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Abstract
Multi-objective multiprocessor scheduling problem in heterogeneous distributed systems is a remarkable NP-hard prob-
lem in parallel processing environments. This study proposes a novel ensemble system comprising six population-based 
metaheuristics for solving multi-objective multiprocessor scheduling problem. The novelty of this study is mainly related 
to proposed cooperation strategy. In proposed strategy, solutions and metaheuristics are selected based on dominance-
rank and success-rate values respectively. All metaheuristics work on a common population of solutions and during the 
running time performance of metaheuristics is evaluated and used as success rates of the metaheuristics. Choosing the 
next metaheuristic based on success rate values leads to the fact that better metaheuristics are used frequently while 
the poor ones are employed rarely. The advantage of using different metaheuristics is that each metaheuristic covers 
inabilities of others to discover more promising regions of solution space. Likewise to keep extracted non-dominated 
solutions, local archives and a common global archive are used. The performance of proposed system is evaluated using 
well-known benchmarks reported in state-of-the-art literature. The evaluations are done over Gaussian elimination, fast 
Fourier transformation and internal rate of return (IRR) task graphs. Evaluation outcomes prove the robustness of the 
proposed system and exhibits that ensemble system outperforms its competitors. As instance, the proposed system finds 
52, 19 and 43 as the values of three objectives namely makespan, average flow time and reliability for graph presented 
in Fig. 2 which are better than results obtained by MFA and NSGAII. Also the results show that ensemble system works 
better than all individual metaheuristics in which it reaches 475, 523 and 381 as values of three objectives for IRR graph.

Keywords Multi-objective optimization · Multi heuristic system · Dominance rank · Multiprocessor scheduling 
problem · Task graph

1 Introduction

Usually the real-world problems have a number of objec-
tives contradicting each other and hence, there has been 
an upward attention to apply multi-objective optimization 
methods for solving such problems during the last three 
decades [1]. Multi-objective optimization is of significant 
challenge in majority of engineering applications and 
they have been extensively solved by multi-objective type 
metaheuristics due to their capability in extracting good 

solutions in an acceptable computational time. Eventu-
ally, extracting near optimal solutions satisfying the objec-
tives is the aim of the multi-objective optimization task [2]. 
The set of all non-dominated solutions extracted by the 
algorithm is known as optimal Pareto-front. A solution is 
considered as non-dominated solution if it is better than 
other solutions in at least one objective and it is not worse 
in terms of other objectives [3, 4]. Figure 1 represents the 
optimal Pareto-front for a minimization problem consist-
ing of seven non-dominated solutions for two objective 
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functions F1 and F2. All other nine solutions are called as 
dominated solutions.

Multi-objective multiprocessor scheduling problem 
in heterogeneous systems is one of the remarkable and 
important problems in parallel and distributed environ-
ments. Due to being Np-hard, researchers have been 
extensively solving this challenging problem using evo-
lutionary methods. In multi-objective multiprocessor 
scheduling problem, parallel program is represented as a 
directed acyclic graph (DAG) which is called as task graph. 
The nodes represent the tasks which are the program units 
with certain running times. Also, the directed edges illus-
trate the execution order of tasks and communication 
costs between processors. Aim of problem is to distribute 
tasks over processors in order to improve objective func-
tions. In single objective type of problem, the goal is to 
minimize the total completion time of task graph called 
Makespan. Also in multi-objective type problem, minimiz-
ing the makespan and average flow-time together with 
maximizing the reliability is the aim of problem. Detailed 
description of the problem and state-of-the-art methods 
are given in next sections.

Pretty wide state-of-the-art methods can be found in lit-
erature for solving multi-objective multiprocessor sched-
uling problem [5–15]. In related works, authors mostly 
used Multi-objective Genetic Algorithm (MOGA) [10, 
11], Multi-objective Evolutionary Programming (MOEP) 
[14], Modified Genetic Algorithm (MGA) [7], Bi-objective 
Genetic Algorithm (BGA) [8], Mean Field Annealing (MFA) 
[5], Weighted-sum Genetic Algorithm (WGA) [9], Hetero-
geneous Earliest Finish Time Algorithm (HEFT) [15], Criti-
cal Path Genetic Algorithm (CPGA) [15] and some hybrid 
methods [16]. In most of the related works, the proposed 
methods are based on simple evolutionary algorithms and 
weighted-sum methods. Detailed description of state-of-
the-art methods is given in Sect. 3.

This study proposes a novel method to ensemble the 
metaheuristics for solving multi-objective multiproces-
sor scheduling problem. The suggested system consists 
of six population-based multi-objective metaheuristics 
which cooperate together based on a proposed strategy. 
The metaheuristics applied in the proposed ensemble 
system are listed as: Non-dominated Sorting Genetic 
Algorithm (NSGAII) [17], Multi-objective Genetic Algo-
rithm (MOGA) [18], Multi-objective Differential Evolution 
(MODE) [19], Intelligent Multi-objective Particle Swarm 
Optimization (IMOPSO) [20], Strength Pareto Evolution-
ary Algorithm (SPEA2) [21] and Multi-objective Artificial 
Bee Colony algorithm (MOABC) [22].

