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Abstract 

 

The increased complexity in VLSI cell placement due to increase in number of transistors requires 

the application of various heuristic approaches including evolutionary approaches for obtaining 

better results. Evolutionary approaches are able to produce high quality placement solutions for 

standard cell circuits in comparison to other sophisticated algorithms. This work proposes an 

algorithm named, Evolutionary Approach for Standard Cell Placement problem (EASCP). The 

proposed algorithm follows a variant of genetic paradigm where a trial value is associated with each 

candidate solution of the population to improve the quality of solution by replacing the abandoned 

solutions. With a key feature of exploring the solution space, the proposed EASCP uses a repository 

for keeping track of the best solutions per generation, thereby, exploiting the solution space. The 

algorithm was simulated on test circuits. The experimental results obtained a layout with better 

wirelength in comparison to simple genetic algorithm at the cost of fractional increase in runtime.  
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CHAPTER 1 

INTRODUCTION 

 

VLSI refers to a technology through which it is possible to implement large circuits in silicon i.e. 

circuits consisting of large number of transistors. The VLSI technology has been successfully used 

to build microprocessors, signal processors, systolic arrays, large capacity memories, memory 

controllers and interconnection networks. The complexity of VLSI being designed and used 

nowadays has made the manual approach of design impractical hence making design automation 

crucial. With the rapid development of technology in the last two decades, the status of VLSI 

technology is described by the following characteristics [8]: 

 There has been an increase in the size and functionality of the integrated circuits. 

 The feature size is reduced and the speed of operation is increased. 

 The probability of predicting the circuit behavior is improved. 

With the increase in the complexity of the circuit, it is not very essential to save on transistors; the 

cost reduction through logic minimization is likely to be insignificant when the total number of 

transistors is in order of a million. On the other hand, it is essential to save on interconnection 

costs, since wires are more expensive in VLSI than transistors. This whole technology of VLSI 

goes through many phases.  

 

1.1 Phases of VLSI Design Process 

The various phases of VLSI design are shown in figure 1.1. Architectural Design is carried out by 

expert engineers and it affects the cost and design of the chip considerably. In logical design, the 

architectural description is mapped into logic components generally gates (OR, AND, NOT etc.) 

that are connected to each other. Physical design of a circuit is the phase that precedes the 

fabrication of a circuit. Based on the logical design, a physical design description is generated. 

Physical design is the process of converting the specification of a circuit into the geometric 

description of a layout [6]. Due to the large number of components, physical design is an 

exceptionally complex process [7]. It is usually broken down into a number of stages, such as 

partitioning, placement and routing. In general, partitioning divides a large system into a set of 

small subsystems. Placement is done by placing the modules on the chip by satisfying certain 

constraints and finally routing determines how the wires will connect the modules. 
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Figure 1.1 [8] Various Phases of VLSI Design Process  

The proposed research work focusses on the problem of Standard Cell Placement in VLSI physical 

design. The cell placement problem is to position the modules on the real-estate such that some 

form of objective function is minimized. The objective function for the problem is generally one or 

several of the following: minimize estimated length of longest wire, minimize estimated sum of 

wirelength, minimize time delay or minimize layout area.  

 

1.2 Basic Terminology 

Some of the basic terminology [8] used in the work is discussed in this section. 

A cell is a basic building block that is used to build larger circuits. A cell is generally a combination 

of multiple input gates and flip flops. The term standard cell refers to those cells whose design has 

been standardized in some manner. The cells may have a standard height or a standard pin structure. 

A net is defined by a collection of pins that must be electrically connected. A netlist is a list of all 

nets in the circuit. There may be weighted nets in the circuit. The weighted nets are indicated in the 

net list of the circuit where a positive weight is associated with each net that defines the magnitude 

of criticality of the net. The circuit specifications of a netlist have to be converted into a 

connectivity matrix. Consider the following circuit in figure 1.2 as an example circuit.  
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Figure 1.2 Example Circuit 

This circuit has three inputs as A, B and C. There are three AND gates namely AND1, AND2 and 

AND3. The output of three AND gates is passed to one OR gate (OR1) that generates the final 

output Z. For this circuit, a connectivity graph is generated as shown in figure 1.3. The connectivity 

graph is more simple and convenient to work with than the original netlist.  

 

Figure 1.3 Connectivity Graph for the Circuit 

The nodes represent the modules, input pads and output pads and the edges represent the 

connections among them. After the connectivity graph, a connectivity matrix is constructed. 

  

Nodes/ 

Nodes 

1 2 3 4 5 6 7 8 

1 0 0 0 1 0 1 0 0 

2 0 0 0 1 1 0 0 0 

3 0 0 0 0 1 1 0 0 

4 1 1 0 0 1 1 1 0 

5 0 1 1 1 0 1 1 0 

6 1 0 1 1 1 0 1 0 

7 0 0 0 1 1 1 0 1 

8 0 0 0 0 0 0 1 0 

Figure 1.4 Connectivity Matrix 
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This matrix is an n x n matrix where n is the total number of nodes in the graph. The connectivity 

matrix is symmetric such that  

cij = cji               where  i, j = 1, 2,…, n 

The matrix contains the values 0 and 1. The value 1 indicates that there exists a connection between 

the corresponding modules and the value 0 indicates that there is no connection. The connectivity 

matrix is shown in figure 1.4. 

 

1.3 Need for Heuristic Methods for Standard Cell Placement Problem  

The work focusses on solving the problem of Standard Cell Placement in VLSI physical design 

process. The placement of cells such that the total wirelength is minimized is an NP-complete 

problem [11]. NP-complete problems are very hard to solve and could not be solved in polynomial 

time [2]. The number of cells to be placed is very large in number. Therefore, it is not feasible in 

this case to take into account the basic brute force method of considering all the placements and 

then selecting the best one. For such problems that would take years to complete when exact 

methods are applied, metaheuristics are needed. For combinatorial optimization problems (for 

which it is known that a polynomial time solution exists but is not practical), metaheuristics are 

required. It means some advanced heuristic techniques are required that could be applied on such 

problems to evolve towards a better solution. Though these techniques do not promise the best 

solution to the problem, yet they generate an optimal good solution that could evolve to a better 

solution. 

The problem of Standard Cell Placement has been widely studied by the researchers since the last 

few decades and a number of metaheuristic techniques have been developed for solving the cell 

placement problem [3], [4], [5]. One of the approaches in metaheuristics for solving Standard Cell 

Placement (SCP) problem is an evolutionary approach. Evolutionary Algorithms (EA) are a class of 

stochastic optimization methods that simulate the process of natural evolution [9]. Though these 

algorithms have a simple underlying principle, yet they are robust, efficient and powerful for 

solving combinatorial optimization problems. Some of the popular evolutionary algorithms are 

Artificial Bee Colony (ABC) algorithm, Bat algorithm, Genetic Algorithm (GA), Particle Swarm 

Optimization (PSO). These algorithms have shown good results and some of the hybrid approaches 

using these algorithms have shown better results.  

