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  ABSTRACT 
 

Balanced combination of global search using Genetic Algorithm (GA) and local search using Particle Swarm 
Optimization (PSO) motivates the incorporation of hybrid computational intelligence techniques into the Layer 
Encoding Evolutionary Cascade Optimization (LECO) model. A different layer encoding structure of multi-
resolution is presented as the external layer to execute GA operations for integer value individuals, whereas PSO 
operations are performed for real-valued individuals as candidate solutions. A case study that involves single 
stage amplifier circuit design is conducted to evaluate the effectiveness of the GA-PSO LECO model. It is 
observed that the GA-PSO LECO model outperforms other APLAC built-in optimizers in minimizing S(1,1) and 
S(2,2) while maximizing dB[S(2,1)] to 15.213 dB for single stage amplifier circuit. 
KEYWORDS: Multi-Objective, Multi-Resolution, Genetic Algorithm, Particle Swarm Optimization, Single 

Stage Amplifier. 
 

INTRODUCTION 
 

According to Freeman (2007) [1], normative decision analysis in the real world issues involves determining 
the method and action that best meet a desired objective or goal. Bonnans, et al. (2006) [2] mentioned that in the 
field of mathematics, computer science and economics, optimization or mathematical programming refers to 
selecting the best element from some set of alternatives that are available. Basically, optimization means solving 
problems in which one seeks to minimize or maximize a function by systematically selecting the real or integer 
variables values from within an allowable set. Bonnans and Shapiro (2000) [3] stated their opinion that probably 
the formulation of using a scalar, real-valued objective function is the simplest example. 

The development of a generic optimization model that is capable of handling different aspects of each of 
the optimization case is motivated by the dilemmas of multi-decision, multi-objective, interactive and hybrid 
optimizations. The growth of AI and the inspiration to develop generic optimization models encourage the 
research towards AI-based optimization model.  

Therefore, it is beneficial to come up with an appropriate representation structure in generic optimization 
tool that is able to integrate and simplify the problem analysis, easy to understand, user friendly and at the same 
time promote hybrid integration system. 

Other than the representation structure, another main issue on optimization is the mechanism of search to 
be used. When solving optimization problems, the choice of appropriate solution searching approaches is 
important to enhance the finding for the optimum or improved solution. The concept of global exploration and 
local exploitation must be justified in balance to guarantee the effectiveness of search. Exploration often is 
related to randomized global search while exploitation is about the local search improvement.  

According to Dumitrescu, et al. (2000) [4], too much exploration may slow down the search since available 
information (best available solution) may improperly be used.  In contrast, too much exploitation may cause 
premature convergence of the search. As different optimization techniques comprise different searching 
limitations, a balance global and local search motivates the incorporation of hybrid intelligent techniques in the 
design of generic optimization models. 

The development of a generic optimization algorithm in solving multi-condition optimization problems 
requires development in generic problem representation structure as well as generic searching mechanism. 
Throughout the research, the application of a layer encoding representation structure with hybridization of GA 
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and PSO is applied to knowledge representation and to enhance intelligent search in optimization problems, 
specifically in amplifier circuit design. 

The main objectives of the research are two-fold. The first objective is to assess the effectiveness of the 
interactive GA-PSO LECO model for performance optimization of amplifier circuit design problems. 
Furthermore, the aim is also to compare the results of the GA-PSO LECO model with those from the built-in 
optimizers in the APLAC software for amplifier circuit design problems. 

Therefore, the scope of the research is to investigate the applicability of the Layer Encoding Evolutionary 
Cascade Optimization (LECO) model to solve general optimization problem of multi-decision, multi-objective, 
interactive and hybrid intelligence. Performance of the LECO in handling high resolution problems has also been 
evaluated in the area of circuit design. The available GA and PSO evolutionary mechanism are implemented by 
integrating random and directional search in solving optimization problems across a single stage amplifier circuit 
design. Combination of GA and PSO across different layers of the LECO model is to be examined. 
 

BACKGROUND 
 

The research focuses on the GA-PSO LECO hybridization optimization method for electronic circuit design. 
The performance of the LECO model is compared with those from other types of built-in optimizers in the 
APLAC software. A case study on single stage amplifier circuit has been conducted. 

