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A description is given of the design and implementation of a method to track the presence of air contaminants
aboard a spacecraft using an accurate physical model and of a procedure that would raise alarms when certain
tolerance levels are exceeded. Because our objective is to monitor the contaminants in real time, we make use of a
state estimation procedure that � lters measurements from a sensor system and arrives at an optimal estimate of the
state of the system. The model essentially consists of a convection–diffusion equation in three dimensions, solved
implicitly using the principle of operator splitting,and uses a � ow� eld obtainedby the solution of the Navier–Stokes
equations for the cabin geometry, assuming steady-state conditions. A novel implicit Kalman � lter has been used
for fault detection, a procedure that is an ef� cient way to track the state of the system and that uses the sparse
nature of the state transition matrices.

Nomenclature
A1 = state transition matrix (left-hand side)
A2 = state transition matrix (right-hand side)
cu , c1 , c2 = empirical constants used in the k– turbulence model
DM = mass diffusivity, m2 s 1

f = contaminant source term, kg m 3 s 1

H = measurement matrix
Lm = implicit Kalman gain
l = loss function
Q = covariance matrix of the model noise
Qm = concentrationvector
q = concentrationof contaminant, kg m 3 (vol%)
q = discrete analog of contaminant concentration,kg m 3

or vol%
R = covariance matrix of the measurement noise
r = row unity matrix
t = time, s
u = velocity vector
u, , = velocity components in the coordinatedirections,

m s 1

x k = state vector
x = estimate of state
x = estimation error
x , y, z = coordinate directions
z i = measurement signal

= zero-mean white Gaussian processes
= second viscosity coef� cient
= molecular viscosity coef� cient
= density of � uid, kg m 3

k , = empirical constants used in the turbulence model
k = error functional

Subscripts

n, p, r = mesh indices in the coordinate directions

Superscripts

D = down
E = east
N = north
S = south
U = up
W = west
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Introduction

I NDOOR pollutionhas been the subject of considerableresearch.
Indoor pollution becomes an extremely critical factor in long-

term � ight missions, such as the Mars mission or in the space sta-
tion. Indoorair quality is also an issue related to energyconservation
in buildings and the thermal comfort and health of building occu-
pants. This work mainly pertains to the detection and simulation of
air contaminants in the space station, though much of the work is
easily extended to buildings and issues of ventilation systems. Con-
trolof air contaminantsis a crucialfactor in the safetyconsiderations
of crewed space � ight. We propose a method to track the presence
of contaminants using an accurate physical model and also develop
a robust procedure that would raise alarms when certain tolerance
levels are exceeded. This paper discusses the modeling of air� ow
inside a spacecraft and the consequentdispersal pattern of contam-
inants. Because our objective was also to monitor the contaminants
online, we developed a state estimation procedure that makes use
of the measurements from a sensor system and arrives at an optimal
estimate of the contamination in the system as a function of time
and space.

Most of this work was undertaken under the auspices of NASA’s
Advanced Environmental Monitoring and Control Program, with
a view to develop an intelligent monitoring system for space sta-
tion missions. Also of speci� c relevance are the crewed missions
to Mars, the Mars Short Visit, the Mars Human-Tended Outpost,
and the Mars Permanent Outpost, where astronauts are expected to
spend between 7 and 600 days and where the luxury of returning
to Earth for a cleanup in the case of a contaminant leak does not
exist. Contaminants that are to be monitored include carbon diox-
ide, carbon monoxide, and volatile organics. According to NASA,
primary chemicals of concern are nitrogen tetroxide, monomethyl
hydrazine, ammonia, and halon 1301. There is an extensive body of
literature in the area of environmental control aboard spacecraft.1

