
Chapter 2

Hardware/Software Partitioning

for Embedded Systems

M.C. Bhuvaneswari and M. Jagadeeswari

Abstract Current methods for designing embedded systems require specifying and

designing hardware and software separately. Hardware/software partitioning is

concerned with deciding which function is to be implemented in Hardware

(HW) and Software (SW). This type of partitioning process is decided a priori to

the design process and is adhered to as much as possible because any changes in this

partition may necessitate extensive redesign. As partitioning is an NP hard problem,

application of the exact methods tends to be quite slow for bigger dimensions of the

problem. Heuristic/evolutionary methods have been proposed for partitioning prob-

lems. This chapter deals with multi-objective optimization of minimizing two

objectives area and the execution time of the partition. To validate the efficiency

of the algorithms, performance metrics are calculated. Experimental results for the

HW/SW partition for mediabench and DSP benchmarks are tabulated and analyzed.

Keywords Hardware/software partitioning • Embedded systems • Pareto-optimal

solutions • Performance metrics • Multi-objective optimization • Multi-objective

evolutionary algorithms

2.1 Introduction

The complexity of very large scale system integration (VLSI) and embedded

systems is increasing and the analysis and design of such complex systems is a

nondeterministic polynomial time (NP) hard problem. Hardware/software co
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design (HSCD) is the discipline of automating the design of complex embedded

systems that function using both hardware and software. The central task of HSCD

is hardware/software partitioning which is concerned with deciding which function

is to be implemented in Hardware (HW) and Software (SW). This implementation

aims at finding an optimal trade-off between conflicting parameters such as area and

execution time. Deterministic methods for partitioning problems provide exact

solutions, but when applied to complex problems they become computationally

intractable. As partitioning is an NP hard problem, application of the exact methods

tends to be quite slow for bigger dimensions of the problem. Heuristic/evolutionary

methods have been proposed for partitioning problems (Schaumont 2013; Wu

Jigang et al. 2010; Greg Stit 2008; He Jifeng et al. 2005; Zou Yi et al. 2004;

Theerayod Wiangtong 2004; Arato et al. 2003; Dick and Jha 1997; Ernst

et al. 1992). This chapter focuses on the application of multi-objective evolutionary

algorithms for HW/SW partitioning of embedded systems.

This chapter mainly focuses on the algorithmic aspects of the central phase of

HSCD, that is, functional partitioning. Functional partitioning divides a system

functional specification into multiple subspecifications. Each subspecification rep-

resents the functionality of a system component such as HW or SW processor and is

synthesized down to gates or compiled down to machine code. Functional

partitioning results in both HW and SW implementations with less number of

HW functional blocks. The embedded system to be partitioned is modeled as

Directed Acyclic Graph (DAG). A DAG is a graph G (V, E), where V is the set

of tasks (functional nodes) and the edge E represents the data dependency between

the two tasks with V ∈ {v1, v2 . . . vi} and E ∈ {e1, e2 . . .ei}. Each task is

associated with five integer values: (1) HW-execution time (tH), that is, the time

required to execute the task on the HW module; (2) the HW implementation of the

task requires area CH on the HW module; (3) SW-execution time (tS), that is, the
time required to execute the task on the processor; (4) the SW implementation of

the task requires memory CS on the software module; and (5) the communication

costs (CC), which refers to the delay in transfer of data between HW and SW tasks.

This cost is ignored if the transfer of data is between two nodes on the same side

(i.e., two HW nodes or two SW nodes). Functional partitioning is done using

evolutionary algorithms that decide the tasks to be implemented in HW or in

SW. The evolutionary algorithms are iterated until the required number of gener-

ations is reached to obtain optimal HW/SW partitions.

