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Simulations allow for the testing of dieren t system congurations before hardw are is
built. It is imp ortan t that such simulations are dynamic and that they integrate all major
subsystems and activities. This pap er describ es a specic habitat simulation being built
at NASA Johnson Space Center. It is a discrete-ev ent simulation that is dynamic and
stochastic. It simulates all major subsystem of a Lunar or Martian habitat, including the
crew (with variable ages, weights and genders), biomass pro duction (with scalable plan tings
of nine dieren t crops), water recovery, air revitalization, food pro cessing, solid waste
recycling and energy pro duction. Crew activities are modeled including: exercise, sleep
and work. Extra vehicular activities (EV As) are simulated by having crew members leave
the habitat taking small amoun ts of consumable resources with them and then returning
later with fewer consumables. Habitat pressure is simulated including leak rates and losses
due to airlo cks and EV A. Malfunctions can be injected at any time into any subsystem.
The simulation also models sensors and actuators to provide for control opp ortunities. The
simulation is written in an ob ject-orien ted paradigm that mak esit portable, extensible and
recon gurable. In addition to intro ducing the simulation, this paper also presents results
from using the simulation to analyze v e dieren t Lunar habitat con gurations.

I.  Intro duction

Direct experimentation with physical systemsis slow, expensivwe, dangerousand not possible until the
physical system is built. Simulations allow for testing of ideas without having to build hardware. There
are many types of simulations. For example, dynamic simulations versus static simulations; cortinuous
simulations versusdiscrete simulations; and deterministic simulations versusstochastic simulations to namea
few. This paper describesa particular habitat simulation that is dynamic, discrete and stochastic. It models
most of the componerts of a physical habitat including the crew, crops, water and air recovery systems,
EVAs and power. This simulation can be usedto test various habitat con gurations and componerts before
building an actual habitat. In the work described in this paper we use an automated seard tool called a
geneticalgorithm to nd an optimal habitat con guration for a ninety day missionto the moon.

II. Simulating a lunar habitat

Our habitat simulation is basedon an existing simulation called BioSim.! BioSim hasbeendeveloped at
NASA JSC over the past three yearsand is still under active developmert. It is a generichabitat simulation
soour rst task wasto create a speci ¢ instance of BioSim for a lunar habitat. Becauseinstancesof BioSim
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are stored in an eXtensible Markup Language(XML) le, creating a newinstance of BioSim doesnot require
changingany computer code. The XML le isread by the BioSim simulation at start-up and the appropriate
con guration is instantiated. This makescreating di erent kinds of habitats very easyeven for thosewith no
programming experience. In addition, we are working on a graphical userinterface (GUI) to further simplify
the process.

A. Simulation overview

A typical habitat system consistsof multiple interacting modules? We have modeled most of thesemodules
using the best available information. The models are processmodelsin that they take in certain resources
and produce other resources.They are not componert models, that is, they do not model physical objects

sudh asvalves, pumps, etc. Figure 1 shows the modulesin our simulation. We now describe ead of them in

detail.

Figure 1. The various mo dules that comprise a habitat life supp ort system

1. Crew

The crew module is implemented using models described by Goudarzi and Ting.® The number, gender, age
and weight of the crew are settable asinput parameters. The crew cyclesthrough a set of activities (sleep,
maintenance, recreation, etc.). As they do so they consumeO,, food and water and produce CO,, dirty
water and solid waste. The amourt of resourcesconsumedand produced varies accordingto crew member
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attributes and their activities. The crew's activities can be adjusted by passinga new crew schedule to the
crew module. A default schedule can also be used. The crew module is connectedto a crew environment
that corntains an atmospherethat they breathe. The initial size and gas composition (percertages of O,
CO,, H,O and inert gases)are input parameters. As the simulation progresseghe composition of gasesin
the atmospherechanges.

