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Notations Used

New velocity of particle

Previous velocity of particle

New position of particle

Previous position of particle

Population size

Numberof dimensions

Random number

Initial and final inertia weights respectively

Iteration when the inertia weight becomes equal to the final inertia
weight

iteration number

Inertia weight at'f' iteration

Acceleration constants for personal best and global best influence
respectively

Randomized acceleration constants basedn ¢xo 2 respectively
Personal best and global best values foitération

Constriction coefficients

Deviation variable

Weight

Objective function value

Maximum system pressure

Bore diameter

Pump displacement

Total utility function

Utility function coefficient

Individual utility function

Optimal solution
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Introduction

1.Introduction

1.1 Problem Overview

The problemaddressed is the optimization of an industrial smihtained trash compactor, specifically
the sizing of the hydraulic system of the trasimpactor.

Figurel. Selfcontained Trash Compactor

Figurel shows a picture of a setiontained trash compactor, commonly used in industrial settings. As
shown thehydraulic system is used to actuageram forward to store and compact the trash ineth
storage area.Section0 provides more details of the working of a compactor &igure3 shows a line
diagram of the compactorThe type of trash varies but the congiar can be designed for an average
trash density.Optimization is used to obtaithe proper sizes of the hydraulic components to ensure the
compactor can perfion its function yet not be ovedesigned.Thus for this project the problem involves
using Particle Swarm Optimization (PSO) to determine the optimal solution for the trash compactor
system being modeled.

1.2 Motivation

The variety of modeling tools available has increased rapidly in the last decade due to the advances in
personal computing power. It is possible to describe complex systems using tools like Modelica, FEA,
CFD, and other tools in the various engineeringndms. Modelica simulations, used for modeling
energy based systems, are a type of blhok models because the mathematical formulas involved are
very complex and not visible to the designer. For given inputs to the Modelica model, outputs are

Optimization of an Industrial Trash Compactor using Particle Swarm Optimization 1



Introduction

obtainedand time varying quantities can be simulated. This is a challenge for optimization techniques
because they work best with mathematical models.

¢tKS {(22f aaz2RSt /SyYyiSNE LINRPGARSE |y AYyOiGSNFIO
optimization on such lackbox models. Interfacing Matlab with Model Center would greatly enhance
a2RSt /SyiSNna OFLIOoAfAGASE 0@ LINPGARAY3I | RRSR G2

Particle Swarm Optimization (PSO) is a relatively new technique (1995) and is different from

genetic dgorithms because thaipdating process relies on the other particles (points) and is not
random.

1.3Goals and Purpose

The goal of this project is to utilize PSO to solve a real world engineering problem and compare the
results to other approaches like patte search, genetic algorithms, etcAnother aspect will be to
compare the utility theory approach and the use of deviation variables and goals.

1.4 Approach

As discussed in sectidnl, the project involves the following broad steps:
1 Create a model that accurately reflects the various attributes of the trash compactor system

1 Formulate an objective function thairoperly incorporats the multiple competing objectias
(e.g. performance, cost)

1 Perform an optimizatiorusing PSO and other technigusobtain a design that maximizes (or
minimizes) the objective function, depending on the formulation technique.

Therefore the following approach has been taken in thiggmoreport:
9 Anintroduction to the problem is provided in Chapter 1

1 Chapter 2 provides a brief background on the various terminology and techniques used in this
project

The trash compactor model and surrogate model is discussed in Chapter 3.
The objectie function formulation and optimization is covered in Chapter 4.

In Chapter 5, the results of the optimization and conclusions are shown.

= =4 =4 =4

The references cited are included in Chaptearsl the Appendk provides the Matlab Source
Codedor the optimizers used.