The novelty of this study is mainly related to proposed 
cooperation strategy. In proposed strategy, solutions and 
metaheuristics are selected based on dominance-rank 
and success-rate values respectively. All metaheuristics 
work on a common population of solutions and during 
the running time performance of metaheuristics is eval-
uated and used as success rates of the metaheuristics. 
Choosing the next metaheuristic based on success rate 
values leads to the fact that better metaheuristics are 
used frequently while the poor ones are employed rarely.

Success rate values are between 0 and 100 which are 
initialized by 50 in the beginning. These values are being 
decreased and increased based on the metaheuris-
tics performance during the execution. After each 
metaheuristic selection, system extracts the search space 
by exploration and exploitation techniques. In explora-
tion phase, system chooses a subpopulation of solutions 
through the general population and runs the selected 
metaheuristic over chosen subpopulation. Afterwards, 
an exploitation phase is done over the extracted Pareto-
front by local search method. To choose a subpopulation, 
tournament selection approach is used based on domi-
nance rank values. Dominance rank of a solution s is the 
number of other solutions dominating s. This way, better 
solutions in terms of dominancy will have more chance 
to be selected. Thereafter, according to the results of 
metaheuristic, the success rate is updated and hence, 
the ensemble system will learn gradually how good the 
metaheuristics are. Briefly, the proposed system prefers 
many short runs of different metaheuristics instead of 
one long run of a single metaheuristic.

Likewise, the advantage of using different metaheuris-
tics is that capabilities of each metaheuristic covers 
inabilities of other metaheuristics. This way, it might be 
possible to discover more promising regions of the solu-
tion space. In order to keep extracted non-dominated 
solutions in proposed system, each metaheuristic has 
its own local archive while a common global archive is 
used by whole metaheuristics to keep all non-dominated 
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Fig. 1  Optimal Pareto-front and dominated solutions for a minimi-
zation problem
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solutions found so far. Description of suggested ensem-
ble system is expressed in Sect. 4.

The performance of proposed system is evaluated using 
well-known benchmarks reported in state-of-the-art lit-
erature. The evaluations are done over Gaussian Elimina-
tion (GE), Fast Fourier Transformation (FFT) and Internal 
Rate of Return (IRR) task graphs. Evaluation outcomes 
prove the robustness of the proposed system and exhib-
its that ensemble system outperforms its competitors. As 
instance, the proposed system finds 52, 19 and 43 as the 
values of three objectives namely Makespan, Average Flow 
Time and Reliability for graph presented in Fig. 2 which are 
better than results obtained by MFA and NSGAII. Also the 
results show that ensemble system works better than all 
individual metaheuristics in which it reaches 475, 523 and 
381 as values of three objectives for IRR graph.

The rest of the paper is formed as following: The 
detailed description of Multi-objective multiprocessor 
scheduling problem is given in Sect. 2. Section 3 presents 
the state-of-the-art methods for solving the Multi-objec-
tive multiprocessor scheduling problem. The proposed 
novel ensemble system is expressed in Sect. 4. Section 5 
demonstrates the algorithm parameters, experimental 
and comparison results. Finally, the conclusions and some 
future research works are given in Sect. 6.

2  Multi‑objective multiprocessor scheduling 
in heterogeneous distributed systems

This section describes the multi-objective multiprocessor 
scheduling problem in details. In the problem, a parallel 
program is represented as a directed acyclic graph (DAG) 
which is called as task graph G = (V, E), where the V and 
E represent the set of nodes and set of directed edges 
respectively [23, 24]. The nodes represent the tasks which 
are the program units with certain running times. Also, 
the directed edges illustrate the execution order of tasks 

and communication costs between processors [24]. Like-
wise, the entry node and exit node of the task graph are 
t0 and t18 respectively. It is obvious that if two tasks are 
performed on same processor, the communication cost 
becomes zero, because there is nothing to be transmit-
ted. Figure 2 indicates a sample task graph consisting of 
nineteen tasks [5, 24, 25].

The heterogeneous distributed system includes a set P 
of heterogeneous processors which are fully connected. 
A schedule s is a function S: V → P which maps tasks to 
processors. Aim of the problem is to map tasks to proces-
sors and find an optimal schedule in terms of objective 
functions.

Single objective type of the problem considers the 
completion time of the parallel program (task graph) to 
be minimized [24]. The completion time of the task graph 
on multiprocessors is also known as Makespan.

In the multi-objective type of the problem, two more 
objectives are defined as minimization of Average flow-
time and maximization of Reliability [6]. It should be 
noticed that in the literature, the minimization of reliability 
index is considered instead of maximization of reliability 
[6]. The values of these three objectives specify the quality 
of solutions. Formulation of the multiprocessor schedul-
ing as multi-objective problem is given as follows [6–9, 
16, 23, 26, 27]:

where f1 , f2 , f3 are objective functions defined as below:
The first objective f1 is the completion time (Makespan) 

of the schedule s which is computed as

where Cj(s) is the completion time of processor pj and 
maxj Cj(s) is the completion time of all processors in sched-
ule s.

The completion time of processor pj is calculated as

where v (j, s) is the set of tasks assigned to processor pj . 
Also, stij and wij are the start time and execution time of 
task vi on processor pj.

The second objective is the average flow-time which is 
formulated as

where aft(s) denotes the sum of the completion time of all 
processors in schedule s divided by the number of proces-
sors. Also |P| denotes the number of processors in set P.