The LECO model is deployed for optimizing the design variable values of the circuit components to achieve 
the goals as specified in the problems. The optimization process with the idea of multi-resolution is initiated to 
achieve a better performance by using integer values in the external layer and real values in internal layer of the 
GA-PSO LECO model. 

In addition to the capability of performing with multi-resolution and with many combinations of different 
variables, the flexibility of the GA-PSO LECO model to work with multi-objective solutions and goals is also 
extensively examined in the research. 

The general methods used to optimize the parameters are based on the implementation of stochastic 
approaches and mathematical functions by using the MATLAB software. 
 
GA-PSO LECO Model 

In the GA-PSO LECO model, GA and PSO are integrated to promote exploration for global solutions 
through GA and to encourage the exploitation of local area solutions through directional search by using PSO. 
The results in hybridization of GA-PSO, which ensures a balanced exploration and exploitation of search 
mechanism in the GA-LECO model. GA is used to determine the best integer value while PSO is used to find a 
refined solution, which is a real-valued solution.  

The process of GA starts with random initialization of a population of candidate solutions known as 
individuals (in integer values). Fitness of each individual is computed to become parents for reproduction. The 
reproduction process consists of genetic operators known as selection, crossover and mutation. The reproduction 
process for new individuals is performed repetitively. Once the GA termination criterion is met, the process is 
stopped. The parents are ranked based on their fitness, and they are allowed to reproduce new offsprings. 
 
The Layered Encoding Structure for Single Stage Amplifier Circuit Design 

According to Neoh, et al. (2010) [5], Figure 1 and Figure 2 show a two-layered encoding structure that is 
utilized as solution structure for the design of single stage amplifier. The structure provides different slice of 
layer that represents different resolution value of the variables. Integer values of variables are designated in the 
external layer whereas real-valued (3 decimal place resolution) are represented in the internal layer. According to 
Neoh et al. (2010), the purpose of the structure model is to narrow down the search space by encouraging in-
depth search for local optimum based on coarser resolution level. 
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Figure 1: Layer encoding structure, communication and optimization 

 

 
Figure 2: The layered representation of design variables in amplifier optimization 

 
Case: Single Stage Amplifier Circuit Design Optimization 
Circuit Structure 

 
 

Figure 3: Single stage amplifier circuit design 
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Shown in Figure 3 is amplifier s-parameter realization and surrounding tuning circuit. The single stage 
amplifier is represented by its s-parameters (refer to Appendix) and the component values of the surrounding 
tuning circuit are optimized.  

Referring to the single stage amplifier circuit in Figure 3, it comprises a few components for the input, 
output, and feedback of the amplifier circuit. At the input port 1 and output port 2 of the circuit, the input 
resistance, Rin and output resistance, Rout are fixed at 50 ohm. 

Input resistance, Rin, inductance, L1, capacitance, C1 are basically used for input matching of the amplifier 
circuit, while components of output resistance, Rout, inductance, L3 and capacitance, C2 are designed for output 
matching of the single stage amplifier circuit. Meanwhile, feedback resistance, R1 and feedback inductance, L2 
play the role as the feedback network of the amplifier circuit design. 
 
Component Design Variables 

The single stage amplifier circuit has six component variables to be optimized with three objectives, i.e., 
input and output coefficients and power gain of the amplifier circuit. The range of each design variables for 
optimization is based on the designer’s experience which is ±100 of the default values as shown in Table 1. 

 
Table 1: Synthesis setup of design variables for the single stage amplifier circuit 

Design Variables Default Value (Initial Value) Range 
Minimum Maximum 

R1  (Ohm) 208 1 416 
L1  (nH) 10 1 20 
L2  (nH) 28 1 56 
L3  (nH) 10 1 20 
C1  (pF) 3 1 6 
C2  (pF) 3 1 6 

 
Multi-objective Specification Requirements 

The single stage amplifier circuit designed in Figure 3 is represented by its s-parameters of S(1,1), S(2,2), 
S(1,2) and S(2,1). The component values of the surrounding tuning circuit are optimized as shown in Table 1 and 
the specification requirements are presented in Table 2. 

The parameters optimization goal is the reflection coefficients, S(1,1) and S(2,2) from the amplifier input 
and output ports that are supposed to be zero with tolerance of ±0.2 at frequency of 1.5 GHz, when the other port 
is terminated by a matched load. This means the acceptable range of reflection coefficient S(1,1) and S(2,2) are 
between 0 and 0.2. At the same time, the power gain, dB[S(2,1)] of the amplifier is considered to be met if the 
power gain, dB[S(2,1)] is larger than 9.8,  which is 10 dB power gain with tolerance of ±0.2 at 1.5 GHz 
frequency. 

