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1 Height of the measurement region H,,..s = 3 [)\]
Original (OMP) MbD parameters

* Max. number of iterations of the OM P algorithm : I = {1; 2; 3; ...; 10};

* Selected iteration to report the results: I = 4; 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, I.
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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 presented a visual comparison of the near-field radiated
by the AUT measured over the full interpolation region and on the truncated region, as well as the corresponding far-field

patterns obtained with NF-FF transformation. The truncated near-field has been obtained as follows:
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Figure 2: Hppeqs = 3[A] - (@)(b) Near-field and (c)(d) far-field patterns obtained via NF-FF transformation for the actual
AUT.
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Hieas = 3 [A]
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Figure 3: H,,eqs = 3 [A] - Difference between the full and the truncated far-fields, |P(6, ) — P (6, ¢)|.
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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 —61.93 —48.67
40 —50.78 —38.68
30 —32.44 —28.68
20 —19.85 —18.68
10 —5.49 —8.68

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

Observations

By observing the reported results it is possible to point out that :

* the OMP error decreases linearly with the increase of the SN R reaching good performance (= < —25 [dB]) starting

from SNR = 30 [dB];

* the BCS results are are not good until SN R = 30 [dB] where the BCS obtains a result which is better than that of
the OMP and then the BCS continues to improve its performance with the increase of the SN R value achieving

near-field errors lower than those of the OMP.
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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 — D far-field pattern when processing noisy measurements at
different SV 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

—63.97

—46.32

40

—53.92

—36.34

30

—31.01

—26.39

20

—17.19

—16.52

10

—2.64

—6.93

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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Estimated Coefficients
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Figure 9: Coefficient comparison between original (OMP) and alternative (BCS) MbD : (a) SNR = 50 [dB], (b)) SNR =
40[dB], (¢) SNR =30[dB], (d) SNR = 20[dB], (¢) SNR = 10 [dB]

Observations
The considered AUT is characterized by an excitation magnitude and phase of the second subarray (i.e., »(?) = 0.43 and

7?) = Z [rad)):
» the OMP solver selects vectors associated to both magnitude and phase failures and is always able to identify at
least one failure affecting the AUT.

¢ the BCS algorithm is able to identify both the failures affecting the AUT even if 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

page 11/40



of the failures affecting the AUT. In particular, the BCS precisely identify both the failures affecting the AUT only
at SNR = 40[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”;

. Atﬁ;,gp/ Bos, (Mean) Time required by the Measurement-by-Example tool to read the SVD output and perform

the estimation of the AUT radiated field.

Atgim [sec] | 4.72 x 10*
Atsyp [sec 1.79 x 102
Atﬁ%g sec] | 2.83 x 1071

AtGHEE [sec] | 1.81 x 1073

Table III: Computational times

Remarks

* Given that the number of simulated AUTs is K = S x (F(*) + P(*)) = 84, the average per-AUT simulation time is

Atgim 472 x 10*
K 84

Atppro ~ [sec] = 5.62 x 10% [sec]
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1.0.1 Height of the measurement region H,cos = 2 [)]

Original (OMP) MbD parameters

* Max. number of iterations of the OM P algorithm : T = {1; 2; 3; ...; 10};

* Selected iteration to report the results: I = 5; 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.

[aB]

Matching Error,

_50 1 1 1 1 1 1 1
1 2 3 4 5 6 7 8 9 10

Number of lterations, |

{8

SNR=10[dB] —— SNR=30[dB] - - -~ SNR=50 [dB]
SNR=20 [dB] SNR=40 [dB] «=+++e+:

Figure 10: Behaviour of the near-field matching error versus the number of OMP iterations, I.
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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 presented a visual comparison of the near-field radiated
by the AUT measured over the full interpolation region and on the truncated region, as well as the corresponding far-field

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

y Hmeas Hmeas
E - E((‘D, Z) Zf ) <z< 2 . Hint < o< Hint
tr(wa Z) - y T 2 Sz 2
0 otherwise
Full Near — Field (Hne = 20 [A]) Truncated Near — Field (Hpeqs = 2[A])
Hint = 20 [A] Heas = 2 [A]
30 10 30
~ 75
3 20 20
-L“i 5
[ 10 @ 25 10 @
5 < 2 < =
S N = N =
=z, 0 4 25 ]
-5
-10 -10
-75
1 -20 -10 -20
-180 -120 -60 0 60 120 180 -180 -120 -60 0 60 120 180
¢ [deg] ¢ [deg]
(a) E(‘Pv Z) (b) Etr(ﬁaa Z)
UNF-FF Transformation UNF-FF Transformation
Hint =20 [A] Hieas = 2 \]
20 ‘ ‘ ‘ ‘ ‘ 0 20 ‘ ‘ ‘ ‘ ‘ 0
=3
3 40 — D 40 10 @
I, =) =)
60 - = 60 =
| g g
kel £ he] £
~ 3 100 30 2 @ 10 30 2
120 s 120 s
40 40
140 — o 140 o
160 L L L L L _50 160 L L L L L _50
180 -120  -60 0 60 120 180 180 -120  -60 0 60 120 180
¢ [deg] ¢ [deg]
(c) P(0, ) (d) P (0, )

