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   Abstract: In the present Grid computing environment, the scheduling approaches for resources only focus on the current 

state of the entire system. Most often they fail to consider the system variation and historical behavioral data which causes 

system load imbalance.  To present a better approach for solving the problem of resource scheduling in a Grid computing 

environment, this project demonstrates a genetic algorithm based resource scheduling strategy that focuses on system load 

balancing. The genetic algorithm approach computes the impact in advance that it will have on the system after the new 

resource is deployed in the system, by utilizing historical data and current state of the system. It then picks up the solution, 

which will have the least effect on the system. By doing this it ensures the better load balancing and reduces the number of 

dynamic migrations. The approach presented in this project solves the problem of load imbalance and high migration 

costs. Usually load imbalance and high number of migrations occur if the scheduling is performed using the traditional 

algorithms. 

 
   Keywords- Computational grid, Fault tolerance, Job scheduling, Load balancing. 

 

I. INTRODUCTION 

Computational grid is an aggregation of geographically distributed network of computing nodes specially 

de-signed for compute intensive applications. GRID computing has emerged as the next-generation parallel and 

distributed computing methodology that aggregates dispersed heterogeneous resources for solving various kinds of 

large-scale applications in science, engineering, and commerce. In large-scale grid environments, the underlying 

network connecting them is heterogeneous and bandwidth across resources varies from link to link [3]. Not limited 

to grid, in many of today’s distributed computing environments (DCEs), the computers are linked by a delay and 

bandwidth limited communication medium that inherently inflicts tangible delays or inter resource 

communications and load exchange[4]. To be able to fully benefit from such grid systems, resource management 

and scheduling are key grid services, where issues of task allocation, load balancing and fault tolerance represent a 

common challenge for most grids [2]. 

In the present Grid computing environment, the scheduling approaches for resources only focus on the current state 

of the entire system. Most often they fail to consider the system variation and historical behavioral data which 

causes system load imbalance.  To present a better approach for solving the problem of resource scheduling in a 

Grid computing environment, this project demonstrates a genetic algorithm based resource scheduling strategy that 

focuses on system load balancing. The genetic algorithm approach computes the impact in advance that it will have 

on the system after the new resource is deployed in the system, by utilizing historical data and current state of the 

system. It then picks up the solution, which will have the least effect on the system. By doing this it ensures the 

better load balancing and reduces the number of dynamic migrations. The approach presented in this project solves 

the problem of load imbalance and high migration costs. Usually load imbalance and high number of migrations 

occur if the scheduling is performed using the traditional algorithms [7]. 

In the current Grid computing environments, resource scheduling only considers communication cost and 

replication cost ignores the current system condition and the previous state of system which causes the system load 

imbalance. Number of migrations is more when most of the load balancing takes place. The entire migration cost 

becomes a problem when all the resources are migrated this is worse than replication and communication cost. This 

is largely due to granularity of resources and the large amount of data transferred in the migration with suspension 

of service. This system does not consider these factors they only consider communication and replication cost. This 

project provides a scheduling strategy to enable effective load balancing. The method used in this project will 

compute its influence on the system in advance, when current resources are allocated to every physical node and 

will opt for the deployment that will have the least load on the system. This is achieved using genetic algorithm, 

historical data and the current state of the system. 
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In this paper, develop a future prediction mechanism based Genetic Algorithm for Grid Load balancer considering 

communication cost and replication cost. Implement a new algorithm which considers both present and future 

loads. 

 

II. PROPOSED SYSTEM 

Develop a future prediction mechanism based Genetic Algorithm for Grid Load balancer considering 

communication cost and replication cost. Implement a new algorithm which considers both present and future 

loads. A data mining system is used for future prediction. Heart of Genetic Algorithm is a weight factor. We 

develop a mathematical formula for calculating weight for each allocation. This formula considers waiting time, 

idle time, communication cost, replication cost, node weight and future load. 

Steps in the Genetic Algorithm:  

1. Start-produce random population of n chromosomes (coding structure can be selected according to the problem 

domain).  

2. Fitness-calculate the fitness value f(x) of every chromosome in the given population.  

3. New population-generate the new population by reiterating the following steps till the creation of new 

population is done.  

3.1. Selection-select two parent individuals from the population according to the fitness value.  

3.2. Crossover-by using the crossover probability, generate the new off spring by reforming the parents.  

3.3. Mutation-with the probability of mutation, mutate the new child at some positions.  

3.4. Accepting-now the new offspring the part of next generation of population.  

4. Replace-use the new generation as the current generation. 

5. Test- if the stopping condition is satisfied then ends the algorithm and returns the individual with the highest 

fitness value.  

6.  Loop go to step 2. 

Advantages of Proposed System 

 Implement a new algorithm which considers both present and future loads. 

 Considering communication cost, replication cost and also weight factor (processor speed, cache and 

memory). 

 The main issue in the existing system i.e, security problems are also considered. 