2. Biomass

The biomassmodule models crops that produce food and oxygen in the simulation. Currently, nine crops
are modeled{ wheat, rice, soybean,tomato, lettuce, dry bean, pearut, sweet potato, and white potato. The
growing area of the biomassmodule is xed at the start of the simulation. Within this growing area the
amouns of the di erent crops can be adjusted during a simulation run either through the crew interface or
directly through the biomassinterface. As crops grow they consumeCO,, potable or grey water and light.
At the sametime, they produce O, and transpire H,O. The crops also produce biomasswhen they are
harvested. The production and consumption of resourcesare modeled accordingto Barta, et al.,* Jonesand
Cavazzoni? and the Baseline Valuesand Assumptions Documert (BVAD) published by NASA's Advanced
Life Support (ALS) Program.® The biomassmodule hasits own ervironment that cortains an atmosphere
for the plants. The default con guration has separatebiomassand crew ervironments becausethe ideal gas
composition for growing plants is not ideal for humans. Becausethe simulation is recon gurable it can be
initialized with a single ervironment for crew and crops or with multiple environments for di erent crops.
Harvesting and planting of crops is currently done automatically with the default that the sametype of
crop is planted as was harvested. Howewer, a di erent crop schedule can be passedto the biomassmodule.
Crops are planted and harvestedin shelesthat cortain 8.2 square meters of growing area and have their
own arti cial lighting. The lighting and water available to the cropsis adjustable.

3. Food processing

The food processingmodule takesin harvestedbiomassand producesedible and inedible mass. The inedible
massis further divided into inedible dry mass,which goesto the solid waste store and inedible water mass,
which goesto the dirty water store. Edible biomassis cornverted into a food object type that has three
properties: calories, water, and mass. Each of the nine crops are corverted into nine di erent food types.
The food processingmodule adds these food typesto the food store, which may cortain other user de ned

food not produced by the biomassproduction system. When the crew module needsfood it asksthe food
store for a speci ¢ number of calories. The food store createsa mix of food typesto provide those calories
and passesthem to the crew module while deleting that food from the food store. The crew module uses
the water content of food to reducethe amount of potable water consumedby the crew. In the future, we
would like to add the ability to requestspeci ¢ menus and to balanceother nutrients besidesjust calories.

4. Air revitalization

The air revitalization module consistsof seweral subsystemsthat provide breathable air to the crew ervi-
ronment. The Variable Con guration CO, Removal System (VCCR) takesair from the crew atmosphere,
removes CO,, and returns the remaining air mixture. The removed CO, is collectedin a CO, store. The
CO, Reduction System (CRS) takesCO, from the store and reactsit with H,, making H,O and CHy4. The
methane (CH,) is verted ( the simulation tracks how much is vented) and the H,O is passedto the third
system, the O, Generation System (OGS), which breaks down the H,O into H, and O,. The O, is saved
in an O, store and the H; is returned to the CRS. The air revitalization module may take H,O from the
potable water store for usewith the OGS, or it may put H,O into the potable water store. In addition,
an O, accurrulator extracts O, from the biomassatmosphereand placesit in an O, store. Injectors are
available to take gasesfrom the stores and inject them into the atmospheres. A cortrol challenge is to
maintain an optimal gas mixture in the crew and biomassenvironments while minimizing both energy use
by the air revitalization module and minimizing store sizes. The capacities of the storescan be assignedat
initialization. All modules require power to although the OGS requires substartially more power than the
other subsystems.
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5. Water recovery

The water recovery module consumesdirty water and produces potable and grey water (i.e., wastewater
other than that including human excremen, suc as bath water). The water recovery module consists of
four subsystemsthat processthe water. The biological water processing(BWP) subsystemremaovesorganic
compounds. Then the water passeso a reverseosmosis(RO) subsystem,which recovers 85% of the water.
The 15% of the water not recovered from the RO (called brine) is passedto the air evaporation subsystem
(AES), which recovers the rest. Thesetwo streams of grey water (from the RO and the AES) are passed
through a post-processingsubsystem(PPS) to be puried and made potable water. An external cortroller

canturn onor o various subsystems.For example, all water can passthrough the AES at a higher energy
cost. We basedour water recovery module on a recertly completedtest at NASA Johnson SpaceCerter.”’