The performance of the amplifier are said to be excellent when the value of power gain, dB[S(2,1)] is 
higher as the input reflection coefficient, S(1,1) and output reflection coefficient, S(2,2) are closer to zero. This 
indicates that the goals are to obtain the value of the power gain, dB[S(2,1)] as high as possible, while the input 
reflection coefficient, S(1,1) and output reflection coefficient, S(2,2) is as closer to zero as possible. 

Besides, the weighted-sum method is used for fitness evaluation based on the specified requirements in 
Table 2. In fitness evaluation, the weighted-sum approach is used because preference or bias is intended for the 
amplifier circuit designs. The weight is set according to the experience and expertise of the single stage amplifier 
circuit designer. 

As shown in Table 2, the weight given to dB[S(2,1)] equals to 5 and equals to 1 for both S(1,1) and S(2,2). 
The purpose of giving a high weight value to dB[S(2,1)] as compared with those of S(1,1) and S(2,2), is to 
indicate the importance of the output gain parameter in the circuit design. In other words, dB[S(2,1)] is more 
crucial as compared with S(1,1) and S(2,2). 
 

Table 2: Specifications requirement for single stage amplifier optimization 
Output Parameters Value Range Optimization Goal Weight 

Minimum Maximum 
Power Gain, dB[S(2,1)] 9.8 - Maximize 5 

Input Reflection Coefficient, S(1,1) 0 0.2 Minimize 1 
Output Reflection Coefficient, S(2,2) 0 0.2 Minimize 1 

 
Relative Fitness Function Setup 

For the case, those specified criteria that does not fulfill the minimum and other constraint requirements as 
in Table 2, are added by a penalty value of 10 (which is based on trial an error). This penalty value of 10 is given 
to indicate that the output value of S(1,1), S(2,2) or dB[S(2,1)] are outside of desirable target value. As the 
consequence, the objective value is increased as the penalty value of 10 is given and the results in decrement of 
fitness of the desired outputs. 
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Referring to equation (1) to equation (3), F1, F2, F3 are fitness for circuit input port reflection coefficient 
[S(1,1)], output port reflection coefficient [S(2,2)], and circuit power gain in dB[S(2,1)], respectively. Equation 
(1) represents the condition of S(1,1) which is denoted as F1. If S(1,1) output value is larger than 0.2, S(1,1) will 
be subtracted by 0.2 and then will be added by penalty value of 10. Similarly, if the S(1,1) output value is lower 
than 0, the 0 value will be reduced by the S(1,1) output value and subsequently, the penalty value of 10 will be 
given to the fitness equations. 

But if the value of S(1,1) is within the desired range of 0 and 0.2, no penalty value is given at all. As the 
result, the objective value is not increased by the penalty value and it indicates that the S(1,1) fitness value are in 
good condition as desired. All these mathematical operations and steps are performed similarly to S(2,2) which 
is denoted as F2 in equation (2). 

As for dB[S(2,1)] that is represented as F3 in equation (3), the mathematical operations are different since 
the objective or target output design of dB[S(2,1)] is different. If dB[S(2,1)] value is lower than 9.8, the value of 
9.8  is subtracted by the dB[S(2,1)] value and then penalty value of 10 will be given to indicates that the 
dB[S(2,1)] is not within the desired range in the circuit designs. Meanwhile, if the dB[S(2,1)] equals to or higher 
than 9.8, no penalty value will be given since the dB[S(2,1)] is within the circuit design desired range of value. 

It had been found that the fitness of the best second layer representatives has significantly improved the 
performance of dB[S(2,1)], S(1,1) and S(2,2) once the fitness functions in equations (1) to (3) had been revised 
into a more specific formulation of the objective normalization method. 

 
Single Stage Amplifier Circuit:  
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The objective normalization method used in equation (1) to equation (3) is based on the method in Morad 

(1997) [6]. As shown in equation (4), according to Liang and Liang (2006) [7], the total objective value 
formulation for the fitness function evaluation is calculated based on the relative fitness of individuals with 
respect to the similar objective value. 