In this chapter, three multi-objective optimization algorithms are illustrated:

Weighted Sum Genetic Algorithm (WSGA) (Deb 2002), Nondominated Sorting

Genetic Algorithm (NSGA-II) (Deb 2002), and Multi-objective Particle Swarm

Optimization using Crowding Distance strategy (MOPSO-CD) (Tsou et al. 2006)

applied for solving HW/SW partitioning problem. To validate the efficiency of the

algorithms, performance metrics are calculated. Experimental results for the

HW/SW partition for mediabench and DSP benchmarks are tabulated. The results

obtained demonstrate that the NSGA-II is effective in solving HW/SW partitioning

problem and provides good results for most of the benchmark circuits.
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2.2 Prior Work on HW/SW Partitioning

Majority of the proposed partitioning algorithms are heuristic, due to the fact that

the partitioning problem is NP-hard. The NP-hardness of the HW/SW partitioning

was claimed by several researchers (Eles and Peng 1996; Kalavade and Lee 1994;

Binh et al. 1996).

The proposed exact algorithms include branch-and-bound (D’Ambrosio and Hu

1994; Binh et al. 1996), dynamic programming (Madsen et al. 1997; Shrivastava

and Kumar 2000), and integer linear programming (Arato et al. 2003). Two

partitioning algorithms for HW/SW partitioning were presented by Arato

et al. (2003): one based on Integer Linear Programming (ILP) and the other on

Genetic Algorithm (GA). It was proved that ILP-based solution works efficiently

for smaller graphs with several tens of nodes and yields optimal solutions, whereas

GA gives near-optimal solutions on an average and works efficiently with graphs of

hundreds of nodes. The performance of GA was found to be uniform, whereas wild

oscillations were found in the run time of ILP.

Many researchers have applied general-purpose heuristics to HW/SW

partitioning. Particularly, genetic algorithms have been extensively used

(Wu Jigang et al. 2010; Greg Stit 2008; He Jifeng et al. 2005; Zou Yi et al. 2004;

Theerayod Wiangtong 2004; Arato et al. 2003; Srinivasan et al. 1998; Ernst

et al. 1992). Simulated Annealing (SA) was popularized by Kirkpatrick Vecchi

(1983) as an alternative to greedy approaches, which are quickly trapped in local

minima since they can only make downhill moves. This algorithm was also used by

TheerayodWiangtong (2004), Eles and Peng (1996), Ernst et al. (1992), and Lopez-

Vallejo et al. (2000). Other less popular heuristics in this group are tabu search

(Theeryod Wiangtong 2004; Eles and Peng 1996) and greedy algorithms (Chatha

and Vemuri 2001). Some researchers used custom heuristics to solve HW/SW

partitioning (Barros et al. 1993). This includes Global Criticality/Local Phase

(GCLP) algorithm (Kalavade and Lee 1994), expert system of Lopez Vallejo

et al. (2000), and binary constraint search algorithm by Vahid and Gajski (2001).

Concerning the system model, further distinctions can be made. In particular,

many researchers consider scheduling as a part of partitioning (Kalavade and Lee

1994; Niemann and Marwedel 1997; Chatha and vemuri 2001; Lopez-Vallejo

et al. 2000), whereas others do not (Eles and Peng 1996; Vahid et al. 1994). The

problem of assigning communication events to link between HW and/or SW units

was included by Dick and Jha (1997).

In a number of related articles, the target architecture consists of single SW and a

single HW unit (Eles and Peng 1996; Gupta and De Micheli 1993; Henkel and Ernst

2001; Lopez-Vallejo and Lopez 2001; Vahid and Gajski 2001). Other researchers

do not impose this limitation. Some researchers limit parallelism inside HW or SW

(Vahid and Gajski 2001) or between HW and SW (Henkel and Ernst 2001). All of

these algorithms aimed at optimization of only one objective. Jagadeeswari and

Bhuvaneswari (2009) employed multi-objective optimization techniques for

HW/SW partitioning of embedded systems.
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2.3 Target Architecture

The characteristic of the target system architecture consists of one SW processor

(aimed to execute C programs), one HW module (implements the VHDL/Verilog

descriptions), and shared bus (communication between HW and SW) as shown in

Fig. 2.1.

This target model serves as a platform onto which an HW/SW system is mapped.

