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Abstracd Modern embedded systems come with contradictory —application model to a processor/memory component in the
design constraints. On one hand, these systems often target mass architecture model. Each mapping decision taken in this step
production and battery-based devices, and thefore should be  corresponds to a single point in theigasspace (note that the
cheap and power efficient. On the other hand, they need to terms point, soluton and decision vector are used
achieve high (realtime) performance. This wide spectrum of jnterchangeably in this paper). In order to achieve an optimal
design requirements leads to complex heterogeneous system  design, the designer should ideally evaluate and compare every
chip (SoC) architectures. The complexity of embedded system single point in this space. However, such exhausteach
forces designers to model gnd simulate systems _and their quickly becomes infeasible, as the design space grows
gggsgnsegfc ‘;Oe)f;gggoah?sv‘ggge?;?ye noefegzsd'gguﬁzg'iﬁ: es;rfyh exponentially with the size dlie applicatiorfs) andthe number
design stages, where the design space is at its largest. of possiblearchitecture components.
Due to the exporntial design space in real problems and fi _In generfal, tp trim ?:_)mr/]n an expo_nentlal _deS|gn space into a
multiple criteria to be considered, multi-objective evolutionary inite set of points, which are m® Interesting (or superlor)
algorithms (MOEAS) are often used to trim down a large design With respect to some chosen design criteria, design space

space into a finite set of points and provide the designer a set of Pruningcan beused. In [3]e.g.,the mapping decision problem
tradable solutions with respect to the design criteria. is formulated as a muitibjective optimization problem in

_ which three criteria are considered: the pssiay time energy
_Interpreting the search results (e.g., where are the Pareto  consymption and cost of the architecture. To solve this
points Ipcated), understanding their relations an_d analyz!ng hoyv problem, an Evolutionary Algorithm (EA) has been used to
the design space was searched by such searching algorithms is of 5 -hieye 5 set of best alternative mapping decisions under the
I[?r\ézlgr?tglealqu?/retla?ﬁ?ert;ctticz Gfii'ggfzraggnﬂlfofnggiﬁ gﬁpterge aforementioned multiple criteria. As the searched design space
visualization, to understand the search dynamics of a MOEA and ﬁgl\llvls"[hveaséxnsfggjrcr:(?;ler'(ﬁrglljlg?\vilru?)trlgplsq[atea ggggﬂngg::égngmg

to visualize where the optimum design points are located in the . .
design space and what objectivealues they have. cumbersome. Such analysis is, however, essential to the

designer as it provides insi
Keywordscomponent;design space exploration; visualization; deS|gn space (@, indicating which design parameters are
multi-objective evolutionary algorithms; embedded systems more important than others).
To illustrate the need for good analysis toélg. 1 shows
I. INTRODUCTION a sample ofraw data generated bgn EA. Here, each row

The complexity of today 6 depresantp angeyatugted degign peing i which, thegvaldes of
designers to start with modeling and simulating systen®bjectives (processing time, énergy consumption and cost) and
components and their interactions in the very early desig'® chromosome string are comma separated. The way that
stages. It is therefore crucial to have good tools for exploring @PPlication tasks and their communications are mapped onto
wide range of design choices, especially during the earl{n€ architecture components is encoded in a string of digits
design stages, where the design space is at its largest. In gich is calledthe chromosome. It is evident that interpreting
Sesame fmework [1,2], a modeling and simulation @nd analyzinghe evaluated data in this format is not possible.

environment is developed for the efficient design space ~_data.csv - Kwrite =[]
. Eile Edit View Bookmarks Tools Settings Help

exploration (DSE) of embedded systems that are based on 2533360, 111706, 190, 403223343666677767

heterogeneous MuiProcessor Systewwn-Chip (MP-SoC) 3266268, 1382.71, 120, 404444136466644446

architectures. Models in Sesame are definedhagta level of 3894772,986.03,130,303223333766666333

abstraction and capture only the most important characteristics 2457240,1191.20,150,404443434466674763

2457240,1191.86,110,404443434466664663

of the components in the system. 1638160, 1155.40,150,303224343666666664

Sesame maintains independent application and architecture 3874922,1092.07,110,304443434466666333

dels and relies on the-samulation of these two model&s 4831302, 1022.76,59, 303333333360033333
mode _ 113 ) : 2457240,1088.34,150,404223434666666663
a consequencd, need an explicitmapping stepvhich relates 3894772,986.82,90,303223333666666333
each task (i.e., process) and communication channel in the 3874922,1091.54,150,304443434466676333