Optimization of an Industrial Trash Compactor using Particle Swarm Optimization 2
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2.Backqground

2.1 Evolutionary Optimization Algorithms

Genetic Algorithms (GA) are a type of Evolutionary computa{ibythat simulate the evolution process

(2). GAs use three main operatiogselection, crossover and mutatiqd). GA is based on Darwinian

evolution, i.e. selection, survival of the fittest members of each generation and the propagation of
characteristics in propoian to their fitnesq3). This is in contrast to PSO, which will be discussed in the

next section Despite this th&sA, PSO and other population based search algorithmalbbased on

the same principle, i.e. update the polation by applying some operation related to the fitees the

environment (objective function value) so that the population moves towards better solutions and

finally the optimal solutior{4). More detailed information regrding the implementation of a simple GA

Oy 68 ¥F2dzyR Ay (KS 0221 GhLIAYATIFGAZ2Y /@yROSLIGA |
comparison between GA and PSO will be presented in the next section.

2.2 Particle Swan Optimization

The Particle Swarm Optimization (PSO) method is a relatively new technique developed in 1995 by
James Kennedy and Russell Eberfakt The PSO algorithm was inspired by the social behavior model
exhibited by bird flocking, fish schooling as well as the ability of human societies to process knowledge
(5)6). It is based orthe principle ofselforganizationas opposed to selection (Darwinian view of
evolution). The population ia particle swarntonverges in optimal regions of the search space because
each individual trajectory is adjusted toward the successés akighbors(3).

This difference in philosophy distinguishes PSO from GA and other evolutionary algorithms.
Instead of evolutionary operators (selection, crossover, mutation), each particle in PSO has a position
and velocitythat get dynamically updatedccording to its own previous best position (local best) and
the previous best of all the particles (global bedi)

Figure2 illustrates the basic PSO algorithm in the form of a flow chArt.initial population of
LI NI AOE S&a o6LRAYyGaA0 IINBE aStSOGSR Fid NIYyR2Y 2N aLSC
space is determined (objective function vajuand accordingly personal best positions for each particle
and a global best for the entire swarm is maintained ttglowach iteration. Different ways of updating
the velocity and positions have led to numerous variations of the basic PSO algoritlercorimon
PSO (used in this project) involves the use of inertia weights that affect the influence of global and local

best(7).

Optimization of an Industrial Trash Compactor using Particle Swarm Optimization 3
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[ NBF 4GS | WLR Lzt | G A
randomly in the search space

NY

A 4

A 4
9@ fdzr 6 S Sk OK LI NI ACQ
the objective function value

A 4

Store the local best position for each particlg

LT | LI NIAOEfSQa OdzN
the previous best, update it.

A 4
Determine the global best among all particle

A 4
Update the velocities of all particles
Ugi1 = Up+ EWDulo@@EaQ
+ ("R caduX2 0@ 1Y)

A 4
Move particles to new positions
Wo1 = Wt U

Are stopping
criteria
satisfied?

Optimal solution reached

Figure2. Basic PSO algorithm
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Some of the main variants are:
1 Use ofinertia weight(7)to prevent premature convergence

9 Canonical PS@s a variant of hie inertia weight method and involves the use of a
GO2Yya0GNROGAZ2Y FI O02NE

91 Fully Informed PSO in which a particle uses information from all its neighbors instead of only
the best ong8)

1 A hybrid algorithm based dASCand GA9)
9 Other types that use different velocity update rules, incorporate other algorithm techniques

In this project, the Common PSO algorithm with inertia weights and the Canonical PSO with
constriction factor will be used. Thdatlab source code implementation for P$)is available from
the Mathworks website. The implementation of PSQOniduded in Appendix and the velocity and
position update formulas from thalgorithmare provided telow.

Common PSO with inertia weights:

166G, = 1a&'Q[Ni, Q]
1GEEOG , = TGEQAI, D)

0, 0

Q. O
Qe Qg 1

x Q1 + "Ql

(X3, = 1GEEOG 12 (g
(X3, = 1 GEEOA 2.2 ()
Q, Q="Q,
Vg1 = D, 07 Ul
+ @2 Nage Néirg
+ 0,2 THEA D Qge.Ni,1  Néig
NEig1 = NEigt Vg1
Inertia Weights are used in the velocity update formuawhichthe inertia changes for each
iteration, starting from the initial weight ateration=0 and inal inertia weight afteration=Q¢. A larger
inertia weight facilitates global exploration (searching new areas) while a smaller inertia weight

facilitates local exploration to fine tune the current search afEa Thiswill be shown in section 5.2 on
G NRAFGAZ2Y 2F LYSNIAF 2SA3aKGagd
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Canonical PS®@ith constriction factor(proposedby Clerc and Kenned$1)):

