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Abstract:    An algorithm is proposed for scheduling dependent tasks in time-varying heterogeneous multiprocessor systems, in 
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multiprocessor scheduling problem. A linear switching-state space-modeling paradigm is introduced to enable theoretical analy-
sis from a system engineering perspective. Theoretical analysis of this model shows its robustness against changes in processing 
power and link failure. The proposed algorithm uses a fuzzy decision-making procedure to handle changes in the multiprocessor 
system. The efficiency of the proposed algorithm is illustrated by several random experiments and comparison against a recent 
benchmark approach. The results show up to 18% average improvement in makespan, especially for larger scale systems. 
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1  Introduction 

 
Many real world applications such as manage-

ment of projects, human resources, or financial re-
sources as well as distributed computing systems are 
examples of task scheduling problems. The multi-
processor systems must be both fast and efficient in 
utilizing the available resources. Each application 
also poses many challenging issues in its own right. 
For instance, with continual advances in computer 
hardware, there are always applications in which 
more processing power is required than what is 
available or the needed processor time is not known 
a priori, and communication links may be in or out. 
Furthermore, inappropriate scheduling of tasks may 
lead to failure in exploiting the true potential of a 
distributed system and offset the gains from paral-
lelization due to excessive communication overhead 

or under-utilization of resources (Page and Naughton, 
2005). In this paper, a novel method is proposed to 
schedule tasks to a set of heterogeneous processors 
in a time-varying environment based on a linear 
switching state space (LS3) system which considers 
several of the prominent and frequent time-varying 
changes in a distributed system. 

Task scheduling can be simply defined as the 
process of allocating dependent tasks to resources so 
as to minimize the total execution time. This problem 
is generally NP-complete (Kwok and Ahmad, 1996) 
and is not easily solvable by traditional methods. 
Many current approaches have solved it by heuristic 
and random search methods, but they have adopted 
constraints that often lead to inefficiency/ 
inapplicability of their methods in the real world. For 
instance, many researchers have limited the problem 
to static environments, assuming that the underlying 
network is fully connected, and/or that there is no 
link contention in the network. Hence, it is highly 

 
© Zhejiang University and Springer-Verlag Berlin Heidelberg 2014 

Journal of Zhejiang University-SCIENCE C (Computers & Electronics) 

ISSN 1869-1951 (Print); ISSN 1869-196X (Online) 

www.zju.edu.cn/jzus; www.springerlink.com 

E-mail: jzus@zju.edu.cn 



Tabatabaee et al. / J Zhejiang Univ-Sci C (Comput & Electron)   2014 15(6):423-434 424 

desirable to make an accurate model for the task 
scheduling problem that accounts for many of the 
above real world limitations. Such a model must be 
able to appropriately handle real constraints and sys-
tem uncertainties before it can be used in a real 
world environment with arbitrary conditions. 

Task scheduling is nonlinear due to the many 
constraints in the environment, tasks and resources 
that must be considered. In our previous work (Ta-
batabaee-Yazdi and Akbarzadeh-T, 2013), a static 
form of this problem was defined in a nonlinear state 
space and then transformed to a dynamic LS3 with 
nonlinear constraints. We focused on static schedul-
ing in which the environment does not change over 
time and the computation cost of each task on each 
processor is fixed and known a priori. In this paper, 
we extend this model to time-varying environments. 
It is assumed that the environmental parameters such 
as the computational power of the processor and the 
link speeds will change over time. Such a time-
varying scheduler could be potentially applied to real 
world environments and help make good decisions 
based on real-time information from the system. 
Since the proposed method takes into account these 
temporal variations in the environment, the schedul-
ing algorithm is revised periodically, different from 
Crăciun et al. (2010) which is based on scheduling 
events. Note that the word ‘dynamic’ has two mean-
ings in computer/AI and system engineering. Hence, 
‘time-varying’ is used here for dynamic environ-
ments to distinguish its difference in meaning in dy-
namic systems, i.e., systems that have memory. The 
major focus of this paper is to show the ability of our 
previous work (Tabatabaee-Yazdi and Akbarzadeh-T, 
2013) to operate in dynamic environments. We com-
pare the LS3 scheduler with an evolutionary task 
scheduling approach, i.e., the genetic algorithm (GA) 
scheduler, developed for static and time-varying en-
vironments, proposed by Crăciun et al. (2010).  