The total summation of the rest of the objective value, Ftot, is calculated by using equation (5). This 
calculation is adapted from equation (4) with the objective weight as given in Table 2. 

Referring to equations (4) and (5), the objective values of each individual for objective j, Fj are firstly 
divided by the average objective value of objective j (F1average, F2average and F3average) at first generation. The 
resultant value is then multiplied by weight of objective j, j according to the weight setup ( 51 , 12   
and 13  ) as shown in Table 2. Finally, the total objective value, Ftot is obtained with the summation of these 
calculations. Then, the total objective value, Ftot is utilized to indicate the optimality or individual overall fitness 
of each individual compared to other individuals in the population of certain generation. It should be noted that 
the fittest individuals have the lowest total objective, Ftot. 

Optimization of the single stage circuit design variables is performed with the main objective of 
minimizing Ftot at the specified frequency of 1.5GHz. 
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where,  
Fjaverage = the average objective value of objective j at generation 1 
Fj = objective value of each individual for objective j 
Ftot = total objective value 
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The built-in optimizers in APLAC, i.e., Gradient Optimizer, Genetic Optimizer, Random Optimizer, 
Anneal Optimizer, Exhaustive Optimizer, Multidirectional Optimizer, Min-Max Optimizer and Hooke-Jeeves 
Optimizer, are applied to optimize the design variables of the amplifiers.  

Simulated Annealing and Genetic optimizations belong to the category of intelligent global optimization 
methods, while Gradient, Conjugate Gradient, Hooke-Jeeves, Min-Max, Multidirectional Search, Nelder-Mead 
and Gravity Center are local optimization methods. Random and Exhaustive search are robust global methods. 

Owing to the difficulty to integrate the MATLAB software to APLAC, the genetic search for the case study 
is performed on an offline basis. The results obtained from the built-in optimizer methods are compared with 
those from the GA-PSO LECO model approach for performance evaluation and comparison. 
 

RESULTS AND DISCUSSION 
 

The research involves evaluation of the performance achievement by examining the single stage amplifier 
circuit. The performance comparison between the GA-PSO LECO model and other APLAC built-in optimizers 
is accomplished after optimizing the circuit design variables. 

The output data have different weights to indicate the priority and preference of the desired outputs. The 
weight settings for S(1,1) and S(2,2) equal to 1, while higher degree of bias or preference is given to dB[S(2,1)] 
with the weight value of 5. The optimization has multi-objective outputs whereby dB[S(2,1)] must be larger than 
10 dB with ±0.2 tolerance meanwhile, S(1,1) and S(2,2) must be maintained at 0 with ±0.2 tolerance. 
 
Case: Single Stage Amplifier Circuit 
 
Before Optimization (Default Value) 

At the initial default design variables, the input variables are shown in Table 4.1 and the output readings are 
shown in Table 4.2. Note that the readings are taken at 1.5 GHz frequency. Before optimization, these six default 
parameters yield the output of S(1,1), S(2,2) and dB[S(2,1)]. Referring to Table 4.2, both S(1,1) and S(2,2) do 
not meet the target since the values exceed 0.2. The power gain dB[S(2,1)] equals to 9.790 also fails to fulfill the 
requirement where it must be bigger than 9.8 dB. The overall fitness value of the single stage amplifier circuit at 
default design variables equals to 0.2432. 

 
Table 3: Initial default value of single stage amplifier 

Design Variable Value Before Optimization (Initial Default Value) 
R1  (Ohm) 208 
L1  (nH) 10 
L2  (nH) 28 
L3  (nH) 10 
C1  (pF) 3 
C2  (pF) 3 

 
Table 4: Output parameters of single stage amplifier at default input variables 

 S(1,1) S(2,2) dB[S(2,1)] Fto t 
Before Optimization 0.289 0.320 9.790 .2432 

 
Optimization using the GA-PSO LECO Model 

In the research, the usefulness of the GA-PSO LECO model in circuit optimization is compared with a 
number of APLAC built-in optimizers. The performance comparison is depicted in Table 5 and Table 6. Table 5 
displays the optimized design variable values by using the GA-PSO LECO model. The total fitness value from 
the GA-PSO LECO model and other types of APLAC built-in optimizers are shown in Table 6. 