1CGEE6a, = 1GEQ i, O
(286G, = 1GEQ i, O
anno= 1
™ o+ 6w 4
CXCE ARG
N G + o)
G =2 Ai'Q i@ 4z7iQ
Ky = %Z @R
G Soxba
0
} ~
Ul 1 = (X2 [V,

+ QZ1GEE0A 12 Nogs Néig
+ QR2ZICEEOA 2 TAAGD Qge. i1 NHéig ]
A constriction parameter is included in the velocity update formula to prevent explosion, i.e. to
restrict the velocity and positions from approaching infinil). A comparison of re¢ts and a visual
NELINBaASY(llIGdA2y 2F (KS O2y@SNHSYyOS gAtf 0SS aK24y A
YR [/ |y 2y E@ihdrt ard {Shil2)discuss a comparison between the common PSO and the
canonical PSO meth.

PSO and Evolutionary algorithms have much in common, and analogies can be made to fit
represent PSO as a type of evolutionary algoritis. discussed in the previous section, GAs use mainly
three operationsg selection, crossover, and mutationfablel shows a comparison between the PSO
and GA/Evolutionary algorithms and their corresponding operations.

Optimization of an Industrial Trash Compactor using Particle Swarm Optimization 6
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Tablel. Comparison between PS@d GA / evolutionary algorithim(g)(13)3)

Particle Swarm OptimizatioiPSO)

Genetic Algorithn{GA)/ Evolutionary Algorithms(EA)

PSO does not use survival of theteit. The
particles chosen in the start remafor the entire
RdzN} GA2y o ¢KS LJ NJIAOt
according to their personal best and global best.

Selection All EAs utilize the survival of the fittest to impro
the populationby removing individuals (chromosomes) wi
low fitness values.

There is no explicit crossover, i.e. particles do
combine together to form new particlesOffspring
are not created; ind+ R G KS LI NI A
stochastically accelerated towardsibwn previous
best and the global best.

CrossoverCrossover occurs between random members
the population in which parents are combined (exchange
data) to produce offspring for the next iteration.

PSO has a hightlirectionalmutation-like behavor
because each particle has a velocity asal the
individual modifies its velocity vector in a directi
that is between the personal best and global bg
velocity vector.

Mutation: Mutation involves randomly flipping bits in &
individual to preventndividuals from having similar fitneg
levels. Mutation usually has more impact near the end
the run, when the population has converged. Mutation
GA isomnidirectionabecause any bit can be flipped

LY t{hZ velcih are tipfaie®. The

particles themselves are not replaced.

Ly 9! & K SposhiofisafeZatdd dapoh,ai.€ the
individuals are replaced by new ones as a result of
genetic operators.

Optimization of an Industrial Trash Compactor using Particle Swarm Optimization 7



Background

2.3 SelfContained Industrial Trash Compactor

Trash compactorsra used in the area of waste processing to reduce the volume of trash through
compaction and, to a lesser extent, reduce the problems of rodents and smell associated with trash
storage. Thegome in many sizesfrom electric powered residential trash cqactors to hydraulically
operated industrial trash compactors.

Trash inlet Iy

)

Storagearea

| —1
Ram Inletarea  Ram penetration
length
—_—. I
| To
| electric
| | ] mains
Topurp 11 To cylinder

Figure3. Line diagram of setfontained trash compactor

Seltcontained Compactors are useful for storing wet waste because the compacting and storage
units are contained on the same structure, i.e. they are not separable. This allows for better sealing
between the two areas. The compactors are transportedhi dumpsite where they are tipped to
remove the trash. There is a substantial cost benefit derived from compacting since the number of
times it would have to be tipped (i.e. removal of garbage) would be drastically reduced.

Figure3 shows a line diagram view of the trash compactor. As shown in the figure, hydraulic
cylinders drive the compactor ram forward. It moves by a stroke equal to the length of the inlet area
FYR GKS FY2dzyd 2F NI Y LIS yhEeaphise ACsguirrél dagdertric maior | NP dzy R
supplies power to a fixed displacement pump that operates the hydraulic cylinders.