The major contributions of this paper can be 
distinguished as follows: 

1. The problem of task scheduling is modeled in 
the switching state space. 

2. A simple proof is provided for a major char-
acteristic of the proposed method: robustness. Since 
one of the important factors in control systems is 
robustness, robust control methods are designed to 
guarantee system performance/stability as long as the 

uncertain parameters or disturbances are within a 
given range. In this paper, the robustness characteris-
tic of the proposed model is examined, and it is 
shown that the proposed model is applicable in un-
certain environments. 

3. The proposed method takes into account the 
variation in the computational power of the proces-
sors over time. 

 
 

2  System model 
 
In a time-varying task scheduling problem, the 

target problem to be scheduled is represented by a 
task graph. 
Definition 1 (Task graph)    A task graph is a di-
rected acyclic graph (DAG) G=(V, E, λ, c) represent-
ing a program P according to the graph model, where 
V is the set of tasks in DAG, E is the set of edges in 
DAG, and λ is the instruction.  
Definition 2 (Task)    A task is defined as the most 
basic element where further parallelism is neither 
necessary nor possible. Hence, all of the instructions 
for a task execute sequentially. Before the execution 
of a node (task), all predecessors must be completed 
and all of its inputs must be received. After the exe-
cution of a task, its output is ready to be transferred 
to its successors immediately (Sinnen et al., 2006). 

Most scheduling algorithms employ a strongly 
idealized model of the multiprocessor system (Yoo 
and Gen, 2007; Cheng et al., 2009). This model, 
which we call a classic model, consists of a finite set 
of processors that are connected by a fixed topology 
such as a network graph. Local communication in 
this model has zero cost, and communication can be 
performed concurrently by an independent commu-
nication subsystem. Based on this model, the earliest 
start time of the node depends only on the comple-
tion time of the node’s predecessors and the commu-
nication time between them. 

The classic scheduling model does not consider 
any kind of contention for communication resources. 
To make task scheduling contention-aware, and 
thereby more realistic, the communication network is 
modeled by a graph, where processors are repre-
sented by vertices and edges reflect the communica-
tion links. The awareness of contention is achieved 
by edge scheduling, i.e., scheduling of the edges of the  
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DAG on the links of the network graph, which is 
similar to scheduling of the edges E on the commu-
nication link L. Corresponding to the scheduling  
of the nodes, ts(e, l) and tf(e, l) denote the start  
and completion time of edge eE on link lL,  
respectively (Table 1). 

 
 

3  Related work 
 
Distributed systems present a challenging para-

digm for task scheduling and much literature has 
been devoted to its various aspects. Task scheduling 
techniques can be divided into two main classes: 
static and time-varying. In static scheduling, infor-
mation regarding task execution time and resources 
(nodes) is assumed to be known beforehand. Dy-
namic scheduling is based on task assignment during 
execution, taking into account overloaded and under-
loaded nodes, with the assumption that, if the load 
among all nodes is balanced, the overall execution 
time of the application will be minimized. Hence, 
according to either centralized or distributed infor-
mation, a decision has to be made whether or not a 
task should be transferred and to which node it 
should be transferred. 

There is a vast literature on static task schedul-
ing. Since the focus of the present work is time-
varying scheduling, only a few recent studies are 
highlighted here. The traditional methods that are 
used to solve this problem in the static mode are heu-
ristic algorithms (list-based scheduling) and random 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

search algorithms (such as GA, simulated annealing, 
and particle swarm optimization). Shahul and Sinnen 
(2010) used an A* algorithm to optimally schedule 
tasks on homogeneous processors. A* is a best-first 
search algorithm and is guaranteed to find optimal 
solutions with an admissible and consistent cost 
function. They proposed a cost function based on 
three components: computation bottom level, idle 
time, and data-ready time. In addition, they used a 
pruning technique to eliminate unpromising sub-trees 
in the search space. Yoo (2009) minimized the total 
time and the total number of processors used in 
scheduling of soft real-time DAGs on homogeneous 
multiprocessor systems by a multi-objective GA. 
Kong et al. (2008) incorporated particle swarm op-
timization (PSO) with list scheduling and developed 
an alternative PSO algorithm for multiprocessor task 
scheduling. Shin et al. (2008) proposed a novel du-
plication-based algorithm which, unlike most dupli-
cation-based heuristics that try to duplicate all possi-
ble ancestor nodes of a given join node, duplicates 
some nodes based on some parameters such as start 
time and the earliest free slot, without redundant du-
plications. Their method has two steps. In the first 
step, a task-priority list is made; in the second step, 
the best possible processor, i.e., the one that allows 
the earliest start time, is selected to execute the task 
with the highest priority. 

