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Bi-objective robust design optimization for LED lens design

Abstract. The primary objective of this paper is to propose bi-objective robust design optimization models for LED lens design. The viewing angle
and the luminance uniformity are used as the two optical quality objectives. Based on the experimental designs, the response surface methodology
is applied to identify the functional relationships between input factors (i.e., design parameters) and their two output responses. Then, the dual
response model is applied to determine the optimal solutions. In addition, the e-constrained method is developed to identify the optimal design
parameter settings. Moreover, the weighted sum model based on the quality loss function is proposed to consider the trade-off between two
conflicting objectives. The final results show that the proposed models are far more effective than the existing method in LED lens design.

Streszczenie. Gfdwnym celem tego artykutu jest zaproponowanie dwdéch dwuobiektywnych, solidnych modeli optymalizacji konstrukcji dla
konstrukcji soczewek LED. Kat widzenia i jednorodno$¢ luminancji sg uzywane jako dwa optyczne cele jako$ci. W oparciu o projekty
eksperymentalne zastosowano metodologie powierzchni odpowiedzi w celu zidentyfikowania funkcjonalnych zalezno$ci miedzy czynnikami
wejsciowymi (tj. parametrami projektowymi) a ich dwiema odpowiedziami wyjsciowymi. Nastepnie opracowywany jest model podwdjnej odpowiedzi
w celu okreslenia optymalnych rozwigzan. Ponadto zaproponowano metode z ograniczeniami & w celu identyfikacji optymalnych ustawien
parametrow projektowych. Kompromis migedzy dwoma sprzecznymi celami moze by¢ zagrozony przy uzyciu proponowanych modeli. Ostateczne
wyniki pokazujg, ze proponowane modele sg znacznie bardziej efektywne niz dotychczas stosowane metody projektowania soczewek LED.
(Dwuobiektywowa, solidna optymalizacja konstrukcji soczewki LED)
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Introduction

The light emitting diode (LED) has been widely used in
lighting systems due to its advantages of long lifetime, low
energy consumption, and being environmentally friendly.
Therefore, LEDs are now becoming alternative generation
light sources. However, the light distribution of LED chips,
which is considered Lambertian with the radiance property,
is quite different from traditional light sources, such as
incandescent, halogen, and fluorescent lamps [1]. LEDs
release energy in the form of light based on the combination
of electrons and holes. The distribution of light on the target
surface may be discontinuous in practical applications. In
addition, several contours of light may arise on the target
surface. The angular extent of light emitted by an
unmodified LED is near + 60°. The highest luminous
intensity of a LED source is concentrated at 90° to the
epitaxial axis [2]. For different practical applications of LEDs
in lighting, the two characteristics of unmodified LEDS
consisting of light distribution and efficiency may not
guarantee the specific requirements. To solve the problems,
the secondary lenses of LEDs need to be designed to
change achieve the proper light distribution with higher
efficiency.

In the literature, several works have proposed several
methods to identify the optical design process of LED
lenses. A freeform LED lens design for the illumination of
uniformity near 90% using numerical computations is
proposed [3]. Both numerical simulations based on the
Monte Carlo ray tracing method and experiments are used
to design a compact freeform lens for application-specific
light-emitting diode packaging [4]. For LED street lighting, a
new energy mapping method is provided for the optimal
design of a freeform lens to generate uniform illumination of
over 95% on the target plane [5]. An efficient and practical
design method for a LED-based reflector-array lighting
module for specific illuminance distribution is proposed [6].
Authors in [7] develop the simultaneous multiple surface
design method of diffractive optical surfaces besides
refractive and reflective ones. A facile automotive headlamp
optical configuration is proposed to solve the problem of
high cost and low optical efficiency of current LED-based
headlamps [8]. A uniform illumination design by
configuration of LEDs and optimization of LED lens is

