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Air-Quality Monitoring and Detection of Air Contamination
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We report on the development of an air-quality monitoring and early detection system for an enclosed environ-
ment with specific emphasis on manned spacecraft. The proposed monitoring approach is based on a distributed
parameter model of contaminant dispersion and real-time contaminant concentration measurements. Kalman
filtering is identified as a suitable method for generating on-line estimation of the spatial contamination profile,
and an implicit Kalman filtering algorithm is shown to be preferable for real-time implementation. The identi-
fication of the contaminant concentration profile allows for a straightforward solution of the early detection of
an air contamination event and provides information that enables potential automatic diagnosis of an unknown

contamination source.
Nomenclature
A = discrete analog of L,
c(x,t) = noise intensity
Dy = molecular diffusivity
D; = eddy diffusivity
E = expectation operator
F = source function
FSi = capacity of the ith point sink
Fre = capacity of the ith point source
H = maximum value of z
h(g,t) = measurement operator
1 = unit matrix
L, = spatial operator, L, + L, + L,
Lo, Ly, Ly = spatial operators acting along x, y, z
/ = number of sensors
Ny; = number of point sinks
Ny, = number of point sources
Ox,x,,1) = covariance function of the model noise
q = instantaneouscontaminant concentration
g = two-dimensional approximation of ¢
q = finite difference or finite element
approximationof g, [q,(¢), ..., q,(1)]
R(x\,x,,1) = covariance function of the measurement noise
U = air velocity vector
U, v, w = Cartesian velocity componentsin x, y, z
direction
v(x,1), w(x,t) = independentzero-mean white Gaussian
processes
X, y,2 = Cartesian coordinates
X = vector of Cartesian coordinates x, y, z
X! = spatial location of the ith point sink
x° = spatial location of the ith point source
X = spatial location of the jth sensor
1) = Dirac delta function
Q = spatial domain of the problem
\Y = vector differential operator
Subscript
m = time index
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Superscripts

instantaneous fluctuation
time-smoothed value

Introduction

AFE air is the most vital environmental resource. Its quality is

especially critical in an enclosed environment such as a space-
craft, a submarine, and an airliner cabin. The importance of the
closely related issue of indoor (workplace) air quality has been re-
peatedly emphasized in the past 20 years.!? It is known that only
a slight degree of air contamination can have an acute health and
performance impact on humans.?

In addition to background contamination resulting from mate-
rial off-gassing, microbial growth, and everyday human activities,*
there is a risk of an accidental contaminationrelease. In the case of
spacecraft and other enclosed environments, an unexpected event
can lead to mission failure or even incapacitationand death because
there may be a significant time lag before personnel evacuation be-
comes possible. An early detection of the contamination event can
provide the critical time necessary to take mitigating actions or to
arrange for safe evacuation.

Recent history of space exploration presents some examples of
possible sources of accidental air contamination? One such source
is thermodegradationofelectroniccomponentsin flighthardware 57
It was reported that, during Space Shuttle flight STS-28, 0.1 g of
polytetrafluoroethylene (PTFE, or Teflon® by its trademark), used
as a wiring insulation, was pyrolyzed within 1.5 s. The crew ex-
perienced no adverse health effects. However, it was subsequently
estimated that a pyrolysis of 2 g of PTFE would have affected the
health and performance of the crew.

Another example of accidental contamination is the fire extin-
guishant (CO,) release due to a containment failure and microbial
growth resulting in the release of volatile pollutants into the air.?
Based on the experience with the Space Shuttle, it is estimated that
minor contamination events will occur with a frequency of once
in 30 days; moderate accidents (those causing symptoms in the
crew) will occur once per year. Details are not available on the ac-
cidental releases into Russian spacecraft. However, it is known that
air contamination problems have nearly ended a mission® and that
formaldehyde exposures are a concern.'’

Currently utilized spacecraft air revitalization systems are de-
signed to maintain equilibrium concentrations of contaminants
within limits prescribed by spacecraftmaximum allowable concen-
trations.!"'?> The monitoring of the Space Shuttle air is done off
line and involves sampling of the spacecraft air immediately before
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launch and late in the mission,” with additional samples taken if
the crew suspects a contamination problem. The samples are ana-
lyzed after the spacecraft landing. The analysis of taken samples
shows that air quality is consistently within the target region. At the
same time, this monitoring technique failed to reflect some known
contamination problems (such as the aforementioned PTFE ther-
modegradation) or provided inconclusive results. This technique is
alsoinsensitiveto the temporal and spatial variationsin contaminant
concentrations, even though it is known that temporal variation of
some compounds, such as carbon dioxide, can be quite large. The
spatial variation of the contaminantconcentrationto our knowledge
has not been previously estimated, but one can predict that it can be
significant due to nonuniformity of the airflow within the habitat.
This assumptionis supported by information on large spatial varia-
tions of the contaminant concentrations throughout the Mir Station
under normal operating conditions.

NASA'’s plans for extendedhuman presencein a space station and
bases on the moon and Mars in the 21st century'? raise serious ques-
tions about the adequacy of currentair revitalizationand monitoring
systems for long-duration missions. Added to the risk of accidental
contaminations, there is a concern'* that a space station would be-
come an example of runaway tight (or sick) building syndrome!> !¢
because there will not be the luxury of frequentreturns to Earth for
thoroughcleaning characteristicto the Space Shuttle missions. It be-
comes apparentthatnew-generationair revitalizationsystems should
supportsuchadvancedfunctionsasreal-time air-qualitymonitoring,
health-risk evaluation, an early detection of a contamination event,
which in turn allows for preventive mitigation of a health hazard,
and isolation of the contamination source to facilitate repair and
cleanupand to predict future healthrisk by extrapolatingthe identi-
fied trends. Essential components of such a system are gas sensors,
high-performanceonboard computers, and algorithms and methods
that provide required system functionality. The analysis of exist-
ing gas sensors technology!”-!® indicates that the instrumentation
needed for on-line multicomponentgas analysisis already available.
In fact, a prototype combustion-productsanalyzer has been flown as
part of the NASA program to develop the capability to detect com-
bustion products* More advanced instrumentationcan be expected
to become availablein the near future, including a real-time particle
detector suitable for space flight.!® At the same time, the computa-
tional capabilities of available computers are constantly increasing.