The most common approach used by the researchers is genetic algorithms for solving SCP. Various 

versions of genetic approach have been used to solve the placement problem that has shown 
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improved results. However, the main problem with evolutionary approaches is that the solution 

space is not explored fully and the solution may get stuck in local optima. The proposed work 

focusses on this problem issue to explore the solution space fully. 

 

1.4 Outline of the Thesis 

The further organization of the thesis is as follows. There are four remaining chapters: 

 

Chapter 2. Literature Survey 

In this chapter various techniques to solve standard cell placement problem using evolutionary 

approaches have been presented discussing their limitations and literature survey with relevance of 

the research work has been highlighted. Also, this chapter discusses the various research papers 

related to the work that have been studied and research gaps in the previous work. This chapter is 

the motivation of this research work. 

Chapter 3. Problem Statement 

This chapter gives the problem definition for standard cell placement discussing the various 

wirelength estimation methods. 

Chapter 4. Work Done   

This chapter is the backbone of this research that contains all the functions and algorithms that have 

been developed for this study. The proposed evolutionary algorithm with the fitness function is 

explained in this chapter. The chapter presents the data sets that include sample circuits with results. 

Various tables and graphs have been included in this chapter that gives the proof of this research 

work.  

Chapter 5. Conclusion and Future Scope 

This chapter is devoted for the discussion with conclusion and the extension of this research work. 

 

1.5 Summary 

The chapter gives the introduction about the background of the topic and the also discusses the 

basic terminology related to the topic. The intensity and depth of the problem was presented and the 

need to develop the heuristic approaches for solving SCP was discussed. The outline of the thesis 

was presented that briefly describes the organization of the thesis. 
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CHAPTER 2 

LITERATURE SURVEY 

 

2.1 Introduction 

The standard cell placement problem is to place the cell modules on a fixed size chip such that 

certain constraints are fulfilled. Cell placement has been a crucial stage in VLSI physical design 

process and has been studied since many decades. Cell placement is an NP-complete problem, and 

thus, it cannot be solved in polynomial time [13]. Trying to get an exact solution by brute force 

techniques in order to find the best solution would take time proportional to the factorial of the 

number of cells. Hence, it is not possible to use this method for circuits with any reasonable number 

of cells. Searching through a large number of candidate placement configurations efficiently 

requires heuristic algorithms. The heuristic techniques find a good placement with wirelength close 

to the minimum, but with no guarantee of achieving the absolute minimum [12]. Various heuristic 

techniques including the evolutionary approaches have been developed for such combinatorial 

optimization problems.  

 

2.2 VLSI Standard Cell Placement 

Standard cells are logical modules having fixed heights and varied widths. These cells are placed in 

rows with routing channels between rows used for interconnects [1]. For a given circuit, consisting 

of a set of cell modules and a net list giving the interconnections between these modules, the 

standard cell placement problem is providing a layout giving the positions of the cell modules in 

parallel rows such that all the nets are interconnected using wires and the total layout area is 

minimized [10]. 

An acceptable placement is the one that is physically feasible i.e. the cells do not overlap with each 

other, they are placed within the boundaries and the cells should be restricted to rows in 

predetermined locations. The cost function in SCP is the sum of the total wire length (which is a 

widely used measure of the quality of placement) and other constraints such as number of crossings 

of sensitive nets, total unused space at the end of each row, total chip area, time delay etc. However, 

the main objective of a placement algorithm is to determine a feasible placement with the minimum 

possible cost. To illustrate the above points, an example circuit is shown in figure 2.1.  
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The figure shows an electrical circuit containing 8 functional standard cells. The functional area for 

the cells in a placement remains same; it is the wiring area that changes with placement. 

 

Figure 2.1 Example of a Simple Circuit 

The input for the SCP problem consists of a set of cell modules and a netlist. The output is a layout 

giving the cell positions. Figure 2.2 and 2.3 shows two placements for the circuit shown in figure 

2.1 with wirelength 10 and 12 respectively. The optimal placement would be the one having 

minimum wirelength. 

                                                         

Figure 2.2 2-D Placement (Wirelength = 10)                      Figure 2.3 2-D Placement (Wirelength = 12)                                                                                         

2.2.1 Cell Placement Algorithms 

There are a number of placement algorithms. These algorithms have been broadly classified as 

follows: 

 Constructive Algorithms: In these algorithms, a placement is built from the scratch and once 

the cell position is fixed, it is not modified anymore. Typically, a random seed module is 

selected and placed in the chip layout area. Then other modules are selected one by one in order 
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of their connectivity to the placed modules and are placed close to the already placed modules 

such that the total estimated wirelength is minimized. Such algorithms are generally fast in 

nature but they produce poor layouts. These algorithms are therefore used for generating an 

initial placement for iterative improvement algorithms [1]. The main reason for their use is 

their speed. Min-Cut Placement algorithm is an example of constructive algorithm. 

 Iterative Improvement Algorithms: These algorithms are used to change intermediate 

placements in order to improve the cost function. Iterative improvement algorithms generally 

produce good placements but require large computation time. The basic iterative improvement 

approach interchanges randomly selected pairs of modules and accepts the interchange if it 

results in a reduction in cost [23]. The algorithm halts when there is no further improvement of 

placements in terms of cost function during a given large number of trials. Some of the popular 

iterative improvement algorithms include simulated annealing and genetic algorithms [1].  

 

2.2.2 Related Study 

The research work in [1] discussed the various issues in VLSI cell placement techniques. The 

authors presented a comprehensive survey of the various cell placement techniques emphasizing on 

standard ce11 and macro placement. Five major algorithms for placement were discussed namely, 

simulated annealing, force-directed placement, placement by numerical optimization, min-cut 

placement and evolution-based placement. 

The work presented in [14] was focused on modern VLSI design challenges and complex 

placement constraints. The authors presented example techniques to handle the challenges coming 

from large-scale mixed-size circuit designs with the wirelength optimization. 

The authors in [15] discussed the research studies that address various aspects of global and 

detailed placement in VLSI design. The survey of the history of placement research, the progress 

achieved so far in the field and the outstanding challenges in VLSI was also described in the work. 

The authors addressed various issues in cell placement including wirelength estimation methods 

(HPWL), timing and power-driven placement etc. in the work.  

 

2.3 Evolutionary Algorithms 

Evolutionary Algorithms (EAs) are a population-based type of optimization algorithm that mimic 

the image of natural biological evolution and are used to solve complex problems. These algorithms 

use biological principles namely selection, crossover, mutation and survival of the fittest [16]. 
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Evolutionary algorithms operate on a population of probable solutions, applying the principle of 

survival of the fittest to produce better approximations to a solution. In evolutionary algorithms, 

natural selection is simulated by a stochastic selection process. Each candidate solution is provided 

a chance to breed a certain number of times dependent on their quality. Quality is thus assessed by 

evaluating the individuals and assigning them scalar fitness values.  This process leads to the 

evolution of populations of individuals that are better suited to their environment than their parents 

similar to natural evolution. In an EA, a number of artificial creatures search over the space of the 

problem. They compete repeatedly with each other to find out optimal areas of the search space. It 

is hoped that over time the most successful of these creatures will evolve to find out the best 

solution. The EAs make a few assumptions regarding the fitness which is an advantage in 

comparison to other optimization methods [17].The working of evolutionary algorithms is shown in 

figure 2.4.  