presented for large-scale color-mixing applications [9].
Another research direction is to use statistical and
optimization methods to design optical lenses for time-
saving in the manufacturing process. The functional-link-
based neuro-fuzzy network with immune particle swarm
optimization is used to compensate for the backlight images
[10]. A search method using a neural network algorithm and
computer simulation is proposed to improve the surface
profile of injection molding optic lens [11]. A hybrid dynamic
pre-emptive and competitive neural-network approach is
proposed to solve the multi-objective dispatching problem
for TFT-LCD manufacturing [12]. Spectral power distribution
is estimated using neural network models [13]. The lens
array for LED backlight in the LCD imaging engine of the
helmet-mounted display is designed and optimized [14].
The simulated annealing algorithm is used to design an
LED array for achieving a good uniform illumination
distribution on the target plane [15]. An irradiance array
scheme is proposed to achieve the optimization design of
an irradiance array for LED uniform rectangular illumination
[16]. LED color is predicted using a boosting neural network
model for a visual-MIMO system [17]. The neural network is
developed to estimate the performance of an optical system
based on the errors of its individual components [18].

In recent years, the optical design process using optical
analysis software packages can save time, costs, and
manpower. Based on these software packages, several
design strategies can be implemented to obtain the desired
parameters of LED lens shapes. In the early stage, the trial-
and-error method is usually used to build the leans
dimensions and parameters. However, this method may be
time-consuming to identify the optimal lens. To solve this
optimization issue of LED lens design, the Taguchi method
is used in several works. The Taguchi orthogonal array,
signal-to-noise (SN) ratio, and principal component analysis
are used to optimize the multiple quality characteristics of
an LED pocket-sized projection display [19]. A combination
of Taguchi methods, principal component analysis (PCA),
and fuzzy theory is integrated to solve the multiple quality
characteristics in optimization experiments of a miniature
optical engine with high light efficiency and uniformity [20].
The Taguchi Lys orthogonal array, back-propagation neural
network, and genetic algorithm are used to determine the
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optimum design for LED lens design with 135° viewing
angle and 93.35% uniformity [21]. The Taguchi Las
orthogonal array, back-propagation neural network, genetic
algorithm, and particle swarm are combined to provide a
procedure for optimization of optical design for developing
an LED lens module [22]. The Taguchi method and PCA
are combined in an optical lens design for LED lighting with
over 92% light efficiency and an improvement in uniformity
[2]. The Taguchi method determines the optimal values of
optical uniformity factors of the backlight module [23]. The
Taguchi philosophy consists of two basic steps: the
experimental designs (or, the design of experiments) and
the SN ratio. Although this philosophy is widely recognized
in quality engineering, the Taguchi two-step method has
caused several controversy and debate [24]-[27].
Therefore, the Taguchi and response surface philosophies
are combined to establish the dual response approach
where the process mean and variance are separately
estimated as functions of control factors [28]. Based on that
milestone, the robust design (RD) methodology is
generated with three sequential steps, i.e., the experimental
design or design of experiments (DoE), estimation, and
optimization. The primary goal of the DoE step is to exploit
the information about the relationship between the input
factors and output responses. The main purpose of the
estimation step is to estimate the functional relationship
between these variables. Finally, the optimal settings of the
input factors are determined in the last one.

In the LED lens design optimization issue, the viewing
angle and the luminance uniformity are considered two
quality characteristics. Each quality characteristic is
examined as a single response approach in the RD
viewpoint. The optimal values of six factors including lens
bottom width, lens height, diameter of diffusion mechanism,
radius of lens negative camber, radius of lens positive
camber, and radius of curved surface of diffusion
mechanism are identified to satisfy the optimization targets:
(1) maximize the viewing angle and (2) maximize luminance
uniformity. Therefore, the primary purpose of this paper is to
solve the bi-objective robust design optimization models for
LED lens design. The response surface methodology
(RSM) is used to estimate the functional relationships
between the viewing angle and the luminance uniformity
and their six input factors. The simultaneous maximization
of the viewing angle and luminance uniformity may cause
conflict. Therefore, the dual response model is applied to
solve this issue. The - constrained method is developed to
identify the LED lens design. Furthermore, the weighted
sum model based on the quality loss function is established
to consider the trade-off between the viewing angle and the
luminance uniformity.

