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Abstract

This paper presents a novel technique for the diagnosis of faulty elements in phased array
antennas. By exploiting the inherent steering diversity of phased arrays, the proposed
approach overcomes the limitations imposed by truncation errors in the standard near-field
Back-Transformation Method (BTM). Specifically, by reorganizing the spectra associated
with each steering direction into a unified domain and leveraging data redundancy, the
method effectively denoises the measurements and recovers a reliable bandwidth over the
entire visible domain. Finally, an extensive Monte Carlo numerical analysis demonstrates
the feasibility and enhanced accuracy of the proposed technique, highlighting its capability
to achieve a high probability of detection with respect to the classical single-view approach.

Keywords: antenna diagnostics; fault detection; near-field measurements; CFAR; phased
array antennas; steering diversity; truncation error

1. Introduction
Phased array systems are fundamental to a wide range of fields, including radar, satel-

lite, automotive, and wireless communications [1–5]. However, due to the large number of
radiating elements they typically integrate, the occurrence of faults that compromise the ar-
ray’s nominal functionality is inevitable. To successfully restore the array’s performance [6]
and guarantee that each element radiates according to its design specifications [7,8], defec-
tive elements must be localized using accurate diagnostic procedures [9–19]. To perform
such diagnostics, near-field (NF) measurement techniques are often preferred over far-field
(FF) approaches [20]. NF setups require significantly reduced spatial footprints, allow-
ing operations to proceed within controlled environments (e.g., anechoic chambers) and
effectively overcoming the logistical challenges associated with the extreme distance or
mechanical rotation of large-scale arrays [21]. While NF scanning can be generally classified
into planar [22], cylindrical [23], or spherical configurations [24], each offering distinct
advantages depending on the antenna under test (AUT), this paper focuses specifically on
planar scanning.

From a mathematical point of view, array diagnostics requires solving the inverse
problem of recovering the complex excitation coefficients from the measured field. Since
the nominal positions of the radiating elements are assumed to be known, this problem
is typically cast as a linear inversion. To address this in planar configurations, the most

Electronics 2026, 15, 3387 https://doi.org/10.3390/electronics15153387

https://crossmark.crossref.org/dialog?doi=10.3390/electronics15153387&domain=pdf&date_stamp=2026-08-01
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/electronics
https://www.mdpi.com
https://orcid.org/0000-0001-5222-4864
https://orcid.org/0000-0003-1808-4671
https://orcid.org/0000-0002-7592-9223
https://orcid.org/0000-0003-3332-9075
https://orcid.org/0000-0001-6675-7290
https://orcid.org/0000-0002-9266-5880
https://doi.org/10.3390/electronics15153387


Electronics 2026, 15, 3387 2 of 19

common and classical approach is by far the Back-Transformation Method (BTM) [25]. By
exploiting the plane-wave spectrum (PWS) representation, the BTM utilizes Fast Fourier
Transform (FFT) for the efficient backward propagation of the measured field to the array
aperture. Indeed, the FFT-based nature of the BTM guarantees unparalleled computational
speed, making it highly attractive for the rapid diagnostics of arrays. Ideally, the radiated
NF should be collected over an infinite plane. However, physical implementations are in-
herently restricted to scanning a finite measurement domain. Due to the truncated domain,
the PWS is considered reliable exclusively within a restricted spectral region bounded by
the valid angle (VA) [26] that is linked to the key parameters of the NF setup, namely, the
observation domain extent, the antenna size, and their relative distance. Because of this VA
restriction, the BTM suffers a significant degradation in spatial resolution. Therefore, iso-
lated faults are generally hidden by the reconstruction of the correctly functioning elements
adjacent to them. To limit the degrading effects of a finite measurement aperture and thus
counteract the resulting loss in spatial resolution, several strategies have been investigated
in the literature to improve diagnostic accuracy [27–29]. Some methods starting from NF
data derive equivalent currents on a fictitious surface by directly inverting the pertinent
integral equations [20]. Other techniques attempt to extrapolate the NF data outside the
physical measurement aperture [30,31] or mathematically prolong the radiation pattern
beyond the region where it is considered reliable according to the VA [32]. Furthermore,
super-resolution techniques are frequently employed to enhance spatial resolution and
overall reconstruction fidelity [33,34]. In this work, however, we follow a fundamentally
different paradigm. Since the antenna under test is a phased array, we can rely on its
inherent beam-steering capabilities to introduce an additional degree of data diversity,
beyond the purely spatial one [35,36]. By systematically varying the electronic steering
angle, near-field data are sequentially recorded across multiple scanning directions. This
multidimensional acquisition intrinsically enriches the informational content available for
diagnostics compared to conventional, single-view measurement setups. To strategically
leverage this richer dataset and counteract the spatial truncation, rather than adopting
more complex inversion schemes, and preserve the computational speed provided by the
FFT, we modify the standard BTM algorithm. Specifically, the multi-view spatial spectra are
mapped and fused onto a unified one-dimensional spectral domain. This joint processing
achieves a significant spectral broadening, directly mitigating the valid angle limitation and
restoring the degraded spatial resolution. Furthermore, the intrinsic spectral redundancy
provided by different steering is successfully exploited to average out the background noise,
yielding a powerful denoising effect. Finally, an extensive Monte Carlo analysis is presented
to demonstrate that steering diversity significantly improves the overall reconstruction
accuracy of the excitation coefficients compared to classical BTM. This enhancement trans-
lates directly into superior fault detection, as demonstrated through the use of an adaptive
OS-CFAR detector adapted from the radar literature [37]. The remainder of this paper
is organized as follows. Section 2 reviews the mathematical formulation of the classical
BTM and the geometric limitations of single-view diagnostics. Section 3 introduces the
multi-steering strategy, detailing the proposed approach. Section 4 presents the numerical
validations, including the application of the OS-CFAR detector, to support the theoretical
findings. Finally, concluding remarks are provided in Section 5.