This research has been motivated by a need for system develop-
ment and integrationof a new generationair-quality control system.
The functionalstructureof such asystemis depictedin Fig. 1. Itcon-
sistsof the on-lineconcentrationmeasurementsystemof preselected
contaminants,a data filter, which utilizes the measurementinforma-
tion and prior knowledge about the contaminant transport process
to generate the real-time estimates of the contaminant concentra-
tion evolution in space and time, and the detection system, which
uses the measurements and the estimations of the contaminantcon-
centration to carry out an early detection of the air contamination
event. The contaminantconcentrationestimates are also the basis for
evaluating the crew contaminantintake. Coupled with toxicological
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Fig. 1 Integrated air-quality monitoring system.

dose-responseinformation,concentrationestimates allow for classi-
fication of a currenthealthrisk into the health hazard classes and for
prediction of a long-term effect of the contaminated breathing air.

In the next section, we discuss differentapproachesto the model-
ing of air contamination in an enclosed environment and suggest a
simple distributed parameter air contaminant dispersion model, ap-
plicable to both laminar and turbulent transport. Implementation as-
pectsare alsobriefly considered. We then utilize the well-established
Kalman filtering approach to generate on-line contaminant concen-
tration estimates and propose an implicit Kalman filtering (IKF) al-
gorithm suitable for on-line implementation. Finally, we show that
real-time concentrationestimates provide necessary information for
early detection and isolation of the contamination events.

Model of Air Contamination Transport
Lumped and Distributed Models

A model of the spread, introduction, and removal of airborne
contaminants creates the basis for monitoring and environmental
control of a space habitat. Generally, there are two different ap-
proaches to simulation. In the first one, each separate volume of a
habitat, such as a cabin or a room, is represented as a well-mixed
tank with uniform distribution of all process variables. Mathemat-
ical models of this approach are a system of ordinary differential
equations, resulting from the application of the macroscopic mass
balances 2’ The result of simulation is the predicted time change of
volume-averagedconcentration of gaseous and airborne particulate
contaminants, which depends on the rate of contaminant generation
and removal. These models are relatively easy to develop and apply
but are characterized by low resolution and accuracy.

An alternative approach is adopted in this paper. We base the
computer model on the differentialconservationlaws of continuum.
The resulting mathematicaldescriptionof the contaminanttransport
processin the form of partial differential equations with appropriate
initial and boundary conditions gives an exhaustive prediction of
the distribution of contaminants throughout the habitat. Detailed
information on the contaminant distribution can be used to assess
the effects of chronic inhalation of low-concentrationcontaminants.
A distributed parameter model is also required to precisely identify

an unknown source of contamination?'-??

Three-Dimensional Model of Contaminant Dispersion

According to Fick’s law of molecular diffusion,”® binary mass
transport process with isotropic diffusion can be described by the
following convection-diffusionequation:

dg

o +(V.-qU)=(V-DyVg)+ F,

U= (u,v,w) (1)
with appropriateinitial and boundary conditions.

If the contaminant fraction in the air is low, Eq. (1) can be used to
describe multicomponent transport. In this case, the spread of each
contamination component is governed by a model in the form of
Eq. (1). Transport models for different contaminants can be cou-
pled through a generationterm F, and molecular diffusivity D,,; in
general depends on the particular type of the contaminant species.

Assuming constant density, Eq. (1) in rectangular coordinates
yields

dg duq Jdvqg Jwq
ot T 5 += (V-DyVq)+F 2)

Appropriate boundary conditions for Eq. (2) correspond to an im-
permeable wall, air duct, open hatch, and a completely or partially
permeable wall (Fig. 2). For all practical purposes, the source func-
tion F canbe adequately described by the combination of pointwise
contaminant sources and sinks:

Nso Nsi

F = Z F*(1)8 (x - x‘;") - Z Fi(1)8 (x - x?i) 3)

i=1 i=1

Equation (2) is directly applicable to the laminar transport of
an airborne contaminant. Though Ref. 24 suggests that space sta-
tion airflows will be mainly laminar, turbulent transport can play
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Fig. 2 Boundary conditions of the contaminant transport process.

a significant role at least in some parts of the spacecraft habitat.
Thus, it is important to modify Eq. (2) to accommodate the case of
turbulent transport.

For the case of turbulent flow, both the flow velocity U =
(u, v, w) and the concentrationg must be treated as stochasticquan-
tities. Following the framework of semi-empirical theory of turbu-
lent diffusion?® we introduce the following notation:

U=U+U = (u,v,w)+ @, v, w), g=q+q &
Because we are interested in the meaningful trend of contaminant
concentration,rather than its stochastic fluctuations, we average the
Fickian model (2) over a time interval AT long enough for the
integral of instantaneous fluctuations to vanish. This yields

2—?+v-<ﬁ>+v-<qﬁ>=<V-DMW>+F s)

Let
qU' =-D;V§ ©)
Because
Dy < Dy @)

molecular diffusion can often be ignored, and the resulting three-
dimensional turbulent transport model takes the following form:

3g

Py +V-(qU)=(V-D;Vq)+ F 8)

The models for laminar transport,Eq. (1), and turbulenttransport,
Eq. (8), are of the same mathematical form. This allows us to use the
same computer model for laminar, turbulent,and mixed contaminant
transport cases.