 Implementing a load balancing model in the real world grid environment. 

 Employing passive replication scheme so memory wastage is avoided. 

These systems have following modules: 
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 Grid Client:- submit job to Grid Scheduler 

 Grid node:-Node which perform job execution 

 Resource Manager Client:-  Periodically sent load information to Resource Manager 

 Resource Manager:- collect resource information various Grid Nodes and calculate processing capability 

of each node 

 Grid Scheduler: - schedules job to various nodes based on NGA results. 

A. THE MODEL: 

The relationship between the physical machines and the s can be seen from figure 1. Consider P as a set of all the 

physical machines in the entire system, where P = {P1, P2, P3 …. PN}. N is total number of the physical machines 

and an individual physical machine can be denoted as Pi, where i denote the physical machine number and range of 

i is (1 <= i <= N). Similarly, we have a set of jobs s on each physical machine Pi, Vi = {Vi1, Vi2, Vim} here m is 

the number of s on the physical server i . 

 

If we want to deploy V on the present system, then we have a solution set denoted by S = {S1, S2, S3 …. SN}, it 

represents the mapping solution after V is assigned to each of the physical machines. When the V is arranged with 

the physical machine Pi we get the mapping structure denoted as Si. 

 
Fig1: System model 

 

B.THE MATHEMATICAL MODEL: 

Here we propose a model for broker mechanism that allocates jobs to different VM according to our criteria.  For 

that we use genetic algorithm. By using this algorithm, we generate different job scheduling sequence and select 

best sequence. Best sequence selection is based on a rank. This rank calculation is shown below.  

How weight is calculated 

 

 
R- Rank 

Nj – Number of jobs 

Wi – Weighting time of i
th

 Job 

Pi – Communication Cost of i
th

Job 

Nvm – Number of Jobs 

Ti – Idle time i
th

 VM 

Ci-  Replicationcost of i
th

 Job.  

 

C. THE GENETIC ALGORITHM: 

 Genetic algorithm is a random searching method that has a better optimization ability and internal implicit 

parallelism. It can obtain, and instruct the optimized searching space and adjust the searching direction 

automatically through the optimization method of probability [7]. With the advantages of genetic algorithm, this 
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project presents a balanced scheduling strategy of resources in Grid computing environment. By considering the 

current states and historical data, this method will compute in advance on  its influence over the entire system.  

 

Methodology: 

 
Fig 2: Methodology 

 

In a genetic algorithm, a population of candidate solutions (called individuals, creatures, or phenotypes) to an 

optimization problem is evolved toward better solutions. Each candidate solution has a set of properties (its 

chromosomes or genotype) which can be mutated and altered; traditionally, solutions are represented in binary as 

strings of 0s and 1s, but other encodings are also possible [24]. 

 

The evolution usually starts from a population of randomly generated individuals and is an iterative process, with 

the population in each iteration called a generation. In each generation, the fitness of every individual in the 

population is evaluated; the fitness is usually the value of the objective function in the optimization problem being 

solved. The more fit individuals are stochastically selected from the current population, and each individual's 

genome is modified (recombined and possibly randomly mutated) to form a new generation. The new generation of 

candidate solutions is then used in the next iteration of the algorithm. Commonly, the algorithm terminates when 

either a maximum number of generations has been produced, or a satisfactory fitness level has been reached for the 

population. 

 

A typical genetic algorithm requires: 

 

1. A genetic representation of the solution domain, 

2. A fitness function to evaluate the solution domain. 

 

A standard representation of each candidate solution is as an array of bits. Arrays of other types and structures can 

be used in essentially the same way. The main property that makes these genetic representations convenient is that 

their parts are easily aligned due to their fixed size, which facilitates simple crossover operations. Variable length 

representations may also be used, but crossover implementation is more complex in this case. Tree-like 

representations are explored in genetic programming and graph-form representations are explored in evolutionary 

programming; a mix of both linear chromosomes and trees is explored in gene expression programming. Once the 

genetic representation and the fitness function are defined, a GA proceeds to initialize a population of solutions and 

then to improve it through repetitive application of the mutation, crossover, inversion and selection operators. 

 

Initialization: 

Initially many individual solutions are (usually) randomly generated to form an initial population. The population 

size depends on the nature of the problem, but typically contains several hundreds or thousands of possible 

solutions. Traditionally, the population is generated randomly, allowing the entire range of possible solutions (the 

search space). Occasionally, the solutions may be "seeded" in areas where optimal solutions are likely to be found. 

Selection: 

During each successive generation, a proportion of the existing population is selected to breed a new generation. 

Individual solutions are selected through a fitness-based process, where fitter solutions (as measured by a fitness 

function) are typically more likely to be selected. Certain selection methods rate the fitness of each solution and 
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preferentially select the best solutions. Other methods rate only a random sample of the population, as the former 

process may be very time-consuming. 

 

The fitness function is defined over the genetic representation and measures the quality of the represented solution. 