6. Extravehicular activities

Extravehicular activities (EVA) involve crew membersleaving the habitat for variable periods of time. While

outside the habitat the crew membersno longer place a load on the habitat life support systems,but instead
needalternate life support systems. We implemert this in our simulation by spavning a \mini" habitat with

parameterssettable by the user. This mini-habitat exists for the duration of the EVA. The mini-habitat has
its own environment, stores, recycling systems,etc. As an example, the mini-habitat could be a spacesuit
with a (small) air volume, small water stores, a very small air revitalization system and a small power
supply. This mini-habitat would be suitable for one crew member. During the mini-habitat's existence
the crew member would breath her air, drink her water, etc. and would not be drawing from the original,

larger habitat. When the EVA is over, the mini-habitat is mergedbadk with the original habitat. Because
all parameters of this mini-habitat are settable, it could represert any EVA hardware, from spacesuits to

pressurizedvehiclescapable of holding multiple crew members for extended periods. For set-up and cortrol

purposesthe mini-habitat is no di erent from any other habitat simulation and usesthe same underlying

models. They can be spawvned dynamically at any time and for any duration. Multiple spavned habitats

can exist at the sametime.

7. Solid waste

The current solid waste module modelsan incineration processin order to recover carbon. The module takes
dry waste from the crew and food processingmodules and oxygen to produce carbon dioxide. We plan to
add a lyophilizer to the solid waste module in the future.

8. Power

The power production module supplieselectricity to all of the other modules. There are two models for this
module. One simulates a nuclear-style power systemthat suppliesa continuous, xed amourt of power. A
secondsimulates a solar-style power systemthat suppliesa varying amount of power. An external cortrol
program can set the amount of power going to eacy module up to the total amount of power available.

B. Habitat parameters

The previous section (Section A) described a generichabitat simulation. For the experimernts in this paper
we implemented a speci ¢ instance of the simulation to re ect a lunar habitat. The instance was designed
with information from an internal JSC memo describing a lunar referencemission

The referencemission assumesa four personcrew with equal numbers of men and women. A mission is
90 days with the habitat initiated and operating nominally upon crew arrival. The landing site is the lunar
south pole with the sun above the horizon 80% of the time and surface temperatures between 210K and
230K during the day. The habitat atmosphereis composedof 29% oxygen at an overall pressureof 65.5kPa
and a leakage rate of 0.00224kg/day. Food is shipped in most circumstances(although we looked at the
addition of small salad crops) and is 0.257 kg/crewmember-day moist food and 0.665 kg/crewmember-day
of dry food. Air, water, and waste recovery systemsare part of the habitat.

Parameterssuch asthe size of the habitat (speci cally air volume), the size of the recovery systems,the
amount of salad crops and the size of the power subsystemwere not xed and were determined through
analysis of simulation results as described in Section|V.
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1. Extravehicular activities

As described in Section 6 we can spavn EVAs at any time. Following the lunar referencemission our
simulation spawvns one crew member on a four hour EVA ead day of the mission. An EVA takes place
through an airlock that is 3.7 m® in sizeand 10% of the airlock atmosphereis lost ead time the airlock is
used.

2. Malfunctions

Our simulation ervironment allows malfunctions to be inserted into any subsystemat any time either by
the user or randomly by the system. These malfunctions can be permanert or temporary. For all of the
experimerts described in this paper two malfunctions wereintroducedinto the habitat. First, there isan O,
storage malfunction at 200 hours into the mission. This results in both a loss of 50% of the store capacity
and 50% of the oxygen in the store at that time. The capacity reduction is permanent. Second,there is a
power production malfunction at 502 hours into the mission that results in a permanert loss of 50% of the
power production capability.

C. Lunar habitat scenarios

The goal of the experimerts described in this paper wasto determine appropriate system-sizingrequiremerts
for the habitat life support systemsand to compare di erent habitat con gurations. We examined v e
di erent habitat con gurations:

1. No biomass production facility in the habitat { all food is from stored food brought along for the
mission and all air and water recovery is performed by physicochemical subsystems.

2. Small biomassproduction facility in the habitat that is integrated with the crew cabin air and water
recovery subsystems.

3. Small biomass production facility in the habitat that is integrated with the crew cabin air recovery
subsystem,but which had its own water recovery subsystem.

4. Small biomassproduction facility in the habitat that is integrated with the crew water recovery sub-
system, but which had its own air recovery subsystem.

5. Small biomassproduction facility in the habitat that hasits own water and air recovery subsystems
separatefrom the crew subsystems.

The biomassproduction facility of these experimerts included only lettuce and tomatoes.