 
Table 5: Optimized design variables for single stage amplifier using GA-PSO LECO approach 

Design Variable Optimized Value given by GA-PSO LECO model 
R1  (Ohm) 180.546 
L1  (nH)   11.296 
L2  (nH)   27.744 
L3  (nH)   17.189 
C1  (pF)     1.000 
C2  (pF)    1.183 
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Table 6: Parameter value of different optimizer 
Optimizer S(1,1) S(2,2) dB[S(2,1)] Ftot 

Genetic 0.289 0.320 9.790 0.2432 

Gradient 0.210 0.053 9.841 0.0600 

Random 0.423 0.612 9.519 0.3084 

Anneal 0.628 0.221 10.098 0.2448 

Exhaustive 0.475 0.144 9.537 0.2211 

Multidirectional 0.124 0.236 9.820 0.1875 

Min-Max 0.204 0.159 9.975 0.1852 

Hooke-Jeeves 0.165 0.153 9.818 0.1874 

Nelder-Mead 0.097 0.108 9.879 0.1548 

Conjugate Gradient 0.211 0.055 9.863 0.2140 

GA-PSO LECO 0.148 0.116 15.213 0.0015 

 
Referring to Table 6, most of the APLAC built-in optimizer methods do not meet the S(1,1) and S(2,2) 

requirements. They are Genetic, Gradient, Random, Simulated Annealing (Anneal), Exhausted Search, 
Multidirectional, Min-Max, and Conjugate Gradient Optimizers. Even though some of these optimizers have at 
least one satisfying specification, they are still not considerable for circuit design. This is due to the condition of 
instability can be related to the modified S11 and S22 s-parameters associated with the input (source) and output 
(load) reflection coefficients respectively. If S11 and S22 do not meet the specified requirements, more power is 
reflected from the device than its incident on it, hence the device tend to be unstable and can lead to oscillation. 

In Table 6, it can be seen that the values of both S(1,1) and S(2,2) of the Hooke-Jeeves and Nelder-Mead 
optimization methods fulfill the requirements (below than 0.2). At the same time, the value of the power gain, 
dB[S(2,1)] of these two optimizers successfully meet the goal (larger than 9.8 dB), i.e., with values of 9.818 and 
9.879 respectively. 

Meanwhile, it is observed that the results from the GA-PSO LECO model optimization meet the 
requirements of S(1,1) and S(2,2). But the GA-PSO LECO model outperforms the other optimizers in 
maximizing device power gain, dB[S(2,1)] by achieving 15.213 dB in value. It should be noted that higher 
weights are given to dB[S(2,1)] as compared with S(1,1) and S(2,2). This can be further affirmed by referring to 
the total fitness value of 0.0015 whereby the GA-PSO LECO55 model provides the lowest Ftot value, as 
compared with those from other APLAC built-in optimizers. 
 

CONCLUSION 
 

In the research, the applicability and adaptation of the interactive GA-PSO LECO model in single stage 
amplifier circuit representation structure has been investigated. The layered encoding cascade optimization 
model exploits the advantages and robustness of GA and PSO evolutionary search and has represented them a 
hybrid GA-PSO model structure. 

The application of the developed model has been verified on single stage amplifier circuit by optimizing 
several design variables in order to satisfy multi-objective parameter requirements. The experimental studies 
have demonstrated that the GA-PSO LECO model is able to improve multi-resolution parameter optimization. 
The GA-PSO LECO model has led to a larger power gain of 15.213 dB while simultaneously producing 
minimized S(1,1) and S(2,2) values. 

As conclusions, from the experimental studies, it is evident that the hybrid GA-PSO LECO model possesses 
the capacity in solving multi-resolution and multi-objective problems with various circuit design complexities.  

Further studies can be performed by evaluating the impact of GA parameters and PSO parameters such as 
crossover probability, mutation probability, inertia weights and constant factors to the amplifier circuits. 

The study focused on fitness evaluation by implementing the weighted-sum approach. Additionally, the 
fitness evaluation technique can be utilized by other weighting approaches such as weighted product or quadratic 
weighted schemes. In addition, further inspection can be executed by enhancing the fitness criteria specifications 
in more detail to improve the required outcomes. 

Besides, the evaluation of the GA-PSO LECO model can be performed by examining the performance 
impact by varying the number of generations, population sizes and iterations, as well as different combinations 
of multi-resolution parameters with different combinations of the internal and external layers of the GA-PSO 
LECO model structure. 
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