Both the HW and SW have their local memory and communicate with each other

through the shared bus. There is no memory limitation in this model. The SW

processor is a uniprocessing system and can execute only one task at a time, while

the HW can execute multiple tasks concurrently.

2.4 Input Model

The embedded system to be partitioned is represented as a DAG. A DAG is a graph

G (V, E), where V is the set of tasks (functional nodes) and E, the edge, represents
the data dependency between the two tasks with V ∈ {v1, v2 . . . vi} and E ∈ {e1, e2
. . .ei} (Blickle 1996; Hidalgo and Lanchares 1997; Vahid 1997; Bakshi and Gajski

1999; Zou Yi et al. 2004). The example of such a DAG is shown in Fig. 2.2.

Each task (node) in the DAG is associated with SW area and SW time. The SW

area (CS) represents the SW memory utilized by the task and SW time (tS)
represents the execution time of the task if implemented in software processor.

The HW implementation of each task is associated with an HW area and an HW

time. The HW area (CH) represents the area occupied by the task while

implementing in HW and the HW time (tH) is the execution time of the task if

implemented in HW. If one of the two communicating tasks is implemented in HW,

and the other in SW processor, then the communication cost (CC) between them

incurs a significant overhead and is considered during partitioning. If the two tasks

are both in HW or both in SW, then the overhead is much lower and the commu-

nication cost is neglected. The communication cost in this context refers to the

delay time required to transfer the data from HW module to SW module and vice

versa.

Shared Bus
Software
Processor

Hardware
FPGA

Local
Memory

Local
Memory

Fig. 2.1 Target

architecture
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2.5 Objective Function

During the HW/SW partitioning process, the evolutionary algorithms iterates to

move each task mapped in SW to HW, which reduces the total execution time

or tries to move task mapped in HW to SW, which reduces the total area.

Multi-objective evolutionary algorithms can be employed for optimizing more

than one parameter such as area, speed, power, and delay. In this work, the

objectives used to guide the evolutionary algorithms through the optimization

process are the total execution time (T ) and total area (A), which is calculated

using Eqs. 2.1 and 2.2, respectively. Power can be obtained as the sum of HW

power and SW power. Optimization of power can be obtained by keeping area and

time as constraints.

T ¼
X

8ti ∈HW

tH þ
X

8ti ∈ SW

tS þ CC ð2:1Þ

A ¼
X

8ti ∈HW

CH þ
X

8ti ∈ SW

CS ð2:2Þ

The total time is the sum of the execution times of the tasks implemented in the

HW (tH) and SW (tS) and the delay in communication (CC) between the HW and

SW tasks and vice versa. The total area is the sum of the silicon area of the tasks

implemented in the HW (CH) and SW memory utilized (CS) by the tasks when

implemented in the SW (Hou and Wolf 1996; Zou Yi et al. 2004).

2.6 Encoding Procedure

The chromosomes (individuals) are made up of units called genes. Group of

individuals form a population. The individuals are characterized by a chromosome

with an amount of genes equal to the number of functional nodes with each

gene representing a task in the system. Binary encoding scheme is employed.

The chromosome is characterized as an individual defined by {t1, t2, t3, t4. . .tn},

V2

V1

V4

V6 V5

V3

V7

Fig. 2.2 Directed acyclic

graph
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ti € {1, 0}, i € {1, 2. . .n}, where “n” is the number of tasks in the embedded system.

If ti¼ 1, the corresponding block is implemented in the HW and if ti¼ 0, then

the corresponding block is implemented in the SW as shown in Fig. 2.3.

2.7 Performance Metric Evaluation

When different algorithms exist for solving a particular problem, it becomes

necessary to compare these in terms of their performance. There are two distinct

goals in multi-objective optimization: (1) discover solutions as close to the pareto-

optimal solutions as possible and (2) find solutions as diverse as possible in the

obtained nondominated front. These two goals are orthogonal to each other as the

first one requires a search toward pareto-optimal region while the second goal needs

a search along the pareto-optimal front.