Figure 11: Hpeas = 2 [A] - (a)(b) Near-field and (¢)(d) far-field patterns obtained via NF-FF transformation for the actual
AUT.
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Hieas = 2 [A]
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Figure 12: Hyeqs = 2 [\] - Difference between the full and the truncated far-fields, |P(6, ) — Pi- (0, ©)|-
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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 —59.59 —29.24
40 —17.65 —26.04
30 —7.51 —5.76
20 2.17 1.32
10 12.74 10.77

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 is very high at low SNR but for SNR > 40 [dB] is good enough to permit a good near-field

reconstruction;

* the BCS algorithm is not able to obtain any satisfactory result until SN R = 40 [dB] since the error does not go
below —17 [dB]; however, at SN R = 50 [dB] the BCS near-field error is highly better that that of the OMP at the

same SN R value.
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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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Estimated Far-Field
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Figure 15: Difference between the actual and estimated 2 — D far-field pattern when processing noisy measurements at
different SV Rs.
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Figure 16: 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
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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

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.

page 21/40



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 an excitation magnitude and phase of the second subarray (i.e., v(?) = 0.43 and

73 = Z [rad)):
» the OMP solver selects vectors associated to both magnitude and phase failures and in some cases is able to identify
the magnitude failure affecting the AUT.

¢ the BCS algorithm is able to identify at least one failure affecting the AUT even if 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
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of the failures affecting the AUT. At SN R = 50 [dB] the BCS solver precisely identifies both 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”;

. Atﬁ;,gp/ Bos, (Mean) Time required by the Measurement-by-Example tool to read the SVD output and perform

the estimation of the AUT radiated field.

Atgim [sec] | 4.72 x 10*
Atsyp [sec 1.79 x 102
Atﬁ%g sec] | 2.07 x 1071

AR [sec] | 1.65 x 1073

Table VI: Computational times
Remarks

* Given that the number of simulated AUTs is K = S x (F(*) + P(*)) = 84, the average per-AUT simulation time is

Atgim 472 x 10*
K 84

Atppro ~ [sec] = 5.62 x 10% [sec]
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1.0.2 Height of the measurement region Hy,eos = 1 [}]

Original (OMP) MbD parameters

* Max. number of iterations of the OM P algorithm : T = {1; 2; 3; ...; 10};

* Selected iteration to report the results: I = 4; 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. 19.

[aB]

Matching Error,

Number of lterations, |

SNR=10[dB] —— SNR=30[dB] - - -~ SNR=50 [dB]
SNR=20 [dB] SNR=40 [dB] «=+++e+:

Figure 19: Behaviour of the near-field matching error versus the number of OMP iterations, I.
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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 presented a visual comparison of the near-field radiated
by the AUT measured over the full interpolation region and on the truncated region, as well as the corresponding far-field

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

y Hmeas Hmeas
E - E((‘D, Z) Zf ) <z< 2 . Hint < o< Hint
tr(wa Z) - y T 2 Sz 2
0 otherwise
Full Near — Field (Hne = 20 [A]) Truncated Near — Field (Hpeqs = 1[A])
Hint = 20 [A] Hreas = 1 [A]
30 10 30
~ 75
3 20 20
-L“i 5
| 10 @ 25 10 @
5 < 2 < =
S N = N =
=z, 0 4 25 ]
-5
-10 -10
-75
1 -20 -10 -20
-180 -120 -60 0 60 120 180 -180 -120 -60 0 60 120 180
¢ [deg] ¢ [deg]
(a) E(‘Pv Z) (b) Etr(ﬁaa Z)
UNF-FF Transformation UNF-FF Transformation
Hint =20 [A] Himeas = 1 \]
20 ‘ ‘ ‘ 0 20 ‘ 0
~S —
3 40 | — D 40 10 @
I, S, S,
60 - = 60 =
l g g
5§ ® 20 T 80 20 &
kel £ he] £
~ 3 100 30 2 @ 10 30 2
120 s 120 s
D D
140 - 0T 140 - 40T
160 L L L L L _50 160 L L L L L _50
180 -120  -60 0 60 120 180 180 -120  -60 0 60 120 180
¢ [deg] ¢ [deg]
(c) P(0, ) (d) P (0, )

Figure 20: H.eqs = 1[A] - (a)(b) Near-field and (¢)(d) far-field patterns obtained via NF-FF transformation for the actual
AUT.
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Himeas = 1 [A]
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Figure 21: Hypeas = 1[)] - Difference between the full and the truncated far-fields, |P(6, ) — Pi- (0, ©)|-
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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. 22:

20
— 10 \ 1
m
S,
11 0Fr i
5 \
o -10 F B
k=]
QL
o 20 - :
3
2

-30 | 1

-40 . . .