Two-Dimensional Approximation

In an attempt to develop a model that gives sufficient details about
the contaminantconcentrationprofile and at the same time is simple
enough to be run on line, a two-dimensional approximation of the
transport equation (2) was previously suggested®’ The transport
modelcanbe simplified by averagingEq. (2) overthe leastimportant
spatial coordinate. Assuming the averagingover z, define the height-
averaged concentration:

1 H
512D=E/(; qdz 9

We further assume that D), does not change with z and that (u, v)
is a z-averaged air velocity vector. Integrating Eq. (2) with respect
to z and accounting for boundary condition w(0) = w(H) = 0, we
obtain the following two-dimensional approximationof the laminar
transport model:

a ad ad ad ad ad ad
512D+ M512D+ vqrp D 4>p D 420

ot x oy ax MTox oy Moy
(10)

" )
f:/ Fdz+DM[—q } (11)
0 8Z 0

Similarly, a turbulent dispersion is approximated by the following
two-dimensional equation:

+f

where

0z

H

aq ouq avg ad g ad g
512D+ WIzD_,_ v{qop D 42D D 42D

:_T8x 8_yT8y

+f (12
ot 0x ay 0x foa

where ¢,p is height averages and time-smoothed contaminant con-
centration.

This approach provides the flexibility of using different two-
dimensional approximations, resulting from the averaging along
different spatial coordinates, depending on current needs, or of si-
multaneouslyrunningmore than one approximationto obtaina more
detailed prediction of the spread of the contaminant.

Computer Implementation
Two-Dimensional Model

The transport equation with appropriate boundary conditions is
used to develop a computer model of the transport process. First,
using the finite differences or finite elements method, we find an
approximation of partial derivatives with respect to spatial coordi-
nates. Let matrix A be a discrete analog of the spatial operator

a ad ad ad du  Jv
L:()=7—=Dy—+—Dy——— —— (13)
ax ox  dy y

obtained using finite differences, where the dimension n of the
sparse matrix A can be very large. In the vector form, the semidis-
crete analog of Eq. (10) can be written as

dg

Equ +f (14)
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where f(¢) is an approximation of the source function f(x, y, t)
plusthe contributionfrom the boundary conditionsof Eq. (10). Tem-
poral discretization of Eq. (14) concludes the development of the
discrete analog of the transportmodel. To ensure numerical stability
of the computer implementation, it is advisable to use an implicit
approximation of the time derivative in Eq. (14). For instance, the
Crank-Nicolson scheme results in the following discrete implicit
model:

Alqm+l :Aqu +fm (15)
where f, = f(mAt), q,, approximatesg(mAt), and

Ap = I/A1) — 1A, Ay =I/A1)+ 1A
The sparsity of the system (15) can be exploited to yield an efficient
implementation of the computer model.

The finite elements method leads to similar results in that the
resulted discrete model is in the form of Eq. (15).

Three-Dimensional Model

The described two-dimensional design can be used to discretize
the partial differential equation (1) or (8) to obtain a straightfor-
ward computer implementation of the three-dimensional contam-
inant transport model. However, the dimension #n of the resulting
discrete model will increase substantially, and the structure of the
sparse matrices A; and A, will become more complicated. Conse-
quently, the direct approximation of a three-dimensional transport
model can be quite computationally intensive.

A significant reduction in computational complexity can be
achievedfollowing the paradigmof the alternatingdirectionimplicit
approach, which embodies the idea of operator or time splitting.
Such splitting reduces the original problem into a series of simpli-
fied subproblems that must be solved consecutively on each time
step. For example, application of the Douglas method® to Eq. (2)
leads to the following numerical scheme:

[—A, — 2/AD))g" = [A, + 24, +24A. — (2/A)Igw + 2fn
[—A, — (2/AD]q"™ = —A,q., — (2/AD)q" (16)

[_Az - (Z/At)]qm+l = _Azqm - (Z/At)q**

where A, approximates £, () = (3/0x) Dy (9/9x) — (du/dx), A,
andA approximate £, and £, respectively,and ¢* and ¢** are inter-
mediate variables. Thus, instead of solving one large and complex
system (15), we need to solve three tridiagonal equations (16).

Air-Quality Monitoring Using Kalman Filtering

The model of the introduction, dispersion, and removal of air-
borne contaminants in an enclosed environment summarizes our
knowledge about the transport process and is especially valuable
during the design stage because it allows us to analyze the influ-
ence of different factors on the spread of contaminants and to sim-
ulate performance and limitations of air revitalization system. At
the same time, the model is merely a reflection of our current a pri-
ori knowledge about the physics of the air contaminants transport
process, geometry of the habitat, and emission sources and removal
devices. As a result, the quality of simulation depends solely on
the assumptions employed in the development of the model and the
completeness and accuracy of the input data. In reality, the model
is often in question, and the information about some system param-
eters (such as eddy diffusivity) is inherently uncertain and incom-
plete.

The most important information about air quality in a habitat is
the concentration distribution of the airborne contaminant prese-
lected for monitoring. The task of generatingreal (or near real) time
contaminant concentration estimates can only be accomplished us-
ing on-line concentration measurements. However, one should be
aware of the limitations of the measurement data alone. Only a lim-
ited number of sensors can be deployed. Each sensor usually pro-
duces spatiallylocalized,i.e., pointwise, measurements, which must
be extrapolated over the entire spatial volume. The measurements
from different sensors may not be in complete agreement, requiring

datareconciliation. And, finally, the effect of the measurementnoise
must be taken into account.