The remainder of this paper is organized as follows. In
Section 2, the proposed RD optimization models are
presented. In Section 3, the case study of LED lens design
in lighting is conducted. The conclusions are given in
Section 4.

Bi-objective robust design optimization models
Response surface methodology

In statistics, RSM is usually utilized to analyze and
estimate the functional relationship between input factors
and their corresponding output responses. The coefficients
in the input-output functional relationship are usually
estimated using the conventional least squares method, as
introduced by Box and Wilson [29]. The various
development status and future directions of RSM are
discussed in [30]. In the matrix form, the output response y
can be established as a function of input factors x as:

(1 y=xp+g

where B is a column vector of the coefficients and vector ¢
is the random error. The estimated function model is
represented as follows:

) y =Bx
where the coefficients are estimated using the least squares
method as

@  pP=xX"x"'XTy.

Dual response model

The dual response model proposed by Vining and
Myers is used to consider the trade-off between process
mean and variance. In this paper, the viewing angle and the
luminance uniformity are two objectives of optimization. The
primary goal of LED lens design is to maximize the viewing
angle and the Iluminance uniformity simultaneously.
Therefore, the dual response optimization model in this
paper can be modified and represented as follows:

@ max 91 x)

subject to 92 x)=1,
where 1, is the target value of the estimated function of the

luminance uniformity (i.e., 92 (x)).

gconstrained method

For multi-objective optimization issues, the main
purpose of this optimization model is to transform one of the
objectives into a constraint. The absolute deviation of one
objective and its corresponding target must be less than a
small predefined bias to relax the solutions. In this paper,
the bi-objective optimization model based on the e-
constrained method for two objectives can be represented
as follows:

Y, (%)

subject to ‘91(3() - z'l‘ <

max

®)

max

y; (%)

subject to ‘92 (x)—rz‘ <&

(6)

where 71, &1, and & are the target and upper bounds on the
absolute deviation of the viewing angle and the luminance
uniformity from their desirable target values, respectively.

Weighted sum model

The weighted sum model is probably the most popular
method used to solve bi-objective optimization. By
assigning different values of weights of two objectives, a
better compromise between the viewing angle and the
luminance uniformity can be obtained. The weighted sum
model using the quality loss function in this case study can
be shown as:

max

) a)[g/l(x)—q}z+(1—a))[§/2(x)—12]2

subject to 0<w<l

where wis the weight.

Case study

A case study given by Chen et al. [21] is utilized to
demonstrate the applicability of the above RD optimization
models in identifying the optimum of LED lens design. The
six design parameters are lens bottom width (A), lens height
(B), diameter of diffusion mechanism (C), radius of lens
negative camber (D), radius of lens positive camber (E),
and radius of curved surface of diffusion mechanism (F). In
the first stage, the setting range values of these six factors
are divided into five levels. An Lys (5°) orthogonal array is
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conducted where "5” denotes the levels of each factor and
"6” denotes the number of factors. According to the results
of the first stage, the radius of lens positive camber (E) is
determined to be fixed at 3.0 mm for a wide viewing angle
design. The setting range values of the five factors are
adjusted to achieve better parameters. Therefore, the
second Lys (55) orthogonal array for five control factors with
five levels is conducted. No. 26 to No. 30 are the
combination for tests derived from random numbers within
Taguchi experimental parameters. Consequently, an Lsg
orthogonal array is executed and represented in Table 1. In
their work, the genetic algorithm (GA) is used to solve the
optimization issues. Then, the optimal solutions are
compared to the Taguchi two-step method.

