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ABSTRACT: In this paper, a new method is proposed for failure diagnosis of programmable metasurfaces, which jointly uses the single-
point measurement strategy and Bernoulli-Gaussian (BG) prior. Specifically, leveraging the dynamic tuning property of programmable
metasurfaces, the radiated fields is measured with a single fixed probe, therefore reducing the time and error of the measurement process.
Moreover, the BG prior inherent in the programmable metasurface under test is exploited during the reconstruction process in order to
perform the diagnosis with a small number ofmeasurements without resorting to prior knowledge of the radiation pattern of the failure-free
programmable metasurface. The accuracy, efficiency, and robustness of the proposed method are verified through a set of representative
numerical experiments, where the results are compared with those from existing diagnostic methods.

1. INTRODUCTION

With their extraordinary ability for electromagnetic manip-
ulation, programmable metasurfaces have been widely

adopted in millimeter-wave imaging [1], satellite communica-
tions [2], biomedical diagnostics [3], and wireless communi-
cations [4]. Typically, programmable metasurfaces consist of
massive resonant elements. Due to hardware constraints and
deployment environments, however, these resonant elements
are likely to fail. Ref. [5] pointed out that about 4.4% of the
total number of elements could fail within a year of continu-
ous operation. Such a failure rate will significantly distort the
radiation pattern of the programmable metasurface, thereby af-
fecting the overall system performance. Hence, it is critical to
diagnose programmable metasurfaces for their effective opera-
tion.
In general, such a diagnostic problem can be formulated as a

linear inverse one. Unfortunately, to obtain reliable results, tra-
ditional linear inversion methods such as the least square (LS)
method usually require a large number of measurements, which
substantially increases the time cost [6].
According to compressive sensing (CS) theory, the sparsity

of the signal can be exploited to reduce the number of mea-
surements required to ensure robust recovery. In fact, the num-
ber of faulty resonant elements is usually much smaller than
the total number of resonant elements. One may use the dif-
ferential strategy to take advantage of the sparsity of failures
and convert the original diagnostic problem into a sparse signal
recovery problem [7–9]. However, employing the differential
strategy requires prior knowledge of the radiation pattern of the
failure-free programmable metasurface [10, 11]. This will limit
the applicability of CS-based diagnostic techniques.

* Corresponding author: Fang-Fang Wang (wangff@njupt.edu.cn).

In recent years, deep learning has emerged as a powerful
paradigm for failure diagnosis [12]. However, these methods
typically require large volumes of high-quality paired data for
training, and their generalizability and interpretability remain
active areas of research.
As noted in [13], in outdoor environments, metal patches on

programmable metasurfaces are often blocked by particles such
as snowflakes, ice, and both dry and damp sands. Such block-
ages can be categorized into two types, namely, partial blockage
or complete blockage. Any types of blockages may lead to sig-
nal power loss which is usually represented by the amplitude at-
tenuation coefficient. Ref. [13] stated that the amplitude atten-
uation coefficient is zero when the complete blockage happens.
Otherwise, the amplitude attenuation coefficient is nonzero. In
addition to the signal power loss, there is another type of failure,
i.e., the phase error, for programmable metasurfaces. Usually,
phase error is a random variable and can be assumed to follow a
Gaussian distribution. Therefore, the overall fault will exhibit
a Bernoulli-Gaussian (BG) distribution.
The model-based CS theory, an extension of the conven-

tional CS theory, suggests that the inherent structure of the sig-
nal can also be leveraged to achieve stable recovery from com-
pressive measurements [14]. In such a way, instead of relying
on prior knowledge of the radiation pattern of the failure-free
programmable metasurface to formulate the original problem
into a sparse signal recovery one, we here directly take ad-
vantage of BG prior to ensure robust diagnostic performance
when the measurements are limited. Specifically, a full prob-
abilistic model representing such a priori information is estab-
lished in the framework of Bayesian. Then, a low-complexity
Bayesian inference strategy is implemented by combining vari-
ational expectation maximization (EM) algorithm and general-
ized approximate message passing (GAMP) technique.
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Although the diagnostic technique with the BG prior reduces
the necessary number of measurements without resorting to
prior knowledge of the radiation pattern of the failure-free pro-
grammable metasurface, it still require measurements to be col-
lected at multiple positions [15]. In this work, taking into ac-
count the dynamic tuning property of the programmable meta-
surface, its radiated fields are measured with a single fixed
probe, thereby reducing themeasurement time and avoiding po-
tential errors due to probe movement.
In our earlier work, the concept of BG prior was first used