2.7.1 Metrics Evaluating Closeness to True
Pareto-Optimal Front

These metrics explicitly compute a measure of the closeness of a set ofM solutions

obtained from the known true pareto-optimal set (T ) (Deb 2002).

Individual 2

Chromosome

Individual 1

Chromosome

Chromosome

0 0 1 0 0 1 1 1

0 1 1 0 1 1 1 1

1 0 1 0 1 1 1 1 Individual N

0- SW Gene

1- HW Gene

Fig. 2.3 Sample

population for HW/SW

partitioning problem
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2.7.1.1 Error Ratio (ER)

The metric ER simply counts the number of solutions that are not the members of

the true pareto-optimal set T. It is calculated using Eq. 2.3.

ER ¼
XM

i¼1
Ei

M
ð2:3Þ

M is the total number of solutions obtained. The value of Ei¼ 1 if the solution “i”
does not belong to the true pareto-optimal solutions and Ei¼ 0 otherwise. The

smaller the value of ER, the better is the convergence to true pareto-optimal front.

The metric takes a value between zero and one. An ER¼ 0 means all the solutions

are members of T and ER¼ 1 means no solution is a member of T.

2.7.1.2 Generational Distance (GD)

This metric determines the average distance of the obtained solutions from the set

T. GD is obtained using Eq. 2.4:

GD ¼
XM

i¼1
dT
i

� �1=T

M
ð2:4Þ

where di is the Euclidean distance between the solution i∈M and the nearest

member of T, calculated using Eq. 2.5:

di ¼ min
Tj j

j¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
XN
n¼1

f ið Þ
n � f jð Þ

n

� �2

vuut ð2:5Þ

where f
ðjÞ
n is the nth objective function value of the jth member of the true pareto-

optimal solutions (T ) and N is the total number of objectives used in the problem.

An algorithm that generates a small value of GD implies that better solutions are

obtained.

2.7.1.3 Maximum Pareto-Optimal Front Error (MFE)

This metric computes the worst distance di among all the members of the obtained

solutions M, that is, the maximum distance among the distances di is calculated

using Eq. 2.5. A lesser value of this metric indicates that the obtained solutions are

closer to set T.
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2.7.2 Metrics Evaluating Diversity among Nondominated
Solutions

These metrics find the diversity among the obtained nondominated solutions (Deb

2002).

2.7.2.1 Spacing (S)

This metric calculates the relative distance measure between the two consecutive

solutions, using Eq. 2.6:

S ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

M

XM
i¼1

di � d
� �2

vuut ð2:6Þ

where di is calculated using Eq. 2.5 and d is the mean value of the Euclidean

distance measured as given by Eq. 2.7:

d ¼
XM

i¼1

di
M

ð2:7Þ

A value of zero for the metric spacing indicates that all members of the obtained

solutions are equidistantly spaced.

2.7.2.2 Spread (Δ)

This metric measures the spread of the obtained solutions and is calculated using

the formula given in Eq. 2.8:

Δ ¼
XN

n¼1
d es
n þ

XM

i¼1
di � d
�� ��

XN

n¼1
d es
n þMd

ð2:8Þ

where di and d are calculated using Eqs. 2.5 and 2.7, respectively. The parameter desn
is the distance between the extreme solutions corresponding to the nth objective

function. This metric takes a value of zero for an ideal distribution only when

des¼ 0 and all di values are identical to their mean d. des¼ 0 means that only true

pareto-optimal solutions exist in the obtained solutions and if di values are identical

to their mean d, then the distribution of intermediate solutions obtained is uniform.

Such a solution set is the ideal outcome of any multi-objective evolutionary

algorithm. For an ideal distribution of solutions, the value of Δ is zero. In another
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case, the distribution of the obtained solution is uniform but they are clustered in

one place, then the distribution will make all di � d
�� �� values zero and will cause

nonzero values for des
n . The quantityΔ lies within [0, 1]. For bad distributions, theΔ

values can be more than one as well.

