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1 Near-Field Antenna Characterization Through the Bayesian Compressive

Sensing (BCS) Approach

1.1 Parameters

Gold Antenna (Without Defects)

• Geometry : Planar array of microstrip patches on the (x, y) plane;

• Working Frequency : f = 3.6 [GHz] (λ = 83.27× 10−3 [m] in free space);

• Substrate (PEC-backed) :

– Dimensions : infinite;

– Relative Permittivity : εr,sub = 4.7;

– Loss Tangent : tan δsub = 0.014;

– Thickness : hsub = 0.019 [λ] (1.6 [mm]);

• Microstrip patches :

– Dimensions : lx ≈ 0.22 [λ] (18.16 [mm]), ly ≈ 0.33 [λ] (27.25 [mm]);

– Feeding : pin-fed;

• Spacing between elements : dx = dy = λ
2 ;

• Number of elements in each row : Nx = 6;

• Number of elements in each column : Ny = 10;

• Total number of elements : N = (Nx ×Ny) = 60;

• Total size of the antenna : Lx = 5 [λ], Ly = 9 [λ];

• Element excitations : w
(s)
n = 1.0 + j0.0, n = 1, ..., N (s), s = 1, ..., S;

Antenna Under Test (AUT - With Defects)

1. Failures of the excitation magnitude of the 3rd row;

• Failure factor of the elements in the 3rd row (s = 3) : ν(3) = 0.45;

2. Failures of the excitation phase of the 3rd row;

• Phase shift of the elements in the 3rd row (s = 3) : γ(3) = π
3 [rad];
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Figure 1: (a) Magnitude of the element excitations in the AUT (ν(3) = 0.45), (b) phase of the element excitations in the

AUT (γ(3) = π
3 [rad]).

Measurement Set-Up

-10
-5

 0
 5

 10 -10
-5

 0
 5

 10

 0
 1
 2
 3
 4
 5
 6
 7
 8

z/λ

x/λ
y/λ

z/λ AUT

Interpolation Points

Measurement Points

Figure 2: Disposition of the interpolation points (T = 1681) and of the measurement points (M = 25) in the near-field

region of the AUT

• Type of measurements : near-field;

• Height of the measurement region : H = 7 [λ];

• Interpolation points :

– Number of points : T = 41× 41 = 1681;

– Coordinates : xt ∈ [−10, 10] [λ], yt ∈ [−10, 10] [λ], zt = H [λ], t = 1, ..., T ;

– Interpolation step : ∆int
x/y = 0.5 [λ];

• Measurement points :

– Coordinates : xmeas
m ∈ [−10, 10] [λ], ymeas

m ∈ [−10, 10] [λ], zmeas
m = H [λ], m = 1, ...,M ;
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– Number of points : Mx/y = 5 → M = 25;

– Measurement step : ∆meas
x/y = 5 [λ]

– Ratio between number of measurements and total number of elements : (M/N) = 0.42;

Measurement-by-Design Technique

• Number of generated bases : B = 20;

• Bases b = 1, ..., 10 : magnitude failures in each row (s = 1, ..., 10)

– Failure factor of the elements : ν(s) ∈ [0.0, 0.5], s = 1, ..., 10;

– Number of simulated failure factors : F (s) = 7, s = 1, ..., 10;

• Bases b = 11, ..., 20 : phase failures in each row (s = 1, ..., 10)

– Phase shift of the elements : γ(s) ∈ [0, π
4 ] [rad], s = 1, ..., 10;

– Number of simulated phase shifts: P (s) = 5, s = 1, .., 10;

• Threshold on the singular values magnitude (normalized) : η = −40 [dB];

• Total number of simulated AUT configurations : K = S × (F (s) + P (s)) = 10× (7 + 5) = 120;

Noise

• SNR on the measured data : SNR = {50; 40; 30; 20; 10} [dB];

• Noise seed : Noise_Seed = 11.
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1.2 BCS Algorithm

Parameters

• Toleration factor for BCS solver: Tolerance = 1× 10−8;

• Initial noise variance for BCS solver: ηopt10 = 10−2, ηopt20 = 5 × 10−4 . These values have been obtained as a

result of a calibration procedure (see following Sec. 1.2).

Calibration of the initial noise variance (η0)

In order to find the best value for the initial noise variance value (ηopt0 ), the BCS version of the MbD has been run

considering the following ranges of values for η0 and SNR :

• η0 = [10−9, 5×10−9, 10−8, 5×10−8, 10−7, 5×10−7, 10−6, 5×10−6, 10−5, 5×10−5, 10−4, 5×10−4, 10−3, 5×

10−3, 10−2, 5× 10−2, 10−1, 5× 10−1, 1, 5, 10];

• SNR = [60, 50, 40, 30, 20].

