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Abstract—This paper presents a novel approach for con- the monotonic behavior and present algorithms within an
strained state estimation from noisy measurements. The opti- optimal filtering formulation that can be implemented on-
mal trending algorithms described in this paper assume that  |ine The model uses a one-sided exponential distribution

the trended system variables have the property ofnonotonicity. for th d drivina th t tat luti
This assumption describes systems with accumulating mechan- Or the random process driving the system state evolution.

ical damage. The performance variables of such a system can This is unlike the well-known Kalman filter approach where
only get worse with time, and their behavior is best described a symmetric (gaussian) distribution is used. See [5] for more

by monotonic regression. Unlike a standard Kalman filter  jnformation about the monotonic regression model. The
problem, where the process disturbances are assumed to be work in [5] was focused on batch mode off-line processing.

gaussian, this paper considers a random walk model driven by .
a one-sided exponentially distributed noise. The main contri- In this paper we extend that approach towards embedded

bution of this paper is in studying recursive implementation of ~ Online implementation.
the monotonic regression algorithms. We consider a moving

horizon approach where the problem size is fixed even as One of the reasons why Kalman filtering is popular in
more measurements become available with time. This enables practice is its recursive nature. Most modern navigation
us to perform efficient online optimization, making embeded svstems routinelv use Kalman filters with simple models
implementation of the estimation computationally feasible. Y . _y ) P
for trending motion of mobile platforms. However a batch
|. INTRODUCTION optimization solution of the monotonic regression problem
_ _ ) . . results in a growing size of the problem as more measure-
This work studies prognostic estimation algorithms fofnents hecome available. In many aerospace, automotive,
system health management applications. The initial motNag,g other applications there is a need for embedded im-
tion for the development of these algorithms was aircraftjementation of the monotonic regression and the contin-
maintenance automation. The problem statement and alggs,s growth of the problem size is unacceptable due to
rithms can also be applied in many other applications whe{gemory imitations. As a step towards recursive trending,
system performance needs to be monitored and trendegl, ;se moving horizon approach to the optimization-based
Such applications include automotive telematics, SemiCoRyytion, Such approaches were initially developed and
ductor fab equipment, industrial and chemical processegypjieq to control problems, which can be considered dual
and nuclear power plants. A specific focus of this papeg, the estimation problems [6], [11]. More recently moving
is on embedded algorithms for mission-critical Systemsorizon optimization has been used in the estimation setting,
These onboard algorithms are particularly useful for regl ; 'see 1], [4]. The moving horizon formulation allows us
time trending in aerospace and biomedical applications. 4 keep the problem size fixed even as more sensor data be-
We develop trending algorithms that provide reliablg;omes available. However considering only a subset of the
online estimation of gradually deteriorating fault conditiongqta| available measurements complicates the convergence
in the presence of noise. Many efficiency loss parametega|ysis of the estimation method. This is a focus of current
are associated with physical deterioration of hardware dygsearch. The prior work in this areay., see [9] however
to mechanical wear or erosion. These parameters are a pPriggnsiders problems without constraints that are linearizable.
known to grow (or decay) with time. They never decay (0frhe receding horizon estimation formulation in this paper
grow) unless a maintenance action is performed. We use th€qifferent because it is based on constrained optimization.
monotonic regressioframework presented in [5] to model
such deterioration in fault parameters. Monotonic regression tne paper is organized as follows; Section Il introduces
is an advanced statistical technique that has been used &y notation and the residual data model that we use in the
some time; see [12], [13]. The prior publications in thajater sections. Section Il briefly discusses the monotonic
area provide ad hoc algorithms. In this work we modejegression framework used in this paper. Moving horizon
formulation is presented in Section IV, where the dete-
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[l. PRELIMINARIES where £(¢) is a normally distributed uncorrelated white