2. Back-Transformation Method
Let us consider the measurement setup shown in Figure 1, consisting of a linear array

of N radiating elements and the AUT, deployed over a rectilinear source domain SD =

[−Xs, Xs]. The array elements is located at rn = (xn, 0, 0). The radiated field is collected
at observation points r0 belonging to a finite linear observation domain OD = [−X0, X0],
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which is parallel to SD. The observation domain is situated in the near-field region, at a
distance z0 > λ from the source array. Consequently, the radiated electric field vector can
be expressed as

E(r0) =
N

∑
n=1

G(r0, rn)cn (1)

where cn is the n-th complex excitation coefficient of the array and

G(r0, rn) =
e−jk|r0−rn |

|r0 − rn|
f(r0, rn), (2)

with k = 2π/λ denoting the wavenumber and f(r0, rn) the element factor. In a realistic
array, mutual coupling and finite-size effects are typically addressed by substituting the
ideal element factor with the active embedded element pattern. Assuming that an ideal
probe collects only a single field component tangential to the x − y plane, Equation (1)
reduces to the scalar relationship

Et(r0) =
N

∑
n=1

Gt(r0, rn)cn, (3)

where Et(r0) denotes either the x or y component of the field and Gt(r0, rn) incorporates the
corresponding component, ft(r0, rn), of the element factor. The array diagnostics problem
aims to detect element failures by retrieving the excitation coefficients from near-field
measurements acquired over OD. To achieve this goal, the principal and most widely
adopted diagnostic approach in the literature for conventional (non-phased) arrays is
the Back-Transformation Method (BTM), which relies on the plane-wave spectrum (PWS)
expansion of the radiated field [25]. Let Êt(kx, ky, z0) denote the plane-wave spectrum
(PWS) of the tangential field at the measurement aperture z = z0, where kx and ky are the
spatial frequency variables. The spatial field distribution can be expressed as

Et(x, y, z0) =
1

(2π)2

∫ ∞

−∞

∫ ∞

−∞
Êt(kx, ky, z0)e−j(kx x+kyy)dkxdky (4)

where kz =
√

k2 − k2
x − k2

y is the longitudinal wavenumber. Since the spectrum propagates
according to

Êt(kx, ky, z0) = Êt(kx, ky, 0)e−jkzz0 , (5)

the estimated excitation coefficients, ĉn, can be recovered by compensating for the propaga-
tion phase shift and the element factor. This yields

ĉn =
∫ ∞

−∞

∫ ∞

−∞

kzejkzz0

ft(kx, ky)
Êt(kx, ky, z0)e−j(kx xn+kyyn)dkxdky (6)

As evident from (6), retriving the excitation coefficients via the BTM requires com-
puting two Fourier transformations: a forward transform to evaluate the field PWS and
an inverse transform to achieve back-propagation. This procedure can be efficiently im-
plemented using Fast Fourier Transform (FFT) algorithms, making the method highly
attractive due to its low computational burden. In practical scenarios, as will be assumed
throughout this paper, the field is sampled at λ/2 step. This sampling step effectively
restricts the spectral band to the visible domain, filtering out the evanescent contributions.
Crucially, restricting the spatial spectrum implicitly regularizes the inherently ill-posed
inverse problem of retrieving the coefficients cn from the field measurements. The ill-
posedness is clearly visible in the back-propagation operator: the exponential term e−jkzz0

https://doi.org/10.3390/electronics15153387

https://doi.org/10.3390/electronics15153387


Electronics 2026, 15, 3387 4 of 19

diverges for non-visible spatial frequencies (i.e., k2
x + k2

y > k2). However, it is important to
remark that the estimate provided by (6) does not coincide with the optimal least-squares
solution. This is a direct consequence of the finite measurement domain. Consequently,
the PWS is affected by the so-called truncation error, meaning it is physically reliable only
within a restricted spectral region [−kvalid, kvalid]. Geometrically, this region corresponds to
a limited angular sector bounded by the valid angle (VA) [26]:

θvalid = tan−1
(

Xo − Xs

z0

)
, (7)

which depends on the extents of the observation and source domains, as well as the distance
between them. To overcome the limitations imposed by a finite measurement aperture,
the intrinsic flexibility of a phased array can be exploited. As detailed in the following
section, by leveraging additional field measurements acquired at different steering angles,
the proposed multi-steering approach effectively deals with truncation errors, significantly
improving the overall current reconstruction.

z

x

rn

−Xs

Xs SD

r0

−X0

X0
OD

z0

|r0 − rn|

Figure 1. Geometry of the problem.