2.7.2.3 Weighted Metric (W)

One of the convergence metrics and one of the diversity preserving metrics are

combined using Eq. 2.9 to form the weighted metric W:

W ¼ A:GDþ B:Δ ð2:9Þ

With A+B¼ 1. In this metric, the GD, which specifies the converging ability,

and Δ, which specifies the diversity-preserving ability of the algorithm are com-

bined. GD takes a small value for good convergence and Δ takes a small value for

good diversity-preserving algorithm. The algorithm with an overall small value of

W means that the algorithm is efficient in both the aspects. To combine the two

metrics, the weights A and B are chosen depending on the importance of the

performance metric. To give equal weightage to the two metrics, the values are

chosen as A¼B¼ 0.5. The performance metrics namely ER, GD, MFE can be

determined only when the true pareto-optimal solutions are known for the specified

problem. The other metrics S, Δ, and W can be determined even when the true

pareto-optimal solutions are unknown.

2.8 Experimental Results

The algorithm is programmed in C language and was run using 2.80 GHz, Pentium-

IV processor with 1 GB RAM. The algorithms are iterated using the parameter

values tabulated in Table 2.1 for the 10-node DAG (Zou Yi et al. 2004). The true

pareto-optimal solutions for this system are determined using exhaustive search so

that the performance metrics ER, MFE, and GD can be calculated. The adaptation

of WSGA, NSGA-II, and MOPSO-CD algorithms for multi-objective optimization

of HW/SW partitioning problem for 10-node DAG is obtained and analyzed for

minimizing two objectives: area (A) and task execution time (T) (Jagadeeswari and

Bhuvaneswari 2009). The algorithms are tested on a 10-node DAG with the input

values indicated in Tables 2.1 and 2.2 (Zou Yi et al. 2004). Table 2.1 shows the data

available on each node and Table 2.2 shows the delay in communication between

each node. The parameter settings used in the algorithms are given in Table 2.3.

Tables 2.4, 2.5, and 2.6 list all the pareto-optimal solutions obtained using the

three algorithms WSGA, NSGA-II, and MOPSO-CD, respectively along with the

HW/SW implementation for 10-node system. From the results, it is found that both
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NSGA-II and MOPSO-CD are able to determine all the pareto-optimal solutions.

MOPSO-CD determines the output with less search time than NSGA-II and WSGA

for the 10-node DAG. To compare the performance of the three algorithms and to

determine the performance metrics, true pareto-optimal solutions for the 10-node

DAG are obtained using exhaustive search method. It is carried out by calculating

the nondomination output for all the objectives in 210 binary combinations. The plot

of such a search is shown in Fig. 2.4.

The quality of the results obtained using WSGA, NSGA-II, and MOPSO-CD is

measured using the performance metrics that identify how close and diverse are the

obtained pareto-optimal solutions with the true pareto-optimal solutions. The

Table 2.1 Data table for 10-node system

Node no. SW area (KB) SW time (μs) HW area (KB) HW time (μs)
V1 24 526 166 318

V2 45 209 158 133

V3 58 511 201 255

V4 23 366 152 242

V5 80 21 351 6

V6 55 178 194 92

V7 24 92 162 57

V8 237 204 2342 8

V9 67 277 239 117

V10 59 317 261 122

Table 2.2 Data exchange of

10-node system
V1 V2 V3 V4 V5 V6 V7 V8 V9 V10

V1 – 5 20 19 0 0 3 16 0 14

V2 0 0 0 7 14 18 0 13 0 2

V3 0 0 0 0 0 0 0 4 19 0

V4 0 0 0 0 0 0 0 0 0 7

V5 0 0 0 0 0 5 0 0 0 0

V6 0 0 0 0 0 0 0 0 11 0

V7 0 0 0 0 0 0 0 0 10 0

V8 0 0 0 0 0 0 0 0 0 19

V9 0 0 0 0 0 0 0 0 0 13

V10 0 0 0 0 0 0 0 0 0 0

Table 2.3 Parameter settings used in multi-objective algorithms for 10-node DAG

S. No. Parameter WSGA NSGA-II MOPSO-CD

1. Population size (2N) 20 20 –

2. Crossover probability 0.8 0.8 –

3. Mutation probability 0.02 – –

4. Type of crossover Two point Two point –

5. Number of generations 100 30 100
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different performance metrics such as Error Ratio (ER), Generational Distance

