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Nearly Anything can be posed as
an optimization problem
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Coding Considerations
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Parallel Genetic Algorithms
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B. Contingency Tables

C. Air Pollution Receptor Model
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|. Important factors in
Implementation

Choosing binary or continuous
Selection Method

Population size

Mutation rate

Coding cost function

Parallel implementation issues

——

A. Variable Representation

e Binary
— Good for discrete parameters

— Difficult to decide truncation when
representing real numbers

— Analyzed the most

« Continuous
— ldeal for representing real numbers
— Can represent to machine precisions
— Crossover a bit more complex
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B. Selection and Mating
How many to replace? Ny, = X e XN )

Example: X . =50%

rate

Selection Methods vary — best if based
on rank or cost

Selection

Random
Pairing
(Roulette Wheel)
Top to t_)ottom Tournament
pairing selection

Weighted
random
pairing

Rank Cost
Weighting Weighting




Crossover

e Binary GA
— Single point
—Two point

—Three parents — two points
—Uniform (bits exchanged via random
mask)

| ——

More Crossover

Continuous GA
— Simple Swap  Parent, =[P., Poz: Pra: Pras Prsr Pogi---: P, ]
parent, =[Pys, Pazs Pazs Paas Puss Pasr--- Pan,,, ]
offspring; =[Pu, Pro» . Pass Pass , Prss Prss---r P, ]

offspring, =[pgy, P2 » Pmss Pmas y Pass Pagor--os [

— Along Axes .
offspring, = parent, — 3 ( parent, — parent,)

offspring, = parent, + 3 ( parent, — parent,)

— Uniform random numbers
0ff5pring1 = parent, _[ﬂl( P — pdl)’ﬂz ( Pz — pdz)!“"ﬁNm ( Pmn,,, — Pany,, )]
offspring, = parent, +[,31( P — pdl)-ﬁz ( Pz — pdz) ) '”’ﬁN,,a, ( Piny,, = Pan,,, )]




C. Writing the Cost Function

Fitness function determines how long
algorithm takes to run.

Try to minimize time in cost function (or
write to make parallel)

Multi-objectives — often choose to weight:

N
cost=> w, f,
n=1

D. GA Parameters

Often want to minimize the number of calls
to an expensive cost function

Crossover rate and selection method don’t
make a big difference

Choice of population size and mutation
rate do make a big difference




Example: Bes-sin
Find the minimum of: f (X, y) = Sin(x)Jl(y)
Subjectto: 0<x<10 and 0<y<10

function value function value
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*Problem Dependent

«In general, smallest number of cost function evaluations for:

- Small population size (order8-16)
- moderately large mutation rate (.15-.25) .



E. Parallel GAs

Motivation
— Speedup important for expensive cost functions

— Co-evolving subpopulations
— Mimics nature —

Ways to Parallelize

Master-Slave Island GA Cellular GA

Master controls cost | | Subpopulations Chromosomes on
function evaluations| | evolve in parallel Nodes. Communicate
done by slave with some migration Only with nearest
processors between Neighbors

*Easy to implement *More difficult *More difficult
*No subpopulation eIncrease local Slow dispersion of
evolution diversity information




Pictorially

L
99

Speedup

T :—Np;fo +p(P-1)T,

p
where: T, = the time to evaluate the fitness of one chromosome

T. = the average time to communicate with one processor

N, = population size

P = number of processors

p = parameter dependent on selection and parallelization method
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Il Aggliczitions
A Solvirle) Partlel) Differapticl
=c|Lzitlofs With) 2t GA
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solution to SKDV - k=6




B. Contingency Tables

Predict occurrence or non-occurrence of
Hail

Forecast Hail No Hail
[Actual
Halil a b
No Hail C d

Marzban, C. and S.E. Haupt, 2005: On Genetic Algorithms and
Discrete Performance Measures, AMS 4th Conference on Artificial
Intelligence, San Diego, CA, paper 1.1.
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In the past, Neural Nets have shown some
success at training predictive networks

Such networks optimized via Least
Squares

What if could optimize directly on Skill
Scores used to evaluate success?