 

Figure 2.4 [39] Problem Solution Using Evolutionary Algorithms 

 

2.3.1 Principles of EA 

The principles of the EA are discussed as follows: 

 Initialize population 

 A population of number of individuals is randomly initialized at the beginning of the 

computation producing the first generation. 

 Evaluation  

The objective function is then evaluated for the individuals in the initial generation. Fitness 

values of each solution candidates are computed using the objective function. 
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 Selection 

Selection refers to choosing the individuals for reproduction and number of offsprings each 

selected individual produces. Parents are selected according to their fitness by means of one of 

the following algorithms [39]:  

 roulette-wheel selection 

 local selection  

 stochastic universal sampling  

 tournament selection  

 truncation selection 

 Reproduction 

Reproduction produces new individuals by combining the information contained in the parents. 

Depending on the kind of representation of the individuals the following algorithms can be 

applied [39]:  

 Discrete reproduction 

 Real valued reproduction 

o intermediate  reproduction   

o line reproduction  

o extended line reproduction 

 Binary valued reproduction  

o single-point / double-point /multi-point crossover  

o uniform crossover 

o Cyclic crossover  

o PMX Crossover  

 Reinsertion 

After the offsprings are generated, they must be inserted into the population. This is especially 

important, if number of offsprings produced is less as compared to the size of the original 

population or when not all generated offspring are to be used at each generation or if more 

offspring are generated than needed. A reinsertion scheme determines which individuals should 

be inserted into the new population and which individuals of the population will be replaced by 

offspring.  

EAs could be used for multiobjective optimization because they are able to capture multiple optimal 

solutions in a single simulation run and may exploit similarities of solutions by recombination [9].  
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2.3.2 Characteristics of EA 

The various characteristics of EAs that distinguish them from other heuristic methods are as follows 

[39]:  

 Evolutionary algorithms carry the population search of points in parallel instead of a single 

point. 

 Evolutionary algorithms consider the objective function and corresponding fitness levels for the 

directions of search. They do not consider any kind of derivative information or other auxiliary 

knowledge unlike other heuristic methods. 

 Evolutionary algorithms use probabilistic transition rules for improving the solution space 

instead of deterministic ones.  

 Evolutionary algorithms can provide a number of possible solutions to a given problem leaving 

the final choice to the user. 

  

2.3.3 Related Study 

The work presented in [9] gave a short overview of the structure and basic algorithms of 

evolutionary approaches. Various issues in context with evolutionary approaches and principles of 

EA were discussed using various NP complete problems. The authors in this work compared and 

improved existing evolutionary approaches to multiobjective optimization. 

The authors in the work [19] discussed the probabilistic optimization algorithms based on natural 

evolution and compared evolution strategies, evolutionary programming and genetic algorithms 

with respect to certain characteristic components of EAs. Also the similarities and differences of the 

algorithms were elaborated in the work. 

The work in [20] focused on the description and detailed study of Genetic-Evolutionary Algorithms 

(GEA). The authors addressed various aspects on the use of GEA for real world problems and 

discussed the need for using GEA. The authors also suggested many of the good economic reasons 

beyond the design of competent genetic algorithms that would favor GEAs than other methods. 

The authors in the paper [21] offered an introduction to evolutionary programming and indicated 

relationship to other methods of evolutionary computation, especially, genetic algorithms and 

evolution strategies. The authors also mentioned the optimization performance of the techniques 

and extensions to include mechanisms of self-adaption. 

The research article [22] surveyed the history as well as the current state of the rapidly growing 

field of evolutionary computation. The authors described the purpose, the general structure, and the 
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working principles of different approaches, including genetic algorithms (GA), evolution strategies 

(ES) and evolutionary programming (EP) by analyzing and comparing their most important 

characteristics (i.e. representations, variation operators, reproduction and selection mechanism). 

The authors also gave a brief overview on the diversity of application domains.  

 

2.4 Genetic Algorithms 

2.4.1 Introduction 

Genetic algorithm (GA) is a famous stochastic optimization algorithm founded by Holland [29]. It 

simulates the evolutionary process of a population of individuals over time. The main 

characteristics of GA is the provision of a population, selection based on survival of the fittest, 

reproduction using crossover operator and mutation by incorporating random incremental changes. 

Genetic algorithms use a similar concept of reproduction and survival of the fittest to solve various 

optimization problems using various genetic operators. GAs work on a population of individuals 

called chromosomes that represent a possible solution to a given problem. The size of a population 

determines the amount of information stored by the GA. A fitness function is used to evaluate each 

individual's fitness value that measures the goodness of a solution to the problem. In each iteration, 

the algorithm breeds a population of individuals by applying genetic operators such as selection, 

crossover, inversion, and mutation. A new generation then evolves from the existing population 

hopefully with better solutions. Due to the stochastic selection process, good schemata are more 

likely to be inherited by the individuals of new generations. The fitness of the entire population is 

therefore improved over a number of generations [2]. The selection operator chooses members from 

the current generation for reproduction. The crossover operator on the other hand combines portions 

from the two parents to create two new offsprings. The mutation operator makes an incremental 

change to an individual to form a slightly new chromosome. Finally, the replacement operator 

decides which offsprings are going to replace which members of the current generation to create a 

new generation of individuals.  

 

2.4.2 Types of Genetic Algorithm 

Genetic Algorithms can be broadly classified into types based on the replacement strategy used: 

 Generational GA 

Generational GAs are generally used, where the new generation replaces the old one in each 

iteration [27].  
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 Steady State GA 

In a steady-state GA, every single iteration involves the application of one crossover or 

mutation operator and only one or two new individuals are added to the population by generally 

replacing the worst individuals [27]. The steady-state GA has a higher growth pressure on the 

promising individuals than that of a generational GA but it has a disadvantage as it is prone to 

stagnation [23].  

Figure 2.5 illustrates two different types of Genetic Algorithms: (a) a generational GA, and (b) a 

steady-state GA where the main point of difference lies in the replacement strategy.  

 

 

a) Generational GA      b) Steady State GA 

Figure 2.5 [23] Types of GA  
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2.4.3 Principles of GA 

The basic principles of a GA are discussed as follows: 

2.4.3.1 Encoding of a Chromosome 

The chromosome should in some way contain information about solution which it represents [13].  

 Permutation Encoding 

Permutation encoding is generally used in ordering problems namely, travelling salesman 

problem or task ordering problem. In permutation encoding, every chromosome solution is 

encoded as a string of numbers such that numbers are represented in a sequence. 

