization over extended parametric spaces, including both ge-
ometrical and material domains. By combining conventional optimization
techniques with advanced DL algorithms, it becomes possible to leverage
the strengths of both approaches and substantially reduce the computational
burden.

a

b

Figure 131: GAN-based development of metasurface designs [203]. a) Conditional
GAN, composed of a generator and a discriminator, trained on topo-
logically optimized designs. b) Efficiency histograms of meta-gratings
generated by the trained GAN, with the time cost of device creation
using iterative-only optimization compared to GAN generation and
refinement.

The integration of deep generative networks, such as GANs and various
types of AEs, with an adjoint optimization framework has been explored to
enhance both speed and performance. As schematically illustrated in Fig-
ure 121, this approach leverages the strong correlation between device topol-
ogy (geometrical shape) and its optical response. During training, the gener-
ative network learns characteristic geometrical features from pre-optimized
device designs and constructs a compressed representation of the design
space.
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Recent studies show that conditional GANs can be efficiently trained on la-
beled, topology-optimized meta-grating designs to rapidly generate a large
set of high-performance devices [203] (Figure 131a). The GAN captures and
generalizes the main features of the meta-gratings, allowing the generation
of devices with operating parameters (wavelength and deflection angle) be-
yond those in the training set. As shown in Figure 131b, GAN-generated
designs match the performance of direct topology-optimized devices while
producing five times more high-performance designs within the same time-
frame.

Figure 132: Global optimization driven by a generative neural network [199].

Furthermore, generative networks can be directly combined with topology
optimization by replacing the discriminator with a direct EM solver [199].
Using the topology optimization of a dielectric meta-grating as an example
(Figure 132), Jiang et al. showed that this approach allows continuous opti-
mization of the device distribution until convergence to a cluster of high-
efficiency designs [199]. Physics-based gradients from forward and adjoint
EM simulations are used for error back-propagation during generator train-
ing, establishing a direct link between the compressed latent space of the
network and improved device efficiency.

This strategy also eliminates the need to generate a separate training
dataset, as the generative network learns the physical relationship between
device geometry and optical response directly through EM simulations. The
loss function is designed to assign higher weight to devices with superior
efficiency, while reducing the influence of low-efficiency designs that may
be trapped in local optima. Consequently, the compressed latent space of
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the generative network is effectively narrowed to the sub-domain of highly
efficient designs. Remarkably, this method requires only approximately 10%
of the computational cost compared to conventional adjoint-based topology
optimization.

Optimization in high-dimensional parametric spaces can be efficiently
achieved by employing dimension-reduction techniques. Recently, linear
Principal Component Analysis (PCA) has been applied to map and character-
ize the multiparameter design space of photonic systems [204]. As illustrated
in Figure 133a, the proposed approach consists of three main steps:

1. Construction of a sparse set of pre-optimized designs using conven-
tional optimization methods;

2. Identification of a lower-dimensional sub-space of highly efficient de-
signs by applying a dimensionality reduction algorithm to the high-
dimensional parametric space of pre-optimized designs;

3. Exhaustive mapping of the design sub-space to determine the continu-
ous region of highly efficient designs.

This methodology has been applied to the multiparametric optimization
of a vertical fiber grating coupler (Figure 133b). It has been shown that di-
mensionality reduction dramatically decreases the problem complexity, al-
lowing the continuous sub-space of grating couplers with comparable fiber
coupling efficiencies to be mapped [205]. Such a global analysis not only
enables efficient multiparametric optimization but also reveals the inherent
performance or structural limitations of the given design configuration.

Another strategy has been developed to address one of the primary bottle-
necks of conventional optimization techniques: The computational cost of di-
rect EM simulations. Data-driven methods have been proposed to accelerate
Maxwell’s equation solvers involved in the optimization process. The feasi-
bility of using data-driven approaches for solving Partial Differential Equa-
tions (PDEs) has been investigated recently, demonstrating the learning of
“optimal” approximations of derivatives for time-domain simulations [206],
as well as the use of neural networks for solving PDEs [207, 208]. In particu-
lar, data-driven methods have enabled the solution of nonlinear PDEs in the
time domain at resolutions 4 to 8 times coarser than those required by stan-
dard finite-difference methods. Using CNNs, the generalized minimal resid-
ual algorithm for solving frequency-domain Maxwell’s equations has been
accelerated [209], achieving an order-of-magnitude reduction in the number
of iterations required when trained on datasets of wavelength-splitting grat-
ings. This approach can be directly integrated within gradient-descent-based
optimization of photonic devices, where multiple simulations with similar
material distributions are required.
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a