Table 1. Second experimental data table for case study

Input factors [mm] Output responses

A (X)) B (X2) C(xs) | D ()| F (xs) | Viewing | Luminance

angle | uniformity

Pl | [%](v2)

0.650 4.900 3.800 |2.500 | 2.350 | 129.00 88.95
0.650 4.950 3.850 [2.525|2.375| 131.00 89.62
0.650 5.000 3.900 |2.550 | 2.400 | 130.00 90.15
0.650 5.050 3.950 |2.575]2.425| 130.00 90.62
0.650 5.100 4.000 |2.600|2.450| 132.00 90.29
0.675 4.900 3.850 [2.550 | 2.450 | 131.00 87.97
0.675 4.950 3.900 [2.5752.350 | 129.00 91.63
0.675 5.000 3.950 [2.600 |2.375| 129.00 92.32
0.675 5.050 4.000 |2.500 |2.400 | 130.00 91.71
0.675 5.100 3.800 |2.525|2.425| 128.00 88.54
0.700 4.900 3.900 [2.600 | 2.425 | 134.00 88.92
0.700 4.950 3.950 [2.500 | 2.450 | 132.00 88.89
0.700 5.000 4.000 |2.525|2.350 | 133.00 88.87
0.700 5.050 3.800 |2.550 |2.375| 130.00 90.67
0.700 5.100 3.850 [2.5752.400 | 130.00 91.00
0.725 4.900 3.950 |2.525|2.400 | 129.00 89.79
0.725 4.950 4.000 |2.550|2.425| 131.00 89.76
0.725 5.000 3.800 |2.575|2.450 | 134.00 87.76
0.725 5.050 3.850 |2.600 | 2.350 | 128.00 91.94
0.725 5.100 3.900 [2.500 |2.375| 130.00 92.03
0.750 4.900 4.000 |2.575|2.375| 131.00 89.85
0.750 4.950 3.800 |2.600 | 2.400 | 130.00 90.09
0.750 5.000 3.850 [2.500 | 2.425 | 130.00 89.43
0.750 5.050 3.900 |2.525|2.450 | 133.00 89.46
0.750 5.100 3.950 [2.550 | 2.350 | 134.00 88.08
0.710 5.070 3.830 [2.5352.360 | 129.00 90.76
0.750 5.010 3.860 |2.540|2.370 | 128.00 89.88
0.690 4.990 3.890 [2.545|2.380 | 129.00 89.89
0.680 4.970 3.920 [2.560 | 2.390 | 130.00 89.06
0.740 4.930 3.940 [2.5702.410 | 129.00 88.67

By using RSM, the estimated functions of viewing angle
and luminance uniformity are represented as follows:

Y, (X) = 3540 - 2773% +1110%, + 983,
~1393x, —3984Xs +557%% — 65%7

+96X3 +428X3 +515%2 +402%,%,
+341X% X3 = 572X X4 + 47X X5 — 118Xy X3

(8

~

—46X2X4 —7OX2X5 —436X3X4 —108X3X5 +879X4X5
Y, (%) = —2084 +835%, —108x, —47x;

+1175%, +629xs +201x7 +56X3 +46.3%3
9

~

+271xﬁ —195x52 —4TX Xy —15% X3 — 601X Xy -

+292X% X5 —35%X5 X3 —102X5 X4 — 9%y Xs

—24T%3%X4 +209%3X5 —270X4 X5

The corresponding analysis of variance (ANOVA) tables

of the two estimated functions are shown in Tables 2 and 3,
respectively. The main and interaction effects plots of five

input factors on the two output responses are shown in
Figures 1 and 2, respectively.