for high-frequency electromagnetic imaging of metallic reflec-
tors [16] and then introduced into the regular array failure di-
agnosis [17]. However, the differential strategy and multi-
position measurement procedure were required in our previ-
ously proposed array failure diagnosis method. Besides, our
previous work only considered the case of on-off faults. In this
paper, the BG prior is directly incorporated into the failure di-
agnosis of programmable metasurfaces to avoid the differential
strategy, and multi-position measurement process is not neces-
sary in this work. Moreover, both amplitude attenuation and
phase error due to malfunctioning are considered. As such, the
technique proposed in this paper provides a powerful approach
for onsite, high-efficiency, and high-accuracy diagnosis of pro-
grammable metasurfaces.
The remainder of this article is organized as follows. In

Section 2, we briefly formulate the diagnostic problem of pro-
grammable metasurfaces. The proposed method is then intro-
duced in Section 3. To verify the effectiveness of the proposed
method, simulation results are provided in Section 4, followed
by conclusions in Section 5.

2. MATHEMATICAL FORMULATION
As shown in Fig. 1, let us consider a programmablemetasurface
composed ofM uniformly spaced resonant elements along the
x-axis and N uniformly spaced resonant elements along the y-
axis. Then, the total number of resonant elements is L = M ×
N . For a specific coding configuration, the far-field measured
at a fixed observation point P can be expressed as [18]

yk =
∑
m

∑
n

bmne
j∆φmn

FIGURE 1. Geometry of the programmable metasurface.

ej{φ
(k)
mn+β(m− 1

2 )D sin θp cosϕp+β(n− 1
2 )D sin θp sinϕp} (1)

where 0 ≤ bmn ≤ 1 represents the amplitude attenuation coef-
ficient expressed as

bmn =

{
zero with probability 1− η

nonzero with probability η
(2)

where 1 − η is the probability that a complete blockage hap-
pens. And, −π ≤ ∆φmn ≤ π denotes the phase error due to
malfunctioning. Besides, θp and ϕp are the elevation and az-
imuth angles of the fixed observation point, respectively; D is
the periodicity of the resonant elements, set to half the wave-
length at the operating frequency; β is the wavenumber; and
φ
(k)
mn is the predesigned discrete phase response associated with

the (m,n)th resonant element of the kth coding configuration.
While the half-wavelength periodicity suppresses mutual

coupling and justifies its omission in our model, this effect may
degrade performance in denser arrays. Therefore, developing
methods to explicitly incorporate coupling effects represents a
critical direction for future research.
Suppose thatK coding configurations are performed and that

themeasurements at the fixed observation point are stacked into
the vector ỹ = [y1, · · · , yK ]

T , then the signal model becomes

ỹ = Ã
(
b̃⊙ d̃

)
(3)

where b̃ = [b11, · · · , bMN ]T , d̃ = [ej∆φ11 , · · · , ej∆φMN ]T ,
operator ⊙ represents the Hadamard product, and Ã denotes
the measurement matrix expressed as

Ã =


e
j
{
φ

(1)
11 +c11

}
. . . e

j
{
φ

(1)
MN+cMN

}
...

. . .
...

e
j
{
φ

(K)
11 +c11

}
. . . e

j
{
φ

(K)
MN+cMN

}

 (4)

with

cmn = β

(
m− 1

2

)
D sin θp cosϕp

+β

(
n− 1

2

)
D sin θp sinϕp. (5)

Since matrix Ã, vector ỹ, and d̃ are complex, separating the
real part and imaginary part of them, Eq. (3) is converted to

y = Ax (6)

with

x = b⊙ d (7)

b =

[
b̃
b̃

]
(8)

d =

[
Re(d̃)
Im(d̃)

]
(9)
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A =

[
Re(Ã) −Im(Ã)
Im(Ã) Re(Ã)

]
(10)

y =

[
Re(ỹ)
Im(ỹ)

]
(11)

where Re(·) and Im(·) represent operators that return the real
and imaginary parts, respectively.
Obviously, the goal of the diagnostics procedure is to recon-

struct x by inverting the linear model (6). In practice, however,
we want to make as few measurements as possible. Besides,
the number of independent radiation patterns, and hence mea-
surement information is also limited due to the finite Q-factor
of the programmable metasurface. In such a case, the linear in-
version for failure diagnosis of programmable metasurfaces is
ill-posed.

