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2A.

Abstract: One of the critical design issues in real-time systems is energy consumption, especially in battery-operated systems.
Generally higher processor voltage generates higher throughput of the system while decreasing voltage can perform energy
minimisation. Instead of lowering processor voltage, this paper presents an optimum energy efficient real-time scheduling to
adjust voltage dynamically to achieve optimum throughput. Earlier research works have considered random new tasks, which
have been divided into jobs using pfair scheduling to fit into idle times of different cores of the system. In this paper we consider
each job has different power levels and execution time at each power level can be found using normalised execution time.
Based on the power levels and their corresponding execution time, we find different combinations of energy signature of the
system and derive the optimum state of the system using a weighted average of the energy of the system and corresponding
throughput. We verify the proposed model using generated task sets and the results show that the model performs excellently in
all the cases and significantly reduced the total energy consumption of the system with respect to some popular and relatively
new scheduling schemes.

1.

Introduction

1.1 Energy consideration in real-time multi-core systems
Nowadays, there has been a rapid and widespread use of nontraditional computing platforms, particularly mobile and portable
computing devices. Portable real-time systems powered by battery
have been extensively used in many applications. Quantities and
functional complexity of portable devices powered by the battery
are increasing day by day and consequently, energy efficient design
of such devices is becoming more important. Also, these real-time
systems have to concurrently perform complex tasks under time
constraints. Thus reduction of power consumption and extension of
battery lifespan maintaining the timing constraints have become a
critical aspect in designing such real-time systems. On the other
hand, we have to look at the throughput of the system as well
because minimisation of power consumption reduces the
throughput of the system [1]. Therefore balancing between the
optimum energy of the system and optimum throughput of the
system is a challenge today.
This paper is organised as follows: Section 1 provides
background and related works for energy efficient task scheduling
in real-time multi-core systems. Section 2 introduces our proposed
task scheduling model in real-time multi-core systems considering
energy and throughput. Section 3 verifies the proposed model and
Section 4 provides the experimental results. Section 5 summarises
our contribution and gives directions for future work. Section 6 is
the Appendix consisting of important tables related to work.
1.2 Background and related works
A lot of studies regarding task allocation to real-time operating
systems considering performance improvement and energy
efficiency have been carried out intensively in the existing
literature. A number of Dynamic Voltage Scaling (DVS) policies
are implemented and evaluated in terms of their energy savings and
real-time performance.
A novel predictive DVS-based energy savings technique for the
memory hierarchy has been proposed in [2], where the technique
uses idle banks rather than shutting them down. A voltage scaling
technique, named PreDVS has been proposed in [3], which assigns
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voltage levels based on the task set's pre-emptive scheduling for
hard real-time systems. The approach is based on an approximation
scheme hence can guarantee to generate solutions within a
specified quality bound. An energy scheduling algorithm has been
designed in [4], where the algorithm saves more energy and
increases reliability over the existing ones. Spalluto [5] proposed a
new FreeRTOS tickless framework solution that exploits the power
modes provided by EFM32. In [6], the authors present an approach
where the program is divided into segments and executed in the
different core to improve the performance and power.
Kamruzzaman et al. [7] show that dynamic frequency scaling
coupled with intercore prefetching is a more energy efficient way
to improve the single thread execution. Wang and Kim [8] found
that under the same power and yield constraints, a processor with
less device-level redundancy can provide higher throughput. In [9],
the authors propose decoupled compressed cache to improve
performance and energy efficiency of cache compression. Parke
[10] developed an energy efficient real-time operating system to
run on a new processor architecture that is being developed by the
Institute of Computing Systems Architecture of the School of
Informatics at the University of Edinburgh. Ghor and Aggoune
[11] aim at the improvement of real-time operating systems that are
powered by renewable energy source (e.g. solar energy). The
objective of this work is to develop software components for the
design of real-time operating systems. Mitra [12] proposed runtime
management strategies in the architecture of a heterogeneous
multi-core system for improvement of energy-efficiency.
In [13], the energy efficient synchronisation approaches for
real-time embedded systems have been investigated under various
characteristics of shared resources and system architectures. Yu et
al. [14] present a node scaling model to achieve power-aware
scheduling in an identical multi-core system. A fast event driven
thermal estimation method for monitoring temperature and guiding
dynamic thermal aware scheduling is proposed in paper [15].
Libutti et al. [16] introduce an approach to optimise the coscheduling of multi-threaded applications on heterogeneous
architectures, thus improving performance and energy efficiency.
In [17], the authors propose an energy efficient real-time dynamic
algorithm for multitask scheduling with uncertain execution time.
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The study uses the concept of quantitative switching overhead and
communication penalty.
From all of these works, it may be concluded that there is a
need to have an efficient dynamic scheduling model for allocating
the task to real-time multicore systems maintaining the deadline
constraints in such a way that energy, as well as throughput of the
system, can also be achieved as optimum. Our study proposes such
a scheduling model to have optimum energy as well as optimum
throughput.
1.3 Claim for novelty
This is an advancement of research work as presented in [18]. In
addition, we have incorporated an energy parameter in this study to
obtain a balance between energy and throughput of the system. The
main contributions of our proposed model are as follows:
(1) For the first time, a new kind of task scheduling model for
multicore real time system has been implemented by extending the
work of Baital and Chakraborti [18]. It gives better performance
than the previous model. Furthermore, the proposed scheduling
scheme significantly reduced the total energy consumption of the
system with respect to some popular scheduling algorithms namely
earliest deadline first (EDF) by 18%, deadline-monotonic (DM) by
17.5%, and a relatively new scheduling scheme optimal job to a
fast processor first (OJFPF) as explained in [19] by 6%.
(2) The proposed model finds an optimum state of the system
where throughput [i.e. central processing unit (CPU) utilisation]
and energy of the system are optimum.
(3) A ranking methodology of the system has been established
considering energy budgets and corresponding throughputs of the
system.
(4) The user of the model has the flexibility to choose any of the
ranking states depending upon the requirements of the throughput
and energy without missing the deadline of the task.
(5) To the best of our knowledge, there is no previous research
work existing to find an optimum state of the real-time system
using ranking methodology considering energy budgets and
corresponding throughputs of the system.