Table 2. ANOVA table for the estimated function of the viewing

angle
Source DF | AdjSS | AdjMS | F-value | P-value
Regression | 20 | 70.5569 | 3.52784 1.53 0.262
X1 1 3.5291 | 3.52914 1.53 0.248
X2 1 0.9731 | 0.97310 0.42 0.533
X3 1 0.9285 | 0.92851 0.40 0.542
X4 1 0.8759 | 0.87588 0.38 0.553
Xs 1 4.8719 | 4.87192 2.1 0.181
X1*X4 1 2.4546 | 2.45457 1.06 0.330
X2* X2 1 0.2780 | 0.27802 0.12 0.737
X3*X3 1 1.2931 1.29308 0.56 0.474
Xa*Xq 1 1.5801 1.58010 0.68 0.430
Xs5*Xs 1 2.9003 | 2.90034 1.25 0.292
X1*X2 1 1.0783 | 1.07829 0.47 0.512
X1*X3 1 0.4098 | 0.40980 0.18 0.684
X1* X4 1 0.8503 | 0.85034 0.37 0.559
X1*Xs 1 0.0125 | 0.01247 0.01 0.943
X2"X3 1 0.5023 | 0.50226 0.22 0.652
X2*Xq 1 0.1668 | 0.16679 0.07 0.794
X2*Xs 1 0.1120 | 0.11203 0.05 0.831
X3*Xq 1 2.1690 | 2.16902 0.94 0.358
X3*Xs 1 0.9600 | 0.96000 0.42 0.535
X4*Xs5 1 9.2538 | 9.25381 4.00 0.076
Error 9 | 20.8098 | 2.31220 R-sq
Total 29 | 91.3667 77.22%
a)
Main Effects Plot for y1
Fitted Means
] /
N IR,
N %
~ N N
128 S/ - ™~ -
b)
Interaction Plot for y1
Fitted Means
128 t}‘/(i;
HZ\\\\\,/‘ ———— y\\_/g/, — -2600
Y Nl htubbol ainiie=g ESTIOI

xl x2 3 x4

Fig.1. Main (a) and interaction (b) effects plot for viewing angle
Table 3. ANOVA table for the estimated function of the luminance

uniformity
Source DF | AdjSS | AdjMS | F-value | P-value

Regression | 20 | 70.5569 | 3.52784 1.53 0.262
X4 1 3.5291 | 3.52914 1.53 0.248

X2 1 0.9731 | 0.97310 0.42 0.533

X3 1 0.9285 | 0.92851 0.40 0.542

X4 1 0.8759 | 0.87588 0.38 0.553

X5 1 4.8719 | 4.87192 2.11 0.181
X1*X4 1 24546 | 2.45457 1.06 0.330
X2*Xo 1 0.2780 | 0.27802 0.12 0.737
X3*X3 1 1.2931 | 1.29308 0.56 0.474
X4*Xq 1 1.5801 | 1.58010 0.68 0.430
X5*Xs 1 2.9003 | 2.90034 1.25 0.292
X1*X2 1 1.0783 | 1.07829 0.47 0.512
X1*X3 1 0.4098 | 0.40980 0.18 0.684

PRZEGLAD ELEKTROTECHNICZNY, ISSN 0033-2097, R. 100 NR 4/2024 57



X1*X4 1 0.8503 | 0.85034 0.37 0.559 better compromise between the viewing angle and
X1*Xs 1 | 0.0125 | 0.01247 | 0.01 0.943 luminance uniformity can be obtained with the weight @ =
X2'Xg 1 | 05023 | 050226 | 0.22 | 0.652 0.4. The comparisons of the optimal parameter
XZ:X‘* 1 0.1668 | 0.16679 0.07 0.794 combinations for the optical quality and the optimal values
iﬂf 1 gl;gg (2)12;582 ggi’ ggg; of the viewing angle and luminance uniformity in this paper
3 X4 . - . . H H
e 1 09600 170.96000 0.42 0.535 are shown in Tables 4 and 5, respectively.
X4*Xs 1 9.2538 | 9.25381 4.00 0.076 Table 5. Comparisons of the optimal values of the viewing angle
Error 9 | 20.8098 | 2.31220 R-sq and luminance uniformity
Total 29 | 91.3667 77.22% Output responses
Method Viewing angle Luminance
a) [0] uniformity [%]
Main Effects Plot for y2 Taguchi method 134 88.92
Fitted Means Taguchi method 129 92.32
' i GA by Chen et al. 134.67 92.95
o . R ) / § Dual response model 135.853279 95.99999
N e i e-constrained method 136.700162 95.45025
E (Equation 5)
" g-constrained method 136.00605 95.89999
v il ] _ (Equation 6)
ST TR e e Weighted sum model 136.76750 95.40700
b)

