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Abstract:  

 The objective of the scheduling algorithm is to dynamically 

schedule as many tasks as possible such that each task meets its execution 

deadline while minimizing the total delay time of all of the tasks. The 

problem of scheduling of real-time tasks in multiprocessor systems is to 

determine when and on which processor a given task executes. In this 

paper we suggest a genetic algorithm for dynamic scheduling of real time 

tasks in multiprocessors system. 

 The algorithm based on the use of a fixed size chromosome and 

repeatedly applying specific crossover (single point or double point) and 

mutation procedures with variable mutation rates (0.05 – 0.1) until all 

tasks are successfully scheduled. 
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Dynamic Task Scheduling in Multiprocessor Real Time 
Systems Using Genetic Algorithms 

 

 

1. Introduction 
 Multiprocessors systems have emerged as a powerful computing 

means for real-time applications such as those found in nuclear plants and 

process control [1] because of their capability for high performance and 

reliability [2]. The problem of scheduling of real-time tasks in 

multiprocessor systems is to determine when and on which processor a 

given task executes [3]. Real-time systems use sophisticated scheduling 

algorithms to maximize the number of real-time tasks that can be 

processed without violating timing constraints. The performance of a 

scheduling algorithm is measured by its ability to generate a feasible 

schedule for a set of real-time tasks. A schedule for assigning tasks to one 

or more processors is said to be feasible if the execution of each task in 

the set can be completed before its deadline [4]. 

 

2. Real Time Systems 
Real-time systems are defined as those systems in which the 

correctness of the system depends not only on the logical result of 

computation, but also on the time at which the results are produced. If the 

timing constraints of the system are not met, system failure is said to have 

occurred. Hence, it is essential that the timing constraints of the system 

are guaranteed to be met. Guaranteeing timing behavior requires that the 

system be predictable. Predictability means that when a task is activated it 

should be possible to determine its completion time with certainty. It is 

also desirable that the system attain a high degree of utilization while 

satisfying the timing constraints of the system [5]. 

Each task occurring in a real-time system has some timing 

properties. These timing properties should be considered when 

scheduling tasks on a real-time system. The timing properties of a given 

task refer to the following items [6]: 

(a) Release time (or ready time): Time at which the task is ready 

for processing. 

(b) Deadline: Time by which execution of the task should be 

completed, after the task is released. 

(c) Minimum delay: Minimum amount of time that must elapse 

before the execution of the task is started, after the task is released. 

(d) Maximum delay: Maximum permitted amount of time that 

elapses before the execution of the task is started, after the task is 

released. 
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 (e) Worst case execution time: Maximum time taken to complete 

the task, after the task is released. The worst case execution time is also 

referred to as the worst case response time. 

(f) Run time: Time taken without interruption to complete the 

task, after the task is released. 

(g) Weight (or priority): Relative urgency of the task. 

 

3. Taxonomy of Real Time Tasks 
A real-time application is normally composed of multiple tasks 

with different levels of criticality. Although missing deadlines is not 

desirable in a real-time system, soft real-time tasks could miss some 

deadlines and the system could still work correctly. However, missing 

some deadlines for soft real-time tasks will lead to paying penalties. On 

the other hand, hard real time tasks cannot miss any deadline; otherwise, 

undesirable or fatal results will be produced in the system. There exists 

another group of real-time tasks, namely firm real-time tasks, which are 

such that the sooner they finish their computations before their deadlines, 

the more rewards they gain [5]. 

We can formally define a real-time system as follows. 

Consider a system consisting of a set of tasks, T= {T1, T2,……,Tn}, 

where the worst case execution time of each task  Ti T is Wi.. The 

system is said to be real-time if there exists at least one task Ti T, 

which falls into one of the following categories: 
 

(1) Task Ti is a hard real-time task. That is, the execution of the 

task Ti should be completed by a given deadline Di; i.e., Wi≤ Di. 
_$_&%'"#_ 

(2) Task Ti is a soft real-time task. That is, the later the task Ti 

finishes its computation after a given deadline Di, the more penalty it 

pays. A penalty function P (Ti) is defined for the task. If Wi≤ Di,  the  

penalty function P (Ti) is zero. Otherwise  P(Ti) > 0. The value of P(Ti) is 

an increasing function of Wi – Di. 
___768"#_ 

. 

