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Abstract—A statistical design centering approach is introduced, to achieve the optimal design center
point of one-dimensional photonic crystal-based ﬁlters which are parts of several optoelectronic systems.
Up to our knowledge, it is the ﬁrst time that a design centering approach is applied to such a
design problem. The proposed approach seeks nominal designable parameter values that maximize the
probability of satisfying the design speciﬁcations (yield function). Thus, the achieved optimal design
center point is much more robust to unavoidable designable parameter variations, occurring during
fabrication process, for example. The yield maximization problem is formulated as an unconstrained
optimization problem solved by derivative-free based-algorithm (NEWUOA) coupled with a variance
reduction yield estimator to reduce large number of required system simulations. The ﬂexibility and
eﬃciency of the proposed design centering approach are demonstrated by two practical examples: band
pass optical ﬁlter and spectral control ﬁlter. A comparison with Minimax optimization technique is also
given.

1. INTRODUCTION
Recently, with the massive development in optical communications systems, research attention has
been paid to optical devices. One important device of these applications is photonic ﬁlter [1–4], used
for manipulating electromagnetic waves (EMW) over frequency spectrum, ranging from radio waves up
to optical wavelengths. These ﬁlters play a vital role in many applications, including ultrahigh speed
wireless communications, eye protection glasses, biological and chemical imaging, security screening and
anti-reﬂecting coating for solar cells, as well as thermophotovoltaic (TPV) applications [5–17]. Generally,
Photonic Crystal (PC) ﬁlters are composed of dielectric-dielectric or metallic-dielectric nanostructures
which are repeated regularly in a way that may result in the appearance of what is called photonic
band gap (PBG). The PBG is deﬁned as a range of forbidden frequencies within which transmission of
light is blocked, as it is totally reﬂected or absorbed. This PBG exists as a result of the multiple Bragg
scattering of the incident electromagnetic waves (EMW).
The structure of such a 1D PC-based ﬁlter is characterized by some designable parameters x ∈ Rn
and some performance measures fi (x), i = 1, 2, . . . , m. The designable parameters may include one
or more of the refractive indices of the layers nj , layer thicknesses dj and number of periods N . The
performance measures may be the output transmittance, reﬂectance or absorbance-response of the ﬁlter.
These ﬁlter performance measures are usually evaluated through certain numerical system simulations.
According to the application, design speciﬁcations are suggested by designers through specifying bounds
on the performance measures. These design speciﬁcations deﬁne a region in the design parameter space
called feasible region Rf . If a point x lies inside the feasible region Rf , then all the corresponding design
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speciﬁcations are satisﬁed. The objective of optimal system design is to ﬁnd a design point within Rf
that best ﬁts the predeﬁned design speciﬁcations. Generally, the problem of ﬁnding optimal design
point can be formulated as an optimization problem according to the used criterion [18]. These criteria
may be for example, least squares criterion, minimax criterion and design centering criterion. Hence,
ﬁnding the optimal design point of the system necessitates the solution of an optimization problem.
The usage of optimization techniques, for achieving the optimal design of 1D PC ﬁlters, has
been discussed, in literature, through diﬀerent criteria. For instance, heuristic based-criteria, such
as Genetic Algorithm, Particle Swarm and Simulated Annealing, have been applied on diﬀerent PC
ﬁlters structures [5, 10–11, 13, 15]. In [9, 16], convex and minimax optimization approaches have been
applied, respectively, to achieve the optimal design of multilayer PC structures.
In general, system parameters are subject to known but unavoidable statistical ﬂuctuations inherent
to the manufacturing processes used or due to model uncertainties. This may cause some of the
manufactured devices to violate the design speciﬁcations. The percentage of outcomes that satisfy
the design speciﬁcations is called the production yield. Production yield is an important factor of
the fabrication cost, it is always said “the smaller the yield, the higher the manufacturing cost”.
One of the most important issues of optimal system design is to maximize the production yield prior
to the fabrication process. Production yield maximization can be achieved through design centering
optimization process, which seeks the nominal values of designable system parameters that maximize
the probability of satisfying the design speciﬁcations (yield function). Hence, the aim of design centering
optimization process is to achieve a robust optimized-system which is immune against statistical
variations that aﬀect the system parameters.
The nanotechnology revolution led to a size reduction in all electronics and optoelectronic devices.
The dimensions of such devices are in nano-meters and parts of them reached the size of few atoms [17].
The target of optimization techniques is to suggest the numerical values of the parameters that lead
to the best and optimum performance of the device or circuit. From the fabrication point of view for
nanoscale dimensions, such achieved optimum values for thickness of layers must be considered as guide
lines for fabricating such structures with the closest thickness to the theoretically obtained ones. This
is because, we are, in fabrication, restricted by the size of atoms and this size diﬀers from material to
another. However, for any obtained thickness, an approximate value to the nearest practical one will
not aﬀect the yield obtained as it has been already taken into account in the problem formulation.
In this paper, we propose an optimization approach, belonging to the class of statistical design
centering optimization approaches [18–22], in which the objective is to maximize the yield function
explicitly. In this approach, the design centering problem is formulated as an unconstrained yield
optimization problem. This problem is solved by using derivative-free trust region based algorithm
(NEWUOA) [23, 24] coupled with a variance reduction technique [25], for estimating the yield function
values. This enables to reduce the large number of required system simulations.
2. STATISTICAL DESIGN CENTERING OPTIMIZATION PROBLEM
FORMULATION
Design centering is an optimal design process that attempts to ﬁnd the best nominal values of system
parameters which make the design more robust against system ﬂuctuations. Assume that the feasible
region Rf (where the design speciﬁcations are satisﬁed) is given as:
Rf = {x ∈Rn |fi (R (x)) − βi ≤ 0,

