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Abstract 
 

The functionality of electronic gadgets and equipment has achieved remarkable growth 

over the last two decades. So, the demand for high-speed and complex mixed-signal 

System-on-Chip (SoC) is increasing continuously. The SoC integrates digital circuits and 

analog circuits on the same chip. The mature Computer-Aided Design (CAD) tools have 

been already established for digital circuits to improve the yield. The manual design of a 

Complementary Metal Oxide Semiconductor (CMOS) based analog circuit is challenging 

and time-consuming due to the increased complexity of physical models and process 

variations with downscaling of CMOS technology. The design process is also tricky due to 

the complex relationships between the design goals and the multiple design parameters. 

On the contrary, the research efforts in the field of the analog circuit design are limited 

compared to the digital circuit design. This leaves ample scope of improvement in the 

techniques of analog circuit design. Automation for the analog circuit design process is 

one of the best remedies to cope with this problem, especially keeping the time-to-market 

considerations. This motivates circuit designers to explore more CAD tools for analog 

circuits in current years. Hence, the area of computer-aided analog circuit design has 

emerged the subject of dynamic research.    

 

In this work, application and performance evaluation of the Cuckoo Search (CS) algorithm 

for the automated design of the CMOS based analog circuits are proposed. It is explored 

for sizing of commonly used CMOS based analog circuits like triple cascode current 

mirror, voltage divider, common-source amplifier, cascode amplifier, three-stage current 

starved Voltage Controlled Oscillator (VCO), Differential Amplifier (DA) using a current 

mirror as load, two-stage op-amp, Miller Operational Transconductance Amplifier (OTA), 

and Folded Cascode OTA (FOTA) in 0.18 µm and/or 0.35 µm CMOS process 

technologies. These circuits are also designed by using the most commonly used 

Differential Evolution (DE) and Particle Swarm Optimization (PSO) algorithms to 

compare the performance of the CS algorithm with these Evolutionary Algorithms (EAs). 

To exploit the benefits of the CS and PSO algorithms, a hybrid CSPSO algorithm is also 

implemented by collaborating both algorithms and explored for the optimization of CMOS 

based analog circuits. Further, to test the robustness of the optimizer, the effects of Process 

(𝑃) , Voltage (𝑉) , and Temperature (𝑇) variations on circuit performance are also 
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analysed for DA with a current mirror load and two-stage op-amp circuits. Each algorithm 

is implemented using the C programming language, interfaced with Ngspice circuit 

simulator, and tested on the  Intel® core™ i5, 2.40 GHz processor with 8 GB internal 

RAM using the Ubuntu Operating System (OS).  

 

The CS and hybrid CSPSO algorithms succeeded for the optimization of the DA with a 

current mirror load circuit for all 10 runs of experiments, whereas the PSO and DE 

algorithms could not achieve success for the fulfilment of all the targeted specifications. 

For the optimization of the two-stage op-amp, the CS and hybrid CSPSO algorithms 

obtained 100 % success with 0.35 µm CMOS technology for all 10 runs, whereas the DE 

and PSO algorithms failed to attain all the desired specifications. The CS and hybrid 

CSPSO algorithms also obtained a higher success rate compared to the DE and PSO 

algorithms for the current mirror, VCO, FOTA, Miler OTA, and PVT-aware optimization 

of DA and two-stage op-amp circuits. In terms of the final solution and convergence speed, 

the CS and CSPSO algorithms perform better than the PSO and DE algorithms for most of 

the optimized circuits in this work. 

 

Keywords: Automation of analog circuit design, EA, CS algorithm, PSO algorithm,     

                    Hybrid CSPSO algorithm, DE algorithm, Optimization, Convergence. 
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CHAPTER-1 

 

1                             Introduction 

 

1.1 Analog Circuit Design  

 

In the field of Very Large Scale Integration (VLSI), designing of Metal Oxide 

Semiconductor (MOS) based analog circuit can be considered as an art. Analog 

Complementary Metal Oxide Semiconductor (CMOS) circuit design process has three 

stages; to select the topology of the circuit, to determine the values of design parameters of 

the circuit for a given specification, and to prepare the physical layout for the schematic-

level design of the circuit [1]. Determination of the values of the design parameters of a 

particular circuit is known as circuit sizing (schematic-level design). During the 

schematic-level design, there are a number of design parameters which can be adjusted by 

a circuit designer to obtain the desired specifications for a circuit. The design parameters 

have direct control over the performance of the circuit. For a particular circuit, the 

optimum selection of the design parameters yields an optimum solution. Usually, the 

analog circuit is designed by hand calculations using very general analytic equations 

which roughly describe the behaviour of the circuit. After that, many simulations need to 

be executed to validate that the circuit works as per estimation or not. This is an iterative, 

tedious, and time-consuming job. Moreover, there is no assurance about optimum circuit 

design in terms of silicon area, gain, slew rate, bandwidth, power consumption, etc. One 

more aspect that also needs to be considered is, the analog circuit generally requires to 

meet more than one design metric. Furthermore, most of the design metrics of an analog 

circuit trade-off with each other. This turns the task of exploring a given circuit's design 
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space into a multi-objective optimization problem. Fig. 1.1 shows an analog design 

octagon which illustrates this trade-off with typical design metrics. 

 

Noise Linearity

GainPower Dissipation

Input/output 

Impedance
Supply Voltage

Speed
Voltage 
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FIGURE 1.1: Analog circuit design octagon [2] 

 

1.2 Motivation  

 

The design of analog circuits is more important in the electronic system because the world 

itself is analog. Moreover, new products depend on analog circuitry to improve speed and 

reduce power dissipation. The digital systems need analog components for interfacing 

with the outside world and nearly 75 % of System-on-Chips (SoCs) contain an analog 

circuit [3]. Analog circuit of the SoC covers just roughly 10 % of the chip area. Though 

the analog circuit area is a small portion of SoC, it is much more difficult to design it 

because of the complex and knowledge-intensive nature of the analog circuits. The design 

and validation of this portion take about 90% of the total amount of time needed to design 

the whole chip due to the advancement in Integrated Circuit (IC) technology [4]. The 

downscaling of CMOS technology and increasing needs for the VLSI system to 

implement mixed analog-digital systems on the same chip make the analog circuit design 

more complex and challenging. Further, the analog circuit designing problem normally 

has many satisfactory solutions. However, within the very broad design space, one 

optimum design commonly exists that minimizes (or maximizes) one of the objectives 

with given a constraint on the other metrics. So, one can’t be sure about the optimized 

parameters once the circuit is designed. Without an automated circuit sizing methodology, 
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analog circuit design suffers from long design time, high design complexity, high cost, and 

requirement of highly skilled designers. The above-mentioned motives lead to the 

development of a novel methodology that would automate certain portions of the analog 

circuit design flow. Automated design of the analog circuits can save a vast portion of the 

overall design cycle time and also reduces the cost required to design IC. Nowadays, much 

research is being undertaken to develop an analog synthesis tool that would shorten the 

design time of the analog circuits. Many research institutions and researchers all around 

the world have been trying to develop and improve such type of Computer-Aided Design 

(CAD) tool [5]–[9]. Furthermore, such a tool should be able to handle a broad range of 

analog circuit design problems and synthesize variation-tolerant high-performance 

circuits.  

 

Many techniques for automatic analog circuit design at the schematic-level are presented 

in the literature. These techniques can be classified into two main categories: (1) 

Knowledge-based and (2) Optimization-based. In the knowledge-based technique, the 

analog circuit designer generates synthesis rules based on his experience and expertise in 

the field of analog design. Further, these rules are incorporated into an algorithm that leads 

to a design solution [10]–[14]. This method is time-consuming, tedious, and only suitable 

to a few circuit topologies. The optimization-based approach uses a search algorithm that 

forces the design towards a solution specified by the user [15]–[19]. This approach is 

highly reliable and gives accurate results. Many optimization methods are developed since 

the last few decades and presented for analog circuit design automation. In recent years, 

research efforts, motivated by metaheuristic algorithms, have initiated to appear for the 

analog circuit design automation.  

 

Heuristic means to find a solution to an optimization problem by trial and error process. 

Further development over the heuristic algorithms is known as metaheuristic algorithms. 

Meta means ‘beyond’ or ‘higher level’, and they generally perform better than the simple 

heuristics [20]. Metaheuristic algorithms are problem independent algorithms that can be 

applied to a wide range of optimization problems. There are many metaheuristic 

algorithms such as Simulated Annealing (SA) [21][22], Tabu Search (TS) [23][24], 

Genetic Algorithm (GA) [25], Differential Evolution (DE) [26], Particle Swarm 

Optimization (PSO) [27][28], Harmony Search (HS) [29], Ant Colony Optimization (ACO) 

[30], Artificial Bee Colony (ABC) [31][32] algorithms, etc., presented in the literature to 
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optimize the design parameters of commonly used CMOS based analog circuits for the 

targeted specifications. 

 

1.3 Definition of the Problem 

 

This research aims to develop an efficient framework for the automated optimal sizing of a 

CMOS based analog circuit to meet the desired specifications. For an analog CMOS 

circuit, the optimum selection of the design parameters can be modelled as an optimization 

problem that minimizes the objective function based on the design parameters, while 

satisfying a set of the design specifications. Most of the circuit optimization problems 

concurrently need different types of variables, objectives, and constraint functions in their 

formulations. To guarantee this, the search space of the design parameters should be 

smooth and the optimization process should be consistent. As the algorithm related 

parameters affect the performance of an analog circuit, proper selection of these 

parameters is a very crucial problem for the analog circuit design automation. The 

performance of an optimization algorithm varies with an optimization problem. The 

problem of an analog CMOS circuit design can be considered as a multimodal, multi-

objective, and multi-constrained optimization problem. It demands an efficient 

optimization technique for optimum sizing of the design parameters for the CMOS based 

analog circuits.  

 

The Cuckoo Search (CS) algorithm is a recently developed Evolutionary Algorithm (EA) 

wherein a very few parameters need to be set and it has very good ability to find the global 

optimum solution compared to other popular EAs. As per the reported literature, the CS 

algorithm has been used many times for highly non-linear optimization problems with 

real-world engineering applications, however, it has not been tested to optimize a CMOS 

based analog circuit. The intention of this research is to explore the CS algorithm for the 

optimization of different CMOS based analog circuit building blocks and evaluate the 

performance of the CS algorithm for this application. Also, to compare the performance of 

the CS algorithm with respect to other commonly used EAs for validation. Further, to find 

the worst-case performance values for few circuits, the important factors for performance 

variations of an analog CMOS circuit are considered. 
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1.4 Objective and Scope of Work 

 

The purpose of this work is to investigate the potential role of the optimization algorithms 

for the design of CMOS based analog circuits. The main objectives of this work are listed 

below: 

 To examine state-of-the-art and innovative multi-objective optimization methods. 

 To implement a few most popular optimization methods, evaluate their 

performance using the standard benchmark functions, and compare their 

performance. 

 To develop an optimizer whose objective is sizing of the devices of analog circuits 

according to user required specifications using the optimization methods. 

 To interface developed optimizer with a Simulation Program with Integrated 

Circuit Emphasis (SPICE) model of the circuit design problem and cultivate 

multi-objective and multi-constrained optimization methodology for the 

automation of analog circuit design. 

 To test the optimization system on several independent CMOS based analog 

circuit examples and evaluate the performance of each optimization method. 

 To implement a hybrid algorithm by collaborating two algorithms to exploit the 

benefits of more than one algorithms. Also to explore the hybrid algorithm for the 

optimization of CMOS based analog circuits. 

 To develop a robust optimizer in order to guarantee a high yield design. 

 

1.5 Original Contribution of the Thesis 

 

In this work, an application of the EA for the CMOS based analog circuit design problem 

has been demonstrated. The application of the CS algorithm is proposed for the automatic 

sizing of a CMOS based analog circuit. The original contributions of this research work 

can be summarized as:  

 The CS algorithm is implemented using the C programming language and its 

performance is evaluated using typical unimodal and multimodal benchmark 

functions. The performance of the CS algorithm is also compared with the PSO 

and DE algorithms.  
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 By collaborating the CS algorithm with the PSO algorithm, the hybrid CSPSO 

algorithm is implemented, its performance is evaluated for the same benchmark 

functions, and its performance is compared with the PSO and DE algorithms. 

 An efficient approach for automatic sizing of a CMOS based analog circuit is 

developed using different EAs such as the CS, hybrid CSPSO, PSO, and DE 

algorithms. This framework is tested for the optimization of different commonly 

used CMOS based analog circuits like a voltage divider, current mirror, Voltage 

Controlled Oscillator (VCO), common-source amplifier, cascode amplifier, 

Differential Amplifier (DA) with current mirror load, two-stage Operational 

amplifier (op-amp), Miller Operational Transconductance Amplifier (OTA), and 

Folded cascode OTA (FOTA) for different specifications with 0.18 µm and/or 

0.35 µm CMOS process technologies. The solutions obtained by each EA are 

validated through simulating designed circuits functionally using Ng-spice circuit 

simulator. 

 The performance of the CS and CSPSO algorithms for automatic CMOS based 

analog circuit design is evaluated and compared with the performance of the most 

commonly used DE and PSO algorithms. Robustness of the CS and CSPSO 

algorithms is also tested.  

 As the Process (𝑃), Supply Voltage (𝑉), and Temperature (𝑇) are three important 

factors for the performance variations of an analog circuit, PVT analysis is carried 

out for the DA with a current mirror load circuit and two-stage op-amp circuit 

during the optimization process to find the worst-case performance values across 

user-defined PVT corners. 

 

1.6 Thesis Organization 

 

The rest of the thesis is organized as: 

The second chapter is devoted to the state-of-the-art automatic analog circuit design using 

EAs. The basic concepts about three EAs such as the DE, PSO, and CS algorithms are also 

described in it.  
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The third chapter includes the performance comparison of the DE, PSO, CS, and CSPSO 

algorithms by solving different benchmark functions. The concept of a hybrid algorithm 

by collaborating more than one algorithm is also introduced.  

 

The fourth chapter explores the optimization methodology of a CMOS based analog 

circuit at schematic-level design. In this chapter, the optimization of various commonly 

used simple as well as moderately complex CMOS based analog circuits is presented. It 

also demonstrates the capabilities of the system and provides some insight into factors that 

affects the sizing process. The performance comparison of different EAs for automatic 

sizing of different CMOS based analog circuits are also discussed.  

 

In the fifth chapter, the optimization of DA using a current mirror load and two-stage op-

amp circuits with PVT variations using different EAs is covered to test the robustness of 

the optimizer. 

 

Finally, the sixth chapter summarizes this work and concludes. It also provides a possible 

future scope to extend this work.  
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CHAPTER-2 

 

2 Literature Review 

 

2.1 Introduction 

 

A literature review is a continuous process which has been carried out throughout the 

course of research. The main objective of this section is to offer enough background 

information on the automated design of analog circuits. The literature review of this 

research work is divided into five different phases. Table 2.1 shows section-wise details 

about these phases with their objectives and outcomes. 

 

TABLE 2.1: Different phases of literature review 

Phase 
Area of 

Literature Review 
Objective Outcomes 

1 
Automated design 

of analog circuits 

To understand the concept of automated 

design of analog circuits. 

Design cycle time is reduced 

due to the automated design 

of analog circuits. 

2 
Optimization 

Algorithms 

To find capable and stable optimization 

algorithms for the automated design of 

analog circuits. 

Different optimization 

algorithms and their 

limitations are studied. 

3 
Benchmark 

Functions 

To find commonly used functions to test 

the performance of an optimization 

algorithm. 

Brief awareness of different 

types of benchmark 

functions is gained. 

4 Analog circuits 

To find out the most versatile CMOS 

based analog circuits considered in the 

literature for automatic sizing 

procedure. 

Different circuits and their 

performance parameters are 

studied. 

5 PVT variations 
To understand the effect of variations of 

PVT on the analog circuit performance. 

PVT analysis is important to 

develop a robust optimizer. 
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Systematic literature survey throughout research work is useful to find the following 

information: 

 The concept of automatic CMOS based analog circuit design. 

 Different types of optimization algorithms, their merits, and demerits. 

 Testing of the optimization algorithms with the help of benchmark functions. 

 Best optimization algorithm to find an optimal solution for an optimization 

problem. 

 Different factors affecting the performance of a CMOS based analog circuit. 

 Validate the result through simulation. 

 

In the last three decades, analog circuit design engineers explored many techniques for the 

automation of the analog circuit sizing. In this chapter, these approaches are concisely 

covered focusing on the optimization methods which are used. Different EAs such as the 

DE, PSO, and CS algorithms are also described briefly. 

 

2.2 State-of-the-Art of Automatic Analog Circuit Design 

 

Optimization is a  process of finding the best solution for a given problem based on the 

available parameters of the design [33]. During the optimization of an analog circuit, the 

design parameters values are selected in such a way that the actual circuit performance 

meets the design specifications. The main design parameters of a CMOS based analog 

circuit may be the width (𝑊) and length (𝐿) of different NMOS and PMOS transistors, 

bias current  (𝐼𝑏𝑖𝑎𝑠) , resistor  (𝑅) , and capacitor (𝐶) . The optimization is an iterative 

process in which values of the design parameters are updated until they achieve the 

optimal result for the optimization problem. The desired specifications of an analog circuit 

for a particular circuit topology can be represented as [34]:  

 

 𝑆𝑝𝑒𝑐𝑗 = 𝑓(𝑿, 𝒀),         𝑗 = 1, 2, . . . . . . . . . . . . . . . , 𝑁 (2.1) 

 

Where, 𝑆𝑝𝑒𝑐𝑗  indicates different desired specifications, vector 𝑿  indicates design 

parameters values, vector 𝒀 indicates power supply voltage, temperature, process-related 

information, etc., and 𝑁 is the number of desired specifications.  
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As an illustration, consider a circuit which has 𝑝 number of MOS transistors, 𝑞 number of 

resistors, 𝑟 number of capacitors, and a reference current source 𝐼𝑟𝑒𝑓. The values of these 

parameters are allowed to take values within a search space which is considered on the 

basis of CMOS process technology, area constraints, power dissipation, etc. The values of 

these parameters are found within the search space such that performance measures satisfy 

a given set of constraints for the given vector 𝒀. Thus, we can represent the analog circuit 

design problem as follow [34]: Find the values of 𝐿𝑖 and 𝑊𝑖 of the transistor, 𝑅𝑗, 𝐶𝑘, and  

𝐼𝑟𝑒𝑓   such that, 

 

 

(

 
 
 
 

𝑆𝑝𝑒𝑐1 ≤  𝑉𝑎𝑙𝑢𝑒1  𝑜𝑟 𝑆𝑝𝑒𝑐1 ≥  𝑉𝑎𝑙𝑢𝑒1 
𝑆𝑝𝑒𝑐2 ≤  𝑉𝑎𝑙𝑢𝑒2  𝑜𝑟 𝑆𝑝𝑒𝑐2 ≥  𝑉𝑎𝑙𝑢𝑒2 
𝑆𝑝𝑒𝑐3 ≤  𝑉𝑎𝑙𝑢𝑒3  𝑜𝑟 𝑆𝑝𝑒𝑐3 ≥  𝑉𝑎𝑙𝑢𝑒3 

.

.

.
𝑆𝑝𝑒𝑐𝑁 ≤  𝑉𝑎𝑙𝑢𝑒𝑁  𝑜𝑟 𝑆𝑝𝑒𝑐𝑁 ≥  𝑉𝑎𝑙𝑢𝑒𝑁 )

 
 
 
 

 (2.2) 

 

Subject to  

 

 

(

 
 

𝐿𝑚𝑖𝑛 ≤ 𝐿𝑖 ≤ 𝐿𝑚𝑎𝑥 ,          𝑖 = 1, 2, …… . , 𝑝
𝑊𝑚𝑖𝑛 ≤ 𝑊𝑖 ≤ 𝑊𝑚𝑎𝑥 ,       𝑖 = 1, 2, …… . , 𝑝
𝑅𝑚𝑖𝑛 ≤ 𝑅𝑗 ≤ 𝑅𝑚𝑎𝑥 ,          𝑗 = 1, 2, …… . , 𝑞

𝐶𝑚𝑖𝑛 ≤ 𝐶𝑘 ≤ 𝐶𝑚𝑎𝑥 ,          𝑘 = 1, 2, …… . , 𝑟
𝐼𝑚𝑖𝑛 ≤ 𝐼𝑟𝑒𝑓 ≤ 𝐼𝑚𝑎𝑥  )

 
 

 (2.3) 

  

for the given vector 𝒀.  

 

There are many optimization methods applied for the automated circuit sizing problem in 

the past as well as in recent time. In general, optimization methods are mainly classified as 

gradient-based optimization (also known as classical optimization techniques), convex 

optimization, and evolutionary optimization (also known as metaheuristic optimization 

techniques). The gradient-based optimization techniques are effective for small size design 

problems. These techniques require computation of derivatives in each iteration and also 

need a good preliminary estimate for the design variables. In the absence of initial guess 

close to the globally optimum solution, these techniques would normally stick at a locally 

optimal solution for a Non-deterministic Polynomial-time (NP)-hard problem with large 

numbers of variables and non-linear objective functions [35]. Examples of these 

techniques are sequential quadratic programming [36], Levenberg-Marquardt [37], 
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steepest descent method [38], and phase I-II-III method of feasible directions [39]. The 

convex optimization techniques give a globally optimal result only for the convex 

functions. These techniques need a very good understanding of circuit design and physical 

models to prepare constraints, which would be very tough reviewing the current state-of-

the-art MOSFET models [40]. Examples of these techniques are the interior-point 

algorithm [41], geometric programming, etc., [42]–[44]. The evolutionary optimization 

techniques can be used to solve multimodal as well as multi-objective optimization 

problems to explore the solution space more robustly [45]. These techniques do not 

undergo problems related to the gradient-based and convex optimization techniques. 

These techniques do not need familiarity with circuit design and physical models. These 

techniques also do not require computing complex mathematical calculations, however, 

they give the global optimum solution. The main EAs such as the SA, TS, GA, DE, PSO, 

DE, HS, ACO, ABC algorithms have become popular in engineering applications and 

other fields. As per No Free Lunch (NFL) theorem, no single algorithm is best suited to 

solve all optimization problems [46]. 

 

A lot of research work has been devoted to EA-based optimization of different topologies 

of fundamental CMOS based analog circuits after proper circuit topology selection step in 

the analog circuit design flow [42]–[53]. The GA is a widely used optimization algorithm 

by many researchers for different optimization problems. The GA is also tested for the 

optimization problem related to analog circuits [59][60]. The SA, TS, and GA require 

more computation time when the complexity of the design problem increases. The ACO 

algorithm takes less time and is far more consistent than the GA in finding good results in 

problems of transistor sizing, so it is capable of replacing GA [61]. The PSO algorithm has 

been utilized for optimal sizing of the DA with a current mirror as load and the two-stage 

op-amp and compared with the performance of the GA in [62]. The authors concluded that 

the PSO algorithm satisfies the desired specifications with less total MOS transistor area. 