Chromosome A 9  7  5  2  6  4  3  1  8 

Chromosome B 4  1  9  7  2  3  5  8  6 

 Binary Encoding 

In binary encoding, every chromosome is represented in the form of strings of bits, 0 or 1. 

Chromosome A 010100101101101011100001 

Chromosome B 100110100000110001011101 

Binary encoding gives many possible chromosomes even with a small number of alleles.  

2.4.3.2 Selection 

Selection determines the individuals that are chosen for reproduction and number of offsprings 

produced by each selected individual. The most commonly used method of selection is Rank 

Selection. In this method, first ranking of the population is done and then every chromosome 

receives fitness from this ranking. The worst chromosomes will be assigned fitness 1, second worst 

2 etc. and the best chromosomes will be assigned fitness N (i.e. number of chromosomes in 

population) [31]. 

2.4.3.3 Basic Operators of GA  

The basic genetic operators of GA are discussed as follows: 

 Crossover 

Crossover combines genes from parent chromosomes in order to create a new offspring. The 

simplest way to perform a crossover is to choose randomly some crossover point; copy 

everything before this point from first parent and then copy everything after this crossover 

point from the second parent. 

“|” represents the crossover point in the following example. 
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Chromosome 1 11001 | 10100110110 

Chromosome 2 01011 | 11000011110 

Offspring 1 11001 | 11000011110 

Offspring 2 01011 | 10100110110 

There are other ways how to perform crossover which are far more complicated and efficient 

than discussed above. The type of crossover generally depends on encoding of the 

chromosome. Specific crossover made for a specific problem can improve performance of 

the genetic algorithm. There are many types of crossover which are discussed as follows: 

 

- Cycle Crossover  

The Cycle Crossover operator identifies a number of cycles between two parent 

chromosomes. In order to form Child 1, cycle one is copied from parent 1, cycle 2 is 

copied from parent 2, cycle 3 copied from parent 1 and so on [42]. Here's an example: 

Parent 1: 5 4 7 3 6 2 8 1 9 0 

Parent 2: 0 1 2 3 4 8 6 7 5 9 

Cycle 1 Values: 5 9 0 will be marked. 

Cycle 1: Starting with the first value in Parent 1 and dropping down to the same position in 

Parent 2. 5 Goes to 0. Then looking for 0 in Parent 1 and it is found at the 10th position 

where it is dropped down to 9.  Looking for this value in Parent 1 and it is found in the 9th 

position which further drops down to 5. Since it was started with 5, therefore, cycle is 

completed. 

Parent 1: 5 4 7 3 6 2 8 1 9 0 

Parent 2: 0 1 2 3 4 8 6 7 5 9 

Cycle 2 Values: 4 1 7 2 8 6 will be marked. 

Cycle 2: Starting with value 4 and dropping down to 1 which is found at the 8
th

 position in 

Parent 1 and then dropping down to 7. 7 Drops down to 2, 2 Drops down to 8, 8 drops 

down to 6 and 6 drops down to 4. Thus cycle 2 is completed. 

Parent 1: 5 4 7 3 6 2 8 1 9 0 

Parent 2: 0 1 2 3 4 8 6 7 5 9 

Cycle 3 Values: 3 

Cycle 3: The only possible cycle left is of length 1 and contains the value 3. 
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The offsprings are filled as: 

Parent 1: 5 4 7 3 6 2 8 1 9 0 

Parent 2: 0 1 2 3 4 8 6 7 5 9 

Copy Cycle 1: Cycle 1 values from Parent 1 are copied to Child 1 and values from Parent 2 

will be copied to Child 2. Cycle 2 will be different. 

Copy Cycle 2: Cycle 2 values from Parent 1 are copied to Child 2 and values from Parent 1 

will be copied to Child 1. 

Copy Cycle 3: Cycle 3 is like Cycle 1, Parent 1 goes to Child 1 and finally Parent 2 goes to 

Child 2. 

Child 1:  5 1 2 3 4 8 6 7 9 0 

Child 2:  0 4 7 3 6 2 8 1 5 9  

- Order Point Crossover 

Order point crossover is a simple permutation crossover in which a swath of consecutive 

alleles from parent 1 drops down and remaining values are placed in the child in the 

order which they appear in parent 2 [40]. 

Parent 1: 5 4 7 3 6 2 8 1 9 0 

Parent 2: 0 1 2 3 4 8 6 7 5 9 

Child 1:  0 4 7 3 6 2 8 1 5 9 

Step 1: Selecting a random swath of consecutive alleles from parent 1 represented by an 

underlined. 

Step 2: Dropping the swath down to Child 1 and marking out these alleles in Parent 2. 

Step 3: Starting on the right side of the swath, alleles from parent 2 are selected and inserted 

in Child 1 at the right edge of the swath. Since 5 is in that position in Parent 2, it is inserted 

into Child 1 first at the right edge of the swath. The alleles 1, 2 and 3 are skipped because 

they are marked out and 4 is inserted into the 2nd spot in Child 1. 

Step 4: For the second child from the two parents, Parent 1 and Parent 2 are flipped back 

and step 1 is repeated. 

- Partially Mapped Crossover (PMX) 

In partially mapped crossover operator two crossover points are selected randomly from the 

parent chromosomes to generate the offspring. The two crossover points give a mapping 
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selection which is used to affect a cross through position by position exchange operations 

[43].  

Example for PMX is as: 

 

Parent 1: 8 4 7 3 6 2 5 1 9 0 

Parent 2: 0 1 2 3 4 5 6 7 8 9 

Step 1: A random swath of consecutive alleles from Parent 1 to the Child 1 are copied. 

Parent 1: 8 4 7 3 6 2 5 1 9 0 

Parent 2: 0 1 2 3 4 5 6 7 8 9 

Child 1:  _ _ _ 3 6 2 5 1 _ _  

Step 2: Analyzing the values, it is found that '4' is the first value in the swath of Parent 2 

that isn't in the child. ‘6’ is identified as the value in the same position in Parent 1. The 

value 6 in Parent 2 is located and found that it is still in the swath. This step is repeated 

using 6 as the value. 

Parent 1: 8 4 7 3 6 2 5 1 9 0 

Parent 2: 0 1 2 3 4 5 6 7 8 9 

Child 1:  _ _ _ 3 6 2 5 1 _ _ 

Repeating Step 1: ‘5’ is found at the same position in Parent 1 and locating 5 in Parent 2. It 

also is in the swath so step 1 is repeated once more with value '5'. 

Parent 1: 8 4 7 3 6 2 5 1 9 0 

Parent 2: 0 1 2 3 4 5 6 7 8 9 

Child 1:  _ _ 4 3 6 2 5 1 _ _ 

Repeating Step 1:  ‘2’ is in the same position in Parent 1 and 2 is located in Parent 2 at the 

3rd position. Finally, a position in the Child for the value 4 from Step 2. 