3. Steering Diversity-Based Diagnostic Framework
Let us examine the advantages offered when a phased array is under test with respect

to a conventional array configuration. A phased array allows the electronic steering of
the main beam across the field of view, introducing an additional degree of data diversity,
beyond the purely spatial one. This steering diversity suggests that the diagnostic stage
can in principle benefit from a richer dataset than what a single fixed configuration would
provide. In this configuration, the radiated field is collected on OD at M spatial locations
for L distinct steering angles.

The steering angles span the angular domain AD = [−θA, θA]; thus, for the l-th angle
θl , the field takes the form

Et(r0, θl) =
N

∑
n=1

Gt(r0, rn) ejkxn sin θl cn (8)
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Basically, each steering configuration thus yields a measurement vector of length
M, and stacking the L such vectors column-wise produces the data matrix Et ∈ CM×L.
In principle, the standard BTM could be independently applied to each column of the
data matrix, as each corresponds to a single isolated view. While the steering phase term
simply translates the main beam of the PWS for each view, the physical measurement
geometry remains unchanged; consequently, every single view inherently suffers from
the exact same truncation error. Therefore, a processing approach that jointly considers
all spectra is necessary to leverage the additional information provided by the steering
diversity. To this end, we first compute the PWS for each column of the data matrix and
compensate for the element factor. Note that at this stage, realistic effects, such as mutual
coupling and eventually steering-dependent effects, can be taken into account within the
active element pattern and properly compensated for. Moreover, if required, standard
spectral probe-compensation techniques can be seamlessly integrated at this stage. By
dividing the measured spectrum by the known plane-wave spectrum of the probe, the field
is equalized before applying our multi-view mapping, without altering the core algorithm.
The resulting vectors can then be arranged into a matrix H ∈ CP×L, whose (p, l)-th entry is
given by

H(kxp , ksl ) =
N

∑
n=1

cnej(kxp−ksl )xn = H(kxp − ksl ) (9)

where P represents the number of points over which the variable kx ∈ [−k, k] is discretized
and ksl = k sin θl . Observing the right-hand side of (9), it is evident that H depends on the
difference kxp − ksl . By introducing the new variable u(p, l) = kxp − ksl , we can rewrite (9)
for each value uq as

H(uq) =
N

∑
n=1

cnejuqxn , (10)

where explicit dependencies are omitted for notational simplicity. It can be observed that
the right-hand side resembles a one-dimensional Fourier transform in the u-variable. Yet,
from a dimensional standpoint, this 1D transform is linked to a matrix, representing a
2D dataset. Consequently, we need to map the 2D data onto a 1D structure, enabling the
reconstruction of the coefficients through an inverse Fourier transform in the u-domain. To
perform this mapping, we note that since the l-th steering angle shifts the PWS by ksl , the
information obtained in the u-variable covers the spectral domain ranging from −k − ksl to
k − ksl . This suggests that the PWS data associated with different steering angles overlap
across their corresponding intervals in the u-domain. Consequently, there exist sets

Iq = {(p, l) : kxp − ksl = uq} (11)

with a cardinality Nq > 1. This implies that multiple (p, l) pairs map to the same value
uq, resulting in inherent data redundancy. As is well established in the literature, such
redundancy can be leveraged to mitigate the effects of noise [38]. In particular, we can
simultaneously achieve the desired 1D mapping and a denoising effect by summing the
data points corresponding to the same uq and averaging over the number of redundant
entries, Nq, as follows:

H1D(uq) =
1

Nq
∑

p,l∈Iq

H(kxp − ksl ), (12)

where H1D is the 1D spectrum in the u variable that we are looking for. Naturally, the
extent of this denoising effect depends on the number of overlaps, which is tied to the
number of steering angles and, in turn, determined by the available phase shifter states. In
addition to this noise reduction, we achieve a significant broadening of the spectral range
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with respect to the visible domain as the variable u spans the interval [−k − ksL , k + ksL ]. In
principle, this spectral expansion could lead to an improvement in resolution compared
to the single-view case. However, from a practical diagnostic standpoint, our interest
is exclusively focused on the visible region, corresponding to the spectral support u ∈
[−k, k]. Unfortunately, the main drawback of the proposed overlapping procedure is that it
combines each individual spectrum over the visible region, thereby including data from
beyond the valid angle. Merging trustworthy spectral data with unreliable portions leads to
a negligible improvement in overall performance. To overcome this problem, the spectrum
associated with each single view must be filtered to retain only the valid angle region before
computing the average. Accordingly, the equation is modified as

HW1D(uq) =
∑p,l∈Iq H(kxp − ksl )W(p)