(3) Task Ti is a firm real-time task. That is, the earlier the task Ti 

finishes its computation before a given deadline Di, the more rewards it 

gains. A reward function R(Ti) is defined for the task. If  Wi≥ Di , the 

reward function R(Ti) is zero. Otherwise R(Ti)> 0. The value of R(Ti) is 

an increasing function of Di-Wi. 
"#_?6@___ 

The set of real-time tasks T= {T1, T2,……,Tn} can be a 

combination of hard, firm, and soft real-time tasks. 

 

4 Multiprocessor Scheduling Algorithms of Real -Time Systems 
The goals for real-time scheduling are completing tasks within 

specific time constraints and preventing from simultaneous access to 

shared resources and devices [7]. Although system resource utilization is 

of interest, it is not a primary driver. In fact, predictability and temporal 
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correctness are the principal concerns. The algorithms used, or proposed 

for use; in real-time scheduling vary from relatively simple to extremely 

complex. 

The scheduling of real-time systems has been much studied, 

particularly upon uniprocessor platforms, that is, upon machines in which 

there is exactly one shared processor available, and all the jobs in the 

system are required to execute on this single shared processor. In 

multiprocessor platforms there are several processors available upon 

which these jobs may execute. 

The following assumptions may be made to design a 

multiprocessor scheduling algorithm: 

(a) Job preemption is permitted 

That is, a job executing on a processor may be preempted prior to 

completing execution, and its execution may be resumed later. We may 

assume that there is no penalty associated with such preemption. 

(b) Job migration is permitted 

That is, a job that has been preempted on a particular processor 

may resume execution on a different processor. Once again, we may 

assume that there is no penalty associated with such migration. 

(c) Job parallelism is forbidden 

That is, each job may execute on at most one processor at any 

given instant in time. 

 

Real-time scheduling theorists have extensively studied 

uniprocessor real-time scheduling algorithms. Recently, steps have been 

taken towards obtaining a better understanding of multiprocessors real-

time scheduling. 

Multiprocessor scheduling techniques fall into two general 

category: 

(1) Global Scheduling Algorithms 

Global scheduling algorithms store the tasks that have arrived but 

not finished their execution in one queue which is shared among all 

processors. Suppose there exist m processors. At every moment the n 

highest priority tasks of the queue are selected for execution on the n 

processors using preemption and migration if necessary [8]. 

 (2) Partitioning Scheduling Algorithms 

Partitioning scheduling algorithms partition the set of tasks such 

that all tasks in a partition are assigned to the same processor. Tasks are 

not allowed to migrate; hence the multiprocessor scheduling problem is 

transformed to many uniprocessor scheduling problems [8]. 

 

5. Genetic Algorithms [9]  
Genetic algorithms are search methods that employ processes 

found in natural biological evolution. These algorithms search or operate 

on a given population of potential solutions to find those that approach 
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some specification or criteria. To do this, the algorithm applies the 

principle of survival of the fittest to find better and better approximations. 

 

 At each generation, a new set of approximations is created by the 

process of selecting individual potential solutions (individuals) according 

to their level of fitness in the problem domain and breeding them together 

using operators borrowed from natural genetics. This process leads to the 

evolution of populations of individuals that are better suited to their 

environment than the individuals that they were created from, just as in 

natural adaptation. 

 

The GA will generally include the three fundamental genetic 

operations of selection, crossover and mutation. These operations are 

used to modify the chosen solutions and select the most appropriate 

offspring to pass on to succeeding generations. GAs consider many points 

in the search space simultaneously and have been found to provide a 

rapid convergence to a near optimum solution in many types of problems; 

in other words, they usually exhibit a reduced chance of converging to 

local minima. GAs suffers from the problem of excessive complexity if 

used on problems that are too large. 