(GD) or Standard Deviation (γ), Maximum Pareto-Optimal Front Error (MFE),

Spacing (S), Spread (Δ), and Weighted Metric (W) for the 10-node DAG using

WSGA, NSGA-II, and MOPSO-CD are calculated using the formulas mentioned

Table 2.4 Optimal solutions obtained using WSGA

Output Node implementation

Total area

(KB)

Total execution time

(μs)
Number of process

in HW

Solution 1 1111111111 4,226 1,556 10

Solution 2 1111011111 3,955 1,596 9

Solution 3 1111010111 3,817 1,701 8

Solution 4 1111001111 3,816 1,798 8

Solution 5 1111111011 2,121 1,812 9

Solution 6 1111011011 1,850 1,852 8

Solution 7 1111010011 1,712 1,957 7

Solution 8 1111001011 1,711 2,054 7

Solution 9 1110011001 1,549 2,097 6

Solution 10 1111001010 1,509 2,144 6

Solution 11 1110010001 1,411 2,182 5

Solution 12 1111000010 1,371 2,249 5

Solution 13 1110001000 1,208 2,327 4

Solution 14 1000010001 1,155 2,380 3

Solution 15 1110000000 1,070 2,412 3

Solution 16 0000010001 1,013 2,539 2

Solution 17 1000000000 814 2,570 1

Solution 18 0000000000 672 2,701 0

Table 2.5 Optimal solutions obtained using NSGA-II

Output Node implementation

Total area

(KB)

Total execution Time

(μs)
Number of Process

in HW

Solution 1 1111110111 4,088 1,406 9

Solution 2 1011110011 1,870 1,407 7

Solution 3 1011010011 1,599 1,419 6

Solution 4 1011000011 1,460 1,463 5

Solution 5 1011110011 1,331 1,606 7

Solution 6 1011000010 1,258 1,671 7

Solution 7 1010000010 1,129 1,800 3

Solution 8 1011000000 1,086 1,933 3

Solution 9 0010000010 987 1,971 2

Solution 10 0011000000 944 2,142 2

Solution 11 0010000000 815 2,233 1

Solution 12 1000000000 814 2,570 1

Solution 14 0001000000 801 2,610 1

Solution 15 0000000000 672 2,701 0
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and tabulated in Table 2.7. The first three metrics are calculated based on the true

pareto-optimal solutions obtained with the exhaustive search method. The other

three metrics can be determined without the knowledge of true pareto-optimal

solutions. It is noted that the performance metrics obtained by using NSGA-II

and MOPSO-CD are the same, since both the algorithms find the same pareto-

optimal solutions. The performance of MOPSO-CD algorithm with respect to run

time is better than NSGA-II and WSGA for the 10-node DAG.

Table 2.6 Optimal solutions obtained using MOPSO-CD

Output Node implementation

Total area

(KB)

Total execution time

(μs)
Number of process

in HW

Solution 1 1111110111 4,088 1,406 9

Solution 2 1011110011 1,870 1,407 7

Solution 3 1011010011 1,599 1,419 6

Solution 4 1011000011 1,460 1,463 5

Solution 5 1011110011 1,331 1,606 7

Solution 6 1011000010 1,258 1,671 7

Solution 7 1010000010 1,129 1,800 3

Solution 8 1011000000 1,086 1,933 3

Solution 9 0010000010 987 1,971 2

Solution 10 0011000000 944 2,142 2

Solution 11 0010000000 815 2,233 1

Solution 12 1000000000 814 2,570 1

Solution 14 0001000000 801 2,610 1

Solution 15 0000000000 672 2,701 0
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Fig. 2.4 True pareto-optimal solutions