D. Interfacing to the simulation

BioSim has an Application Programmers Interface (API) that allows external programs to accessBioSim
functionality. The API is written using the Common Object RequestBroker Architecture (CORBA), which
standardizesnetwork access(seehttp://www.omg.org). Thus, a program can be running on one computer
and interfacing with BioSim running on another computer. The use of CORBA also meansthat external
programs can be written in any languagethat supports CORBA, including C, C++, Java, LISP and many
others. The API can be usedto con gure BioSim, to cortrol any of its modules, to inject failures and to
step BioSim through discretetime intervals. The APl can alsobe usedto read data from BioSim, including
module status, store levels, crew activities, etc.

In the experiments described in this paper, the external program is a genetic algorithm that seardesfor
an optimal habitat con guration (seenext section). In this particular case,the genetic algorithm is written
in Java and connectsto the simulation via CORBA. It con gures the simulation accordingto its geneand
then usesan API call to start the simulation running. When the mission ends(due to insu cien t resources
or reaching the 90 day limit) an API call informs the geneticalgorithm program, which evaluatesthe result.

The external program could also be a graphical represeration of the underlying simulation. As an exam-
ple we have implemented a three-dimensionalanimation of BioSim that receivesdata from a running simula-
tion. This animation is written usingthe Unreal Tournamert Engine (seehttp://www.unrealtournamen t.com)
and scripting languageand communicates using the sameCORBA API. Figure 2 shows a screenshot of the
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Figure 2. A three-dimensional animation of the habitat sim ulation.

animation. Figure 3 shaws a screenshot of a more traditional 2D graphical represenation of the simulation
that is written in Java.

[1l. Genetic algorithms

A genetic algorithm® encadesthe cortrol inputs asa\gene" (usually a binary string). There is a tness
function that evaluates the gene. The processstarts with a random population of geneswith ead gene
evaluated. The best genesare saved while the worst genesare eliminated. The best genesare then mutated
or crossed(i.e., parts of two genesare swapped with ead other) creating a new population. The genesin this
new population are then evaluated with the tness function and the processcortinuesuntil the population
is no longer improving with respect to the tness function.

We implemented a genetic algorithm in which the genewas a description of the initial con guration of
the simulation (e.g., crop size, storage capacities, etc.). The genetic algorithm program takes this initial
con guration and sets up the simulation accordingly. Our simulation is run until consumableresources
becometoo low and the missionis ended. The tness function is a combination of the length of the mission
and the Equivalent SystemMass (ESM) of the con guration. ESM is a measureof the con guration mass{
a lower massbeing preferred for exploration missions® (seenext section). Thus, in our experimerts \go od"
genesare those con gurations that resulted in the longest running time with the least mass. We xed a
maximum mission length at 90 days, so after 90 days geneswere only distinguished by their ESM. Good
genes(i.e., thosewith the longestrunning time and least mass)are crossed,mutated or inverted. Bad genes
are replacedby genesthat had a higher tness creating a new population. The processis repeated until the
algorithm no longer nds genesthat improve the tness function. Simulations can run in parallel on one or

6 of 20

American Institute of Aeronautics and Astronautics



Figure 3. A 2-dimensional graphical represen tation of the habitat sim ulation.

seweral madhines, rapidly increasingseard speed.

A. Genes

A genein our genetic algorithm represens a life support con guration. Depending upon the scenario(see
Section C) a genewill have between12 and 20 attributes, ead with an integer value. At rst theseinteger
values are randomly assignedto ead attribute. Over time, the genetic algorithm adjusts ead attribute's

value to seard for an optimal solution. The attributes and the range of valuesthey can take are:

All Scenarios:

O Injector o wrate (0-30 mol/hr)

OGS power consumption (0 - 2500 watts)
VCCR power consumption (0 - 100000watts)
PowerPS power production (0 - 700000watts)
CrewEnvironment volume (0 - 2000000L)

O, Store capacity/lev el (0 - 2000mol)
PowerStore capacity/lev el (0 - 500000watts)

Lt T e T e T e T e Y
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{

FoodStore capacity/lev el (0 - 2000kg)