i = 1, 2, . . . m}),

(1)

where x  Rn is the vector of the designable parameters, R : Rn →Rm the ﬁlter response vector, n
the number of designable parameters, m the number of constraints, fi the i-th performance measure
function, and βi the corresponding speciﬁcation bound. In order to simulate the statistical ﬂuctuations
that aﬀects the system parameters, the designable parameters are assumed to be random variables with
a joint probability density function (PDF) P (x, µ), where µ are the distribution parameters, e.g., vector
of mean values x0 ∈ Rn and covariance matrix Σ ∈ Rn × Rn . The mean vector x0 is considered to
be the nominal parameter values. Thus, a yield function Y (µ), which is the probability that a certain
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point x satisﬁes the desired design speciﬁcations (i.e., lies inside Rf ), is deﬁned as:

P (x, µ) dx
Y (µ) =

(2)

Rf

However, during the design centering process, only the vector of mean values x0 is allowed to be variable,
while all other distribution parameters are assumed to have speciﬁc values given by the manufacturer,
for example. Then, design centering (yield maximization) problem is formulated as an unconstrained
optimization problem given by:
(3)
max Y (x0 ).
x0

2.1. Yield Function Estimation
The evaluation of the yield integral in Eq. (2) requires evaluating an n-dimensional integral over a nonexplicitly-deﬁned region (Rf ). Therefore, the yield value for a given nominal design point x0 cannot
be evaluated analytically, however; it can only be estimated. The Monte Carlo method [26] is one of
the most popular methods used to estimate Eq. (2). It depends on introducing an acceptance index
function, Ia : Rn → R, deﬁned as:

1 if x ∈ Rf
(4)
Ia (x) =
0 if x ∈
/ Rf
where Rf is the feasible region deﬁned in Eq. (1). Thus, the yield integral in Eq. (2) is estimated as
the expectation of Ia (x), i.e.,

(5)
Y (x0 ) ∼
= E {Ia (x)} = Ia (x) P (x, x0 ) dx.
Rn

The Monte Carlo yield function Y (x0 ) is then estimated from the percentage of sample points
satisfying desired speciﬁcations (acceptable sample points) out of a set of sample points x(l) , l =
1, 2, . . . , K, generated randomly in the design space using the PDF of the designable parameters.
Thus, the yield function at the nominal parameter vector x0 can be estimated as:
Y (x0 ) =