The NationalResearch Council has prescribedspacecraftmaximum
allowableconcentrations(SMAC), which are not to be exceededun-
der any circumstances. These concentrations are based on studies
that link contaminant concentrations to the impairment of normal
human activities.Separately,scientistsworking in the Russian space
program published their own maximum allowable concentrations,
and current research in the area is focusing on blending the two
because there are substantial differences in the limits, with the U.S.
limits being in general more relaxed. Researchers at the Jet Propul-
sion Laboratory and other laboratories are working on advanced
sensors that will be able to detect smaller amounts of contaminant
and that will have faster response times. Our work focuses on the
design and implementation of control and fault diagnosis systems
that use the sensor capabilities and that analyze the data to achieve
the control objectives speci� ed through the SMAC.
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Modeling of Air Contaminant Dispersal
One of the goals of this work was the development of the full-

blown three-dimensionaltransport model for the airborne contami-
nants.Previousworkhaseitherused thecontrol-volumeapproach,in
which thecabinwas modeledas a collectionofwell-mixedreactors,2

or used a space-averagedtwo-dimensional model.3

Assuming a constant density of spacecraft atmosphere and a
constant molecular diffusivity, the differential mass balance of the
airborne contaminant results in the following fundamental three-
dimensional convection–diffusion transport model:

q

t
u q DM

2q f (1)

In this work, we are assuming that the contaminantis passive, i.e., it
is transported with air at the same velocity in the � eld. In addition,
we are assuming that the contaminant undergoes no chemical or
physical transformationsduring its transport.

Equation (1) is applicable to both laminar and turbulent � ow.
However, in the case of turbulent � ow, the velocity vector is ex-
tremely random, and so we resort to using the time-averaged equa-
tions instead. The idea is to average the Fickian model over a time
interval long enough for the integral of the instantaneous � uctua-
tions to become zero. For the case of turbulent � ow, therefore, we
treat both the � ow velocityand the concentrationas stochasticquan-
tities. We will discuss the speci� cs of how we treat the turbulence
in the section on air� ow modeling. The equation, then, for the case
of turbulent � ow is

q

t
u q DM

2q f (2)

where the overbar indicates time-averaged quantities.
We solve the model equation(1) usinga simple � nite differencing

scheme. The diffusive terms are discretized using a second center
difference scheme, whereas the convectiveterms are discretizedus-
ing the upwind differencing scheme to eliminate oscillatory effects
in the solution.The application of the center difference approxima-
tion of the time derivative yields the following discrete analog of
the three-dimensionaltransport model:
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where t is the time discretization step and the superscript m
0 1 2 , is used to identify an instance t m 1 t for which
the solution of the equation is sought.

The like terms in Eq. (3) are collected to obtain the equation in
matrix form for a single spatial mesh point n p r :

A q d

The solution scheme used is the alternating direction implicit
scheme, which invokes the property of operator splitting4 and con-
verts theprobleminto a systemof three tridiagonalmatrixequations,
which can be solved using the Thomas algorithm.5 The convec-
tive operators are discretized using an upwind � rst-order scheme,
whereas the diffusive terms are discretized using a second-order
center difference scheme. The time operator is a simple forward
difference term. The truncation error is of x2, y2 , z2, t .

Modeling of Air� ow Within an Enclosure
In the precedingsection,we developedthe contaminantdispersal

model, which needed a wind � eld as an input. In this section, we
develop a method to solve for the wind � eld in the cabin.

Air� ows inside enclosures have been a subject of active inter-
est within the building systems community. Computational � uid
dynamics (CFD) has been used for predicting room air movement
since the 1970s.There even existspublicdomain softwaredescribed
by Kurabuchi et al.,6 called EXACT3, which is a three-dimensional
� nite difference computer program for simulating buoyant turbu-
lent air� ow within buildings. In recent years, much effort has been
made to enhanceCFD as a reliabletool for theevaluationof air� ows.
Most of the work has remainedcomputational,thougha few validat-
ing experimentalresultsalso exist in the literature.The International
EnergyAgency, thougha subsidiaryresearchgroup Annex 20, mea-
suredvelocities,temperatures,and turbulencevelocityscalesin full-
scale rooms.7 Canadian researchers8 did studies on the correlation
between the velocity of the inlet jet and the � oor velocity and pro-
posed a jet momentum number that would measure the energy con-
tained in the diffuser jet relative to the room air volume.9 In this pa-
per,we useCFD to providethe informationregardingthe � ow,which
is then used as an input to the mathematical model for the diffusion
and for theprocedurethat estimates thecurrentconcentrationof con-
taminants in the cabin. This development marks an important step
in our estimation procedure inasmuch as the accuracy of the proce-
dure is largely dependenton the accuracyof the � ow model because
most of the transport is occurring through convective diffusion.