(1)Min f = [f1, f2, f3]

(2)f1 = max
j

Cj(s)

(3)cj(s) =
∑

i∈v(j,s)

(stij + wij)

(4)f2 = aft(s) =

∑
j cj(s)
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Fig. 2  Sample task graph
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The processors in set P can fail but their failure is tran-
sient. A processor failure affects only the task being exe-
cuted on that processor without any effects on the follow-
ing tasks. The failures are statistically independent events 
and follow the Poisson’s law. �j as a constant parameter is 
the failure rate of processor pj . The probability of running 
all tasks successfully on a processor pj is calculated as:

And finally, the probability of finishing schedule s suc-
cessfully is

In case of having link between processors pm and pn in 
heterogeneous system, the link reliability is computed as

where �mn is the failure rate of link between processor pm 
and pn . Also sim and sjn are the mapping of task i on proces-
sor pm and task j on processor pn respectively for schedule 
s. Likewise,cij is the communication cost between task i 
and j.

The reliability index of a schedule s is the third objective 
which is defined as below

where |V| denotes the number of tasks in set V.
Minimizing f3 maximizes the success probability of 

schedule s.

3  State‑of‑the‑art in methods for solving 
multi‑objective multiprocessor 
scheduling problem

Evolutionary methods including different metaheuristics 
have been extensively used to solve single- and multi-
objective multiprocessor scheduling problem [8]. This sec-
tion reviews state-of-the-art in methods for solving multi-
objective multiprocessor scheduling problem but it should 
be noticed that there is no much literature in this context.

Chitra et al. [8] compared some existent algorithms 
by applying them on bi-objective Gaussian elimina-
tion graph and some randomly generated graphs. The 
goal of the optimization was to minimize the makes-
pan (total completion time) and maximize the reliabil-
ity. They applied standard Genetic Algorithm (GA) [10, 
11] and Evolutionary Programming (EP) [14] methods 
along with weighted sum approach over a Gaussian 

(5)Pi
succ

(s) = e−�j cj (s)

(6)Psucc = e−
∑

j �j cj (s)

(7)Rmn(V , S) = e−�

∑�V �
i=1

∑�V �
j=1

sim ⋅sjn ⋅cij

mn

(8)f3 = rel(s) =
∑

j
�jCj(s) +

|P|∑

m=1

|P|∑

n=1

|V |∑

i=1

|V |∑

j=1

�mnsimsjncij

Elimination graph with 18 nodes presented in Fig. 15 and 
some randomly generated task graphs. Meanwhile, they 
used Multi-objective Genetic Algorithm (MOGA) [18] 
and Multi-objective Evolutionary Programming (MOEP) 
[12] to solve the same problems. The obtained results 
showed that MOEP achieves better distributed Pareto-
front compared to MOGA and weighted sum approach.

Eswari and Nicholas [7] proposed a firefly based 
algorithm as a solution of two-objective multiprocessor 
scheduling problem. The paper considered makespan 
and reliability as objective functions. They compared 
obtained results to modified genetic algorithm (MGA) 
[9] and bi-objective genetic algorithm (BGA) [13] and the 
evaluation results showed that firefly based algorithm 
can minimize makespan and maximize reliability in mini-
mum number of generations.

Lotfi and Acan [5] applied multi-objective mean field 
annealing method for solving three-objective multipro-
cessor scheduling problem. The study evaluated the 
results over some task graphs and compared to NSGAII 
[17] and MOGA [9] algorithms. The results showed that 
Mean Field Annealing algorithm outperforms NSGAII 
and MOGA on some task graphs in terms of extracted 
Pareto-front quality.

Chitra et al. [6] used some existent metaheuristics 
for solving three-objective multiprocessor scheduling 
problem. They applied weighted-sum Genetic Algorithm 
(GA) [10], weighted-sum Evolutionary Programming (EP) 
[14], Multi-objective Genetic Algorithm (MOGA) [18] and 
Multi-objective Evolutionary Programming (MOEP) [12] 
over Gaussian Elimination Graph. The considered objec-
tives are Makespan, Average Flow-time and Reliability.

Chen et al. [15] proposed HEFT-NSGA algorithm to 
solve the multiprocessor scheduling problem aiming 
to minimize the Makespan and maximize the reliabil-
ity. They evaluated the method over randomly gener-
ated graphs and some application graphs. The obtained 
results were compared to “Heterogeneous Earliest Finish 
Time Algorithm” (HEFT) [28] and “Critical Path Genetic 
Algorithm” (CPGA) [29]. Consequently, the comparison 
results demonstrated that NSGA outperforms those two 
competitors in terms of both objectives.

Chitra et al. [16] took two conflicting objective func-
tions namely, makespan and reliability into account 
for solving multi-objective multiprocessor scheduling 
problem. The authors proposed hybrid algorithms by 
mixing the multi-objective evolutionary methods with 
simple neighborhood local search. They also compared 
SPEA2 [21] and NSGAII [17] algorithms with each other 
in both pure and hybrid version. The evaluation results 
indicated that hybrid version of NSGAII outperforms the 
other methods involved in comparison.
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4  The proposed ensemble system 
for solving multi‑objective multiprocessor 
scheduling problem

This section describes the proposed innovative ensem-
ble system comprising six population-based metaheuris-
tics for solving bi-objective and three-objectives mul-
tiprocessor scheduling problem in heterogeneous 
distributed systems. The ensemble system provides an 
environment for different metaheuristics to cooperate 
and collaborate in order to achieve common goals. The 
ensemble system operates based on exploration and 
exploitation mechanisms, in which, the exploration is 
carried out by six metaheuristics and exploitation is 
done by local search technique. To be defined shortly, 
the exploration technique explores the search space by 
big jumping steps and exploitation mechanism exploits 
the neighborhood area of solutions. The proposed 
ensemble system is learning-based and success-pro-
portional, working based on a suggested strategy which 
is accurately described in the following. The novelty of 
this ensemble method is mostly related to cooperation 
strategy. Figure 3 illustrates the architecture of proposed 
ensemble system.