Parent 1: 8 4 7 3 6 2 5 1 9 0 

Parent 2: 0 1 2 3 4 5 6 7 8 9 

Child 1:  _ 7 4 3 6 2 5 1 _ _ 

Step 3: '7' is the next value in the swath in Parent 2 that isn't already included in the Child. 

So, checking the same index in Parent 1 and '1' is found in that position. Next, checking for 

'1' in Parent 2 and it is found in the 2nd position. Since the 2nd position is not part of the 

swath, location for the value '7' is found. 
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Parent 1: 8 4 7 3 6 2 5 1 9 0 

Parent 2: 0 1 2 3 4 5 6 7 8 9 

Child 1:  0 7 4 3 6 2 5 1 8 9 

  Everything else from Parent 2 drops down to the child. 

  Mutation 

After a crossover is performed, mutation is performed on solutions to prevent all solutions in 

population getting trapped in local convergence of solved problem. Mutation changes the new 

offspring randomly. For binary encoding, a few randomly chosen bits from 1 to 0 or from 0 to 

1 could be swapped for generating a mutated offspring. Mutation can then be following: 

Original offspring 1 0101111000011110 

Original offspring 2 1101100100110111 

Mutated offspring 1 0100111000011110 

Mutated offspring 2 1101101100110111 

 

2.4.4 Basic Parameters of GA 

There are two basic parameters of GA namely, crossover probability and mutation probability. 

 Crossover Probability: This parameter defines ‘How often the crossover will be performed?’ 

Crossover is done with a goal that new chromosomes will have good parts of old chromosomes 

and hopefully the new chromosomes will be better.  

 Mutation Probability: This parameter defines ‘How often the parts of chromosome will be 

mutated?’ If there is no mutation, offspring is taken after crossover (or copy) without any 

change.  

Other Parameter 

Population Size: This parameter defines ‘How many chromosomes are in population (in one 

generation)?’ If the population is very less, GA has a few possibilities to perform crossover and 

only a small part of search space is explored. On the other hand, if the population is too large, GA 

slows down. 

 

2.4.5 Need for Hybrid Approaches with GA 

GAs are domain-independent stochastic search techniques [26]. The power of GAs comes from the 

fact that the technique is robust and can deal successfully with a wide range of problem areas. 
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Genetic Algorithms are fast as compared to other techniques that make them most widely held for 

solving standard cell placement problem. 

However, one disadvantage of GAs is that even though the solution space is explored properly, the 

solution may get stuck in local optimum. The solution space is not explored fully and the 

algorithms may give a solution that is not fairly good. However, for such problems, the genetic 

algorithms are combined with other heuristic techniques to form hybrid approaches that overcome 

the limitations of exploration capabilities of GA and thus form more efficient approaches giving 

better results. Besides, hybrid approaches, memetic algorithms have been developed that have 

improved the results. The hybrid approaches are generally developed with the algorithms that 

would improve the local search. The algorithms that are generally combined with GA to form 

hybrid algorithms include Simulated Annealing and Tabu Search.  

In order to speed up the search procedures for SCP, various parallel and island based genetic 

algorithms have been developed that have reduced the time required to produce efficient results 

than basic GAs. 

 

2.4.6 Related Study 

The work on standard cell placement using genetic algorithms started in 1990. Shahookar et al in 

[33] proposed a genetic algorithm to solve the standard cell placement problem. The proposed 

algorithm worked on a set of solutions constituting a constant size population. The authors 

implemented the algorithm by applying various crossover operators namely PMX crossover, cyclic 

crossover and order crossover. The experimental results showed that cyclic crossover outer 

performed in comparison to PMX and order crossover methods. The authors also incorporated 

mutation and inversion operator in the proposed algorithm. 

In the paper [34], the proposed algorithm applied transformations on the chromosomal 

representation of the physical layout instead of directly applying the transformations on physical 

layout. The work presented in this paper incorporated a Selection method that would select the cell 

having maximum area first and so on, and the crossover operator applied on every cell with cells 

having next higher, next lower and equal area. The algorithm used a Random Point crossover. 

The authors in [35] further extended their previous approach by incorporating meta-genetic 

algorithm. The meta-genetic algorithm is itself a genetic optimization process that executes the 

genetic algorithm to solve a placement problem and manipulates its parameters to optimize its 

fitness. The proposed work used the genetic operators with different rates and probabilities which 

led to the execution of GA with different parameters giving more efficient results. 
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The authors in the [36] proposed an optimization of hybrid and local search algorithms for standard 

cell placement problem. The work focused on investigating in detail the hybrid systems based on 

heuristic techniques including hybrids of HNN (Hopfield Neural Network) and GA (Genetic 

Algorithm) with SA (Simulated Annealing) & GA based PRSA algorithms. The authors first 

suggested HNN & GA hybrid system and then extended to SA & GA hybrid systems that used 

either a coupling mechanism or integrating the methods with their key features to develop a new 

method, Parallel Recombinative SA (PRSA) and proposed a solution representation and 

development of cross-over and neighborhood operators.  

The authors in the work [37] addressed the optimization of cell placement phase in VLSI design 

process and proposed a novel hybrid algorithm for performance and low power driven VLSI 

standard cell placement. The authors in the proposed work suggested the incorporation of fuzzy 

logic in the design of aggregating function rather than a single objective. Further the authors 

combined the better searching features of Tabu Search and parallel exploration capabilities of 

Genetic Algorithm to give an efficient hybrid algorithm.  

The authors in [38] proposed an approach that dealt with different constraints and objectives in one 

optimization step. The proposed algorithm used genetic algorithms with tree-structured genotype 

representation. The authors suggested hybrid algorithms for two constrained placement problems 

namely Facility layout Generation and VLSI Macro Cell Layout Generation. The suggested work 

used genetic algorithm with non-standard genotype representation for bottom up construction 

slicing tree for individual that considered all constraints.  

The author in paper [24] proposed a hybrid cell placement approach for low power VLSI standard 

cell placement based on two evolutionary approaches namely Tabu Search and Genetic Algorithm. 

The proposed approach and  GA was compared and the author concluded that the proposed 

approach outperformed genetic algorithm in terms of quality of final solution and CPU time. The 

proposed algorithm used the solution encoding in the form of 2-D grid.  

In the work [12], the authors proposed a memetic algorithm for standard cell placement. The 

suggested algorithm is a pure GA combined with tile-based local search in three different ways i.e. 

before crossover, after crossover and before and after crossover. As stated experimentally, the 

authors concluded that the amount of improvement of the quality of solution and decreased CPU 

time is enhanced by integrating GA with local search method. 

The authors in the work [32] presented the partial mapped crossover and cells exchange mutation 

operators in the genetic algorithm for standard cell placement problem. In the proposed algorithm, a 

heuristic initial placement approach along with methods of timely updating the coordinates of cells 
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were used in order to eliminate overlaps between the cells. The experimental results revealed 

improvement in placement results. 

The summary of all the papers related to genetic approaches applied on SCP is shown in table 2.1. 