A detailed knowledge of the � ow� eld is required to ensure that
the ventilation system is performing adequately and to provide in-
formation about local variations in the concentration pro� le of the
contaminants.Another advantage in using CFD is that it enables us
to calculatequantitiessuch as turbulenceintensity,whichhavedirect
effects on the comfort level of people inside the cabin. Research has
shown that lower turbulenceintensitiescontribute to higher comfort
levels.10

We assume that the air� ow is steady and solve the three-
dimensionalNavier–Stokes equations for the appropriateboundary
and initial conditions. Earlier work by Skliar and Ramirez3 used a
two-dimensional� ow� eld as an input to the state estimation proce-
dure. In a signi� cant development in this work, we consider mod-
eling the three-dimensional geometry of the space station module
of Son and Barker.11 The two-dimensional case has the advantage
of requiring far less computational time, whereas it suffers from a
lack of information about the third dimension.

Air� ows inside enclosures are usually turbulent, random, and
highly recirculating.10 In this work, we solve the equations for both
laminar and turbulent cases. The geometry chosen here (Fig. 1) and
that used by Son and Barker11 accurately represent the U.S. Lab-A
module in the InternationalSpace Station.

We used thisgeometryforour simulationsinasmuchas the station
is the domain for which this research is being done and to have an
experimentalset of resultsto validateour simulations.The simulated
cabin is 6 m long, 2 m wide, and 2 m high (approximately 20
7 7 ft). There are two inlets and two outlets for the air supply.
The temperature and humidity control (THC) is the primary air
supply, which supplies regulated air into the cabin and is one of the
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Fig. 1 Model cabin.

primary subsystems in the environmental control and life support
systems for the space station.11 The intermodule ventilation (IMV)
air� ow assembliesareused to interchangeair� ow betweenmodules.
One would expect that the THC air is relatively contaminant free
becauseit is � ltered,whereasthe IMV couldhavetracecontaminants
generated in other modules, both routine contaminants and those
released due to accidents.

The air� ow model is basedon thecontinuityequation,theNavier–
Stokes equation, the thermal energy equation,and the concentration
equation together with the k– turbulence model equations, for the
case of turbulent � ow. The k– model uses the kinetic energy of
turbulencek and its dissipation rate to model the turbulence.This
introduces two additional transport equations. In the k– model, the
turbulent viscosity t , also known as the eddy viscosity, is de� ned
by the relation

t
C k2

(4)

For a rectangularcabin geometry, the equationsof continuity and
momentum for an incompressible � ow are as follows.

Continuity:
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The equationswere solved in a coupledmannerusing the � uiddy-
namics analysispackage(FIDAP).12 A � nite elementmesh grid was
developedfor the two-dimensionaland the three-dimensionalprob-
lems with speci� ed nodalboundaryconditions.An eight-nodebrick
was used as the basic � nite element for the purposeof discretization.
The velocitycomponentswere approximatedusing trilinearinterpo-
lation functionswithin the elements.The pressurewas discretizedin
a piecewisecontinuousmanner,with the pressuredegreeof freedom
associatedwith the element centroid. A segregated solver was used
to solve the resultingnonlinearequations.The segregatedsolver de-
couples the equations for the purpose of solution and sequentially
solves them, using the results of one equation in the next and so
on. This increases the CPU time needed but conservesmemory and
has been found to be very useful for large mesh sizes. A variety of
boundaryconditionswere tried, though for the sake of conciseness,
only two cases will be discussed here. The convergence criterion
was that the residuals of the computed quantities (velocity compo-
nents and the pressure) be below 10 4. Most of the computations
were performed on the SGI Power Challenge Array, in a parallel
mode with either two or three processors, available to us through
the National Center for Supercomputing Applications, University
of Illinois at Urbana–Champaign. The runs required varying times
to converge, approximately in the range of 60 CPU hours for each.

Case 1: Laminar Flow
The geometry has already been described.For this case, we used

an IMV � ow rate of 0.15 m3/s and a THC � ow rate of 0.3 m3/s.
It is assumed that the outlet velocities remain constant throughout
the ducts, which is ensured using an arrangement of vanes in the
diffusers. The cabin is assumed to be isothermal. The ducts leading
to the outlet are modeled using free boundary conditions, i.e., the
values of the velocities are allowed to � oat to satisfy the Navier–
Stokes equations. The no-slip boundary condition was invoked at
all of the walls. We assume that the � ow is laminar and that it is a
steady � ow� eld.