∑p∈Iq W(p)
, (13)

where W(p) is a binary window function used to filter out the spectral components falling
outside the valid angle region. It is defined as

W(p) =

1, if |kxp | ≤ kvalid

0, otherwise

Finally, by restricting the spectrum in the u-domain to the interval [−k, k], the coeffi-
cients cn can be retrieved by computing the inverse Fourier transform of

HW1D(uq) =
N

∑
n=1

cnejuqxn . (14)

The flowchart in Figure 2 summarizes the steps of the proposed algorithm. A few
remarks are in order. First, the maximum steering angle is inherently limited by the
valid angle. Indeed, steering beyond this threshold would shift the main lobe of the PWS
outside the [−kvalid, kvalid] region, causing it to be truncated when the window is applied.
Consequently, by combining the valid angle restriction with the maximum permissible
steering, the widest achievable spectral band spans from −2kvalid to 2kvalid. Thus, to
successfully cover the entire [−k, k] interval, the system configuration must guarantee a
kvalid of at least k/2. However, highly restricted measurement setups (i.e., Xo ≈ Xs) can lead
to geometries where kvalid < k/2. While such extreme edge cases are generally avoided in
standard near-field acquisitions, a robust diagnostic tool must still account for them. In
these restricted scenarios, reaching full coverage of the [−k, k] spectrum strictly requires a
controlled trade-off, which inherently makes the operating condition sub-optimal.

Specifically, to overcome the geometric bottleneck, we enforce a maximum steering of
π/6 (corresponding to k/2) and redefine the window function W as follows:

W(p) =

1, if |kxp | ≤ max(k/2, kvalid)

0, otherwise
(15)

Although relaxing the rigorous valid-angle bound inevitably introduces a slight truncation
error, this conservative strategy ensures that the reconstructed spectrum remains reliable
over a significantly broader region compared to the standard single-view case.
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Input:
Data matrix Et ∈ CM×L

containing the data collected
at L different steering angles

Compute the PWS via Forward
FFT for each steering direction

and compensate element
factor to yield the matrix H

Filter the spectral components
falling outside the Valid

Angle region and map the
spectra to the u-domain

Summing and averaging
the overlapping spectra

Unified spectrum HW1D

Calculate the Inverse FFT
of HW1D spectrum over

the visible region [−k, k]

Output:
Excitation Coefficients ĉ

Figure 2. Flowchart of the proposed steering diversity-based diagnostic framework.
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Second, in realistic scenarios, phase-shifter states deviate from their nominal values
due to hardware non-idealities, which introduce both amplitude imbalances and phase
uncertainties. The amplitude imbalances act as uncorrelated amplitude noise across the
L different views. By design, our algorithm straightforwardly addresses this issue, as
the averaging performed over the redundant overlapping regions effectively mitigates
these amplitude deviations. Conversely, phase deviations present a more challenging issue.
Although the nominal values of the shift parameters ksl are known, actual phase errors
manifest as a global beam squint, causing the plane wave spectrum (PWS) to shift to a non-
nominal position. If the nominal shift parameters were blindly applied during the mapping
phase in the u-domain, the spectral maxima associated with each PWS would misalign.
This would inevitably lead to an incoherent summation of the spectra and significant
reconstruction errors. However, the proposed framework is intrinsically resilient to these
phase inaccuracies. Since each shifted PWS is computed directly from the measured near-
field data, the true steering direction of each spectrum corresponds to its global maximum.
Therefore, the actual ksl can be extracted directly from the measured data by locating
these spectral peaks. In this regard, the reorganization of the spectra in the u-domain
acts as a self-calibrating, data-driven approach. By utilizing these empirically derived
maxima rather than the nominal phase-shifter states, the spectral reorganization achieves
perfect alignment. Finally, regarding computational complexity, the overall burden depends
primarily on the number of steering angles. Specifically, the proposed procedure requires
L + 1 Fourier transforms: L forward FFTs to compute the shifted spectra, followed by a
single inverse FFT (IFFT) to retrieve the final excitation coefficients.