b

Figure 133: High-dimensional analysis and dimensionality reduction approach
applied to the design of a nanophotonic component [204]. a) High-
parametric space analysis using dimensionality reduction to identify
the sub-space of efficient designs. b) Schematic representation of the
grating coupler structure. By reducing the five-dimensional parametric
space to the two principal component coefficients, α and β, exhaustive
mapping of the sub-space of high-performance designs becomes feasi-
ble with modest computational resources. Two designs with compara-
ble coupling efficiency are highlighted, alongside the design reported
in Ref. [205]. Γ-Π and X-Π denote two orthogonal hyperplanes, both
orthogonal to the first two principal components, α and β.
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a.3 some remarks

data collection DNNs typically contain thousands to millions of
learnable parameters, necessitating large amounts of labeled data for ef-
fective training. However, generating such datasets often requires exten-
sive physical simulations or experimental measurements, which may not al-
ways be practical. In these cases, unsupervised and semi-supervised learning
strategies can be employed to reduce the burden of data collection. Unlike
supervised learning, unsupervised methods—such as PCA, AEs, VAEs, and
GANs—require few or no labels and are commonly used for data clustering
and dimensionality reduction. The processed data from these unsupervised
approaches can be analyzed to identify the structural parameters of photonic
devices that have the greatest impact, thereby enabling neural networks to
capture essential design information without redundant data collection [210,
211].

The need for massive data collection can also be alleviated by integrat-
ing DL models with the underlying physics of the system. For instance,
instead of training a model on enormous datasets to approximate the bidi-
rectional relationship between physical structures and their responses, DL
can be employed as an intermediate tool to efficiently solve the PDEs gov-
erning the physical system [208, 209]. Alternatively, learning the governing
laws underlying the physical phenomena can further reduce the reliance on
large datasets [207]. In this approach, DL is typically used to extract features
from limited data for the regression of a small number of parameters that
parametrize the system’s models or equations. Moreover, physics-informed
DL models can generate solutions that inherently satisfy certain PDEs [212].
In other scenarios, when a neural network is well-trained to approximate
specific physical processes, transfer learning can be applied to transfer the
learned knowledge to similar simulation tasks, significantly reducing the
amount of additional data required [213].

advantages of deep learning From the standpoint of efficiency, a
well-trained DL model can perform orders of magnitude faster than tradi-
tional optimization algorithms [164], provided that sufficient training data
have been collected in advance. However, data collection for DL does not
conflict with traditional optimization strategies [214], particularly global op-
timization algorithms that extensively explore the solution space. The key
difference lies in how the data are utilized. In DL, the model actively accu-
mulates training data that holistically describe the problem, with the quan-
tity and quality of these pre-collected data directly influencing performance.
In contrast, traditional numerical algorithms passively generate data during
iterative optimization steps, primarily to monitor progress and determine
when to adjust the strategy. While the amount of data required for DL is
typically larger than that generated in conventional optimization, this collec-
tion represents a one-time cost, unlike the ongoing computational expense
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of ab initio numerical methods. This characteristic renders DL particularly
advantageous for photonic design tasks involving periodic structures, such
as metamaterials or photonic crystals, where a large number of unit cells
must be optimized to form a device or system.

Balancing training time and inference time for a DL model requires effi-
cient exploitation of data, potentially in an online fashion, where data are
continuously supplied as the model evolves for different tasks. Traditional
optimization methods explore the design space guided by gradient informa-
tion (e. g., level-set methods) or evolutionary processes (e. g., genetic algo-
rithms).