The system of interest for this project will be the hydraulic system for trash compaetioch
consists of the hydraulic cylinder andimp. The design variables and objectives for the compactor
model will be discussed in the next section.

Optimization of an Industrial Trash Compactor using Particle Swarm Optimization 8
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2.4 0bjectives and Design Variables

The trash compactor provides different value to different users and stakeholders. Thetledoeeare
multiple objedives that the compactor is designed fo&ince he modelwasconfined to the hydraulic
system and how it affeed performance and cosbbjectives related to aesthetics, retail cost, size of
container, safety features, and other factors that contribditéo the overall productwere not
considered.Thus he followingfour objectives related to performance and cost were considered:

Table2. Multiple Objectives for Trash Compactor Model

Objective Minimization / Maximization
Maximumtrash density (kg/m3) Maximize
Average cycle time (s) Minimize
Energy consumed (J), Minimize
Component cost of cylinder and pump (¢ Minimize

The maximum trash density that the given configuration can compact is to be maximized while
the average cycléime, energy consumed and the component cost incurred is to be minimiZed.
objective function consisting of these multiple objectiveasformulated by different methodsnamely
the deviationfunction (goal programmingapproach and utility theory appach. Other methods exist
like weighted sum, lexicographic principdad others.

Objective
function
Performance Total Cost
A A
Maximum Average Cycle Energy Component
Trash Density Time Consumed cost

Figure4.Multi-objective hierarchy tree

Depending on the objective function formulation, four attributes could become difficult to
interpret and handle from both a logical and mathematipaint of view. Therefore maximum trash
density and average cycle time were combined to represent a performance metric of a compactor while
the energy consumed, which can be considered as the operating cost of the compactor, and the

Optimization of an Industrial Trash Compactor using Particle Swarm Optimization 9
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component cost were cohined as a cost metric. This formulation of performance and cost attributes is
represented irFigured.

The design variablesvere restricted to the hydraulic sizing parameters, namely the bore
diameter (m), pmp displacement (ffrev) and maximum system pressure (Pa).

91 Higher bore diameters allow more force to be applied on the trash, consequently producing
higher trash densities dhe expense of increased energy, cycle time and cost

1 Higher maximum system pressure allows the system to attain higher pressures and therefore
produce higher trash densities. Energy consumption is also higher because of longer running
times while cost andycle time are not largely affected.

9 Larger pump displacements pump more fluid through the system per revolution, thereby
decreasing the average cycle time. The component cost is affected though.

Optimization of an Industrial Trash Compactor using Particle Swarm Optimization 10



Modeling of Trash Compactor

3.Modeling of Trash Compactor

3.1 Modelica Simulation Model

Modelica is an objeebriented modeling language used to model complex physical systigssystems
containing multiple domains like electrical, thermal, mechanical, hydraulic, contro{14}Yc.Modelica
models are importat in systemlevel considerations where dynamics play a role. Using the tool
Dymola, a Modelica simulation model of the trash compactor system described in Chapter 2 was created
for the ME 6105 projegtl5)and is presented éow.

Hydraulic Unit trash

Pnvironmert

p_amb = 101325
T _pmb =288.[15

Figureb. Modelica Simulation model of trash compactor system

Figureb shows the systertevel Modelica simulation nael that consists of four main stgystems:

9 The Hydraulic subystem shown irFigure6 in which a fixed displacement pump provides fluid
to a hydraulic cylinder through an op@enter valve. The cylinder exerts a linear force on the
ram block (represented by sliding magg)ichthen compacts the trash.

1 The motor power unit, consisting ofthree phase AC squirrel cage induction motor

9 Trash subsystem consisting of a Trash force model that relates the mass of the trash in the
compactor to a force which is applied to the hydraulic cylinders.

9 Controller subsystem thas used to know whe the cylinders have reached their minimum and
maximum points and when to add mass for the next compaction cycle.

Optimization of an Industrial Trash Compactor using Particle Swarm Optimization 11
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ﬁ_‘: Cyligder slidingMass
B ‘

control

paxy

flange_p..