The mathematical problem statement considered in thf0iS€ sequence with covariange
paper deals with trending gradually deteriorating fault pa- ¢~ N(0,5) ©)
rameters from noisy sensor data. L€t) be such a mono- e

tonic fault parameter at the usage cy¢leAs an example The initial state of the sequence is also assumed to be
think of z(¢) as a variable describing wear in an engingormally distributed with the mean, and covariance),
which can only get worse with time due to accumulating

mechanical damage. Lef(t) denote the estimate of(t) z(t = 1) ~ N(z0,Qo)- (7)

at the cyclet. This estimate depends on internal sensor

measurements or on data from ambient conditions. The The filtering problem is to estimate ttwbit x(¢) of the
estimatey(t) may differ from the performance deteriorationMarkov chain (1)(7) from the noisy sensor daid). The

variablez(t) due to modeling inaccuracies or sensor nois&t@te of the chain at timeis fully defined by the distribution
and is given as of the random variable:(¢). Since variables are gaussian,

an optimal estimate of the trend for this classical random
y(t) = z(t) + (1), (1) walk model is given by the Kalman Filter. The derivation

where(t) is the ‘noise’ variable. The data model (1) isof Kalman Filter is well-known and can be found in [7].

used as a basis for the estimation algorithm design in this In the monotonic regression framework, we consider a

paper. For the remainder of this paper we assume that rﬂgn-standar_d model of the r_and_om_ wa_lk driven by a random
(1) the observation(t), the underlying trenc(t), and the sequence with an exponential distribution for each term. The

noise(t) are all scalarsy(t) is an uncorrelated (white) nonlinear filter implementing the monotonic regression is

noise sequence, where variabjeis zero mean gaussian Qenved as an optimal estimator for this model. ls&t)

distributed with the covariance in (5) be anexponentiallydistributed uncorrelated noise

v sequence. The exponential distribution is given as

v~ N(0,T): {P(v <q) = / p(v)dy,

) —oo E~E(N): {P(£ <q) = /q p(x)de,
z) = Np(x) = e*ﬁ/(zr) . 2 -

The trending algorithms can be easily extended to include
the case of multiple faultsy € R", n > 1. We only The probability distribution of the initial conditions is still
consider the single fault case since it provides more clarityiven by (7). Now consider the problem of estimating the
in presentation. orbit z(t) of the same Markov chain with the exponential
noise distribution (8) replacing the gaussian distribution
given in (6). The derivation is similar to the Kalman Filter
Consider the data sequence§l), y(t) in (1) on the derivation and is given in [5]. It results in an optimization
intervalt =1, ..., N. We represent the sequences as  problem that needs to be solved for finding the MAP
estimate of the orbit:(¢). We just state the optimization

IIl. M ONOTONIC REGRESSION

Vv = ), oyl (3) problem whose solution yields the required estimate and
Xy = A{z(1), ..., z(n)}. (4)  refer the reader to [5] for further details of the derivation.

For now we limit our attention to the fixed size fault 1 1N

trending problem, which is to estimate the underlying J = ——[z(1) —20]*> + == Y [=(t) —y(H)]* +

fault parameter sequencgy based on the observed data 2Qo 2r t=1

sequencé&’y. This problem is discussed in greater depth in 1 N

[5]. We only present a brief review of the results of [5] in i Z[x(t) —z(t—1)] — min, 9)

this section. In Section IV we will use the moving horizon t=2

approach to develop recursive algorithms for the case wheubject to

the size of the estimation problem grows beyadvidis more

measurements become available with time. (1) <z(2) < ... <z(N). (10)
In addition to the statistical model of the observation o . ) ) L

noise (2) we also need a statistical model for the fauff (€ initial condition covarianc€o — oo, i.e., no a priori

parameter sequence (4). A standard probabilistic meth ’&forma“"” _aboutxo IS avallablg then the first term in Fhe
for modeling the unknown underlying sequence is to use 8ss index disappears and solving the problem would yield a
Random Walk model that has the form Maximal Likelihood estimate of the orhit(¢). On the other

hand if in (9) we assume that the initial state information is
x(t+1) =xz(t) + £(t), (5) exactly available, and the initial condition covariar@ge —



0 then it results in the following problem unconstrained least-squares problem takes the form

N N 1 2 1 al 2
J = % ; [2(t) — y(1)* + % > [e(t) — a(t — 1)] Jo= oo —wl” + op t; [(t) —y(@)]" +
subject to =2