4. Numerical Results
This section presents a numerical analysis to evaluate the performance of the proposed

diagnostic approach. As a first representative example, we consider a linear phased array
of N = 41 x-oriented dipoles. The array is uniformly spaced at λ/2 over a support length
of Xs = 10λ. The radiated field is collected in the observation domain (OD) over M = 73
measurement points, spanning a length of X0 = 18λ at a distance of z0 = 7λ. In this
configuration, the valid angle is 48°, which corresponds to kvalid = 0.75k. Therefore, to
ensure reliable spectral coverage across the entire visible region, a maximum steering
angle of at least 14◦ (ksL = 0.25k) is required and was thus selected. Beam steering is
achieved using a 4-bit phase shifter. Among the possible 17 states, L = 5 steering angles
are required to cover the desired steering range AD = [−14◦, 14◦]. In this scenario, the
excitation coefficients follow a Taylor taper with a Side Lobe Level (SLL) of −30 dB and
n̄ = 4. Among these, we assume that N f ault = 5 elements are completely turned off. Finally,
additive White Gaussian Noise (AWGN) is introduced to the data, setting a Signal-to-
Noise Ratio (SNR) of 15 dB. Under these conditions, we compare the reconstructed current
distributions obtained using the standard BTM approach (single view, specifically operating
in the broadside unsteered configuration) with those retrieved by the proposed strategy.
Figure 3 shows the nominal excitation coefficients (panel a) alongside those reconstructed
using both the classical BTM (panel b) and the proposed approach (panel c). As can be
observed, owing to the limited spatial resolution of the standard BTM, the reconstructed
amplitudes of certain faulty elements (indicated by red asterisks) erroneously exceed those
of the functioning, low-excitation elements situated at the array edges. Consequently, these
faults are not correctly identified, leading to false positives. In contrast, this masking effect
is successfully mitigated when applying steering diversity. The current amplitudes are
accurately reconstructed, allowing for the straightforward identification of faulty elements.
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Figure 3. Comparison of the normalized array excitation coefficients: (a) nominal distribution,
(b) classical BTM reconstructions, and (c) reconstructions via the proposed approach. The array
consists of N = 41 x-directed dipoles with a λ/2 spacing over a support Xs = 10λ, and the nominal
state follows a Taylor distribution with an SLL of 30 dB and n̄ = 4.

This representative example highlights the two-fold advantage of the proposed strat-
egy. First, acquiring the minimum required number of steering angles guarantees full
spectral coverage; this effectively mitigates truncation errors and restores the spatial res-
olution needed to pinpoint faults that the single-view approach can miss. Second, the
intrinsic data redundancy provided by the multiple overlapping views acts as a powerful
denoising mechanism, significantly reducing the impact of noise and yielding a highly
accurate reconstruction of the excitation coefficients. To thoroughly highlight how the
proposed approach effectively mitigates the truncation error compared to the classical
BTM, and consequently enhance the reconstruction accuracy, a set of Monte Carlo analyses
were conducted. In the first analysis, the previously defined array setup and observation
distance, z0, were kept constant. Consequently, the truncation error depended solely on
the measurement domain extent, which was set to X0 ∈ {1.2Xs, 1.4Xs, 1.6Xs, 1.8Xs, 2Xs}.
For a fair comparison, for all the values of X0, the maximum steering angle was fixed at
π/6 (yielding L = 9 steering angles), a value chosen to guarantee reliable coverage of the
entire visible region in all cases. It is worth noting that the value X0 = 1.2Xs (yielding
kvalid = 0.272 < k/2) was deliberately chosen to test the algorithm’s performance under
suboptimal conditions.

For each measurement aperture size, the Mean Square Reconstruction Error (MSRE)
was evaluated, defined as

MSRE =
1

Ntrial

Ntrial

∑
i=1

||c(i)− ĉ(i)||, (16)

https://doi.org/10.3390/electronics15153387

https://doi.org/10.3390/electronics15153387


Electronics 2026, 15, 3387 10 of 19

where || · || represents the euclidean norm while c(i) and ĉ(i) denote the actual and recon-
structed excitation vectors during the i-th iteration, respectively. The error was computed
over Ntrial = 1000 independent Monte Carlo iterations.

At each iteration, the positions of Nfault = 9 faulty elements were randomly changed.
Rather than assuming a completely turned off fault, the analysis took into account both am-
plitude and phase defects. Consequently, the actual excitation coefficients were modeled as

cn = cref
n (anejφn), (17)

where cref
n represents the nominal excitation coefficient and an and φn the amplitude and

phase defect respectively. The latter were generated according to

an = 0.2U (0, 1) (18)

and
φn = −π

6
+

π

3
U (0, 1), (19)

where U (0, 1) denotes a uniformly distributed random variable over the interval [0, 1].

Et(r0, θl) =
N

∑
n=1

Gt(r0, rn) gl ej(ks,l+λl)xn cn.

To simulate a realistic phase shifter, each nominal state was affected by an additive
phase uncertainty ϕl and an multiplicative amplitude factor gl , defined as

ϕl = − π

60
+

π

30
U (0, 1), gl = 0.95 + 0.10U (0, 1)

The analysis was repeated across different noise levels: SNR ∈ {10, 15, 20} dB. The
MSREs obtained through the Monte Carlo analysis as a function of the ratio X0/Xs are
summarized in Table 1, while a visual representation of this behavior is provided in Figure 4.
As expected, for a fixed SNR, the MSRE decreases for both procedures as the ratio X0/Xs

increases, owing to the reduction of the truncation error. Furthermore, for a given X0/Xs

ratio, the reconstruction error naturally decreases as the SNR increases. Most importantly,
as can be observed, the MSRE achieved by the proposed approach is consistently lower
than that of the standard BTM across the entire evaluated range of X0/Xs.

Table 1. Reconstruction performance comparison in terms of MSRE between the proposed approach
and the standard BTM as a function of X0/Xs.