The system consists of six metaheuristics namely, 
MOGA [18], IMOPSO [20], MODE [19], SPEA2 [21], NSGAII 
[17] and MOABC [22], which share a common solution 
pool. The system performs based on the suggested strat-
egy. Figure 4 demonstrates the flowchart of proposed 
ensemble strategy.

The system starts with some initializations in which 
it initiates the success rate of all metaheuristics by 50 
(to give same chance for metaheuristics to be selected) 
and public solution pool by random. All the metaheuris-
tics use the same solution representation, hence any 
converting is needless. A solution (scheduling) is rep-
resented as a two dimensional array with 2 rows and n 
columns, where n is the number of tasks in graph. For 
instance, a scheduling for the graph represented in Fig. 2 
over three processors is given in Fig. 5.

Public solution pool is initialized randomly using the 
algorithm shown in Fig. 6. The processors are selected ran-
domly but the tasks are chosen according to a topologi-
cal sorting order. The advantage of this algorithm is being 
able to generate diverse, valid and random solutions in 
which Generated solutions are different in terms of tasks 
order and processors. The algorithm keeps all tasks ready 
to be executed in ReadyTasks list and chooses tasks one by 
one randomly from this list to generate solutions. One task 
is ready to execute if all of its parents have been already 
executed. For this, algorithm assigns a parent counter to 
each task and decreases it when a parent is executed. This 
way, a task is added to ReadyTasks list, when the parent 
counter becomes zero.

In the next step, the system calculates the values of 
either two or three objectives according to the descrip-
tions and formulas in Sect. 2. As an example, algorithm 
for computing the Makespan is given in Fig. 7. In the algo-
rithm,  AT[ti] is the time that task  ti would be ready to be 
run and  FT[ti] is the finish time of task  ti. Also, the  P[pi] 
keeps the time which processor  pi will become idle. #p 
and #t denote for number of processors and number of 
tasks respectively. At the end, the longest busy time or 
maximum P[pi] among all processors is taken into account 
as Makespan of schedule.

Later on, the system works in consecutive sessions 
until the termination criteria are satisfied. Each session 
consists of two steps based on exploration and exploita-
tion. System explores the problem search space by run-
ning metaheuristics to discover more promissing regions 
of the space. Meanwhile, an exploitation process is done 
over the extracted Pareto-front by local search approach.

In the exploration phase, the dominance rank of all solu-
tions is computed so that the dominance rank of a solution 
s is the number of other solutions dominating s. This rank 
value represents the goodness of solution, in which the 
lower rank means better solution. It is obvious that the 
best solutions in population have rank value equal to zero 
and such solutions are called as non-dominated solutions. 
Then, the ensemble strategy selects a subpopulation from 
public solution pool using the algorithm represented in 
Fig. 4. The selection is carried out using tournament selec-
tion. Afterwards, system chooses a metaheuristic among 
six available metaheuristics based on their success rate 
using the selection algorithm presented in Fig. 4. Then, 
selected metaheuristic is executed over the selected 
subpopulation and the quality of final subpopulation is 
calculated to find the extracted Pareto-front. Crossover 
and mutation operators are carried out in a way that they 
generate feasible solutions. In the crossover operation, the 
two-point crossover is applied only on the processors. This 
way only the processors are combined and the tasks order 
remains same. Figure 8 indicates the crossover algorithm.

Ensemble 
Strategy

Public 
Archive

MOGA

IMOPSO

MODE

SPEA2

NSGAII

MOABC
Solu�on 

Pool

Local 
Archive

Local 
Archive

Local 
Archive

Local 
Archive

Local 
Archive

Local 
Archive

Fig. 3  Proposed ensemble system
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strategy
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The proposed method for mutation operator modifies 
the order of tasks as well. Moreover, it selects a few proces-
sors and changes them randomly. The mutation algorithm 
is presented in Fig. 9. The algorithm specifies a random 
point on solution between 1 and number of tasks. Then 
it keeps the tasks order unmodified until that random 
point, but the order of tasks after the point is modified 
randomly. The modification is carried out as the process 
in Fig. 4 in which after the specified point, the rest of solu-
tion is regenerated randomly. The advantage of proposed 
mutation operator is that mutated solution is changed 
in terms of both tasks and processors and it makes the 
algorithm jumping through search space and extract more 
promising solutions.