All of these factors motivate the development of the air-quality
monitoring system based on both on-line measurements and a veri-
fied model of the contaminant transport process. The integration of
measurement data and the model can be achieved within the frame-
work of the well-established Kalman filtering approach. According
to the Kalman filtering paradigm, model and measurement uncer-
tainties are represented by the additive stochastic white Gaussian
perturbations. First, let us consider the modification of the transport
model. The modified model of the contaminant transport has the
following form:

ad a a a
dq | dug  dvg  dwq
ot 0x ay 0z

= (V-DyVg)+ F +cx,Hw(x, 1)

a7
q(x,0) = q" (), Elg°(®)]=0
E[q° @) (2] = pox1, x2), X, X, % €Q
where
E[w(x;, Dw(xs, )] = Oy, X2, N3(t — 1) (18)

The process model is supplemented with a model of the measure-
ment system:

Z(x, 1) = h(gq,t) + v(x, 1), x e (19)
where z(x, t) is the output of the measurement system and
Efv(xy, HHv(xz, )] = R(xy, %2, 1)8(F — 1), X1, X € 2
(20)
Sensors usually provide only pointwise readings. The model of

the measurement system with pointwise sensors takes the following
form:

2(x;. 1) = h[q(x;, 1), 1]+ v(x;, 1), ji=1,....,1 (@D

The levels of the model and the measurement uncertainties are
determined by the covariance functions Q and R. The choice of the
measurement noise covariance matrix R is made based on a careful
study of the sensing instrumentation under controlled conditions.
The covarianceof the model noise is chosen at the model validation
stage. After initial determination, Q is often viewed as a design
parameter and is adjusted to obtain the desired estimates.

The discretization of the stochastic model, Eq. (17), results in
either a single implicit equation, such as Eq. (15), or the system
of implicit equations, such as the system of Egs. (16). The case of
Eq. (15) is considered first. After discretization of Eqs. (17) and
(19), we obtain

Zm+1:H(m+1)Qm+1+Vm+1 (23)

where C(m) and H(m + 1)q,, +, are discrete approximations of
c(x,mAt) and hlq, (m+ 1)At] and z,, ;| is a measurement vector
corresponding to z(x, ¢); w,, and v,, | are uncorrelated zero-mean
white Gaussian sequences such that

E[w;w!] = @um)s(j —m) (24)
E[v;svh ] =Rm+ 18 —m) (25)

where Q(m) and R(m + 1) approximate functions Q (x;, x,, mAt)
and R[x,x,, (m+1)At] and §(j —m) = 1 if j = m and is zero
otherwise.

Traditional Kalman filtering requires the model of the process to
be specified in an explicit form. If matrix A, is nonsingular for all
m, the implicit model, Eq. (22), can be rewritten in an equivalent
explicit form, and the traditional Kalman filter can be applied to
generate the optimal estimates of ¢,, , ;. However, there is a strong
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motivation to avoid the matrix inversion step in the filtering algo-
rithm. If, for some m, matrix A, is ill-conditioned, its inverse is
calculated with significant error, unless special measures are built
into the filtering algorithm. Furthermore, the system matrix AI_IAZ
of the equivalent explicit representation must be treated as a gen-
eral (full) matrix, because matrix inversion destroys matrix sparsity.
Therefore, the traditional Kalman filtering is an inefficientalgorithm
when the systemis sparse and implicit. It can also lead to significant
computational errors should the matrix A be ill-conditioned.

We have previously proposed an IKF method,”® which does not
require matrix inversion. When applied to a sparse implicit system,
IKF is an order of magnitude faster than the traditional Kalman
filter, making it a superb method for on-line estimation of the con-
taminant concentration. According to the IKF approch, the optimal
estimation g,, + 1) +1 of the contaminant concentrationis given by
the following implicit Kalman filter equation (notation @, means
that the estimation of @ at time b is based on the measurements up
to time ¢, ¢ < b):

Aigmsiimet =Ymsiim

+Ly(m+1)[zm+l _Hl(m+1)57m+l\m] (26)
form =0, 1, ..., where
ﬁm#—l\m :AZQm\m +fm (27)

with goj0 = ¢°. The modified measurement matrix H;(m + 1) is
determined from the linear equation

H]A] :H (28)

The implicit Kalman filter gain L, (m + 1) is equal to

Ln+1)=P, . H (m+DR ' (m+1)
=P, H (m+D[H m+1)

x P’

m+1|m

HI (m+ 1) +Rm + )] (29)

where the predicted estimation error covariance matrix P, , ,, of
an auxiliary variable y,, ;| = Aq, 4 is found as a result of the

time propagation of the estimation error covariance P, |m Of the
concentrationg,, according to the following equation:
P, =4, Ay +CmQm)CT (m) (30)

The estimation error covariance matrix P), , | |m+1 satisfies the co-
variance measurement update equation

PZ+1\m+1 :P;yn+1\m —PL+1‘mH1T(m+1)[H1(m+ 1)Pza+1\m
xH m+1)+ R (m+ 1] Him+DP,, | . 31)

or, equivalently,
PZ+1\m+1 :[I—Ly(m—l—l)Hl(m—l—l)]ijH‘m (32)

The estimation error covariance matrix P/ , 1s related to the

m+1|m+
. oy L 1m 4 .
covariance matrix P, 1|y by the following linear matrix equa-
tion:
Y — q T
Pm+1\m+1_A1Pm+1\m+1A1 (33)

The IKF generates the minimal variance estimationsof ¢,, , | and
is theoretically equivalent to traditional Kalman filtering, provided
the inverse of matrix A, exists for all k. However, it provides a basis
for the following new state estimation algorithm of the implicit
system, Eq. (22), which does not require matrix inversion. Given
Zm+1>Gmm> and L, (m + 1), follow these steps.

1) Compute y,, + 1w by propagatingg,, » according to Eq. (27).

2) Solve the linear matrix equation (28) for the modified mea-
surement matrix H;(m + 1).

3) Solve the linear equation

AiQms1im+1 =Yms+tim +Lytk + Dz 1 — Hi(m 4+ DYpi 1wl

(34)
for the optimal estimate §,, 1 1 | +1-

Note that, if matrices A; and H are time invariant, matrix H,
needs to be calculated only once.

The Kalman gain L,(m + 1) can be calculated in the follow-
ing ways. Given P, . follow these steps.

1) Compute P, , ||, by propagating P,; |, according to Eq. (30).