The fitness function is always problem dependent. For instance, in the knapsack problem one wants to maximize 

the total value of objects that can be put in a knapsack of some fixed capacity. A representation of a solution might 

be an array of bits, where each bit represents a different object, and the value of the bit (0 or 1) represents whether 

or not the object is in the knapsack. Not every such representation is valid, as the size of objects may exceed the 

capacity of the knapsack. The fitness of the solution is the sum of values of all objects in the knapsack if the 

representation is valid or 0 otherwise. 

 

In some problems, it is hard or even impossible to define the fitness expression; in these cases, a simulation may be 

used to determine the fitness function value of a phenotype (e.g. computational fluid dynamics is used to determine 

the air resistance of a vehicle whose shape is encoded as the phenotype), or even interactive genetic algorithms are 

used. 

 

Genetic operators: 

For each new solution to be produced, a pair of "parent" solutions is selected for breeding from the pool selected 

previously. By producing a "child" solution using the above methods of crossover and mutation, a new solution is 

created which typically shares many of the characteristics of its "parents". New parents are selected for each new 

child, and the process continues until a new population of solutions of appropriate size is generated. Although 

reproduction methods that are based on the use of two parents are more "biology inspired", some research suggests 

that more than two "parents" generate higher quality chromosomes. 

 

These processes ultimately result in the next generation population of chromosomes that is different from the initial 

generation. Generally the average fitness will have increased by this procedure for the population, since only the 

best organisms from the first generation are selected for breeding, along with a small proportion of less fit 

solutions, for reasons already mentioned above. 

 

It is worth tuning parameters such as the mutation probability, crossover probability and population size to find 

reasonable settings for the problem class being worked on. A very small mutation rate may lead to genetic drift. A 

recombination rate that is too high may lead to premature convergence of the genetic algorithm. A mutation rate 

that is too high may lead to loss of good solutions unless there is elitist selection. There are theoretical but not yet 

practical upper and lower bounds for these parameters that can help guide selection. 

 

Termination: 

This generational process is repeated until a termination condition has been reached. Common terminating 

conditions are: 

• A solution is found that satisfies minimum criteria. 

• Fixed number of generations reached. 

• Allocated budget (computation time/money) reached. 

•The highest ranking solution's fitness is reaching or has reached a plateau such that successive  iterations no longer 

produce better results. 

.• Manual inspection. 

• Combinations of the above. 

 

III. DISCUSSION 

 In the present Grid computing environment, the scheduling approaches for resources only focus on the current 

state of the entire system. Most often they fail to consider the system variation and historical behavioral data which 

causes system load imbalance.  To present a better approach for solving the problem of resource scheduling in a 

Grid computing environment, this project demonstrates a genetic algorithm based resource scheduling strategy that 

focuses on system load balancing. 
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Several other algorithms such as Ant colony scheduling algorithm[16], Load Balanced Min-Min Algorithm[5] for 

Static Meta-Task Scheduling in Grid Computing, DMHS algorithms[4] are used for scheduling the task in grid 

computing.ACO algorithm can be interpreted as parallel replicated Monte Carlo (MC) systems. This algorithm is 

used to search for the best tasks scheduling for grid computing. This algorithm does not consider security and rapid 

dynamic change. 

 

Load Balanced Min-Min (LBMM) algorithm is proposed that reduces the make span and increases         the resource 

utilization. The tasks are rescheduled to use the unutilized resources effectively. This algorithm does not 

considering low and high machine heterogeneity and task heterogeneity.The main idea of the DMHS algorithms is 

to execute jobs optimally. Workload traces are required to produce dependable results is the issue. Using passive 

replication schema and Security is not considered. 

 

A hybrid load balancing strategy [8], Static strategy and dynamic adjustment[12],  A two way load balancing 

policy, competitive equilibrium approach are decentralized load balancing policy[25] for the grid computing 

environment. Main objective is to minimize the overall job mean response time and maximize the system 

utilization and throughput. It does not consider current and future loads. In these existing system does not consider 

suboptimal solution on a multi node system. 
 

Genetic algorithm is a random searching method that has a better optimization ability and internal implicit 

parallelism. It can obtain, and instruct the optimized searching space and adjust the searching direction 

automatically through the optimization method of probability. With the advantages of genetic algorithm, this 

project presents a balanced scheduling strategy of resources in Grid computing environment. 

 

IV.CONCLUSION 

One of the key concerns of grid computing is to develop autonomic computing systems that have the abilities of self 

configuration and self-optimization in dynamic environment. We generate a new future prediction mechanism 

based genetic algorithm which considers communication cost and replication cost. This new algorithm considers 

both present and future loads. Data mining system is used for future prediction. Existing system only considers 

present system and doesn’t consider current allocation and future loads. Issues related to security have not been 

considered in the existing system. Prediction mechanism and this NGA don’t consider rapid dynamic change in 

load. At that situation, large amount of resource is wasted due to error in allocation.  
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