The best value has been computed as the minimum mean near field error over the considered SNR values for each η0; in

formula:

ηopt0 = min
η
(i)
0







∑NSNR

j=1 Ξ
(j)

AUT,η
(i)
0

NSNR







(1)

where

• ηi0 is the i− th considered η0 value;

• Ξ
(j)

AUT,η
(i)
0

is the near field error obtained considering the i− th value of η0 and the j − th value of SNR;

• NSNR is the total number of considered SNR values.
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Figure 3: Initial noise variance η0 calibration

As shown in Fig. 3 two different values of η0 have been computed:

1. ηopt10 = 10−2 : this is the optimum value for the initial noise variance when all the SNR range has been considered,

SNR = [60, 50, 40, 30, 20];

2. ηopt20 = 5×10−4 : this is the optimum value for the initial noise variance when SNR ranges in a restricted interval,

SNR = [60, 50, 40, 30].
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1.3 Results

Behaviour of the Near-Field Error

The following Fig. 4 shows the near field error (Ξ) that the considered algorithm makes in estimating the near field of the

AUT for different SNR values.
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Figure 4: Near-Field Error behaviour versus SNR values

SNR [dB] Near Field Error, Ξ [dB]

ηopt10 ηopt20

50 −35.86 −41.19
40 −35.71 −43.04
30 −34.93 −38.56
20 −33.24 −3.56
10 −4.73 18.80

Table I: Near-field error obtained at different SNR values

Observations

The results of Tab. I point out that:

• using ηopt10 = 1E − 2, the BCS algorithm performs very good starting from SNR = 20 [dB]; instead, the perfor-

mance degrades when SNR < 20 [dB];

• using ηopt20 = 5E−4, the BCS algorithm achieves the best results when SNR ≥ 30 [dB]; instead, the results make

worse for SNR < 30 [dB].
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Which vectors in the over-complete basis have been selected?

The following Fig. 5 shows which vectors of the over-complete basis (consisting of a total of Q = 40 vectors) have been

selected by the BCS solver.

10-1

100

101

102

103

104

105

 0  5  10  15  20  25  30  35  40

C
oe

ffi
ci

en
t M

ag
ni

tu
de

, |
w

q|

Coefficient Index, q

SNR = 50 [dB]

η0
opt1

η0
opt2

10-1

100

101

102

103

104

105

 0  5  10  15  20  25  30  35  40

C
oe

ffi
ci

en
t M

ag
ni

tu
de

, |
w

q|

Coefficient Index, q

SNR = 40 [dB]

η0
opt1

η0
opt2

(a) (b)

10-1

100

101

102

103

104

105

 0  5  10  15  20  25  30  35  40

C
oe

ffi
ci

en
t M

ag
ni

tu
de

, |
w

q|

Coefficient Index, q

SNR = 30 [dB]

η0
opt1

η0
opt2

10-1

100

101

102

103

104

105

 0  5  10  15  20  25  30  35  40

C
oe

ffi
ci

en
t M

ag
ni

tu
de

, |
w

q|

Coefficient Index, q

SNR = 20 [dB]

η0
opt1

η0
opt2

(c) (d)

10-1

100

101

102

103

104

105

 0  5  10  15  20  25  30  35  40

C
oe

ffi
ci

en
t M

ag
ni

tu
de

, |
w

q|

Coefficient Index, q

SNR = 10 [dB]

η0
opt1

η0
opt2

(e)

Figure 5: Vectors selected by the BCS solver

Observations

• The measured AUT has a failure of the excitation magnitude of the 3rd row and for SNR ≥ 20 [dB] the BCS solver

is able to detect this failure. In particular, when ηopt10 is used, the BCS is extremely precise in this failure detection

for SNR ≥ 30 [dB];

• on the other hand, the BCS solver is never able to find the phase failure affecting the AUT.
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Estimated Near-Field ηopt10

Magnitude Phase |EAUT − ẼAUT |
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Figure 6: Magnitude and phase of the actual and estimated 2−D near-field pattern when processing noisy measurements

at different SNRs.
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Figure 7: 1−D cuts of the estimated near-field pattern under several noisy conditions
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Estimated Near-Field ηopt20

Magnitude Phase |EAUT − ẼAUT |
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Figure 8: Magnitude and phase of the actual and estimated 2−D near-field pattern when processing noisy measurements

at different SNRs.
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Figure 9: 1−D cuts of the estimated near-field pattern under several noisy conditions

page 13/17



SNR [dB] Far − FieldError, χ [dB]

ηopt10 ηopt20

50 −36.25 −42.19
40 −36.24 −44.87
30 −36.04 −41.43
20 −39.29 −3.73
10 −4.90 3.81

Table II: Far-field matching error between the actual and estimated AUT patterns (both obtained through near-to-far-field

transformation from the corresponding near-field patterns) under several noisy conditions.

Computational times

• ∆tSim: Time required to simulate the K AUT configurations used to build the (T ×K) ”pattern matrix”;

• ∆tSV D: Time required to perform the SVD of the (T ×K) ”pattern matrix”;

• ∆tBCS
MbE : (Mean) Time required by the Measurement-by-Example tool to read the SVD output and perform the

estimation of the AUT radiated field.

∆tSim [sec] 3.15× 104

∆tSVD [sec] 1.32× 102

∆tBCS
MbE [sec] 2.67× 10−1

Table III: Computational times

Remarks

• Given that the number of simulated AUTs is K = S × (F (3) + P (3)) = 120, the average per-AUT simulation time

is

∆tFEKO ≃
∆tSim

K
=

3.15× 104

120
[sec] = 2.62× 102 [sec]
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More information on the topics of this document can be found in the following list of references.
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