3. METHODOLOGY
It is well known that using a priori knowledge of the un-
knowns can compensate for the lack of measurement informa-
tion, thereby overcoming the ill-posedness of the linear inverse
problem. Since the amplitude attenuation coefficient bmn can
be expressed as Eq. (2), and the phase error∆φmn usually fol-
lows a Gaussian distribution, each entry of x will follow the
BG distribution. In those circumstances, an inversion method
which exploits such a priori information will be used in this
work to deal with the inherent ill-posedness in the failure di-
agnosis of programmable metasurfaces. A brief description of
this method is given below.

3.1. Bayesian Model
Similar to the conventional sparse Bayesian learning (SBL)
framework [19, 20], a prior model is first constructed, i.e.,

p(x) =
∏
l

(1− η)δ (xl) + ηN (xl;µ, ν) (12)

where δ(·) represents the Dirac delta distribution, and µ and ν
are the unknown mean and variance, respectively.
Typically, the measurement data is contaminated by addi-

tive white Gaussian noise (AWGN). Therefore, we can assume
that the noise follows a Gaussian distribution with zero mean
and unknown variance σ2. Then, the likelihood function corre-
sponding to the linear model (6) is expressed as

p(y | x) = N
(
y;Ax, σ2

)
. (13)

3.2. EM-GAMP Framework for Bayesian Inference
In this subsection, a specialized Bayesian inference is derived.
Firstly, in order to yield a computationally efficient Bayesian
inference, the GAMP technique is employed to decouple the
original likelihood function as

p(y | x) ≈
∏
l

N (xl; r̂l, τ
r
l ) (14)

where r̂l and τ rl are obtained through the GAMP algorithm. Let
z = [z1, · · · , z2K ]T = Ax denote the noiseless output and its
posterior can also be approximated using GAMP, i.e.,

p(z | y) ≈
∏
k

p (yk|zk)N (zk; p̂k, τ
p
k ) (15)

where p̂k and τpk are also obtained through the GAMP algo-
rithm. The GAMP is detailed in Algorithm 1, in which jmax
stands for the maximum number of iterations of GAMP; Akl

is the (k, l)th entry of A; x̂l and τxl represent the mean and
variance of xl; ẑk and τzk denote the mean and variance of zk,
respectively.
On the basis of the prior model (12) and decoupled likeli-

hood function (14), the variational EM approach is then used to
deduce the posterior distribution of x, i.e.,

q(x) ∝ exp (⟨ln(p(x)p(y | x))⟩) (16)

where ⟨·⟩ denotes the operator of the mathematical expectation.
Also, the parameters {η, µ, ν, σ} of the Bayesian model are up-
dated in the variational EM algorithm, i.e.,

{η, µ, ν, σ} = arg max
{η,µ,ν,σ}

⟨ln(p(x)p(y | x))⟩ . (17)

For simplicity, the posterior distribution of x and update rules
for {η, µ, ν, σ} are directly given by (details of the derivation
can be found in [16])

q(x) =
∏
l

(1− πl)δ(xl) + πlN (xl; γl, υl) (18)

with

πl =
1

1 +

(
η

1−η

N(r̂l;µ,τr
l +ν)

N(r̂l;0,τr
l )

)−1 (19)

γl =
r̂lν + τ rl µ

τ rl + ν
(20)

υl =
τ rl ν

τ rl + ν
(21)

and

η =
1

2L

∑
l

πl (22)

µ =
1

2ηL

∑
l

πlγl (23)

ν =
1

2ηL

∑
l

πl

(
|µ− γl|2 + υl

)
(24)