Later on, the exploitation phase is carried out over the 
extracted Pareto-front by using local search algorithm. 
This way, the non-dominated solutions in Pareto-front 
are adjusted and become more accurate. Local search 

method adjusts and improves the solutions by apply-
ing very small modifications in processors. Due to time 
limitations, a fast local search is used in this phase. It tries 
at most 10 solutions nearby to find a better solution and 
replace it by the old one. The system updates the success 
rate of the selected metaheuristic according to its success 
and amount of improvement achieved during the execu-
tion using the algorithm shown in Fig. 4. Success rate is 
increased if the resulted Pareto-front dominates one or 
more solutions of public archive. Otherwise, the success 
rate is decreased by 10. Also, success rate value is bounded 
between 0 and 100. Hence, this value is used as selection 
probability of metaheuristic in the ensemble strategy. 
In the rest of session, the public archive is updated with 
applying the new extracted Pareto-front by the selected 
metaheuristic. Finally, at the end of session, the final sub-
population is replaced by the selected subpopulation from 
the solution pool.

Fig. 5  A sample solution for 
task graph in Fig. 1

t0 t2 t3 t1 t4 t5 t6 t11 t13 t12 t9 t10 t8 t7 t14 t15 t16 t17 t18
p0 p1 p2 p0 p1 p2 p1 p1 p2 p1 p0 p0 p0 p2 p0 p1 p0 p1 p1

Fig. 6  Schedule initialization algorithm

Fig. 7  Makespan calculation algorithm
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To be explained in more details, the solution 
pool keeps the public population to be used by all 
metaheuristics, in which, the metaheuristics select 
subpopulations from the solution pool, improve it and 
move back to the solution pool. This way, system pro-
vides an environment for metaheuristics to collaborate 
and cooperate. Ensemble system prefers many short 
runs of metaheuristics instead of one single long run 
of a specific metaheuristic, because using only one 
metaheuristic leads to some problems like early con-
vergence and etc. Also, a single metaheuristic has some 
inabilities in searching whole search space [30]. Advan-
tage of using multiple metaheuristics in system is that 
each metaheuristic can cover the inabilities of other 
metaheuristics in searching the more promising parts 
of search space. All metaheuristics used in the system 
are implemented according to the standard algorithms 
introduced in literature. Proposed ensemble system uses 
success rate values and learns gradually how good the 
metaheuristics are. This way, system selects the next run-
ning metaheuristic based on their success rate values. 
Apart from all metaheuristics have same success rate 
in the beginning, values are changed based on perfor-
mance of metaheuristics during execution. This way, 
good metaheuristics and worse metaheuristics have 
high chance and low chance to be selected respectively.

5  Evaluation and experimental results

This section demonstrates the evaluation results of apply-
ing the proposed ensemble system over well-known 
benchmarks reported in state-of-the-art literature [6–8, 
16, 26, 27]. The effectiveness of suggested system is evalu-
ated over practical Bi-objective and Three-objective Mul-
tiprocessor Scheduling Problems [6, 27]. Table 1 presents 
the values of all parameters related to each metaheuristic 
within the proposed ensemble system. The parameter 
values in Table 1 have been collected from well-known 
conventional implementations of algorithms. Introduced 
ensemble system has been implemented in  Matlab® 
programming language environment. In the evaluation 

Fig. 8  Two-point crossover

Fig. 9  The proposed mutation algorithm
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process, the number of generations and number of pro-
cessors are taken into account with respect to the values 
reported in related literature [6–8, 16, 26, 27].

Also, the population size is set as 40 for all algorithms. 
Since there are six algorithms, the total population size 
becomes 240 which is less than or equal to what the state-
of-the-art methods considered. Likewise the number of 
generations is set according to values reported in litera-
ture. Therefore the time complexity of proposed ensemble 
method is same as state-of-the-art methods reported in lit-
erature. However, based on the following experiments, even 
though the time complexity is same, the quality of extracted 
Pareto-front is higher than state-of-the-art methods.

In all experiments carried out in this section, the Pareto-
front True (PF-Optimal) is not known in literature. For this 
reason, some of performance metrics could not be cal-
culated. Therefore, the metrics which do not require the 
researcher to know Pareto-front True are calculated. In 
order to measure diversity of extracted Pareto-front, the 
spacing metric can be used as follows [8]. Spacing metric 
measures the distribution of vectors in PF.

where di = minj

(|||f
i
1
(x) − f

j

1
(x)| + |fi

2
(x) − f

j

2
(x)

|||
)

 : i, j = 1, 2, 

3, …, number of vectors in PF, d̄ is the mean of all di’s.
The second metric to be calculated is hypervolume 

(HV) which is a comprehensive indicator [31]. HV meas-
ures both convergence and spread performance of dis-
covered Pareto-front. A larger HV indicates better per-
formance. Hypervolume represents the sum of the areas 
enclosed within the hyper cubes formed by the points on 
the Pareto-front and a chosen reference point [31]. Refer-
ence points are considered as (0, 0) and (0, 0, 0) for two and 
three objectives Pareto-fronts.

The first evaluation is carried out over a real world 
problem which is the Gaussian Elimination Graph (GE) 
[32]. The algorithm for Gaussian Elimination is given in 
Fig. 10 where m is the matrix dimension. Also, Tk,k and Tk,j 

(9)S =

√
1

|PF| − 1
−

|PF|∑

i=1

(
d̄ − di

)2

represent a pivot column operation and update opera-
tion respectively.

The Gaussian Elimination Graph for m = 5 is drown in 
Fig. 11.