2) Compute the implicit Kalman filter gain using Eq. (29).

3) Calculate P, , | ,, ., according to Eq. (32).

To initiate the gain calculation on the next time step, we need
to find P/, | ., from the linear Eq. (33), using direct or iterative
methods 2

Turning our attention to a discrete analog of the stochastic trans-
port model in the form of the system of implicit equations, we im-
mediately observe that, after appropriate modifications, Eqs. (16)
can be written as a single implicit equation:

2fn 2C(m)
AlQm+1 = Asz + 0 + 0 W (35)
0 0
where
q*
0,=|q"
qm
A = {Ailj}
—A, — (2/A1) 0 0
= (2/At) —A, — (2/At) 0
0 (2/At) —A. — (2/At)
0 0 A, +24,+2A4, — (2/A1)
A,={al}=]0 0 —A,
0 0 —A,
and
Zms1 =00 0 Hm~+ DIQui1 + Vit (36)

The system of Egs. (35) and (36) is in the same form as Egs. (22)
and (23), and the implicit Kalman filter is directly applicable. The
resulting algorithm can be further simplified if a special structure of
Eq. (35) is taken into account. After transformations, the estimation
of the contaminant concentrationis determined from the sequential
solution of the following tridiagonal equations:

[-A, — 2/AD]g* = [A, + 24, +2A, — 2/AD]1qum\m
+2fu +Lilzn 1 — HiYpi1ym]

[-A, — Q/ADIg" = —Aguin — (2/ADG™

(37)
F+ Lozt — H Y11 m]
[_Az - (Z/At)]ém +1m+1 = _Azém |m — (Z/At)q**
F+ L3201 — H Y11 m]
where the predicted estimation of the auxiliary variabley is
AP 2fm
AP 0

The modified measurement matrix H, = {H,;} is found from the
following linear equation:

[Hi Hp» Hi3lA=[0 0 H] (39
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the solution of which reduces to the solution of the following three
linear tridiagonal equations:

Hi;AT =H, H, AT = —H3 A7, HjA' = —H;, A}
(40)
The implicit Kalman gain L, | = [LT LI LY]" is equal to
! ’ -1
Lm+1 :Pinﬁ—l\mHlT[HlPr)ﬂ-%—l\mHlT+R(m+1):| (41)
where
P:;z +1|m =
AgzPrZ \mAéST quPrZ \mA§3T AgzPrZ \mAgST
(42)
As before,
Pi;z-%—l\m-%—l:[I_L”'+1H1]P:1+l\nz (43)
and
y _ Q
P311+1\n1+1 _Ale+1\m+1A1T
where P2 | ={[P2 17} i.j ={1,2,3}is the covari-

ance matrix of the estimation error of Q,, ;. Taking advantage of
the block-matrix structure of A, the solution of the last equation is
reduced to a sequential solution of the following six equations:

11 T 11
11 Q s _ Y
Al [Pn1+l\n1+1:| Al _[Pn1+l\n1+1:|

Ail[P;g+1\m+1]12A%2T = [P:;z+1\m+1]12 _Ail[P£+1\m+1]“A%IT

Ail[P;gH\mH]mA?ST = [Piz+1\m+1]13 _Ail[PSH\mH]IZA?ZT

A%Z[P;gﬂ\m“]zzA%zr = [P:;z+1\m+1]22 _A%I[PS+1\m+l]“A%IT
_A%I[P;gﬂ\m“]le%zr - {A%I[P;gﬂ\m“]le%zr}T (44)

A%Z[P;gﬂ\m“]m‘ﬁﬂ = [Pi;1+l\n1+1:|23 _A%I[PS+1\m+l]12A?2T
_A%Z[P;gﬂ\m“]zzA?zr _A%I[P;gﬂ\m“]mA?ST

A?S[P;gﬂ\m“]%A?ST = [Pi;1+l\n1+1:|33 _A?Z[Psﬂ\m“]zzA?zr
_A?Z[Prgﬂwmﬂ]mA?ST - {A?Z[Prg+1\m+l]23‘4?3r}r

where [P2 P =P

m+1|im+1 m+1|m :

We are nt)vx‘/ i;{ the pOSitiO-;l t‘o fglrmulate an algorithm for the esti-
mation of the contaminant concentrationgq,, 1 ;. Given z,, 4 1, g [mos
and L, , |, follow these steps.

1) Compute y,, 11| by propagatingg,, ,, accordingto Eq. (38).

2) Successively solve three tridiagonal matrix equations (40) for
the modified measurement matrix H,.

3) Successively solve three tridiagonal equations (37) for the op-
timal estimation g, 4 1 +1-

The calculation of the gain L, .| of the implicit Kalman filter
follows the following algorithm.

1) Calculate P, , ||, according to Eq. (42).
2) Calculate the IKF gain using Eq. (41).
3) Calculate P,, , |, , , according to Eq. (43).

4) To initiate the gain calculation algorithm on the next time
step, sequentially solve matrix Egs. (44) to find the error covariance
matrix P, 4 -

Despite the complex appearance, the developed implicit filtering
algorithmis very effective for large-scalesystems and is convenient

for computer implementation. If the number of sensors/ < n, then
the computer implementationof this algorithmrequires on the order
of n? floating point operations. Furthermore, all linear systems that
need to be solved in the course of implicit filtering have the same
simple tridiagonal form and can be solved using the same solution
engine.

It is well known that for real-time applications of the Kalman
filteringitis advisableto use a square root filtering algorithm, which
has a superior numerical stability. The details on the square root
implementation of the IKF can be found in Ref. 27.