2

Proposed task scheduling scheme

2.1 Problem statement
Each new task has a certain number of power levels of operations,
which will be defined by respective clock frequencies. Given a set
of new tasks with the respective deadlines and execution times as
inputs, our objective is to find an energy signature of each of the
tasks such that the total energy budget of the system is minimised
without missing the deadline of any of the task. Our next objective
is to find an optimum state of the system using the ranking
methodology, considering all the energy budgets of the system and
the corresponding throughputs of the system based on the above
findings.
2.2 Problem solution with the description
2.2.1 Assumptions: All the jobs are independent and atomic.
Each job has n number of power levels W1, W2,…, Wn, where W1
< W2 < ⋯ < Wn <⋯. The power levels produce energy levels F1,
F2,…, Fn, respectively. Each job has n number of execution times
E1, E2,…, En corresponding to n number of power levels W1, W2,
…, Wn, respectively, which produces n number of energy levels. To
calculate the execution time of the job, normalised execution times
for tasks based on different power levels have been taken from the
experiment on the power-time trade-off of parallel execution on
multi-core platforms as shown in [20]. Execution times of jobs are
calculated from the normalised execution time with the help of
geometric mean as per the formula:
ZW = geometric mean of E1W , E2W , E3W , …, EJW ,
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(1)

where ZW is the normalised execution time at a particular power
level and EJW is the execution times of jobs J at a particular power
level W; J = 1, 2,…, N numbers; W = 1,2,…, n numbers. The N
(number of jobs) may be or may not be equal to n (number of
power or energy levels/execution times).
2.2.2 System model: As per work in [21, 22] we may consider
the following parameter for the proposed model:
Processor – we assume that the system is compatible with DVS
that is processor speed (frequency) and supply voltage can be
adjusted dynamically. We further assume that the processor has two
modes: (i) stand-by mode: in this mode, the processor does not
execute any tasks and consume only the stand-by power. The CPU
switches to stand-by mode when it is idle. (ii) Execution mode: in
this mode, the CPU speed can vary among different frequency
levels. Here power consumption is a function of CPU speed/
frequency. In any time interval, the total energy consumption
includes the stand-by and dynamic power consumption
components. We assume that the CPU speed can be changed only
at task completion or pre-emption points. We also assume stand-by
power is negligible.
Energy – through DVS technique we can reduce dynamic
power dissipation by dynamically scaling the supply voltage and
the clock frequency of processors. The relationship between power
dissipation W, supply voltage V, and frequency f is represented by
the following formula:
W = C*V 2* f ,

(2)

where C is the switched capacitance. In recent processors, the
relationship between frequency f and power W gives foundation to
dynamic voltage scaling explained in the following equation:
F = W*E,