Scenariol:
{ WaterRS power consumption (0 - 3000watts)
{ PotableWaterStore capacity/lev el (O - 8000L)
{ GreyWaterStore capacity/lev el (O - 4000L)
{ Dirt yWaterStore capacity/lev el (O - 5000L)
Scenario?2:
{ Tomato Shelf Size (0 - 20 m?)
{ Lettuce Shelf Size(0 - 20 m?)
{ WaterRS power consumption (0 - 3000 watts)
{ PotableWaterStore capacity/lev el (0 - 8000L)
{ GreyWaterStore capacity/lev el (0O - 4000L)
{ Dirt yWaterStore capacity/lev el (O - 5000L)
Scenario3:
{ Tomato Shelf Size (0 - 20 m?)

i e e e N N )

—~

Lettuce Shelf Size (0 - 20 m?)

Crew WaterRS power consumption (0 - 3000 watts)
Crew PotableWaterStore capacity/lev el (O - 8000L)
Crew GreyWaterStore capacity/lev el (O - 4000L)
Crew Dirt yWaterStore capacity/lev el (O - 5000L)
Plant WaterRS power consumption (0 - 3000 watts)
Plant PotableWaterStore capacity/lev el (O - 8000L)
Plant GreyWaterStore capacity/lev el (0 - 4000L)
Plant Dirt yWaterStore capacity/lev el (O - 5000L)

Scenario4:

Lt M B e W e W e}

{

PlantEnvironment volume (0 - 2000000L)
Tomato Shelf Size (0 - 20 m?)

Lettuce Shelf Size (0 - 20 m?)

WaterRS power consumption (0 - 3000 watts)
PotableWaterStore capacity/lev el (O - 8000L)
GreyWaterStore capacity/lev el (O - 4000L)
Dirt yWaterStore capacity/lev el (O - 5000L)

Scenario5b:

—~

e e i e i e N N e N )

PlantEnvironment volume (0 - 2000000L)

Tomato Shelf Size (0 - 20 m?)

Lettuce Shelf Size (0 - 20 m?)

Crew WaterRS power consumption (0 - 3000 watts)
Crew PotableWaterStore capacity/lev el (O - 8000L)
Crew GreyWaterStore capacity/lev el (0O - 4000L)
Crew Dirt yWaterStore capacity/lev el (O - 5000L)
Plant WaterRS power consumption (0 - 3000 watts)
Plant PotableWaterStore capacity/lev el (O - 8000L)
Plant GreyWaterStore capacity/lev el (O - 4000L)
Plant Dirt yWaterStore capacity/lev el (O - 5000L)
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B. Fitness function

The intention of this tness function is to identify the optimal designfor the 90 day lunar mission described
in Section B. An optimal designwill consumeminimal resourceswhile meeting mission objectives. The
tness function utilized is:

8iéWi Ai:max Wi ;)

f = wt+
‘ gi(Wi a-i;max )

wheref isthe tness of a con guration, t is the length of the missionin hours, w; is the weight of attribute
i, & is the value of attribute i and aimax is the maximum value of attribute i (the list of attributes can be
found in SectionA). The function f is a unitless measureof tness. Thus, the weight w; hasunit 1=hr and
takesa value equal to one.

The rst term, w;t, measureghe length of time that the simulation runs without failure in integer values,
as BioSim is a discrete event simulation. The secondterm will never be greater than one, which allows the
rst term to dominate. That is, a missionslasting 2160 hours will always be rated as more t than any
mission lasting fewer than 2159 hours, no matter the amount of resourcesconsumed. In this analysis, we
are most concernedwith 90 day Lunar missions (2160 hours), so we have instructed BioSim to terminate
any simulations that complete 90 days. This rendersthe rst term equal to 2160 for all 90-day missions,
whether or not a con guration may have beencapableof surviving for longerthan that time. Sinceall 90-day
missionswill be more t than any mission lasting lessthan 90 days, the secondterm in the tness function
then di erentiates con gurations selecting those that minimize resources. The secondterm considersthe
sizing of the various subsystemattributes, their relative weights, and rewards con gurations with componerts
sized smaller than their maximum values. The attributes utilized and their weights are shown in Table 1.