[ ]

e AN29YD

d

B

flange_... i

. réfiefvalve

circuitTank

Figure6. Hydraulicsystem model

In the hydraulic system, the design variables (pump displacement, maximum spstesure,
and lore diameter) can be controlled by proper selection of pump and cylinder. The cost of the system
is therefore related to the selection of the cylinder and pump, assuming that the remaining components
have a constant cost. The cost model famp and cylinder was generated from the Kriging model
created by Rich Malall6) and details regarding the assumptions and implementation methods can be
found in the ME6105 project repofL5).

CostFunction

Figure7. Combined system model in Model Center

Optimization of an Industrial Trash Compactor using Particle Swarm Optimization 12



Modeling of Trash Compactor

The complete model consisting of Dymola Simulation and the Matlab Cost Model was combined
in Model Center and is shown lfigure7. The objective function formulation is done using the objective
values generated by the model shown below. Details on the objective formulation will be shown in the
YSEG OKIFLIGSNI 2y ahLIGABRIGISYEZY 2F ¢NI &K / 2YLI OG2NJ
The simulation results for a particular set of design variables are proindeable3 and Figure8
to give the reader an idea of the behavior of the compactor system.

Table3. Objectives values for a design variable set

Design Variables Objectives
Maximum Trash Average Cycle Energy Component
Density (kg/ni) Time (s) Consumed (J) cost ($)
Bore diameter = 0.15m
Pump displacement = 2.4&em’rev 945 315 1.7e6 743
Max system pressure 1.45e7 Pa
Bore diameter = @.75m
Pump displacement 8.25e5 m/rev 1551 327 5.4e6 1039
Max system pressure =7k7 Pa
trash.TrashDensity
1000
800
)
£ 600
=,
400+
200 : ] w x x x x w w
0 40 80 120 160 200
— motorPowerUnit.integrator.y
2.0E6
1.5E6
1.0E6-
5.0E5-
0.0E0 I x x x w
0 40 80 120 160 200
40 controller.AvgCycleTime
.20
0
T T T T T
0 40 80 120 160 200
Figure8. Dymola simulation results of the three objectives
13
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Modeling of Trash Copactor

3.2Surrogate Model usingriging Surface

As discussed in Chapter 1 the initial problem involved the use of optimization algorithms inside of Model
Center, but the computation time involved in running the actual simulation model each time was too
great. Each individual simulatiadnok around the order of30-60 seconds(depending on the design
variable setfo complete. For a traditional optimization this could be manageable but for a popuation
based algorithm like PSO, the objective function would need to be called for eachlgamtievery
iteration of the optimizer. For a swarm of 30 particles, one iteration would take ara20@s (20 min)

and therefore a complete optimization of say 100 iterations would take 2000 min (1.5 days). If the
number of particles were increased t0 Fhen the total time taken would be 2.5 days.

A surrogate model was used as a substitute to the actual simulation model in order to reduce
the computation time involved. A Krigirgpproximationwas therefore generatedor the simulation
model and usedn the optimization algorithm(17). A ninelevel Design of Experiment (DoE) was
performed on the simulation modeb provide input data points for the Kriging predictoiThe Kriging
model uses regession analysis and correlan models to fit an approximation over the inputs provided.
See the comments and code in AppendiMatlab Source Codes for details regarding the parameter
values and generation of the Kriging approximation model.

The Kriging model generated can be dise Matlab as a function call, thereby removing the
computation expense involved in running the actual simulation model each time. 10000 calls to the
Kriging model took 6.37s as calculated by Matlab, resulting in an average of O$eadtids for oa
simulation call. To check the validity of the Kriging predictions, another-&ght DoE was performed
and the results of the Kriging model were compared to the actual simulation results. The error between
the actual and predicted results was less thé¥, and so the approximation was considered to be
adequate for the purposes of this project.
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4.0ptimization of Trash Compactor System

4.1Problem Formulation and approach

To perform optimization on the model described in the previous chapteGompromise Decision
Support Problem Formulatiof18)was used to represent the mubbjective design problem

Given

The relevant information for the trash compactor system
Trash coefficient k =260
Market factor m =1