Interaction Plot for y2
Fitted Means

92 ——4.900

- — -5.100

92 —— 3800
_ — -4.000

Mean of y2

92l™> 2500
— =2.600

ENS

x5
92 — 2350

— ~— ~ — -2450
0 — P ~—_ -~

.65 0.70 0.754.9 50 5138 39 40 250 255 2.6
2 3 x4

Fig.2. Main (a) and interaction (b) effects plot for luminance
uniformity

Table 4. Comparisons of the optimal parameter combinations for
the optical quality

Input factors [mm]
Method A B C D F
Taguchi 0.700 | 4.900 3.900 2.600 2.425
method
Taguchi 0.675 | 5.000 3.950 2600 | 2.375
method
GADYChen | oegs | 5024 | 3924 | 2588 | 2386
Dual
response | 0.650 | 4.900 3.800 2,600 | 2.4432
model
o
constrained 0.650 4.900 3.800 2.600 2.4495
method
(Equation 5)
o
constrained 0.650 4.900 3.800 2.600 2.4444
method
(Equation 6)
Weighted | 4 6eq | 4.900 3.800 2.600 | 2.4500
sum model

To consider the trade-off between two output responses,
the estimated functions of viewing angle and luminance
uniformity in Equations (8) and (9) are combined into the
different RD optimization models. The goal of the
optimization issue is modified by using a predefined target
for each objective function. The target values of the viewing
angle and luminance uniformity are specified 138 (0) and 96
(%), respectively, for all RD optimization models. The upper
bounds of & and & in the e-constrained method are set at
1.3 and 0.1, respectively. For the weighted sum model, a

As shown in Table 5, the Taguchi method can provide
relatively high viewing angle and luminance uniformity of
LED lens. The genetic algorithm (GA) proposed by Chen et
al. can grovide a better compromise between viewing angle
(134.67") and luminance uniformity (92.95%) compared to
the Taguchi method. Furthermore, the proposed RD
optimization models including the dual response model, the
two e-constrained methods, and the weighted sum model
can provide better optimal solutions compared to the GA
method proposed by Chen et al. In comparison, the
proposed dual response model, the e-constrained method
(Equation 5), the e-constrained method (Equation 6), and
weighted sum model can improve the viewing angle by
0.8787%, 1.5075%, 0.9921%, and 1.5575%, respectively.
Similarly, the proposed dual response model, the &-
constrained method (Equation 5), the e-constrained method
(Equation 6), and the weighted sum model can improve the
luminance uniformity by 3.2813%, 2.6899%, 3.1737%, and
2.6434%, respectively.

Conclusions

In this paper, the RD methodology consisting of three
sequential steps, i.e., experimental design, estimation, and
optimization, is proposed to determine the optimal values of
lens size parameters in LED lens design. Based on the
experimental design data, RSM is used to estimate the
functional relationship between input factors and their
corresponding output responses (i.e., the viewing angle and
luminance uniformity). Furthermore, several bi-objective RD
optimization models are proposed to consider the trade-off
between the viewing angle and luminance uniformity of LED
lens. The final results show that the proposed RD
optimization models can provide better optimal solutions
than the existing methods. Therefore, the efficiency of the
proposed optimization models can be verified.
For further study, the multi-objective RD optimization
models based on the goal programming methods will be
investigated to solve the multiple quality characteristics
issue.

