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Abstract

A genetic dgorithm (GA) based on multi niche aowding (MNC) is cgpable of
locding al the pe&ks of a multi-modal function. By asociating these pesks with the
utility acaued from different sets of dedsion variables, it is possble to extend the use
of GAsto multi criteria dedsion making. This concept is applied to the remediation of
a mntaminated aquifer. The MNC GA is used to dedde the optimal location of
pumping wells. Aquifer dynamics are smulated by solving the partial differential
equations describing the flow of water using SUTRA code. Output of this smulation
congtitutes the input to the GA.

1. Introduction

In this paper we demonstrate the suitability of a new genetic dgorithm (GA) to
address dedsion making problems charaderized by multiple objedives [Reid and
Vemuri, 197]. The aux o the method lies in identifying the objedives with the
peeks of a function and solving for the locations and heights of these peds with the
new GA, cdled the multi-niche aowding genetic dgorithm (MNC GA) [Cedefio and
Vemuri, 1994. Spedficdly, we determine the optimum placement of pumping (and
recharge) wells and ogimum pumping schedules during the remediation o
contaminated groundvater aquifersin arder to achieve aset of objedives [Rogers and
Dowla, 1994 Horn and Nafpliotis, 1993.

2. The Simulation Environment

The region studied is a hypatheticd fadlity, pdluted with hydrocarbors, occupying
a one sguare mile aea The pdlutants e into the ground and contaminate the



Figure 1. SUTRA nodes and elements in mesh.

aquifer, located, say, 90to 180fed below the ground.The goal is the cntainment of
the pallutant from seeping outside the boundxries of the faality. A useful strategy to
contain the groundvater plume would be to pump the water, tred it, and then recharge
the basin. In the ssimulation we assumed that three"pump, trea and recharge” fadliti es
arealy exist on the western edge of the site and ore on the eatern edge. Threemore
"pump, trea and recharge” fadliti es are planned. Thetask isto find ogimum locaions
for these threenew fadliti es.

We used the flow and transport simulation code, SUTRA, of the U. S. Geologicd
Survey to solve the partia differential equations (PDES) describing the flow. SUTRA
is a 2-D hybrid finite-element/ finite-diff erence model aimed at solving the governing
PDEs for confined ared groundvater flow and ared solute transport. Boundary
condtions glitable for the region are gplied. A hydraulic conductivity of abou 10
fed/day is assumed.



The mesh used has 2436 nods and 2385elements. It covers the etire aed extent
of the ayuifer. Figure 1 shows the mesh covering nat only the fadlity but aso the
surroundng area Out of this, we have dhosen a subregion d size 20 x 21 nods,
covering an areaof 5200ft x 4950ft. Each nock in this aubregionis a potential pump
locaion. The distance between nodes is 260 fed, and there ae 420 pssble pumping
locaions. SUTRA took abou 6.5 minutes of elapsed time per fitnessevaluation. The
output of SUTRA congtitutes an input to the GA. The dgorithm's goal is to find sets of
well |ocations that best meds the objedives, subjed to the @nstraint that no more
than 10wells are dl owed.

3. MNC GA for Multi-modal Search

Any function o several variables exhibiting more than ore pe& is a multi-modd
function. When a seach technique, proven to be useful for uni-modal functions, is
applied to multi-modal functions, the method tends to converge to an ogimum in the
locd neighbarhood d the first guess There ae many appli cations where the locdion
of "k best extrema" are of interest. Then it is advisable to invoke bath exploitation and
exploration d the seach space The MNC GA is one such hybrid strategy.
Experimental evidence indicates that the MNC GA has the dility to converge to
multiple solutions. It achieves this result by encouraging competition between
individuals within the same locdly optimal group while limiting gobal competition.
To achieve this goal, in MNC GA bath the seledion and replacament steps of the
Simple GA (SGA) are modified with the introduction d some form of crowding .

In MNC GA the Fitness Propartionate Reproduction (FPR) step of SGA is replacal
by crowding seledionwhere eat individual in the popdation hes the same chancefor
mating in every generation. This takes placein two steps. First, an individual A is
seleded for mating. Second,its mate M is €leded, na from the entire popuation, bu
from a group d individuals of size C;, picked at randam from the popuation. The
mate M thus chasen must be the one who is the most "similar" to A. The similarity
metric used here is not genotypic but a suitably defined phenctypic distance metric.
That is, similarity was not measured using the encoded individuals but the solution
represented by them. Crowding Seledion promotes mating between individuals from
the same niche while dl owing some mating between individuals from diff erent niches.
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Figure 2: Schematic showing crowding fador groups creaed duing replacement.