Rod/bore ratio =0.667

q
(@
The total utility function coefficients
The surrogate model (Kriging approximatidor) the simulation modebf the Trash compactor
Optimizationalgorithmparameters
Find
System variables
They determine the hydraulic sizipgrameters of the trash compactor system

Cylinder bore diameteg O (&)

4 3

Pump displacement 0 =

Maximum system pressur@n ¢, (06
Deviation variables

They determine the deviation of the goals from their associated target values:

[} represents ovefachievement of the maximum trash densité*fx—;

Q represents undeachievement of the maximum trash densityfx—;

[0 represents oveiachievement of theenergy consumed (J)

Q represents undefachievement of theenergy consumedJ)
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X represents overachievement of theaverage cycle time (s)
Q represents undesachievement of theaverage cycle time (s)
Q) represents the oveachievement of the component cost ($)
Q represents the undeachievement of the component cbéb)
Satisfy
Bounds

¢KSe INB o6FaSR 2y (KS RSaAdIySNDa 2dRIAYSyd |

14T Neg 2O The limits of maximum system pressure tt
the system can handle

01 Q, 02 The bore diameter of the hydraulic cylinder
2210° O 4z10° The pump displacement

System goals
Utility theory: Maximize total utility

Deviation variables:

Meet (high) target value of the maximum trash densityraEh compactor
Rt QY Y = Gty

Meet (low) target value othe energy consumed by the trash compactor
FQW+ QG = linow

Meet (low) target value of the average cycle time of trash compactor

?’r’i‘u:!m .Q+ ,E% ,q — n@ o\ . mQ
Meet (low) target value of the componenost of the trash compactor
@io+Q Q= @i,
Minimize/Maximize
Utility function:
Maximize total utility 0= "Y1 ¢z O O)

Deviation functiong Archimedean weighted scheme
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Minimize the deviation(d= 0,Q + 0, F + 0F + V4G
The system model is so constted and bounded that all combinations of design variables lead
to feasible solutions. Thus except for bounds there are no system constraints specified on the model.
For the same model two approaches for objectiuaction formulation have been taken, namely the

utility theory approach and the use of deviation variables. The formulation for both will be discussed in
the next sections.

4.2 Utility Theory

Utility theory is a rigorous mathematical theory used to explicitly address the value tradeoffs and
uncertainties that form multobjective decisions and problen{$9). It provides a way of expressing
preferences for the diffrent attributes and formulating a utility function that takes into account the
tradeoffs between the various attributes. Ultility theory has some limitations, one of which is the
difficulty in changing the utility function without repeating the whole pees of establishing
preferences and tradeoffs for the attributes. As will be discussed in the next section, it is useful to
change the objective function formulation (e.g. alter the weights of the objectives) and observe the
changes in optimal solutonsa 2 N RS{GFAfa NBIFNRAYy3I dziAfAGe GKS2NE
gAOK adzZ GALX S haBSOGALDSaed o0& YSSySe

A utility function was generated for the ME6105 projéth) utilizing Exel ard Model Center.
Excel and Model Center weret applicable dér this project and so only the data regarding the utility
functionwasused. Thusisingthe preference data and utility functiocoefficientdata, a utility function
was formulated in Matlab. Preference data for th@bjectivesand interpolation was used to create
individual utility curvesfrom which a total utility function was generated The individual utility
preferences for the four objectives are shown below.

ReferringFigure4, the four objectives are grouped into two objectives (Performance, Total
Cost) and these two objectives combined to give a total utility function. The implementation aetails
be found in Appendix Matlab Source Codes. The general form of the utility function for two objectives
is:

Y="Q6, + Qb, + Q0,06
The utility functions for performance, total cost, and total utility are presented below.
T¥|'Q"Q: 09294z g iqp + 0.18607 Oggisovao  0.11547 Ocgian 2 Oditiova o
“eaivsio = 0.35642 Ogqauay + 091142 Ogapesio 026602 Ogaay 2 Oganscio
TYEM = 0.8656 7 ér']'Q"Q+ 01731z C’)(‘I::d(ﬁ',éic‘) 0.0387+2 (')r‘]'Q"QZ C’)C‘E’(‘ﬂﬂjéi(‘)