 

2.5 Research Gaps           

The major drawback with work presented in [35] is the runtime of the algorithm. The time required 

for the evaluation of new configurations is very large that leads to less efficiency of the algorithm 

when the circuit size is very large. The hybrid approaches discussed [36], [37] , [38] include 

complex crossover operators and complex encoding schemes but these approaches still face the 

same problem as the basic GA; the population's diversity drops strongly and the GA gets stuck by 

creating almost only duplicates of a small set of leading candidate solutions called super-

individuals. The proposed algorithm in [34] incorporated the crossover operator that does not 

introduce much innovation thus leading to the formation of same individuals in every generation 

leading to premature convergence. Thus the population diversity is lowered and much precious 

CPU time is wasted. 

Besides the low efficiency of searching mechanism in genetic approaches, one common limitation 

that has been observed in the previous research work is that the algorithms employed do not keep 

track of the history of best solutions encountered so far in the search space. The solution in the 

search space is not exploited efficiently thus sometimes leading to the elimination of the best 

solution during genetic operations. 

 

2.6 Objectives of the Study          

In a situation of premature convergence and the increased runtime, it becomes very obvious that the 

heuristic search is not performing well, and something must be changed in the GA's setup. Keeping 

these points in mind, the following three objectives of the research work are set: 

 Detailed study of various genetic approaches that have been applied on standard cell placement 

problem for VLSI design. 

 Development of an algorithm using evolutionary approach for standard cell placement 

problem. 

 Comparison of the proposed algorithm with simple genetic algorithm approach in terms of 

wirelength and running time of algorithms. 
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Table 2.1 Summary of Genetic Approaches For SCP 

Author Name Year Proposed Technique Key Features 

K. Shahookar, P. 

Mazumder 

1990 Genetic Algorithm - Comparison of three crossover 

operators i.e. Order crossover, 

PMX and Cyclic 

- Cyclic crossover operator used. 

- Inversion operator used 

K. Shahookar, P. 

Mazumder 

1990 Genetic Algorithm using 

Meta-Genetic Parameter 

Optimization 

- Parameters of GA optimized 

- Genetic operators used at different 

rates in each execution of GA 

Volker Schnecke, 

Oliver Vornberger 

1997 Hybrid Genetic 

Algorithm 

- GA with tree-structured 

representation used 

- Bottom up construction of slicing 

tree for an individual used 

- Crossover operator is Gene Pool  

Recombination 

- Three mutation operators used 

Sadiq M. Sait, 

Mahmood R. 

Minhas 

2002 Novel Hybrid Algorithm - Fuzzy logic incorporated in 

aggregating function 

- TS + GA 

Mahmood R. 

Minhas 

2003 Evolutionary Cell 

Placement Technique 

- Tabu Search + Genetic Algorithm 

- Solution encoding in form of 2D 

grid 

Shawki Areibi, 

Zhen Yang 

2004 Memetic Algorithm - Pure GA + Tile Based Local Search 

- Local search called after crossover, 

before crossover and both 

Guofang Nan, 

Minqiang Li, 

Wenlan Shi, Jisong 

Kou 

2006 Improved Genetic 

Algorithm for Cell 

Placement 

- PMX crossover and cells exchange 

mutation operators 

- Elimination of overlaps between 

cells using initial heuristic 

placement approach 

- Objective Function simplified 

Aaquil 

Bunglowala,  Dr. 

B. M. Singhi,  Dr. 

Ajay Verma 

2009 Hybrid and Local Search 

Algorithms 

- Hopfield Neural Network + GA 

- SA + GA 

- PRSA included crossover and 

neighborhood operators  

Rini Mahajan, 

Amit Saxena, 

Baljit Singh Khera 

2010 Genetic Algorithm using 

various genetic operators 

- Selection Method: cell having 

maximum area selected first 

- Random point Crossover 

 

 



23 Evolutionary Approach for Solving Standard Cell Placement in VLSI Physical Design Automation 

 

2.7 Summary 

This chapter focusses on the standard cell placement problem and the various approaches developed 

by the researchers to solve this problem. This chapter serves the purpose of motivation of the 

research work. The detailed explanation of the background of VLSI cell placement techniques, 

evolutionary algorithms and genetic algorithms was discussed in this chapter along with a brief 

survey on the evolutionary approaches applied on SCP. The work discussed in the survey focused 

on various aspects of SCP discussing different genetic operator applied on different approaches; 

various objective functions of SCP were described not taking into account the orientation of cells, 

time delay and performance of circuits etc. The research gaps were highlighted and the objectives 

of the study were made clear in the chapter. The paper published for this chapter was:  

Jobanpreet Kaur and Maninder Kaur, “A Survey On Various Genetic Approaches for 

Standard Cell Placement,” International Journal of Computer Technology and Applications, 

Vol. 4, No. 3, pp. 533-536, June, 2013. 
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CHAPTER 3 

PROBLEM STATEMENT 

 

The cell placement problem in VLSI design is a crucial stage in the physical design process. For a 

given circuit consisting of a set of cell modules and a net list giving the interconnections between 

these modules, the standard cell placement problem is to arrange a layout that would indicate the 

positions of the modules in parallel rows such that all the nets are interconnected using wires and 

the total layout area is minimized. The total chip area includes two parts: the area required for the 

cell rows and the area required for routing of wires. Although there are a number of objectives in 

standard cell placement problem such as routability, low power, time delay, performance, the 

proposed research work is focused on the main objective i.e. minimizing wire length. 

 

3.1 Problem Description 

Given an electrical circuit consisting of cells, with predefined input and output terminals, 

interconnected in a predefined way, the Standard Cell Placement problem is constructing a layout 

indicating the positions of the cells, so that the estimated wire length and the layout area are 

minimized and other given constraints are satisfied. The inputs to the problem are cell description 

with sizes and terminal locations and the netlist defines the interconnections between the cells. The 

output list contains a list of x- and y- coordinates of the cells [23].  

Graph theory is used to model VLSI physical design problems including Standard Cell Placement 

[6]. A circuit can be represented by a hypergraph G (V,E) where the vertex set V = {v1,v2,…,vn} 

represent the set of cells to be placed and the edge set E = {e1,e2,…,en} represent the set of nets 

connecting the cells. Each edge ej is an ordered pair of vertices having a non-negative weight wj 

assigned to it. The placement problem is to assign all cells of the circuit to the predetermined 

positions on the chip such that cells do not overlap. Each cell i is assigned to a location (xi, yi) on 

XY plane. Minimizing the wire-length is approximately equivalent to minimizing the total chip area 

for the standard cell layout [33],therefore, the total cost of a placement layout, denoted  f (x, y), can 

be estimated by the sum of wire length over all nets [11]. 

 (   )   ∑     (     )
 
 (     )
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where (xi , yi) denotes the location of cell i; wij is a non-negative weight of the edge connecting cell 

i and cell j. The above formulation can be rewritten in the form of matrix as: 

 (   )   
 

 
        

    
 

 
        

     

Vectors x and y represent the coordinates of the N cells; matrix C is the Hessian matrix; vectors dx
T
 

and dy
T
 and the constant term t result from the contributions of the fixed cells. The solutions are 

evaluated based on the fitness value using a fitness function F: 

  
 

∑       
   

 

where HPWLi  is the estimated wire-length of the net i and n is the number of nets. HPWL is Half 

Perimeter Wire Length method used to estimate the total wire length. 