Example: Estimation of Contaminant Concentration
Using an Implicit Kalman Filter

Consider a two-dimensional height-averaged approximation of
the contaminanttransportprocess in an enclosed habitat. Assuming
laminar airflow, the parabolic input and output air velocities, and
the additional parameters of Table 1, the z-averaged air velocity
distributionin the cabin was calculated and is shown in Fig. 3. Here,
the arrows follow the streamlines of the airflow, and their length
is proportional to the magnitude of the air velocity at a particular
spatial point. The maximum air velocity is equal to 1 m/s and occurs
in the center of the air duct. Note that due to large velocity gradients
we have assumed D; = 23 cm?/s, which is the eddy diffusivity of
carbon dioxide in air.

The height-averaged contaminant concentration is probed by 12
identical gas sensors. Spatial location of sensors is shown in Fig. 4.
Sensor location is identified by the symbol ®. The interior point
identified by @ is referred to later. For reference purposes, each
location is associated with the corresponding mesh node number.

Table 1 Input data used in simulation

Parameters
Diffusivity Dr =23cm?/s
Temperature T =20°C
Density p = 1.200g/
Viscosity uw=1834x10">Pa-s
Kinematic viscosity v =1.528 x 107> m%/s
Bulk velocity U Fig. 3
Spatial domain
Geometry Fig. 4
Mesh 62 by 44
Discretization in x direction Ax =02m
Discretization in y direction Ay =02m
Time step At=1s
Boundary conditions (b.c.)
Impermeable wall Fig.2
Inlet duct “flow in” b.c., q}i(" =u(y)q™,

where g™ = 0.04 mg/m?
Outlet duct “flow out” b.c.
Noise
Measurement noise, v; | Zero-mean white Gaussian with
Evj vl 1=0lI8(j —m),
oy = 0.001
Zero-mean white Gaussian with
Elw;wl]=02I8(j —m),

o, =0.0001

Model noise, w

% e ="
WM{/{M/MM

k'

Fig. 3 Height-averaged air velocity distribution.



528 SKLIAR AND RAMIREZ

Assume that the standard deviationof measurementnoise is approx-
imately equal to 2.5% of the maximum value of the contaminant
concentration. The value of the model noise is given in Table 1.
The following contaminationscenario has been adopted. The ini-
tial contaminant concentrationin the cabin is zero. At time t = 0,
a contaminant is introduced into the cabin with the inlet airstream
at a known rate (Table 1). The IKF is used to estimate contaminant
concentration based on the noisy measurements and the uncertain
model. Figure 5 depicts the evolution of filtered contaminant con-
centrations (dashed line) in the spatial point 50, where one of the
sensorsis located. The dotted line is used to represent the measured
contaminant concentration. The solid line depicts the true value of
contaminant concentration. Figure 6 shows the spatial distribution
of the contaminantconcentrationat = 4 min estimated by the IKF.

Detection of a Contamination Event

On-line information on the contaminant concentration distribu-
tion, generated by the monitoring system, is a basis for the solution
of a wide range of air-quality control problems. Among them are
1) the early detection of a contamination event, such as an acci-
dental release or a creeping leak; 2) the localization of the detected
contamination source to facilitate the mitigating actions, such as
repair and cleanup; 3) an identification of the dynamic character-
istics of the contamination source to provide critical information
for projecting future air contamination; 4) the health-risk evalua-

287 50
431
] 16 D 43 ®
INLET OUTLET
s o 336 27" <
= ® ® ©
61 507® ©
® 410 265%
231 554
122M

Fig. 4 Cabin geometry and spatial location of gas sensors.

tion of the current air contamination based on the estimation of
human exposure given the contaminant concentration distribution
and the prediction of the immediate and long-term health and per-
formance effects due to an estimated contaminant intake; and 5) a
predictionof the future health risk based on the projectionof current
trends.

On-line automatic health-risk evaluation must rely on a database
of health hazard effects of preselected contaminants and the tox-
icology dose-response information. It must also be outfitted with
a decision-making subsystem that would allow us to classify the
current contamination situation into the health hazard classes. The
classification of current air contamination should invoke an appro-
priate health-risk mitigating action ranging from “no action” to
“immediateevacuation,”correspondingto “tolerable” or “extremely
dangerous” contamination.

The most importantinference that can be drawn from the analysis
of on-line concentration measurements is the early detection of an
acute or creeping contaminant release. The detection process con-
sists of two steps: residual generation and classification. Ideally, a
residualsignal is equal to zero during normal operation and deviates
substantially from the zero value when a contamination event hap-
pens. A decision logic is then used on the residual signal to make a
classification into either the fault or no-fault operation. Depending
on how a residual signal is generated, detection methods can be

o

o

u
1

MG PER CUBIC METER
<

Fig. 6 Estimated contaminant concentration based on stochastically
perturbed model and real-time noisy measurements.

0.025 T ' ' ' ‘
ooz
« 0015}
ul
’_
w
=
Q
£ oo01f
(@]
o
w
[« N
g
0.005 MEASUREMENT
- - ESTIMATION
— TRUE VALUE
0 fid 1
|
1 L L L L .
-0.0054 100 200 300 400 500 600 700

TIME, SEC

Fig. 5 Estimation of contaminant concentration at spatial point 50.
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either model based or purely statistical. If the model is not used,
the implementationof fault detectionis based solely on the analysis
of a change in statistical properties of the measurement data. One
classical statistical detection method is a Shewhart control chart,
which in essence is a continuous inspection algorithm of a change
in the mean value of a measurement signal. Another example is a
cumulative sum algorithm, which detects the change in the mea-
surement signal based on a simple integration of the signal with
an adaptive threshold. An extensive account of the statistical fault
detection methods can be found in Ref. 28.