 

Figure 1 shows the structure of a simple genetic algorithm. Genetic 

algorithms work on populations of individuals rather than single 

solutions, allowing for parallel processing to be performed when finding 

solutions to the more large and complex problems. They are an iterative 

procedure that consists of a constant-sized population of individuals, each 

one represented by a finite linear string of symbols, known as the 

chromosome, encoding a possible solution in a given problem space. This 

space, referred to as the search space or state space, comprises all 

possible solutions to the optimization problem at hand. Standard genetic 

algorithms are implemented where the initial population of individuals is 

generated at random. At every evolutionary step, also known as 

generation, the individuals in the current population are decoded and 

evaluated according to a fitness function set for a given problem. The 

expected number of times an individual is chosen is approximately 

proportional to its relative performance in the population. Crossover is 

performed between two selected individuals by exchanging part of their 

genomes to form new individuals. The mutation operator is introduced to 

prevent premature convergence. 
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Figure 1, Structure of a single population evolutionary 
algorithm  

6. Task model [10] 
 We assume a multiprocessor system consists of n identical 

processors; the system is processing m tasks. All processors are 

connected through shared medium. 

 Any task Ti (1 ≤ i ≤ m) may be assigned to any one of the 

processors Pj ( 1 ≤ j ≤ n ). Each task is characterized by the followings: 

 

 Ai: arrival time of the task Ti. 

 Ri: ready time of the task Ti. 

 Wi: Worst case computation time of the task Ti. 

 Di: Deadline of the task Ti. 

 St(Ti): starting time of the task Ti. 

 Ft(Ti): finish time of the task Ti. 

The task Ti meets its deadlines if and only if: 

 Ri ≤ St(Ti) ≤ Di-Wi  and 

 Ri + Wi ≤ Ft(Ti) ≤ Di. 
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7. Suggested Genetic Scheduling Algorithm. 
 Generally some important considerations must be taken into 

account in task scheduling of multiprocessing systems. Some important 

ones are: dependency and resource sharing. Dependent tasks will 

scheduled to be executed on the same processor (to eliminate 

communication cost) by ordering these tasks in ascending order (tasks 

with earlier deadlines first). Some tasks may share some resources 

(variables, data structures…) with other tasks. The resource access will be 

given firstly to the task with higher priority. 

 In our work global scheduling algorithms basis is used, in which 

the tasks that have arrived but not finished their execution are stored in 

one queue which is shared among all processors. At every moment the 

suggested scheduler must take n highest priority tasks of the queue for 

execution on the n processors. Each processor associates with its own 

dispatch task queue. 

 

7-1 Chromosome Format 
In tasks scheduling algorithms, the three main elements that must 

be included in the chromosome format are: 

 The list of the tasks to be scheduled. 

 The order in which these tasks should execute on a given 

processor. 

 The list of the processor which these tasks should be assigned 

to. 

A two dimensional array is used to represent the chromosome. Figure 2 

below shows an example for chromosome format. 

 

 

Task 3 4 1 2 5 

Processor 1 2 3 1 4 

 

Figure 2, Chromosome format 

 
Each column in the array (chromosome) represents a gene. It is clear that 

task 3 will be executed on processor 1; task 4 will be executed on 

processor 2 and so on. The sequence of tasks execution is 3, 4, 1, 2 and 5. 

 
7-2 Crossover operation 

 In this operation all the members of the population are grouped 

(randomly) into subsets of two chromosomes per set. After a randomly 

selected point the processor part of the gene in the chromosomes pair is 
swapped. This is equivalent to assigning some tasks to different 

processors. This operation called single point crossover. Figure 3 shows 

a single point crossover operation between pair of chromosomes after the 

2nd gene. 