The Craziness-based PSO (CRPSO) algorithm is tested for the DA with a current mirror as 

load and the two-stage op-amp in [63]. The authors concluded that CRPSO based designs 

outperform with the GA, PSO, and convex optimization-based designs. In [45], ultra-low 

power CMOS Miller OTA and a three-stage CMOS Miller op-amp are optimized by the 

GA, PSO, and Hierarchical PSO (HPSO) algorithms [64]. The authors concluded that the 

HPSO algorithm converges better than the others. The PSO algorithm gives better 

accuracy compared to the GA in most of the applications. The ABC, DE, and PSO 
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algorithms have been explored to optimize CMOS Miller OTA in [1]. The authors 

concluded that the DE algorithm achieves good performance than the PSO algorithm, 

whereas the ABC algorithm does not touch the goals. In [65], The ABC, DE, HS, and PSO 

algorithms were used to optimize 𝑛𝑡ℎ  order filters and it is concluded that the HS 

algorithm is the fastest algorithm but has the maximum fault while the other algorithms 

converged superiorly. In [56], the performance of the HS and DE algorithms are compared, 

the authors also derived the same conclusion. The performance of the Modified PSO 

(MPSO) algorithm with the standard PSO and ABC algorithms has been compared by 

optimizing bulk driven OTA and two-stage CMOS op-amp and authors concluded that 

MPSO gives better results than the alternatives [66]. The ABC algorithm is good at 

exploration but poor at exploitation [67]. Because of this deficiency, the ABC algorithm 

exhibits slower convergence speed in case of unimodal problems and traps in local 

minima while solving complex multimodal optimization problems.  

 

The CS algorithm, developed by Yang and Deb, is a population-based stochastic 

metaheuristic optimization algorithm like the ABC, PSO, and DE algorithms [68][69]. But 

this algorithm uses some sort of elitism and/or selection similar to that used in the HS 

algorithm. The CS algorithm requires fewer parameters to be adjusted and gives more 

efficient randomization compared to the PSO and DE algorithms. In [70], the performance 

of the CS, DE, PSO, and ABC algorithms is analysed and compared. The authors 

concluded that the CS algorithm gives more precise and robust results than the PSO and 

ABC algorithms. The major applications of the CS algorithm are data clustering, data 

fusion, multilevel image thresholding, flood forecasting, travelling salesman problem, 

wireless sensor networks, flow shop scheduling, ontology matching, speaker recognition, 

web server composition, computer games and many more real work applications as 

reviewed in [71][72]. Yet, the CS algorithm has not been explored to optimize a CMOS 

based analog circuit.  

 

Each metaheuristic algorithm generally consumes considerable computing time and 

requires some parameters setting to achieve a high quality of results. Each metaheuristic 

algorithm has its own advantages and disadvantages. Therefore, recent researchers have 

tried to develop hybrid algorithms by collaborating two or more algorithms to achieve 

higher success [73][74]. 
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2.3 Evolutionary Algorithms  

 

The invention of the Evolutionary Algorithms (EAs) is generally inspired by nature 

through the researcher’s community. These algorithms are goal-oriented, efficient, 

flexible, and independent of the model. Most of the researchers are working on these 

optimization techniques and many new modified and improved versions are frequently 

invented in scientific research. In this section, the DE, PSO, and CS algorithms are briefly 

described.  

 

2.3.1 DE Algorithm 

 

The DE algorithm is an evolutionary optimization technique developed by Storn and Price 

[26]. In the DE algorithm, the formation of a new candidate solution is carried out by 

calculating a weighted difference between two randomly selected population members 

added to a third randomly selected population member. The DE algorithm uses the 

mutation, crossover, and selection strategies of the GA. There are ten mutation techniques 

for the DE algorithm as given in the literature [26][75].   

DE\best\1\exp  DE\rand\1\exp  DE\rand-to-best\1\exp     

DE\best2\exp    DE\rand2\exp       

DE\best\1\bin    DE\rand\1\bin           DE\rand-to-best\1\bin   

DE\best\2\bin  DE\rand\2\bin 

The DE/rand/1/bin is the most commonly used technique to search for the global optimum 

solution of the optimization problem [75][76]. The DE algorithm consists of two arrays, 

each one holding population size 𝑁 and dimension 𝐷. The first array holds the current 

vector population, while the second array holds a vector population for the next 

generation. In each generation, 𝑁 competitions are carried out to get the resultant 

composition of the consecutive generation. The vector differential (𝒙𝑟0 − 𝒙𝑟1) is defined 

by a pair of vectors 𝒙𝑟0 and 𝒙𝑟1. Both vectors 𝒙𝑟0 and 𝒙𝑟1 are chosen randomly, and their 

weighted difference is multiplied by some weighted factor which is further added to 

another randomly chosen vector 𝒙𝑟2. This process can be mathematically represented by 

the following equation [26][75]:   

 

 𝒗 = 𝒙𝑟2 + 𝐹 ∗ (𝒙𝑟0 − 𝒙𝑟1) (2.4) 
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Where, 𝒗 is a mutant vector, 𝒙 is a target vector, and 𝑟0, 𝑟1 and 𝑟2 are the random numbers 

∈  {1, 2, . . . . , 𝑁}. The weighting or mutation scaling factor 𝐹 is a constant supplied by the 

user in the optimal range of (0.5, 1.0) which controls the amplification of the (𝒙𝑟0 − 𝒙𝑟1) 

[75]. The main steps of the DE algorithm are illustrated by the flow diagram in Fig. 2.1.  

 

f(uk,t+1) < 

f(xk,t)

Input population size (N), Problem size (D),

 Weighting factor (F), Crossover Rate (CR),

Number of generations, Desired fitness value

Initialize population randomly and calculate 

fitness of each individual 

xk,t+1 = uk,t+1 

uk,t+1 = vk,t+1  if rand (0,1) < CR otherwise xk,t

vk,t+1 = xr2,t + F * (xr0,t  - xr1,t)

 xk,t+1 = xk.t 

Yes

No

Find xGbest

Termination criteria

Desired optimized solution

Yes

No
k = N

Yes

No

 

FIGURE 2.1: Flowchart of the DE algorithm [75] 

In Fig. 2.1, 𝒖 is a trail vector, 𝒙𝐺𝑏𝑒𝑠𝑡  is a generation best vector, 𝑡 is a generation number, 

and 𝑘 = 1, 2, . . . . , 𝑁 . The termination criteria may be either a maximum number of 
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generations or a minimum value of the fitness function. The main control parameters of 

the DE algorithm are 𝐹, 𝑁, and Crossover Rate (CR) [75]. 

 

2.3.2 PSO Algorithm 

 

The PSO algorithm is basically a swarm intelligence based evolutionary algorithm 

developed by Kennedy and Eberhart [27][77][78]. This algorithm is based on the flocking 

behaviour and social co-operation of birds and fish schools. Each bird or fish in folk is 

known as a particle in this algorithm. This algorithm finds the best optimal result using a 

set of particles with different velocities and different positions. The velocities of these 

particles are dynamically adjusted based on their past performance, as well as their 

neighbour in the exploration space. The particles in the population change their social 

performance based on their movement towards the destination. This algorithm works in an 

iterative manner and finds the best solution. Suppose particle swam consists of 𝑁 number 

of particles with 𝐷  dimension. The position and velocity of the 𝑘𝑡ℎ particle are 

characterized by 𝒙𝑘 = [𝑥𝑘1, 𝑥𝑘2, . . . . ., 𝑥𝑘𝐷]  and  𝑽𝑘 = [𝑉𝑘1, 𝑉𝑘2, . . . . . , 𝑉𝑘𝐷].  The 

velocity of the 𝑘𝑡ℎ  particle after each iteration is updated according to the following 

equation [79][80]: 

 

 
𝑉𝑘𝑑
𝑡+1 = 𝜔 ∗ 𝑉𝑘𝑑

𝑡 + 𝐶1 ∗ 𝑟𝑎𝑛𝑑1 ∗ (𝑝𝑏𝑒𝑠𝑡𝑘𝑑
𝑡 − 𝑥𝑘𝑑

𝑡 ) 

+ 𝐶2 ∗ 𝑟𝑎𝑛𝑑2 ∗ (𝑔𝑏𝑒𝑠𝑡𝑑
𝑡 − 𝑥𝑘𝑑

𝑡 ) 

 (2.5) 

 

Here, the range of 𝑘 is {1, 2, 3, . . . , 𝑁}, the range of 𝑑 is {1, 2, 3, . . . , 𝐷}, the range of 𝑡 is 

{1, 2, 3, . . . , 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛  𝑛𝑢𝑚𝑏𝑒𝑟}, 𝑥𝑘𝑑
𝑡  and 𝑉𝑘𝑑

𝑡  are the position and velocity of 

𝑘𝑡ℎ  particle in 𝑑𝑡ℎ  dimension for the 𝑡𝑡ℎ iteration respectively, 𝑝𝑏𝑒𝑠𝑡𝑘𝑑
𝑡  is the personal 

best position of 𝑘𝑡ℎ  particle in 𝑑𝑡ℎ  dimension for the 𝑡𝑡ℎ iteration, 𝑔𝑏𝑒𝑠𝑡𝑑
𝑡  is the 𝑑𝑡ℎ 

dimension of the global best particle in the swarm for the 𝑡𝑡ℎ iteration, 𝑟𝑎𝑛𝑑1 and 𝑟𝑎𝑛𝑑2 

are uniformly distributed random numbers between 0 and 1, 𝐶1 and 𝐶2  are constants 

known as acceleration coefficients, 𝜔 is known as inertia weight which is initially chosen 

less than one and then reduced linearly with each iteration. 𝜔 controls the influence of the 

previous direction of displacement. The position of the 𝑘𝑡ℎ particle in 𝑁 ×  𝐷 dimension 

of the search space can be updated using a Markov chain property as [80],  

 
𝑥𝑘𝑑
𝑡+1 = 𝑥𝑘𝑑

𝑡 + 𝑉𝑘𝑑
𝑡+1 (2.6) 
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The linear time-varying inertia weight 𝜔 can be expressed as [45], 

 

  

𝜔𝑡 = (𝜔𝑚𝑎𝑥 − 𝜔𝑚𝑖𝑛) ∗
(𝑡𝑚𝑎𝑥 − 𝑡)

𝑡
+ 𝜔𝑚𝑎𝑥 

(2.7) 

 

Here, 𝜔𝑚𝑎𝑥  is a maximum value of 𝜔 , 𝜔𝑚𝑖𝑛  is a minimum value of 𝜔 , 𝑡𝑚𝑎𝑥  is the 

maximum number of iterations, and 𝑡 is the current iteration. The main steps of the PSO 

algorithm are illustrated by the flow diagram in Fig. 2.2. 

 

Particle number          

< max. number 

Generate random particle’s position and velocity

Calculate fitness of each particle

For each particle update velocity and position 

Yes

No

Choose the particle with the best fitness value 

from all as gbest

Termination criteria

Desired optimized solution

Yes

No

pbest = Current 

position

Fitness (current 

particle) < fitness 

(pbest)

Yes

No

Input population size (N), Problem size (D),

 C1, C2,Vmax, Inertia weight (ω),

Number of iteration, Desired fitness value

 

FIGURE 2.2: Flowchart of the PSO algorithm [27][81] 
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2.3.3 CS Algorithm 

 

The CS algorithm is a bio-inspired metaheuristic algorithm developed by Yang and Deb 

[68]. This algorithm is motivated by the exceptional lifestyle of a bird family, called 

cuckoo. The CS algorithm is more generic and robust compared to the GA, PSO, DE, and 

other metaheuristic algorithms for many global optimization problems due to the 

following main reasons [68][82]: 

1. A fine balance of exploration and exploitation 

2. Less number of control parameters  

The main steps of the CS algorithm are illustrated by the flow diagram in Fig. 2.3. 

 

Input number of nest (N), Problem size (D),

Fraction of worst nest (pa), Number of iterations, 

Desired fitness value

Generate initial population of N nest and find 

current best solution

Choose the nest with the best fitness value from all 

as gbest

Termination criteria 

Desired optimized solution

Yes

Generate cuckoo by random Lévy walk 

Evaluate fitness of each cuckoo

Replace better quality cuckoo to nest

Abandon a fraction of worse nests (pa), and build 

new one at new location via random walk

No

 

FIGURE 2.3: Flowchart of the CS algorithm [68][83] 
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This algorithm starts with a random initial population like many other metaheuristic 

algorithms, at the same time it explores some kind of elitism and/or selection like that of 

the HS algorithm [84]. Cuckoo breeding behaviour is combined with the Lévy flight 

behaviour of some birds and fruit flies to find all optima in a search space with the help of 

Lévy flights.  

 

In this algorithm, each pattern relates to a nest and each individual element of the pattern 

relates to a cuckoo egg. The common process equation of the CS algorithm is defined by 

the following equation [68]: 

 

 

𝒙𝑡+1;𝑖 =  𝒙𝑡;𝑖 + 𝛼 ⊗ 𝐿é𝑣𝑦(𝜆) (2.8) 

 

Here, 𝒙𝑡;𝑖 is the current solution of the 𝑖𝑡ℎ cuckoo, 𝒙𝑡+1;𝑖 is the next solution generated for 

the 𝑖𝑡ℎ cuckoo with Lévy flight, 𝑡 represents a number of the current generation, product 

⊗ indicates the entry-wise multiplication, and 𝛼 > 0 is a scaling factor of the step size 

which depends on scales of the problem of interest. For small dimension problem, 𝛼 =

𝑂(𝐿/10) is suitable whereas, for large dimension problem, 𝛼 = 𝑂(𝐿/100) is more 

appropriate [71]. Big O notation is used to represent the time complexity of an algorithm. 

The characteristics of the scale 𝐿  depend on the problem to be solved. In addition, 

Lévy(𝜆) is a random walk using Lévy flight which is more effective in the long run 

compared to a random walk used in other algorithms such as the DE, PSO, ABC, etc. This 

is a global walk intended for exploration or diversification of the search space.  

 

Lévy(𝜆) is derived from a Lévy distribution which has an infinite variance with an infinite 

mean using the following equation [68]: 

 

 
𝐿é𝑣𝑦~𝑢 = 𝑡−𝜆   ;      1 < 𝜆 ≤ 3 (2.9) 

 

Where, ‘~’  means random numbers drawn from the Lévy distribution wherein the step 

size follows a random walk process with a power-law distribution with heavy-tailed as 

shown in Fig. 2.4 and 𝜆 is the power coefficient [85]. In Fig. 2.4, 𝑃(𝑥) is a probability 

density function of a random variable 𝑥. 
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FIGURE 2.4: Lévy distribution [84] 

 

Lévy flight has a large coverage range in a search space of the variables. Numerous new 

solutions should be generated by Lévy walk near the best solution obtained. This 

procedure will speed up local exploration [86]. To confirm that the algorithm will not be 

trapped in a local optimum, a substantial part of the new solutions must be generated 

through far-field randomization, so that location would be sufficiently far from the current 

best solution. Thus, steps generated by Lévy walk can have both large and small 

components, which enable the cuckoo search to do both large-scale explorations as well as 

local exploitation. Such randomization can also make the algorithm more likely to jump 

out of any local optima, enabling a better overall exploration ability as well as sufficiently 

strong exploitation ability [72][87]. There are a few methods to generate Lévy distribution, 

but one of the most efficient and yet straightforward methods is the Mantegna algorithm 

[88][69]. It generates random numbers according to symmetric Lévy stable distribution 

[20]. The simple way to generate a new solution using the Lévy walk is mathematically 

expressed by the following equation [70]: 

 

 

𝒙𝑡+1 =  𝒙𝑡 + 𝑠𝑡𝑒𝑝 𝑠𝑖𝑧𝑒 ⊗ 𝑁(0,1) (2.10) 
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Using the Mantegna algorithm, the step size of the random walk is calculated by the 

following equation [69][70][89]: 

 

 

𝑆𝑡𝑒𝑝 𝑠𝑖𝑧𝑒 = 0.01 ∗ (
𝑢

|𝑣|
1
𝛽⁄
)⨂(𝒙𝑡 − 𝒙𝑏𝑒𝑠𝑡) 

(2.11) 

 

In the above equation, 0.01 is a factor for controlling step size of cuckoo walks, 𝒙𝑡 is the 

current solution, 𝒙𝑏𝑒𝑠𝑡 is the global solution, step size is the length of walk step, ⊗ is 

entry-wise product, 𝑢 and 𝑣 are normally distributed stochastic variables generated from   

𝑢 ~ 𝑁(0, 𝜎2)  and 𝑣 ~𝑁(0, 1),and 𝜎2  is the variance given by the following equation 

[69][70]: 

  

 

𝜎2 = {
𝛤(1 + 𝛽) ∗ 𝑠𝑖𝑛 (

𝜋𝛽

2
)

𝛤 (
1+𝛽

2
) ∗ 𝛽 ∗ 2(

𝛽−1

2
)

⁄ }

1
𝛽⁄

 

(2.12) 

 

In the above equation, 𝛤  is a gamma function which is an extension of the factorial 

function of the positive number, and 𝛽 is the variable which controls distribution by 0 ≤

 𝛽 ≤  2. The value of 𝛽 equal to 1.5 is suggested in [68].  

 

The local random walk intended for exploitation or intensification of the search space is 

expressed as [70][71], 

 

 

𝒙𝑡+1 =  𝒙𝑡 + 𝑟 ⊗𝐻(𝑝𝑎 − 𝑟)⊗ (𝒙𝑗 − 𝒙𝑘) (2.13) 

 

In the above equation, 𝒙𝑗 and 𝒙𝑘 are two different solutions selected randomly, 𝐻(𝑢) is a 

Heaviside function (𝐻(𝑢) = 1  if 𝑢 >  0  and 𝐻(𝑢) = 0  if 𝑢 < 0 ), 𝑝𝑎  is the discovery 

probability of a cuckoo egg by a host bird which is ∈ [0, 1] , 𝑟  is a random number 

generated from a uniform distribution in (0, 1).  

 

The CS algorithm can find the desired solutions very efficiently for many global 

optimization problems as presented in the literature. The pseudocode of the CS algorithm 

is illustrated in Fig. 2.5. 
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2.4 Summary  

 

Various research papers, journal, and other articles on automatic CMOS based analog 

circuit design have been referred during the first phase of the literature review. Many 

researchers have worked on the optimization of CMOS based analog circuits using 

different EAs like SA, TS, GA, PSO, DE, ABC, ACO, etc. The CS algorithm tested for 

different real-world applications in the reported literature, but none of the researcher or 

inventor has worked on optimization of CMOS based analog circuit using the CS 

algorithm. The CS algorithm requires a smaller number of control parameters and has a 

fine balance of exploration and exploitation compared to the SA, TS, GA, PSO, DE, ACO, 

and ABC algorithms. So, in this work, the application of the CS algorithm is proposed for 

automated sizing of well-known CMOS based analog circuits. Research work on a hybrid 

algorithm is also reported in the literature. To use the benefits of the CS and PSO 

algorithms, further, the hybrid algorithm of CS and PSO algorithms is implemented and 

also explored to optimize the CMOS based analog circuits. The simulation-based approach 

is used for the performance evaluation of each algorithm in this work. The performance 

estimation of different EAs using different standard benchmark functions is given in the 

next chapter. Automation framework for analog circuit design is presented in chapter 4. 

 

 

Algorithm 1: The CS Algorithm  

 

Input:    Nest size (𝑁), Problem dimension (𝐷), Fraction of worst nest (𝑝𝑎), No. of generations,  

               Desired fitness function value; 

Output: Optimized solution; 

Begin 

Objective function  𝑓(𝒙), 𝒙 = (𝑥1, 𝑥2,  𝑥3…… . . 𝑥𝐷); 
Generate initial a population of 𝑁 host nests  𝒙𝑖 (𝑖 = 1, 2, 3, ………… ,𝑁); 
While (𝑡 ˂ 𝑀𝑎𝑥.  𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛) or (𝑠𝑡𝑜𝑝 𝑐𝑟𝑖𝑡𝑒𝑟𝑖𝑎); 
        Get a cuckoo (say 𝑖) randomly by Lévy flights; 

        Evaluate its quality/fitness 𝐹𝑖;  
        Choose a nest among 𝑁 (say 𝑗) randomly; 

        If  (𝐹𝑖  >  𝐹𝑗) then 

               Replace 𝑗 with the new solution; 

        End If 

        Abandon a fraction (𝑝𝑎) of worse nests and build new ones at new locations; 

        Keep the best solutions; 

        Rank the solutions and find the current best; 

End While 

End 

 

FIGURE 2.5: Pseudocode of the CS algorithm [68][83] 
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CHAPTER-3 

 

3 Performance Estimation of Evolutionary 

Algorithms 

 

3.1 Introduction 

 

There is no algorithm which can efficiently optimize all optimization problems. And to 

resolve this issue, merging two or more algorithms can be done to find the global optimum 

solution for a wide range of optimization problems [85]. This chapter begins with the 

concept of a hybrid algorithm. Then, benchmark functions which are generally used to test 

the performance of the optimization algorithms and the parameter settings of each 

algorithm are presented. At the end of the chapter, the performance of different EAs such 

as the CS, hybrid CSPSO, PSO, and DE algorithms are compared by solving the set of 

commonly used benchmark functions.  

 

3.2 Hybrid CSPSO Algorithm 

 

A hybrid algorithm is a merger of two or more algorithms that run together and 

complement each other to produce a profitable synergy from their integration [90]. In 

general, the outcome of hybridization makes some improvements in terms of either 

computational speed or accuracy [91]–[93]. The hybridization aims to combine the 

advantages of each algorithm, while simultaneously trying to minimize any substantial 

disadvantages [85]. The PSO algorithm is one of the most capable optimization 

algorithms. But it converges rapidly, so it has generally a premature convergence in 
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complex problems [70]. The CS algorithm is used to solve a number of complex problems 

and it outperforms other optimization algorithms [71]. The CS algorithm may converge 

marginally slower but it has better explorative skill. Consequently, there is some trade-off 

between accuracy and convergence which is partly related to the solution diversity that an 

algorithm can produce in the searching process as illustrated in Fig. 3.1 [73]. 

 

FIGURE 3.1: Trade-off between accuracy and convergence [73] 

 

The convergence rate and global search ability can be improved using the hybrid 

algorithm. It decreases the possibility of being stuck in local minima. The hybrid 

algorithm of the CS and PSO algorithms can be developed to make the preeminent use of 

the best features of both algorithms. The pseudocode of the hybrid CSPSO algorithm is 

illustrated in Fig. 3.2. 