 

3.2 Wirelength Estimation Methods 

The wirelength can be estimated using any of the following methods: Half perimeter Wirelength 

Method (Semi Perimeter Method), Complete Graph, Minimum Chain and Steiner Tree 

Approximation, Source to Sink Connection method and Minimum Spanning Tree method [1]. Since 

at the placement stage, detailed routing is not available and the exact total wire length of the layout 

cannot be obtained, therefore, the Half-perimeter method is commonly used to estimate the total 

wire-length. HPWL is an efficient and widely used approximation to estimate the wirelength of a 

net. The method consists of finding the smallest bounding rectangle that encloses all the pins of the 

net to be connected. The estimated wirelength of the interconnections is half the perimeter of this 

bounding rectangle. That is, 

∑      

      

  ∑
  

 
      

   ∑        

      

         

             

where pi denotes the perimeter of net i; spanxi and spanyi denotes the vertical and horizontal spans of 

net i's bounding box respectively.    

  

3.3 Summary 

This chapter describes the problem statement for standard cell placement in context with the graph 

theory. The fitness function for the problem was defined and the wirelength estimation method 

(Half Perimeter Wire Length) was discussed.       
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CHAPTER 4 

WORK DONE 

 

The standard cell placement problem has been widely studied by the researchers and various 

algorithms have been developed. One of the most efficient approaches for solving SCP is 

evolutionary approach that is a population-based type of optimization algorithm and mimics the 

behavior of natural biological evolution. The work proposes a variant of an evolutionary approach 

for solving standard cell placement (EASCP) that explores the solution space and memorizes the 

best solutions of every generation thus exploiting the best solutions. A detailed explanation of this 

approach is given below. The results obtained from experimental analysis are also presented in 

form of tables and graphs. 

 

4.1 Methodology           

The proposed work follows a genetic paradigm for solving standard cell placement (EASCP) 

problem where a trial value is associated with every solution in the population. The trial value of an 

individual is modified based on its capability to generate a better offspring thus giving a chance to 

the individual solutions to generate better offsprings.  

The initial population is randomly generated and all the individuals are paired to form parents for 

crossover. After the application of order point crossover, if the offspring generated has worse 

fitness value than its parents, the trial value of the parent solution is incremented by 1 but for the 

vice-versa case, the trial value for the parents remain same and the trial value of newly generated 

offspring is set to 0. The best solution in every generation is memorized and stored in a repository 

thus keeping track of the best solution generated so far. The process is repeated for a set of 

generations and all the individuals whose trial value exceeded a certain limit are discarded and the 

population is flushed with new distinct solutions. The block diagram for the working of EASCP is 

shown in the figure 4.1. The proposed algorithm EASCP has a number of advantages over other 

existing techniques. The problem of premature convergence is dealt with by allowing the parent 

solutions to reproduce better solutions. If the parent solutions are not able to generate better 

solutions, they are discarded and new distinct solutions are allowed to enter the process. Thus the 

probability of GA getting trapped in local optima is reduced. Also the running time of algorithm is 

improved as same solutions are not evaluated again and again. 
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Figure 4.1 Block Diagram Showing Working of EASCP 

 

4.1.1 Description of EASCP Algorithm: 

The basic components of the algorithm are described in table 4.1. 

Table 4.1 Basic Components of Algorithm 

Symbol 

Representation 

Meaning of Symbols 

N Total number of cell modules in the circuit 

Nnets Total number of nets in the circuit 

Gen Current generation 

P Total number of population 

MAXGEN Maximum number of generations 

 

Pseudo Code for the algorithm is as follows: 

 Step 1. Generate an initial population of size P randomly with a set of feasible solutions. 

Step 2.  Read the input files (netlist files and the cell library files) and assign the parameter values to    

the variables. The cell positions for the initial population are assigned by considering the 

parameters of cell library files.  

Step 3. Determine the fitness value of each solution in the population using the Half Perimeter   

Wirelength (HPWL) method since detailed routing is not available at the placement stage. 

The perimeter (pi) of a net i is calculated using the sum of horizontal (spanxi) and vertical 
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spans (spanyi) of net i’s bounding box [11]. The fitness function is the inverse wirelength. 

More the fitness value less is the wirelength. The fitness value is maximized in the 

algorithm. 

∑      

      

  ∑
  

 
      

   ∑        

      

         

 

   
 

     
 

Step 4.  Pair the chromosomes in the population with each other such that order crossover    

operation is applied to generate two offsprings. 

Step 5. Perform mutation on the generated offsprings by inverting the cell positions at random 

points. The crossover and mutation operations are applied on the whole population at once 

to generate a new population from the existing population. 

Step 6. Assign the fitness value and the cell positions for the generated offsprings using the 

parameters cell height and cell width of the cells. The two most fitted individuals among 

the parent and the child solutions form a part of the population whereas the rest two are 

discarded. 

Step 7.  At the end of every generation, the best solution in the generation is memorized and stored 

in the repository and before incrementing the generation, a check for duplicate individuals 

in the population is done. In case of duplicity, solutions are randomly generated iteratively 

until population is filled with distinct solutions. 

Step 8.  After a population is generated, the trial values will be changed for a set of solutions. If a 

parent solution produces an offspring with a worse fitness value, its trial value will be 

incremented by 1 and the parent solution will become the part of the next generation 

population. For the vice-versa case, the trial value will remain unchanged giving a chance 

to the child solution to be inserted in the next population. 

Step 9.  The trial value of the individuals is evaluated after every generation. If the trial value of a 

particular individual exceeds a certain limit, then that individual is removed from the 

population and is replaced by a randomly generated distinct solution in the population. 

Step10. After a repeated number of generations, the best solution amongst the best solutions of 

every generation is chosen as the final solution from the repository. 
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4.2 Experimental Setup 

This section illustrates the sample circuit used for simulating results of the algorithm, the basic 

configurations of the input file of the circuit and some general aspects of the setup. 

 

4.2.1 Problem Instance 

The experimental results presented in subsequent section were generated using a test circuit. This 

test circuit contains the configurations of 10 cell modules that need to be placed on a fixed size chip 

(dimensions provided) such that the wirelength is minimized. The input file of the test circuit is 

shown in figure 4.2.  

 

Figure 4.2 Input File for the Test Circuit 

The input file of the test circuit is interpreted as follows. The first element in the file in file i.e. 100 

represents maximum row length. The next elements in the first row correspond to number of cells, 

number of nets, cell height and channel height respectively. The data from 2
nd

 row to 11
th

 row 

assigns the weights to corresponding nets. The data from 12
th

 row to 21
st
 row provides the 

information regarding the interconnections between the cells and the cell widths of each cell 

(represented by a unique cell number). 