Gene 
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Parent 1 
Task 3 4 1 2 5 

Processor 1 2 4 3 2 

         

Parent 2 
Task 4 6 5 3 7 

Processor 2 4 3 5 6 

(a) Before crossover 
 

Child 1 
Task 3 4 5 3 7 

Processor 1 2 4 3 2 

         

Child 2 
Task 4 6 1 2 5 

Processor 2 4 3 5 6 

(b) After crossover 
Figure 3, Single Point Crossover operation 

 There are many alternative crossover methods available, the most 

well known one is two points crossover. Rather than select one 

crossover point and swap the tail of the two chromosomes, two point 

crossover selects two random points in the chromosomes and swaps the 

information in between. Figure 4 shows an example of two points 

crossover. 

 
   ← Crossover points →  

Parent 1 
Task 3 4 1 2 5 

Processor 1 2 4 3 2 

         

Parent 2 
Task 4 6 5 3 7 

Processor 2 4 3 5 6 

     

(a) Before crossover 
 

Child 1 
Task 3 6 5 3 5 

Processor 1 2 4 3 2 

         

Child 2 
Task 4 4 1 2 7 

Processor 2 4 3 5 6 

(b) After crossover 
 

Figure 4, Two Points Crossover operation 
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7-3 Mutation 
 In real evolution, the genetic material can by changed 

randomly by erroneous reproduction or other deformations of genes, e.g. 

by gamma radiation. In genetic algorithms, mutation can be realized as a 

random deformation of the strings with a certain probability. The positive 

effect is preservation of genetic diversity and, as an effect, that local 

maxima can be avoided [11]. 

The mutation rate indicates the probability that a cell will be 

changed. As a result, the expected number of mutations per individual is 

equal to the mutation rate multiplied by the length of an individual. If a 

cell is selected to be mutated, then either the task number or the processor 

number of that cell will be randomly changed [12]. Figure 5 shows an 

example of simple mutation process, note that chromosome x and gene 3 

of this chromosome is randomly selected for mutation 

 

Chromosome x 
Task 5 4 5 2 3 

Processor 1 2 4 3 2 
 

(a) Chromosome x before mutation 
 

Chromosome x 
Task 5 4 1 2 3 

Processor 1 2 4 3 2 

 

(b) Chromosome x after mutation 
Figure 5, Simple mutation process 

 
7-4 Fitness Function 

A fitness function, which measures the quality of each candidate 

solution according to the given optimization objective, is used to help 

determine which chromosomes are retained in the population as 

successive generations evolve. The fitness function suggested in this 

work is calculated for each chromosome, and is determined by 

determining the number of tasks in the chromosome that meets their 

deadlines. 

 
8- The Complete Algorithm 

 The suggested algorithm is written using turbo Pascal and 

implemented on a computer with 1.6 GHz, dual core Pentium 4 

processor. Figure 6 shows the flow chart of the complete algorithm.   
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Figure 6, the flow chart of the suggested algorithm 
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Best_fit = false
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I = 1

Make crossover between pairs of all 

population chromosomes (Pairs)

Calculate the fitness for each new 
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Arrange chromosomes in 
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Figure 6, cont. 
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p3

I = I + 1

I = Max_Iteration

Best_fit = falseMutation

Assign tasks to the processors 

according to the best chromosome

Remove the scheduled tasks (tasks of the best 

chromosome) from tasks list

Task_No = Task_No – Ctask_No

End

2

4

1

3
No

Yes

No

Yes

 

 

 

Figure 6, cont. 
 

 



 13 

 
 

 

9 – Results and Analysis 
 The evaluation of the results of the suggested algorithm is obtained 

by calculating success ratio, where: 

 

Success ratio =  
ksber of tas total num

 tasks schedulednumber of 
 

The algorithm is applied too many times with different chromosome size 

(5 – 10), crossover method and mutation rates, taking into account the 

number of iteration required to reach the best fitness of each 

chromosome. Figure 7 shows the relation between number of generations 

and success ratio for chromosome size = 5, population size = 20 

individuals for two methods of crossover. 

1 2 3 4 5 6 7 8 9 10
65

70

75

80

85

90

95

100

GENERATIONS

S
U

C
C

E
S

S
 R

A
T
IO

double point crossover
single point crossover

 

Figure 7, Success ratio versus number of generations for 
chromosome size = 5, in a system with 5 processors. 
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Figure 8, Success ratio versus number of generations for 
chromosome size = 10, in a system with 10 processors. 

