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1 Fitness definition

1.1 Beam Pointing Error

The fitness (cost function) associated to the trial individual x is defined as

Φi (x) =
1

Nf

1

Nθ

Nf∑

n=1

Nθ∑

j=1

[
θj − θ̂i (θj , fn)

]2
(1)

where

• Nf is the number of frequency steps

• Nθ is the number of beam pointing directions

• fn, n = 1, ..., Nf is the n-th frequency sample

• θj , j = 1, ..., Nθ is the j-th angular sample

• θj (θj , fn), j = 1, ..., Nθ is the actual pointing direction of the antenna enclosed in the radome.

Figure 1: Cost function definition.
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2 Geometry and optimization parameters

Figure (2) shows the optimized geometry. Table (I) shows the parameters that have not been considered during

the radome optimization, while Table (II) shows the optimization parameters.
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Figure 2: Geometry of the radome.

Parameter Description

L Length of the radome
D Base diameter of the radome
t0 Thickness of the base and of the top of the radome

z1, ..., z5 z-coordinates of the spline control points
ν External curvature of the radome (ν ∈ [1, 2])
ε Permittivity of the radome material

tanδ Tangent delta of the radome material

Table I: List of non-optimized radome parameters.

Parameter Description

t1, ..., t5 Radome thickness at the quota z = z1, ..., z5

Table II: List of radome parameters considered during the optimization.
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Figure 3: Radome 3D Model.
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3 Design 1 - “narrow training bounds” (ti ∈ [0.4λr, 0.6λr])

3.1 Analysis of the training set (LHS, N = 250)

This section reports the results of the simulations performed in order to analyze the accuracy of the Kriging-

based predictor with different correlation models.

3.1.1 Parameters

Optimization targets

• Number of variables: K = 5;

• Frequency range:

– Minimum frequency: fmin = 10.75 [GHz];

– Maximum frequency: fmax = 14.50 [GHz];

– Number of frequency steps: Nf = 10 (∆f ≃ 0.42 [GHz]);

– Central frequency: f0 = fmin+fmax

2
≃ 12.63 [GHz];

– Free-space wavelength at the central frequency: λ0 = c
f0

= 2.37× 10−2 [m];

• Scanning angle range:

– Minimum scanning angle: θmin = 0 [deg];

– Maximum scanning angle: θmax = 45 [deg];

– Number of angular steps: Nθ = 4 (θ1 = 0 [deg], θ2 = 15 [deg], θ3 = 30 [deg], θ4 = 45 [deg]);

Kriging (Gaussian Process Regressor) parameters

• Regression model: constant (Ordinary Kriging);

• Correlation models:

– Exponential (p = 1);

– Gaussian (p = 2);

• Initial guess for hyper-parameters θh: θh,0 = 0.5, for h = 1, ..., K;

• Lower bound for hyper-parameters θh: min {θh} = 0.1, for h = 1, ..., K;

• Upper bound for hyper-parameters θh: max {θh} = 20.0, for h = 1, ..., K;

Incremental training parameters

• Number of available simulations: S = 250 (LHS sampling);
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• Dimension of the training sets: N1 = 20, Nmax = NL = 200, step ∆N = 20;

Not-optimized (static) radome parameter

Parameter Description Value

L Length of the radome 1.59× 10−1 [m] ≃ 6.69 λ0

D Base diameter of the radome 1.27× 10−1 [m] ≃ 5.35 λ0

t0 Thickness of the base and of the top of the radome 8.20× 10−3[m] ≃ λr

2

z1 z-coordinate of the spline control point 1 L−t0
6

z2 z-coordinate of the spline control point 2 2L−t0
6

z3 z-coordinate of the spline control point 3 3L−t0
6

z4 z-coordinate of the spline control point 4 4L−t0
6

z5 z-coordinate of the spline control point 5 5L−t0
6

ν External curvature of the radome (ν ∈ [1, 2]) 1.449 (tangent ogive)
εr Permittivity of the radome material 2.10 (Teflon)

tanδr Tangent delta of the radome material tanδ = 3.00× 10−4 @ 10.0 [GHz] (Teflon)
λr Wavelength in the radome material λr ≃ c

f0
√

ε
≃ 1.64× 10−1

Table III: List of non-optimized radome parameters.

Antenna Parameters

• Linear dipole array placed over circular ground plane (PEC).

