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1 Plane dimension side : (,,cqs = 8 [)]

Original (OMP) MbD parameters

* Max. number of iterations of the OM P algorithm : I = {1; 2; 3; ...; 20};

* Selected iteration to report the results: I = 3; this choice is justified by the fact that at this iteration the OMP

algorithm reaches the best near field error as shown in the following Fig. 1.
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Figure 1: Behaviour of the near-field matching error versus the number of OMP iterations, .
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Evaluation of the Truncation Error from Actual Near-Field Data

In order to evaluate the truncation error, in the following figure is predented a visual comparison of the near-field radiated
by the AUT measured over the full interpolation plane ((;,,:) and on the truncated region ((;neqs), as well as the corre-

sponding far-field patterns obtained with NF-FF transformation. The truncated near-field has been obtained as follows:
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Figure 2: (imeas = 8 [A] - (a)(b) Near-field and (c)(d) far-field patterns obtained via NF-FF transformation for the actual
AUT.
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Near-Field Error

The comparison, in terms of near field error, between the original (OMP) and the alternative (BCS) MbD is reported in

the following Fig. 4:
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Figure 4: Near Field Error comparison between original (OMP) and alternative (BCS) MbD for different SN R values

SNR[dB] | Near Field Error, = [dB|
BCS OMP
50 —42.12 —62.73
40 —43.25 —51.92
30 —43.09 —41.64
20 —32.85 —31.55
10 4.26 —14.39

Table I: Near Field Errors obtained by the original (OMP) and alternative (BCS) MbD

Observations

The OMP and BCS solvers performance are not good for 10 < SNR < 20 [dB] because the near-field error is = >
—20[dB]. For SNR > 20 [dB]:
 the OMP error decreases linearly with the increase of the SN R value obtaining the best performance;

* the BCS obtains results comparable to that of the OMP in the range 20 [dB] < SNR < 30 [dB], but then its error

remains almost constant while the OMP error decreases.
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Estimated Near-Field
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Figure 5: Magnitude difference between the actual and estimated 2 — D near-field pattern when processing noisy mea-
surements at different SN Rs.
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Estimated Far-Field
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Figure 6: Difference between the actual and estimated 2 —

different SN Rs.
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Figure 7: 1— D cuts of the estimated far-field pattern (obtained through near-to-far-field transformation from the estimated
near-field patterns) under several noisy conditions
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Figure 8: 1— D cuts of the estimated far-field pattern (obtained through near-to-far-field transformation from the estimated
near-field patterns) under several noisy conditions

SNR|[dB] | Far — Field Error, x [dB]
BCS OMP
50 —43.64 —63.72
40 —44.97 —52.80
30 —44.54 —42.52
20 —33.61 —32.42
10 0.36 —15.64

Table II: Far-field matching error between the actual and estimated AU T patterns (both obtained through near-to-far-field
transformation from the corresponding near-field patterns) under several noisy conditions.
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Figure 9: Coefficient comparison between original (OMP) and alternative (BCS) MbD : (a) SNR = 50 [dB], (b) SNR =
40[dB], (¢c) SNR = 30[dB],(d) SNR =20[dB], (¢) SNR = 10 [dB]

Observations

The considered AUT is characterized by a magnitude failure of an antenna element and a phase failure of another antenna

element (i.e., v® = 0.45 and v®) = Z [rad)):

» the OMP selects vectors related only to magnitude failures and whatever the SN R this algorithm detects the mag-
nitude failure even if the detection is not precise since other vectors not connected to the current failures are chosen.

The OMP fails in detecting the phase failure affecting the AUT because none of the vectors related to the actual

phase failure has been selected.
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o the BCS algorithm is able to identify both the failures affecting the AUT even if the failure detections are not
precise particularly for low SN R values since the method selects also vectors not connected to the actual failures

and it doesn’t pick all the vectors of the failures affecting the AUT.
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Computational times

* Atgim: Time required to simulate the K AUT configurations used to build the (7" x K') "pattern matrix”;

* Atgyp: Time required to perform the SVD of the (T x K) "pattern matrix”;

OMP/BCS,
* Atyng :

the estimation of the AUT radiated field.

Atgim [sec] | 4.17 x 10*

Atsvp

sec 1.53 x 102

BCS
AﬁMbE

sec] | 1.43 x 1071

OMP
At]LIbE'

[sec] | 8.30 x 1072

Table III:

Remarks

Computational times

(Mean) Time required by the Measurement-by-Example tool to read the SVD output and perform

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

is
AtSimu

4.17 x 104

= [sec] = 3.47 x 10% [sec]

Atppko ~ %

120

page 13/29



1.0.1 Plane dimension side : (;cqs = 4 [A]

Original (OMP) MbD parameters

* Max. number of iterations of the OM P algorithm : T = {1; 2; 3; ...; 20};

 Selected iteration to report the results: I = 1; this choice is justified by the fact that at this iteration the OMP

algorithm reaches the best near field error as shown in the following Fig. 10.
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Figure 10: Behaviour of the near-field matching error versus the number of OMP iterations, I.