From the equations, density has the most effect on the total utility followed by component cost,
cycle time and energy consumed.
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Monotonic Utility Function

Utility

1000 1100

900
Density

700 800

Figure9. Utility functionfor Trash Density

Monotonic Utility Function

Utility

Cycle Time

Figurel0. Utility functionfor Cycle Time
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Monotonic Utility Function
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Figurell. Utility function forEnergyConsumed

Monotonic Utility Function

Utility
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Component Cost

Figurel2. Utility function for Component Cost
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4 .3 Deviationfunction

The Archimedean weighted suapproach is used to formulate the deviation function in which goals
(target values) are specified for each objective and the normalized deviation (uodeover
achievement) from the target level is calculated. The weighted sum of the deviation varialiee
objective function that is to be minimizedTrash density is to be maximized, therefore the under
achievemeniQ is considered while energy consumed, cycle time and component cost are to be
minimized and s@' is considered. The deviation function is to be minimized regardless of the
individual objectives and so the function is of the form:
0= 01Q +0,F + 03F + V4G

The deviation variabl€, is zero if the density is greater than the target (highlue for density,

[N H it
@i
the density is less than the target. Different weights give rise to different objective functions and
correspondinglifferent optimal solutions.This is the advantage of using deviation variables and other
similar techniques; the ability to alter objective functions by changing weights can allow the designer to
explore different solutions and observe the behavior af fhinction.

and is equal to the normalized difference between target and actual véue 1
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5.Results and Discussions

5.1Design Space Exploration

The design space was explored for both the utility function and the deviation function chse.
deviation functions were considered by altering the target levels for the objectives. @lesenumber

of benefits to performing a design space exploratioRirst, it provides a good visualization of the
objective function and second it is able to give a rough estimate where the optimal point isis This
important when exploring the behaviaf algorithms and how they operate to converge to the optimal
region, be it maxima or minima.

The problem consistd of three design variables and one objective functiolsulting in
problems when trying to plot afbur values together. Insteaglots wil be shown with only the three
design variables or witla plot of two design variables versus the objective function value. In most
cases, a plot of bore diameter and pump displacement versus objective function fealaeconstant
system pressure valugill be used. From the plots below, the global optimum occurs for the upper
bound of the system pressure and this will be justified in the section on Validation and Conclusions.

Utility function:

The utility function described in the previous chapter walstted as a surface in three
dimensions. The utility surface does not change drastically when the system pressure design variable
charges from lower to upper bound. The contour plot shows that the global optimum with maximum
total utility occurs for tle upper bound of system pressur&he behavior of the utility surface is peculiar
in that the utility drops suddenly below bore diameter values of 0.125m and decreases slowly for bore
diameters greater than 0.16m. This is because of the preferenceisdandividual objectives, shown in
Figure9 through Figure12. Diametersdss than 0.125 are unable to produce a high density value,
resulting in a low utility for density. Density has the most prominent effect in the total utility function
and so the system is penalized heavily for low trash densities. For higher bore disuthetesystem is
able to prodwe very high trash densities but the preferences for density are such that for values greater
than 1100kg/m® the utility for density becomes 1. But larger bore diameters increase the cost, cycle
time and energy consumed rdsng in a decrease in total utility. But the effects of the these three
objectives on the total utility function are minor, as seen in the equation for total utility, and so there is
only a slight decrease in total utility.

The point shown in the contoylot represents the point with maximum total utility obtained
from the DoE. As will be seen in the optimizer results, there is a point with slightly more utility that is
the global maximum. For slight variations from that point in terms of bore diamater pump
displacement, the utility does not change significantly (no change in the first five decimal places).
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Deviation functionl:

Results and Discussions

Table4. Target levels and weight assignment for the objectives

Objective Target value Weight
Trash density 1100 kg/nt 0.6
Energy consumed le6J 0.1
Cycle time 28s 0.1
Component cost $ 600 0.2

Upper bound of 7 AV
Pressure; 2e7 Pa |

Total deviation

Lowerbound of

Pressure; 2e7 Pa

X 10-5

Pump Displacement (m3/rev)