 

 It is clear from the figure that the algorithm gives best fit (all tasks 

are successfully scheduled) at the 4
th

 generation if double points 

crossover is applied, while the same algorithm needs 5 generations to 

give the same result if single point crossover is used. 

  

 Figure 8 shows the success ratio versus number of generations for 

chromosome size of 10, and population size of 10 individuals. Each point 

in the performance curves of the figures above is the average of twenty 

simulation runs with 100 tasks in each run. The mutation rates used in the 

suggested algorithm is variable and ranges from 0.05 and 0.1. 

 

 The use of double point crossover helps in reaching the best 

solution in less no of iterations. In the case of chromosome of size 5, if 

single point crossover is applied, all tasks are successfully scheduled with 

an average number of iterations of about 51, while in double point 

crossover the same results are obtained with about 38 iterations only. 
 For chromosome of size 10, the scheduling of all tasks is 

completed in 670 iterations on average if double points crossover is used, 

While 717 iterations are required on average to schedule all tasks in the 

case of single point crossover. 
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10 – Conclusions 
 The problem of scheduling of tasks to be executed on a 

multiprocessor system is one of the most challenging problems in parallel 

computing. Genetic algorithms are well adapted to multiprocessor 

scheduling problems. 

 In this paper we describe a proposed genetic algorithm for 

scheduling tasks in multiprocessor real time systems. The algorithm 

based on the use of a fixed size chromosome and repeatedly applying 

specific crossover and mutation procedures with variable mutation rates 

until all tasks are successfully scheduled. 

  

 The analysis of the results obtained from the suggested algorithms 

reveals that using double points crossover can leads to best scheduling 

with less iterations. The amount of saving in iterations is about 25% if the 

chromosome size is 5, and 6.5% for the chromosome size of 10. 
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الجذولة الذيناميكية للمهام في انظمة الزمن الحقيقي متعذدة المعالجات 

 باستخذام الخىارزمية الجينية
 

 

 

 انًسخخهص:

  

حعخبش عًهُت انجذونت انذَنايُكُت نهًهاو فٍ أنظًت انضين انحقُقٍ يخعذدة انًعانجاث ين يجالاث 

حىفشه ين قذساث حسابُت كبُشة انبحث انغنُت وانًهًت ورنك لأهًُت انظًت انضين انحقُقٍ ويا 

 ووثىقُت عانُت. 

انًقصىد بجذونت انًهاو هى ححذَذ انًعانج انزٌ سُنفز كم يهًت يع الانخضاو بانخحذَذاث  

انضينُت نكم يهًت ويشاعاة انًشاسكت فٍ انًىاسد بُن انًهاو ويذي اعخًادَت انًهاو بعضها عهً 

ت انًهاو فٍ انظًت انضين انحقُقٍ يخعذدة بعض. َقذو انبحث خىاسصيُت جُنُت يقخشحت نجذون

انًعانجاث. حسخنذ انخىاسصيُت عهً حشكُم كشويىسىياث بأحجاو ثابخت باعخباسها يجًىعت انحم 

َبذأ حطبُق يشاحم انخىاسصيُت انجُنُت نهىصىل انً انحم الأيثم. الابخذائٍ نعًهُت انجذونت. بعذها 

يهًت( وباسخخذاو طشَقخُن نخبادل انجُناث  111حى حطبُق انخىاسصيُت فٍ جذونت )

(crossover( بُن انكشويىسىياث, الأونً هٍ حبادل انجُناث بعذ نقطت واحذة )single point 

crossover)  وانثانُت حبادل انجُناث بُن ن( قطخُنdouble points crossover كًا حضًنج .)

 1.15( نهكشويىسىياث وبنسب حخشاوح بُن mutationانخىاسصيُت اسخخذاو عًهُت حهجُن )

 . وقذ نجحج انخىاسصيُت انًقخشحت فٍ جذونت جًُع انًهاو  وبًعذلاث حكشاس يناسبت.1.1و
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