In combination with traditional numerical optimization, a fast DL surro-
gate can be constructed by saving simulation data from the beginning of the
optimization process [215, 216]. In such cases, the neural network also cap-
tures the gradients of the objective function with respect to input parameters.
When the network is sufficiently reliable, performing local gradient descent
using gradients predicted by the surrogate is equivalent to traditional ad-
joint methods. Furthermore, DL can assist in locating global minima. Its
fast inference speed enables global search algorithms for highly complex
structures, while latent variable and generative models can capture the un-
derlying physics, reducing unnecessary exploration of the solution space. In
practical scenarios, traditional optimization and data-driven methods can be
jointly integrated into the same design pipeline: DL identifies solutions near
the global minimum, and conventional optimization refines performance.
Even if a true global optimum is challenging to find in complex photonic
design tasks, these approaches, including DL, typically produce results that
significantly surpass empirical designs. In cases where only limited data can
be collected in a reasonable timeframe, incorporating statistical learning or
other ML techniques can further enhance the design strategy. Nevertheless,
since DL and ML models require sufficient training datasets, data-driven
methods may not be suitable as a starting point in extreme situations where
collecting a single data point takes hours or days. In such cases, direct opti-
mization techniques, such as Bayesian optimization, may be more appropri-
ate before applying DL models.

a.4 summary and outlook

The concept of DL has evolved far beyond a mere computational analogy
of biological neural networks, establishing itself as a powerful tool capable
of tackling highly complex problems through the construction of multilevel
abstractions from large-scale data. Within the EM community, DL and other
AI techniques are currently revolutionizing EM design, integration, and mea-
surement processes. These methods have already shown remarkable poten-
tial in designing EM structures, optimizing architectures, selecting materi-
als, and even enhancing entire optical systems, while continuing to offer
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unprecedented acceleration in optical measurements and the discovery of
novel optical phenomena.

In this Appendix, we review a range of model structures applied to EM
design, from individual plasmonic nanoparticles to metamaterials composed
of arrays of meta-atoms, and up to integrated photonic devices. These im-
pressive advancements have emerged over the past few years, and further
progress is expected as researchers from diverse backgrounds continue to
contribute to this rapidly growing field. Cross-disciplinary approaches com-
bining AI, EM, and materials science are anticipated to enable large-scale EM
designs with unique functionalities, as well as innovative methods for opti-
cal characterization. This, in turn, will pave the way for high-speed super-
resolution imaging, real-time detection and manipulation, efficient energy
conversion systems, and transformative developments in quantum measure-
ments and metrology.
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“Inverse design in nanophotonics.” In: Nature Photonics 12.11 (2018), pp. 659–
670. doi: 10.1038/s41566-018-0246-9.

[215] N. Hansen, S. D. Müller, and P. Koumoutsakos. “Reducing the time com-
plexity of the derandomized evolution strategy with covariance matrix adap-
tation (CMA-ES).” In: Evolutionary Computation 11.1 (2003), pp. 1–18. doi:
10.1162/106365603321828970.

[216] R. S. Hegde. “Photonics inverse design: Pairing deep neural networks with
evolutionary algorithms.” In: IEEE Journal of Selected Topics in Quantum Elec-
tronics 26.1 (2019), pp. 1–8. doi: 10.1109/JSTQE.2019.2933796.

219

https://doi.org/10.1109/jlt.2017.2755673
https://doi.org/10.1109/jlt.2017.2755673
https://doi.org/10.1073/pnas.1814058116
https://doi.org/10.1073/pnas.1814058116
https://doi.org/10.1126/sciadv.1602614
https://doi.org/10.1073/pnas.1718942115
https://doi.org/10.1038/s41598-019-56212-5
https://doi.org/10.1063/1.5114643
https://doi.org/10.1007/s11433-020-1575-2
https://doi.org/10.1007/s11433-020-1575-2
https://doi.org/10.1016/j.jcp.2018.10.045
https://doi.org/10.1021/acsphotonics.8b01526
https://doi.org/10.1038/s41566-018-0246-9
https://doi.org/10.1162/106365603321828970
https://doi.org/10.1109/JSTQE.2019.2933796




colophon

This document was typeset using the typographical design classicthesis,
developed by André Miede. The style was inspired by Robert Bringhurst’s
seminal book on typography, “The Elements of Typographic Style”.