Figure 1.Example of raw data generated by an EA
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Figure2. Screenshot of the multibjective visualization

Therefore we havedevelogd a novel interactive visualization simulation results in exploring alternative architectural
tool, VMODEX ', to understand how an evolutionary solutions. Most of the visualization work in this area focuses on
algorithm, such apresented in [3], searches the design spacesducational purposes (e.g., [4,5]), or only provides some basic
where the optimum design points are located, how desigsupport for the visualizatioof simulation results in the form of
parametersnfluenceeach objectiveand provides insight into 2D (and sometimes 3D) graphs.

the relationshipbetweenthe different objectives. The main
challengethat needs to é addressed by such a visualization
environment is howhe raw datdas illustrated irFig. 1) can be
representedn a visual formsuch that it igpossible toanalyze
the datd in a single viewi from different perspectiandfor
various aspects. To ths end this paper proposes a
visualization approach in whicle visualize the design space
as a tree in which both design parameters and objectives are In [8], an interactive visual tool is presented to visualize the
shown. To give a rough feeling of how such visualization looksesults from systedevel design space exploration
like, Fig. 2shows a screenshot of ouswalization application.  experiments. The simulation results are visualized using a

The rest of the paper is organized as follows. Sedtion co°rdinated, multipleiew approach which ebées users to
describes related work. In sectitih, we briefly explain some understand the information through different perspectives. It is
preliminarydefinitions of multiobjective optimization. Section pgﬁglbée E:Oh(;orgcag??stgfer:r?é desa|_gr]]n %’c')?és V‘r’]'tsh {]?Sp.ﬁCt t:}%
IV introduces techniques we have proddfr visualizing V&Y ISt gal insignt |
multi-objective design space exploration. Sectibpresents a Performance landscape of the design space. But this tool does
case study with a MotiedPEG encoder application to not provide any insight in the searchl_ng process as.performed
illustrate the benefits of using visualization in the design spacl@;].ehg' atMOflfr;A.I;or _example,there 'St no Wﬁydto tf'r:ld out
exploration process. Finally, sectigfth concludes theaper. which parts of the design space are not searched at afl.

The workpresented itf6,7] provdes advanced and generic
visualization support, but tries to do so for a wide range of
computer system related information whichmay not
necessarilype applicableo computer architecture simulations
and in particular to design space exploration, withoiten
domainspecific requirements.

There are only a few research efforts addressing the
II.  RELATED WORK visualization of MOEAs. Mostisualization approaches simply
In the field of computer architecture simulation, anduS€ Standard visual representations such as bar charts, line

especially in the area of systdavel design space exploration, 9raphs, scatter plots, ef8]. Although such diagrasshow the

litle research has been undertaken on visualization diuality of the solutions considered during search protesg,
do not show anything about the pesties of the solutions

! Visualization of MultiObjective Design spacE eXploration



being searched, or the regions of the search space being 1. The solution xis na worse than xin all objectives;

explored. formally:" i1 { 1, éf(n)} fi(xD
More complex techniques have focused on how to display 2. The solution xis strictly better thanxin at least one
the progress of th®IOEA in variables (parameters) space or objective; formally$j 1 { 1, é f(n)}<if(xy)

objectives space [10,11]. Usually they use 208Drplots in . , ) )

which either variables or objectives are shown. Therefore, two It iS intuitive that if x dominates the solution,x the
separate views are needed to show the distribution of tHRP!Ution x is better than xin the context of multbbjective
solutions in both variables and objectives spaces. Furthermof@,P t I mi zat i on. |t isdominbteddyxe o mm
due to the large number of dimensions in practical pragleminStéadofs a y i ydgminétes .

techniques such as Sammon Mapping [12] should be used to pefinition 3: Let x,i X be an arbitrary solutiordécision
transform higher dimensional search spaces into smaller ON&Rxctor)

Multi-objective visualization, as presented in this paper,

enables us to easily visualize more than three dimensions as 1 The solution xis said to be nodominated regarding a

well as to shw variables and objectives in one view. set Xl X if and only if there is no solution in which

. . . i WXl Xj: X<
This paper proposes an extensionoiar previous work dominates x formally: “4 xzl Xi: X< X,