K
1 
k
Ia (x(l) ) =
K
K

(6)

l=1

where x(l) is the l-th generated sample, k the number of acceptable sample points, and K the total
number of generated samples. Hence, the yield value is estimated as the percentage of the generated
samples that satisfying the design speciﬁcations.
In fact, the error in estimating a yield value using Eq. (6) is inversely proportional to the number
of generated samples K [27]. Therefore, to achieve accurate yield estimation, a large number of samples
should be generated. This means that a large number of system simulations is required which, in
turns, necessitates large computational time. However, variance reduction techniques can be exploited
to achieve the same conﬁdence level with much smaller number of required samples. The notion of
the variance reduction technique is to spread the generated samples as evenly as possible around the
interior design space. In this paper, Latin hypercube sampling (LHS) technique [25] is used, since it is
computationally inexpensive and does not require any prior knowledge about the simulated system, as
well as it provides more accurate estimation of the system response than the other variance reduction
techniques. The main idea of LHS is to divide the design space into non-overlapping equi-probable
subregions. Then, the samples are selected such that all subregions are covered.
It is noted that the yield optimization problem treated here is completely concerned with the
statistical ﬂuctuations that aﬀect the system parameters not the precision of them. In addition, the
problem of yield maximization is tackled through treating the design parameters as random variables
with certain distribution.
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2.2. A Derivative-Free Optimization Algorithm
In general, statistical design centering has some permanent special diﬃculties. One of these diﬃculties
is the cost of ﬁnding a multitude of the yield function evaluations during the optimization process.
Another diﬃculty in statistical yield optimization is the need for a derivative-free optimizer due to the
absence of any exact or approximate gradient information about the yield function. Any method can be
used to approximate the gradient of the yield highly increases the computational overhead. Moreover the
estimated yield values are usually contaminated by some numerical noise resulting from the estimation
uncertainty.
One of the most reliable derivative-free trust region optimization algorithms is NEWUOA [23, 24].
The NEWUOA algorithm uses a quadratic interpolation scheme and a trust region mechanism to
recursively construct and maximize quadratic models of the yield within a trust region. It guarantees
global convergence together with fast local convergence. The basic idea of NEWUOA is to approximate
the yield function Y (x0 ) using a quadratic model, which is maximized within a trust region (sphere,
for example). Then, the quadratic model is updated iteratively through the optimization process. The
estimated yield function values are submitted to the optimizer via system simulations and employing
the LHS sampling technique. A theoretical summary of NEWUOA is given below.
The computationally expensive yield function is locally approximated around a current iterate xi0
by a much cheaper quadratic model Q(x) in the form

 1
T 

x − xi0 H x − xi0 ,
(7)
Q (x) = a + gT x − xi0 +
2
where a ∈ R, g ∈ Rn , and the symmetric matrix H ∈ Rn×n are the unknown parameters of Q(x).
These parameters are determined by interpolating the yield at m = 2n+1 points using the interpolating
conditions
(8)
Q (xk ) = Y (xk ) , k = 1, 2, . . . , m
where xk are the interpolation points. The freedom in m is taken up by minimizing the Frobenius norm
of the change in the Hessian matrix H, i.e., Hnew −Hold F .
The model in Eq. (7) is then maximized, instead of the yield function, over a current trust region
by solving the following trust region sub-problem
maxs Q(xt + s), subject to s ≤ Δ,

(9)

where Δ is the current trust region radius and xt the current point. The radius Δ is revised based on
the agreement between the model and the actual function at the new point (xt + s∗ ) measured by the
w=

f (xt ) − f (xt + s∗ )
,
Q (xt ) − Q (xt + s∗ )

(10)

where s∗ is the solution of trust region sub-problem Eq. (9). The algorithm is terminated when the
trust region radius reaches a user-deﬁned lower bound. Numerically, NEWUOA shows good results and
acceptable accuracy in problems with dimensions up to 320 variables.
3. 1D PHOTONIC CRYSTALS BASED-FILTERS
A photonic ﬁlter, based on 1-D PC structure, consists of a unit cell repeated periodically. This unit cell
includes two, three or even more of dielectric/dielectric or dielectric/metallic layers, as shown in Fig. 1.
Incident and substrate media surround the ﬁlter, with refractive indices n0 and ns , respectively. Such
a ﬁlter conﬁguration is characterized by the number of repeated periods N , layers thicknesses dj , and
layers refractive indices nj .
Generally, Maxwell’s equations govern the propagation of EMW through any structure. In the case
of normally incident EMWs on a structure of 1-D non-magnetic materials, the following equation for
charge free, current free structure can be produced out of 1-D Maxwell’s equations:
∂ 2 Ez (x) ω 2
+ 2 εr (x) Ez (x) = 0,
c
∂x2