The classicthesis package is available for both LATEX and LYX and can be
found at:

https://bitbucket.org/amiede/classicthesis/

Final Version as of February 23, 2026 (classicthesis).

https://bitbucket.org/amiede/classicthesis/

	Abstract
	Publications
	Contents
	List of Figures
	List of Figures

	List of Tables
	List of Tables

	Acronyms
	Acronyms

	Research Framework and Objectives
	1 Introduction
	1.1 Thesis Organization
	1.2 Background and Generalities

	2 Materials Classification
	2.1 Metamaterials
	2.2 Definition of Metamaterial
	2.2.1 Epsilon Negative Metamaterial
	2.2.2 Mu Negative Metamaterial
	2.2.3 Double Negative Metamaterial

	2.3 Perfect Lens
	2.4 Optical Invisibility
	2.4.1 Transparency-Based Invisibility
	2.4.2 Invisibility Through Optical Transformations

	2.5 Metasurfaces
	2.5.1 Generalized Snell Laws
	2.5.2 Metasurfaces Based on Geometric Phase
	2.5.3 Metalenses
	2.5.4 Metasurface-Based Invisible Cloak



	Overview of Digital Metasurfaces
	3 Digital Metasurfaces
	3.1 Background and Generalities
	3.1.1 Information-Theoretic Aspects
	3.1.2 Convolution-Based Operations

	3.2 Programmable Metasurfaces
	3.3 Analytical Model
	3.3.1 Equivalent Phase Coverages

	3.4 Representative Applications
	3.4.1 Harmonic Beam Manipulations
	3.4.2 Scattering Reduction
	3.4.3 Generation of Multi-bit Programmable Phases
	3.4.4 Nonreciprocal Effects
	3.4.5 Nonlinear Effects
	3.4.6 Polarization Conversion
	3.4.7 Polarization Multiplexing
	3.4.8 Integrated Sensing and Communication
	3.4.9 Non-Uniform Modulation



	Synthesis and Diagnostics for Space-Time-Coding Digital Metasurfaces
	4 Synthesis of Space-Time-Coding Digital Metasurfaces
	4.1 Background and Generalities
	4.2 Generalization of the Analytical Synthesis Procedure
	4.2.1 Feasible Domain at the Central Frequency
	4.2.2 Optimization Criterion
	4.2.3 Example of Synthesis
	4.2.4 Spectral Efficiency
	4.2.5 Experimental Details
	4.2.6 Summary and Outlook

	4.3 Machine-Learning-Enabled Synthesis
	4.3.1 Proposed Approach
	4.3.2 Machine-Learning-Based Synthesis
	4.3.3 Results and Discussion
	4.3.4 Additional Results
	4.3.5 Experimental Details
	4.3.6 Summary and Outlook


	5 Diagnostics of Space-Time-Coding Digital Metasurfaces
	5.1 Background and Generalities
	5.1.1 Sparse Regularization and Inverse Modeling
	5.1.2 Compressed Sensing-Based Diagnostics
	5.1.3 Data-Driven Diagnostics via Deep Learning

	5.2 Diagnostics via Orthogonal Codes
	5.2.1 Theory and Modeling
	5.2.2 Results and Discussion
	5.2.3 Additional Results
	5.2.4 Experimental Details
	5.2.5 Summary and Outlook

	5.3 Diagnostics via Non-Uniform Modulation
	5.3.1 Proposed Approach
	5.3.2 Results and Discussion
	5.3.3 Experimental Details
	5.3.4 Summary and Outlook

	5.4 Diagnostics via Uniform Modulation
	5.4.1 Theory and Modeling
	5.4.2 Optimization Criterion
	5.4.3 Results and Discussion
	5.4.4 Additional Results
	5.4.5 Experimental Details
	5.4.6 Summary and Outlook


	6 Conclusions

	Appendices
	A Deep Learning in Electromagnetics
	A.1 Background and Generalities
	A.1.1 Fully Connected Neural Network
	A.1.2 Back-Propagation Algorithm

	A.2 Representative Examples
	A.2.1 Multilayer Perceptron
	A.2.2 Convolutional Neural Networks
	A.2.3 Recurrent Neural Networks
	A.2.4 Deep Generative Models
	A.2.5 Optimization Leveraging Deep Learning Algorithms

	A.3 Some Remarks
	A.4 Summary and Outlook

	Bibliography
	Colophon