Authors:

Dr. Tuan-Ho Le, Faculty of Engineering and Technology, Quy Nhon
University, Vietnam, E-mail: tuanhole@gnu.edu.vn;

Dr. Nguyen Nhan Bon, Corresponding author, Electrical and
Electronics Engineering Faculty, Ho chi Minh University of
Technology and Education, Vietnam, E-mail:
bonnn@hcmute.edu.vn.

58 PRZEGLAD ELEKTROTECHNICZNY, ISSN 0033-2097, R. 100 NR 4/2024




REFERENCES

[1] Zhao S., Wang K., Chen F., Wu D., & Liu S., Lens design of
LED searchlight of high brightness and distant spot, JOSA
A, 28 (5), (2011), 815-820.

[2] Yip W. S., To S., & Wang W. K., Design of an optical lens for
LED lighting using a hybrid principal components analysis—
Taguchi method, Lighting Research & Technology, 51(5),
(2019), 788-802.

[3] Ding Y., Liu X., Zheng Z. R., & Gu P. F., Freeform LED lens for
uniform illumination, Optics express, 16(17), (2008), 12958-
12966.

[4] Wang K., Chen F., Liu Z., Luo X., & Liu S., Design of compact
freeform lens for application specific light-emitting diode
packaging, Optics Express, 18(2), (2010), 413-425.

[5] Babadi S., Ramirez-Iniguez R., Boutaleb T., & Mallick T., An
optimisation of a freeform lens design for LED street lighting, in
2016 International Conference for Students on Applied
Engineering  (ICSAE), Oct. 2016, pp. 89-92. doi:
10.1109/ICSAE.2016.7810167.

[6] Chen E., & Yu F., Design of LED-based reflector-array module
for specific illuminance distribution, Optics
Communications, 289, (2013), 19-27.

[71 Mendes-Lopes J., Benitez P., Mifiano J. C., & Santamaria A.,
Simultaneous multiple surface design method for diffractive
surfaces, Optics Express, 24(5), (2016), 5584-5590.

[8] Zhu X., Zhu Q., Wu H., & Chen C., Optical design of LED-
based automotive headlamps, Opt. Laser Technol., vol. 45, pp.
262-266, Feb. 2013, doi: 10.1016/j.optlastec.2012.05.040.

[9] Liu P. et al., Uniform illumination design by configuration of
LEDs and optimization of LED lens for large-scale color-mixing
applications, Appl. Opt., vol. 52, no. 17, pp. 3998—4005, Jun.
2013, doi: 10.1364/A0.52.003998.

[10]Lin C. J. & Liu Y. C., Image backlight compensation using
neuro-fuzzy networks with immune particle swarm optimization,
Expert Syst. Appl., vol. 36, no. 3, Part 1, pp. 5212-5220, Apr.
2009, doi: 10.1016/j.eswa.2008.06.109.

[11]Kwak T. S., Suzuki T., Bae W. B., Uehara Y., & Ohmori H.,
Application of neural network and computer simulation to
improve surface profile of injection molding optic lens, J. Mater.
Process. Technol., vol. 170, no. 1, pp. 24-31, Dec. 2005, doi:
10.1016/j.jmatprotec.2005.04.099.

[12]Yang T., & Lu J. C., A hybrid dynamic pre-emptive and
competitive neural-network approach in solving the multi-
objective dispatching problem for TFT-LCD
manufacturing, International Journal of Production
Research, 48(16), (2010), 4807-4828.

[13]Lokesh J., Padmasali A. N., Mahesha M. G., & Kini S. G.,
Comparison and validation of neural network models to
estimate LED spectral power distribution. Lighting Research &
Technology, 55(3), (2023), 281-299.

[14]Feng Q., Li Q.,, Wang Y., Wu C., & Lv G., The design and
optimization of lens array for LED backlight in LCD imaging
engine of helmet-mounted display, Journal of the Society for
Information Display, 25(5), (2017), 312-319.

[15]Su Z., Xue D., & Ji Z., Designing LED array for uniform
illumination distribution by simulated annealing
algorithm, Optics express, 20(106), (2012), A843-A855.