In the evaluation done in [7], a GE graph with matrix 
size equal to 10 is considered. Therefore, the number of 
nodes in graph is 54. Moreover, two objectives are taken 
into account namely, Makespan and Reliability index 

Table 1  Parameter values 
of metaheuristics within the 
suggested ensemble system

Metaheuristic Parameter values

MOGA |Pop| = 40,  PC = 0.8,  Pm = 0.2, Gaussian_Sigma_Pm = 20
IMOPSO |Pop| = 40, C1 = 2.0, C2 = 2.0, ωmax = 0.9, ωmin = 0.4
MODE |Pop| = 40, Scaling_Factor = 0.5,  PC = 0.8,
SPEA2 |Pop| = 40,  PC = 0.9,  Pm = 1.0/Num_Vars, Distribution_Index = 20
NSGAII |Pop| = 40,  PC = 0.9,  Pm = 1.0/Num_Vars, Distribution_Index = 20,
MOABC |Pop| = 40, MNC = 500, SNOV = 80, Limit = − MNC × (#of decision 

variables)/2

Fig. 10  Gaussian elimination algorithm

Fig. 11  Gaussian elimination graph for m = 5
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[7]. The comparison is done against three competitors 
namely Firefly based algorithm (FA) [7], Modified Genetic 
Algorithm (MGA) [9] and Bi-objective Genetic Algorithm 
(BGA) [13] as reported in [7]. The competitors use the 
following equation to weight the objective functions [9]:

where w is the coefficient value which specifies the impor-
tance percentage of objectives in which, when w is 1, 
makespan is only considered objective.

Table 2 shows the objective values obtained by the 
proposed ensemble system and three competitors for 
various CCR (Communication to computation ratio) val-
ues (1, 5 and 10). Equation 2 shows how to calculate CCR.

The objective values shown in Table 2 for ensemble 
system are chosen from the set of solutions in extracted 
Pareto Front. Also, the matrix size for Gaussian Elimina-
tion Graph, value of w and number of processors are 
considered as 10, 0.5 and 4 respectively.

The proposed ensemble system discovers a Pareto 
Front as problem solution. This way, it would be possible 
to choose diverse solutions from Pareto front based on 
requirements as we chose for Table 2. As it is shown in 
Table 2, the proposed system has obtained (420, 8.29), 
(657, 6.76) and (1069, 14.83) as values of makespan and 
reliability for CCR = 1, CCR = 5 and CCR = 10 respectively. 
It can be seen that all obtained results are better than 
values obtained by other three methods (FA, MGA and 
BGA). Therefore the proposed ensemble system outper-
forms its competitors in terms of both objectives.

The Pareto Fronts including 10, 8 and 12 solutions 
obtained by ensemble system for CCR = 1, 5 and 10 are 
presented in Figs. 12, 13 and 14 respectively.

The metric values calculated for the obtained Pareto-
front are given in Table 3.

The second experiment is done over a Parallel Gauss-
ian elimination graph based on results reported in [8]. The 
authors in [8] used an 18 tasks Gaussian Elimination graph 
to compare two different algorithms namely Genetic 

(10)

f (x) = w ×
F1 −MinF1

maxF1 −minF1
+ (1 − w) ×

F2 −MinF2

maxF2 −minF2

(11)CCR =
Average Communication Cost

Average Computation Cost

Algorithms (GA) and Evolutionary Programming (EP) [13]. 
The test graph is presented in Fig. 15 [13, 23, 33].

Table 4 shows the objective values (Makespan and Reli-
ability index) obtained by the proposed ensemble system 

Table 2  Makespan and 
Reliability index values 
obtained by FA, MGA, BGA and 
Ensemble system

CCR FA MGA BGA Ensemble system

Makespan Reliability Makespan Reliability Makespan Reliability Makespan Reliability

1 458 9.45 591 13.17 616 9.48 420 8.29
5 687 7.4 1070 15.93 1103 12.20 657 6.76
10 1144 15.48 1426 23.54 1490 22.47 1069 14.83
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Fig. 12  Pareto front extracted by ensemble system for CCR = 1
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Fig. 14  Pareto front extracted by ensemble system for CCR = 10

Table 3  Spacing and 
hypervolume values of PF 
obtained by hybrid method

CCR Spacing Hypervolume

1 33.12 0.7203645
5 26.32 0.90128477
10 32.06 0.79129405
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and two competitors in [8] namely GA and EP [13] over 4 
processors.

According to Table 4, the proposed system has obtained 
(410.46, 3.92) as best values of makespan and reliability 
for CCR = 2. It can be seen that all obtained results are bet-
ter than values obtained by other three methods (GA, EP). 
Therefore the proposed ensemble system outperforms its 
competitors in terms of both objectives.

Figure  16 shows the Pareto Front extracted by the 
Ensemble system including 10 solutions over 5 processors. 
Values in Table 3 have been selected from Pareto front. 
Authors in [8] also applied MOGA and MOEP over the same 
task graph and reported the extracted Pareto-front as 
shown in [8] over 5 processors. The extracted Pareto-front 

by the ensemble system is better than those reported by 
MOGA and MOEP in [8].

The metric values calculated for the obtained Pareto-
front obtained by MOGA, MOEP and hybrid method are 
given in Table 5.

The next evaluation is carried out for comparing pro-
posed ensemble system to those reported in [16]. The test 
graph is the same graph as Fig. 5 with CCR = 2 and 3 pro-
cessors. Authors in [16] solved this problem using Genetic 
Algorithms, Evolutionary Programming and Hybrid 
Genetic Algorithm. The objective values (Makespan and 
Reliability index) obtained by the proposed ensemble sys-
tem and three competitors in [16] are presented in Table 6.