SNR (dB) X0/Xs

MSRE (dB)

Proposed
Approach Standard BTM

10

1.2 −15.08 −9.58
1.4 −15.64 −9.83
1.6 −17.47 −9.98
1.8 −18.26 −10.21
2.0 −18.63 −10.33

15

1.2 −19.51 −12.59
1.4 −20.23 −13.11
1.6 −22.17 −13.49
1.8 −22.93 −13.83
2.0 −23.29 −14.08
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Table 1. Cont.

SNR (dB) X0/Xs

MSRE (dB)

Proposed
Approach Standard BTM

20

1.2 −23.52 −14.77
1.4 −24.61 −15.55
1.6 −26.54 −16.09
1.8 −27.11 −16.53
2.0 −27.21 −16.94
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Figure 4. Monte Carlo analysis results: Mean Square Reconstruction Error (MSRE) as a function of
the ratio X0/Xs. The performance of the proposed approach is compared against the classical BTM at
different Signal-to-Noise Ratios (SNRs): (a) 10 dB, (b) 15 dB, and (c) 20 dB.

This holds true even under the suboptimal condition of X0 = 1.2Xs, where, for SNR
values of 10 and 20, the performance is practically identical to the borderline case of
X0 = 1.4Xs, in which kvalid = k/2.

This demonstrates that introducing steering diversity significantly improves the recon-
struction of the entire set of excitation coefficients. However, it is crucial to verify whether
this enhanced accuracy actually translates into better fault identification. To this end, it is
necessary to assess the procedure’s capability to correctly detect faults while minimizing
false alarms.

Consequently, using the same set of Monte Carlo simulations, in addition to the MSRE,
the probability of false alarm (PFA) and the probability of detection (PD) are evaluated.
The latter are defined as

PFA =
1

Ntrial

Ntrial

∑
i=1

FP(i)
N − Nfault

(20)
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and

PD =
1

Ntrial

Ntrial

∑
i=1

FD(i)
Nfault

, (21)

where FP(i) and FD(i) denote the number of false positives and correctly detected faults
during the i-th iteration, respectively.

A fundamental step in computing PD and PFA is establishing a robust criterion to
determine whether a reconstructed coefficient corresponds to a faulty element. To this end,
we can leverage the results presented in [39].

Since the fault-free reference array (the “golden” array) is typically known, it is
possible to compute a difference array to highlight peak-like discrepancies. Denoting the
reconstructing operator by BTM (regardless of whether steering diversity is exploited) as B,
returning the reconstructed coefficients ĉ, this array is defined as

∆c = B(Et − EG
t ) = [ĉ − cproj] (22)

where EG
t is the field radiated by the reference array and the projected reference current,

cproj, is computed as
cproj = B(EG

t ).

It is worth noting that to know the field radiated by the golden array is a common base-
line widely adopted in most diagnostic approaches [40–46]. By formulating the difference
array in terms of the measured reference field, manufacturing tolerances, element-to-
element variations, and static amplitude/phase deviations are intrinsically accounted for
in both reconstructions (ĉ and cproj) and naturally cancel out. Once the difference array is
evaluated, the n-th element is faulty if |∆cn| exceeds a detection threshold Ath. However, as
discussed in [39], applying a fixed global threshold proves highly ineffective, particularly
in the presence of tapered current profiles.

Instead, because the projection operation successfully cancels out the contributions
of the correctly functioning elements, the residual energy in the difference array consists
solely of the faults and background measurement noise. By exploiting this property, the
local noise power can be reliably estimated to maintain a constant probability of false alarm
(PFA). To this end, we adopt an adaptive thresholding approach based on the Order Statistic
CFAR (OS-CFAR). This algorithm operates by sliding a local observation window across
the difference array. For each element evaluated, designated as the Cell Under Test (CUT),
the algorithm considers a set of Nc adjacent training cells. Crucially, these training cells
are separated from the CUT by Ng guard cells symmetrically placed on each side. These
guard cells are excluded from the threshold calculation to prevent the spatial footprint of a
faulty element from contaminating the local noise estimate. Once this protective margin is
established, the algorithm processes the remaining valid window by sorting the amplitude
values of the training cells in ascending order. Rather than averaging these values as in
CA-CFAR, the OS-CFAR selects the p-th value of this sorted list (e.g., the median or a
higher percentile) to represent the noise background. The adaptive threshold Ath is finally
obtained by multiplying this p-th selected value by a scaling factor α, which is numerically
determined to achieve the desired PFA according to

PFA =
k−1

∏
i=0

Nc − i
Nc − i + α

By relying on order statistics rather than local averages, the OS-CFAR provides robust
detection even in multi-fault scenarios, effectively avoiding the masking effect caused by
closely spaced defective elements. In the following numerical validations, the OS-CFAR
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detector is configured using Nc = 6 training cells, Ng = 1 guard cell, the order statistic p
set to the median value, and a target false alarm rate of PFAd = 10−3.

With the threshold selection criterion established, the Monte Carlo analysis results in
terms of PD and PFA are summarized in Table 2.