 

Algorithm 1: The Hybrid CSPSO Algorithm  

 

Input:     Nest size (𝑁), Problem dimension (𝐷), Fraction of worst nest (𝑝𝑎),  No. of generations,  

                Desired fitness function value, 𝐶1, 𝐶2, 𝑉𝑚𝑎𝑥, ω; 

Output:  Optimized solution; 

Begin 

Objective function 𝑓(𝒙), 𝒙 = (𝑥1, 𝑥2,  𝑥3…… . . 𝑥𝐷); 
Generate initial a population of 𝑁 host nests 𝒙𝑖 (𝑖 = 1, 2, 3, ……… . , 𝑁); 
While (𝑡 < 𝑀𝑎𝑥. 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛) or (𝑠𝑡𝑜𝑝 𝑐𝑟𝑖𝑡𝑒𝑟𝑖𝑎); 
        Get a cuckoo (say 𝑖) randomly by Lévy flights; 

        Evaluate its quality/fitness 𝐹𝑖;  
        Choose a nest among 𝑁 (say 𝑗) randomly; 

        If  (𝐹𝑖  > 𝐹𝑗) then 

               Replace 𝑗 by the new solution; 

        End If 

        For each cuckoo update velocity and position according to the PSO algorithm;   

        Abandon a fraction (𝑝𝑎) of worse nests and build new ones at new locations; 

        Keep the best solutions; 

        Rank the solutions and find the current best; 

End while 

End 

FIGURE 3.2: Pseudocode of the hybrid CSPSO algorithm 
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The goal of this hybridization is to inform each cuckoo about their position and helps each 

cuckoo to move to a better position. In this hybrid algorithm, each cuckoo updates its 

velocity and position according to the PSO algorithm. The main steps of the hybrid 

CSPSO algorithm are illustrated by the flow diagram in Fig. 3.3.  

 

Input number of nest (N), Problem Size 

(D), Number of iterations, Desired fitness 

value, pa , C1, C2 ,Vmax, Inertia weight (ω)

Generate initial population of N nest and 

find current best solution

Choose the nest with the best fitness value 

from all as gbest

Termination criteria

Desired optimized solution

Yes

Generate cuckoo by random Lévy walk 

Evaluate fitness of each cuckoo

Replace better quality cuckoo to nest

Abandon a fraction of worse nests (pa) and 

build new one at new location via random 

walk

No

For each cuckoo update velocity and 

position according to PSO algorithm  

Evaluate fitness of each cuckoo and 

replace better quality cuckoo to nest

 

                       FIGURE 3.3: Flowchart of the hybrid CSPSO algorithm 



Benchmark Function 

25 
 

3.3 Benchmark Function 

 

Once the optimization algorithm is implemented, it is assessed through different 

benchmark functions, which is one of the best primary ways to evaluate and compare its 

performance [94]–[97]. If an algorithm can produce a satisfactory solution with the 

benchmark functions, then it is proven to solve the global optimization problems in most 

of the cases. There are different types of such test functions available in the literature. The 

commonly used functions have been selected to evaluate the performance of the CS and 

hybrid CSPSO algorithms. The performance of these algorithms also has been compared 

with the DE and PSO algorithms. The benchmark functions used for this work are listed 

with their equation, type, the search space of x, the global optimum solution of the 

function (𝒙∗), and the global minimum value of the function 𝑓(𝒙∗) in Table 3.1 [94][96].  

 
TABLE 3.1: Standard benchmark functions 

Function Equation Type 
Search 

Space 

Global 

Optimum 

Solution 

(x*)  

f(x*) 

Ackley 𝑓1(𝒙) = − 20𝑒
−0.2√

1

𝐷
∑ 𝑥𝑖

2𝐷
𝑖=1  −

                       𝑒
1

𝐷
∑ 𝑐𝑜𝑠(2𝜋𝑥𝑖)
𝐷
𝑖=1 + 20 + 𝑒  

Multi- 

modal 
(-32, 32) (0, …., 0) 0 

Beale 

𝑓2(𝒙) =  (1.5 − 𝑥0 + 𝑥0𝑥1)
2 +

                (2.25 − 𝑥0 + 𝑥0𝑥1
2)2 +

                (2.625 − 𝑥0 + 𝑥0𝑥1
3)2   

Uni- 

modal 
(-4.5, 4.5) (3, 0.5) 0 

Drop-Wave 𝑓3(𝒙) =  −
1 + 𝑐𝑜𝑠 (12√𝑥1

2 + 𝑥2
2)

0.5(𝑥1
2 + 𝑥2

2) + 2
 

Multi- 

modal 
(-5.12, 5.12) (0, 0) -1 

Easom 
𝑓4(𝒙) =  − 𝑐𝑜𝑠(𝑥0) 𝑐𝑜𝑠(𝑥1) 𝑒𝑥𝑝 (−(𝑥0

−  𝜋)2 − (𝑥1 − 𝜋)
2) 

Uni- 

modal 
(-100, 100) (π, π) -1 

Griewank 
𝑓5(𝒙) =

1

4000
∑ 𝑥𝑖

2 −∏ 𝑐𝑜𝑠 (
𝑥𝑖

√𝑖
)𝐷

𝑖=1
𝐷
𝑖=1 +

1  

Multi- 

modal 
(-600, 600) (0, …., 0) 0 

Lévy 

𝑓6(𝒙) = 𝑠𝑖𝑛
2(𝜋𝜔1) + ∑ (𝜔𝑖 −

𝐷−1
𝑖=1

                1)2  [1 + 10𝑠𝑖𝑛2(𝜋𝜔𝑖 + 1)] +
                 (𝜔𝐷 − 1)

2[1 + 𝑠𝑖𝑛2(2𝜋𝜔𝐷)]  

where 𝜔𝑖 = 1 +
𝑥𝑖−1

4
 

Multi- 

modal 
(-10, 10) (1, …., 1) 0 

Rastrigin 𝑓7(𝒙) = 10𝐷 +∑[𝑥𝑖
2 − 10 𝑐𝑜𝑠(2𝜋𝑥𝑖)]

𝐷

𝑖=1

 
Multi- 

modal 
(-5.12, 5.12) (0, …., 0) 0 

Rosenbrock 
𝑓8(𝒙) = ∑ [100(𝑥𝑖+1 − 𝑥𝑖

2)2  +𝐷
𝑖=1

               (𝑥𝑖 − 1)
2]  

Uni- 

modal 
(-30, 30) (1, …., 1) 0 

Schaffer 

𝑓9(𝒙)

= 0.5 +
(𝑠𝑖𝑛 [√𝑥1

2 + 𝑥2
2])

2

−  0.5

(1 + 10−3[𝑥1
2 + 𝑥2

2])2
 

Multi- 

modal 
(-100, 100) (0, 0) 0 

Sphere 

 
𝑓10(𝒙) =∑𝑥𝑖

2

𝐷

𝑖=1

 
Uni- 

modal 
(-100, 100) (0, …., 0) 0 
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3.4 Experimental Settings and Results 

 

The CS, CSPSO, PSO, and DE algorithms are implemented using the C programming 

language because execution in C language is comparatively faster and use the least 

memory. These algorithms are repeatedly executed on the GNU Compiler Collection 

(GCC) to find the required value for each benchmark function. The performance of all 

these EAs is evaluated using multimodal as well as unimodal benchmark functions with 

different problem dimensions (𝐷). These experiments are performed on a system having 

Intel® core™ i5, 2.40 GHz processor with 8 GB internal RAM, and Ubuntu as an 

Operating System (OS).  

 

Every algorithm has its own parameters which affect its performance in terms of solution 

quality and processing time. Depending on the nature of the optimization problem and 

search, different algorithms can have different values for their parameters. In the DE 

algorithm, parameters F, CR, and N are relatively tough to set and some benchmark 

functions are very sensitive to appropriate settings of these parameters [75]. For the PSO 

algorithm, more parameters need to be set. The CS algorithm has few parameters need to 

be set. For the comparative study, the size of population (𝑁) for the DE algorithm, the 

number of particles (𝑁)  for the PSO algorithm, the number of nests (𝑁)  for the CS 

algorithm, and the number of nests (𝑁) for the CSPSO algorithm have been considered 

equal. In this work, the values of the remaining parameters for each algorithm are also 

considered the same for all benchmark functions. However, depending on the nature of the 

optimization problem or the objective function, solution quality can be improved by 

changing the values of the algorithm’s parameters. The parameters for the different EAs 

are set as follows: 

 For the DE algorithm, 𝐹 ∈  [0, 2] and the CR ∈ [0, 1] as suggested in [26]. If 𝐹 <

0.4 or 𝐹 > 1.0, then the DE algorithm is rarely effective as mentioned in [26]. If 

the population converges prematurely, then F and/or 𝑁 should be increased. The 

larger value of CR increases the speed of convergence. Ali and Tӧrn have obtained 

an optimal value for CR = 0.5 empirically, halfway between the two parents [98]. 

This policy ensures that each parent’s component has a 50% chance of being 

selected to produce a new point. In this work, 𝐹 = 0.8 and CR = 0.5 are chosen for 

the DE algorithm as suggested in [75][98][99].  
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 The PSO algorithm comparatively consists of more tuning parameters which 

greatly influence its performance. As mentioned in [27], a recommended choice 

for 𝐶1  and  𝐶2  is 2. Clerc has reported that 𝐶1  and  𝐶2  are important factors to 

ensure convergence of the PSO algorithm in [100]. Trelea has tested the PSO 

algorithm for a different set of parameters for different standard benchmark 

functions [101]. From his empirical study, he suggested that 𝐶1 = 𝐶2 = 1.49 gives 

a higher success rate for the PSO algorithm. Shi and Eberhart have analysed the 

impact of  𝜔  and 𝑉𝑚𝑎𝑥 on the performance of the PSO algorithm in [102]. The 

choice of 𝑉𝑚𝑎𝑥 = 𝑥𝑚𝑎𝑥  and linear variation of 𝜔 from 0.9 to 0.4 with iterations 

provide good performance on the tested benchmark functions as mentioned in 

[103]. In this work, number of particles (𝑁) = 30, 𝐶1 (importance of personal best) 

= 1.49, 𝐶2 (importance of neighborhood best) = 1.49, 𝑉𝑚𝑎𝑥 = 𝑥𝑚𝑎𝑥 , 𝑉𝑚𝑖𝑛 = 𝑥𝑚𝑖𝑛, 

and 𝜔  varies linearly from 0.9 to 0.4 with iterations are chosen for the PSO 

algorithm as recommended in [45] [101][103].   

 

 Yang and Deb have tested different benchmark functions with different values of 

population size (𝑁) and 𝑝𝑎 for the CS algorithm. From their empirical study, they 

have suggested that 𝑁 = 15 to 40 and 𝑝𝑎 = 0.25 are sufficient for most 

optimization problems. In this work,  𝑁 =  30 and 𝑝𝑎 =  0.25 are chosen for 

simulations as suggested in [68][104].  

 

 For the CSPSO algorithm, Number of nests (𝑁) = 30, 𝑝𝑎 = 0.25, 𝐶1 = 1.49, 𝐶2 = 

1.49, 𝑉𝑚𝑎𝑥 = 0.1 ∗  𝑥𝑚𝑎𝑥 ,  𝑉𝑚𝑖𝑛 =  0.1 ∗ 𝑥𝑚𝑖𝑛, and 𝜔 varies linearly from 0.9 to 0.4 

with iterations are chosen. 

 

The solution obtained by any EA to solve an objective function 𝑓(𝒙) with the solution 

search space of a variable [𝑥𝑗,𝑚𝑖𝑛, 𝑥𝑗,𝑚𝑎𝑥] 𝑗 = 1,2,………… ,𝐷 is represented by a 𝒙 =

(𝑥1,  𝑥2, . . . . . . . . . . , 𝑥𝐷). Here, 𝑥𝑗,𝑚𝑖𝑛 is a minimum value of a variable 𝑥𝑗  and 𝑥𝑗,𝑚𝑎𝑥  is a 

maximum value of a variable 𝑥𝑗 . In the initialization phase, each algorithm randomly 

generates a solution vector which is sampled from the search space [𝑥𝑗,𝑚𝑖𝑛, 𝑥𝑗,𝑚𝑎𝑥]. The 

initial values of the 𝑗𝑡ℎ attributes of the 𝑖𝑡ℎ pattern have been generated as [105],  

               

𝑥𝑖,𝑗 = 𝑥𝑖,𝑗,𝑚𝑖𝑛 + 𝑟 ∗ (𝑥𝑖,𝑗,𝑚𝑎𝑥 − 𝑥𝑖,𝑗,𝑚𝑖𝑛)  𝑖 = 1, 2, ………… ,𝑁 (3.1) 
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In (3.1), 𝑟 represents a uniformly distributed random variable with the range (0, 1). This 

randomly generated solution vector is given to a test function. Based on the results of the 

test function, the algorithm will update the value of the solution vector. This process is 

iterative until termination criteria are not fulfilled. The termination criteria are either a 

minimum value of the function or a maximum number of iterations. These criteria are 

selected based on the complexity of the optimization problem and requirement of quality 

of solutions. A tolerance for the variation of function value is considered ≤ 1e-6. The 

maximum number of iterations for the benchmark function testing are considered 30000.  

 

Being a stochastic search process, a statistical study is required to compare the consistency 

of the different EAs and their quality of solutions. Therefore, each benchmark function is 

solved by the CS, CSPSO, DE, and PSO algorithms for 100 independent runs with 

different random seeds. The performance of each EA is evaluated based on different 

performance criteria such as success rate, simulation time, a standard deviation of a 

function value, an average number of iterations, and an average number of function 

evaluations in our experimental studies.  

 Standard deviation of a function value: The best value of a function 𝑓(𝒙) that each 

algorithm can find is recorded in each run. The minimum, maximum, mean, and 

standard deviation of the best function values are calculated. The minimum, 

maximum, mean, and standard deviation of the best function values are denoted as 

‘𝑀𝑖𝑛𝑓’, ‘𝑀𝑎𝑥𝑓’, ‘𝑀𝑒𝑎𝑛𝑓’, and ‘𝑆𝐷𝑓’ respectively. 

 Average number of iterations: The number of iterations is also recorded in 

different runs when each algorithm finds the targeted value of the function within 

the maximum number of iterations. Then, the average number of iterations is 

calculated based on the number of runs. It is denoted as ‘𝐼𝑡𝑒𝑟𝑎𝑣𝑔’.   

 Average number of function evaluations: The number of function evaluations is 

also recorded in different runs when each algorithm finds the targeted value of the 

function within the termination criteria. Then, the average number of function 

evaluations is calculated based on the number of runs. It is denoted as ‘𝐹𝐸𝑎𝑣𝑔’. 

 Success rate: The number of successful runs is recorded when the function value 

reaches the targeted value within a maximum number of iterations. It is denoted as 

‘𝑆𝑟𝑎𝑡𝑒’. 
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 Simulation time: The total simulation time is recorded for all runs of the function 

taken by each algorithm in the respective experiment. It is denoted as ‘𝑇𝑠𝑖𝑚’. 

 

TABLE 3.2: Performance evaluation of different EAs with different benchmark functions 

Algori-

thm 

Fun-

ction 
𝑫 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 

𝑻𝒔𝒊𝒎 

(s) 

DE 

𝑓1(𝒙) 10 

9.1e-7 1.7e-5 1.1e-6 2.0e-6 21419 642608 99  110.77 

PSO 6.5e-7 19.93 3.9e-1 2.79 4234 127025 98 24.27 

CS 6.9e-7 1.0e-6 9.1e-7 0.0 1318 79121 100 24.39 

CSPSO 5.7e-7 1.0e-6 9.1e-7 0.0 1090 98202 100 36.70 

DE 

𝑓2(𝒙) 2 

1.0e-6 2.0e-1 9.3e-3 2.4e-2 30000 900030 0 33.86 

PSO 2.3e-8 7.6e-1 7.6e-3 7.5e-2 580 17400 99 0.83 

CS 1.2e-8 9.9e-7 5.1e-7 0.0 152 9165 100 0.60 

CSPSO 1.2e-8 9.9e-7 5.5e-7 0.0 83 7524 100 0.37 

DE 

𝑓3(𝒙) 2 

1.7e-9 9.8e-7 3.1e-7 0.0 76 2319 100 0.08 

PSO 0.0 1.0e-6 3.3e-7 0.0 43 1286 100 0.04 

CS 3.1e-10 1.0e-6 3.0e-7 0.0 9 576 100 0.05 

CSPSO 2.3e-11 1.0e-6 3.0e-7 0.0 7 669 100 0.04 

DE 

𝑓4(𝒙) 2 

8.9e-6 1.3e-1 7.0e-3 1.5e-2 30000 900030 0 32.04 

PSO 5.6e-9 1.0e-6 5.5e-7 0.0 583 17491 100 0.92 

CS 2.0e-8 1.0e-6 5.2e-7 0.0 944 56701 100 5.74 

CSPSO 1.9e-8 1.0e-6 5.2e-7 0.0 764 68759 100 5.78 

DE 

𝑓5(𝒙) 10 

9.8e-7 5.2e-1 1.4e-1 1.3e-1 29892 896811 8 128 

PSO 6.8e-7 8.4e-2 3.4e-2 1.7e-2 29514 885544 2 111 

CS 6.5e-7 4.6e-2 1.9e-2 1.2e-2 27787 1667298 9 526 

CSPSO 7.3e-7 4.7e-2 1.7e-3 1.1e-2 27047 2434260 12 219 

DE 

𝑓6(𝒙) 10 

8.3e-5 3.1e-1 2.5e-2 4.3e-2 30000 900030 0 144.62 

PSO 4.4e-5 3.99 7.8e-2 5.6e-1 898 26948 98 4.91 

CS 3.9e-7 1.0e-6 8.0e-7 0.0 901 54145 100 18.73 

CSPSO 2.5e-7 9.9e-1 1.9e-2 1.4e-1 1106 99580 98 29.66 

DE 

𝑓7(𝒙) 10 

9.8e-7 7.65 4.9e-1 1.18 29968 899099 5 85.19 

PSO 6.4e-7 29.92 1.94 5.74 18209 546283 47 70.84 

CS 2.1e-7 4.97 6.5e-1 9.4e-1 18618 1117138 57 305 

CSPSO 4.2e-7 3.98 6.3e-1 8.5e-1 18617 1675621 55 366 

DE 

𝑓8(𝒙) 10 

7.51 933.81 321.59 188.21 30000 900030 0 62.14 

PSO 1.0e-6 90002 10813 29242 29892 896789 1 107 

CS 4.1e-7 1.0e-6 8.2e-7 0.0 1576 94638 100 23.01 

CSPSO 2.5e-7 1.0e-6 8.0e-7 0.0 1330 119761 100 31.19 

DE 

𝑓9(𝒙) 2 

8.7e-7 1.0e-6 9.6e-7 0.0 5236 157098 100 6.34 

PSO 0.0 1.0e-6 4.5e-7 0.0 786 23595 100 0.83 

CS 1.8e-9 1.0e-6 5.8e-7 0.0 1240 74484 100 5.72 

CSPSO 7.8e-9 1.0e-6 5.5e-7 0.0 476 42949 100 2.67 

DE 

𝑓10(𝒙) 10 

9.0e-7 1.0e-6 9.9e-7 0.0 4653 139635 100 8.78 

PSO 3.2e-7 1.0e-6 8.7e-7 0.0 3102 93065 100 10.47 

CS 2.8e-7 1.0e-6 8.2e-7 0.0 704 42248 100 10.30 

CSPSO 3.7e-7 1.0e-6 8.2e-7 0.0 480 43329 100 7.85 
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The performance criteria of each EA for different benchmark functions are tabulated in 

Table 3.2. In which, Beale 𝑓2(𝒙) , Drop-Wave 𝑓3(𝒙) , Easom 𝑓4(𝒙)and Schaffer 𝑓9(𝒙) 

functions are 2-D optimization problems and Ackley 𝑓1(𝒙), Griewank 𝑓5(𝒙), Lévy 𝑓6(𝒙), 

Rastrigin 𝑓7(𝒙), Rosenbrock 𝑓8(𝒙), and Sphere 𝑓10(𝒙) functions are 10-D optimization 

problems. In this table, the optimum values of different criteria obtained by the EA are 

shown in bold letters. Ackley, Griewank, Lévy, Rastrigin, Rosenbrock, and Sphere 

functions are also solved using each EA independently with 20-D as well as 30-D 

optimization problems. The performance criteria of each EA for 20-D benchmark 

functions are tabulated in Table 3.3.   

 

TABLE 3.3: Performance evaluation of different EAs with 20-D benchmark functions 

Algori-

thm 

Fun-

ction 
𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 

𝑻𝒔𝒊𝒎 

(s) 

DE 

𝑓1(𝒙) 

9.6e-5 4.01 1.1e-6 2.69 30000 1200040 0 308 

PSO 8.4e-7 19.95 7.1e-1 3.49 6062 242468 96 85 

CS 7.7e-7 1.16 2.3e-2 1.6e-1 3752 300242 98 191 

CSPSO 7.8e-7 1.16 2.3e-2 1.6e-1 3116 373976 98 173 

DE 

𝑓5(𝒙) 

9.6e-7 9.5-1 1.5e-1 2.9e-1 17152 686130 69 178 

PSO 7.6e-7 22.54 2.7e-1 2.24 28243 1129730 7 309 

CS 7.1e-7 1.2e-2 5.9e-4 2.2e-3 5362 429045 93 264 

CSPSO 6.3e-7 7.3e-3 2.9e-4 1.5e-3 4103 492490 96 251 

DE 

𝑓6(𝒙) 

6.6e-4 3.2e-1 6.6e-2 7.2e-2 30000 1200040 0 365 

PSO 5.8e-7 10.12 1.46 2.55 11629 465160 71 166 

CS 5.6e-7 1.98 2.9e-2 2.2e-1 2842 227442 98 158 

CSPSO 7.3e-7 1.98 3.8e-1 5.6e-1 11184 1342172 66 813 

DE 

𝑓7(𝒙) 

7.48 30.39 15.74 4.68 30000 1200040 0 218 

PSO 2.99 63.82 17.80 16.45 30000 1200000 0 313 

CS 8.2e-7 9.95 2.23 1.91 28772 2297857 14 1246 

CSPSO 7.9e-7 11.94 2.88 2.01 29117 3494106 7 1492 

DE 

𝑓8(𝒙) 

344.56 2982.78 1014 483 30000 1200040 0 190 

PSO 9.9e-7 90008 14861 32811 29592 1183698 3 250 

CS 5.7e-7 3.99 4.8e-1 1.30 7859 628766 88 293 

CSPSO 5.5e-7 3.99 4.4e-1 1.25 7260 871286 89 459 

DE 

𝑓10(𝒙) 

9.8e-7 1.0e-6 1.0e-6 0.0 9696 387884 100 42 

PSO 6.1e-7 1.0e-6 9.2e-7 0.0 4445 177802 100 34 

CS 7.3e-7 1.0e-6 9.3e-7 0.0 1676 134152 100 62 

CSPSO 5.7e-7 1.0e-6 9.2e-7 0.0 1434 172220 100 69 

 

For 20-D optimization problems, the size of population (𝑁) for the DE algorithm, the 

number of particles (𝑁) for the PSO algorithm, the number of nests (𝑁)  of the CS 

algorithm, and the number of nests (𝑁) for the CSPSO algorithm are changed to 40 in 
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place of 30 which was set previously in the case of 10-D benchmark functions presented 

in Table 3.2. Other parameters of all algorithms are unaltered. 