σ2 =
1

2K

∑
k

(
|yk − ẑk|2 + τzk

)
. (25)

Since the posterior distribution of x is obtained, which also fol-
lows the BG distribution, the mean and variance of each entry
of x can be given by

x̂l = πlγl (26)
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τxl = πl

(
υl + (γl)

2
)
− (πl)

2(γl)
2. (27)

In summary, the whole Bayesian inference procedure iterates
between the GAMP algorithm and variational EM algorithm. If
the maximum number of iterations of EM (denoted as imax) is
reached, the final result is output. This EM-GAMP framework
for Bayesian inference is detailed in Algorithm 2. The com-
putational complexity of this EM-GAMP framework is domi-
nated by the GAMP algorithm. Thus, the total computational
complexity of the EM-GAMP framework is O(imaxjmaxKL).

4. NUMERICAL RESULTS
In this section, the performance of the proposed method which
exploits the BG prior (referred to as the BG method) is evalu-
ated and compared with that of the LS and CS methods. The
Bayesian compressive sensing (BCS) as a traditional CS algo-
rithm is applied in this work. Experiments are conducted on a
1-bit 20 × 20 programmable metasurface with the central fre-
quency at 12.5GHz [21]. Besides, the element periodicity is
half of the wavelength corresponding to the central frequency,
leading to 240× 240mm2 of the aperture. Faulty elements are
assumed to be randomly distributed. Unless explicitly stated
otherwise, the failure rate is set to 5%. In addition, the eleva-
tion and azimuth angles of the probe are fixed to θp = π/4,
ϕp = π/4, respectively. In order to quantify the diagnostic
performance, the relative model error (RME) is calculated as

RME = 10 log
(
∥x′ − x∥22 / ∥x∥

2
2

)
(28)

where x′ is the reconstructed vector.
We first evaluate the diagnostic performance of the three

methods when the signal-to-noise ratio (SNR) is 50 dB and
15 dB, respectively. The qualitative results are shown in Figs. 2
and 3. Here, we define the compression ratio as the ratio of the
number of measurements K to the total number of elements
L and set it to 0.9 in this instance. In the figures, the squares
outlined by red borders represent the faulty elements. At high
SNR, the performance of the BG method closely aligns with
that of the BCSmethod and is superior to that of the LSmethod.

At low SNR, the diagnostic accuracy of the proposed method
is much higher than the others.
Table 1 lists the RMEs corresponding to Fig. 2 and Fig. 3.

It can also be concluded that the proposed method has higher
diagnostic accuracy regardless of whether the SNR is high or
low. Fig. 4 displays the curves of the RMEs computed by LS,
BCS, and BG across various SNRs ranging from 5 dB to 60 dB.
With the increase of SNR, the RMEs of all three methods de-
crease. Furthermore, at different noise levels, RMEs of the BG
method consistently outperform those of the LS and BCSmeth-
ods, demonstrating its superior performance.

TABLE 1. RMEs corresponding to Figs. 2 and 3.

LS BCS BG
50dB −10.0823 −29.6885 −49.2763

15 dB −4.3406 −2.2300 −17.9361

To study the impact of the number of measurements on
the performance of the diagnostic method, RMEs of the BG
method, LS method, and BCS method are calculated with dif-
ferent compression ratios as shown in Fig. 5, the RME curves
have a steep drop and then tend to be stable. The steep drop oc-
curs earlier for the proposed BG method, which indicates that
this method can achieve the desired diagnostic accuracy with
fewer measurements. As an example, Fig. 6 displays diagnostic
results of the threemethodswith compression ratioK/L = 0.5.
It is noted that the proposed diagnostic method maintains

100% accuracy despite imperfect parameter estimation under
low SNR or compression ratios. This performance is achieved
by a decision-making step: a meta-atom is classified as faulty
only if its recovered amplitude attenuation or phase error sur-
passes a predefined tolerance threshold.
To test the impact of the number of faults on the performance

of the diagnostic method, we plot the RME against failure rate
(i.e., the ratio of the number of faults to the total number of
elements), while keeping an SNR of 50 dB and a compression
ratio of 0.9 or 0.5. Here, a comparison is also made with ex-
isting programmable metasurface diagnostic methods, such as
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(a) (b)

(c) (d)

FIGURE 2. Actual profile and diagnosis results with compression ratioK/L = 0.9 and SNR = 50 dB. (a) Actual profile, (b) LS, (c) BCS, (d) BG.