Attribute Attribute Unit | Weight Weight Unit
O, Injector mol/hr 2.1060E-04 | kg-hr/mol
VCCR power req W 0.0000E+00 | kg/W
OGS power req W 0.0000E+00 | kg/W
Power production W 6.2000E-02 | kg/W
Crew/crop volume L 1.3310E-01 | kg/L
O, storage mol 3.3088E-02 | kg/mol
Power storage W 6.8700E-01 | kg/W
Food storage kg 2.3600E+00 | kg/kg
Tomato shelf size m? 3.7010E+01 | kg/ m?
Lettuce shelf size m? 3.7010E+01 | kg/ m?
WaterRS power req W 0.0000E+00 | kg/W
Potable water storage | L 1.0684E+00 | kg/L
Grey water storage L 1.0684E+00 | kg/L
Dirty water storage L 1.0684E+00 | kg/L

Table 1. Each congurable attribute and its contribution to the utilit y function.

The weights utilized in this analysishave beenroughly derived basedon ESM and as such allow compar-
ison of system resourceson a massbasis. When sizing componerts within the systemthe GA will vary the
attributes listed in Section A. For example,the power production systemis sizedbasedupon the maximum
power output necessaryto sustain the system. In this analysis, this suggeststhat the value chosenwill be
the power output at Lunar noon. This aspect of the systemis weighted using the cost equivalency speci ed
in the BVAD, 0.062kg/W. ® Power storage,crew and crop volumes,food storageare similarly weighted using
cost equivalencies®

Speci ¢ costequivalenciesare not available for the remaining attribute weights sothesehave beenderived
on a casespeci ¢ basis. For this purpose,it is critical to understand the manner that BioSim simulations
handle power distribution during a simulation. During ead hour incremert within the simulation, the power
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system distributes power to the various systemsthat are scheduled to work either directly from the power
production systemor power storage. If at this time the available power is not enoughto power all systems,
somewill not operate. The order which componerts within the system are allocated power is randomly
generatedead tick. Thus, there is within BioSim an impetus to sizecomponerts to t within the available
power supplied by the power systems. If not, componerts will fail to operate due to lack of power which
may lead to a systemfailure.

Similarly, ascomponerts are sizedthey must t within the envelope de ned by the crew and crop volume
attributes. Currently, there is no oversight procedurewithin BioSim to ensurethat componerts sizedby the
GA t within the volume, leaving enoughliving spacefor the crew. This will be addressedn future versions
of BioSim and at this time it is assumedthat component sizing is not limited by volume.

Basedon the above power and volume cornvertions within BioSim, the remaining attribute weights are
generally sizedstrictly on a massbasis. The assumptionis that both power and volume issuesare addressed
by BioSim. Cooling issuesare generally proportional to power issuesand are currently not incorporated in
the tness function, although it is anticipated that this will changein the future. Crew time issuesare not
currently addressed,but will be if sucient data becomesavailable. The only remaining exception is for
the the VCCR, OGS, and Water recovery systems. These systemsare sized basedon how much power is
consumedto processtheir daily designloads. At the time of this analysis, a satisfactory weighting relation
for power consumption to processormasshad not beenidenti ed, soa zeroweight has beenutilized. This
implicit assumptionis that the actual massof these processorss negligible relative to their power, volume,
and cooling requiremerts.

IV.  Analysis

We usedthe genetic algorithm described in the previous section on the v e scenariosdescribed in Sec-
tion C. This section explains our experimental methodology and our preliminary results.

A. Exp erimen tal setup

Weran a signi cant number of experiments using our simulation and the geneticalgorithm. The experimental

setup included a genetic algorithm handler program that managedthe genesand the tness function. The
handler had accesdo fourteen instancesof BioSim running on eight di erent computers. The rst stepin the

experimertal processwasfor the handler to randomly createas many genesasthere wereinstancesof BioSim

{ for the purposesof this explanation, let's say there are twelve instancesof BioSim. The handler then sends
ead instance of BioSim one of the twelve randomly created genes.Each BioSim executesits gene{ meaning
it con gures the BioSim systemsaccording to the gene(see Section A) and then runs BioSim until either
the mission ends due to lack of resourcesor the ninety day mission length is reached and sendsits tness

bad to the handler. The handler keepsgenesthat scorein the top third (four genesin our example). Then,

amongst these four genessome are crossed,some are mutated and some are inverted. Crossing happens
10% of the time and genesare crossedby taking half of one geneand half of the other. Mutating happens
80% of the time and only one parameter in the geneis mutated. Inverting happens 10% of the time and
meansthat parametersare shu ed within the samegene. All genesare then sert badk to a BioSim instance
for simulation and evaluation. The processhappensasyndronously as simulations may run for a long or a
short period of time. Crossing, mutating and inverting happen constartly and simulations happen constartly

with the top third of the genesbeing saved. This processcortinues until 1000 simulations have beenrun