 

The performance criteria of each EA for 30-D benchmark functions are tabulated in Table 

3.4. For the 30-D optimization problems, the value of 𝑁 for each algorithm is changed to 

60 in place of 40 set previously in the case of 20-D benchmark functions. Other 

parameters of all algorithms are unchanged. 

  

TABLE 3.4: Performance evaluation of different EAs with 30-D benchmark functions 

Algori-

thm 

Fun-

ction 
𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 

𝑻𝒔𝒊𝒎 

(s) 

DE 

𝑓1(𝒙) 

3.30 6.43 4.30 7.7e-1 30000 1800060 0 720 

PSO 7.6e-7 19.96 4.41 7.01 12887 773255 71 434 

CS 8.5e-7 1.16 4.9e-2 2.1e-1 6469 776356 95 644 

CSPSO 8.4e-7 1.0e-6 9.7e-7 0.0 2807 505453 100 355 

DE 

𝑓5(𝒙) 

9.7e-7 9.9-1 2.3e-1 3.8e-1 22611 1356756 74 547 

PSO 6.9e-7 23.48 1.84 6.18 24057 1443456 24 590 

CS 7.2e-7 1.0e-6 9.5e-7 0.0 3802 456373 100 420 

CSPSO 7.3e-7 1.0e-6 9.4e-7 0.0 3272 589036 100 450 

DE 

𝑓6(𝒙) 

1.3e-3 1.12 1.2e-1 2.3e-1 30000 1800060 0 811 

PSO 8.5e-7 38.35 7.48 7.29 25273 1516390 19 780 

CS 6.7e-7 1.0e-6 9.3e-7 0.0 3710 445273 100 441 

CSPSO 6.7e-7 1.98 3.9e-1 5.8e-1 11835 2130421 65 1703 

DE 

𝑓7(𝒙) 

10.62 30.71 19.23 4.47 30000 1800060 0 460 

PSO 9.95 154.57 70.44 31.76 30000 1800000 0 764 

CS 8.4e-7 9.95 3.57 2.12 29989 3598790 2 3166 

CSPSO 8.8e-7 12.94 3.63 2.67 29952 5391439 2 4150 

DE 

𝑓8(𝒙) 

1281 7125 3466 1055 30000 1800060 0 371 

PSO 4.3e-6 90072 20247 37064 30000 1800000 0 554 

CS 6.5e-7 3.99 4.8e-1 1.30 11696 1403602 88 1011 

CSPSO 6.8e-7 3.99 1.6 e-1 7.8e-1 9443 1699873 96 1059 

DE 

𝑓10(𝒙) 

9.9e-7 1.0e-6 1.0e-6 0.0 15516 931017 100 134 

PSO 7.1e-7 20000 800 3059 6934 416015 93 99 

CS 7.9e-7 1.0e-6 9.4e-7 0.0 2584 310190 100 211 

CSPSO 6.8e-7 1.0e-6 9.3e-7 0.0 2221 399921 100 208 

 

From Table 3.2, Table 3.3, and Table 3.4, it can be concluded that the average number of 

iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔) taken by the CS and CSPSO algorithms to reach the targeted function 

value for most of the benchmark functions are less compared to the PSO and DE 

algorithms. The CS and CSPSO algorithms also acquire a lower standard deviation of the 

function value (𝑆𝐷𝑓)  and achieve a higher success rate (𝑆𝑟𝑎𝑡𝑒)  compared to the DE and 
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PSO algorithms for most of the test functions. Thus, The CS and CSPSO algorithms 

outperform for the majority of the tested functions compared to the PSO and DE 

algorithms. The PSO algorithm requires the least average number of iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔), 

average function evaluations (𝐹𝐸𝑎𝑣𝑔) , and simulation time (𝑇𝑠𝑖𝑚)  for Easom function 

compared to the CS and CSPSO algorithms as listed in Table 3.2. The PSO algorithm also 

outperforms the CS algorithm for Schaffer function as listed in Table 3.2.  

 

The convergence graphs of Beale, Drop-Wave, Easom, and Schaffer functions with 2-D 

and Ackley, Lévy, Griewank, Rastrigin, Rosenbrock, and Sphere functions with 30-D 

optimized by the CS, PSO, hybrid CSPSO, and DE algorithms are shown in Fig. 3.4 to 

Fig. 3.13. The convergence graph of the particular function shows the average function 

value performance of all runs with respect to iterations in the respective experiment. The 

vertical axis is the average of the best function value obtained by the algorithm in each 

iteration and the horizontal axis is the number of iterations. 

 

 

FIGURE 3.4: Convergence graph of 30-D Ackley function for the CS, PSO, CSPSO, and DE 

algorithms 
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FIGURE 3.5: Convergence graph of 2-D Beale function for the CS, PSO, CSPSO, and DE algorithms 

 

 

FIGURE 3.6: Convergence graph of 2-D Drop-Wave function for the CS, PSO, CSPSO, and DE 

algorithms 
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FIGURE 3.7: Convergence graph of 2-D Easom function for the CS, PSO, CSPSO, and DE algorithms 

 

 

FIGURE 3.8: Convergence graph of 30-D Griewank function for the CS, PSO, CSPSO, and DE 

algorithms 
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FIGURE 3.9: Convergence graph of 30-D Lévy function for the CS, PSO, CSPSO, and DE algorithms 

 

FIGURE 3.10: Convergence graph of 30-D Rastrigin function for the CS, PSO, CSPSO, and DE 

algorithms 
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FIGURE 3.11: Convergence graph of 30-D Rosenbrock function for the CS, PSO, CSPSO, and DE 

algorithms 

 

 

FIGURE 3.12: Convergence graph of 2-D Schaffer function for the CS, PSO, CSPSO, and DE 

algorithms 
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FIGURE 3.13: Convergence graph of 30-D Sphere function for the CS, PSO, CSPSO, and DE 

algorithms 

 

From the convergence graph of different benchmark function obtained by the different 

EAs, shown in Fig. 3.4 to Fig. 3.13, it can be observed that the CS and CSPSO algorithms 

give a better solution with higher convergence speed compared to the PSO and DE 

algorithms except for Easom function. The PSO algorithm also converged faster compared 

to the CS algorithm for Schaffer function and converged faster than the CS and CSPSO 

algorithms for Easom function.  

 

3.5 Summary  

 

After reviewing the previously published literature for the targeted problem, special 

attention is paid to the implementation of widely used and promising EAs. In this chapter, 

the focus is set on the performance evaluation of different metaheuristic EAs using 

different unimodal and multimodal benchmark functions. In this chapter, a hybrid 

algorithm of the CS and PSO algorithms is also presented. The concept of the hybrid 

algorithm of two or more algorithms plays a prominent role to improve searching 

capabilities of an algorithm and convergence rate. The limitation of the hybrid algorithm is 
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that it requires more function evaluations per iteration which may increase total 

convergence time. All these algorithms have been considered for the optimization of the 

commonly used analog circuits, which is presented in the next chapter. These algorithms 

take the circuit performance specifications as an objective function considering the various 

constraints. 
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CHAPTER-4 

 

4 Analog Circuit Optimization  

 

4.1 Introduction 

 

This chapter is dedicated toward exploring the EAs for the optimization process of CMOS 

based analog circuits. The problem considered here is the optimal selection of transistor 

dimensions, which is only a part of a completely analog circuit CAD tool. The task of the 

EA during the optimization process of a CMOS based analog circuit is to find the suitable 

values for the design parameters of the particular circuit in a way that all the desired 

specifications for that circuit get satisfied. Usually, this process is termed as an automatic 

circuit sizing. The number of design parameters for a particular circuit depends on the 

circuit configuration. The main design parameters of a CMOS based analog circuit are the 

width (𝑊) and length (𝐿) of different NMOS and PMOS transistors, bias current (𝐼𝑏𝑖𝑎𝑠), 

resistance (𝑅) , and capacitor (𝐶).  For a CMOS based analog circuit, the major 

performance specifications may be open-loop DC gain  (𝐴𝑣) , Unity Gain Bandwidth 

(UGB), Phase Margin (PM), Common Mode Rejection Ratio (CMRR), Slew Rate (SR), 

Power Supply Rejection Ratio (PSRR), DC Power dissipation (𝑃𝑑𝑖𝑠𝑠), etc.  

 

In this chapter, the circuit optimization methodology framework is presented first. The 

complexity of an analog circuit design problem is proportional to the number of design 

parameters and the number of desired specifications of a particular circuit. So, initially, 

optimization of simple CMOS based analog circuits with a few design parameters are 

presented. Then, the optimization of moderately complex CMOS based analog circuits 

with more design parameters and specifications are presented. The list of optimized  



Analog Circuit Optimization 

40 
 

CMOS based analog circuits with different CMOS technologies by employing different 

EAs in this work is listed in Table 4.1. 

 
TABLE 4.1: List of optimized CMOS based analog circuits 

Sr. No. CMOS based Circuit CMOS Technology 

1 Triple cascode current mirror 

0.18 µm 

2 Common-source amplifier 

3 Voltage divider 

4 Three-stage current starved VCO 

5 Cascode amplifier 

6 DA with a current mirror load 

0.35 µm and 0.18 µm 
7 Two-stage op-amp 

8 Folded cascode OTA 

9 Miller OTA 

 

4.2 Automated Circuit Design Methodology 

 

For the CMOS based analog circuits design, some relation between the circuit parameters 

such as channel width (𝑊)  and channel length (𝐿) of the MOS transistors should be 

maintained to obtain the desired specifications. The framework of the automated CMOS 

based analog circuit design is illustrated in Fig. 4.1. This framework is a part of the larger 

design automation tool and topology selection is done before this framework. Therefore, 

in this system, it is assumed that circuit topologies are fixed and selected by the user. 

 

This system consists of an optimizer and a SPICE simulation environment to design a 

CMOS based analog circuit for the desired specifications. The optimizer uses an EA 

which is used to optimize the design parameters of a circuit for the targeted specifications, 

while the validity of the solution obtained by the EA is checked by simulating the 

designed circuit functionally with Ngspice circuit simulator [106]. A SPICE netlist of each 

circuit is developed to simulate the designed circuits for the targeted specifications. While 

exploring for optimized design parameters of the circuit that gives desired specifications, 

transistors of the design circuit should operate in the saturation region. This constraint has 

been taken care off in SPICE netlist of the circuit by considering Voltage Transfer 

Characteristic (VTC) and suitable bias point in the saturation region. This SPICE netlist is 

given as input to the circuit simulator. A software interface provides proper 

synchronization between the circuit simulator and the optimizer. A script file is developed 
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for the software interface. The different parameters of an EA, the design parameters of a 

particular circuit, and desired specifications are given to the circuit optimizer as input. 

Initially, the different design parameters are arbitrarily generated by the EA within their 

predefined range. These generated design parameter values are given to the circuit 

simulator. 

Input algorithm parameters,

 Desired specifications, 

Design parameters 

Optimizer

Termination criteria

Desired optimized solution

Yes

Software interface

Circuit simulator

Record simulated specifications 

No

Calculation of fitness function

SPICE netlist

 

FIGURE 4.1: Automated circuit design methodology framework 

 

Based on the results obtained by the circuit simulator, the value of a fitness function for 

the circuit is calculated using the following equation [45]:  

 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 = √∑(
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑑𝑒𝑠𝑖𝑟𝑒𝑑 − 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑑𝑒𝑠𝑖𝑟𝑒𝑑
)
𝑗

2𝐷

𝑗=1

 (4.1) 

 

In (4.1), 𝐷 is a number of the desired specifications. The Root Mean Square (RMS) error 

offers the same weightage to all the specifications. So, the optimizer tries to gratify all the 
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specifications with equal importance. Next step is to check for the termination criteria and 

if they are satisfied, then the optimization process will stop. The termination criteria are 

either a minimum value of the fitness function or a maximum number of iterations. For 

this work, the minimum value for the fitness function is considered 1e-6 and the maximum 

number of iterations is considered 100. If it fails to reach the termination criteria, then a 

new set of design parameters will be generated by the EA. The main job of the optimizer 

is to decrease the value of the fitness function for the given circuit with each iteration and 

to reach the desired value for the fitness function. The efficiency of the optimizer is highly 

dependent on algorithm parameters, a number of design parameters of a circuit, search 

space of the design parameters, and a number of the desired specifications.  

 

In this work, the CS, hybrid CSPSO, PSO, and DE algorithms are tested by optimizing the 

commonly used CMOS based analog circuits for the given specifications independently. 

The parameters of each algorithm for the optimization process of an analog circuit are set 

similar to those used for the benchmark function experiments as presented in the previous 

chapter. The parameter settings of the DE, PSO, CS, and hybrid CSPSO algorithms for the 

optimization process of an analog circuit are listed in Table 4.2. 

  

TABLE 4.2: Parameter settings of the DE, PSO, CS, and CSPSO algorithms 

Sr. 

No. 

Parameters of 

DE algorithm 

Parameters of 

PSO algorithm 

Parameters of 

CS algorithm 

Parameters of 

CSPSO algorithm 

1 
Size of populations 

(𝑁) = 30  

Number of particles 

(𝑁) = 30 

Number of 

nests (𝑁) = 30 

Number of nests 

(𝑁) = 30 

2 CR = 0.5 𝐶1 = 1.49 𝑝𝑎 = 0.25 𝑝𝑎 = 0.25 

3 F = 0.8 𝐶2  = 1.49 --- 𝐶1 = 1.49 

4 --- 𝑉𝑚𝑎𝑥 = 𝑥𝑚𝑎𝑥 --- 𝐶2  = 1.49 

5 --- 𝑉𝑚𝑖𝑛 = 𝑥𝑚𝑖𝑛 --- 𝑉𝑚𝑎𝑥 = 0.1 ∗ 𝑥𝑚𝑎𝑥 

6 --- 
𝜔 varies linearly from 

0.9 to 0.4 with iterations 
--- 𝑉𝑚𝑖𝑛 = 0.1 ∗ 𝑥𝑚𝑖𝑛 

7 --- --- --- 
𝜔 varies linearly from 

0.9 to 0.4 with iterations 

 

The test for each circuit design problem is repeated 10 times independently and results 

have been recorded. The performance of the CS and CSPSO algorithms for the 

optimization of CMOS based analog circuits are compared with the DE and PSO 

algorithms based on success rate (𝑆𝑟𝑎𝑡𝑒), simulation time (𝑇𝑠𝑖𝑚), standard deviation of the 

fitness function (𝑆𝐷𝑓), average number of iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔), and average number of 

function evaluations (𝐹𝐸𝑎𝑣𝑔). 
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4.3 Simple CMOS based Analog Circuit Optimization 

 

The performance of the CS, hybrid CSPSO, PSO, and DE algorithms is initially evaluated 

with some simple CMOS based analog circuits such as a triple cascode current mirror, 

common-source amplifier, voltage divider, three-stage current starved VCO, and cascode 

amplifier. Theoretical discussion and manual design procedure of all these circuits can be 

found in [2][107][108]. All these circuits are simulated using BSIM3v3 MOSFET models 

in 0.18 µm CMOS technology at room temperature 27º C and supply voltage of ±1.8 V. 

 

4.3.1 Triple Cascode Current Mirror  

 

 

FIGURE 4.2: Triple cascode current mirror [107] 

 

Current mirror circuit is an essential building block for analog circuit design. It is used to 

provide bias currents and active loads to circuits. There are a number of current mirror 

topologies available in the literature. The triple cascode current mirror circuit is chosen for 

the optimization process in this work. This configuration is used to increase the output 
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resistance of a current source or sink. Achieving high output resistance means the output 

current does not vary much with the voltage across the current source. The circuit diagram 

of the triple cascode current mirror consisting of six MOS transistors M1, M2, M3, M4, 

M5, M6, and one resistor R1 is shown in Fig. 4.2. Here, the length (𝐿) for each transistor 

is considered identical i.e. 𝐿 = 0.18 µm. Similarly, the width (𝑊) for each transistor is 

considered as 𝑊1. Therefore, this circuit has two design parameters namely 𝑊1  and 𝑅1. 

The search space and optimized values achieved by different EAs for the design 

parameters of this circuit are listed in Table 4.3.  

 
TABLE 4.3: Search space and optimized parameters by different EAs for triple cascode current 

mirror  

Sr. 

No. 

Design  

Parameters 

Search Space of 

Design 

Parameters 

Optimized Values of Design Parameters  

PSO DE CS CSPSO 

1 𝑊1 (µm) 1 µm to 1000 µm 203.14 873.73 247.43 254.25 

2 𝑅1 (kΩ ) 1 kΩ  to 1000 kΩ 84.42 100.87 86.70 87.01 

 

Table 4.4 reveals the desired specifications and obtained specifications through simulation 

for the above-optimized design parameters achieved by employing the different EAs for 

this circuit. The number of desired specifications, in this case, are two i.e. reference 

current  (𝐼𝑟𝑒𝑓) and output current (𝐼𝑜𝑢𝑡). From Table 4.4, it can be observed that the 

specifications obtained by the CS and CSPSO algorithms are closer to the desired 

specifications compared to those obtained by the PSO and DE algorithms.  

 
TABLE 4.4: Desired specifications and simulation results by different EAs for triple cascode current 

mirror 

Sr. 

No. 

Desired 

Specifications 

Obtained Specifications 

PSO DE CS CSPSO 

1 𝐼𝑟𝑒𝑓  = 10 µA 10.008130  µA 9.972642 µA 10.000000 µA 10.000000 µA 

2 𝐼𝑜𝑢𝑡  = 10 µA 10.007990 µA 9.973582 µA 9.999994 µA 10.000010 µA 

 

The performance of the CS, hybrid CSPSO, PSO, and DE algorithms for the optimization 

of this circuit for 10 independent runs are listed in Table 4.5. From which, it can be 

observed that success rate (𝑆𝑟𝑎𝑡𝑒) for the CS algorithm is 2 and for the CSPSO algorithm 

is 1, while the DE and PSO algorithms fail to achieve the targeted specifications. The 

CSPSO algorithm gives the least standard deviation for the fitness function value (𝑆𝐷𝑓)  

i.e. 3.0e-6 compared to the CS, PSO, and DE algorithms. The average number of iterations 
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(𝐼𝑡𝑒𝑟𝑎𝑣𝑔) consumed for 10 independent runs of the optimization process of this circuit are 

93 and 96 for the CS and hybrid CSPSO algorithms respectively. The CS and CSPSO 

algorithms consumed the more average number of function evaluations (𝐹𝐸𝑎𝑣𝑔)  and 

simulation time (𝑇𝑠𝑖𝑚) compared to the PSO and DE algorithms. 

 

TABLE 4.5: Performance of different EAs for optimization of triple cascode current mirror 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 7.8e-5 1.3e-1 1.4e-2 4.0e-2 100 3030 0 468 

PSO 1.0e-4 2.9e-3 1.4e-3 8.9e-4 100 3000 0 483 

CS 6.0e-7 2.0e-5 7.4e-6 7.0e-6 93 5646 2 877 

CSPSO 1.0e-6 9.9e-6 5.0e-6 3.0e-6 96 8652 1 1575 

 

The convergence graph of the CS, CSPSO, DE, and PSO algorithms for the triple cascode 

current mirror is shown in Fig. 4.3 which shows that the CS and CSPSO algorithms give 

lower average fitness value for 10 runs with higher convergence speed compared to the 

PSO and DE algorithm. 

 

 
 

FIGURE 4.3: Convergence graph of different EAs for triple cascode current mirror 
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4.3.2 Common-Source Amplifier 

 

The common-source amplifier is one of the three basic single-stage MOS amplifier 

topologies. It is used as a voltage or transconductance amplifier. The circuit diagram of the 

common-source amplifier with current mirror active load consisting of one NMOS 

transistor M1, two PMOS transistors M2 and M3, and one resistor R1 is shown in Fig. 4.4. 

In this circuit, M1 is in a common-source configuration, M2 is an active load, and M3 is a 

diode-connected transistor which mirrors current into M2. This circuit has very high input 

resistance and also high output resistance. The common-source amplifier is commonly 

part of a larger amplifier circuit. For this circuit optimization, the length (𝐿) for each 

transistor is considered identical i.e. 𝐿 =  0.18 µm. Similarly, the width (𝑊)  for each 

transistor is considered as 𝑊1  for this circuit. Therefore, this circuit has two design 

parameters namely 𝑊1 and 𝑅1.  

 

 

FIGURE 4.4: Common-source amplifier [108] 

 

The search space and optimized values achieved by different EAs for the design 

parameters of this circuit are listed in Table 4.6.  

 

TABLE 4.6: Search space and optimized parameters by different EAs for common-source amplifier 

Sr. No. 
Design 

Parameters 

Search Space of 

Design 

Parameters 

Optimized Values of Design Parameters 

PSO DE CS CSPSO 

1 𝑊1 (µm) 1 µm to 10 µm 1.75 4.63 3.29 4.25 

2 𝑅1 (kΩ ) 1 kΩ  to 100 kΩ 43.7 83.59 31.94 76.11 
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The desired specifications and obtained specifications through simulation for the 

optimized design parameters achieved by employing the different EAs for this circuit are 

listed in Table 4.7. The number of desired specifications for this circuit are three i.e. 𝐴𝑣, 

UGB, and PM. This circuit is simple to design, so all EAs easily achieved all the required 

specifications during the optimization process. 

 

TABLE 4.7: Desired specifications and simulation results by different EAs for common-source 

amplifier 

Sr. 

No. 

Desired 

Specifications 

Obtained Specifications 

PSO DE CS CSPSO 

1 𝐴𝑣 > 25 dB 28.43 dB 29.28 dB 28.93 dB 29.27 dB 

2 UGB > 50 MHz 59.81 MHz 55.75 MHz 96.04 MHz 58.63 MHz 

3 PM  > 45° 92.08° 91.77° 91.89° 91.78° 

 

The performance of the CS, hybrid CSPSO, PSO, and DE algorithms for the optimization 

of this circuit for 10 independent runs are listed in Table 4.8. The PSO algorithm takes the 

least simulation time (𝑇𝑠𝑖𝑚) i.e. 68.30 seconds compared to all other algorithms for the 

optimization of this circuit for the targeted specifications. 

  
TABLE 4.8: Performance of different EAs for the optimization of common-source amplifier 

Algorithm 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 0.0 1 60 10 137.20 

PSO 0.0 1 30 10 68.30 

CS 0.0 1 90 10 119.50 

CSPSO 0.0 1 120 10 265.65 

 

4.3.3 Voltage Divider  

 

In CMOS IC design, reference voltages are derived from the power supplies using a 

CMOS voltage divider. The circuit diagram of a voltage divider consisting of four MOS 

transistors M1, M2, M3, and M4 is shown in Fig. 4.5. The length (𝐿) for each transistor is 

considered identical i.e. 𝐿 = 0.18 µm and the width for M1, M2, M3, and M4 transistors is 

considered as 𝑊1, 𝑊2, 𝑊3, and 𝑊4 respectively for this circuit sizing process. This circuit 

has four design parameters namely 𝑊1, 𝑊2, 𝑊3, and 𝑊4 as observed from Fig. 4.5. The 

search space and optimized values achieved by different EAs for the design parameters of 

this circuit are listed in Table 4.9.  
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FIGURE 4.5: Voltage divider [34] 

 

TABLE 4.9: Search space and optimized parameters by different EAs for voltage divider 

Sr. 