(11)
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Figure 1. General conﬁguration of a 1-D PC based-ﬁlter.
where εr (x) is the relative permittivity of the medium, Ez (x) the electric ﬁeld vector assuming polarized
along the z-direction, ω the angular frequency, and c the speed of EMW in free space.
The general form of the solution of Eq. (11) in the j-th layer takes the form:
Ej (x) = aj einj k(x−xj ) + bj e−inj k(x−xj ) ,

(12)

where aj and bj are the forward and backward electric ﬁeld amplitudes in the j-th layer respectively
(as declared in Fig. 1). xj is the coordinate of the j-th interface and k the free space wave number.
The transfer matrix method (TMM) [28] is used to determine the output response vector of the
ﬁlter R(x), which includes one or all of the transmittance, reﬂectance and absorbance-ﬁlter response.
The TMM depends on applying the continuity conditions of the electric ﬁeld at each interface.
Following the same steps used in [16], the response vector R(x) components are calculated as:
ns 2
|t| ,
(13a)
T =
n0
(13b)
R = |r|2 ,
A = 1−T −R
(13c)
where t, T, r, R and A are the associated transmission coeﬃcient, transmittance, reﬂection coeﬃcient,
reﬂectance, and absorbance responses of the entire ﬁlter structure.
4. PRACTICAL EXAMPLES
In this section, the proposed statistical design centering approach is applied to achieve the optimal
design center point of two practical 1D PC ﬁlters. All results of this section are obtained while the
designable parameters are assumed to have normal statistical distributions. Furthermore, all yield
values are estimated by 100 sample points. It is noticed that for all the given examples in our study,
the covariance matrices Σ are assumed to have speciﬁc values. For realistic cases, they may be given
by the manufacturing lab.
4.1. A Wide Bandpass Optical Filter
A wide bandpass optical ﬁlter (WBP-OF) is required to pass EMW in the visible range, and rejects
both infrared and ultraviolet spectra. The suggested structure of the WBP-OF is a 1D PC comprising
of a unit cell repeated 5 times [12]. The unit cell consists of two diﬀerent dielectric layers, namely SiC
and SiO2 , with a single silver layer (Ag) between them. This structure is denoted by (SiC/Ag/SiO2 )5 .
The refractive indices of the incident, n0 and substrate, ns media are assumed 1 and 1.52, respectively.
A unity value is assigned to the forward amplitude of the incident electric ﬁeld. The refractive index of
SiO2 is taken as 1.45, whereas, in order to consider the frequency dependency of the layered media, the
refractive indices of Ag and SiC are assigned to practical measured values [29].
The feasible region of this example is deﬁned by the constraints:
fi (R (x)) < 0,

(14)
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where


R (x) =

Ri (x) − LB, for 300 nm < λi < 350 nm
U B − Ri (x) , for 450 nm < λi < 700 nm
Ri (x) − U B, for 800 nm < λi < 900 nm

(15)

where Ri (x) = T (λi ) is the transmittance at wavelength λi , whereas LB and UB are lower and
upper bounds for the proportion of the desired transmittance at the passband and stopband regions,
respectively.
4.1.1. Periodic Thickness
First, we consider a periodic ﬁlter structure, i.e., the unit cell is repeated with the same thicknesses.
Thus, the designable parameters are only three, namely d1 , d2 and d3 , which are the periodic thicknesses
of SiC, Ag and SiO2 layers, respectively.
Initially, we study the case of uncorrelated parameters with a diagonal covariance matrix Σ1 , whose
all diagonal elements are set to 0.1. The constraints are adjusted as LB = 75% and UB = 7%. Starting
from an infeasible initial center point x(0) = [20 10 70]T (nm), suggested in [12], whose corresponding
yield equals 0%, we can achieve an optimal center solution x∗1 = [21.46 10.09 54.09]T (nm), for which
the yield is raised to 54%. Although the achieved yield is still small, it reﬂects the critical sensitivity of
the problem.
The transmittance and absorbance responses of the ﬁlter are compared in Fig. 2 for both the initial
and optimal design center points. Moreover, to visualize the achieved enhancement of the yield, Fig. 3
depicts the transmittance responses of the samples generated around the design center points x(0) and
x∗1 .