(a) (b)

(c) (d)

FIGURE 3. Actual profile and diagnosis results with compression ratioK/L = 0.9 and SNR = 15 dB. (a) Actual profile, (b) LS, (c) BCS, (d) BG.

FIGURE 4. RME versus SNR. FIGURE 5. RME versus compression ratioK/L.
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(a) (b)

(c) (d)

FIGURE 6. Actual profile and diagnosis results with compression ratioK/L = 0.5. (a) Actual profile, (b) LS, (c) BCS, (d) BG.

FIGURE 7. RME versus failure rate. FIGURE 8. Influence of the probe position on the diagnostic result of the
proposed method.

lasso-ADMM [7]. Since the LS method does not yield an ac-
ceptable result, we will no longer show its results.
As shown in Fig. 7, with K/L = 0.9, all three methods are

robust against the number of faulty elements, while the pro-
posed BGmethod achieves the minimal diagnostic errors at any
failure rate. With K/L = 0.5, the performance of BCS and
lasso-ADMM is severely degraded, while the proposed method
is still feasible at low failure rates. Compared with the re-
sults in [11], we find that the robustness against the number of
faulty elements of our proposed method is not as good as that
of the conjugate gradient complex soft threshold (CG-CST) al-
gorithm. However, the computational complexity of each iter-
ation of CG-CST is O(KL3). For large L, this is far greater
than O(jmaxKL), the complexity of one iteration of our pro-
posed method.
The effect of the choice of the probe position is also dis-

cussed. Some researchers have pointed out that the closer the
probe is to the main lobe of the array antenna beam, the higher
the diagnostic accuracy is, while for programmable metasur-

faces, as stated in [22], the far-field pattern of a random cod-
ing configuration is also randomly distributed. Therefore, the
choice of the probe position usually does not affect the diag-
nosis of the programmable metasurface. However, the perfor-
mance of the proposed method is related to the measurement
matrix. When the azimuth angle of the probe is set to 0 or π, the
randomness or independence of the measurement matrix may
not be satisfied, resulting in the deterioration of the diagnostic
performance of the proposed method. The simulation results of
the proposed method under different probe positions are shown
in Fig. 8, which proves this point.
Last, we compare the diagnostic performances of the BG

method with and without the differential strategy. In this pa-
per, our aim is only to locate the faulty elements. As a con-
sequence, the results presented in Fig. 9 prove that the BG
method yields similar diagnostic performance at noise levels
higher than 15 dB whether the differential strategy is used or
not. In addition, as illustrated in Fig. 10, while the differential
strategy is advantageous in reducing the compression ratio, the
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FIGURE 9. RMEs of the BG method at different noise levels with and
without the differential strategy.

FIGURE 10. RMEs of the BG method at different compression ratios
with and without the differential strategy.

BG method can still achieve a compression ratio of 0.5 even
without utilizing the differential strategy.

5. CONCLUSION
This paper proposes a new method for detecting failures of
programmable metasurfaces by combining a single-point mea-
surement strategy and a BG prior. Leveraging the single-point
measurement strategy has led to significant reductions in both
measurement time and error. In addition, the utilization of the
BG prior has effectively addressed the ill-posedness of the fail-
ure diagnosis problem, thus achieving a low compression ra-
tio without relying on prior knowledge of the radiation pattern
of the failure-free programmable metasurface. The proposed
approach also exhibits high accuracy and has good robustness
against noise, probe position, and failure rate.
In fact, programmable metasurfaces are usually large, and

hence the measurements of their patterns will probably hap-
pen in the near field. Besides, real-world systems exhibit addi-
tional complexities and uncertainties that are not fully captured
in our simulations. Bridging the gap between simulation and
reality will pave the way for successful implementation of the
proposed method in real-world scenarios. Thus, measurement
verification will be conducted in the future to further identify
potential challenges or limitations of our proposed method.
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