During the replacanent step, MNC GA uses a padlicy cdled worst among the most
similar. In a sense, this is a minmax strategy. Implementation d this padlicy foll ows
these steps. First, C; groups are aeded by randamly picking s individuals per group
from the popuation. These groups are cdled crowding factor groups. Secwmnd, ore
individual from ead group that is most similar to the offspring is identified. This
gives C; individuals that are candidates for replacanent by virtue of their similarity to
the off spring that will replacethem. From this group d most similar individuals, we
pick the one with the lowest (minimum) fitnessto de and that dot is fill ed with the
offspring (see Figure 2). The following pseudo-code summarizes the method. A
generationis every N mating operations, where N is the popuation size:

1. Generate initial population of N individuals.

2. Forgen =1to MAX_GEN

3. Fori=1to N

4, Use crowding selection to find mate for individual i.

5. Mate and mutate.

6. Insert offspring in the population using worst among
most similar replacement

If we use FPR in Step 4 and replacethe lowest fitnessindividual in the popuation
(Step 6) with the newly generated dff spring, this model corresponds to a steady-state
GA.

4. Interfacing with the Genetic Algorithm

A solution to the problem is represented by a variable length chromosome. Each
chromosome is comprised of information on upto 10wells, where the well | ocaions
appea in ascending order. The well locations are identified by node numbers of the



grid. The dromosome ( 41 107 224 635 9j)enates a five-well pumping scenario
with the well s located at the nodes 41, 107, 224, 635nd 972.0nly 420 d the total
2436 nods in the mesh are valid well | ocaions. This representationis equivalent to a
binary string with abit for eac passble well locaionin the grid.

During the recombination, crosover (or, mating) and mutation are gplied. The
mating operator used here is equivaent to uriform crossover. A child is formed by
first passng to it the genes that are mmonto bah the parents and then seleding with
a 0.5 pobability the noncommon genesin bah parents. Let individual | = (41 107 224
635 973 andits mate M = (22 107 635 700 The dild resulting from mating | and M
will have wells at nodes 107 and 635.The other well locaions in the cild will come
from some subset of the remaining five norrcommon nods, {22, 41, 224,700, 972.
These well | ocations are seleded with probability 0.5. A resulting off spring can be (22
107 635 97p Threemutation operators, namely, add well, delete well, and move well
are gplied independently with the same mutation probability. During an "add well"
mutation awell from one of the 420 no@sis sleded and added to the off spring while
taking care to see that no dupicate nodes are dlowed. The "delete well” and "add
well" are simil arly defined.

The replacament step in the MNC GA seleds the individual in the aowding fador
group with the lowest fitness In a multiobjedive problem a single fitnessvalue can
only be obtained if the objedives are grouped into a single utility function. Thisis nat
appropriate since aspedfic set of weight values drives the GA towards edfic
solutions. Here we determine the worst individual in the group by ranking the
individuals for ead oljedive and seleding the individual with the worst total ranking.
This is a type of minmax strategy (see Figure 3, below). The individuas in the
crowding fador group, indicaed by A, B, C, and D, are ranked for eah oljedive.
Here alower rank number indicates a better value for the objedive being considered.
Same rank numbers are asgned to individuals with equal or similar objedive values.
The total ranking for ead individual is then determined by the sum of all the ranking
numbers. The individual with the highest total rank, here B, is replacel by the
off spring in the popuation. Using ranking as a way to determine the worst individual
in a group allows good individuals for spedfic objedives to evolve & well as
individuals that are average in two ar more objedives.

Individual Objective 1 Objective 2 Objective 3 Total Ranking
A 2 1 3 6
B 2 4 2 8
C 1 2 3 6
D 3 3 1 7

Figure 3: Use of ranking in Worst Among Most Simil ar Replacement.

Similarity between individuals is used duing the seledion and replacament. This
dlows the formation o spedes within the popudation and maintains diversity
throughou the run. To cdculate the distance between individual A = ( al a2 a3 a4)



andindividual B = (b1 b2 b3 b4 b5 h6éwith 4 and 6wells respedively, the following
three steps are: (1) the squared dfference in the number of wells between the
individuals is cdculated, namely, (4 - 6 )**2 = 4. (2) the individual with the lower
number of wellsis ®leded, namely A. (3) For ead well in A, the closest well in B is
determined, say (al, b4, (a2, bl, (a3, bH, and (a4, b3. Smilarity between
individuals A and B is now given by the sum of squared dfference and the distance
between al pairs of wells. That is,

simil arity = sqrDiff + dist(al, b4 + dist(a2, bl) + dist(a3, b + dist(a4, b3.