(a)

(b)

Figure 2. (a) Transmittance and (b) Absorbance of (SiC/Ag/SiO2 )5 , before and after design centering.
The case of periodic thickness is considered. The initial point is [20, 10, 70]T and the optimal point is
x∗1 .
In order to achieve higher yield value, two diﬀerent strategies may be employed. The ﬁrst of which
is to consider the design problem by relaxing constraints; however, that will aﬀect the performance of
the optimized response.
The second strategy is using another covariance matrix which best describes the feasible region of
the problem. To obtain such a covariance matrix, we ﬁx the design parameters and ﬁnd the optimal
elements of the covariance matrix. Then, two new covariance matrices Σ2 and Σ3 are obtained regarding
the case of uncorrelated and correlated designable parameters, respectively.

0.1448
0
0
0
0.0012
0
,
(16a)
Σ2 =
0
0
0.5894

0.1656
0.0117 −0.0731
0.0117
0.0030 −0.0139 .
(16b)
Σ3 =
−0.0731 −0.0139 0.5322
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Y = 0%

Y = 54%

(a)

(b)

Figure 3. A comparison between the transmittance responses of samples generated around (a) the
initial nominal design point x(0) and (b) the optimal nominal design x∗1 . The case of periodic thickness
is assumed, and the spherical covariance matrix Σ1 is considered.
Again, the previous problem is solved for Σ2 and Σ3 , and two new center points, tabulated in
Table 1, are achieved. A signiﬁcant yield enhancement is achieved at x∗2 and x∗3 as declared in Table 1.
Fig. 4 compares the transmittance responses of the samples generated around the initial center point
x(0) and around the optimal center point x∗3 .
Table 1. Yield values for the WBP-OF at design speciﬁcations LB = 75 and UB = 7. Diﬀerent
covariance matrices are considered.
Covariance Matrix

Initial Yield

Design Centering Solution

Σ1
Σ2
Σ3

0%
0%
0%

[21.46, 10.09, 54.09]T
[21.19, 10.10, 54.83]T
[20.99, 9.96, 54.11]T

Y = 0%

Y = 96%

(a)

(b)

Final Yield at Design
Centering Solution
54%
95%
96%

Figure 4. A comparison between the transmittance responses of samples generated around (a) the
initial center design point x(0) and (b) the optimal center design x∗3 . The case of periodic thickness is
assumed, and the oriented ellipsoidal covariance matrix Σ3 is considered.
In order to demonstrate the superiority and eﬃciency of the statistical design centering approach, we
compare the solutions achieved using our proposed approach to the solutions obtained when solving the
same problem using the minimax optimization approach [16]. The results obtained for the constraints,
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Table 2. A comparison of yield values for the WBP-OF at design speciﬁcations LB = 75 and UB = 7.
Two optimization approaches and diﬀerent covariance matrices are considered.
Covariance Matrix