Bore Diameter (m)

Figurel5. Deviation function surface pléor lower and upper bounds of system pressure

Two deviation functions have been considered for the purposes of this problem and prégct.
both cases the weights considered are the same. i$liecause in the context of the problem the trash
density las the most importance. A compactor that cannot compact trash to a relatively high value
(around 8001100 kg/m) is bad regardless of how cheap, fast in operation (low cycle time) or low
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energy consumption it is. So the weight of the trash density i$ kighest at 0.6. Cost is the next
priority and so its weight is kept at 0.2 and cycle time and energy consumption have the least priority
and so their weight is kept at 0.1. The sum of the weights must be equal to 1 for the Archimedean case.

X=0.13158
Y=2.3158e-005 ~ m

Level=0.14148 - >‘HH\\\M—\-\----

|

2.2 /|

[T

IR EEEE
& r r r r // t r r

0.1 011 0.2 0.13 0214 0.15 0.16 0.17 018 0.19 0.2
Bore Diameter (m)

Pump Displacement (m3/rev)

2.4

Il

Figurel6. Deviation function contour plot for upper bound of system pressure

The surface plot indicates that the minimum deviation occurs for the system pressure at the
upper bound and that point is shown in the contour plot. This is wghoestimate of the global
minimum because of the coarseness of the DoE used to plot the curves.

The setting of the targets is such that there is no solution that provides a deviation equal to
zero, i.e. all the goals are never met simultaneously. Theseh second deviation function was
considered that is discussed in the next section.
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Table5. Target levels and weight assignment for the objectives

Results and Discussions

Objective Target value Weight
Trash density 1000 kg/nt 0.6
Energy consumed 2e6J 0.1
Cycle time 31s 0.1
Component cost $ 800 0.2

06 1 Pressure; 2e7 Pa /

% 05. /
0=
0.2 =% //@ /////4

N 7, &
2- ]
4 S
x 107 | 018 02

0.16

Pump Displacement (m3/rev) Bore Diameter (m)

Figurel7. Deviationfunction surface plot for upper and lower system pressure bounds

In this deviation function, the target values were reduced but the weights were kept the same.
The reduction in target values means that there are solutions for which the deviation is zero drel all t
targets are satisfied. This can be seen in the slim region in the contour plot. The surface plots are
similar to that obtained for the previous deviation function. But the slopessteeperand approach
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zero deviation because of the reduced targetvéls. The overall behavior of the surface is similar
because the weights are kept the same.
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Figurel8. Deviation function contour plot for upper bound of system pressure
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5.2 Particle Swarm Optirmnation

Utility Function:

Comparison between Common PSO and Canonical PSO:

Two methods, the Common PSO and the Canonical PSO, were used to optimize the utility
function and the results are shown belowhe table below shows the various settings in the PSO that
are common to both approaches. These same settings will be used in the subsequent comparisons done
when studying the effect of inertia weight and acceleration constants.

Table6. PS(Qparametersettings

Setting 1 Setting 2
Common PSO Canonical PSO
Number of particles 50 50
PSO Mode Common PSO withl / £ SNOQa Y9
inertia weights constriction coefficient
Acceleration constants$r, 1F [2, 2] [2, 2]
Inertia weights [0.9, 0.3] -
Error gradient tolerance le6 le-6
Iterations without error gradient change 20 20

Figurel9a K2 a4 GKS RAFFSNBYOS Ay GKS aglN¥Qa 02y @S
Canonical PSO converges faster (38 iterations as compared to 52) and the plot of the swarm trajectory
indicatesthat the particles cluster more densely around the global best in Canonical PSO than in
Common PSOThe constriction coefficient is used to prevent explosion of the positions and velocities
and it induces the function to converge to the optirffell). More tests would need to be performed
because there is not a significant increase in performance when optimizing the deviation functions.

More tests would need to be performed and it is possible that the performance increase i® dhe
specific problem and function being optimized.

Table7. Legend for the plots

Color Marker
Particles Black Dot (.)
Personal bes| Green Asterisk (*)
Global best Red Plus (+)
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