Table 2. Detection performance comparison (PD and PFA) between the proposed approach and the
standard BTM for different values of X0/Xs.

SNR (dB) X0/Xs

PD PFA(×10−3)

Proposed
Approach BTM Proposed

Approach BTM

10

1.2 0.6710 0.1176 0.504 0.596
1.4 0.7211 0.1472 0.383 0.536
1.6 0.7906 0.1628 0.600 0.646
1.8 0.8056 0.1666 0.660 0.711
2.0 0.8257 0.1907 0.626 0.649

15

1.2 0.8475 0.3572 0.617 0.879
1.4 0.8905 0.4141 0.273 0.650
1.6 0.9446 0.4764 0.693 0.875
1.8 0.9668 0.5061 0.404 0.671
2.0 0.9653 0.5264 0.489 0.646

20

1.2 0.9610 0.5597 1.012 1.127
1.4 0.9924 0.6349 0.555 0.859
1.6 0.9990 0.6851 0.491 0.851
1.8 0.9996 0.7192 0.437 0.812
2.0 0.9993 0.7502 0.189 0.432

Furthermore, the PD behavior as a function of the X0/Xs ratio, for both the proposed
approach and the classical BTM, is depicted in Figure 5. To indicate the statistical reliability
of the estimates, the figure includes error bars representing the exact 95% binomial confi-
dence intervals derived from the independent Monte Carlo trials. These bounds show the
range within which the true probability values are expected to fall with 95% certainty. Since
these error margins are remarkably narrow, particularly for the proposed approach, an
inset is added for clearer visualization. Notably, the lack of overlap between the confidence
intervals of the two methods across all the evaluated scenarios statistically confirms that
the performance improvement achieved by the proposed approach is significant and not
due to random fluctuations in the Monte Carlo trials.

Specifically, for both methods, the PD increases as the SNR and observation domain
size increase, since the latter expands the spectral region associated with the valid angle
and reduces truncation errors.

However, unlike the classical approach, the introduction of steering diversity effec-
tively mitigates these truncation errors even for low observation-to-source domain ratios
(Xo/Xs), as evidenced by the fact that the PD of the proposed method consistently exceeds
that of the standard case.

In particular, at an SNR of 15 dB and X0/Xs = 1.4, the proposed approach already
yields a PD of 90%, while at 20 dB for the same domain ratio, the detection probability is
close to 100%. In contrast, the standard BTM only achieves an acceptable PD of approxi-
mately 75% under the most favorable tested conditions (SNR = 20 dB and X0/Xs = 2). The
proposed approach maintains good performance even at 10 dB, a particularly demanding
SNR level for diagnostic applications, where higher values are typically expected, reaching
a PD of 82% at X0/Xs = 2, with performance improving significantly at 15 dB and above.
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Figure 5. Monte Carlo analysis results: probability of detection (PD) as a function of the ratio X0/Xs.
The performance of the proposed multi-view approach is compared against the classical BTM at
different Signal-to-Noise Ratios (SNRs): (a) 10 dB, (b) 15 dB, and (c) 20 dB.

Conversely, at lower SNRs of 10 dB and 15 dB, the standard BTM proves to be largely
unreliable in terms of detection probability, regardless of the measurement domain size.

Moving to the comparison in terms of the probability of false alarm (PFA), the adopted
OS-CFAR detector proves to be highly effective. As shown in Table 2 and Figure 6, both
methods successfully maintain the probability of false alarm (PFA) around the nominal
design value across all tested scenarios.

This behavior perfectly aligns with theoretical expectations, as the intrinsic purpose
of the CFAR architecture is precisely to dynamically adjust the detection threshold to
guarantee a constant false alarm rate, irrespective of the applied reconstruction algorithm.

Furthermore, although the PFA of the proposed approach is consistently slightly
lower than that of the standard BTM, an analysis of the 95% confidence intervals reveals a
significant overlap between the two methods, indicating that this difference is marginal.

This confirms the highly positive outcome that the proposed approach achieves its
substantial gains in detection probability (PD) without incurring any penalty in false alarms,
which remain securely constrained by the CFAR detector for both techniques.

As a final validation step, we investigated the behavior of the proposed approach
with respect to data redundancy, which is governed by the number of steering angles. To
this end, we conducted an additional Monte Carlo analysis. The array geometry was kept
identical to the representative example, with a fixed measurement domain of X0 = 1.8Xs at
z0 = 7λ. To investigate the effects of different levels of spectral redundancy, the number
of views varied within L ∈ {5, 7, 9, 11, 13}. The lower bound (L = 5) corresponded to the
14° steering angle required for minimum visible domain coverage, while the upper bound
(L = 13) represented the maximum steering achievable within the valid angle using a 4-bit
phase shifter.
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Figure 6. Probability of false alarm (PFA) versus ratio X0/Xs evaluated through Monte Carlo
simulations. The curves compare the proposed multi-steering approach against the classical BTM
across three noise levels: (a) SNR = 10 dB, (b) SNR = 15 dB, and (c) SNR = 20 dB.