where I' and = represent the covariances of the mea-
(1) =z0; (1) <z(2) < ... <z(N). (12) surement and process noise respectively. This batch least-
squares approach is used in Section V to compare the
The estimation of theorbit x(¢) in the monotonic re- accuracy of the results of our moving horizon monotonic
gression framework is a QP problem with convex (linearjegression filter.
constraints, and very efficient computational techniques are
available for solving such problems. A QP solver using
sparse arithmetic has been developed during the course ofl h€ monotonic regression problem discussed in the pre-
this work. It is ideally suited to embedded implementatiorYiOUs section assumes batch processing of the data se-
and is used for the simulation results of Section V. Théuences and consequently limits the estimation problem
solution to (9), (10) depends on the tuning parameteﬁize- Whereas this approach may be suitable in some cases
3 := A/T and the choice of the initial condition covariancemany other safety-critical applications require embedded
The last term in the loss function (9) provides a lineafilters for online optimization. The problem size grows with
penalty 3~'[z(N) — x(1)] for the overall increase of the time as an embedded filter processes more data resulting
fault estimater through the observation time. The weight ath an increase in computational complexity. The moving
this penalty is the ratio of the observation noise covariand?rizon formulation is specifically used to overcome this
I" to the fault driving noise covariance This parametep problem.
can be tuned empirically to achieve the desired performance The basic idea in the moving horizon approach is to

IV. MOVING HORIZON ESTIMATION

of the filter. maintain a constant length of the estimation window by dis-
So far we have assumed a univariate problem formul&2rding the oldest sample as a new measurement becomes
tion. In the multivariate form of (1) available. However working with only a subset of the total
available information raises some important performance
y(t) = S(t)x(t) + (1), and stability issues which need to be addressed. Moving

horizon control, commonly called model predictive control,
wherex € R, y € R™, S € R™*™ we can use a parameter has been studied extensively during the last decade; see
A = ), to describe the exponential distribution of eact10], [2], [3]. More recently the moving horizon strategy,
monotonic component; of vectorz. This will lead to the also referred to as sliding window, finite or limited memory

following loss function or receding horizon, has been applied to estimation prob-
1 lems; see [8], [9]. Most of the work in constrained moving
J = =[z(1) —20)TQp x(1) — z] horizon estimation uses a least-squares framework, and the
2 N results reduce to a standard Kalman filter in the absence of
1 - traints
+ =N [S@)z(t) — yO)] TS () (t) — y(t cons '
2 ;[ D(t) =y ()] 5(t)2(®) =y ()] We present a moving horizon estimation algorithm for

N monotonic regression which computes a new estimate at
4 Z [25(t) —a;(t —1)] — min (13) each step by solving a finite horizon constrained QP prob-
lem. The data set at each step is defined by the current
) o » ) ) ] time to current time minus a fixed horizon. Recursive
whereQ, is the initial condition covariance matrix afitis  ;omputations enable estimation of the fault parameters
the covariance matrix for measurement noise. We considgging the most recent time interval. This allows us to keep
the univariate case in this paper but the developed resulig, h opiem size bounded as more measurements become
can be easily extended to include the multivariate problem 4ijaple.
statement.

The main difficulty with the problem (9), (10) is in the A- Trending approach
presence of the constraints. When the statistical model of The observed data sequent® in (3) yields a con-
the underlying trend sequence (5) is driven by a gaussiatrained QP problem of dimensiaN given by (9), (10).
noise distribution (6) there are no constraints in (9) and wBefine{Z}Y := {t = 1,..., N'} as the information interval
just get a standard least-squares problem. If we assumdoa this optimization problem. It is assumed that the estimate
gaussian distribution for all the random processes, then thased on{Z}# is computed efficiently enough for us to fix




the horizon size taV. In an embedded implementation ofwhere zo(xs) and Qq(,) define the initial state mean and
the monotonic regression filter new data for processing corevariance for the moving horizon estimation problem over
stantly becomes available.g., as a result of one additional the interval{Z}}/_, ... The above MHE is a constrained
measurement the information intervdZ} expands to QP problem of dimensionN. As more measurements

{Z}N+1 .= {t =1,..., N+1}. For an arbitrary number of become available)( increases), we continue to slide the
additional measurements we define the estimation problewindow accordingly. At every instant in the MHE, com-
over the intervalZ}, with M > N, as putations starting from the new measurement are repeated
M over a shifted horizon. This limits the MHE problem to a
J = L[x(l) —z0]® + 1 [z(t) — y(t)]? + fixed size while the full information problem given by (15),
2Qo 2 (16) grows without bound. Note that for< N, MHE and
M the full information problem are the same.
X Z[x(t) —z(t—1)] — min, (15) In a moving horizon regression filter we solve the fixed
t=2 dimension constrained QP problem of (17), (18) at each
(1) <z(2) < ... <x(M) (16)  step. One important aspect of computing the estimate in