The small er this number, the more simil ar the individuas are.

There is no explicit fitness function in this problem. Fitness of individuals is
implicitly given by their objedive values and their rank against others. Survival of an
individual from generation to generation is determined by competition among small
groups during replacament. Spedficdly, an individual will survive for many
generations if its total ranking gven by the objedive valuesis lower than those in the
crowding fador group.

The objedives used are: (1) minimization d remediation cost, (2) maximization o
the contaminant removed, and (3) minimization d the cmncentration d contaminant
leaving the site. Cost of pumping, estimated at $70 per running foat, is cdculated
using the distance of ead well to a hypatheticd pump and trea fadlity. The goal isto
find a set of wells whose st stays close to an established budyet of $2.9M. The
amourt of contaminant removed is taken from the estimates obtained from SUTRA
runs. This value is output in kilograms and is dependent on the well | ocaions and the
amourt of water being pumped. In this implementation we used a fixed pumping rate
of 0.0223cubic fed per second. To monitor the atainment of the third ohjedive, a set
of wells are located onthe west side of the site. The anourt of contaminant in parts
per billion (ppb) is estimated using SUTRA. We aamed that the total amourt of
contaminant reading the monitor wells shodd be no more than 20 ppb.The values
cdculated for eat oljedive ae used by MNC GA only during the replacament step.
Each oljedive value is used to determine the ranking of the individual for that
particular objedive. The sum of the rank valuesis then used to seled the individual to
be replaced by the offspring. An oljedive which ranks the individual based on the
similarity to theindividual can also be used to increase the diversity in the popdation.

5. Results

Results were obtained on a Sparc 2 workstation running Sun OS 4.1.3. Parameter
values used for the MNC GA are: N = 25, Crossover probability = 1.0, Mutation
probability = 0.1, C; = 3; C; = 3; s= 3; Number of generations = 20 a 25. In addition
to restricting the potential pumping sites to a subregion d the total grid, small
popuation sizes and a small number of generations were seleded primarily to reduce



the computational burden. The aowding parameters were seleded by trial and error.
Crosover is aways applied to mates. Initial popuation was generated at randam. For
ead individual the number of wells in the chiromosome was chosen at randam. Well
locaions were seleded at randam from the 420 nods in the 20 x 21grid. The initia
popuation rever contained a solution meding the 20.0 ppbregulatory li mit.

At first, the MNC GA was implemented to solve atwo oljedive optimization
problem. The first objedive isto restrict the anourt of contaminant leaving the site to
a presumed regulatory limit of 20 ppb. The second obedive is to maximize the
contaminant removed from the pumped water at the treament fadliti es. Although it
may appea at first sight that achieving the second oljedive automaticaly results in
the dtainment of the first objedive, it is nat always necessarily so. Contaminant
transport in groundwater basinsis very slow. If the pumping wells are locaed at some
distance from the site boundxry, it is concevable that the dfeds of pumping will
read afar off location (say, the boundxry of the site) only after several yeas. Thisin
turn would mean that the SUTRA simulation shoud be wndwted for long durations
of time. This is one aped of the computational bottlened that prompted several
simplifying assumptions in the numericd simulations.

Table 1: Sample solutions with two objectives

No. of Contaminant Contaminant

Gen. Wells leaving site Removed
(in ppb) (in kg)
4 7 19.23 452
5 9 1.90 25.87
7 8 3.80 35.25
12 7 1.29 35.38
13 8 13.36 75.62
15 10 0.92 51.94
20 9 0.31 46.82

Table 1 shows a set of solutions for a scenario that considered orly Objedives 2 and
3. Table 2 shows the results for a scenario that included the st objedive dso. The
cost objedive is to minimize the difference between the st of installation and an
established budyet. No major changes in the quality of solutions were observed from
Scenario 1to 2 except that the mst objedive alded some presaure towards small er
number of wells. At the same time the best solutions removed a greaer amourt of
contaminant and hed lower amourts of contaminant leaving the site. The last column,
in Table 2, ranks the solutions acwrding to their cost. Lower rank values indicae
lower cost solution. As expeded, improvements in ore objedive had a negative
impad in ather objedives during the initial generations.