Figures2–4 showthe � ow pro� les that we obtained.The contours
of the magnitude of the velocities are shown as three slices of the
cabin, one each near the top and bottom and one in the middle
of the cabin to illustrate the variations. The slice near the bottom
is mainly dominated by the exit through the THC duct. Note that
the � ow leaves at an angle to the duct due to the blast of air that
blows in the x direction. The slice near the center clearly shows
a velocity pro� le near the inlet and outlet of the IMV ducts. The
� ow spreads out throughout the room. The laminar case shows no
recirculation cells. The slice from the top of the cabin shows the
� ow entering the cabin, and recirculationcells form as the jet curves
downward.

Case 2: Turbulent Flow
Turbulence, in a sense, is still an unsolvedproblem.The presence

of a length and a timescale much smaller than the physical problem
presents a scenariowhere the exact solution to Eqs. (5–9) cannot be
obtained. A statistical approach is usually used, and the equations
are averaged over a timescale that is long compared to that of tur-
bulent motion. The resulting averaged equations then describe the
distribution of the mean velocity, pressure, temperature, and other
quantities of interest. Detailed derivations of the equations can be
found in any advanced book on � uid motion.13 We use the two-
equation model, brie� y mentioned earlier. For isothermal � ow with
no mass transfer, the recommended set of model parameters was
used:

cu 0 09 k 1 00 1 30
(9)

c1 1 44 c2 1 92

Figures 5–7 are graphical representations of the turbulent � ow
simulations. Figure 5 shows the � ow pro� le at the bottom slice.
Unlike the laminar case, the � ow dissipates quite rapidly, and the
pro� le is composedof numerous recirculationcells. Figure 6 shows
the center pro� le and the effects of the IMV � ow. The contourshere
show the main blast of air coming throughthe duct and the two main
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Fig. 2 Speed contour for the top slice (1.95 m), laminar � ow.

Fig. 3 Speed contour for the middle slice (0.9 m), laminar � ow.

Fig. 4 Speed contour for the bottom slice (0.05 m), laminar � ow.
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Fig. 5 Speed contour for the top slice (1.95 m), turbulent � ow.

Fig. 6 Speed contour for the middle slice (0.9 m), turbulent � ow.

Fig. 7 Speed contour for the bottom slice (0.05 m), turbulent � ow.
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recirculation cells around the central duct. Figure 7 shows the top
slice with the incomingjet of THC � ow. The � ow curvesdownward,
separatingfrom the ceiling in what is known as the Coanda effect.10

The turbulent � ow pro� les closely resemble those obtained ex-
perimentally by Son and Barker11 in their space station chamber.
The differences can be attributed to the minor differences in the
geometry in the region of the hatches connecting the modules and
the roundednessof their shuttle.The existenceof recirculationcells
is the signi� cant difference between the laminar and the turbulent
pro� les. We believe that the actual � ow in the space station will be
mostly turbulentand that the pro� les we obtain are characteristicof
low-velocity turbulence � ows.

Contaminant Dispersal Solution
We now proceed to test the working of our model by simulating

sometest cases. In this section,we use thewind � eld thatwe obtained
in the sample cases to observe how contaminant dispersal occurs.
We considertwo separatecases,bothofwhich representactualspace
station contaminant scenarios.

Case 1: Steady-State Contamination
This case attempts to mimic the routine operation of the space

station module. For this speci� c case, we are assuming a release of
20 mg of carbon dioxideover the � rst two time steps (of 4.5 s each).
In addition, we have a steady input of carbon dioxide in the inlet
streams. The cabin has a residual carbon dioxide concentration of
0.3 vol% for its initial condition. The THC air comes at a concen-
tration of 0.5 vol% and the IMV with a concentrationof 0.71 vol%.

Fig. 8 Steady-state contaminationpro� les for the cabin.