The longest dynamic critical path (LDCP) algo-
rithm (Daoud and Kharma, 2008) is a list scheduling 
method that schedules DAGs in heterogeneous mul-
tiprocessor systems. In this algorithm, the longest 

Table 1  Notations used in this paper 

Parameter Definition Parameter Definition 

X Vector of state variables ΔT Time step 

X[k] Vector of state variables in the kth step U Control vector 

Y System output  V Set of tasks in DAG 

E Set of edges in the directed acyclic graph (DAG) n A node in DAG 

W(n) Computation cost of node n eij Edge from node i to node j in DAG 

C(eij
k) Communication cost of edge eij in the kth step Succ(n) Successor of node n 

Pred(n) Predecessor of node n P Set of processors 

ts(n, p) Start time of node n on resource p W(n, p) Execution time of node n on resource p 

tf(n, p) Completion time of node n on processor p ts
Q(nj) Earliest start time of nj 

λi Number of instructions in task i λi
j The jth instruction of task i (λi) 

ETkj Execution time of task j in the kth step μ Communication time between tasks 

Ψ Makespan tf(n) Completion time of node n 

Proc(t) Processor to which task t is allocated ξ=[ξ1j] Speed of processor j in cps (clocks per second)
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paths from all tasks to the final task are computed, 
and DAGPs (a DAG that corresponds to each proc-
essor) generated. Based on an upward rank attribute, 
an LDCP is selected and a priority assigned to each 
task. In the next stage, the task with the highest pri-
ority is assigned to a processor that minimizes its 
completion execution time using the insertion based 
scheduling policy.  

In contrast to static task scheduling, there are 
relatively few studies on time-varying task schedul-
ing. Prodan and Fahringer (2005) is one of the first to 
address this problem by using special heuristics at 
certain scheduling events and a reallocation tech-
nique to schedule directed graph based workflows on 
a grid in which computational and network resources 
can be dynamically changing. Page and Naughton 
(2005) presented a scheduling strategy which dy-
namically schedules independent tasks on heteroge-
neous processors in a distributed system. They con-
sidered dynamic behavior in the environment from 
two perspectives. First, they allowed tasks to arrive 
for continuous processing; second, they considered 
the variability of distributed systems over time. Vari-
ability of the distributed systems means a changing 
communication network and availability of resources 
over time. They assumed that resources are not dedi-
cated and may execute other tasks. Page et al. (2008) 
introduced a scheduling mechanism considering het-
erogeneous resources in terms of processing speed, 
memory, and interconnection properties. In their par-
adigm, the computational requirements of the tasks 
are unknown a priori, tasks arrive dynamically for 
scheduling, and the properties and availability of the 
resources can vary randomly over time, with un-
known statistics. This approach estimates the system 
resources and task computational requirements dy-
namically at run-time and adapts the state of the sys-
tem accordingly. 

Also, in Abraham et al. (2008), several nature-
inspired meta-heuristics were introduced to schedule 
tasks on computational grids. The main purpose of 
Page et al. (2010) is to use GA to dynamically gen-
erate an optimal schedule in order to complete tasks 
in a minimum period of time while utilizing re-
sources efficiently. Later, in Sivanandam and Vis-
alakshi (2009) and Page et al. (2010), GA, simulated 
annealing (SA), ant colony optimization, and PSO 