(3)

where F is energy consumed, E is time taken to execute the tasks,
and W is the power consumed by the tasks.
2.2.3 Working principle: In [18], the authors propose a dynamic
scheduling model where new tasks are stored in the global queue
and are divided into a number of jobs using the pfair concept. Each
job is associated with pseudo-release time and pseudo-deadline.
Based on the pseudo-release time of new job of the task in the
global queue, searching to time-core map table is done and
accordingly forwarded to the local queue of the matching core.
Based on the release time and execution time of that of the new job
we estimate if the job can be allocated to core (from local queue of
matching core) before starting of next instance of the existing task
at that core, honouring the deadline constraints. If the condition is
satisfied we assign the job from the local queue to the particular
core.
We propose to extend the above research work as per the
following working principle.
Each job in the global queue has been assigned different
execution times corresponding to different power levels of the
cores as per assumption. The power levels (W) of the cores are
defined as row matrix W = [Wij]1×n, where Wij is the power level at
the ith row and the jth column such a way that i = 1 and j ≤ n (n is
the power level). Let for job J (J = 1,2,…, N), execution time E
corresponding to the above power levels W is defined as matrix as
follows: E = [Eij]N×n, where Eij is the execution time of the ith job
in the jth power level; N is the number of jobs and n is the number
of power levels. Similarly, the release-time and deadline for job J
corresponding to above power levels are defined as matrix R =
[Rij]N×n and matrix D = [Dij]N×n, respectively, where Rij is the
release time of the ith job in the jth power level and Dij is the
deadline of the ith job in the jth power level. First, jobs are
assigned to local queues of matching cores based on a particular
power level of operation of the jobs. In the local queues of cores,
jobs are allowed to be switched among different power levels of
operations to allocate the jobs into cores with minimum energy
consumption such a way that the jobs can meet the deadline criteria
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or can be fitted before the next instance of the existing task of the
cores. Next, in the local queues of cores, we calculate all possible
energy signature combinations of the system considering all the
combinations of execution times of jobs and corresponding power
levels of operations for all the cores such that every combination
satisfies the job deadline constraints. We find minimum energy
signature combination from all the above combinations for all the
cores considering all the tasks. In this way, we can allocate all the
jobs to the cores at one go and find the minimum energy signature
of the system. Finally, we find a ranking of the system performance
and subsequently calculate the optimum state of the system
considering a weighted average of the energy as well as the
throughput of the system. We consider the weighted average of the
energy and throughput as per below.
We assume 30% weight (0.30) for the energy and we label it as
weight1. Furthermore, we assume 70% weight (0.70) for the
throughput and we call it as weight2.
The throughput of the system is calculated as per the following:
Thi = total execution time of all the jobs/no of jobs ,

(4)

where Thi is the throughput in the ith energy signature. We
calculate the weighted average of the system as per the following
formula to find the ranking table:
weight1*throughput + weight2*energy /
weight1 + weight2 .

(5)

The algorithm of work [18] may be updated by incorporating the
following algorithm at the end.
2.2.4 Algorithm and its description: See Fig. 1.
2.2.5 State of task in memory: There are two types of tasks
based on the use of memory; one is a memory intensive task and
other is a processor intensive task. A task is called a memory
intensive task if it is speed limited by how quickly the memory can
feed data to the processor. As per the requirement to remember
many things at once, a process uses a lot of RAM. On the other
hand, a task is called a processor intensive task if it is speed limited
by how quickly the processor can compute the data. As per the
requirement to accomplish a task, CPU works actively and as a
result, the process uses a lot of CPU. Our model is useful for
‘memory intensive task’ as jobs use a lot of RAM initially to
compute the different power levels and the jobs need to remember
many things at once.