[13], in whichthe visualization techniques have been extended  The solution xis called Pareto optimidland only if x

to show multiple objectives and provide insight into the is nondominated regarding the whole decision space X.
il andscapeo0 -olgettive topmazatiomuprotess. _ . . .
Furthermore, aletailed study of the design space exploration Pareteoptimal solutions cannot be improvedrther in

for a particular design is presented to show how the proposé rms of a certain objective without causing a simultaneous

visualization can help the designer to explore the design spacd€gradatia in at least one other objectivehey represent in
that sense globally optimum solutions. Any solution which

doesnot belong tothe Pareto optimal set is dominated by at
IIl. MULTI-OBJECTIVE OPTIMIZATION least one Pareto optimal solution. The set of objective vectors
Real world design neblems often are multiobjectve  corresponding to &et of Pareto optimal solutions is called

optimization problemsin which two or more conflicing fiPar et o opt i mal frontodo or fAPa
objectives should be optimized simultaneously. An
improvement in one objective often causes deteriorations in V. MULTI-OBJECTIVEVISUALIZATION

other objectives. Therefareptimal decisions need to eken

in the presence of tradefs between objectives. On the other o.  Modeling the Design Space as a Tree
hand, in multiple conflicting objectives problems, there cannot As it | tuallvsh inFia. 3 del the desi
be a single optimum solution which simultaneously optimizes_ /S * IS conceptuaiyshown inFig. 5, we model the design
all objectives; instead, a set of optimal solutiales)oted athe Space as a tree. The tree has three sectibasframeters

Pareto optimal set, with a varying degree of objective vaIue%eCt'On’ Cost section and Desigpints section

has to be found. In the Parameters section, each level shows one parameter
of the design spagsuch as the number of processirghe
A. Domination and Pareto optimality MPSoC platform So, the number of levels in this section is

Most multiobjective optimization algorithms use the €dual to theotal number of parameterstine design space. For
concept of domination. In these algorithms, two solutions arX@MPle in thetree illustrated irFig. 3, the desig space has
compared on the basi$ whether one solution dominates the '0Ur parametershumber of processors, processor type, number
other solution or not. In this subsection we wiliefly describe  ©f memories and mempitype. In this example, the platform

the concept of domination and Pareto optimality. architecture corists of two Application Specific Integrated
Circuits (ASICs) two microprocessors (mPs), one Static RAM

Definition 1. A general multiobjective optimization (SRAM) and one Dynamic RAM (DRAM).
problem withm decision variables (parameters) anobjective

functiorsis defined as: The design points section inc_:ludes_ th_e d_esign points
o searcled bythe MOEA. Here, adesign point idefined asa
Minimize y=1fx)=f( x) 08), f specfic instance of tharchitecture platform as well astask

_ PN and communication mapping. Each point is shown as a node
Where X=(x, € ml X which is a child of its corresponding architecture. Design
y=( €)Y points are distributed in three leveitsain Pareto, local Pareto

I . - and norPareb.
The objective function f(x) maps a decision vector

(solution) x in decision space (X) to an objective vector y in  The main Pareto level shows thee Pareto points found
objective spac€Y). Two different solutions are related to eachby the MOEA. The solutionat this level are better than all
other in two possible ways: either one dominates the other @ther solutions in the entire design space but they are non
none of them is dominated. dominated by each other. On the other hand, each whinh
L ) Co ) ) is not partof the main Pareto sé&t dominated by at least one
Definition 2: A solution x| X'is said to dominate the other main Pareto point. Athe local Pareto level, the local Pareto

solution %I X (also written as ¥ x,) if and only if bothof the  points are shown. A design point is caletbcal Pareto point
following conditions are true:



Number of
Processors
Level

Processor Type
ASIC 2xmP
Parameters - Level

Section
n Number of
~ - Memories
Level
1“DRAM el Memory Type
| st (R
Level
! ] |
Cost
Section
Main Main
Pareto Pareto
DeSIgrl Local Local Local Pareto
Points Pareto Pareto Level
Section

Distance
Level

Non- Non-Pareto
Pareto Level

Figure3. Modelingthedesign space as a tree

if within the design points with the same architeciimat with  fihigho distance nodeotherwise it becomes a child afflowo
different mapings) there is no point dominating that one. distance noel.