 

4.2.2 Initialization of Parameters 

The parameters namely Crossover Probability (Rc), Mutation Probability (Rm) and Population Size 

(P) need to be assigned fixed values as their values determine the efficient execution of the 

algorithm. The algorithm was implemented using crossover rate, Rc = 0.66, mutation rate, Rm = 

0.01 and P = 10.   
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4.3 Simulation Results and Discussions 

The work is carried out by writing code in Turbo C on Windows 7 platform and running on an 

Intel®  Core™ 2Duo (2.10 GHz) machine with 2 GB memory. The EASCP algorithm was 

implemented in C language using test sample circuits. The simulation was carried on six test 

circuits with a maximum nodes of 15 and maximum nets 13. The number of generations for which 

the algorithm was executed was 20. 

The results of the experiments are reported in Table 4.2. The optimum values of the fitness values 

(inverse of wirelength) in table 4.2 shows a variation between the two algorithms. The EASCP 

shows better results in terms of the quality of solutions. The CPU time for the two algorithms is 

comparable for circuits having larger nodes. The decrease in time is due to the reason that the 

individuals with limited trial values are discarded and are not explored repeatedly.  

 

Table 4.2  Comparison of Basic genetic Algorithm and the Proposed Evolutionary Algorithm based on the 

minimum and average fitness and CPU time (in seconds) 

Circuit No. of 

Nodes 

No. of 

Nets 

Basic Genetic Algorithm  

 

Proposed Evolutionary Algorithm 

(EASCP) 

Maximum 

Fitness 

Average 

Fitness 

CPU Maximum 

Fitness 

Average 

Fitness 

CPU 

Sample1 10 10 0.000315 0.000275 0.22 0.000560 0.000370 0.28 

Sample2 14 10 0.000564 0.000448 0.20 0.000782 0.000540 0.21 

Sample3 12 7 0.001091 0.001000 0.17 0.001182 0.001046 0.19 

Sample4 15 13 0.000724 0.000587 0.26 0.000965 0.000787 0.26 

Sample5 10 6 0.000659 0.000597 0.25 0.000861 0.000688 0.27 

Sample6 12 10 0.000491 0.000443 0.18 0.000516 0.000494 0.21 

 

The wirelength can be calculated using the fitness value as wirelength is the inverse of fitness 

value. Thus for sample 1, the minimum wirelength for the basic GA and EASCP comes out to be 

2857 and 1786 respectively. 
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The comparison of the performance of the two algorithms in terms of average fitness values and 

maximum fitness values is shown in the form of column charts in figure 4.3 and figure 4.4.  

 

 

Figure 4.3 Comparative Results of Simple GA and EASCP 

 Based on Average Fitness Value (1/Wirelength) 

 

 

Figure 4.4 Comparative Results of Simple GA and EASCP  

 Based on Maximum Fitness Value (1/Wirelength) 
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The graphs depict clearly that the EASCP gives better average wirelength in comparison with the 

basic GA producing better placement results and the figure 4.5 depicts that the CPU time for 

EASCP is comparable for circuits with large number of nodes. 

  

 

Figure 4.5 Comparative Results of Simple GA and EASCP  

Based on CPU Time and No. of Nodes 

 

4.4 Snapshots   

The EASCP algorithm is implemented in Turbo C, the snapshots of which are shown below: 
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4.5 Summary 

This chapter presented an algorithmic approach for standard cell placement problem combining 

features of evolutionary approach with the limited trials of the solutions that further breeds the next 

population based on the trial values, hence avoiding the algorithm getting trapped in local 

convergence. The experimental setup was discussed giving the details of the benchmark on which 

algorithm is simulated. The experimental results were discussed and the comparative results were 

shown in form of graphs. The snapshots of the implemented algorithm in Turbo C were also 

presented. The paper published for this chapter was: 

Jobanpreet Kaur and Maninder Kaur, “Solving Standard Cell Placement Using Evolutionary 

Approach,” International Journal of Computer Applications and Information technology, 

Vol. 2, No. 3, June, 2013.  
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CHAPTER 5 

CONCLUSION AND FUTURE SCOPE 

 

5.1 Conclusion 

The exponentially increase in the number of transistors on modern VLSI circuits causes the 

placement problem to be extremely complex thereby increasing the time to obtain acceptable 

solutions, especially for large circuits. Moreover, with advanced sub-micron technologies, the 

interconnect delay affects the circuit delays and becomes an important factor in determining the 

speed of a chip. These issues emphasize the importance of the placement problem. Therefore, 

effective and efficient placement techniques are necessary to deal with these new challenges. 

Evolutionary approaches have been widely used by the researchers for solving SCP problem. 

However, one disadvantage of these approaches is that they undergo premature convergence. 

Various hybrid approaches have been developed to counteract premature convergence and improve 

the running time of algorithm. 

This work proposed an evolutionary approach developed for solving SCP problem that included the 

features of basic genetic algorithm and the limited trials of the solutions that further breeds the next 

population based on trial values to ensure a reasonable diversity in population. The methodology 

presented explained the basic working of the proposed algorithm and explained that how the 

proposed technique could explore the solution space effectively. The proposed algorithm 

incorporated Order Point crossover of the entire population leading to an entirely new population. 

The solution can remain in population as long as their trial value is less than equal to 3 i.e. at the 

maximum three chances would be given to the candidate to produce better offsprings. The values of 

the basic parameters were fixed and then the algorithm was simulated for 20 generations with 

population size 10. The experiments were conducted on sample benchmarks to evaluate the extent 

of improvement of results. The experimental results showed that the EASCP algorithm gave better 

results than basic GA in terms of wirelength. However, the running time of EASCP was more than 

that of basic GA but it was comparable for circuits having large number of nodes. The decrease in 

running time for circuits with larger nodes was due to the reason that the candidates with limited 

trial values were discarded and were not explored repeatedly. 
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5.2 Future Scope 

The proposed EASCP algorithm can be further enhanced by not allowing the revisits of already 

generated solutions thereby, improving the running time of the algorithm. Candidate solutions are 

in general revisited a number of times, thus, lowering diversity and wasting valuable CPU time. 

Although the proposed algorithm discards the solutions after a number of trials, yet those solutions 

are sometimes regenerated after crossover, thus revisited and evaluated multiple times. Such 

reconsiderations of the same candidate solutions may degrade performance substantially by wasting 

precious computation time. Rejecting candidate solutions that are already generated would improve 

the situation and increase performance in terms of computation time. 

The current approach is implemented in Turbo C. In order to use the same approach for very large 

circuits whose configurations cannot be supported by data types of C, the algorithm can be 

implemented using MATLAB software.  

 

5.3 Summary 

This chapter concludes the entire thesis work discussing the need of the proposed approach for 

standard cell placement, brief overview of the proposed algorithm and its advantages and 

disadvantages. This chapter also proposes the future work that could be done for the enhancement 

of the algorithm. 
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