This would be realistic because the THC is � ltered, and we could
assume that one of the other modules has a lot of astronaut activity
and, thus, the high carbon dioxide level. The simulation was done
for about 300 time steps (about 1350 s). By this time, we observe a
steady-stateconcentrationdistribution.Figure 8 shows the contam-
ination levels at four different slices in the cabin, at levels 0.067,
0.67, 1, and 1.87 m from the � oor of the cabin after about 1300 s.
The surface plots of the slices closer to the middle of the room show
similar pro� les, and the exits and the consequentdrop in concentra-
tion levels of the contaminant are clearly visible. This is due to the
strong blast (relative to the rest of the cabin) of wind removing the
contaminant through convective transport.

Case 2: Sudden Release of Carbon Dioxide
This would represent the case where carbon dioxide was used

to extinguish a � re. A large release of carbon dioxide then would
occur over a small time frame, and we wish to monitor how the
contaminant levels fall off gradually. Figures 9 and 10 show the
concentrationlevels90and 1500s after the release.The surfaceplots
and contours are shown at planar slices 0.067, 0.67, 1, and 1.87 m
from the � oor of the cabin. During these 1500 s, more than 70%
of the released carbon dioxide has been � ushed out from the room.
Figure 9 shows the pro� les 90 s after the release, which happened
near the bottom-left-hand corner of the cabin (0.27, 0.14, and 0.17
m). In this � gure, substantialamounts of the carbon dioxide are still
present near the location of the occurrence, though the levels are
dropping off near the outlets. In Fig. 10, which shows the pro� les
1500 s after the release,we observe that the carbondioxide is almost



NARAYAN AND RAMIREZ 571

Fig. 9 Contamination pro� les 90 s after a sudden carbon dioxide release.

well mixed, with only a slight bulge at the location of the release in
the top slice. By this time, it is the � ow pro� le that largely decides
the contamination concentrationpro� le.

Note here that there is a signi� cant variation in the concentrations
across the room, which might mean that lumpedmodels of the cabin
wouldbe grossly inaccurate.Also, there are regionsof accumulation
in the room. This could mean that SMAC could be locally violated,
even though the concentration averaged over the entire cabin may
be below the SMAC limit. The � ow� eld is an important parameter
in the way contaminants spread through the cabin and needs to be
closely monitored.

State Estimation of Contaminant Concentration
The state estimation procedure closely follows that proposed by

Skliar and Ramirez.14 Estimation is necessary because there are
always uncertainties,e.g., faults in the system, errors in the model,
and changes in parameters that can cause real concentrations to be
different from those predicted by the model. The objective of the
� ltering process is to arrive at an estimate that is unbiased, i.e., that
has the smallest error in the least-square sense, and that gives an
accurate picture of the actual system. The cost of sensors is high,
which gives rise to the issues of placement and number of sensors.
The estimation process is very crucial to the fault detection and
diagnosisprocess because the matrices and calculationsused in this
procedure are used to make inferences about whether and where a
fault (contaminant leak) has occurred.

The estimation problem, formulated simply, is as follows. Given
a stochastic process that represents a dynamic system, we are inter-

ested in knowing the value of x k for some � xed k, where x k is
not directly accessible to us for observation. We have a sequence
of measurements that are causally related to x k by means of a
measurement system M , and we wish to utilize these data to infer
the value of x k . We denote the estimate of x k by x k and de-
� ne it to be some n-dimensional, vector valued function k of the
measurements, viz.,

x k j k [z i i 1 j ] (10)

Crucial to the estimation process is the de� nition and notion of
the estimation error, which is de� ned by the relation

x k j x k x k j (11)

Ideally,x 0 and the estimate is exact. When this is not the case,
we assign a penalty for the incorrect estimate. This is done through
a penalty or a loss function l, which has the following properties.15

1) The loss function is a scalar-valued function of n variables.
2) Loss function l 0 0. There is no penalty if the estimate is

exact.
3) Loss function l is a nondecreasingfunction of the distance of

the error from the origin in n-dimensional Euclidean space.
4) Loss function l is symmetric about the origin.
One of the classical methods of state estimation is the well-

established Kalman � ltering algorithm. In the Kalman � ltering
paradigm, the uncertainties of the model and the measurements are
represented by additive stochastic white noise.
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Fig. 10 Contamination pro� les about 1500 s after the sudden release of carbon dioxide.