However, in the entire design space, a design point might exist
which dominates the loc&areto point. It is clear thatl the

main Pareto points are local Pareto points as well. However,

not all the localPareto points are main Pareto points and?OInt The edges in the path fraime root to the main Pareto
therefore we use a relation nodethe main Pareto level to POINts are the thickest and darkest since the distance is zero. As

make a connection between them and the previous level. The@g distmce increases the edges become thinner and lighter.
nodes are | abi@g3.ed with ARO i

The color and thickness of edges show the Euclidean
eﬁjistance (in the objective space) from the nearest main Pareto

n
B. Showing objectives in the tree
All the other design points are placedthé nonPaeto

local Pareto pointwe calculate th&uclidean distance (in the de
objective space)between the dominated point and each
dominatirg local Pareto point and the design pdiatomes the

child of the local Pareto point with the smallest distance. A

smaller distance means that the points are more S'm"%rection(Figure 3) betweenthe parameters section and design
according io the objectives points section which is calletthe cost section and shows the
For easier interpretation and better analysis ofdigign  costs of the different architectures. Since the cost is an
points, he children of a local Pareto point are categorized int@bjectiveand not a design parameter, we represent it with a
three groups according to thdfuclidian distancefrom their  different siape; a circle. For a better view, the size of thelecir
parent The solutions which are equivalent to the local Paret®ecomes bigger as the castreases. The other two objectives
point with respect to all objectives are put under fingod  are dependent on the mapping are therefore shown ira
distance nodelf the distance between a solution and itsdesign point node. The size and color of the third dimersfion
corresponding local Pareto point is more than a certaif design poihnodeshows theenergy consumptionAs the
threshold (determined by the designer), it becomes a chidd ofenergyconsumption increasethe size of the third dimension

pendent on the architectural components forming it. So, all
solutions with the same architecture have the szwse After
the parametes section, the architecture cost can be computed
since all components are known. Therefave add an exé&r



becomes bigger and its color becomes darker. The color of tm®des in the tree without losing track of the position in the
node itself represents the processing time. Colors are variedntire scene.
from yellow to red with dlcolor grades in between. Nodes

with the lowest processing time are yellow and nodes with the 2)__Hiding Sub Trees without Exploration Data
highest processing time are red. The color legends for Since someraas of the design space are not visited by the

processing time anenergyconsumptioncan be seen in left S€arching algorithm (e.g., they are not interesting enough so we
side of Fig.2. do not have angvaluateddesign points for those parts),ist

possble to hide the sub trees of the nodes that have no data.
Parameter nodes, however, dd nepresent single design This way, the dsigner can focus on the sub trees which are

points and therefore do not have the direct notion of processingore important and can easily see which parts of the tree are

time or energyconsumption. For this reason, there are som&earched bthe EA.

options to color the parameter nodes: based on the average . , ,

minimum, or maximumof either processing timer energy 3) Hiding Uninteresting Sub Trees

consumption of the design points in their sub trees. The color !f the designer is not interested in some parts of the tree,

of parameter nodes that have no data ri@ée do not have then he is able to hide them in ordermake the tree smaller

any DSE datajs white. InFig. 3, the minimum processing and pay more attention to other nodes. By double clicking on a

time is chosen for coloring parameter nodes. node, its sub tree becomes invisible and a blue triapglesas

at the bottom of the node specifying that the children of the

- ot node are hidden. The size of the tri@nggpesents the size of

C. Benefits of Treeiualization the sub tree. The bigger the triangle, the more nodes in the sub

Modeling the design space based antree sfructure, as e By double clicking again, the sub tree becomes visible and
presented in this paper, has the following benefits: the blue triangle is removed.

1 Both the design space parameters and the objective |t should be mentioned that by hiding a node, the entire tree
values can be seen in one view. Therefitis easy to || pe redrawn, meaning that the empty space from that node
understand where the optim design points are || be used by the other nodes. We recalculate the location of
located and what objectives they have. visible nodes to optimize their fit to the screen.