No. 

Design 

Parameters 

Search Space of 

Design 

Parameters 

Optimized values of Design Parameters 

PSO DE CS CSPSO 

1 𝑊1 (µm) 0.1 µm to 1000 µm 0.17 37.59 0.28 0.18 

2 𝑊2  (µm) 0.1 µm to 1000 µm 992.54 1000 998.74 1000 

3 𝑊3  (µm) 0.1 µm to 1000 µm 11.70 1000 88.52 9.99 

4 𝑊4 (µm) 0.1 µm to 1000 µm 222.60 1000 299.01 231.41 

 

In Table 4.10, desired specifications and obtained specifications through simulation for the 

above-optimized design parameters achieved by employing the different EAs for this 

circuit are listed. The number of desired specifications for this circuit are three i.e. 𝑉𝑏𝑖𝑎𝑠1, 

𝑉𝑏𝑖𝑎𝑠2, and 𝑉𝑏𝑖𝑎𝑠3.   

 

TABLE 4.10: Desired specifications and simulation results by different EAs for voltage divider 

Sr. No. 
Desired 

Specifications 

Obtained Specifications 

PSO DE CS CSPSO 

1 𝑉𝑏𝑖𝑎𝑠1= 0.8 V 0.795107 V 0.579185 V 0.788360 V 0.795121V 

2 𝑉𝑏𝑖𝑎𝑠2  = 1.2 V 1.211513 V 1.102964 V 1.235081 V 1.209722 V 

3 𝑉𝑏𝑖𝑎𝑠3 = 1.7 V 1.712546 V 1.600125 V 1.685456 V 1.716108 V 
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The performance of the CS, hybrid CSPSO, PSO, and DE algorithms for the optimization 

of this circuit for 10 independent runs are listed in Table 4.11. The CSPSO algorithm 

gives the least standard deviation for the fitness function value (𝑆𝐷𝑓) i.e. 5.4e-3 compared 

to all other algorithms, while the PSO algorithm takes the least simulation time (𝑇𝑠𝑖𝑚) i.e. 

434 seconds and the average number of function evaluations (𝐹𝐸𝑎𝑣𝑔)  i.e. 3000 compared 

to all other algorithms for the optimization of this circuit.   

 

TABLE 4.11: Performance of different EAs for the optimization of voltage divider 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 7.0e-2 2.9e-1 2.2e-1 7.7e-2 100 3030 0 462 

PSO 1.3e-2 4.7e-2 2.9e-2 1.1e-2 100 3000 0 434 

CS 3.3e-2 5.5e-2 4.2e-2 6.0e-3 100 6030 0 902 

CSPSO 1.4e-2 3.0e-2 2.2e-2 5.4e-3 100 9030 0 1216 

 

The convergence graph of the CS, CSPSO, DE, and PSO algorithms for the voltage 

divider is shown in Fig. 4.6 which illustrates that CSPSO algorithm gives a better solution 

with higher convergence speed compared to the PSO and DE algorithms. It also shows 

that the PSO algorithm gives a better solution with higher convergence speed compared to 

the CS algorithm. 

 

FIGURE 4.6: Convergence graph of different EAs for voltage divider 
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4.3.4 Current-Starved VCO  

 

The circuit diagram for the three-stage current-starved VCO consisting of fourteen MOS 

transistors M1 to M14 is shown in Fig. 4.7. Its working is similar to the ring oscillator.  In 

this circuit, M2 and M9 work as current sources which limit the current available to the 

inverter formed by M5 and M12. It means the inverter is starved for current. This circuit is 

used in CMOS Digital Phase Locked Loop (DPLL), function generators, frequency 

synthesizer, etc. For this circuit optimization, the length of each transistor is considered 

identical i.e. 𝐿 = 0.18 µm. The width of M1 to M7 NMOS transistors is considered as 

 𝑊1,  𝑊2,  𝑊3,  𝑊4,  𝑊5,  𝑊6,  𝑊7  and width of M8 to M14 PMOS transistors is considered 

as 𝐾 ∗𝑊1, 𝐾 ∗𝑊2, 𝐾 ∗𝑊3, 𝐾 ∗𝑊4, 𝐾 ∗𝑊5, 𝐾 ∗𝑊6, 𝐾 ∗𝑊7. Here, 𝐾 is the multiplying 

factor for the width of PMOS transistors. Thus, this circuit has eight design parameters 

namely  𝑊1,  𝑊2,  𝑊3,  𝑊4,  𝑊5,  𝑊6,  𝑊7 , and 𝐾 . The search space and optimized values 

achieved by different EAs for the design parameters of this circuit are listed in Table 4.12. 

 

 

FIGURE 4.7: Three-stage current-starved VCO [107] 
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TABLE 4.12: Search space and optimized parameters by different EAs for VCO 

Sr. 

No. 

Design 

Parameters 

Search Space of 

Design 

Parameter 

Optimized Values of Design Parameters 

PSO DE CS CSPSO 

1 𝑊1 (µm) 1 µm to 1000 µm 708.60 715.19 946.11 113.16 

2 𝑊2 (µm) 1 µm to 1000 µm 665.74 975.66 544.97 733.87 

3 𝑊3 (µm) 1 µm to 1000 µm 235.39 1000.00 777.51 899.58 

4 𝑊4 (µm) 1 µm to 1000 µm 572.96 1000.00 587.11 823.29 

5 𝑊5 (µm) 1 µm to 1000 µm 526.66 1000.00 691.77 674.29 

6 𝑊6 (µm) 1 µm to 1000 µm 740.49 1000.00 958.19 787.80 

7 𝑊7 (µm) 1 µm to 1000 µm 664.06 957.09 836.72 784.74 

8 𝐾 1 to 5 4.50 3.38 3.74 4.49 

 

In Table 4.13, desired specifications and obtained specifications through simulation for the 

above-optimized design parameters achieved by employing the different EAs for this 

circuit are listed. The desired specification, in this case, is only one i.e. oscillation 

frequency (𝑓𝑜).  

 

TABLE 4.13: Desired specifications and simulation results by different EAs for VCO  

Sr. 

No. 

Desired 

Specifications 

Obtained 

Specifications 

(PSO) 

Obtained 

Specifications 

(DE) 

Obtained 

Specifications 

(CS) 

Obtained 

Specifications 

(CSPSO) 

1 𝑓𝑜 =  400 MHz 400.0035 MHz  400.0237 MHz  400.0003 MHz  400.0002  MHz 

 

The performance of the CS, hybrid CSPSO, PSO, and DE algorithms for the optimization 

of this circuit for 10 independent runs are listed in Table 4.14. The CSPSO algorithm takes 

less average number of iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔) i.e. 84.8, gives the least standard deviation for 

the fitness function value (𝑆𝐷𝑓) i.e. 2.0e-6 and higher success rate (𝑆𝑟𝑎𝑡𝑒) i.e. 4 compared 

to all other algorithms, whereas the PSO algorithm takes the least simulation time (𝑇𝑠𝑖𝑚) 

i.e. 1789 seconds and average number of function evaluations (𝐹𝐸𝑎𝑣𝑔) i.e. 2985 compared 

to all other algorithms for the optimization of this circuit.  

 
TABLE 4.14: Performance of different EAs for the optimization of VCO 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 8.5e-5 2.3e-4 1.0e-4 7.0e-5 100 3030 0 2103 

PSO 5.0e-7 4.6e-5 1.2e-5 1.3e-5 99.5 2985 1 1789 

CS 7.5e-7 6.8e-5 2.8e-6 2.0e-6 95.6 5766 2 4349 

CSPSO 5.0e-7 8.8e-6 2.2e-6 2.0e-6 84.8 7662 4 7470 
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FIGURE 4.8: Convergence graph of different EAs for VCO 

 

The convergence graph of the CS, CSPSO, DE, and PSO algorithms for the VCO is shown 

in Fig. 4.8 which shows that the CSPSO and CS algorithms give a better solution with 

higher convergence speed compared to the DE and PSO algorithms. 

 
4.3.5 Cascode Amplifier 
 

 

FIGURE 4.9: Cascode amplifier [108] 
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The circuit diagram for a cascode amplifier consisting of five MOS transistors M1, M2, 

M3, M4, and M5 is shown in Fig. 4.9 [108]. It gives higher output impedance and reduces 

the effect of Miller capacitance on the input of the amplifier, which will be very important 

in designing the frequency behaviour of the op-amp. It can provide high voltage gain in a 

single stage. The length (𝐿) for all transistors is considered identical as 𝐿 = 0.18 µm and 

the width of M1, M2, M3, M4, and M5 transistors is considered as 𝑊1, 𝑊2, 𝑊3 = 𝑊4, 𝑊5 

respectively for this circuit optimization. So, this circuit has four design parameters 

namely 𝑊1, 𝑊2, 𝑊3, and 𝑊5. The circuit is optimized to drive the load capacitor of 10 pF. 

The value of the current source 𝐼𝑏𝑖𝑎𝑠 is set to 150 µA. The search space and optimized 

values achieved by different EAs for the design parameters of this circuit are listed in 

Table 4.15.  

 
TABLE 4.15: Search space and optimized parameters by different EAs for cascode amplifier  

Sr. 

No. 

Design 

Parameters 

Search Space of 

Design 

Parameters 

Optimized Values of Design Parameters 

PSO DE CS CSPSO 

1 𝑊1 (µm) 0.2 µm to 10 µm 7.65 8.72 7.60 9.99 

2 𝑊2 (µm) 0.2 µm to 10 µm 5.65 10.00 10.00 8.81 

3 𝑊3 (µm) 0.2 µm to 10 µm 1.64 1.84 1.09 0.75 

4 𝑊5 (µm) 0.2 µm to 10 µm 0.82 1.18 0.93 0.93 

 

Table 4.16 lists the desired specifications and obtained specifications through simulation 

for the above-optimized design parameters achieved by employing the different EAs for 

this circuit. The number of desired specifications for this circuit are five i.e. 𝐴𝑣, UGB, PM, 

RSR, and FSR.   

 
TABLE 4.16: Desired specifications and simulation results by different EAs for cascode amplifier 

Sr. 

No. 
Specifications 

Desired 

value 

Obtained Specifications 

PSO DE CS CSPSO 

1 𝐴𝑣  (dB) > 35 35.56 36.48 36.78 37.21 

2 UGB (MHz) > 10 26.21 27.44 26.30 29.22 

3 PM (°) > 45 90.83 90.71 90.69 90.62 

4 RSR (V/µs) > 10 16.75 16.92 15.99 14.99 

5 FSR (V/µs) > 10 60.83 69.81 83.74 83.05 

 

The performance of the different EAs for the optimization of the cascode amplifier for 10 

independent runs are listed in Table 4.17. The DE, CS, and hybrid CSPSO algorithms 

obtained all the targeted specifications for all 10 runs but the PSO algorithm achieved all 
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the targeted specifications for a single time only out of 10 runs. The average number of 

iterations required (𝐼𝑡𝑒𝑟𝑎𝑣𝑔)  i.e. 4.6 for 10 independent runs is less for the CSPSO 

algorithm compared to those required for the CS, DE, and PSO algorithms. The DE 

algorithm takes the least simulation time (𝑇𝑠𝑖𝑚) i.e. 1094 seconds and the least average 

number of function evaluations (𝐹𝐸𝑎𝑣𝑔)  i.e. 243 compared to all other algorithms for the 

optimization process of this circuit.  

 
TABLE 4.17: Performance of different EAs for the optimization of cascode amplifier 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 0.0 0.0 0.0 0.0 7.10 243 10 1094 

PSO 0.0 2.0e-1 9.4e-2 5.6e-2 90.10 2703 1 10696 

CS 0.0 0.0 0.0 0.0 8.10 516 10 2432 

CSPSO 0.0 0.0 0.0 0.0 4.6 444 10 1956 

 

The convergence graph of the CS, CSPSO, DE, and PSO algorithms for the cascode 

amplifier is shown in Fig. 4.10 which illustrates that the CSPSO and CS algorithms give a 

better solution with higher convergence speed compared to the PSO and DE algorithms. 

From the optimization results of all the circuits presented in this section, we can conclude 

that the CSPSO and CS algorithms outperform the DE and PSO algorithms in terms of 

solution accuracy and convergence speed. 

 

FIGURE 4.10: Convergence graph of different EAs for cascode amplifier  
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4.4 Moderately Complex CMOS based Analog Circuit Optimization 

 

Differential Amplifier (DA), op-amp, and OTA are the circuits commonly used in many 

interface circuits like Analog to Digital Converters (ADC), Digital to Analog Converters 

(DAC), mixers, filters, modulators, regulators, comparators, etc. Op-amp is used for low- 

frequency applications whereas, OTA is used at high frequency for various analog circuits 

and systems. So, the optimum design of all these fundamental CMOS based analog 

circuits is the basis of a design background for various applications. The performance of 

the CS, hybrid CSPSO, PSO, and DE algorithms are also evaluated by optimizing some 

higher-level CMOS based analog circuits such as DA with current mirror load, two-stage 

op-amp, FOTA, and Miller OTA. All these circuits require more design parameters and 

we have also considered more desired specifications for all these circuits. So, the 

complexity of the optimization problem for all these circuits is more due to the greater 

number of design parameters and desired specifications. All these circuits are simulated 

using BSIM3v3 MOSFET models in 0.18 µm and 0.35 µm CMOS technologies at room 

temperature 27º C. The results are also compared with the results presented in the selected 

literature to check the efficiency and reliability of our automated design methodology.   

 

4.4.1 Differential Amplifier using a Current Mirror Load 

 

The circuit diagram for DA using a current mirror load consisting of six MOS transistors 

M1, M2, M3, M4, M5, M6, and current source 𝐼𝑏𝑖𝑎𝑠 is shown in Fig. 4.11. More details 

about the theoretical and mathematical analysis of this circuit can be found in [108]. This 

circuit is optimized to drive the load capacitor of 0.5 pF. The supply voltage is set to ±1.8 

V and ±3.3 V for 0.18 µm and 0.35 µm CMOS technologies respectively. The length of 

transistor Mi is considered as 𝐿𝑖 and width of transistor Mi is considered as 𝑊𝑖, where 𝑖 =

 1, 2, . . . . . , 6.  Here, 𝐿1, 𝐿2, 𝐿3, and 𝐿4 are set equal to 3.5 µm, 𝐿5 and 𝐿6 are set equal to 

1.4 µm, 𝑊1 and 𝑊2 are considered identical, 𝑊3 and 𝑊4 are considered identical, and 𝑊5 

and 𝑊6 are also considered identical for this circuit optimization. So, this circuit has four 

design parameters namely 𝑊1  = 𝑊2, 𝑊3 = 𝑊4, 𝑊5 = 𝑊6, and 𝐼𝑏𝑖𝑎𝑠 . The search space 

and optimized values achieved by different EAs for the design parameters of this circuit 

with 0.35 µm CMOS technology are listed in Table 4.18.  
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 FIGURE 4.11: DA using a current mirror load [108] 

 

TABLE 4.18: Search space and optimized parameters by different EAs for DA in 0.35 µm CMOS 

technology 

Sr. 

No. 

Design 

Parameters 

Search Space of 

Design 

Parameters 

Optimized Values of Design Parameters 

PSO DE CS CSPSO [63] [62] 

1 𝑊1 = 𝑊2 (µm) 3.5 µm to 30 µm 27.85 30.00 28.46 30.00 38.5 29.4 

2 𝑊3 = 𝑊4 (µm) 3.5 µm to 30 µm 3.79 4.11 3.53 3.50 12.3 11.3 

3 𝑊5 = 𝑊6 (µm) 3.5 µm to 30 µm 14.99 21.11 13.90 5.24 3.9 4.2 

4 𝐼𝑏𝑖𝑎𝑠 (µA) 3.5 µA to 30 µA 13.73 15.34 10.00 10.00 125 125 

 

Table 4.19 reveals the desired specifications and obtained specifications through 

simulation for the above-optimized design parameters achieved by employing the different 

EAs for this circuit. The number of desired specifications for this circuit are twelve i.e. 𝐴𝑣, 

UGB, PM, +ve PSSR, -ve PSSR, RSR, FSR, CMRR, 𝑃𝑑𝑖𝑠𝑠, input-referred noise spectral 

density (𝑁𝑖𝑛) @  10 kHz, total integrated input-referred noise (𝑁𝑖𝑛𝑡) over the specified 

frequency range from 1 Hz to 100 kHz, and Total MOS Transistor Area (TTA). The 

complexity of the optimization problem for this circuit is more compared to the 

optimization problem of the circuits presented in the previous section due to a great 

number of desired specifications and design parameters are considered for this circuit. 
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TABLE 4.19: Desired specifications and simulation results by different EAs for DA in 0.35 µm CMOS 

technology 

Sr. 

No. 
Specifications 

Desired 

value 

Obtained Specifications 

PSO DE CS CSPSO [63] [62] 

1 𝐴𝑣 (dB) > 47 47.01 47.00 47.01 47.01 44.49 42  

2 UGB (MHz) > 10 30.06 33.91 24.88 24.52 12.44 12.3  

3 PM (°) > 45 57.63 55.64 58.63 58.10 81.71 83.8  

4 +ve PSSR (dB) > 40 47.62 47.66 47.51 47.52 46.43 40.1 

5 -ve  PSSR (dB) > 70 82.90 82.71 81.41 83.85 91.29 68 

6 RSR (V/µs) > 10 29.47 34.71 22.86 21.56 14.19 22.4 

7 FSR (V/µs) > 10 23.76 26.83 18.44 17.78 --- --- 

8 CMRR (dB) > 70 74.23 73.35 77.84 76.69 84.44 84.2 

9 𝑃𝑑𝑖𝑠𝑠 (µW) < 1000 105.95 124.40 81.78 77.65 580.6 1260 

10 
𝑁𝑖𝑛  (nV/√𝐻𝑧)  

@ 10 kHz 
< 50 18.16 16.93 20.19 20.35 --- --- 

11 
𝑁𝑖𝑛𝑡 (µVrms) 

(1 Hz – 100 kHz) 
< 50 5.82 5.41 6.50 6.56 --- --- 

12 TTA (µm2 ) < 400 263.45 297.86 262.84 249.16 369.18 296 

 

The CSPSO algorithm achieved all the targeted specifications with the least power 

dissipation (𝑃𝑑𝑖𝑠𝑠) i.e. 77.65 µW and the least TTA i.e. 249.16 µm2 for this design.  

 

Vural et al. [62] have reported the optimization of the similar circuit using the PSO 

algorithm and Mallick et al. [63] have applied the Craziness-based PSO (CRPSO) 

algorithm for the optimum design of the same circuit with similar CMOS technology. 

Results reported in the literature are presented in Table 4.19 for the performance 

comparison. From the results, it can be observed that although we have considered some 

additional specifications compared to those reported in the literature, our methodology can 

satisfy the objective function of this design problem.  

 
TABLE 4.20: Performance of different EAs for the optimization of DA in 0.35 µm CMOS technology 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 0.0 3.4e-3 1.0e-3 1.1e-3 67.5 2055 5 3718 

PSO 0.0 1.5e-2 8.0e-3 5.4e-3 80.2 2406 2 4930 

CS 0.0 0.0 0.0 0.0 5.4 354 10 630 

CSPSO 0.0 0.0 0.0 0.0 2.0 210 10 371 

 

The performance of the CS, hybrid CSPSO, PSO, and DE algorithms for the optimization 

of this circuit with 0.35 µm CMOS technology for 10 independent runs are listed in Table 

4.20. The CS and hybrid CSPSO algorithms succeeded 10 times out of 10 runs to achieve 



Analog Circuit Optimization 

58 
 

all the targeted specifications, whereas the DE algorithm succeeded for 5 times and the 

PSO algorithm succeeded for only 2 times out of 10 runs to achieve all the targeted 

specifications for this circuit. The average number of iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔) taken by 10 

independent runs of the optimization process of this circuit is less for the CS and CSPSO 

algorithms compared to taken for the DE and PSO algorithms. The CS and CSPSO 

algorithms also achieved zero standard deviation for the fitness function value (𝑆𝐷𝑓). 

Thus, the CS and CSPSO algorithms outperform the DE and PSO algorithms for this case.  

 

The convergence graph of the CS, CSPSO, DE, and PSO algorithms for the optimization 

of this circuit with 0.35 µm CMOS technology is shown in Fig. 4.12 which shows that the 

CS and CSPSO algorithms give a better solution with higher convergence speed compared 

to the PSO and DE algorithms. 

 

 

FIGURE 4.12: Convergence graph of different EAs for DA optimization in 0.35 µm CMOS technology 

 

This circuit is also optimized in 0.18 µm CMOS technology by the CS, hybrid CSPSO, 

PSO, and DE algorithms. The search space and optimized values achieved by different 

EAs for the design parameters of this circuit with 0.18 µm CMOS technology are listed in 

Table 4.21.  
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TABLE 4.21: Search space and optimized parameters by different EAs for DA in 0.18 µm CMOS 

technology 

Sr. 

No. 

Design 

Parameters 

Search Space of 

Design 

Parameters 

Optimized Values of Design Parameters 

PSO DE CS CSPSO [109] 

1 𝑊1 = 𝑊2 (µm) 3.5 µm to 30 µm 27.34 30.00 30.00 25.84 6.38 

2 𝑊3 = 𝑊4 (µm) 3.5 µm to 30 µm 9.24 11.65 5.10 3.50 6.24 

3 𝑊5 = 𝑊6 (µm) 3.5 µm to 30 µm 29.07 30.00 8.70 6.30 2.8 

4 𝐼𝑏𝑖𝑎𝑠 (µA) 3.5 µA to 30 µA 10.00 6.11 5.47 6.78 --- 

 

Desired specifications and obtained specifications through simulation for the above-

optimized design parameters achieved by employing the different EAs for this circuit with 

0.18 µm CMOS technology are recorded in Table 4.22.  

 

TABLE 4.22: Desired specifications and simulation results by different EAs for DA in 0.18 µm CMOS 

technology 

Sr. 