As it is shown in Table  6, the proposed system has 
obtained 471.23 and 3.62 as values of makespan and reli-
ability respectively. It can be seen that all obtained results 
are better than values obtained by other three methods 
(GA, EP and HGA). Therefore the proposed ensemble 
system outperforms its competitors in terms of both 
objectives.

We continue the evaluation of the proposed ensem-
ble system with results reported in [6]. Authors in [6] 
solved three objective multiprocessor scheduling prob-
lem using Genetic Algorithm (GA) and Evolutionary Pro-
gramming (EP) over Gaussian Elimination Graph with the 
matrix size of 10. The considered objectives are Makes-
pan, Average Flow-time and Reliability. Objective values 
(Makespan, Average Flow-time and Reliability) obtained 
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Fig. 15  Gaussian elimination graph

Table 4  Makespan and 
Reliability index values 
obtained by GA, EP and 
Ensemble system

CCR = 2 Best makespan Best reliability

GA EP Ensemble system GA EP Ensem-
ble 
system

Makespan 467 472 410.46 600 604 423
Reliability 6.01 6.81 5.13 4.16 4.54 3.92
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Fig. 16  Pareto front extracted by ensemble system for CCR = 2

Table 5  Spacing and 
hypervolume values of PF 
obtained by hybrid method

Spacing Hypervolume

14.29 0.7905164
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by the proposed ensemble system and two competitors 
in [6] namely GA and EP on 4 processors are presented in 
Table 7.

As it can be seen in Table 7, the proposed system has 
obtained 404.10, 266.06 and 2.83 as values of makespan, 
average flow-time and reliability respectively. It is clear 
that all obtained results are better than values obtained 
by other three methods (GA, EP). Therefore the proposed 
ensemble system outperforms its competitors in terms 
of both objectives.

The Pareto fronts extracted by MOGA and MOEP 
are reported in [6]. Figure 17 shows the Pareto Front 
extracted by the Ensemble system including 65 

solutions. The values in Table 5 have been selected from 
the Pareto front. The spacing and hypervolume val-
ues for obtained Pareto-front are 22.64 and 0.8193348 
respectively.

Authors in [5] have evaluated their proposed MFA 
method against NSGAII over the test graph presented in 
Fig. 2 on 4 processors. They have considered Makespan, 
Average Flow-time and Reliability as problem objectives.

The objective values (Makespan, Average Flow-time 
and Reliability) obtained by the proposed ensemble sys-
tem and two competitors in [5] namely NSGAII and MFA 
are presented in Table 8.

The proposed system has obtained (52, 19, 43) as 
values of makespan, average flow-time and reliability 
respectively. It can be seen that all obtained results are 
better than values obtained by other three methods 
(NSGAII and MFA). Therefore the proposed ensemble 
system outperforms its competitors in terms of both 
objectives.

Figure 18 demonstrates the Pareto Front extracted by 
the Ensemble system including 52 solutions. Values in 
Table 6 have been selected from the Pareto front. Mean-
while, the Pareto fronts reported in [5] consist of only 3 
non-dominated solutions. The spacing and hypervolume 
values for obtained Pareto-front are 48.05 and 0.9544932 
respectively.

Table 6  Makespan and 
reliability values obtained by 
GA, EP, HGA and ensemble 
system

Best makespan Best reliability

GA EP HGA Ensemble system GA EP HGA Ensemble system

Makespan 584 594 562 471.23 961 964 1243 661.43
Reliability index 14.88 15.77 13.37 8.85 6.64 7.19 4.35 3.62

Table 7  Makespan and reliability index values obtained by GA, EP and ensemble system

Best makespan Best average flow-time Best reliability

GA EP Ensemble system GA EP Ensemble system GA EP Ensemble system

Makespan 416 419 404.10 603 632 483.88 810 818 502.76
Average flow-time 372.75 368.5 303.59 280.75 292 266.06 281.25 284.55 276.34
Reliability index 7.18 7.02 5.18 5.6 5.6 3.81 3.07 3.10 2.83
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Fig. 17  Pareto front extracted by proposed ensemble system

Table 8  Makespan and 
reliability index values 
obtained by NSGAII, MFA and 
ensemble system

Best makespan Best average flow-time Best reliability

NSGAII MFA Ensemble 
system

NSGAII MFA Ensemble 
system

NSGAII MFA Ensem-
ble 
system

Makespan 62 59 52 65 61 59 65 61 59
Average flow-time 25 25 21 24 24 19 24 24 21
Reliability 53 51 53 49 50 46 49 50 43
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In the next evaluation step, the proposed ensemble sys-
tem is evaluated over two well-known benchmarks. The 
first one is Fast Fourier Transformation (FFT) task graph 
which is shown in Fig. 19 [34].

The multobjective type of FFT graph includes Makes-
pan, Average flow time and Reliability values. Table 9 
demonstrates the comparison between the proposed 

ensemble system and all metaheuristics used within the 
system individually on 4 processors.

It can be observed from Table 9 that proposed ensem-
ble system performs better than its individual metaheuris-
tics. Figure 20 shows the Pareto Front extracted by the 
Ensemble system including 52 solutions.