algorithms were combined in a multi-objective man-
ner to inspect the effectiveness of these combinations 
separately. In contrast to these two studies, in Page et 
al. (2010), two GAs augmented by some heuristics 
were developed. The heuristics were used to improve 
performance. In the first GA, two fitness functions 
were used consecutively, and the second GA tried to 
duplicate the tasks to reduce the communication 
overhead. Also, time-varying arrival of the tasks was 
allowed. In some of these studies such as Crăciun et 
al. (2010) and Page et al. (2010), a non-random ini-
tial solution was considered. In Page et al. (2010) the 
scheduler uses a heuristic-based approach to find 
efficient schedules quickly while reducing the prob-
ability of resources becoming idle during the sched-
ule-generating phase. This provides GA with reason-
able starting solutions, compared to starting with a 
completely random initial population. Furthermore, 
Crăciun et al. (2010) developed a scheduling mecha-
nism which starts with an initial scheduling pattern 
produced by GA and then takes the changes in the 
computational resources over time into account after 
each scheduling event, in order to adapt the schedul-
ing pattern to the environment. The scheduler also 
builds an archive of the best schedules ever produced 
for use in the future. Long et al. (2011) proposed an 
agent-based distributed simulation platform and a 
distributed optimized scheduling method with partial 
information. The scheduler also takes a load-
balancing factor into account. These similar ap-
proaches lack a systematic theoretical analysis sup-
port since most of them do not use a systematic model. 
Instead, they exploit heuristic- or metaheuristic-
based methods. Our proposed method, which is dis-
cussed in the following, is based on a systematic 
model. 

 
 

4  Extended model of task scheduling in the 
state space 
 

Here we extend our earlier model on static task 
scheduling (Tabatabaee-Yazdi and Akbarzadeh-T, 
2013) to allow for time-varying changes in the envi-
ronment. Eq. (1) represents the system model in 
which X is the system state vector which changes 
over time. For details, please refer to Tabatabaee-
Yazdi and Akbarzadeh-T (2013). 
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where diag{A} is the main diagonal of matrix A, and 

CL( )i
j  stands for the number of clocks that a proc-

essor should use for instruction i
j  to be completed. 

With Eq. (1), only the clock requirements of in-
structions in task i and speed of processors are re-
quired. In comparison with our earlier model on stat-
ic task scheduling (Tabatabaee-Yazdi and Akbar-
zadeh-T, 2013), the required time for completing any 
task on any processor is not known a priori. 

As pointed out in Section 1, we are inspecting 
the robustness of the proposed method. In the next 
theorem and sub-theorems, the robustness character-
istic of the proposed model is examined, showing 
that the proposed model is applicable in an uncertain 
environment. 
Theorem 1 (Boundedness)    For all D belonging to 
the set of DAGs with finite height H, 

( ) ( ) .D H m Z     In other words, makespan ψ 

is bounded for all finite DAGs with arbitrary weights 
of nodes and edges and is a linear multiple of task 
height H considering the following two conditions: 

1. The execution time of each task on any arbi-
trary processor is bounded. 

2. The communication time between any two 
arbitrary processors is bounded. 
Theorem 2 (Robustness in presence of uncertainty 
on the execution time of tasks)    DDAGs, T 
Tasks(d), Δeú, RET(T)<∞, RET(T)=ET(T)+ΔE 
ψ<β<∞, where RET(T) stands for the run-time 
execution time of task T, ET(T) is the execution time 
of task T, and Δe (Δeú) is the change in execution 
time due to disturbance. This means that if the exe-
cution time of each task change is bounded, 
makespan change is also bounded. 
Theorem 3 (Robustness in presence of uncertainty 
on the communication time between tasks)    D 
DAGs, ti, tjD, Δeú, c(ti, tj)≠0, Rc(ti, tj)<∞,  
Rc(ti, tj)=c(ti, tj)+ΔEψ(D)<β<∞, where c(ti, tj) rep-
resents the communication time between tasks ti and 
tj, Rc(ti, tj) represents the communication time be-
tween tasks ti and tj, and Δe (Δeú) is the change in 

communication time due to disturbance.  
In the following, we consider a time-varying 

multiprocessor system where processors are shared. 
It means that the utilization of a processor during the 
execution of a task may change with time. In what 
follows, we explain our method by using an extended 
model of task-scheduling in the state space. 