If we recast the model equations and include the additive noise,
the model can be written as a single matrix equation
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The estimation of the contaminant concentration is determined
from the sequential solution to the following tridiagonal equations:
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The modi� ed measurement matrix H1 H1 j is calculatedusing
the following equation:

[H11 H12 H13]A1 [0 0 H] (19)
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which is equivalent to solving the following equations:
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The implicit Kalman gain is given by the equation
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Note that the main � lter Eq. (17) is identical in structure to the
model equation in Eq. (12), the only difference being the addition
of the last term, which is the effect of the � lter on the equations.

The solutionto the last equationis reducedto a sequentialsolution
of the following six tridiagonal equations:
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We can now formulate the algorithm of the estimation of the
contaminant concentration qm 1 based on the measurement data
and the transport model.

1) Compute ym 1 m by propagating qm m according to Eq. (18).
2) Successively solve three tridiagonal matrix equations for the

modi� ed measurement matrix H1.
3) Solve the tridiagonal model equations with the new perturba-

tion to obtain the optimal estimate qm 1 m 1 .
The calculation of the gain Lm 1 of the implicit Kalman � lter

follows the following algorithm.
1) Calculate Py

m 1 m according to Eq. (22).
2) Calculate the implicit Kalman � lter gain using Eq. (21).

3) Calculate Py
m 1 m 1 according to Eq. (23).

4) The � nal step is to initiate the gain calculationfor the next time
step, for which one sequentially solves Eq. (25). This is by far the
most time-consuming step.

Filter Implementation and Testing
A true test of the � lter can occur only in an experimental setting

with a physical cabin and measurements. In the absence of that,
we tested the � lter using the results of the model itself. We added
a random Gaussian noise to the contaminant concentrations from
the model, as we would expect to get in a real setting, and then
checked to see whether the � lter was able to track the contaminant
concentrationsto suf� cient accuracy.

The � lter is a computationally intensive program, and we found
that it was taking around 30 s for each time step on a DEC-Alpha
Station 250 4/266. Therefore, we ran the model and the � lter with
a 30-s time step. We are using a set of � ve sensors to estimate the
concentration in the whole room. Table 1 shows the location of
each of the sensors,which are distributedthroughoutthe cabin. The
cabin is representedby a mesh that is 14 28 30, and the sensor
positions are given in terms of the mesh coordinates.

Table 1 Sensor location and the associated
measurement and model noise

Sensor Coordinates Qdiag Rdiag

1 10, 10, 10 0.0001 0.0001
2 8, 2, 23 0.0001 0.0001
3 3, 5, 7 0.0001 0.0001
4 6, 6, 6 0.0001 0.0023
5 4, 11, 22 0.0001 0.00019
6 8, 14, 18 0.0001 0.00019

Fig. 11 Filter performance; tracking concentrations at an arbitrary
point in the lower-left-hand portion of the cabin.

Fig. 12 Filter performance; tracking concentrations at an arbitrary
point in the upper-right-hand portion of the cabin.
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Fig. 13 Filter performance; tracking at sensor location 1.

Fig. 14 Filter performance; tracking at sensor location 2.

The graphs show the results of the contaminant concentration
estimation for 30 time steps. Figures 11 and 12 show the tracking of
the concentrationsat two arbitrarypoints in the domain, and Figs. 13
and 14 show how the � lter performs at the sensor locations in the
presence of measurement noise. The � lter serves to � lter out the
measurement noise while still reconciling the model and the sensor
readings, which can be observed from the � gures. The tracking is
fairly accurate and is mathematically consistent.

The results from the � lter serve as an input to thealarmsystem, the
discussion of which is beyond the scope of this paper. The residual
error between the model prediction and the measurements is used
for this purpose, and when it exceeds a certain threshold level, an
alarm is raised.

Conclusions
We have developedand discussed the design and implementation

of an accurate and intelligent contaminant monitoring system for
the space station. The use of advanced CFD techniques in tracking
the air� ow greatly increases the accuracy of the results. We use a
three-dimensionalimplicit Kalman � lter for the state predictionand
discuss the tracking performance in the presence of uncertainty.We

found that a time step of about 30 s results in real-time performance
of the tracking system, given our current computationalpower. Fur-
ther mathematical development should give rise to an ef� cient and
accurate real-time tracking system for contaminants and match the
advancedtechnologyrequirementsof a trackingtime intervalof 15 s.
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