Fault detection based on the statistical analysis of the measure-
ment time series from multiple sensors is sensitive to the sensor
degradation. In fact, using the statistical approach, the symptoms
of a faulty primary sensor, such as bias or fluctuation, are often in-
distinguishable from the symptoms induced by the contamination
events. To isolate a sensor failure, a statistical detection requires
the utilization of hardware redundancy with majority voting. In this
case, at least three identical sensors should be used to acquire a
single measurement reading. If the readings from all sensors are
the same within the tolerance limit, then the normal instruments
operation is assumed. On the contrary, when the reading from one
of the sensors differs from the rest of the measurements, its output
is ignored, and the sensor is considered faulty. Clearly, in space-
craft applications where a premium for weight reduction is high,
it is desirable to avoid hardware redundancy whenever possible. In
all applications, as the number of sensors, transmitters, and cables
increases, the cost goes up, and the increased number of elements
leads to higher maintenance requirements. Furthermore, statistical
analysis of the measurement data alone does not provide sufficient
information for fault diagnosis, with an exception of the rare case
of directly measurable contamination events.

An alternative approach to fault detectionis composed of model-
based detection schemes. The foundation of this approachis a con-
ceptof analytical (or functional) redundancy,which statesthat given
the knowledgeabouta processin the form of its mathematical model,
it should in principle be possible to use measurable characteristics
of a process to draw a conclusion about unmeasurable characteris-
tics and events such as an instrument failure or contaminationevent.
Though some model-based methods do not require the distinction
between the type of the fault affecting the system, i.e., sensor, ac-
tuator, or process fault, we begin with sensor-failuredetection. Our
objective is limited. We will only show how the state estimations,
generated by the monitoring system, can be used to solve a fault de-
tection problem without reverting to hardware redundancy. Survey
papers give reviews of instrument fault detection 2-3°

An obvious way to detectinstrument fault is to compare the mea-
surement estimationsz = H¢q, produced by the bank of Kalman fil-
ters, each driven by a single component of the measurement vector
z. After a sensor fails, the corresponding Kalman filter will generate
estimates that differ statistically from the estimates produced by the
rest of the Kalman filters, indicating both the fact that the failure
occurred and the affected sensor. This scheme is known as a ded-
icated filter (observer) method®' and can be used to detect and to
isolate multiple simultaneous sensor faults. Its drawback is a high
computationalcost associated with the propagationof multiple state
estimates and error covariance matrices.

A modification of the dedicated filter scheme known as a gen-
eralized filter (observer) method™ associates each sensor with a
dedicated filter driven by all available measurements except the
measurement from the respective sensor. The generalized filter al-
lows the system to reliably detect and to isolate a single sensor
fault, but at a higher computational cost. A single fault limitation is
usually insignificant, because multiple simultaneous sensor failures
have low probability.

To lower the computational cost of detection and isolation of the
instrument fault, we recommend the modification of the dedicated
filter approach, which requires only three concurrently run Kalman
filters to detectand to isolate a single failed sensor. The measurement
vectorz on every time step m + 1 is first partitioned as

1
4

Zm+1=('2"+1> (45)
zm+1

The vector z and its components z' and z> can now be used to
drive three different Kalman filters. To be more specific, we assume
that the model of the process is given in the form of Egs. (22) and
(23). Then the monitoring system, governed by the implicit filter
equation (26), is supplemented by the following two filters, driven
by z!' and 7%

Ay 1 = [A2 = L HY A3,
+[I-L'H f + L, (46)
and
Ay 1 = [A2 = L HT 4G,
+[I-LH ) f + L2, (47)

where the superscriptsin (}fn | and (}fj‘ . are used to specify which
sub@et of rpeasurements is used to obtain the concentrationestimate,
=[H] Hf]is the apprgprlatelypartltlonedmodlﬁed measure-

ment matrix, and Lk and LY are the appropriate IKF gains.
The threefilters, Eqs (26) (46), and (47), are now used to generate

the following residual signals:

ro =Zm+1 —H@ui1/m+1 (48)

Fi =Zm+1 _Héfnl+l\m+1 (49)
and

1= Zuar —HE, (50)

A decision logic of the instrument fault detection is based on the
fact that, if no fault has occurred, then all residuals r; are the white
noises with zero mean and known covariances. Thus a statistical test
of whiteness, change in mean, or variance can be used to detect a
fault. Note that, due to the modeling errors, the mean value of r; may
not be zero during normal operation and the detection logic must
be based on the increment of a mean value of the residual above the
thresholdlevel rather than on its deviation from zero. The detection
sensitivity to the modeling errors also raises an important problem
of false alarms and motivates the research into robust detection and
isolation methods.

The residuals, Eqs. (48-50), also carry information about an un-
known contamination event. A contaminant release will affect all
three residuals, provided that both sets of measurements z! and z?
are influenced by the release. At the same time, a failure of a single
sensor will affect only two residuals. Thus the residual analysis can
be used to make a distinction between instrument fault and the con-
tamination event. Suppose that a reading from a faulty gas sensor is
a component of z2 and, therefore, ry and r, are affected. The incon-
sistency of r; with both ry and r; is an indication of an instrument
fault, and it also points to the subset z? as a source of erroneous
measurement.

After the instrument failure is detected, the monitoring system
must be reconfigured to temporarily ignore the readings from all
sensorscontributingto z2 untila preciseisolationof a failed sensoris
made. One possibleisolationapproachis to further subdividez? into

21
2=(%)
z

A comparison of the residuals from two Kalman filters driven by

2l and z?? with the reference residual r; will limit the source of the
instrument fault to a smaller subset of the sensors. The unaffected
group of measurements should now be added to z', whereas the
faulty subset must be further subdivided until a single failed sensor
is identified.

Depending on the particular situation, it may be important to es-
timate a type of the instrument fault. Willsky*® distinguishesa hard
failure, when the sensor reading has nothing to do with reality, and
a degradation of the sensor performance, such as a biased reading
or increased noise. Clearly, the readings from a hard failed sensor
must be ignored. At the same time, a degraded sensor can still be
used as a source of useful information, provided its degradation is
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taken into account. This requires an automatic instrument fault esti-
mation, including identification of a sensor bias and a new variance
of measurementnoise. Such a complication of the detectionand iso-
lation algorithm can be justified if there is no hardware redundancy
to substitute for a failed sensor and if its loss leads to a significant
deterioration of the overall performance of the monitoring system.