 
 

5  Proposed method 
 
In this study, we schedule a DAG on an arbi-

trary time-varying heterogeneous multiprocessor 
system. In dynamic multiprocessor systems, since 
processors are shared, utilization of the processors 
may change. Also, in the assumed system, communi-
cation links may be on or off; i.e., a communication 
link may be unavailable – down – during a period of 
time and after that it may become available. Our meth-
od has two stages: static scheduling and time-varying 
scheduling. In the first stage, a DAG is scheduled on 
a nominal multiprocessor system with GA and an 
initial scheduling solution is generated. The multi-
processor system is at its nominal value when there 
are no time variations and all processors are avail-
able (i.e., no other task runs on them). In the second 
stage, we operate on the dynamic constraints of the 
multiprocessor system and, based on the initial 
scheduling solution, as generated in the first stage, 
the DAG is scheduled again on the processors. In our 
model, the utilization of the processors may be re-
duced or increased. Any changes in the utilization of 
the processors are monitored and, based on the status 
of the executing tasks and the utilization of proces-
sors, a decision is made about reallocation of tasks 
from one processor to another. In this section, we 
first introduce our model and then discuss the pro-
posed scheduling method in static and time-varying 
environments. 

5.1  Multiprocessor model 

The assumed multiprocessor model follows task 
scheduling with a contention-aware model as intro-
duced in Section 2. Its characteristics are defined as 
follows: 
Definition 3 (Parallel system)    A target parallel 
system consists of a set of heterogeneous processors 
P connected by the communication network TG= 
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(P, L) and a central scheduler, with the following 
properties: 

1. Processors are shared. 
2. Communicating links may be on or off. 
3. Local communications have zero costs. 
4. Communication is performed by a communi-

cation subsystem. 
5. The central scheduler monitors the status of 

the parallel system and makes a decision about exe-
cuting tasks on processors. 

The tasks and edges in the assumed model are 
scheduled as explained in Section 2. The proposed 
parallel system may change with time. Changes or 
disturbances in the parallel system are divided into 
two categories: changes in utilization of the proces-
sors and changes in the presence and absence of links. 
Changes in utilization of the processors are caused 
by sharing and changes in the links are caused by 
link availability.  

In the proposed parallel system, a central 
scheduler exists. The central scheduler has an initial 
scheduling solution based on changes in the multi-
processor system, and adjusts the initial scheduling 
solution. The central scheduler is able to preempt 
tasks from a processor and assign them to another 
processor, which is called reallocation. The central 
scheduler has a memory that stores information 
packets resulting from execution of the tasks. It sub-
sequently sends a task completion report to the ex-
pecting processors in order to continue with DAC 
processing. 

5.2  Scheduling method 

As stated earlier, scheduling is done in two 
stages: static scheduling and time-varying scheduling. 
At the first stage, a GA is used to find the scheduling 
solution with the lowest makespan ψ. At the second 
stage, tasks are executed on a dynamic multiproces-
sor system and if needed, the initial scheduling solu-
tion is corrected by the central scheduler to accom-
modate the uncertainty in utilization of processors 
and existence or non-existence of links. These steps 
are schematically illustrated in Fig. 1. The major ad-
vantage of scheduling in two stages is that an opti-
mum initial scheduling solution can be ensured and 
the second stage has no time delay in allocating tasks 
to processors. In the following, we discuss each stage 
in detail. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

5.2.1  Static stage 

Encoding is an effective stage in GA. In the 
proposed method, each individual in the population 
represents a possible schedule. Each character is a 
mapping between a task and a processor. Each char-
acter contains the unique identification number of a 
task, with S being used to delimit different processor 
queues, where Pi is processor i. Thus, the number of 
characters is N+|P|−1, where N is the number of tasks 
in the batch and |P| is the number of processors (Page 
and Naughton, 2005). 

The fitness function of the task scheduling prob-
lem is to assign the tasks of a given application to the 
processors, in order to minimize its schedule length 
(makespan ψ). To compute the schedule length, 
precedence-constrained tasks (DAG’s nodes) and 
messages (DAG’s edges) are scheduled on the proc-
essors and links, respectively. While the start time of 
a node is constrained by the ready time of its incom-
ing edges, the start time of an edge is restricted by 
the completion time of its preceding node. The 
scheduling of the communication between processors 
further differs from that of a node, in that a commu-
nication action might be scheduled on more than one 
link. A communication between two nodes, which 
are scheduled on two different but not adjacent  

Fig. 1  Schematic of the linear switching state space (LS3)
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processors, uses the communication route of inter-
mediate links between processors. The edge repre-
senting this communication must be scheduled on 
each of the links involved. Algorithm 1 shows the 
decoding procedure of a chromosome. 