No. 
Specifications 

Desired 

value 

Obtained Specifications 

PSO DE CS CSPSO [109] 

1 𝐴𝑣  (dB) > 40 40.23 40.07 40.37 40.53 42.15 

2 UGB (MHz) > 10 24.58 17.27 16.99 19.82 2.48 

3 PM (°) > 45 47.03 47.54 49.53 50.97 60.38 

4 +ve PSSR (dB) > 40 40.98 40.77 41.08 41.25 -- 

5 -ve  PSSR (dB) > 70 69.97 70.25 70.44 70.33 -- 

6 RSR (V/µs) > 10 26.31 14.36 13.94 16.25 12.32 

7 FSR (V/µs) > 10 18.25 11.55 10.67 12.95 -- 

8 CMRR (dB) > 70 69.32 70.03 70.08 70.04 -- 

9 𝑃𝑑𝑖𝑠𝑠 (µW) < 1000 53.74 34.52 28.06 32.87 -- 

10 
𝑁𝑖𝑛  (nV/√𝐻𝑧)  

@ 10 kHz 
< 50 17.92 22.12 22.62 20.65 21.26 

11 
𝑁𝑖𝑛𝑡 (µVrms) 

(1 Hz – 100 kHz) 
< 50 5.68 7.04 7.20 6.57 -- 

12 TTA (µm2 ) < 400 337.40 375.60 270.09 223.02 87.35 

 

The CS and CSPSO algorithms optimized this circuit for the targeted specifications in 

0.18 µm CMOS technology with Total MOS Transistor Area (TTA) of 270.09 µm2 and 

223.02 µm2
 respectively. The TTA and power dissipation (𝑃𝑑𝑖𝑠𝑠) obtained by the CS and 

CSPSO algorithms are less compared to those achieved by the DE and PSO algorithms. 

The CSPSO algorithm achieved all the targeted specifications with low 𝑃𝑑𝑖𝑠𝑠 i.e. 32.87 µW 

and the least TTA i.e. 223.02 µm2 compared to those achieved through the DE and PSO 

algorithms.  
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Singh et al. [109] have reported the optimization of a similar circuit using the PSO with an 

aging leader and challengers (ALCPSO) algorithm implemented on the same CMOS 

technology. Results reported in the literature are presented in Table 4.22 for the 

performance comparison. From the results, it is revealed that although we have considered 

some additional specifications compared to those reported in the literature, our 

methodology can satisfy the objective function of this design problem.   

 
TABLE 4.23: Performance of different EAs for the optimization of DA using 0.18 µm CMOS 

technology 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 0.0 0.0 0.0 0.0 15.6 458 10 1118 

PSO 4.4e-3 1.9e-2 1.1e-2 5.1e-3 100 3000 0 7429 

CS 0.0 0.0 0.0 0.0 12.7 792 10 1457 

CSPSO 0.0 0.0 0.0 0.0 20.2 1848 10 4047 

 

The performance of the CS, hybrid CSPSO, PSO, and DE algorithms for the optimization 

of this circuit in 0.18 µm CMOS technology for 10 independent runs are listed in Table 

4.23. The CS, hybrid CSPSO, and DE algorithms succeeded 10 times out of 10 runs to 

achieve all the targeted specifications during the optimization process of this circuit, 

whereas the PSO algorithm could not achieve success for a single time to obtain all the 

targeted specifications. The average number of iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔)  required for 10 

independent runs of the optimization process of this circuit is the least for the CS 

algorithm compared to those required for the CSPSO, DE, and PSO algorithms. The CS, 

CSPSO, and DE algorithms also achieved zero standard deviation for the fitness function 

value (𝑆𝐷𝑓), whereas the PSO algorithm achieved 5.1e-3. Thus, the CS, DE, and CSPSO 

algorithms outperform the PSO algorithm for this case.  

 

The convergence graph of the CS, CSPSO, DE, and PSO algorithms for the optimization 

of DA in 0.18 µm CMOS technology is shown in Fig. 4.13. It shows that the CS algorithm 

is faster to reach the targeted fitness value compared to the DE, CSPSO, and PSO 

algorithms. 



Moderately Complex CMOS based Analog Circuit Optimization 

61 
 

 
FIGURE 4.13: Convergence graph of different EAs for DA optimization in 0.18 µm CMOS technology 

 

4.4.2 Two-Stage Operational Amplifier 

 

Operational amplifiers (op-amps) are the significant components in an analog processing 

system such as amplifiers, oscillators, summers, differentiators, integrators, and filters for 

low-frequency applications. An op-amp circuit can be considered as the main bottleneck 

in the most of analog circuits. A two-stage op-amp is a commonly used configuration 

among different configurations of CMOS op-amp. The circuit diagram of two-stage 

CMOS op-amp is shown in Fig. 4.14 [107][108]. The main parts of this circuit are a 

differential gain stage, second gain stage, and a bias circuit. The differential gain stage is 

built of the transistors M1 to M4. The input stage of the amplifier is formed by transistors 

M1 and M2. The gate of transistor M1 is an inverting input, and the gate of transistor M2 

is the noninverting input. The transistors M3 and M4 act as the active load for the 

differential amplifier circuit. The second gain stage, formed by the transistor M6, provides 

an extra gain in the amplifier. This transistor is connected in common source topology. 

The transistors M6 and M7 get the output through the drain of M2 and amplify it through 

the transistor M6. The transistor M7 works as the load resistance for M6. The circuit 
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biasing is given by three transistors with the help of the current source. A voltage between 

the gate and source of transistors M5 and M7 is given by transistor M8 and the current 

source supply. More about the theoretical background and manual design procedure for 

this circuit can be found in [108][110].  

   

 

FIGURE 4.14: Two-stage op-amp [107][108] 

 

This circuit is optimized to drive the load capacitor of 0.5 pF. The supply voltage is set to 

±1.8 V and ±3.3 V for 0.18 µm and 0.35 µm CMOS technologies respectively. The length 

of transistor Mi is considered as 𝐿𝑖 and width of transistor Mi is considered as 𝑊𝑖, where 

𝑖 = 1, 2, . . . . , 8. The width of different transistors is considered as 𝑊1 = 𝑊2, 𝑊3 = 𝑊4, 

𝑊5 = 𝑊8,  𝑊6, and 𝑊7 for this circuit sizing. The length of different transistors is 

considered as 𝐿1 = 𝐿2 = 𝐿5 = 𝐿7 = 𝐿8 = 1.75 µ𝑚, and 𝐿3 = 𝐿4 = 𝐿6 = 1.00 µm for the 

optimization process of this circuit using 0.35 µm CMOS technology. So, this circuit has 

six design parameters namely 𝑊1 = 𝑊2 , 𝑊3 = 𝑊4,  𝑊5 = 𝑊8,  𝑊6,𝑊7,  and 𝐼𝑏𝑖𝑎𝑠  as 

observed from Fig. 4.14. The search space and optimized values achieved by different 

EAs for the design parameters of this circuit with 0.35 µm CMOS technology are listed in 

Table 4.24.  
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TABLE 4.24: Search space and optimized parameters by different EAs for two-stage op-amp in 0.35 

µm CMOS technology 

Sr. 

No. 

Design 

Parameters 

Search Space 

of Design 

Parameters 

Optimized Values of Design Parameters 

PSO DE CS CSPSO [63] [111] 

1 𝑊1 = 𝑊2 (µm) 1 µm to 10 µm 8.26 9.61 6.41 9.96 4.9 4 

2 𝑊3 = 𝑊4 (µm) 1 µm to 10 µm 3.29 2.57 2.06 2.55 5.9 4 

3 𝑊5 = 𝑊8 (µm) 1 µm to 10 µm 4.18 3.20 1.74 2.80 2.1 2.8 

4 𝑊6 (µm) 1 µm to 10 µm 10.00 10.00 7.71 9.99 89.3 27.8 

5 𝑊7 (µm) 1 µm to 10 µm 10.00 8.70 4.86 7.91 15.89 11.5 

6 𝐼𝑏𝑖𝑎𝑠 (µA) 1 µA to 10 µA 8.70 10.00 9.78 9.87 38.97 25 

 

Desired specifications and obtained specifications through simulation for the above-

optimized design parameters achieved by employing the different EAs for this circuit are 

tabulated in Table 4.25. The number of desired specifications for this circuit are twelve i.e. 

𝐴𝑣, UGB, PM, +ve PSSR, -ve PSSR, RSR, FSR, CMRR, 𝑃𝑑𝑖𝑠𝑠, 𝑁𝑖𝑛 @ 1 kHz, 𝑁𝑖𝑛𝑡  over 

the specified frequency range from 1 Hz to 100 kHz, and Total MOS Transistor Area 

(TTA). The optimization problem of this circuit is more complex compared to the 

optimization problem of the DA circuit because of the larger number of design parameters 

for this circuit. The CS algorithm optimized this circuit with the least TTA of 48.86 µm2 

compared to that achieved by the DE, CSPSO, and PSO algorithms.  

 
TABLE 4.25: Desired specifications and simulation results by different EAs for two-stage op-amp in 

0.35 µm CMOS technology 

Sr. 

No. 
Specifications 

Desired 

value 

Obtained Specifications 

PSO DE CS CSPSO [63] [111] 

1 𝐴𝑣 (dB) > 72 74.40 72.46  74.13 75.04  68.09 78  

2 UGB (MHz) > 10 12.08  13.77  12.05 13.79  5.52  5.36  

3 PM (°) > 45 45.29 45.17   46.20 45.10  66.4 68.3 

4 +ve PSSR (dB) > 80 100.26 80.09 92.06 82.95 83.43 84.69  

5 -ve  PSSR (dB) > 80 79.23  79.89  80.17 80.15   97.06  106  

6 RSR (V/µs) > 10 12.33 13.57  10.17 11.20  13.44 8 

7 FSR (V/µs) > 10 9.49    10.59   12.47 10.48   --- --- 

8 CMRR (dB) > 70 75.40    82.97  74.33 80.48   86.32 88.26 

9 𝑃𝑑𝑖𝑠𝑠 (µW) < 1000 507.32  608.12 579.42 614.76  917.7 616.3 

10 
𝑁𝑖𝑛  (nV/√𝐻𝑧)  

@ 10 kHz 
< 50 25.58 23.14 24.72 23.15 --- --- 

11 
𝑁𝑖𝑛𝑡 (µVrms) 

(1 Hz – 100 kHz) 
< 50 28.72 25.98 27.75 25.99 --- --- 

12 TTA (µm2 ) < 300 77.62  75.2 48.86 73.59 262.04 121.8 
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Mallick et al. [63] have reported the optimization of the similar circuit using the CRPSO 

algorithm and Mallick et al. [111] have applied the opposition concept based HS algorithm 

for the optimum design of the same circuit using similar CMOS technology. Results 

reported in the literature are presented in Table 4.25 for the performance comparison. 

From which, it is revealed that although we have considered some additional 

specifications compared to those reported in the literature, our methodology is able to 

satisfy the objective function of this design problem. 

 
TABLE 4.26: Performance of different EAs for the optimization of two-stage op-amp in 0.35 µm 

CMOS technology 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 3.2e-4 1.4e-2 5.9e-3 4.3e-3 100 3030 0 4038 

PSO 2.3e-2 2.4e-1 1.4e-1 7.9e-2 100 3000 0 4013 

CS 0.0 0.0 0.0 0.0 51.60 3126 10 3804 

CSPSO 0.0 0.0 0.0 0.0 38.4 3486 10 4900 

 

The performance of the CS, hybrid CSPSO, PSO, and DE algorithms for the optimization 

of this circuit in 0.35 µm CMOS technology for 10 independent runs are tabulated in 

Table 4.26. The CS and hybrid CSPSO algorithms succeeded 10 times out of 10 runs to 

achieve all the targeted specifications during the optimization process of this circuit, 

whereas the DE and PSO algorithms could not achieve success for a single time to obtain 

all the targeted specifications. The average number of iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔) consumed by 10 

independent runs of the optimization process of this circuit are 38.4 and 51.60 for the 

CSPSO and CS algorithms respectively. 𝐼𝑡𝑒𝑟𝑎𝑣𝑔 required for the CS and CSPSO 

algorithms are less compared to those required for the DE and PSO algorithms. The 

average value (𝑀𝑒𝑎𝑛𝑓) for the fitness function obtained by the CS and CSPSO algorithms 

is zero, whereas the average value for the fitness function obtained (𝑀𝑒𝑎𝑛𝑓) by the DE 

and PSO algorithms is 5.9e-3 and 1.4e-1 respectively. Thus, the CS and CSPSO 

algorithms outperform both the DE and PSO algorithms for this case in every aspect.  

 

The convergence graph of the CS, CSPSO, DE, and PSO algorithms for the optimization 

of two-stage op-amp in 0.35 µm CMOS technology is shown in Fig. 4.15. It shows that 

the CSPSO algorithm is faster in obtaining the targeted fitness function value compared to 

the DE, CS, and PSO algorithms. It also shows that the PSO and DE algorithms are unable 

to reach the targeted fitness function value within the maximum number of iterations. 
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FIGURE 4.15: Convergence graph of different EAs for two-stage op-amp optimization in 0.35 µm 

CMOS technology 

 

This circuit is also optimized with 0.18 µm CMOS technology by the CS, hybrid CSPSO, 

PSO, and DE algorithms. The length of different transistors for this circuit is set as 𝐿1 =

𝐿2 = 𝐿5 = 𝐿7 = 𝐿8 = 0.75 µ𝑚, and 𝐿3 = 𝐿4 = 𝐿6 = 0.50 µm  for the optimization 

process of this circuit using 0.18 µm CMOS technology. The search space and optimized 

values achieved by different EAs for the design parameters of this circuit using 0.18 µm 

CMOS technology are listed in Table 4.27.  

 
TABLE 4.27: Search space and optimized parameters by different EAs for two-stage op-amp in 0.18 

µm CMOS technology 

Sr. 

No. 

Design 

Parameters 

Search Space 

of Design 

Parameters 

Optimized values of Design Parameters 

PSO DE CS CSPSO [112] [113] 

1 𝑊1 = 𝑊2 (µm) 1 µm to 10 µm 9.11 10.00 1.00 1.97 4 2.06 

2 𝑊3 = 𝑊4 (µm) 1 µm to 10 µm 7.27 5.46 3.73 2.64 4 2.06 

3 𝑊5 = 𝑊8 (µm) 1 µm to 10 µm 8.59 9.39 1.00 1.22 2 2.06 

4 𝑊6 (µm) 1 µm to 10 µm 10.00 10.00 10.00 10.00 21.54 6.15 

5 𝑊7 (µm) 1 µm to 10 µm 8.03 8.77 1.41 2.54 5.38 3 

6 𝐼𝑏𝑖𝑎𝑠 (µA) 1 µA to 10 µA 10.00 10.00 9.83 10.00 49 20 
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TABLE 4.28: Desired specifications and simulation results by different EAs for two-stage op-amp in 

0.18 µm CMOS technology 

Sr. 

No. 
Specifications 

Desired 

value 

Obtained Specifications 

PSO DE CS CSPSO [112] [113] 

1 𝐴𝑣 (dB) > 72 69.78 70.28 72.05 72.08 61 75.3 

2 UGB (MHz) > 10 26.56 26.02 10.35 14.04 3 3.52 

3 PM (°) > 45 80.25 59.92 58.19 55.51 - 60.50 

4 +ve PSSR (dB) > 80 81.93 82.76 81.00 81.85 - 84.50 

5 -ve  PSSR (dB) > 80 94.32 118.18 104.69 116.04 - 77.45 

6 RSR (V/µs) > 10 16.86 16.91 12.93 13.14 20 18.20 

7 FSR (V/µs) > 10 10.17 10.14 11.44 12.47 - - 

8 CMRR (dB) > 70 73.89 72.81 76.73 76.17 - 83.01 

9 𝑃𝑑𝑖𝑠𝑠 (µW) < 1000 70.38 70.90 69.10 87.18 1137.3 90 

10 
𝑁𝑖𝑛  (nV/√𝐻𝑧)  

@ 10 kHz 
< 50 19.20 18.61 31.20 24.30 - - 

11 
𝑁𝑖𝑛𝑡 (µVrms) 

(1 Hz – 100 kHz) 
< 50 21.53 20.85 35.01 27.26 - - 

12 TTA (µm2 ) < 300 44.83 46.13 12.79 14.31 93.86 21.51 

 

Table 4.28 lists the desired specifications and obtained specifications through simulation 

for the optimized design parameters achieved by employing the different EAs for this 

circuit. The CS algorithm optimized this circuit with the least Total MOS Transistor Area 

(TTA) of 12.79 µm2 and the least power dissipation (𝑃𝑑𝑖𝑠𝑠) of 69.10 µW compared to 

those achieved by other algorithms while satisfying other specifications. 

 

Sarkar et al. [112] have reported the optimization of the same circuit using the Whale 

Optimization Algorithm (WOA) and Majeed et al. [113] have applied the hybrid WOA 

and Modified Gray Wolf Optimization (MGWO) algorithm for the optimum design of the 

same circuit using similar CMOS technology. Results reported in the literature are also 

presented in Table 4.28 for the performance comparison. From which, it can be observed 

that although we have considered some additional specifications compared to those 

reported in the literature, our methodology is able to satisfy the objective function of this 

design problem. 

 

The performance of the CS, CSPSO, PSO, and DE algorithms for the optimization of this 

circuit with 0.18 µm CMOS technology for 10 independent runs are listed in Table 4.29. 

The CS algorithm succeeded 6 times and hybrid CSPSO succeeded 3 times out of 10 runs 

to achieve all the targeted specifications for the optimization of this circuit, whereas the 

DE and PSO algorithms could not obtain success for a single time to achieve all the 
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targeted specifications. The average number of iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔) required by 10 

independent runs of the optimization process of this circuit is less for the CS and CSPSO 

algorithms compared to those required for the DE and PSO algorithms. The PSO 

algorithm consumed the least simulation time (𝑇𝑠𝑖𝑚) of 4412 seconds for 10 runs of this 

optimization process. The CSPSO algorithm required more average function evaluations 

(𝐹𝐸𝑎𝑣𝑔) i.e. 11633 compared to all other algorithms. Thus, the CS and CSPSO algorithms 

outperform both the DE and PSO algorithms for this case also.   

 

TABLE 4.29: Performance of different EAs for the optimization of two-stage op-amp using 0.18 µm 

CMOS technology 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 1.4e-2 2.4e-2 2.1e-2 3.7e-2 100 3030 0 4679 

PSO 2.7e-2 5.4e-2 3.2e-2 8.1e-3 100 3000 0 4412 

CS 0.0 1.9e-2 5.6e-3 7.3e-3 77.80 4698 6 6695 

CSPSO 0.0 2.1e-2 9.4e-3 7.2e-3 88.30 7977 3 11633 

 

The convergence graph of the CS, CSPSO, DE, and PSO algorithms for the optimization 

of two-stage op-amp in 0.18 µm CMOS technology is shown in Fig. 4.16. It shows that 

the CS and CSPSO algorithms give a better solution with higher convergence speed 

compared to the PSO and DE algorithms. 

 
FIGURE 4.16: Convergence graph of different EAs for two-stage op-amp optimization in 0.18 µm 

CMOS technology 
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4.4.3 Folded Cascode OTA 

 

There are different topologies of CMOS Folded cascode OTA (FOTA) available in the 

literature, one of them is shown in Fig. 4.17. More details about the theoretical and 

mathematical analysis of this circuit can be found in [114][115].  

 
FIGURE 4.17: Folded cascode OTA [114] 

 

The length of transistor Mi is considered as 𝐿𝑖 and width of transistor Mi is considered as 

𝑊𝑖 , where 𝑖 = 1, 2, . . . . , 14 . The width of different transistors is considered as 𝑊1 =

 𝑊2 = 𝑊12, 𝑊3 = 𝑊4,  𝑊5 = 𝑊6, 𝑊7 = 𝑊8, 𝑊9 = 𝑊10, 𝑊11, 𝑊13, and 𝑊14 for this circuit. 

The length of each transistor is chosen identical i.e. 𝐿𝑖 = 1 µm. So, this circuit has nine 

design parameters namely 𝑊1 = 𝑊2 = 𝑊12 , 𝑊3 = 𝑊4 , 𝑊5 = 𝑊6 , 𝑊7 = 𝑊8 , 𝑊9 = 𝑊10 , 

𝑊11, 𝑊13, 𝑊14, and 𝐼𝑏𝑖𝑎𝑠 as observed from Fig. 4.17. The circuit is optimized to drive the 

load capacitor of 0.1 pF. The supply voltage is set to ±1.8 V and ±2 V for 0.18 µm and 

0.35 µm CMOS technologies respectively. The search space and optimized values 

achieved by different EAs for the design parameters of this circuit using 0.35 µm CMOS 

technology are listed in Table 4.30.  



Moderately Complex CMOS based Analog Circuit Optimization 

69 
 

TABLE 4.30: Search space and optimized parameters by different EAs for FOTA in 0.35 µm CMOS 

technology 

Sr. 

No. 

Design 

Parameters 

Search Space 

of Design 

Parameters 

Optimized values of Design Parameters 

PSO DE CS CSPSO [114] [114] 

1 𝑊1,2,12 (µm) 1 µm to 200 µm 157.87 200 179.27 97.64 25.6  28.5  

2 𝑊3,4 (µm) 1 µm to 200 µm 96.63 89.80 54.84 28.85 12.8  49.9  

3 𝑊5,6 (µm) 1 µm to 200 µm 171.80 148.18 115.06 108.04 4.5  16.4  

4 𝑊7,8 (µm) 1 µm to 200 µm 171.80 148.18 115.06 108.04 4.5  34.2  

5 𝑊9,10 (µm) 1 µm to 200 µm 200 200 69.28 136.74 49.2  49.85  

6 𝑊11 (µm) 1 µm to 200 µm 200 194.67 108.05 56.05 9  68.4  

7 𝑊13 (µm) 1 µm to 200 µm 89.44 200 33.22 54.14 25.6  99.8  

8 𝑊14 (µm) 1 µm to 200 µm 166.77 193.12 118.40 198.99 9  32.8  

9 𝐼𝑏𝑖𝑎𝑠 (µA) 1 µA to 200 µA 111.79 154.35  109.13 80.18 27.5  30  

 

Desired specifications and obtained specifications through simulation for the above-

optimized design parameters achieved by employing the different EAs for this circuit are 

listed in Table 4.31. The number of desired specifications for this circuit are also twelve 

i.e. 𝐴𝑣, UGB, PM, +ve PSSR, -ve PSSR, RSR, FSR, CMRR, 𝑃𝑑𝑖𝑠𝑠, 𝑁𝑖𝑛@ 1 Hz, 𝑁𝑖𝑛𝑡  over 

the specified frequency range from 1 Hz to 100 MHz, and TTA. The optimization problem 

of this circuit is more complex compared to the optimization problem of the DA and two-

stage op-amp circuits due to the larger number of design parameters for this circuit. The 

CSPSO algorithm achieved all the targeted specifications with the least power dissipation 

(𝑃𝑑𝑖𝑠𝑠) i.e. 510.61 µW and the least Total MOS Transistor Area (TTA) i.e. 1365.41 µm2 

compared to those achieved by the CS, DE, and PSO algorithms. 

 

TABLE 4.31: Desired specifications and simulation results by different EAs for FOTA in 0.35 µm 

CMOS technology 

Sr. 