We refer to (15), (16) as the full information problem Sinceeach horizon is to define the initial state estimagg,,) for

it takes into account all the available data at that instan'?.a;h next wmdov:. timate for the first horiaR N
This however results in a QP problem of dimensidn As ay we compute an estimate for the first horiddry".

more and more data becomes available for processing, tﬁg's equals the full information estimate &s- V. Then as

information interval expands further and the dimension of" additional measurement becomes available, W?Vfll'de the

the constrained QP problem continues to grow. window to compute the estimate over the inter{@l,
In doing so, we assume that the starting point for the

B. Moving Horizon Scheme estimate in the intervg]Z}2'** is known from the previous

The standard approach to proving convergence of movirRptimate over the intervafZ}{'. Let #(2|N) denote the
horizon estimation (MHE) for a purely quadratic loss funcestimate for the second point of the sequence given mea-
tion is the use ofarrival cost strategy. This is analogous Surements over the intervfiL }1'. Then we define the initial
to the cost to goconcept used in control problems. Arrival condition estimate in the next horizoff}) ™" by setting
cost is used to summarize all the information prior to th&o(n+1) = £(2|NV). In a similar manner we set the initial
current horizon. The convergence of MHE algorithms basegPndition for the next horizoqZ}3 2, denotedzg(y 42,
on the arrival cost concept depends on the accuracy witA equal Z(3[N + 1). By explicitly defining the initial
which the old data is approximated by the arrival costconditions for computing the estimate in each horizon, we
In the specific case of monotonic regression, we have @@n prove exactness of the moving horizon and the full
loss function with a linear penalty term and constraintgnformation monotonic regression filter for some special
The convergence results of [8], [9] cannot be applieg§ases. Mathematically we can express the specification of
directly as a result. The arrival cost cannot be computd@itial condition for each next horizon as
in a convenient way for our problem. In this paper we Tow) = #(t — N + 1]t — 1), (19)
propose to use a quadratic cost as an approximation that o _
leads to practically convenient algorithms. The matching dinere the notatiori(k|j — 1) denotes the estimate for a
the MHE and the full information estimate in monotonicPCiNt & given measurements over the interval terminating
regression framework is governed by the quadratic penalff / — I+ This way of specifying the initial condition works
term for the initial condition of each horizon. well for the monotonic regression framework. It is easy to

Consider a Moving Horizon Estimation problem over thdkeep track of the estimate from the most recent window to
interval {Z}}_ .. .. From now onwards we use the engSPecify the initial point of the next horizon. This does not
point of the interval in subscripts to refer to the horizon thaf@iS€ @ny complicating memory issues if the horizon size is
it indicates. The MHE problem is defined over the intervafN0Sen appropriately.

{Z3 _niq as C. Hard Constraint
7 o 1 9 Assume now that the initial condition covarianGgs —
= 2Qoun [#(a1-n+1) = @o(an)] 0. Then the initial state is defined by the hard constraint
M (19) and the MHE problem (17), (18) reduces to
b S ) -y u
1
o i Jo= 5 Z [(t) — y(t)]* +
1 M t=(M—N+1)
+5 Y. [x(t) —x(t—1)] — min (17) M
A 1 .
t=M—N+2 - Z [z(t) — z(t — 1)] — min, (20)

e(M—N+1)< ... <z(M), (18) A N4



additional measurements become available, the size of the
full information problem continues to increase, making it
computationally intractable. On the other hand the moving
e(M—-N+1) < ... <z(M). (21) " horizon estimation algorithm can perform efficient online

Using the hard constraint (21) is different from the€stimation without being limited by excessive memory
commonly used techniques in literature [8], [9]. Theséequirements.
results assume gaussian distribution and work with a loss
function with quadratic penalty terms.