 
Algorithm 1    Decoding a chromosome 
1   Determine (n, proc(n)), nV pairs based on chromosomes 
2   For each niV 
3      taskready(ni)=0 
4   End For 
5   For each niV based on upward rank in descending order 
6      m=proc(ni) 
7      start_time=taskready(ni) 
8      Find empty time slot (t, t+w(ni, m)), t≥start_time on  

processor m 
9      tf(ni)=t+w(ni, m) 
10    For each njsucc(ni)  
11       If proc(ni)≠proc(nj) 
12          R=Find the best route between proc(ni) and proc(nj) 
13          Schedule v(eij) on ú and determine tf(eij) 
14       End If 
15      taskready( ) max{taskready( ),j jn n Tf}, where 

f

f
f

( ), if proc( ) proc( ),

( ),        otherwise.

i i j

ij

t n n n
T

t e

 


 

16    End For 
17  End For 

 
In line 8, an insertion approach is used to find 

an empty slot. In this method it is possible, if all the 
precedence relations of a task are satisfied, for a task 
to be scheduled between other already scheduled 
tasks. Thus, in this insertion approach, tasks might be 
scheduled earlier in a time slot when a processor is 
running idle and can result in reduction of the sched-
ule length (makespan ψ); in addition, using  this ap-
proach helps eliminate the idle time from processors 
(Sinnen, 2007). 

After decoding, makespan ψ is calculated from 
 

max ( ),
j

j
n V

C n


                         (2) 

 

where C(nj) is the completion time of task j. Due to 
our encoding and decoding methods, it is not neces-
sary to have a topological order between tasks in 
each chromosome because precedence relations are 
considered in the scheduling of each task. Therefore,  
 

we do not worry about the changing order of tasks in 
the chromosome in the crossover and mutation steps. 

For the selection step in GA, tournament selec-
tion is used. In this method, chromosomes are chosen 
randomly and the best of them is selected as the par-
ent. After the selection process is completed, the 2D 
crossover/mutation operator presented in Tabatabaee-
Yazdi and Akbarzadeh-T (2013) is used. This opera-
tor promotes better recombination and increases the 
diversity of the population. Fig. 2 shows an example 
of this operator. As shown in Fig. 2, this operator is 
able to change the corresponding processor of each 
task, e.g., tasks 8 and 10 in the first parent and its 
offspring and tasks 3 and 6 in the second parent and 
its offspring. In addition to adjusting the diversity of 
the population, another mutation operator is used. 
For mutation, elements of a randomly chosen indi-
vidual in the population are randomly swapped.  

In each generation, the population with the cur-
rent population and current offspring is sorted again 
based on makespan ψ and only the best N individuals 
are selected, where N is the population size. The ini-
tial population is generated randomly. Population 
evolves until the maximum number of generations is 
met. 

5.2.2  Time-varying scheduling 

In this stage, the central scheduler manages the 
execution of tasks on processors and the transmission 
of information packets on links. Since a multiproces-
sor system changes with time, to reach a low ψ, the 
central scheduler uses a fuzzy decision-making proce-
dure to correct the scheduling solution. Correction of 
the scheduling solution in each time step has more 
overhead in a time-varying environment and there-
fore the scheduling solution is corrected once every 
few time steps. Fig. 3 shows the flowchart for time-
varying scheduling. This procedure is iterated until 
all tasks are executed and completed.  

In the following, each part of the proposed 
method is explained in detail. 

1. Execute tasks on processors 
To execute tasks on processors at each step, the 

scheduling model based on a state space approach is 
used. The vector U in which all the elements fall in 
[0, 1] is equivalent to the utilization of processors. At 
each step, its values are updated based on changes in 
utilization of multiprocessor systems. 
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2. Transfer information packets on links 
When the execution of any task is completed, its 

information messages must be sent to the processors 
which will execute succeeding tasks. For sending 
information packets, a receiving processor is deter-
mined based on the current scheduling solution.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

After determining the destination processor, it is 
necessary to find a route between the source and des-
tination processors. Since a multiprocessor system is 
time-varying and its links change with time, routing 
is done step by step and on each source processor. In 
routing mechanism, by knowing the destination pro-
cessor, the shortest route between the source proces-
sor and the destination processor is found. The 
route’s first link is then selected as the next link. 

To determine the time required to transfer an in-
formation packet through a link, the following equa-
tion is used: 

 

SD

( )1
Step

Speed( )
ijv e

T L



,                  (3) 

 
where v(eij) is the volume of information packets 
corresponding to edge eij in kb, Speed(LSD) is the 
speed of link between processors S and D in kb/s, 
and ΔT is the time taken for each time step.  