No. 
Specifications 

Desired 

value 

Obtained Specifications 

PSO DE CS CSPSO [114] [114] 

1 𝐴𝑣  (dB) > 70 73.82 74.19 72.03 74.65 76 85.5 

2 UGB (MHz) > 100 152.79 200.70 196.53 183.60 420 537 

3 PM (°) > 45 85.60 80.09 63.06 83.49 -- -- 

4 +ve PSSR (dB) > 65 68.91 68.50 68.65 70.05 57.68 79 

5 -ve  PSSR (dB) > 75 84.67 85.07 82.17 83.01 57.68 79 

6 RSR (V/µs) > 40 73.51 139.58 61.33 76.26 200 290 

7 FSR (V/µs) > 40 49.72 72.77 67.02 53.14 200 290 

8 CMRR (dB) > 80 126.94 113.39 107.87 110.66 59.23 61.75 

9 𝑃𝑑𝑖𝑠𝑠 (µW) < 1000 721.90 985.34 720.41 510.61 660 696 

10 
𝑁𝑖𝑛  (µV/√𝐻𝑧)  

@ 1 Hz 
< 20 10.39 8.61 10.73 11.03 116.49 0.63 

11 
𝑁𝑖𝑛𝑡 (µVrms) 

(1 Hz – 100 MHz) 
< 200 80.77 73.72 89.95 93.99 -- -- 

12 TTA (µm2 ) < 3000 2210.12 2360.10 1505.95 1365.41 262.4 984.36 
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Daoud et al. [114] have reported the optimization of the same circuit through the heuristic 

programming method as well as the 𝑔𝑚/𝐼𝐷  method using similar CMOS technology. 

Results reported in the literature are presented in Table 4.31 for the performance 

comparison. From which, it is revealed that although we have considered some additional 

specifications compared to those reported in the literature, our methodology is able to 

satisfy the objective function of this design problem.  

 

The performance of the CS, hybrid CSPSO, PSO, and DE algorithms for the optimization 

of this circuit with 0.35 µm CMOS technology for 10 independent runs are listed in Table 

4.32. The CS and CSPSO algorithms succeeded 10 times out of 10 runs to achieve all the 

targeted specifications during the optimization process of this circuit, whereas the DE 

algorithm succeeded 9 times and PSO algorithm succeeded 2 times out of 10 runs to 

achieve all the targeted specifications. The CSPSO algorithm takes the less average 

number of iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔) to obtain the final targeted fitness function value for 10 

independent runs of the optimization process of this circuit compared to those required for 

the CS, DE, and PSO algorithms. The CS and CSPSO algorithms consume more function 

evaluations (𝐹𝐸𝑎𝑣𝑔) compared to the DE and PSO algorithms. Thus, the CS and CSPSO 

algorithms outperform both the DE and PSO algorithms in terms of success rate. 

 

TABLE 4.32: Performance of different EAs for optimization of FOTA in 0.35 µm CMOS technology 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 0.0 2.6e-2 2.6e-3 7.8e-3  42.2 1296 9 2838 

PSO 0.0 5.7e-1 3.2e-1 2.1e-1  85.4 2562 2 4988 

CS 0.0 0.0 0.0 0.0 63.90 3864 10 8227 

CSPSO 0.0 0.0 0.0 0.0 28.3 2577 10 5514 

 

The convergence graph of the CS, CSPSO, DE, and PSO algorithms for the optimization 

of FOTA with 0.35 µm CMOS technology is shown in Fig. 4.18. It shows that the CSPSO 

algorithm is faster in obtaining the targeted fitness function value compared to the CS, DE, 

and PSO algorithms. Thus, the CSPSO algorithm performs better than the CS, DE, and 

PSO algorithms in terms of the final solution and convergence speed. 
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FIGURE 4.18: Convergence graph of different EAs for FOTA optimization in 0.35 µm CMOS 

technology 

 

This circuit is also optimized with 0.18 µm CMOS technology by the CS, hybrid CSPSO, 

PSO, and DE algorithms. The search space and optimized values achieved by different 

EAs for the design parameters of this circuit with 0.18 µm CMOS technology are listed in 

Table 4.33.  

 

TABLE 4.33: Search space and optimized parameters by different EAs for FOTA in 0.18 µm CMOS 

technology 

Sr. 

No. 

Design 

Parameters 

Search Space of 

Design 

Parameters 

Optimized values of Design Parameters 

PSO DE CS CSPSO [116] 

1 𝑊1,2,12 (µm) 1 µm to 200 µm 196.01 188.46 156.87 61.61 30 

2 𝑊3,4 (µm) 1 µm to 200 µm 100.13 99.92 43.81 56.13 24 

3 𝑊5,6 (µm) 1 µm to 200 µm 194.31 200 78.34 160.87 4 

4 𝑊7,8 (µm) 1 µm to 200 µm 194.31 200 78.34 160.87 42 

5 𝑊9,10 (µm) 1 µm to 200 µm 148.71 185.66 168.72 148.61 69 

6 𝑊11 (µm) 1 µm to 200 µm 200 200 85.00 112.52 -- 

7 𝑊13 (µm) 1 µm to 200 µm 137.05 200 34.03 144.06 -- 

8 𝑊14 (µm) 1 µm to 200 µm 154.46 200 198.44 63.42 -- 

9 𝐼𝑏𝑖𝑎𝑠 (µA) 1 µA to 200 µA 115.34 139.53 73.86 84.86 -- 

 

In Table 4.34, desired specifications and obtained specifications through simulation for the 

above-optimized design parameters achieved by employing the different EAs for this 

circuit are tabulated. The CS algorithm achieved all the targeted specifications with the 
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least power dissipation (𝑃𝑑𝑖𝑠𝑠)  i.e. 437.15 µW and the least TTA i.e. 1526.54 µm2 

compared to those achieved by the CSPSO, DE, and PSO algorithms. 

 

TABLE 4.34: Desired specifications and simulation results by different EAs for FOTA in 0.18 µm 

CMOS technology 

Sr. 

No. 
Specifications 

Desired 

value 

Obtained Specifications 

PSO DE CS CSPSO [116] [117] 

1 𝐴𝑣 (dB) > 70 76.52 77.58 77.78 78.61 52.1 49.3 

2 UGB (MHz) > 100 122.83 152.02 154.16 133.67 50.1 31.4 

3 PM (°) > 45 80.01 68.93 62.33 71.53 83.3 86.9 

4 +ve PSSR (dB) > 65 76.87 79.93 79.08 80.15 -- -- 

5 -ve  PSSR (dB) > 75 76.29 78.04 78.43 78.30 -- -- 

6 RSR (V/µs) > 30 71.09 165.30 169.88 65.65 34.4 12 

7 FSR (V/µs) > 30 37.42 43.09 38.37 33.57 -- 31.6 

8 CMRR (dB) > 80 130.32 149.17 134.35 132.04 -- -- 

9 𝑃𝑑𝑖𝑠𝑠 (µW) < 1000 703.54 841.54 437.15 528.81 720 360 

10 
𝑁𝑖𝑛  (µV/√𝐻𝑧)  

@ 1 Hz 
< 20 8.69 8.18 11.35 9.75 8.74 13.5 

11 
𝑁𝑖𝑛𝑡 (µVrms) 

(1 Hz – 100 MHz) 
< 200 85.86 67.29 94.46 82.51 78.3 76.8 

12 TTA (µm2 ) < 3000 2354.46 2536.53 1526.54 1557.83 1200 700 

 

Akbari et al. [116][117] have reported the optimization of the same circuit through gm/ID 

methodology using the same CMOS technology. Results reported in the literature are 

presented in Table 4.34 for the performance comparison. From which, it can be observed 

that although we have considered some additional specifications compared to those 

reported in the literature, our methodology is able to satisfy the objective function of this 

design problem. 

 

The performance of the CS, hybrid CSPSO, PSO, and DE algorithms for the optimization 

of this circuit using 0.18 µm CMOS technology for 10 independent runs are listed in Table 

4.35. The CSPSO succeeded 10 times out of 10 runs to achieve all the targeted 

specifications, whereas the CS algorithm succeeded 9 times out of 10 runs, the DE 

algorithm succeeded 7 times out of 10 runs, and the PSO algorithm succeeded only 2 

times out of 10 runs to achieve all the targeted specifications during the optimization 

process of this circuit. The CSPSO algorithm required the least average number of 

iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔) and average function evaluations (𝐹𝐸𝑎𝑣𝑔) for 10 independent runs of 

the optimization process of this circuit compared to those required for all other algorithms. 

Thus, the CSPSO algorithm outperforms the CS, DE, and PSO algorithms for this case. 
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TABLE 4.35: Performance of different EAs for the optimization of FOTA in 0.18 µm CMOS 

technology 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 0.0 1.2e-1 2.2e-2 4.0e-2 60.9 1857 7 3730 

PSO 0.0 8.1e-1 1.6e-1 2.3e-1 86.9 2607 2 5470 

CS 0.0 1.2e-1 1.2e-2 3.6e-2 48.2 2922 9 6072 

CSPSO 0.0 0.0 0.0 0.0 13.30 1227 10 2615 

   

The convergence graph of CS, CSPSO, DE, and PSO algorithms for the optimization of 

FOTA with 0.18 µm CMOS technology is shown in Fig. 4.19. It shows that the CSPSO 

algorithm converges faster compared to the CS, DE, and PSO algorithms. In Fig. 4.19, a 

sudden change of fitness value for CSPSO is appearing due to far-field randomization 

used in the Lévy random walk. 

 

FIGURE 4.19: Convergence graph of different EAs for FOTA optimization in 0.18 µm CMOS 

technology 

 

4.4.4 Miller OTA 

 

Operational transconductance amplifier (OTA) is a significant building block for many 

analog circuits and systems. Based on the system requirements, an OTA must fulfil many 

design requirements. There are different topologies of CMOS Miller OTA presented in the 
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literature [118][119]. Here, a simple rail-to-rail CMOS Miller OTA is sized using different 

EAs. The circuit diagram of CMOS Miller OTA is shown in Fig. 4.20. The main parts of 

this circuit are bulk-driven differential amplifier and dc level shifters. The inputs are 

applied at the bulk-terminals of the M1 and M2 transistors. This circuit has rail-to-rail 

input and output swing. This circuit is suitable for low voltage and low power 

applications. 

 

FIGURE 4.20: Miller OTA [118]  

 

The circuit is optimized to drive the load capacitor of 15 pF. The supply voltage is set to 

±600 mV for both 0.18 µm and 0.35 µm CMOS technologies. The length of transistor Mi 

is considered as 𝐿𝑖 and the width of transistor Mi is considered as 𝑊𝑖 , where 𝑖 =

 1, 2, . . . . , 9, 𝑎𝑛𝑑 𝑝. The width of different transistors is considered as 𝑊1 = 𝑊2, 𝑊3𝑎 =

𝑊4𝑎, 𝑊3𝑏 = 𝑊4𝑏, 𝑊5, 𝑊6, 𝑊7, 𝑊8 = 𝑊9, and width of Mp transistor as 𝑊𝑝 for this circuit. 

The length of different transistors is set as 𝐿1 =  𝐿 2 = 𝐿3𝑎 = 𝐿4𝑎 = 𝐿3𝑏 = 𝐿4𝑏 = 𝐿6 = 1 

µm and 𝐿5 = 𝐿7 = 𝐿8 = 𝐿9 = 𝐿𝑝 = 9 µm for the optimization process of this circuit. So, 

this circuit has eleven design parameters namely 𝑊1 = 𝑊2, 𝑊3𝑎 = 𝑊4𝑎, 𝑊3𝑏 = 𝑊4𝑏, 𝑊5, 

𝑊6,  𝑊7, 𝑊8 = 𝑊9,  𝑊𝑝, 𝑅𝑐, 𝐶𝑐, and 𝐼𝑏𝑖𝑎𝑠 as observed from Fig. 4.17. The search space and 

optimized values achieved by different EAs for the design parameters of this circuit with 

0.35 µm CMOS technology are listed in Table 4.36.  
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TABLE 4.36: Search space and optimized parameters by different EAs for Miller OTA in 0.35 µm 

CMOS technology 

Sr. 

No. 

Design 

Parameters 

Search 

Space of 

Design 

Parameters 

Optimized values of Design Parameters 

PSO DE CS CSPSO [61] [45] [118] 

1 
𝑊1 = 𝑊2 

(µm) 

1 µm to 200 

µm 
138.12  200  173.51 196.71 67 130 250  

2 
𝑊3𝑎 = 𝑊4𝑎 

(µm) 

1 µm to 200 

µm 
199.80 136.01 35.63 75.95 32 19.5 100  

3 
𝑊3𝑏 = 𝑊4𝑏 

(µm) 

1 µm to 200 

µm 
163.13  200 53.41  99.92 41.5  86. 400 

4 𝑊5 (µm) 
1 µm to 200 

µm 
174.82 200 150.74 197.31  180  87  200  

5 𝑊6 (µm) 
1 µm to 200 

µm 
188.90 200 23.51 79.72 62 86.5  400  

6 𝑊7 (µm) 
1 µm to 200 

µm 
122.80  200 65.83  119.74  150.5 104 800  

7 
𝑊8 = 𝑊9 

(µm) 

1 µm to 200 

µm 
40.75 27.46 13.26  12.87 17 18  100  

8 𝑊𝑝 (µm) 
1 µm to 200 

µm 
100.55  39.09 1.44   99.54  83 34.5  200  

9 𝑅𝑐 (kΩ) 
1 kΩ to 200 

kΩ 
55.47  100.00   74.60   77.47   96  81  73.1  

10 𝐶𝑐 (pF) 
1 pF to 10 

pF 
8.90   5.24  2.69 2.67  2.1  1.9  5  

11 𝐼𝑏𝑖𝑎𝑠 (nA) 
1 nA to 

1000 nA 
533.20  200  2.31  498.87  180  109  130  

 

Desired specifications and obtained specifications through simulation for the above-

optimized design parameters achieved by employing the different EAs for this circuit are 

listed in Table 4.37. 

 
TABLE 4.37: Desired specifications and simulation results by different EAs for Miller OTA in 0.35 

µm CMOS technology 

Sr. 

No. 
Specifications 

Desired 

value 

Obtained Specifications 

PSO DE CS CSPSO [61] [45] [118] 

1 𝐴𝑣  (dB) > 75 63.12  86.72  86.98   90.90 74.92  82.67  73.5  

2 UGB (kHz) > 10 15.71  45.60 72.82  61.16  42.27  48.61  13.02  

3 PM (°) > 45 81.62 79.23 50.14 53.29 49.56 58.01 54.1 

4 +ve PSSR (dB) > 90 83.30  90.07   89.52  96.18  -- -- 58.1 

5 -ve  PSSR (dB) > 70 64.01  73.15  78.78  76.76  -- -- -- 

6 RSR (V/ms) > 10 26.82 53.54  25.41 29.71 17.28 21.77   14.7 

7 FSR (V/ms) > 10 19.02  23.02   25.51  14.78 14.36 23.11 14.7 

8 CMRR (dB) > 100 77.40 114.45   101.32 103.08   -- -- 67.4 

9 𝑃𝑑𝑖𝑠𝑠 (nW) < 1000 1112 990.32 845.36  953.15 540  545.49  550  

10 
𝑁𝑖𝑛  (nV/√𝐻𝑧) 

@ 1 kHz 
< 500 686.58 499.97 468.03 499.61 -- -- 290 

11 
𝑁𝑖𝑛𝑡 (µVrms) 

(1 Hz – 100 kHz) 
< 300 260.44 180.77 170.84 182.78 -- -- -- 

12 TTA (µm2 ) < 1500 5508 5718.10  2749.47 4805.79     3348  2911.5  14500  
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The number of desired specifications, in this case, are twelve i.e. 𝐴𝑣 , UGB, PM, +ve 

PSSR, -ve PSSR, RSR, FSR, CMRR, 𝑃𝑑𝑖𝑠𝑠 , 𝑁𝑖𝑛 @ 1 kHz, 𝑁𝑖𝑛𝑡  over the specified 

frequency range from 1 Hz to 100 kHz, and TTA. The complexity of the optimization 

problem for this circuit is more compared to the optimization problem of DA, two-stage 

op-amp, and FOTA circuits because of the larger number of design parameters for this 

circuit. The CS algorithm achieved all the targeted specifications with the least power 

dissipation (𝑃𝑑𝑖𝑠𝑠) i.e. 845.36 nW and the least Total MOS Transistor Area (TTA) i.e. 

2749.47 µm2 compared to those achieved by the CSPSO, DE, and PSO algorithms. 

 

Thakkar et al. [45] have reported the optimization of the same circuit using the HPSO 

algorithm, Gupta et al. [61] have applied the ACO algorithm for the optimum design of 

the same circuit, and Ferreira et al. [118] have used the Laker and Sansen method to obtain 

the size of the same circuit using similar CMOS technology. Results reported in the 

literature are presented in Table 4.37 for the performance comparison. From which, it is 

revealed that although we have considered some additional specifications compared to 

those reported in the literature, our methodology is able to satisfy the objective function of 

this design problem. 

 

The performance of the CS, hybrid CSPSO, PSO, and DE algorithms for the optimization 

of this circuit with 0.35 µm CMOS technology for 10 independent runs are listed in Table 

4.38. The CSPSO algorithm succeeded 7 times out of 10 runs, the CS algorithm and the 

DE algorithm succeeded 4 times out of 10 runs to achieve all targeted specifications 

during the optimization process of this circuit, whereas the PSO algorithm could not 

obtain success for a single time to achieve all the targeted specifications. The CS and 

CSPSO algorithms required the less average number of iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔) for 10 

independent runs of the optimization process of this circuit compared to those required for 

the DE and PSO algorithms. Thus, the CS and CSPSO algorithms outperform both the DE 

and PSO algorithms for this case also. 

 

TABLE 4.38: Performance of different EAs for optimization of Miller OTA in 0.35 µm CMOS 

technology 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 0.0 1.2e-1 3.2e-2 4.2e-2  92.2 2796 4 3794 

PSO 3.3e-1 1.13 5.7e-1 2.3e-1 100 3000 0 4374 

CS 0.0 8.8e-2 3.1e-2 3.4e-2 86.8 5238 4 7233 

CSPSO 0.0 9.5e-2 1.8e-2 3.4e-2 80.50 7275 7 9978 
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The convergence graph of the CS, CSPSO, DE, and PSO algorithms for Miller OTA is 

shown in Fig. 4.21. It also shows the CSPSO algorithm performs better than the CS, DE, 

and PSO algorithms in terms of the final solution and convergence speed. 

 

FIGURE 4.21: Convergence graph of different EAs for Miller OTA optimization in 0.35 µm CMOS 

technology 

 

This circuit is also optimized with 0.18 µm CMOS technology by the CS, hybrid CSPSO, 

PSO, and DE algorithms. The search space and optimized values achieved by different 

EAs for the design parameters of this circuit using 0.18 µm CMOS technology are listed 

in Table 4.39.  

 

TABLE 4.39: Search space and optimized parameters by different EAs for Miller OTA in 0.18 µm 

CMOS technology 

Sr. 

No. 

Design 

Parameters 

Search Space of 

Design 

Parameters 

Optimized values of Design Parameters 

PSO DE CS CSPSO [45] [120] 

1 𝑊1 = 𝑊2 (µm) 1 µm to 200 µm 135.38  200  200 200 17 486 

2 𝑊3𝑎 = 𝑊4𝑎 (µm) 1 µm to 200 µm 200 130.08 54.76  200 38.5 114 

3 𝑊3𝑏 = 𝑊4𝑏 (µm) 1 µm to 200 µm 200  200  113.92  163.59 138 170 

4 𝑊5 (µm) 1 µm to 200 µm 156.58 188.32  63.22 181.44  122.5 356 

5 𝑊6 (µm) 1 µm to 200 µm 165.61 200 98.90  200 98  200 

6 𝑊7 (µm) 1 µm to 200 µm 171.41  200  76.36 99.54  194 416 

7 𝑊8 = 𝑊9 (µm) 1 µm to 200 µm 73.44 21.30  1.32  1.00 15  200 

8 𝑊𝑝 (µm) 1 µm to 200 µm 184.77 95.19 61.61  134.87  110.5  179 

9 𝑅𝑐 (kΩ) 1 kΩ to 200 kΩ 95.63  100.00   1.00   90.31   99  100 

10 𝐶𝑐 (pF) 1 pF to 10 pF 10   4.30  1.00  1.00  2.7  5 

11 𝐼𝑏𝑖𝑎𝑠 (nA) 1 nA to 1000 nA 695.13  466.25  476.43 646.00 350  50 
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Table 4.40 reveals the desired specifications and obtained specifications through 

simulation for the above-optimized design parameters achieved by employing the different 

EAs for this circuit. The CS algorithm achieved all the targeted specifications with the 

least power dissipation (𝑃𝑑𝑖𝑠𝑠) i.e. 591.49 nW and the least Total MOS Transistor Area 

(TTA) i.e. 2670.74 µm2 compared to those achieved by the CSPSO, DE, and PSO 

algorithms. 

 

Thakkar et al. [45] have reported the optimization of the similar circuit using the HPSO 

algorithm and Akbari et al. [120] have reported the optimization of the similar circuit 

through Gm-C compensation technique with similar CMOS technology. Results reported 

in the literature are presented in Table 4.40 for the performance comparison. From which, 

it can be observed that although we have considered some additional specifications 

compared to those reported in the literature, our methodology is able to satisfy the 

objective function of this design problem.  

 
TABLE 4.40: Desired specifications and simulation results by different EAs for Miller OTA in 0.18 

µm CMOS technology 

Sr. 

No. 
Specifications 

Desired 

value 

Obtained Specifications 

PSO DE CS CSPSO [45] [120] 

1 𝐴𝑣 (dB) > 75 67.11  86.14  81.76   93.08 75  72.5 

2 UGB (kHz) > 10 16.61   78.70  74.64  52.45 58  9.5 

3 PM (°) > 45 84.43 59.61 75.63 70.94 59.7 76 

4 +ve PSSR (dB) > 90 138.26  127.62  129.38 130.93  -- -- 

5 -ve  PSSR (dB) > 80 62.87  78.15 84.15   83.42  -- -- 

6 RSR (V/ms) > 10 22.46 48.00  32.16 26.06 30.87  -- 

7 FSR (V/ms) > 10 25.74  25.34  13.37  13.54  16.4   -- 

8 CMRR (dB) > 100 107.30 109.62   103.48   114.50   -- 114.7 

9 𝑃𝑑𝑖𝑠𝑠 (nW) < 1000 1117.47 963.57 591.49   914.84 571  396 

10 
𝑁𝑖𝑛  (nV/√𝐻𝑧) 

@ 1 kHz 
< 500 636.12 308.88 365.83 285.72 -- 169 

11 
𝑁𝑖𝑛𝑡 (µVrms) 

(1 Hz – 100 kHz) 
< 300 240.10 111.94 144.73 127.93 -- 116 

12 TTA (µm2 ) < 14500 7173.23  5995.38 2670.74  5087.90  4598  5911 

 

The performance of the CS, hybrid CSPSO, PSO, and DE algorithms for the optimization 

of this circuit with 0.18 µm CMOS technology for 10 independent runs are listed in Table 

4.41. The CS and CSPSO algorithms succeeded 10 times out of 10 runs to achieve all the 

targeted specifications during the optimization process of this circuit, whereas the DE and 

PSO algorithms did not succeed a single time to achieve all the targeted specifications. 
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The CSPSO and CS algorithms required the less average number of iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔) 

for 10 independent runs of the optimization process of this circuit compared to those 

required for the DE and PSO algorithms. Thus, the CS and CSPSO algorithms outperform 

both the DE and PSO algorithms for this case also. 