(that is, 1000 geneshave been evaluated). After 1000 simulations we start the processover again with a
new set of randomly chosengenes. This happensfour times for ead of the v e con gurations described in

Section C. Thus, the preliminary results described in the next section are basedon 20,000simulation runs.
Con gurations are numbered sequetiially (1-5) asthey are listed in SectionC. The four replications of eat

experiment are numbered alphabetically (A-D).

B. Preliminary results

Sevweral interesting results have been obsened. Somelevel of constraint veri cation and modi ed weights
needsto be developed for BiosSimand the GA. Thus, resultsin this sectionshould be consideredpreliminary.
Plans have beenpreparedto complete this analysisin the future. At this time, seweral con gurations have
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Figure 4. System evolution is depicted as the genetic algorithm attempts more trials in con guration 1 run
D.

beenidentied that will survive the desired 90-day mission. Sewral componerts within the system have
beensizedto someextent, although somereduction of the error bounds would be desirable.

Figure 4 demonstrateswhat a prototypical GA output may look like. Charts sud as Figure 4 assistin
determining if the GA approaded a useful solution. Diamonds mark the tness of a individual simulation
run of BioSim represeting the performanceof a genechosenby the GA. Along the horizontal axis are the
number of BioSim trials executedby the GA. For our experimerts it is typical to have on the order of 1000
trials. The best tness obsened thus far is charted by the thin line. It canbe obsened in Figure 4 that the
ttest con guration increasesin quality asthe GA completesmore trials. Evertually the GA readesthe 90
day (2160 hr) threshold we are interested in. At this scale,it is not possibleto obsene further increasesin
the tness function, although they do occur, asthe thin line is hidden behind the diamond markers.

The thick line represens the average tness obsened during trials up until that trial. As the ttest
con guration increasesin quality it can be obsened that the average tness alsoincreases. This indicates
that the GA is in fact performing as desired, increasing the tness of con gurations it chooses,thereby
increasingthe average tness.

Figure 5 shows an example of a parameter that was not conclusiwely sized by the GA, although this
con guration did approac the desired 90-day mission. In this gure, the diamonds indicate the sizing
chosenby the GA in a simulation asrelated to the resultant tness. The failure of the GA to sizethe VCCR
is most apparert at the extreme right of the gure where a distinct column of diamonds appear indicating
that multiple solutions of various sizesall have equal tness. The tness at the extreme right of the chart
correspndsto that of 2160, or a 90 day mission. This indicates that preciseVCCR sizing is not critical for
successfulexecution of a 90 day missionin this con guration.

Alternativ e output is demonstrated in Figure 6, where food storageis related to system tness. In this
case,it is apparert that mission viabilit y is closelyrelated to the available food in the system for the crew.
For example, no amount of food lessthan approximately 700 kg was able to sustain a crew beyond 1500
hours. It is clearly shown that the minimum amount of food required for a viable missionis proportional to
the mission length. Excessfood, however, is not a limiting factor.
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Figure 5. The relationship between tness and VCCR power consumption in con guration 1 run B. No
concrete conclusion can be made regarding VCCR sizing from this output, as is the case with all replications
of the GA with con guration 1.

Similarly, maximima can be identi ed by the GA. This is shaw in Figure 7. As a generaltheme, power
consumption has beenidenti ed by the GA as a critical issue. Maximum power consumption values, such
asthat pictured in Figure 7, has beenidentied in ead con guration for many componerts. One notable
exceptionis the the VCCR componert in con guration 1 (seeFigure 5).

In somecases,minima and maxima can be identi ed for an attribute varied by the GA. Figure 8 shows
that a minimum amourt of oxygen generationis required for this con guration to sustain a proper O, partial
pressure,however excessie oxygen generation overtaxesthe power system.