If a link is disconnected while passing a packet, 
the routing mechanism is executed again between the 
current processor where the packet currently resides 
and the destination processor. 

3. Correct the scheduling solution 
The scheduling solution is revised periodically 

after given time intervals, under the following condi-
tions: (1) The processor has a utilization rate less 

Fig. 2  A two-dimensional Xover/mutation operator example 
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than a defined threshold; (2) The number of remain-
ing corresponding tasks to the above processor is 
more than a defined threshold. 

By the first condition, weak processors in terms 
of utilization are found. The second condition checks 
the value of task reallocation; when a task is pre-
empted, a new processor is determined to execute it. 
On this new processor, a task must be executed again 
from the beginning to the end. 

If the above two conditions are satisfied, a new 
processor must be determined to execute the pre-
empted task. At this time, a fuzzy decision-making 
approach is used. The proposed fuzzy system is of 
the Mamdani type and has two inputs and one output. 
The first input is the history of changes in utilization 
of the processor, and the second input is the current 
utilization of the processor. The output is a score that 
shows the performance of the processor. The fuzzy 
inference is done for each processor and the proces-
sor that has the highest score is selected to execute 
the preempted task. The area below the profile repre-
sents variations in the processor throughput normal-
ized to [−1, 1]. Fig. 4 shows the fuzzy inference sys-
tem characteristics such as membership functions 
(MFs) of input and output variables, the control sur-
face, and the fuzzy association memory (FAM) bank. 

After fuzzy inference, the processor that has the 
highest score is selected to execute the preempted 
task. The central scheduler places the preempted task 
in the initial processor queue and sends the necessary 
information to the selected processor. Also, it con-
siders the cost for reallocation of a task from one 
processor to another. This cost is the time delay that 
must occur before the task can be executed on the 
new processor. 

 
 

6  Experimental results 
 
In this section, we describe the performance of 

the proposed control algorithm compared with the 
method in Crăciun et al. (2010) on several random 
examples including task graphs (DAGs) generated 
using the P-method (Al-Sharaeh and Wells, 1996) in 
which a random method for generating DAGs is pro-
posed based on a randomly generated adjacency  
matrix. 
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Fig. 4  Fuzzy inference system characteristics 
(a) Fuzzy inference system; (b) Membership functions 
(MFs) of the first input variable, history of changes in utili-
zation of the processor; (c) MFs of the second input variable, 
current utilization of the processor; (d) MFs of the output 
variable, score; (e) Control surface of the fuzzy inference 
system; (f) Fuzzy associative memory bank of the fuzzy in-
ference system 
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In these experiments, the number of heteroge-
neous processors, the number of tasks, and sparsity 
are allowed to vary. The network topology is fully 
connected for proper comparison with the approach 
in Crăciun et al. (2010). The computation cost of 
tasks and communication cost between tasks in the 
task graph are chosen randomly based on a normal 
distribution (Page and Naughton, 2005; Yoo and Gen, 
2007; Yoo, 2009). In the experiments, it is necessary 
to vary the parameters of a normal distribution in 
each experiment to justify the computation to com-
munication ratio (CCR). We iterate each experiment 
50 times and report the mean and standard deviation 
of results in each experiment. Table 2 shows the pa-
rameters of the experiments.  

In these experiments, the sparsity parameter of 
DAG is fixed to 0.5. Without loss of generality, in 
the following experiments, we assume that the mem-
bers of the λi

j are equal; i.e., all of the instructions in 
the ith task need an equal number of clocks to be 
completed. The scheduling algorithm in Crăciun et al. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(2010), i.e., the GA scheduler, can be described in 
two steps. In the first step, a static solution is con-
structed for starting the scheduling. In this step, a 
simple GA is used to find the optimal solution which 
minimizes ψ. After starting the best schedule ob-
tained from the previous step, for every scheduling 
event which is equivalent to any changes in the list 
of available processors, the first step is repeated to 
obtain the new best scheduling solution. During the 
second step, some of the best schedules are archived 
periodically to be used as a part of the initial popula-
tion for the near future call of the GA. The results of 
the experiments are shown in Table 3. It is obvious 
that ψ obtained from the scheduler is better than its 
counterpart in Crăciun et al. (2010). Another point of 
view to be considered for these experiments is the 
standard deviation of ψ which is also smaller than 
that in the scheduler in Crăciun et al. (2010), espe-
cially when the number of processors increases. 