The second benchmark is Internal Rate of Return (IRR) 
which is presented in Fig. 21 [34].

The multobjective type of IRR graph includes Makes-
pan, Average flow time and Reliability values. Table 10 
compares the obtained results of proposed ensemble 
system and all individual metaheuristics used within the 
system on 4 processors.

It can be observed from Table  10 that proposed 
ensemble system performs better than its indi-
vidual metaheuristics. Figure  22 shows the Pareto 
Front extracted by the Ensemble system including 67 
solutions.

The Final comparison is carried out with results 
reported in [15]. The suggested method HEFT-NSGA [15] 
was compared to HEFT [28] and CPGA algorithms [29]. 
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Fig. 18  Pareto front obtained by proposed ensemble system

Fig. 19  FFT task graph

Table 9  Objective values 
obtained by ensemble system 
and individual metaheuristics 
for FFT1

Best makespan Best average flow-time 
(AFT)

Best reliability index

Makespan AFT Reliability Makespan AFT Relibility Makespan AFT Relibility

Ensemble system 126 168 144 148 118 158 148 128 112
MOGA 173 191 188 212 158 182 202 188 158
MOPSO 175 201 212 201 178 201 224 191 177
MODE 148 178 184 168 148 193 181 182 152
SPEA2 152 221 178 178 188 178 178 206 151
AMOSA 168 210 192 191 178 183 191 189 166
NSGAII 142 181 201 148 159 198 166 162 144
MOABC 153 198 235 212 168 224 202 198 189
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Results are reported over the Gaussian Elimination and 
Fast Fourier Transformation graphs [34]. One more com-
parison metric was considered in [15], Schedule Length 
Ration (SLR), which is calculated as follows:

where CP is the critical path of the graph which is based 
on minimum computation costs. SLR is the summation of 
the minimum computation costs of tasks on the critical 
path. An algorithm with lowest SLR is the best algorithm. 
Figure 23 represents the Makespan, SLR and Reliability val-
ues for HEFT, CPGS, HEFT-NSGA algorithms and proposed 
ensemble system over Gaussian Elimination graph on 4 
processors.

Figure 24 represents the Makespan, SLR and Reliability 
values for HEFT, CPGS, HEFT-NSGA algorithms and pro-
posed ensemble system over FFT graph.

It is observed that the proposed ensemble method 
reaches better performance compared to the CPGS, 
HEFT and HEFT-NSGA.

In order to illustrate the robustness of the proposed 
approach against replacement of a metaheuristics with 
a new one or adding a new one to the existing system, 
Table 11 is provided over task graph presented in Fig. 21.

It can be seen that proposed system is robust against 
replacement and insert actions in which the results are 
very similar and there is no significant difference.

6  Conclusions and future works

This paper presents a novel method of ensemble learn-
ing for solving multi-objective multiprocessor schedul-
ing problem in heterogeneous distributed systems. Mul-
tiprocessor scheduling problem is of great importance 
in distributed systems in which it aims to distribute a 
parallel program through the processors in order to opti-
mize objective functions. The objective functions to be 
considered are namely makespan, average flow-time and 
reliability. The proposed ensemble system comprises 
six metaheuristics working on a shared population and 

(12)SLR =
Makespan

∑
vi∈CPmin

min
�
cost
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Fig. 20  Pareto-front extracted by ensemble system over FFT1
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Fig. 21  Internal rate of return graph [34]

Table 10  Objective values 
obtained by ensemble system 
and individual metaheuristics 
for IRR

Best makespan Best average flow-time 
(AFT)

Best reliability index

Makespan AFT Reliability Makespan AFT Relibility Makespan AFT Relibility

Ensemble system 475 643 414 580 523 465 600 596 381
MOGA 580 688 525 623 645 525 645 688 464
MOPSO 600 688 568 720 645 525 704 691 464
MODE 580 721 525 720 712 668 754 782 521
SPEA2 640 665 725 710 702 735 715 606 545
AMOSA 600 786 715 680 675 668 755 789 464
NSGAII 515 643 490 590 585 490 625 662 420
MOABC 625 743 774 680 675 820 710 798 686
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cooperating based on a proposed strategy. To increase 
exploration efficiency, subpopulations and metaheuris-
tics are selected based on dominance rank and success-
rate values respectively. This way, system can learn grad-
ually how effective the metaheuristics and how good the 

population members are. Likewise, the collaboration of 
metaheuristics makes it possible to discover more prom-
ising parts of search space. All non-dominated solutions 
found during execution of the system are kept by local 
and global archives considered in proposed framework. 
Briefly, the proposed ensemble system prefers short-
term running of different metaheuristics instead of a 
long-term running of a single metaheuristic. Obtained 
results demonstrate that proposed ensemble system 
outperforms all state-of-the-art methods reported in lit-
erature. Also, it can be observed that proposed ensemble 
system performs better than its individual metaheuris-
tics in terms of objective functions.

Further works are planned to use the proposed system 
with better strategies over different problems e.g. task 
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Fig. 22  Pareto-front extracted by ensemble system over IRR graph
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scheduling in cloud computing. Likewise, it would be ben-
eficial to test the replacement and extension of ensemble 
system with different and new metaheuristics. In addition 
to this, the proposed ensemble system is suitable to be 
used in distributed and parallel processing environments.
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