We now state an important assumption which guaranteespany computational methods are available for solving
convergence of the MHE monotonic regression algorithithe convex optimization problem that we encounter in
when the initial state is defined by (19). moving horizon fault estimation. When dealing with specific

Assumption 1:Assume that the moving average of thegpplications, a routine that best exploits the problem struc-
sequence of measurements is increasing as we move frgie is usually more efficient than a general purpose solver.
one window to the next to compute the receding horizogve used primal-dual interior-point methods to develop a
estimate. Let” denote the moving average of a sequencgplver that is based on sparse arithmetic. This solver is

(M — N +1) = zo(nm),

V. SIMULATION AND COMPUTATIONAL ISSUES

of measurements,e., used in estimation and numerical analysis of our receding
o 1< horizon monotonic regression filter. For a constrained QP
Yit)=+ > v, (22)  problem over a fixed length horizon &f0 data points,
t—N

the developed solver outperforms the QP solver in the

then an increase in moving average for each next horizaWATLAB Optimization Toolbox by two orders of mag-
implies nitude. In an embedded implementation where repeated
Y(t—N)<Y(t—N+1) 23) estimates are required for each moving horizon this fast

This assumption is reasonable if the underlying trenarocessing Is extrgmely important. The performa_nce_of the
is monotonic nondecreasing and the estimation horizo evelopeq ”solver.llsb?:orgpar?ble It(o. MOSE(}; VTVE'Ch ||s th?
is considered large enough to provide sufficient statisticgoerela >I/ ana:-a N feI\;ZTT:rB mdspeeh..h N EO veris
averaging for reducing the noise influence on the faul/ritten in only 25 lines o code which makes it

parameter estimates. We can now state the main propositi ch easier t.o Implement in an embedded.framework. The
for this MHE scheme memory requirements for onboard processing depend upon

Proposition 1: Given a monotonic regression framework,the length of the moving horizon. The memory allocated

the moving horizon estimate given by (20), (21) exactlypy thtla de\éeloped solver.foacfomputi.ng the fault esftinjat'es is
equals the full information estimate of (15), (16) if theehquahtot espgce relqwreh _?rr] Sto;,ng an arr?y of SiX tlmez
assumption in (23) is satisfied. the chosen horizon length. The efficient performance an

limited memory requirements make the developed solver
D. Other Covariance Choices ideally suited for online implementation.

Proposition 1 is valid only for an appropriately chosen Fig. 1 shows the moving horizon estimate based on the
horizon length for which the assumption in (23) holds trueinitial condition constraint (19) for a randomly generated
This assumption is somewhat limiting and not realistic irdlata sequence that satisfies the assumption in (23). The
most practical cases. The quadratic penalty term in (17) witbll information estimate and the moving horizon estimate
in general determine the error between the full informationverlap and appear as one curve. For 26 data point
estimate and the MHE. The scheme discussed in (20), (28¢quence a moving window of siz8) with a tuning
is just one limit case of the penalty term. The other limipparameter value off = 4 was used for this simulation.
case for the penalty term will be when the initial conditionSolution of batch least-squares using (14) is also plotted to
covariance is very large,e., Qo) — oo. This implies provide a comparison for the accuracy of our monotonic
that the initial condition for each moving window is left freeregression filter. As shown, the MHE gives a much better
as the penalty term in the loss index disappears. Choosiegtimation of the underlying orbit than the least-squares
an appropriate initial state to guarantee convergence of tselution. The random scatter in the data is ignored and the
MHE algorithm is a subject of current research. The choicdeterioration in performance is accurately captured by the
of measurement noise covariance to define the initial statergoving horizon estimate.
suitable in some cases. The measurement noise covarianc&he convergence of MHE was found to be as good as that
is an easily available problem parameter that described the corresponding full information problem. Whereas the
the order of magnitude for the arrival cost distributionfull information problem may converge in slightly fewer
covariance. iterations, it requires more complex computations at each

The moving horizon estimate is much easier to comiteration. The MHE algorithm is more practical because the
pute than the full information estimate of (15), (16). Asproblem size remains fixed at each step and the individ-
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VI. CONCLUSION

Moving horizon estimation algorithms have been devel-
oped for monotonic trends. The moving horizon approach
allows for recursive implementation of the estimation al-
gorithm and is most useful for embedded filters. The de-
veloped technique shows superior performance in trending
deteriorating parameters in comparison with batch least-
squares. We show that the moving horizon estimate exactly
matches the full information estimate in a special case of
monotonic regression when an initial condition is specified
for each next horizon by a hard constraint. The developed
algorithms solve a constrained optimization problem of
a fixed size at each step and are well suited to online
implementation.

Current work includes extending the MHE algorithms to
the case where the underlying statistical model of the signal
sequence in (5) is assumed to be second-order. A second-
order model is useful for describing the accumulation of
secondary damage in a system caused by some primary
fault condition. Another area of current focus is to define
the initial condition state for each sliding interval in such a
way that it can provide a global convergence guarantee for
the moving horizon estimates.
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