Initial Yield

Σ1
Σ2
Σ3

0%
0%
0%

Final Yield
Minimax Solution Design Centering Solution
47%
54%
85%
95%
89%
96%

LB = 75% and UB = 7%, are tabulated in Table 2. It is clear that a higher yield value is always
achieved using the proposed design centering approach.
4.1.2. Aperiodic Thicknesses
Now, in order to enhance the performance of ﬁlter response, we consider the case of an aperiodic
thickness structure, at which the layers are repeated with diﬀerent thicknesses. Thus, the designable
parameters vector becomes: x = [d1 d2 . . . d15 ]T , where dj is the j-th layer thickness in nanometer. Two
uncorrelated covariance matrices, regarding the 15-designable parameters, are considered here, namely
Cov1 and Cov2 . They are the periodic repetition of the normalized identity covariance matrices, Σ1
and the diagonal matrix Σ2 , deﬁned in Eq. (16a).
4.1.2.1 Infeasible Initial Point
Consider the covariance matrix Cov1 and suppose the constraints as LB = 80% and UB = 10%.
Then, starting from the infeasible initial center point x(0) [12], we obtain the following optimal center
point: [18.62 9.99 69.56 20.20 11.19 68.91 18.85 11.0761.16 20.47 10.19 69.33 18.88 7.78 70.86]T (nm),
denoted by center point 1 (CP1 ). A dramatic increase of the yield, from 0% to 90%, is achieved at
CP1 . Also, a very good ﬁlter response enhancement is achieved at the optimal center point CP1 as
shown in Fig. 5. The transmittance responses of the samples generated around the center design points
x(0) and CP1 are drawn in Fig. 6.

(a)

(b)

Figure 5. (a) Transmittance and (b) absorbance of (SiC/Ag/SiO2 )5 , before and after design centering.
The case of aperiodic thicknesses is considered. The initial point is x(0) and the optimal center point is
CP1.
4.1.2.2 Feasible Initial Solution
It is clear that the computational cost of the design centering approach soars as the problem’s
dimension increases. However, to overcome this issue, we may ﬁrst apply a less computational cost
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Y = 90%

(b)

Figure 6. A comparison between the transmittance responses of samples generated around (a) the
initial center design point x(0) and (b) the optimal center point CP1. The case of aperiodic thicknesses
is assumed, and the covariance matrix Cov1 is considered.

Y = 25%

(a)

Y = 86%

(b)

Figure 7. A comparison between the transmittance responses of samples generated around (a) the
minimax design point and (b) the optimal design center point. The covariance matrix Cov2 is considered
and the constraints LB = 82 and UB = 5 are assumed.
optimization approach (like-minimax approach) to obtain a feasible design point. Afterwards, the
design centering approach is applied to center this feasible design point inside the feasible region, to
increase the yield value.
As an example to this procedure, let’s consider the constraints:
LB = 82% and
UB = 5%.
Starting from the infeasible point x(0) , we obtain the minimax solution:
[30.05 17.31 18.60 51.44 16.87 13.80 48.32 16.19 18.58 52.36 17.62 3.00 37.94 3.00 65.37]T . Then, by taking this minimax solution as the initial center point of the design centering approach, we obtain an optimal center point: [29.49 17.83 14.22 52.75 16.02 18.60 45.72 16.51 17.25 51.83 17.26 4.08 35.46 2.55 94.20]T ,
considering the covariance matrix Cov1 . While, an optimal center point: [28.94 17.59 14.58 52.13 16.06
17.55 46.28 16.17 17.34 51.75 17.67 2.48 36.74 2.48 95.11]T is obtained when the covariance matrix
Cov2 is considered. The obtained yield values are tabulated in Table 3. Obviously, a much higher yield
is achieved at the obtained design center points, in comparison with the minimax solution. Moreover,
Fig. 7 compares the transmittance responses of the generated samples around both the minimax solution
and the optimal center point of Cov2 .
4.2. A Spectral Filter
Spectral ﬁlters are used for enhancing the eﬃciency of thermophotovoltaic (TPV) systems [8]. The
TPV system is an energy converter that converts thermal heat into electrical energy. It consists of a
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Table 3. Yield results for the WBP-OF at design speciﬁcations LB = 82 and UB = 5. Independent
design parameters are assumed.
Covariance Matrix

Initial yield [12]

Yield at Minimax Solution

Final Yield∗

Cov1

0%

7%

45%

Cov2
0%
25%
*The design centering approach is applied on the minimax solution.