1 There is no limitation on the number of design 4y Filtering

variables since each parameter is Iogated at one level of |, some caseshe designer wants to considenly design

the tree.Therefore, modeling the design space as a tregoints with some spéic objective values. The value of each
enables us to easily visualize nmariate data. It gpjective is controlled by a range slider bar, in which the
should bementioned that, in principle, the designer hasyesigner can set upper and lower limits on that objective.
total freedom of ordering the parameters in the levelesign points with objective values inside the selected ranges
of the tree. However, putting more importantare visible and the others becormwisible. Therefore, the
parameters higher up in the tree facilitates theyesigner has the ability teasily view only preferred design
informationorganizatiorin suc a way that it produces oints. There is an option to view all design poithtat fall

sub trees which are more likely to show a better viewyithin the filtering conditions or to onlyshow local Pareto

of the design space characteristiBecause the more points or only main Pareto points.

important design points (according to the design

parameters) are clustered in only one sub, tthke E  Detailedinformation

designer can easily Iset that sub tree to investigate ) .
and compare these design points. But by putting more The DSE tree shows an overall view of the design space

important parameters down in the tree, the desigr’fo_r exampleit shows where in the de5|gr] space more d¢5|gn

points with the same parametere distributed in points have beeelvaluae_d or where the optimum design points

several sub trees. (with respect to all objectives) are located. However, if the
desgner wants to know morabout a specific design point, it is

f It can easily be extended to show more than threepossible to select the design point to see num@ils. Two

objectives. Each node has some attributes like shapginds of detaitd information are provided for each design

orientation, size, color, transparency, texture, bordefpoint: exact objective values and mapping decision.

etc. Each attribute can be assigned to one objective. In

this paper, only color and size are used to show 1) ExactObjective Values o _
objectives. Instead of showing objectives with visual variables (color

and size), this option showlse exact valugof processing time
D. Handling Large Trees and energy consumption. It alsq represents the normalized
_ value ofthe objectivesWe normalizeobjective valuesat make
In reality, DSE trees can becorsatremely largeTherefore  1nemscaleindependentat the end of normalization, all design
we providethefollowing techniques to handle large trees. points get a value in the range [0, 1] foeir objective values.

1) Satellite View _ Before normalizationit is not possible to compare.g.
Satellite view, shown at the bottom &fg. 2, gives an processing time anenergyconsumption with each other since
OVera”, smaller scale view of the entire scene, which allows th@]ey havedifferent magnitude However,after norma”zatiom
use to navigate quickly across the view. It also enables th@omparing them is possible.
user to zoom in on certain parts of the scene to focus on certain



2) Showing Mapping Decision (not processojsas they are shown with dashed lines. Channels
In the Sesame simulator, the application behavior i$ and 4 are mapped to the same mem®hannel 6 is mapped
modeled as a process network process network is a to another memory but with the same type and Channel 5 is
computational model ofhe application and uses arected mapped onta different memory typdecause it has a diffemt

graph notation, where each node represents a process and ez@r.

beteen two processeBig. 4 represents an example process, - 10 D¢ able 1 find out what objecives are achiciasca
P 9- P pie p articular mapping the objective values aralso shown

network gtr_aph n Wh'Clh has five processes and S, oiher with the mapping. They ampresented in the same
communication channeis. way as multiobjective visualizatiofishownin Fig. 6).

Main Pareto Point

Figure6. Representing Objective values

Figure4. An example of process netwagkaph v A CASESTUDY

We visualize the process network graph in a way that. In this section, we present a real application case study to

shows the mapping decismas well. That means that it shows illustratethe benefits of using visualization in the design space
how the application is being mapped to the underlyin xploration process. In this case study, we map a MOREG

archtecture both in terms of processes and communicatio "]'.DE.G) encoder to an M#SoC . platform architecture
channelsThe shape and the color of each node in the grapfPnSisting of a generalurpose microprocessor (mP), a
represent the type of the processor executisgorresponding  microcontroller — (mC),  an application  specific
process. For examplagreen rectangle for one processor typemstrucnonprqces_:sor (ASIP), two Application Specific
and a blue pentgon for another type. Ifhere are multiple |Ntegrated Circuits (ASICs), one SRAM and two DRANIGe
processors of the same type in the platform architecture, thé\A'JPEG encoder process network is showign 7.

they are differentiated using different variants of the same color

such as light green and dark green.
If two communicating processes are mappe ¢im¢ same

processor, then their communications are done internally and

therefore communication channel(s) between them are mapped @ @ @ ° @
onto the processor in question. In the process network graph '.