 
TABLE 4.41: Performance of different EAs for optimization of Miller OTA in 0.18 µm CMOS 

technology 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 2.3e-3 6.0e-2 2.6e-2 1.6e-2 100 3030 0 4871 

PSO 1.9e-1 6.5e-1 4.0e-1 1.6e-1 100 3000 0 4086 

CS 0.0 0.0 0.0 0.0 51.10 3096 10 4183 

CSPSO 0.0 0.0 0.0 0.0 49.3 4467 10 6099 

 

The convergence graph of the CS, CSPSO, DE, and PSO algorithms for Miller OTA is 

shown in Fig. 4.22. It also shows that the CS and CSPSO algorithms are able to reach at 

the targeted fitness value, whereas the DE and PSO algorithms are not able to reach the 

targeted fitness value within the limit of the maximum number of iterations. Thus, the CS 

and CSPSO algorithms give a better solution with higher convergence speed compared to 

the PSO and DE algorithms. 

 

 

FIGURE 4.22: Convergence graph of different EAs for Miller OTA optimization in 0.18 µm CMOS 

technology 
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4.5 Summary 

 

In this chapter, the basis of the automatic cell sizing of CMOS based analog circuits is 

introduced. The EAs give a great improvement in the analog circuit design automation 

process. The focus is set on the performance of different metaheuristic EAs for the 

solution of practical problems in the electronic design automation field. As the number of 

desired specifications of a circuit and design parameters increase, the optimization 

problem becomes more complex and takes more time to optimize a given circuit. The 

optimization problems of DA, two-stage op-amp, and OTA are more complex. The 

performance of the CS, hybrid CSPSO, DE, and PSO algorithms for the optimization of 

simple as well as moderately complex CMOS based analog circuits are evaluated. The CS 

and CSPSO algorithms have given are more consistent performance than the DE and PSO 

algorithms in finding the targeted results. Only with basic knowledge of the circuit, the 

user can design an analog circuit for the given specifications using this methodology.  
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CHAPTER-5 

 

5 PVT-aware Circuit Optimization 

 

5.1 Introduction 

 

This chapter explores robust CMOS based analog circuit designs i.e. designs that are 

guaranteed to meet a set of specifications with the Process, Supply Voltage, and 

Temperature (PVT) variation effects. First, the effects of the PVT variations on the 

performance of CMOS based analog circuits are introduced. Then, the optimization of 

CMOS based analog circuits such as DA and two-stage op-amp circuits with PVT 

variations are presented. 

 

5.2 PVT Variation 

 

Process (𝑃), Supply Voltage (𝑉), and Temperature (𝑇) are three important factors which 

contribute to performance variation of the CMOS based analog circuits [121]. Process 

variations are due to deviation in a fabrication process. Variation in the process parameters 

can be impurity concentration densities, oxide thicknesses, and diffusion depths. This 

introduces variations in the sheet resistance and transistor parameters such as threshold 

voltage. This causes variations in (𝑊/𝐿) of MOS transistors. There are five possible 

process corners known as Typical- Typical (TT), Fast-Fast (FF), Slow-Slow (SS), Fast-

Slow (FS), and Slow-Fast (SF). The performance of a MOS transistor also depends on the 

power supply. The variation in the supply voltage affects the saturation current which 

inflects the propagation delay of a cell. The supply voltage is not constant throughout the 
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chip, hence the prorogation delay varies in a chip. Temperature variation is unavoidable in 

every day’s operation of a design. During operation of a chip, the temperature can vary 

throughout the chip. This is due to the power dissipation in the MOS transistors. The 

power consumption in the MOS transistor is mainly due to switching, short-circuit, and 

leakage power consumption.  

  

5.3 Circuit Optimization with PVT Corners   

 

PVT variations are taken into account by individually varying 𝑃 , 𝑉 , and 𝑇 over their 

allowable ranges and analyzing subsequent combinations are called PVT corners. In 

modern designs, there can be hundreds or thousands of PVT corners. The main aim of 

PVT analysis is to find the worst-case performance values across user-defined PVT 

corners. The robustness and yield of the designed circuit are increased by guaranteeing 

that it complies with all design goals and constraints in some or all corners. The problem 

is that simulating each corner can take several seconds or minutes based on the complexity 

of the circuit. To simulate all possible corners could take hours or even days. Here, three 

process corners i.e. TT, FF, and SS, three values of a supply voltage, and three values of 

temperature are considered during PVT-aware circuit design as a proof of concept. So, 

there would be a total of 3*3*3 = 27 combinations of the PVT corners.  

 

Two-step approach, as shown in Fig. 5.1, is used to find the worst-case performance with 

PVT analysis [122]. PVT corners are used within the iterative circuit optimization loop for 

PVT-aware circuit optimization. First, the optimization of a circuit for the targeted 

specifications is only done. After the circuit optimization with the required fitness function 

value by the optimizer implemented using an EA, the circuit is tested with user-defined 

PVT corners. If the circuit fulfils the required fitness value for each user-defined PVT 

corners then the optimization process will stop. If the circuit does not satisfy the required 

fitness value for any user-defined PVT corners, then the optimizer will redesign the circuit 

until the termination criteria are not fulfilled. The termination criteria are either the 

maximum number of iterations that have been reached or a minimum fitness function 

value is satisfied. If the termination criteria meet, then this process will stop.  
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FIGURE 5.1: Two-step approach for circuit design with PVT variations 

 

The PVT analysis is carried out for DA with a current mirror and two-stage op-amp 

circuits with 0.18 µm CMOS technology during the optimization process with the CS, 

hybrid CSPSO, PSO, and DE algorithms. 

 

5.3.1 Optimization of DA with PVT Corners 

 

The circuit diagram of DA with a current mirror load is presented in chapter 4 (page No. 

53). The length of transistor Mi is considered as 𝐿𝑖  and width of transistor Mi is 

considered as 𝑊𝑖, where 𝑖 = 1, 2, . . . . . , 6. For the optimization process of this circuit with 

different PVT corners using 0.18 µm CMOS technology, the length of different transistors 

is set as 𝐿1 = 𝐿2 = 𝐿3 = 𝐿4 = 3.5 µm and 𝐿5 = 𝐿6 = 1.4 µm. The width of different 

transistors is set as 𝑊1 = 𝑊2, 𝑊3 = 𝑊4, and 𝑊5 = 𝑊6 . So, this circuit has four design 

parameters namely 𝑊1 = 𝑊2, 𝑊3 = 𝑊4, 𝑊5 = 𝑊6, and 𝐼𝑏𝑖𝑎𝑠. The circuit is optimized to 

drive the load capacitor of 0.5 pF. The supply voltage is set to ±1.8 V. The search space 

and optimized values achieved by different EAs for the design parameters of this circuit 

with 0.18 µm CMOS technology with the PVT-aware circuit optimization process are 

listed in Table 5.1. 
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TABLE 5.1: Search space and optimized parameters by different EAs for DA in 0.18 µm CMOS 

technology with PVT variations 

Sr. No. 
Design 

Parameters 

Search Space of 

Design 

Parameters 

Optimized values of Design Parameters 

PSO DE CS CSPSO 

1 𝑊1 = 𝑊2 (µm) 3.5 µm to 30 µm 27.10 25.80 10.97 22.29 

2 𝑊3 = 𝑊4 (µm) 3.5 µm to 30 µm 12.17 10.06 3.50 3.50 

3 𝑊5 = 𝑊6 (µm) 3.5 µm to 30 µm 28.82 27.92 8.25 4.69 

4 𝐼𝑏𝑖𝑎𝑠 (µA) 3.5 µA to 30 µA 8.46 12.20 8.67 10.00 

 

Desired specifications and obtained specifications through simulation for the above-

optimized design parameters achieved by employing the different EAs with the PVT-

aware optimization process for this circuit are listed in Table 5.2. The CS algorithm 

optimized this circuit with the least Total MOS Transistor Area (TTA) of 124.36 µm2 and 

the least power dissipation (𝑃𝑑𝑖𝑠𝑠)  of 43.62 µW compared to those achieved by the 

CSPSO, DE, and PSO algorithms. The TTA i.e. 193.67 µm2 and 𝑃𝑑𝑖𝑠𝑠  i.e. 44.68 µW 

obtained by the CSPSO algorithm are also less compared to those achieved by the DE and 

PSO algorithms.  

 
TABLE 5.2: Desired specifications and simulation results by different EAs for DA in 0.18 µm CMOS 

technology with PVT variations 

Sr. No. Specifications 
Desired 

value 

Obtained Specifications 

PSO DE CS CSPSO 

1 𝐴𝑣  (dB) > 39 39.04 39.15 39.48 39.46 

2 UGB (MHz) > 10 18.41 23.76 22.09 21.72 

3 PM (°) > 45 46.30 46.40 60.15 50.26 

4 +ve PSSR  (dB) > 35 40.95 41.09 41.09 41.44 

5 -ve  PSSR (dB) > 60 71.45 71.20 71.28 72.06 

6 RSR (V/µs) > 9 21.55 29.60 21.74 21.24 

7 FSR (V/µs) > 9 14.64 20.28 17.76 17.23 

8 CMRR (dB) > 50 56.18 55.94 58.60 55.80 

9 𝑃𝑑𝑖𝑠𝑠 (µw) < 1000 45.04 62.69 43.62 44.68 

10 
𝑁𝑖𝑛  (nV/√𝐻𝑧)  

@ 10 kHz 
< 50 23.25 19.93 20.08 21.39 

11 
𝑁𝑖𝑛𝑡 (µVrms) 

(1 Hz – 100 kHz) 
< 50 7.38 6.32 6.38 6.79 

12 TTA (µm2 ) < 1500 355.57 329.20 124.36 193.67 

 

The performance of the CS, hybrid CSPSO, PSO, and DE algorithms for the optimization 

of this circuit using 0.18 µm CMOS technology with PVT variations for 10 independent 

runs are listed in Table 5.3. The CS and CSPSO algorithms succeeded 10 times out of 10 

runs to achieve all the targeted specifications during the optimization process of this 

circuit, whereas the DE algorithm succeeded 8 times and the PSO algorithm succeeded 3 
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times only out of 10 runs to achieve all the targeted specifications for this case. The CS 

algorithm took the least average number of iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔) for 10 independent runs of 

the optimization process of this circuit compared to those required for the DE and PSO 

algorithms. The CS and CSPSO algorithms also achieved zero standard deviation 

(𝑆𝐷𝑓) for the fitness function. Thus, the CS and CSPSO algorithms outperform the DE 

and PSO algorithms for this case. 

 
TABLE 5.3: Performance of different EAs for optimization of DA in 0.18 µm CMOS technology with 

PVT variations 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 0.0 5.9e-3 1.1e-3 2.2e-3 40.30 1239 8 3124 

PSO 0.0 6.8e-3 2.1e-3 2.4e-3 70.30 2109 3 4875 

CS 0.0 0.0 0.0 0.0 8.2 522 10 1027 

CSPSO 0.0 0.0 0.0 0.0 23.6 2154 10 4594 

 

The convergence graph of the CS, CSPSO, DE, and PSO algorithms for the optimization 

of DA with 0.18 µm CMOS technology with PVT-aware circuit optimization is shown in 

Fig. 5.2. It shows that the CS algorithm converges faster compared to the DE, CSPSO, and 

PSO algorithms. The CS and CSPSO algorithms give a better solution with higher 

convergence speed compared to the PSO and DE algorithms. 

 

 
FIGURE 5.2: Convergence graph of different EAs for DA optimization in 0.18 µm CMOS technology 

with PVT variations 
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5.3.2 Optimization of Two-Stage Op-amp with PVT Corners 

 

We have also optimized two-stage op-amp circuit with 0.18 µm CMOS technology at 

different PVT corners by the CS, hybrid CSPSO, PSO, and DE algorithms. The circuit 

diagram of the two-stage op-amp is presented in chapter 4 (page No. 59). The length of 

transistor Mi is considered as 𝐿𝑖 and width of transistor Mi is considered as 𝑊𝑖, where 𝑖 =

 1, 2, . . . . , 8. The width of different transistors is considered as 𝑊1 = 𝑊2, 𝑊3 = 𝑊4, and 

𝑊5 = 𝑊8 for this circuit. The length of different transistors is set as 𝐿1 = 𝐿2 = 𝐿5 = 𝐿7 =

𝐿8 = 0.75 µm and 𝐿3 = 𝐿4 = 𝐿6 = 0.50 µm for the optimization process of this circuit 

with different PVT corners in 0.18 µm CMOS technology. The search space and 

optimized values achieved by different EAs for the design parameters of this circuit with 

0.18 µm CMOS technology with the PVT variations are listed in Table 5.4.  

 
TABLE 5.4: Search space and optimized parameters by different EAs for op-amp in 0.18 µm CMOS 

technology with PVT variations 

Sr. No. 
Design 

Parameters 

Search Space of 

Design 

Parameters 

Optimized Values of Design Parameters 

PSO DE CS CSPSO 

1 𝑊1 = 𝑊2 (µm) 1 µm to 10 µm 4.17 2.73  1.41  1.57  

2 𝑊3 = 𝑊4 (µm) 1 µm to 10 µm 2.17 2.40   3.35  2.20  

3 𝑊5 = 𝑊8 (µm) 1 µm to 10 µm 3.88 3.78  1.00  5.89 

4 𝑊6 (µm) 1 µm to 10 µm 9.48 10.00 10.00 8.24 

5 𝑊7 (µm) 1 µm to 10 µm 7.85 7.82  1.47 9.57 

6 𝐼𝑏𝑖𝑎𝑠 (µA) 1 µA to 10 µA 8.93 10.00  10.00 9.36  

 

Desired specifications and obtained specifications through simulation for the above-

optimized design parameters achieved by employing the different EAs with the PVT-

aware optimization process for this circuit are listed in Table 5.5. The CS algorithm 

optimized this circuit with the least Total MOS Transistor Area (TTA) of 13.07 µm2 and 

the least power dissipation 𝑃𝑑𝑖𝑠𝑠 of 97.19 µW with the fulfilment of other specifications 

compared to those achieved by the CSPSO, DE, and PSO algorithms. 

 

 

 

 

 

 

 

 

 



Circuit Optimization with PVT Corners 

87 
 

TABLE 5.5: Desired specifications and simulation results by different EAs for op-amp in 0.18 µm 

CMOS technology with PVT variations 

Sr. No. Specifications 
Desired 

value 

Obtained Specifications 

PSO DE CS CSPSO 

1 𝐴𝑣  (dB) > 60 69.44 69.27 72.36 67.64 

2 UGB (MHz) > 10 14.77 13.95 10.37 11.05 

3 PM (°) > 45 45.29 49.53 52.41 51.94 

4 +ve PSSR (dB) > 70 82.96 82.32 81.91 82.29 

5 -ve  PSSR (dB) > 70 97.55 105.65 100.99 91.70 

6 RSR (V/µs) > 10 14.27 15.66 13.34 15.60 

7 FSR (V/µs) > 10 12.46 13.73 12.20 13.44 

8 CMRR (dB) > 60 71.43 71.57 76.63 69.23 

9 𝑃𝑑𝑖𝑠𝑠 (µw) < 1000 120.58 134.52 97.19 116.00 

10 
𝑁𝑖𝑛  (nV/√𝐻𝑧)  

@ 10 kHz 
< 50 24.36 25.55 32.24 29.50 

11 
𝑁𝑖𝑛𝑡 (µVrms) 

(1 Hz – 100 kHz) 
< 50 27.34 28.67 36.18 33.12 

12 TTA (µm2 ) < 300 24.87 23.02 13.07 24.68 

 

The performance of the CS, hybrid CSPSO, PSO, and DE algorithms for the optimization 

of this circuit with 0.18 µm CMOS technology with PVT variations for 10 independent 

runs are listed in Table 5.6. The CS algorithm succeeded 4 times and the CSPSO 

succeeded 2 times out of 10 runs to achieve all the targeted specifications during the 

optimization process, whereas the DE and PSO algorithms succeeded a single time only 

out of 10 runs to achieve all the targeted specifications. The CS and CSPSO algorithms 

took the less average number of iterations (𝐼𝑡𝑒𝑟𝑎𝑣𝑔)  for 10 independent runs of the 

optimization process of this circuit compared to those required for the DE and PSO 

algorithms. Thus, the CSPSO and CS algorithms outperform both the DE and PSO 

algorithms for this case also. 

 
TABLE 5.6: Performance of different EAs for optimization of op-amp in 0.18 µm CMOS technology 

with PVT variations 

Algorithm 𝑴𝒊𝒏𝒇 𝑴𝒂𝒙𝒇 𝑴𝒆𝒂𝒏𝒇 𝑺𝑫𝒇 𝑰𝒕𝒆𝒓𝒂𝒗𝒈 𝑭𝑬𝒂𝒗𝒈 𝑺𝒓𝒂𝒕𝒆 𝑻𝒔𝒊𝒎 (s) 

DE 0.0 8.7e-1 4.0e-1 3.6e-1 90.10 2733 1 4828 

PSO 0.0 7.9e-1 1.8e-1 2.9e-1 90.20 2706 1 4480 

CS 0.0 2.4e-1 4.3e-2 7.1e-2 66.4 4014 4 5899 

CSPSO 0.0 9.9e-1 1.3e-1 2.9e-1 82 7410 2 11761 

 

The convergence graph of the CS, CSPSO, DE, and PSO algorithms for the optimization 

of two-stage op-amp in 0.18 µm CMOS technology with PVT-aware circuit optimization 

is shown in Fig. 5.3. It shows that the CS and CSPSO algorithms give lower average 
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fitness value for 10 runs with higher convergence speed compared to the PSO and DE 

algorithms. In PVT-aware circuit design procedure, due to different PVT corners, there 

may be a possibility of change in the fitness function value as compared to that achieved 

for the fixed state. So, the fitness function value may increase or decrease as observed in 

Fig. 5.2 and Fig. 5.3 due to the PVT variations.   

 
FIGURE 5.3: Convergence graph of different EAs for two-stage op-amp optimization in 0.18 µm 

CMOS technology with PVT variations 

 

5.4 Summary 

 

In this chapter, the focus is set on the PVT-aware circuit optimization to find a design 

which meets the desired specifications across all the user-defined PVT corners. DA and 

two-stage op-amp circuits with different 27 PVT corners are optimized for the targeted 

specifications in 0.18 µm CMOS technology by different metaheuristic EAs. The 

performance of each EA is also compared for the PVT-aware design of DA and two-stage 

op-amp circuits. The CS and CSPSO algorithms are also highly reliable and give accurate 

results compared to the PSO and DE algorithms for the PVT-aware circuit optimization 

process. 
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CHAPTER-6 

 

6 Conclusions and Scope of Future Work 

 
6.1 Conclusions 

 

In this research work, the DE, PSO, and CS algorithms are analysed and implemented 

using the C programming language. The performance of each algorithm is evaluated 

using different ten standard unimodal and multimodal benchmark functions. To exploit 

the benefits of the CS and PSO algorithms, the hybrid CSPSO algorithm is implemented 

and evaluated. The application and impact of the CS and hybrid CSPSO algorithms are 

presented to optimize the basic building blocks of an analog CMOS IC such as voltage 

divider, triple cascode current mirror, three-stage current starved VCO, common-source 

amplifier, cascode amplifier, DA with a current mirror load, two-stage op-amp, FOTA, 

and Miller OTA. Each circuit is optimized by the CS, hybrid CSPSO, PSO, and DE 

algorithms for 10 independent runs with different random seeds.   

 

For the optimization process of the triple cascode current mirror circuit, the success for 

the CS algorithm is 20 %, for the hybrid CSPSO algorithm is 10 %, whereas the PSO and 

DE algorithms could not achieve success even for a single time to obtain all the targeted 

specifications. The hybrid CSPSO and CS algorithms achieved 40 % success and 20 % 

success respectively for the optimization of the three-stage current-starved VCO, whereas 

the PSO and DE algorithms could not attain success for the fulfilment of all the desired 

specifications. The success for the optimization of the cascode amplifier circuit is 100 % 

for the CS, hybrid CSPSO, and DE algorithms, whereas for the PSO algorithm is only    

10 %. The CS and hybrid CSPSO algorithms achieved 100 % success for the optimization 

of the DA with a current mirror load circuit for both 0.35 µm CMOS technology as well 
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as for 0.18 µm CMOS technology. For the optimization of the two-stage op-amp circuit 

with 0.35 µm CMOS technology, the success for the CS and hybrid CSPSO algorithms is 

100 %, whereas the DE and PSO algorithms failed to achieve all the targeted 

specifications for all 10 runs with 0.35 µm as well as for 0.18 µm CMOS technologies. 

The success rate achieved for the optimization of the FOTA and Miller OTA is higher for 

the CS and hybrid CSPSO algorithms compared to the DE and PSO algorithms. The CS 

and hybrid CSPSO algorithms are more consistent than the DE and PSO algorithms in 

finding the targeted specifications for almost all the optimized circuits. The experimental 

simulation results for the standard benchmark functions and the optimization of CMOS 

based analog circuits show that the CS and hybrid CSPSO algorithms are highly reliable 

and outperform both the DE and PSO algorithms.  

 

PVT variations are also considered for the robust design of DA and two-stage op-amp 

during the optimization process. This methodology of analog circuit design simplifies the 

design process due to fine-tuning, verification, and optimization of the circuit 

functionality over the PVT corners are automated. This design methodology of the analog 

circuit is also easy and effective compared to the manual design methodology, even 

though the circuit designer does not have detailed knowledge of a given circuit. This work 

justifies the effectiveness of the automation for CMOS based analog circuit design which 

can be extended to achieve a practical solution for complex analog modules.  

 

6.2 Scope of Future Work 

 

In the area of analog circuit design automation, the exploration is continuously existing 

and dynamic. There is yet, a surely long way to end with the design gap between the 

enhancement in manufacturing productivity and the growth in productivity attained by 

CAD tools and design methodologies. Based on this work, there are some 

recommendations and potential research directions that extend this work as the scope of 

future work. The suggestions for future research are given as per the following: 

 

 To develop an intuitive Graphical User Interface (GUI) for this work, allowing the 

designer to manage and interact with the design automation process. 
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 To develop a completely analog circuit design automation environment linking the 

presented system with automatic topology selection and chip layout generation 

modules. The merger of layout information with the optimization sizing process 

improves the robustness and consistency of the design solutions. 

 Other nature-inspired EAs can be explored for analog circuit design automation 

and evaluate their performance.  

 This methodology can also be applied to optimize other circuits and can be 

inserted into any electronic CAD software. 
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