page 14/29



Evaluation of the Truncation Error from Actual Near-Field Data

In order to evaluate the truncation error, in the following figure is predented a visual comparison of the near-field radiated
by the AUT measured over the full interpolation plane ((;,,:) and on the truncated region ((;neqs), as well as the corre-

sponding far-field patterns obtained with NF-FF transformation. The truncated near-field has been obtained as follows:

E x,y Zf _Cmeas S T S Cmeas . )
Etr(xay): ( ’ ) 2 ? 5 _Cl;t <7< Cz2nt
0 otherwise
where 7 = x, y.
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Figure 11: Gneas = 4 [\ - (@)(D) Near-field and (c)(d) far-field patterns obtained via NF-FF transformation for the actual
AUT.
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Near-Field Error

The comparison, in terms of near field error, between the original (OMP) and the alternative (BCS) MbD is reported in

the following Fig. 13:
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Figure 13: Near Field Error comparison between original (OMP) and alternative (BCS) MbD for different SN R values

SNR[dB] | Near Field Error, = [dB|
BCS OMP
50 —15.45 —11.62
40 —15.39 —11.62
30 —14.55 —11.62
20 —14.22 —11.60
10 —5.64 —11.45

Table IV: Near Field Errors obtained by the original (OMP) and alternative (BCS) MbD

Observations

By observing the results reported in Fig. 13 it is possible to point out that both the employed algorithms perform poorly

with the considered measurement set-up. In particular:

* the OMP error remains almost constant at an error value & ~ —11 [dB] which does not permit a good near-field

reconstruction;

 the BCS results are slightly better than those of the OMP solver but not enough to allow an accurate near-field

reconstruction.
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Figure 14: Magnitude difference between the actual and estimated 2 — D near-field pattern when processing noisy mea-
surements at different SN Rs.
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Figure 15: Difference between the actual and estimated 2 — D far-field pattern when processing noisy measurements at

different SN Rs.
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Figure 17: 1 — D cuts of the estimated far-field pattern (obtained through near-to-far-field transformation from the esti-
mated near-field patterns) under several noisy conditions

SNR|[dB] | Far — Field Error, x [dB]
BCS OMP
50 —17.28 —13.22
40 —17.23 —13.22
30 —16.18 —13.22
20 —15.80 —13.22
10 —6.01 —13.20

Table V: 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.
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Estimated Coefficients
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Figure 18: Coefficient comparison between original (OMP) and alternative (BCS) MbD : (a) SNR = 50[dB], (b)
SNR =40[dB],(c) SNR =30[dB], (d) SNR =20[dB], (¢) SNR = 10 [dB]

Observations

The considered AUT is characterized by a magnitude failure of an antenna element and a phase failure of another antenna

element (i.e., v® = 0.45 and v = Z [rad)):

» the OMP selects a single vector connected to a magnitude failure and it is not able to identify any failure actually

affecting the AUT.

* the BCS algorithm, save at SNR = 10 [dB], is able to identify at least one failure affecting the AUT even if
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the failure detections are not precise since the method selects also vectors not connected to the actual failures and
it doesn’t pick all the vectors of the failures affecting the AUT. In particular, the BCS identify both the failures

affecting the AUT only at SNR = 30 [dB].
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Computational times

* Atgim: Time required to simulate the K AUT configurations used to build the (7" x K') "pattern matrix”;

* Atgyp: Time required to perform the SVD of the (T x K) "pattern matrix”;

OMP/BCS,
* Atyng :

the estimation of the AUT radiated field.

Atgim [sec] | 4.17 x 10*

Atsvp

sec 1.53 x 102

BCS
AﬁMbE

sec] | 1.72 x 1071

OMP
At]LIbE'

[sec] | 8.69 x 1072

Table VI: Computational times

Remarks

(Mean) Time required by the Measurement-by-Example tool to read the SVD output and perform

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

is
AtSimu

4.17 x 104

= [sec] = 3.47 x 10% [sec]

Atppko ~ %

120
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1.0.2 Overall Analysis

Near-Field Error Analysis
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Figure 19: Near-field error vs measurement plane side ((,eqs) dimension at different SN R values: (@) SNR = 50 [dB],
(b)) SNR =40[dB], (¢) SNR=30[dB],(d) SNR =20[dB], (¢) SNR = 10[dB]
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Far-Field Error Analysis
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Figure 20: Far-field error vs measurement plane side ({ncqs) dimension at different SN R values: (a) SNR = 50 [dB],
(b)) SNR =401[dB], (¢c) SNR =30[dB],(d) SNR =20[dB], (¢) SNR = 10[dB]

Observations

From the reported results it is possible to point out that:

* the OMP algorithm performs better than the BCS at SN R = 50, 40, 10 [dB];

* the BCS solver outperforms the other one at SN R = 20, 30 [dB].
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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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