• Number of array elements: Ne = 8

• Dipole length: le =
λ0

2

• Array elements spacing: de = λ/2

• Spacing between the array and the ground plane: he =
λ0

4

Parameters boundaries

Parameter Description Min Max

t1 Radome thickness at the quota z = z1 6.55× 10−3[m] (0.4λr) 9.83× 10−3[m] (0.6λr)
t2 Radome thickness at the quota z = z2 6.55× 10−3[m] (0.4λr) 9.83× 10−3[m] (0.6λr)
t3 Radome thickness at the quota z = z3 6.55× 10−3[m] (0.4λr) 9.83× 10−3[m] (0.6λr)
t4 Radome thickness at the quota z = z4 6.55× 10−3[m] (0.4λr) 9.83× 10−3[m] (0.6λr)
t5 Radome thickness at the quota z = z5 6.55× 10−3[m] (0.4λr) 9.83× 10−3[m] (0.6λr)

Table IV: List of all considered boundaries for the optimized radome descriptors.
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3.1.2 Predicted Fitness Values
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Figure 4: Actual and predicted functional values of 50 random individuals for different training sizes (N): (a)
N = 20, (b) N = 80, (c) N = 140 and (d) N = 200.
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Gaussian Correlation (p = 2) Exponential Correlation (p = 1)
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Figure 5: Plot of predicted vs actual values for (a), (c), (e), (g) Gaussian Correlation Model and (b), (d), (f),
(h) Exponential Correlation Model for different training sizes (N): (a),(b) N = 20, (c),(d) N = 80, (e),(f)
N = 140 and (g),(h) N = 200.
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3.1.3 Prediction error vs. training size

 0.05

 0.06

 0.07

 0.08

 0.09

 0.1

 0.11

 0.12

 0.13

 0.14

 0.15

 20  40  60  80  100  120  140  160  180  200

N
or

m
al

iz
ed

 P
re

di
ct

io
n 

E
rr

or
 o

n 
F

itn
es

s,
 N

M
E

(Φ
)

Training Size, N

Spline-Based Radome (Random Selection, S=250 (LHS), Mi=(S-Ni))

Gaussian Correlation (p=2)
Exponential Correlation (p=1)

 0

 0.005

 0.01

 0.015

 0.02

 0.025

 0.03

 0.035

 0.04

 20  40  60  80  100  120  140  160  180  200

M
at

ch
in

g 
E

rr
or

 o
n 

F
itn

es
s,

 M
E

(Φ
)

Training Size, N

Spline-Based Radome (Random Selection, S=250 (LHS), Mi=(S-Ni))

Gaussian Correlation (p=2)
Exponential Correlation (p=1)

(a) NME (b) ME

 0.05

 0.1

 0.15

 0.2

 0.25

 0.3

 0.35

 0.4

 0.45

 20  40  60  80  100  120  140  160  180  200

V
ar

ia
nc

e-
N

or
m

al
iz

ed
 M

S
E

 o
n 

F
itn

es
s,

 V
N

M
S

E
(Φ

)

Training Size, N

Spline-Based Radome (Random Selection, S=250 (LHS), Mi=(S-Ni))

Gaussian Correlation (p=2)
Exponential Correlation (p=1)

(c) V NMSE

Figure 6: Prediction errors vs. training size (N) when considering an incremental training with random selection
of N training samples form a set of S available simulations and testing the corresponding Kriging model on a
test set made by the remaining M = (S −N) simulations.

Gaussian Correlation Exponential Correlation

N M NME ME VNMSE NME ME VNMSE
20 230 1.40× 10−1 3.50× 10−2 3.69× 10−1 1.47× 10−1 3.83× 10−2 4.04× 10−1

80 170 8.80× 10−2 1.85× 10−2 2.05× 10−1 8.30× 10−2 1.38× 10−2 1.53× 10−1

140 110 7.15× 10−2 1.05× 10−2 1.12× 10−1 5.85× 10−2 4.82× 10−3 5.92× 10−2

200 50 7.71× 10−2 1.02× 10−2 1.09× 10−1 6.29× 10−2 5.21× 10−3 5.58× 10−2

Table V: Prediction errors vs. training size (N).
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3.1.4 Prediction error vs. time saving
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Figure 7: Prediction errors vs. Time Saving (∆tsaving).
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3.1.5 Prediction errors and time saving vs. training size
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Figure 8: Plot of Time Saving (∆tsaving) with (a) Normalized Mean Error (NME) and (b) Matching Error
(ME) vs training size (N) when considering an incremental training with random selection of Nl training
samples form a set of S available simulations and testing the corresponding Kriging model on a test set made
by the remaining Ml = (S −Nl) simulations.

3.1.6 Computational time for the training set generation (Intel(R) Core(TM) i5-3570 @ 3.40GHz,

8-GB-Ram)

• Average time to compute the fitness associated to a trial solution: ∆tsimavg ≃ 7620 [sec] (≃ 2.12 [h]);

• Time required to compute the τ = 250 training samples: ∆tsimtot ≃ 1.91× 106 [sec] ≃ 529 [h] ≃ 22 [days].
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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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