3

Verification of the proposed model

The algorithm is verified through simulation in C programme
environment. Real-time tasks with execution times and deadlines at
different power levels are taken as input to the programme and the
results of the programmes have been plotted in a graph to illustrate
the simulation results.
We take as sample three new tasks which produce three types of
jobs. Each task is divided into five jobs as per pfair as shown in the
research work [18] and each job has three power levels. The
execution times of job at different power levels are calculated using
the normalised execution times as mentioned in the experiment
[20]. Considering C = V = 1 in the formula number 2 (W =
C*V2*f), we find that the normalised execution times at power
level 1 (1064 MW), power level 2 (1197 MW) and power level 3
(1595 MW, P3) are 1.5, 1.2, and 1.0 ms, respectively. Using the
above-normalised execution times and geometric mean formula (1)
we may calculate execution times of three types of jobs at three
different power levels as follows.
Normalised execution time is 1.5 ms, so we may calculate
execution time for three types of jobs as 1.5 = GM (x, 2x, 4x),
where x, 2x, and 4x are the execution times of three types of jobs at
power level 1 and x is an integer value. Now x comes as 0.75, 2x =
1.5 and 4x = 3.0. Therefore execution times of three types of jobs
are 0.75, 1.5, and 3.0 ms at power level 1.
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Similarly from the normalised execution time of 1.2 ms, we
may calculate execution times for the same three types of jobs as
0.6, 1.2, and 2.4 ms at power level 2 and from normalised
execution time 1.0 ms, we may calculate execution time for the
same three types of jobs as 0.5, 1.0, and 2.0 ms at power level 3.
Hence we may say that
(a) The first type of job corresponding to task1 has the execution
times 0.75, 0.6, and 0.5 ms at different power levels (levels 1, 2,
and 3).
(b) The second type of job corresponding to task 2 has the
execution times 1.5, 1.2, and 1.0 ms at the above power levels.
(c) The third type of job corresponding to task 3 has the execution
times 3.0, 2.4, and 2.0 ms at the above power levels.
Using the above data, we may draw a graph depicting changes
in execution times corresponding to different power levels as
shown in Fig. 2.
For our experiment, we consider three new tasks initially
operated at power level 1: task 1 (period = 10, execution time =
3.75, execution time of jobs is 0.75 as each task is divided into
five), task 2 (period = 14, execution time = 7.5, execution time of
jobs is 1.5) and task 3 (period = 32, execution time = 15, execution
time of jobs is 3). The period of the tasks is taken randomly. Ten
jobs among the above are stored in the global queue at a particular
instance of time and eight from ten jobs are matched with the timecore-map table and forwarded to the local queue of the cores as the
following:
C1 ← J1, C3 ← J2, C5 ← J3, C1 ← J4, C2 ← J5, C4 ← J6,
C2 ← J7, C1 ← J8.
The release time, deadline of above jobs, and period of existing
tasks in cores are as follows:
R = 1 3 5 7 2 4 6 5 , D = {3 5 7 9 4 6 8 6}
P = {2 6 10 8 4 8 8 6} .
As the jobs in local queues of cores are allowed to change the
power level of operation, thus we have following execution times
for the jobs at local queues of cores corresponding to three power
levels:
E = 1.5, 1.2, 1 , 1.5, 1.2, 1 , 1.5, 1.2, 1 , 1.5, 1.2, 1 ,
3, 2.4, 2 , 3, 2.4, 2 , 3, 2.4, 2 , 0.75, 0.6, 0.5 .
From the above list of execution times of jobs, we ignore the
execution times for which jobs cannot be allocated to cores
meeting the deadline criteria or jobs cannot be accommodated
before the next instance of the existing task of the cores using the
formula of the algorithm. Thus we have the following list of
successful execution times of jobs:
E = 1 , 1.5, 1.2, 1 , 1.5, 1.2, 1 , 1 , 2 , 2 , 2 ,
0.75, 0.6, 0.5 .
Next, we find all combinations of energy signatures of the system
considering all the above execution times of jobs and
corresponding power levels. Thereafter, we find the minimum
energy signature of the system from all the above combinations of
energy signatures of the system. Finally, we find the optimum state
of the system using the weighted average calculation of energy and
throughput of the system as explained in the working principle
section.