The hardwareand analyticalredundanciesare not mutually exclu-
sive. Deckert et al.3* designed an instrument fault detection system
for a fly-by-wire aircraft based on the dual redundant sensors and
analytical redundancy. Their approach is to detect a sensor failure
using the comparison of the output from two redundantsensors and,
once a failure is detected, to trigger an analytical procedure to de-
termine which of two sensors has actually failed. Another example
of a combined hardware and analytical redundancy is reported in
Ref. 35.

An advantage of the combined hardware and analytical redun-
dancy approach is that only doubly redundant instrumentation is
required and at the same time the computational burden of analyti-
cal fault detectionand isolationis reduced. The combined approach
integrates a high fidelity of the hardware redundancy and the ability
for complete system recovery after the failed instrumentis identified
with the inference power of model-based methods.

The isolation of an unknown contaminationevent, which includes
the identification of the spatial location and the emission rate of the
contaminant source, is considered in Refs. 21, 22, 36, and 37.

Example: Detection of an Unknown
Contamination Event

Consider the cabin described in the previous example. The air-
quality monitoring system, which uses two-dimensional approxi-
mation of the contaminant transport, is described by the implicit
Kalman filter, Eq. (26). Assume that of 12 available gas sensors,
the locations of which are depicted in Fig. 3, only 10 sensors are
actually used in the IKF. The outputs of the two remaining sensors,
located at the spatial points 231 and 287, are used to generate the
following residuals:

SKLIAR AND RAMIREZ

where z}, | is the measured contaminant concentration at point i
andg), | Imt1 is the IKF estimate of the contaminant concentration
atpointi,i = {231, 287}. The detectionstrategy is based on the fact
thatin the absence of unknown contaminationsources the residuals

r2! and r27 | have a zero mean. The variance of 72’} | is equal to

231

(0231)2 = E[(rn{+1)2] = Ry + [P;Iz+1\m+1] (53)

231
where R,3; is the variance of the measurement noise of the sensor
231 [equal to an appropriate diagonal componenton the covariance
matrix, Eq. (25)] and [Pm+ 11m+ 11231 18 the 231st diagonal compo-
nent of the IKF estimation error covariance matrix, governed by
Eq. (33). A similar equation yields the variance (0,5;7)? of the resid-
ual r2%7 .

The continuous inspection of the mean of the residuals 23!

and
m+ 1
r27 | is used to detect the change in the process. The alarm is trig-
gered for the first time when any of the elements of the decision
vector

N'K
>
J

J=Ni(K-1+1

F(K) =

= (54)

exceeds or equals the value of the corresponding component of the
threshold vector

LIM' =i'(o; /[VNT),

The algorithmdescribedby Egs. (54) and (55) canbe summarized
in the following form:

i = {231,287} (55)

normal operationif 7 (K) < LIM'

i = {231,287} (56)
alarm triggered if Fi(K) > LIM'
andis knownas the Shewhartcontrolchart. The size of the sliding av-
eragewindow N’ and parameter«’ are used as the tuning parameters.
They control the tradeoff between the sensitivity of the detectional-
gorithm and the frequency of false alarms. Additional improvement

P31 = g8 gl 51) . A : .
m+1 m+ 1 mA 1 m+ 1 of the detection reliability at the expense of a longer detection time
. 257 . can be achieved if the alarm is triggered after the residual consecu-

Tkl = %1 " Dt 1ym+1 (52) tively exceeds the threshold an assigned number of times.
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Fig. 7 Response of the residual "3,3:1 to an unknown contamination source: point 231.
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Assume that the unmodeled point contamination source with the
constantrate of emission (Table 2) has been applied to the system at
t =401 s. The response of the detection system on the appearance
of a new and unknown contaminationsource (NUCS) is depictedin
Figs. 7 and 8 for N¥! = N®7 = 8 and «*' = " = 0.8. Both
residualsexceed their threshold limits after 8 s since the application
of NUCS. However, residual r**! provides less conclusive results.
This can be explained by observing that the effect of NUCS on
the concentration measurement of sensor 231 is very small. In fact,
this effect is also quite small for sensor 287, as can be seen from

Fig. 9, where we plot the model predicted relative effect of NUCS,
calculated according to the following expression:

relative effect of NUCS

(1_

Applied NUCS can be interpretedas a small leak. For the first 100's,
its effect on the measurements of sensor 287 does not exceed a few

concentration with NUCS

(57)

100%
concentration without NUCS ) x ?
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Table2 Capacity and location
of unmodeled source: unknown source

Location
Capacity

Spatial point 43
0.02 mg/(m?- s)

287 shows a clear trend

percentagepoints. Nevertheless,the residual
of deviation from a zero mean.

As discussed earlier, the detection and isolation of a faulty sensor
require multiple Kalman filters that use measurements from dif-
ferent subsets of available sensors to generate the estimates of the

contaminant concentration.

Conclusions

The perspective of long-term and remote space missions requires
the development of a sophisticated environmental control system,
which uses a real-time distributed parameter contaminant transport
model for air-quality monitoring and decision making. Existing and
anticipated control engineering, gas measurements, and computer
technologiescreate the basis for developingan advanced air-quality
control system for the enclosed and remote environments with such
features as on-line estimation of the contaminantconcentrationdis-
tributions,early detectionof the contaminationevents, the identifica-
tion of unknown sources of contamination,and health-risk manage-
mentand mitigation. In this paper we proposean integratedapproach
to the air-quality monitoring and emission detection that is based on
the distributed parameter model of the contaminanttransportand the
IKF of on-line contaminantconcentrationmeasurements. Results of
the computer experiments, described in this paper, show the feasi-
bility of the real-time estimation of the contaminant concentration
profile and early emission detection.
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