Table 2.7 Comparison of performance metrics for 10-node system

Method ER GD(γ) S MFE Δ W Run time (s)

MOPSO-CD 0.0 0.0 74.9 0.0 0.5 0.20 0.34

NSGA-II 0.0 0.0 74.9 0.0 0.5 0.20 1.05

WSGA 0.22 34.55 102.69 93.60 3.84 20.19 9.62
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An effective HW/SW partition for the mediabench and DSP benchmark DAGs

was obtained using WSGA, NSGA-II, and MOPSO-CD multi-objective optimiza-

tion algorithms and compared with single-objective GA. All the algorithms are run

for 100 generations. The results are analyzed and tabulated in Table 2.8. It is

observed that MOPSO-CD algorithm performed better than NSGA-II, WSGA,

and GA for HAL FILTER and MPEG MOTION VECTOR benchmarks with less

mean area and mean task execution time. The run time of MOPSO-CD algorithm is

less than GA, WSGA, and NSGA-II.

For all other benchmark DAGs applied, NSGA-II performs better than MOPSO-

CD, WSGA, and GA with lesser mean area and mean task execution time. The run

time of MOPSO-CD is comparable to NSGA-II and less when compared to GA and

WSGA. From the experimental results it is observed that MOPSO-CD performs

better for DAGs with lesser nodes (less than 50 nodes) and NSGA-II is found to

perform better than MOPSO-CD, GA and WSGA for DAGs with larger number of

nodes (more than 50 nodes).

2.9 Summary

In this chapter, three multi-objective evolutionary algorithms, WSGA, NSGA-II

and MOPSO-CD, are dealt for HW/SW partitioning of embedded systems.

Multioptimal solutions for the functional partitioning of embedded systems using

Table 2.8 Simulation results for benchmark DAG

Bench mark DAG

Node/

edges

Algorithm

used

Mean area

(KB)

Mean execution

time (μs)
Run time

(s)

HAL FILTER 11/8 GA 381.88 154.53 0.17

WSGA 379.24 135.23 8.33

NSGA-II 354.50 124.74 1.42

MOPSO-CD 323.70 124.74 0.16

MPEG MOTION VECTOR 32/29 GA 979.29 543.67 1.48

WSGA 889.54 423.59 12.55

NSGA-II 849.61 398.70 2.81

MOPSO-CD 840.33 343.22 0.59

JPEG DOWN SAMPLE 49/52 GA 1032.79 888.53 5.11

WSGA 1015.25 723.85 15.68

NSGA-II 885.14 459.43 4.06

MOPSO-CD 965.11 601.22 3.77

MPEG 114/164 GA 4551.35 1579.56 20.64

WSGA 3971.25 1497.47 34.23

NSGA-II 3312.50 981.50 11.52

MOPSO-CD 3523.50 1281.50 10.71

JPEG IDCT 120/162 GA 4339.88 3543.50 21.26

WSGA 3455.58 2563.98 37.09

NSGA-II 3010.31 1969.46 11.23

MOPSO-CD 3145.38 2368.69 11.66
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WSGA, NSGA-II, and MOPSO-CD was obtained. The pareto-optimal solutions

obtained for a 10-node DAG are analyzed. The closeness to true pareto-optimal

solutions and the diversity among the pareto-optimal solutions found is determined

by calculating the performance metrics. It is seen that both NSGA-II and MOPSO-

CD algorithms performed better than WSGA for 10-node DAG. The reason may be

that crowding distance strategy retains the optimal solutions obtained in each

generation until the final generation is reached. The algorithm was tested on several

mediabench and DSP benchmark DAGs. For the mediabench and DSP benchmark

applications, MOPSO-CD was found to perform better for graphs less than

50 nodes. NSGA-II was found to perform better compared to GA, WSGA, and

MOPSO-CD, for nodes greater than 50 and HW/SW implementations with lesser

mean area and mean execution time are obtained.
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