10 20 30 40 50
SNR [dB]

BCS === OMP

Figure 22: 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 —12.26 —39.10
40 —12.22 —29.10
30 —12.23 —19.10
20 —12.26 —5.79
10 11.66 5.01

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

Observations

By observing the results reported in Fig. 22 it is possible to point out that both the employed algorithms perform poorly

with the considered measurement set-up. In particular:

* the OMP results start to be good for SN R > 40 [d B] since for lower SN R values the error is = > —25 [d B] which

means that the near-field reconstruction is not accurate;

* the BCS error remains almost constant at an error value Z ~ —12 [dB] which does not permit a good near-field

reconstruction.
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Estimated Near-Field
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Figure 23: 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

SNR = 50[dB]

SNR = 40 [dB]

SNR = 30[dB]

SNR =20 [dB]

SNR =10|dB]

6 [deg]

6 (deg]

6 (deg]

6 [deg]

6 [deg]

-180

-120

AUT

0 [deg]

OMP

SNR=50 [dB]

SNR=40 [dB]

-60

0
¢ [deg]

(d)

SNR=30 [dB]

¢ [deg]

SNR=20 [dB]

SNR=10 [dB]

o
 (deg]

60

Difference Pattern

120

180

Pattern

 [deg]

(@)

AP(8.6) [dB]

2P(8,0) [dB]

2P(8,0) [dB]

AP(8.6) [dB]

AP(8.6) [dB]

0 [deg]

0 [deg]

P(6.6) (Normalized) [dB]

BCS

SNR=50 [dB]

SNR=40 [dB]

SNR=30 [dB]

60

 [deg]

()

¢ [deg]

o
 [deg]

(k)

60

30

-40

-50

AP(8.9) [dB]

4P(6.9) [dB]

4P(6.9) [dB]

4P(8.6) [dB]

AP(8.6) [dB]

Figure 24: Difference between the actual and estimated 2 — D far-field pattern when processing noisy measurements at

different SN Rs.
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Figure 25: 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
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Figure 26: 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

Table VIII: 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

SNR =50 [dB] SNR = 40 [dB]

=
(=}
EN

[
(=}
EN

BCS wmm—

OMP 4

BCS mm—
OMP ]

[y
o
w
T
=
o
w
T

[
o
N
T
L
=
o
N
T
L

Coefficient Magnitude |wq|
=
d o
2

Coefficient Magnitude |wq|
[
o
R
.

=
(=)
=]
T
L
=
o
=]
T
L

i
[S)
N
T
.
i
ou
N
T
.

0 5 10 15 20 25 0 5 10 15 20 25
Coefficient Index, g Coefficient Index, q

(@) ()

N
N

=
o
o
o
=
o

SNR = 30 [dB] SNR = 20 [dB]

=
(=}
EN

BCS wmm—

OMP 4

BCS mm—
103 L OMP i

=

o
w
T

=
o
N
T
L

-
I

Coefficient Magnitude |wq|
=
d o
2
Coefficient Magnitude |wq|
= [
o o
o
.

=
ou
o
.
,

N

102 ‘ | |

0 5 10 15 20 25 0 5 10 15 20 25
Coefficient Index, q Coefficient Index, q

(c) (d)

SNR = 10 [dB]

=

o
o
o
o

10* ‘
BCS wm—
103 L OMP i

[
o
N
T
L

Coefficient Magnitude, |wq|
= =
(=] o
[=] =

,_.
S|
14
:
.

=
o
N

0 5 10 15 20 25
Coefficient Index, g

()

Figure 27: 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 an excitation magnitude and phase of the second subarray (i.e., v(?) = 0.43 and

73 = Z [rad)):

* the OMP algorithm is able to identify at least one failure affecting the AUT even if 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;

* the BCS solver selects vectors associated to both magnitude and phase failures and identifies only the phase failure
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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”;

. Atﬁ;,gp/ Bos, (Mean) Time required by the Measurement-by-Example tool to read the SVD output and perform

the estimation of the AUT radiated field.

Atgim [sec] | 4.72 x 10*
Atsyp [sec 1.79 x 102
Atﬁ%g sec] | 1.95 x 1071

AR [sec] | 1.54 x 1073

Table IX: Computational times
Remarks

* Given that the number of simulated AUTs is K = S x (F(*) + P(*)) = 84, the average per-AUT simulation time is

Atgim 472 x 10*
K 84

Atppro ~ [sec] = 5.62 x 10% [sec]
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1.0.3 Overall Analysis

Near-Field Error Analysis
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Figure 28: Near-field error vs height of cylindrical set-up at different SN R values: (¢) SNR = 50 [dB], (b) SNR =

40 [dB], (¢) SNR = 30 [dB], (d) SNR = 20 [dB], (¢) SN R = 10 [dB]
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Far-Field Error Analysis
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Figure 29: Far-field error vs height of cylindrical set-up at different SN R values
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Observations

In general, from the reported results, it is possible to point out that:

: (@) SNR = 50[dB], (b) SNR =

o the OMP algorithm performs better than the BCS especially for SN R > 40 [d B] where the error gap is noticeable.
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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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