Table 2: Sample solutions with three objectives

No. of Contaminant Contaminant Cost
Gen. Wells leaving site Removed Rank
(in ppb) (in kg)

10 7 6.30 36.71 6
10 6 7.79 39.62 5
18 7 11.15 43.37 4
19 7 13.27 59.02 3
20 7 2.44 64.68 1
21 7 1.21 81.98 2
23 9 6.59 98.89 7

Figure 4 shows the solution represented by the fourth and fifth generations in Table
1. These solutions have four well s in common although they have diff erent objedives
values. In general small changes in well locaions may cause large dhanges in the
objedive values. The MNC GA dlleviates this behavior by promoting recmbination
between simil ar solutions. In bah solutions the well s are mostly in the southern part of
the site where the pall utant concentration is greder.

Figure 4: Well corfigurations for the fourth (left) and fifth (right) solutions in Table
1.

Figure 5 shows the placement of the well s for solutions d1own onthe fifth and sixth
rows of Table 2. Both solutions have seven well s with five of them common ketween
them. Both solutions have very low values for the anourt of contaminant leaving the
site. They also have high rankings in cost and contaminant removed. Prior to what we
had seen using only two oljedives, improvements in more than ore objedive was
more commonin later generations.



Figure 5: Well configurations for the fifth (Ieft) and sixth (right) solutionsin Table 2.

Legendfor Figures4 and 5.

6. Discusson and Conclusions

Severa isaues were addressed in this paper. First, the scope of this paper is limited
to the issue of demonstrating the aility of the new GA, namely the multi-niche GA, in
finding an acceptable solution to the multi-objedive optimization problem arising in a
pradicd context. Performance of MNC GA relative to alternate gpproadhes is being
investigated. Some preliminary results obtained when MNC GA is applied to
artificially creaed, multi-modal test functions have dready been reported [Cedefio and
Vemuri, 1994.

This paper clealy demonstrated the suitability of MNC GA in meding this
restricted scope. It is $own that the MNC GA indeal has the aility to maintain
different solutions satisfying multiple (and perhaps, corflicting objedives). The
stratagem of repladng a single utility function to measure fitness by a rank score
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assgned to various objedives appeas to have dlowed noninferior solutions (i. e.,
solutions with favorable rankingsin all objedives) to evolve. Given the limits imposed
by us on the popuation size aad the maximum number of generations in the
evolutionary process the quality of solutions obtained appea to be satisfadory. The
policy of maintaining diversity throughou the search (enforced by MNC GA), clealy
paid off inthe form of better solutionsin later generations.

Sewnd, there ae several isales that remain to be aldressed. For example, could an
equally acceptable or even a better result be oltained by some simple search strategy?
Not likely, for two reasons. First, the problem is computationally complex. On a20x21
grid there ae 420 pdential well positions. According to the formulation wsed in the
paper, eah pumping/recharge well configuration can contain anywhere from one to
ten wells. Thisgives us
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combinations of well positions to explore. This is a huge number. Secondy, most of
the dasdcd optimization methods locate the peks of a multi-modal function ore & a
time, in a sequential manner. The merit of the MNC GA is in finding al the pe&ks
simultaneously in ore sweep. Perhaps this one swee takes more dfort than n
successve swegs made by a dasscd method, where n is the number of pe&s. This
question can be addressed by making an estimate of the computational effort of bath
approaches using the "big O" notation.

What abou the influence of the SUTRA simulation code on the performance of
MNC GA? The SUTRA code only solves the partial differential equation simulating
the flow of water and the resulting solution is used orly in evauating the fitness
function used in the MNC GA. It has a mgjor influence on the time taken to get a
solution, bu it shoud have noinfluence on the performance of the GA itself.

Finally, more reseach is aso neaded onthe GA front. What are the benefits of
bigger popuation size and more generations? The isaue here pradicd. To adequately
address this isaue, we neal another way of ohtaining the values for the SUTRA
dependent objedives to minimize the running time. We will be looking into ather
ways to cdculate contaminant removed and regulatory limits that although may nat be
as predse will give usthe ranking of the solutions for ead oljedive. Additionally we
can include heuristics in the mutation operators to add, move, or delete well s that will
improve the overall ranking of the individual. Finally the dromosome can be
extended to include other well parameters like pumping rate to evolve solutions with
the complete pumping schedule. Adding well | ocation constraints can easily be hande
in the genetic operators al so.
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