4

Experimental results

As per the experimental results, we find the following minimum
system energy (SEmin) signature of the system using the concept of
formula (6)
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SEmin = 1xW 3 + 1.2 xW 2 + 1.2 xW 2 + 1 + 2 + 2 + 2 xW 3
+ 0.60xW 2 = 16, 350 MJ .
The minimum energy is 16,350 MJ and in the minimum energy
signature we have the following single execution times of all the
jobs which are allocated to cores:
E = 1, 1.2, 1.2, 1, 2, 2, 2, 0.60 .
Hence, our proposed model can find minimum energy signature
and minimum energy of the system. The proposed scheduling
scheme also finds minimum power levels and execution times for
all jobs that are sufficient enough to allocate the jobs into cores.
The normalised energy of the system as calculated using the
geometric mean formula is ∼16,660 MJ and hence we may
consider that model as per work in [18] will consume energy of
16,660 MJ to allocate the above tasks into appropriate cores.
Therefore, we may say that the proposed model will save ∼2% of
energy in average cases comparable to the model proposed in [18].
Furthermore, we compare the energy consumption of our
proposed scheduling scheme with other existing scheduling
algorithms namely EDF, DM and relatively new scheduling OJFPF
as defined in [19]. For comparison, we consider the normalised
total energy with respect to the number of jobs (task instance)
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which we get by varying the number of jobs in our proposed
scheduling scheme and calculating normalised total energy using
geometric mean formula (1). The normalised total energy
consumptions versus a number of jobs (task instance) for EDF,
DM, and OJFPF scheduling are taken from [19]. We plot the
comparison result as shown in Fig. 3. From Fig. 3, we find that the
total energy consumptions are almost the same for all the existing
scheduling schemes (EDF, DM, and OJFPF) as well as our
proposed scheduling scheme when the number of jobs is ≤8, i.e.
when the system is under loaded conditions. However, when the
number of jobs is greater than eight, i.e. when the system is under
over loaded conditions, the rate of increase of total energy for EDF
and DM is very high comparable to our proposed scheduling
model. Even, the increase of total energy for OJFPF is relatively
high comparable to proposed scheduling scheme. The proposed
scheduling scheme considers different power levels of the cores
and jobs are allowed to be switched among different power levels
of operations to allocate the job into cores with minimum energy
consumption such a way that the jobs can meet the constraints. The
existing scheduling schemes (EDF, DM, and OJFPF) do not
consider the approach of different power levels of cores. Hence,
proposed scheduling scheme consumes much less energy than the
above-mentioned scheduling schemes. Therefore, it may be
concluded that the total energy consumed by the proposed
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Fig. 1 Algorithm job_localqueue_tocore_with power combination

Fig. 2 Data showing different execution times corresponding to different power levels

scheduling scheme is much less than that of the other existing
scheduling schemes when the number of jobs is large, i.e. the
system is under over loaded conditions.
Table 1 shows the performance increase for our proposed
scheduling scheme, in average cases of energy consumption,
compared to the EDF, DM, and OJFPF models when the system is
under overloaded conditions, i.e. when the number of jobs is
greater than eight.
In addition, the following experimental results may also be
concluded.
4.1 We can find a number of job allocations at each power
level
We find nearly a straight line as shown in Fig. 4, where the ratio of
jobs’ allocation increases while the power level increases.
4.2 We can find job rejection percentage ratio at each power
level
We find nearly a straight line as shown in Fig. 5, where job
rejection percentage decreases while power level increases. Finally,
we find the job rejection percentage of the system in-spite of the
98

highest power level by measuring the number of unsuccessful job
allocation at the highest power level. From the above experiment,
we find that the job rejection percentage of the system in average
case is approximately within 2–3%. Hence our proposed model
shows that almost 98% of all the new random tasks are
accommodated into the system at a fixed time period. In [18], it has
been shown that the CPU utilisation (i.e. allocation of tasks to
cores) of the scheduling scheme is very high comparable to the
Rate Monotonic (RM) scheduling and EDF scheduling and 95% of
the random new tasks with different periods and execution times
are accommodated in the system at a fixed time period. Therefore,
it may be concluded that in the proposed model CPU utilisation has
been increased by almost 3% from the existing model [18]
maintaining very high utilisation comparable to RM scheduling
and EDF scheduling as well.
4.3 We can find overhead due to switching between different
power levels
There are two main sources for calculating overhead due to
switching between different power levels: (i) computing a new
speed and (ii) setting the speed through a voltage transition. The
IET Comput. Digit. Tech., 2019, Vol. 13 Iss. 2, pp. 93-100
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Fig. 6 Graph showing overhead due to switching power levels at different
tasks

Fig. 3 Comparison of the normalised total energy of our proposed
scheduling scheme with other existing scheduling

Table 1 Performance increase (%) of proposed scheduling
scheme compared to EDF, DM, and OJFPF scheduling
based on energy consumption
EDF
DM
OJFPF
energy consumption

18%

17.5%

6%

Fig. 7 Plot showing throughput of the system versus the ratio of energy

in Fig. 6 shows that the overhead increases proportional to the
increase in a number of jobs.
Fig. 4 Data showing power level versus the ratio of number of job
allocation

4.4 Ranking methodology
Our next objective is to find a ranking of the system to find the
optimum state of the system using the weighted average calculation
of the energy and throughput. The throughput and ratio of the
energy of the system in different energy signatures is calculated as
per (4) explained in the working principle section and the dataset is
shown in Table 2 (see the Appendix for Table 2 dataset). Finally,
we draw the graph as shown in Fig. 7 using the dataset of Table 2
(see the Appendix for Table 2 dataset) and formulate different
rankings of the system as shown in Table 3 (see the Appendix for
Table 3 ranking).