The MSRE, PD, and PFA metrics were computed over Ntrial = 1000 independent trials.
The number of faults, their spatial distribution, the amplitude and phase errors, and the
phase shifter state error all varied within the same ranges as before. Additionally, the
OS-CFAR detector parameters remained unchanged from the previous Monte Carlo setup.
This analysis was repeated for SNR ∈ {10, 15, 20} dB.

The obtained MSREs are shown in the Table 3, while Figure 7a illustrates their behavior
as a function of the number of steering angles for different SNRs.

Table 3. Performance of the proposed approach across varying SNRs and steering angles.

SNR (dB) L MSRE (dB) PD PFA (×10−3)

10

5 −14.63 0.6186 0.436
7 −16.76 0.7618 0.588
9 −18.19 0.8121 0.538

11 −19.49 0.8617 0.469
13 −20.43 0.9027 0.635

15

5 −19.11 0.8351 0.452
7 −21.34 0.9242 0.503
9 −22.93 0.9613 0.587

11 −24.22 0.9835 0.408
13 −25.23 0.9934 0.399

20

5 −23.20 0.9803 0.654
7 −25.44 0.9974 0.411
9 −27.16 0.9994 0.411

11 −28.64 0.9998 0.537
13 −29.72 0.9999 0.600
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Figure 7. Effect of spectral redundancy on diagnostic performance evaluated via Monte Carlo analysis:
(a) Mean Square Reconstruction Error, (b) probability of detection (PD), and (c) probability of false
alarm (PFA) versus the number of steering views (L) at different SNR levels.

The observed trend is clear and perfectly aligns with our expectations. The MSRE
decreases as the SNR increases, and most notably as the number of steering angles grows.
This occurs because a higher number of steering directions results in a greater number of
overlapping spectra, which, in turn, significantly strengthens the denoising effect. Shifting
our focus to the fault detection performance, the results are presented in the Table 3, while
Figure 7b illustrates the behavior of the probability of detection with respect to the number
of views L for different SNR levels, alongside the corresponding 95% confidence intervals.
As can be observed, particularly for low SNRs, increasing the number of steering leads to a
significant enhancement of the probability of detection. In fact, at SNR = 10 dB, expanding
the dataset from 5 to 13 steering yields a remarkable 40% increase in PD. For higher SNRs,
the required number of steering angles decreases: at 15 dB, just nine steering angles are
sufficient to approach a PD ≈ 1, while at 20 dB, near-perfect detection is achieved with a
low number of steering angles.

Observing the probability of false alarm in Figure 7c, it consistently remains below
the design value. Here too, the overlapping confidence intervals lead to the same conclu-
sions drawn in the previous analysis. These findings perfectly align with our theoretical
expectations: exploiting spectral redundancy provides an intrinsic denoising effect, which
drastically improves diagnostic performance, especially under severe noise conditions.

5. Conclusions
In this paper, the problem of linear phased antenna diagnostics from near-field mea-

surements was addressed. The introduction of steering diversity mitigated the truncation
errors caused by the finite measurement domain, which strictly limits the reliable spectral
bandwidth due to the valid angle in standard configurations. The proper reorganization of
the shifted spectra guaranteed a reliable band over the entire visible domain. Specifically, by
combining the multi-view spectra, the redundancy in the overlapping spectral regions was
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successfully exploited to average out the background noise, providing a powerful intrinsic
denoising effect. Moreover, the analytical conditions and criteria establishing the mini-
mum number of steering directions required to achieve complete spectral recovery were
thoroughly discussed. This joint framework led to a significantly enhanced reconstruction
accuracy of the array excitations.

Finally, an extensive Monte Carlo numerical analysis demonstrated the effectiveness
of the proposed technique, showing a substantially higher probability of detection and
strict control over the false alarm rate compared to classical single-view approach.

When scaling the proposed approach to very large arrays, both measurement logis-
tics and computational complexity must be considered, and our method offers distinct
advantages in both areas. In standard single-view diagnostics, testing a very large array
necessitates an oversized measurement aperture (typically at least X0 ≥ 2Xs) to maintain a
sufficient valid angle. This translates to a massive number of spatial measurement points M
and extremely time-consuming mechanical scanning. A major practical advantage of our
multi-view approach is that it fundamentally relaxes this constraint. Because mechanical
near-field positioning is inherently slow, whereas changing the state of electronic phase
shifters is virtually instantaneous, our method effectively leverages “free” angular diversity
from an acquisition-time perspective. Steering diversity successfully compensates for
truncation errors even with a highly restricted measurement domain (e.g., X0 ≈ 1.4Xs).
Therefore, any minimal time spent cycling through L electronic steering views is more than
offset by the drastic reduction in the required physical scanning area and the total number
of spatial samples M.

The results obtained from the numerical simulations are highly promising. Therefore,
necessary future work will focus on validating the strategy with experimental data, ex-
tending the proposed diagnostic framework to two-dimensional planar architectures, and
considering non-planar geometries such as cylindrical or spherical surfaces.
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