This improvement is because the proposed 
method for correcting the scheduling pattern is sim-
pler than the correction phase of the scheduler in 
Crăciun et al. (2010). To better visualize the com-
parison of the results in Table 3, they are plotted on a 
graph indicating percentage improvement of LS3 to 
GA (Crăciun et al., 2010) for different CCRs and 
processor numbers in Fig. 5. Hence, Table 3 and Fig. 5 
are equivalent. The difference between the results of 
the LS3 scheduler and the GA scheduler in case of 
CCR=100 is obviously due to the use of the routing  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 3  Average and standard deviation of ψ repeated for 50 independent runs 

Mean Standard deviation Processor 
number 

Method 
CCR=0.1 CCR=1 CCR=10 CCR=100 CCR=0.1 CCR=1 CCR=10 CCR=100

LS3 43 400.22 9551.83 7105.85 11 369.37 697.1934 126.2441 251.4045 296.85534 

GA 47 420.34 10 606.66 8568.59 15 423.46 806.1842 122.3081 275.1712 357.7091

LS3 40 284.78 8856.08 6485.95 10 118.09 771.9264 154.2187 194.2515 218.44745 

GA 44 304.13 9908.29 8640.94 15 467.27 875.9960 159.3568 351.8517 440.9569

LS3 38 329.51 8406.31 6156.36 9480.79 669.5528 110.6767 147.5880 154.11646 

GA 40 807.88 9084.13 8597.45 15 389.43 791.1898 134.3046 289.5835 349.3945

LS3 36 548.26 7966.81 6086.32 9190.35 704.2015 129.9079 281.4306 340.53107 

GA 39 225.14 8713.48 8023.75 14 041.57 868.5873 158.3808 407.2457 606.7961

LS3 34 984.06 7588.99 5558.70 8338.05 625.7596 137.0898 189.0778 213.65798 

GA 37 890.46 8403.92 7459.35 12 979.27 773.9259 167.8107 340.4172 483.3925

LS3 33 537.43 7153.79 5141.27 7609.08 568.8229 132.4962 144.5210 151.74709 

GA 36 705.04 8020.42 6819.79 11 593.63 725.5341 159.0337 311.4502 420.4577

LS3 32 075.70 6727.91 4937.56 7258.22 558.6696 110.8118 184.7223 181.180710 

GA 35 493.46 7619.16 6239.16 10 481.80 730.1726 145.9182 312.6156 400.1480

 

Table 2  Parameters of the experiments 

Computation time (s) Communication time (s)
CCR 

Mean Variance Mean Variance

0.1 30 4 3 6 

1 30 4 30 6 

10 30 3 300 2 

100 30 3 3000 2 

CCR: computation to communication ratio. In all cases, the proc-
essor number is in the range of 4–10, and the task number is 200  
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algorithm. In this case, the communication overhead 
is the most influential part of ψ, and hence the opti-
mal routing algorithm can play a significant role. 

The percentage improvement is calculated using 
Eq. (4). Here, the definition of improvement is dif-
ferent from the conventional definition of percentage 
change since ψ is considered better when it is smaller. 

 

3GA GALS
( ) / 100%.                  (4) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

7  Conclusions and future work 
 
In this paper, we assume a time-varying hetero-

geneous multiprocessor system in which the compu-
tational power of each processor may change over 
time. Also, in the assumed multiprocessor system, 
links may turn on or off and there is a link contention 
problem between them. To schedule a DAG on such 
a multiprocessor system, we propose an algorithm 
based on a linear switching space model using a 
fuzzy heuristic approach. The fuzzy decision-making 
procedure migrates a scheduled task on one proces-
sor to another to achieve a better makespan. This 
work is an extension of our previous work on task 
scheduling in static environments. To show the effi-
ciency of LS3, we design several random experi-
ments and compare performances with those of an 
evolutionary task scheduling method developed for 
static and time-varying environments. The results 
show about 18% average improvement in makespan 
for large scale systems. 

For future work, we aim to consider time-
varying task arrival and adaptation to real-time 
scheduling constraints. 
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