Fig. 5 Data showing the ratio of job rejection percentage against different
power levels

overhead of computing the speed depends on the CPU operating
frequency during each computation and may be ignored. The speed
change overhead takes between 25 µs and 150 µs and consumes
energy in the range of micro joules (e.g. 4 μJ in lparm and voltage
changing overhead is constant for all the power level transitions in
a given processor) [23]. However, we have used the value 1 µJ for
each speed change instead of 4 µJ as a scaled version for
convenient graph plotting. Fig. 6 shows the overhead pattern due to
the switching power level at different tasks. The graph as depicted
IET Comput. Digit. Tech., 2019, Vol. 13 Iss. 2, pp. 93-100
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4.4.1 Observations from the graph (Fig. 7): From the graph as
shown in Fig. 7 we find that the throughput at SEmin is the
optimum (best favourable) state of the system where the
throughput and energy are balanced equally. We call the system
state as an optimum state, throughput as optimum throughput and
the corresponding energy as the optimum energy. If we want to
increase the throughput of the system above the optimum
throughput, the energy of the system is increased above the
optimum energy. Alternately if we want to decrease the throughput
of the system below the optimum throughput the energy of the
system is increased above the optimum energy. Therefore we
discard all the throughputs which are below the optimum
throughput as these throughputs are not feasible for the system.
Now we assign weights to the throughput (70% weight) and
corresponding energy (30% weight) of the system to find a ranking
of the different feasible system state. We calculate the weighted
99

average of the system using (5) as explained in the working
principle section and find the ranking table as shown in Table 3
(see the Appendix for Table 3 ranking). Based on the ranking
shown in Table 3 (see the Appendix for Table 3 ranking), the user
has the flexibility to choose the throughput and corresponding
energy value of the system to construct an energy signature of the
tasks without missing the deadline of the task. The weight of the
throughput and weight of the corresponding energy may vary
depending upon the user choice (e.g. x% weight of the throughput
and [1 – x]% weight of the corresponding energy where x may be
any value between 0 and 100 as desired by the user with respect to
his/her bias for throughput and energy) and accordingly different
ranking tables may appear.

5.

Conclusion

This study incorporates energy parameter in the dynamic
scheduling of tasks for multi-core real-time systems. The proposed
model considered different power levels of operations of jobs. The
execution times of jobs at different power levels are achieved by
normalised execution time. We calculate the minimum energy
signature of the system from all the combinations of execution
times of jobs and corresponding power levels of operations for all
the cores. Finally, we find a ranking of the system performance and
subsequently select an optimum state using the weighted average
formula where energy, as well as throughput of the system, is
optimised. The other important issues such as load balancing
among the processing cores, task dependency, resource sharing,
and other performance parameters will also be developed in
different phases of this model development.
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Appendix

See Tables 2 and 3 (overleaf).
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Table 2
Fig. 7
Sl. No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27

Dataset used for generating the plot shown in
Throughput

Ratio of corresponding energy

1.469
1.450
1.438
1.431
1.413
1.400
1.406
1.388
1.375
1.431
1.413
1.400
1.394
1.375
1.363
1.369
1.350
1.338
1.407
1.400
1.375
1.369
1.350
1.338
1.344
1.325
1.313

1.000
0.995
0.999
0.990
0.986
0.990
0.999
0.995
0.999
0.990
0.986
0.990
0.981
0.976
0.980
0.990
0.986
0.990
0.999
0.995
0.999
0.990
0.986
0.990
0.999
0.995
0.999
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Table 3 Ranking table of system performance based on
energy and throughput
Sl. No. Throughput
Corresponding
Weighted Rank
(70%)
energy (30%)
average
1
2
3
4
5
6
7
8
9
10
11
12
13
14

1.469
1.450
1.438
1.431
1.413
1.400
1.406
1.388
1.375
1.431
1.413
1.400
1.394
1.375

1.000
0.995
0.999
0.990
0.986
0.990
0.999
0.995
0.999
0.990
0.986
0.990
0.981
0.976

1.3283
1.3135
1.3063
1.2987
1.2849
1.2770
1.2839
1.2701
1.2622
1.2987
1.2849
1.2770
1.2701
1.2553

10
9
8
7
6
4
5
3
2
7
6
4
3
1

101