Genetic Algorithm capable of optimizing
on those skill scores

_|a b| N, (nonevents)
; c d |\|1 (events)

a+d
N, + N,

1. Fraction correct (FRC): FRC =

d

2. Critical Success index (CSI): ¢g| = -
+N,;

3. Heidke’s Skill Statistic (HSS):

HSS 2(ad +hbc)

" N,(b+d)+N,(a+c)
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Comparison of GA with
Conjugate Gradient

Table 1. The average performance values and
confidence intervals, for the different measures, and for

H=2 and H=4.
H=2
Measure GA CG
FRC 0.92163+0.00019 0.92130+0.00006
Csl 0.50370+0.00105 0.49970+0.00037
HSS 0.62076+0.00266 0.61768+0.00038
H=4
Measure GA CG
FRC 0.92157+0.00022 0.92109+0.00018
Csl 0.50360+0.00147 0.50208+0.00146
HSS 0.62192+0.00158 0.61958+0.00106
H=2 H=4
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The fraction correct, CSl, and HSS as obtained from five different initializations of
conjugate gradient with H=2 (left) and H=4 (right). The horizontal lines are the
corresponding scores from GA.
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C. Receptor Model of Air
Pollution

Given data on

— Pollutant monitored at
receptors

— Potential source -
characteristics and emission
rates

— Meteorological conditions
Determine

— Percentage of pollutant from . \c__ _ la 3
each source n. c calst s
— Actual wind direction for FessReky A Couped Repior ol

plume to match

Source Characterization

Need: Characterize source of airborne contaminant
amount
location
type
transport characteristics — wind field
Tools:
— Receptor Models
— Dispersion Models
Approach: Combine the tools
Linking Mechanism: Genetic Algorithm (GA)

. Coupling of a Receptor and Dispersion Model with a Genetic Algorithm — Haupt 2005
(Atm.Env.)

. Approach verified through Monte Carlo runs using a Gaussian Plume Dispersion
Model and synthetic data — Haupt, Young, Allen 2006 (JAMC)

. Incorporated SCIPUFF and Tested with Field Data — Allen, Haupt, Young 2006
(JAMC, in press)

. Use GA to also evolve correct wind direction and source locations — Allen, Young,
Haupt 2006 (Atm. Env., in press)
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Issue of time vs. Source Strength

Specific Source Characterization

4x4 grid of candidate sources A s IA
with emission time uncertainty

The coupled model cannot
easily distinguish upwind
location from emission time
The model can typically identify
the crosswind source location
within .02° and emission time
within 40 minutes

o

% o
Strength characterizations are 5 d)
less accurate

Multi-Stage Process

Derived from performance optimization results

Four steps
1. Determine possible emission times with coarse source
grid
2. ldentify source location at each time from step 1 with
finer location grid

3. Pinpoint emission time more accurately than step 1
using locations from step 2

4. Source strength analysis using results from steps 2
and 3; Filter out sources with weak strengths as they
are likely not actual emitters
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Multi-Stage Process
Results

Model run with data from 14 field tests
Number of sources: 6/14 correct, 5/14 slightly
overestimated

— Experimental error likely on remaining three tests
Typical result: Location within one grid point
(.02°), emission time within 40 minutes (1 time
period)

Additional fine-tuning of the process could
improve performance

Current Model

Directly Back-calculates 7 parameters
— 2D location (x,y)

— Effective Release Height

— Source Strength

— Release Time

— Wind Speed

— Wind Direction

Using information theory to determine how many
receptors needed and effects of Noise

Long, K.J., S.E. Haupt, G.S. Young, and C.T. Allen, 2007: Characterizing
Contaminant Source and Meteorological Forcing using Data Assimilation
with a Genetic Algorithm, Fifth Conference on Atrtificial Intelligence
Applications to Environmental Science at AMS Annual Meeting, San
Antonio, TX, Jan. 16, Paper number 4.3.
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Caliprating Water Quality Models

Reach 0 Reach ! Reach2  Reach3
'-x_ax,dx_;x,dx_axdx_axd
Parameter
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Managing Grounawater
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Figure 6 TCE contours after implemerting optimal sirategies for scenario C1.

jdentitying underground rock
jayers
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V. So - Where are GAs Going?

Everywhere

Current Research:
Optimizing Parameters
Non-Obvious Applications
Combining with Simulations
Environmental Applications
Parallel Applications

Single Word Summary:
Versatile
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For More Information:

MWIWILEY

Practical Genetic
Alg[]l'ithms Second Edition

includes MATLAB code

(some HPF Fortran)

Randy L. Haupt
Sue Ellen Haupr haupts2@asme.org
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