[16]Wu R., Zheng Z., Li H., & Liu X., Optimization design of
irradiance array for LED uniform rectangular illumination, Appl.
Opt., vol. 51, no. 13, pp. 2257-2263, May 2012, doi:
10.1364/A0.51.002257.

[17]P. P. Banik, R. Saha, and K.-D. Kim, LED color prediction using
a boosting neural network model for a visual-MIMO system,
Opt. Commun., vol. 437, pp. 139-147, Apr. 2019, doi:
10.1016/j.optcom.2018.12.027.

[18]Bruning R., Verhoek M., & Lippmann U., Neural Network for
Optical Performance Estimation and Advanced Lens
Combination, EPJ Web Conf., vol. 266, p. 03005, 2022, doi:
10.1051/epjconf/202226603005.

[19]Fang Y. C., Tzeng Y. F., & Li S. X., Multi-objective design and
extended optimization for developing a miniature light emitting
diode pocket-sized projection display, Optical review, 15,
(2008), 241-250.

[20]Yi-Chin F., Yih-Fong T., & Si-Xiang L., A Taguchi PCA fuzzy-
based approach for the multi-objective extended optimization of
a miniature optical engine, J. Phys. Appl. Phys., vol. 41, no. 17,
p. 175108, Aug. 2008, doi: 10.1088/0022-3727/41/17/175108.

[21]Chen W. C., Lai T. T., Wang M. W.,; & Hung H. W., An
optimization system for LED lens design, Expert Syst. Appl.,
vol. 38, no. 9, pp. 11976-11983, Sep. 2011, doi:
10.1016/j.eswa.2011.03.092.

[22]Chen W. C., Liu K. P., Liu B., & Lai T. T., Optimization of
optical design for developing an LED lens module, Neural
Comput. Appl., vol. 22, no. 3, pp. 811-823, Mar. 2013, doi:
10.1007/s00521-012-0990-6.

[23]Wang J. C., Fan Y. C., Fang T. H., Tran A. S., & Cheng Y.-T.,
Optimization of optical uniformity factors of backlight module
using robust design method, Opt. Appl., vol. Vol. 52, no. nr 1,
2022, doi: 10.37190/0a220101.

[24]Ledn R. V., Shoemaker A. C., & Kacker R. N., Performance
Measures Independent of Adjustment: An Explanation and
Extension of Taguchi’s Signal-to-Noise Ratios, Technometrics,
vol. 29, no. 3, pp. 253-265, 1987, doi: 10.2307/1269331.

[25]Box G., Signal-to-Noise Ratios, Performance Criteria, and
Transformations, Technometrics, vol. 30, no. 1, pp. 1-17, 1988,
doi: 10.2307/1270311.

[26]Box G., Bisgaard S., & Fung C., An explanation and critique of
taguchi’s contributions to quality engineering, Qual. Reliab.
Eng. Int, vol. 4, no. 2, pp. 123-131, 1988, doi:
10.1002/gre.4680040207.

[27]Nair V. N. et al., Taguchi’'s Parameter Design: A Panel
Discussion, Technometrics, vol. 34, no. 2, pp. 127-161, 1992,
doi: 10.2307/1269231.

[28]Vining G. G. & Myers R. H., Combining Taguchi and Response
Surface Philosophies: A Dual Response Approach, J. Qual.
Technol., vol. 22, no. 1, pp. 38-45, Jan. 1990, doi:
10.1080/00224065.1990.11979204.

[29]Box G. E. P. & Wilson K. B., On the Experimental Attainment of
Optimum Conditions, J. R. Stat. Soc. Ser. B Methodol., vol. 13,
no. 1, pp. 1-45, 1951.

[30]Myers R. H., Response surface methodology—current status
and future directions, Journal of Quality Technology, 31(1),
(1999), 30-44.

PRZEGLAD ELEKTROTECHNICZNY, ISSN 0033-2097, R. 100 NR 4/2024 59