86%

thermal heater (an emitter) and a photovoltaic (PV) cell. The function of the emitter is to emit EMW
onto the PV cell. Transmitted photons having energies above or equal to Eg (the bandgap energy) of
the PV cell can be absorbed, then electron-hole pairs are generated, and current is produced. However,
photons having energies below the Eg will not be absorbed and will be lost, which limits the overall
eﬃciency of the TPV system. Hence, a spectral ﬁlter is required to be placed between the emitter and
the PV cell, to transmit all EMW radiations with wavelength below the PV cell bandgap wavelength,
λg = hc/Eg , and reﬂects all the radiations corresponding to wavelength higher than λg . (h is Planck’s
constant and c the speed of EMW in free space.)
The performance of the spectral ﬁlter and the TPV system is assessed with respect to two ﬁgures
of merit (FOM) which are: the passband eﬃciency of the ﬁlter (ηp ) and the spectral eﬃciency of the
TPV system (ηsp ). These FOM are estimated as follows [16]:
 λg
I(λ, Tem )T (λ)dλ
,
(17a)
ηp = 0  λg
I(λ, Tem )dλ
0
 λg
I (λ, Tem ) T (λ) dλ
0
,
(17b)
ηsp =  ∞
I (λ, Tem ) {1 − R (λ)} dλ
0

where T (λ) and R(λ) are the transmittance and reﬂectance responses of the spectral ﬁlter, respectively.
I(λ, Tem ) is the radiant intensity of the black body at wavelength λ and temperature Tem . It is calculated
as [8]:
2πhc2
(18)
I(λ, Tem ) = 5 hc/λk T
B em −1)
λ (e
where kB is Boltzman constant. For an ideal spectral ﬁlter, ηp and ηsp equal 100%.
The emitter radiation is considered as an ideal blackbody radiation with 1500 K temperature. The
PV material is assumed to be gallium antimonide (GaSb), corresponding to a refractive index of 3.8
and band gap wavelength λg = 1.78 µm. Due to low energy of the blackbody radiation below 0.85 µm
and above 6.5 µm, the ﬁlter is designed to have a transmittance as high as possible in the wave band of
0.85–1.78 µm and becomes as low as possible in the band of 1.79–6.5 µm.
A suggested structure of the spectral ﬁlter is a 1D PC denoted by: SiO2 (Ag/SiO2 )N , where the
ﬁrst dielectric layer is added to improve the ﬁlter matching with the incident medium [14, 16]. The
refractive indices of the incident and substrate media are assumed to be 1 and 3.8, respectively. A unity
value is assigned to the forward amplitude of the incident electric ﬁeld, and the refractive index of SiO2
is set to 1.5. Furthermore, the absorption and frequency dependency of Ag-layers are considered, by
using the Drude Model [8] to calculate the refractive index of Ag.
The feasible region of the design problem is deﬁned by the following constraints:
fi (R (x)) < 0,

(19)

Progress In Electromagnetics Research M, Vol. 49, 2016

163

⎧
T
≥ LB1
⎪
⎨ avg P B
Tavg SB ≤ U B
R (x) =
,
(20)
⎪
⎩ ηsp ≥ LB2
ηp ≥ LB3
where Tavg P B and Tavg SB are the average transmittance of passband (0.85 µm < λ < 1.78 µm) and
stopband (1.79 µm < λ < 6.5 µm) regions, respectively. ηsp and ηp are the spectral and passband
eﬃciencies, respectively. LB1 , LB2 and LB3 are lower bounds of Tavg P B , ηsp and ηp , respectively. UB is
an upper bound of Tavg SB .
Two covariance matrices are considered during the folowing optimization procedures. The ﬁrst is
denoted by Cov3 and refers to a diagonal spherical covariance matrix whose all entries are equal to
0.1. The second matrix is an optimized, to best describe feasible region, ellipsoidal diagonal covariance
matrix, Cov4 , which is the periodic version of the following matrix:


0.8704
0
,
(21)
0
0.0154
where the ﬁrst and second values are corresponding to the deviation of SiO2 and Ag layers thickness,
respectively.
4.2.1. 5-Dimensional Design Problem
First, the number of periods, N , is set to 2. Thus, the designable parameters’ vector becomes:
x = [d1 d2 . . . d5 ]T . The constraints are adjusted as: LB1 = 75%, UB = 2.5%, LB2 = 66% and
LB3 = 71.5%. Initially, the thickness of dielectric materials (SiO2 ) is adjusted to satisfy the quarterλ
wave-thick (QWT) design, (nD dD = 4ngD ), whilst the Ag-layers’ thickness is set as 10 nm. For simplicity,
this initial point is referred as the QWT design point.
The minimax solution of this problem is [126.74 4.56 269.29 3.98 324.47]T (nm). By taking this
minimax solution as the initial center point of the design centering approach, we obtain an optimal center
point: [124.19 4.78 269.43 3.83 329.93]T (nm), relating to the covariance matrix Cov3 . On the other
hand, an optimal center point [123.28 4.69 269.53 3.76 330.03]T (nm) is obtained when the covariance
matrix Cov4 is assumed. The results of the yield values are tabulated in Table 4, which illustrates
the achieved yield enhancement at the obtained design center points, in comparison with the starting
minimax solution.
Table 4. Yield results for the SiO2 (Ag/SiO2 )2 spectral ﬁlter. The design speciﬁcations: LB1 = 75,
UB = 2.5, LB2 = 66 and LB3 = 71.5 are assumed and two diﬀerent covariance matrices are
considered.
Covariance Matrix Initial Yield (QWT) Yield at Minimax Solution Final Yield*
Cov3
0%
16.2%
27.3%
Cov4
0%
39.4%
71.7%
*The design cenetering approach is applied on the minimax solution.
Table 5. Yield results for the SiO2 (Ag/SiO2 )3 spectral ﬁlter. The design speciﬁcations: LB1 = 79,
UB = 2, LB2 = 66 and LB3 = 77 are assumed and two diﬀerent covariance matrices are considered.
Covariance Matrix Initial Yield (QWT) Yield at Minimax Solution Final yield*
Cov3
0%
13%
20%
Cov4
0%
62%
71%
*The design centering approach is applied on the minimax solution.
4.2.2. 7-Dimensional Design Problem
Finally, the number of periods is adjusted to 3 such that the design vector becomes: x =
[d1 d2 . . . d7 ]T . The design speciﬁcations are assumed as: LB1 = 79%, UB = 2%, LB2 = 66%
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and LB3 = 77%.
Starting from the QWT design point, the obtained minimax solution is:
[120.59 4.15 259.74 3.61 238.82 3.00 327.15]T (nm). Applying the proposed design centering approach
on this minimax solution, the optimal center points [118.59 4.11 260.02 3.58 239.22 2.93 325.94]T (nm)
and [118.62 4.11 259.68 3.57 240.16 2.93 325.92]T (nm) are achieved, in the case of covariance matrices
Cov3 and Cov4 , respectively. Table 5 summarizes the achieved enhancement of yield values.
5. CONCLUSIONS
Simulated-driven optimization plays a vital role in the design cycle of engineering systems. Besides
achieving the optimal system design, it provides an important road map to save time and money before
doing the fabrication step. In this paper, a statistical design centering approach is introduced to obtain
an optimal design center point of 1D PC-based ﬁlters. This optimal center point design not only satisﬁes
required design speciﬁcations, but also maximizes the yield function, making the obtained optimal point
robust against the expected but unavoidable ﬂuctuations occurring during fabrication process. The yield
optimization problem here is completely concerned with the statistical ﬂuctuations that aﬀect the system
parameters not the precision of them. The algorithm of the statistical design centering is presented,
including the formulation of the corresponding unconstrained yield maximization problem, which is
solved using a derivative-free algorithm (NEWUOA). The proposed approach is applied to obtain the
optimal design center points of two practical 1D PC ﬁlters, namely, wide band pass optical ﬁlter and
spectral ﬁlter. Diﬀerent design speciﬁcations, initial points and dimensions of the design problem are
considered, in order to investigate eﬃciency and robustness of the proposed approach. Moreover, the
superiority of the presented approach is convincingly shown by comparing the achieved results to the
corresponding minimax results. From the fabrication point of view, such achieved optimum values for
thickness of layers must be considered as guidelines for fabricating such structures with the closest
thickness to the theoretically obtained ones. This is because these layers are so thin, just few atoms
thick, and in fabrication, it is restricted by the size of atoms. This is done in all theoretical calculations
and optimizations. However, for any obtained thickness, an approximate value to the nearest practical
one will not aﬀect the yield obtained out of the proposed approach.
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