these internal communications are represehged solid line @ @

with the same color ake corresponding processor. In the case
that a channels mapped ontoraexternalmemory, a dashed

line is drawn with the color representing the memory type Figure7. M-JPEG procesnetwork
Similar to the processors, memories with the same type a..
shown bya different variant of the same coldfig. 5 shows In our case study, an mC or an mP processor can execute
how our visualization model shows the process network grapdll the different processes the M-JPEG applicationvhile an
from Fig. 4. ASIP can execute only three processesnelyfidc goaanfio
and fAr gweasa assumene ASIC is designed for
C - 5 executinghefid ct 0 pr oc e s s designédotheo t h e
2 N fivsy no anudt o vpr ocesses.
A 1 B 4§ @ _ Using a multiobjective gvolutionqry opyimizer [3], we
2 : intend to find a set of optimal design poirlia terms of
3 - : alternative architectural solutions and mappings) under three
A criteria: processing timesnergyconsumption and architecture
cost.

Figure5. Mapping decisi : . ,
'gures. Mapping decision For this study, we run the EA for 60 generations with 50

) o individuals per population. Therefore, 3000 desigmisoare
As can be seen in this figure, processes A, B, C andearched bythe EA. Fig. 8 shows a snapshot of the
channels 1 and 2 are mappedite same processor. Process Dyjsyalization of the MIPEG case studit.should be mentioned
is executed on the same processor type but on a differefat the purpose of Fig only is to show an overview of the
processor as process A. The type of the processor executiggtire design space and it is not meant to be readhiseby
process E is different from the others since it is shown with fyoking at the depicted tregthe designer can immediately
blue pentagon. Channe®s4,5 and 6 are m@ed to memories



understand some general information about the design space
searched by the EA. For example, it is obvious that there is no
design point evaluaeéd for single processor architecture
platforms (node color iswhite). Moreover, h two processors
platforms, there are five different combinations of processor
components which are capable of executing the application but
only three of tbse combinations are searched. Howeirr,
four processors platforms, all the gsible combinations are
explored.

From this picture, we can also find out that most of the
evaluaéd design points have one or two memgriard
architectureswith three memories are rarely searched. Only
architectures consisting of all different procesggpes have
some design points with three memories.

In Fig. 8(b), parameter nodes that have no data are omitted.
In this figure minimum processing time is used for coloring
the parameter nodes. From this figure, it is clear that platform
instances withtwo processors are searched less than others
since their blue triangles are small. We can also see that most
of the design points being searched by the EA contain two
memories; one DRAM and one SRAM because all the biggest
blue triangles have these two nmanmes. Moreover, & can be
seen inthis figure, all design points with the minimum
processing time include at least one ASIP, one mC and one mP
(node color is yellow)Another conclusion ithat,by addingan
ASIP to the architectures withowtn ASIP, we @n get a
significantimprovement 6 processing timeThis is illustrated
by the designs indic@8bewherdby AAO0 and ABO0 in Fig.
architecture A consist of one mC and one mP, in architecture B
an ASIP is added.

Fig. 9 shows the main Pareto points foubhg the EA. By
looking at the picture, the designer can immediately recognize
the characteristics of the main Pareto powtsch are the best
design points with respect to the design criteria. For example
in our case study, there is no main Pareto puiith five
processors. That meanbat with less processors (whicis
cheaper) the designer can get the same or better processing
time andenergyconsumption. Therefore, using five processors
is not appropriate for this application. Another interesting
feaure is that althe main Pareto pointsave a microcontroller
in their underlying architecture. Trabow but cheap and low
power microcontrollerapparently provides a good tradeoff for
executing the less demanding tasks in the applicatiocan
also be sen that all the main Pareto points have at least one
DRAM memory. A few of them have one SRAM besides the
DRAM. Thus using three memories or two DRAMSs is not an
appropriate solution in this case study, BousingMODEX,
the designer can dbs find out which combinations of
architectural components yield optimum design points.

In the following, we carry out anore detailecanalysis of
the design space using our visualization tool. For instance, we
want to investigate the effect of addingegoSRAM memory to
the architecture. As can be seelfrig. 9, for every main Pareto
point with one SRAM and one DRAM menyorthere exista
main Pareto point with only one DRAM memory which
basically offers the same processing time arhergy
consumptionguch aghe design pointsdicated with A and B

in Fig. 9). By looking at their exact objective values (blue  rigyres. Screenshot aheM-JPEG case study (a) Entire design sp
(b) Parts of thalesign spackaving DSE data