It hasbeenobsenedthat it can be worthwhile to considerthe range of the tness function that minimizes
the consumption of resources. For example, Figure 9 demonstratesthe manner that reductions in power
storage were capable of increasing tness when comparing systemsthat achieve the 90-day goal. This is
likely due to the relative weight of power storage.

Interestingly, the VCCR can be sizedvery preciselyin con gurations 2-5. Figure 10 shows that systems
that survive a complete 90 Day mission must have a VCCR sizedto consumeslightly lessthan 3 kW.

By consideringthe 4 replications of eady GA analysis of ead con guration it is possibleto preliminarily
size sewveral componerts within the system. Referring to Figures 11 we obsene that somecomponerts are
sized more precisely than others, indicated by tight error bounds. It is theorized that tighter error bounds
suggesta componert has a more profound e ect upon tness. Further, Figure 12 demonstrateshow the
VCCR was not precisely sizedin con guration 1, while it was sized quite preciselyin con gurations 2-5. It
has beentheorized that since con gurations 2-5 all include a crop subsystem,this may have preverted the
GA from overgzing the VCCR, which would have removed the CO, necessaryfor crop growth.

The term 4 (wija&) from the numerator of the secondterm of the tness function can be utilized as
a proxy for ESM, provided that the weights are correctly represenativ e of the metric. As is the casefor
ESM, small values for the proxy are also indicativ e of preferred con gurations. Averagedvalues from the
replicates of eath GA run for eat con guration are displayed in Figure 13. As expected, there is a distinct
cost for including cropswithin the system. Interestingly, the divorce of both the water and air revitalization
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Figure 6. Adequate food is critical for mission success as is shown here in con guration 2 run A, where a
minim um food masses are related to mission length, and thus tness.

systemsfor the crew and crop subsystemsgreatly increasesthe value of the ESM proxy by over an order
of magnitude. It is not likely that such a con guration will be preferred from an ESM perspective. It
is theorized that this increaseis due to the lack of CO, additions to the crop environment, which would
otherwise be provided by crew respiration within an integrated atmosphere. This causesthe GA to selecta
costly large crop ervironment volume to provide the necessaryCO, and bu ering capacity.

V. Conclusion

This paper demonstrates the use of dynamic simulations and automated seard tools in con guring
and sizing lunar habitats. Dynamic simulations allow for inserting run-time failures into habitat systems
and taking those failures into accourt during the designprocess. Automated seard tools can explore vast
searh spaces,honing in on speci c con gurations that produce optimal designs. In our casewe searded
through 20,000con gurations within a much, much larger seard space(greater than 224). Our conclusions
with respect to an optimal habitat con guration are preliminary. Howewer, our primary conclusionis that
dynamic simulations and automated seart tools can help a human designeror designteam to homein on
optimal con gurations and seard for interesting combinations that might never have beentried. The ability
to repeatedly and quickly simulate habitat con gurations and to changethose con gurations in mid-stream
allow a designermuch greater exibilit y. The simulation, automated seart tool and utilit y function can all
be replacedwith dierent algorithms and we showed just one possible combination. The use of fast turn-
around designtools, especially early in mission design, can provide signi cant cost savings both in design

and in the mission itself.
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Figure 8. Although power issues are critical, it is possible to iden tify minim um power exp enditures to ensure
a viable system. However, a maxim um threshold for power consumption also exists in this case. Con guration
5 run D.
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Figure 9. The tness function is capable of iden tifying con gurations whic h consume fewer resources. All
con gurations pictured complete the requisite 90-day mission. Eviden tly those systems with minimal power
storage have higher tness in con guration 2 run B.
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Figure 10. In con guration 4 run C, it can be seen that the VCCR can be sized very precisely . This is true
for con gurations 2-5.
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Figure 11. Sizing of various system comp onents in each con guration is shown with 95% condence interv als.
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Figure 12. Av erage sizing and error bounds of the VCCR comp onent in each con guration. The VCCR
comp onent was not precisely sized in con guration 1, but was very precisely sized in con gurations 2-5.
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Figure 13. Fitness, being designed based upon ESM, can be utilized as a proxy for ESM. Each con guration
is contrasted based upon this pro xy.
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