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1. Introduction

Condition Based Maintenance [1] (CBM) is a relative new paradigm that, using a prediction of the degrading system,
optimises the maintenance process. In this regard, CBM relies heavily on the concept of prognosis. “Prognosis is the science
of predicting the health condition of a system and/or its components based upon knowledge of past usage, current state, and
future conditions” [2]. As such, prognosis encapsulates both state estimation and prediction. Recursive Bayesian algorithms
are well suited to real-time estimation and prediction since they incorporate process data into prior state estimates by
considering the likelihood of measured values [3]. The underlying uncertainty can then be projected for n steps into the
future using state models, thus providing a realisation of the future uncertainty of the state [4].

Particle Filters (PFs) or Sequential Monte Carlo (SMC) are a form of recursive Bayesian algorithms that provide a solid and
consistent theoretical framework to handle model non-linearities or non-Gaussian process/observation noise. PFs are based
on the concept of sequential importance sampling (SIS) and Bayesian Theory, which have been proven in literature to be a
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highly effective method of online estimation. PFs do not use the assumption of Normally distributed process noise, as in the
case of the Kalman Filter, thus allowing a more accurate representation of the true state evolution in non-Gaussian sto-
chastic processes [5-9,4,10,11,2]. The PF framework has also been utilised in literature as a tool for prognosis [6,4,10,11], as
the particle population can be projected by the state models. The resulting projection can then be used as a representation
of the uncertainty of future state evolution. This is particularly useful in cases where an analytical solution to the future
uncertainty probability density function (pdf) is difficult or impossible to calculate.

In general, prognosis algorithms are sensitive to the uncertainty associated with the current state estimate. Prognosis
routines utilise a stochastic state model to propagate state estimates into the future, and thus all state predictions can only
be more uncertain. In fact, the increase in future uncertainty follows the rules of information entropy [12,13] (Shannon
entropy), which indicates that if the system includes a stochastic component then entropy will only increase. Particle Fil-
tering based Prognosis (PFP) algorithms are no different to any other prognosis routine: uncertainty associated with current
estimates can only increase when projected into the future. However, as PFP algorithms project the current likelihood into
the future by utilising the state process model, errors in that model exacerbate problems related to prediction uncertainty
by introducing additional biases. With this in mind, it is natural to aim at improving the accuracy of PF-based prognostic
results by reducing the uncertainty associated with the state estimates that we use as initial condition for prediction al-
gorithms; ensuring that the state transition model accurately reflects the system evolution in time.

A suggested solution to the problem of a biased process model is to introduce an additional parameter that adapts to the
observed state evolution, this is often referred to as an Artificial Evolution (AE) [9]. The introduced parameter is shaped by a
process resembling simulated annealing [ 14]. The resulting process model accurately reflects the observed state evolution,
but introduces additional hurdles for PFP algorithms. Due to the time associated with the convergence of unknown system
parameters, AE naturally incorporates a time delay that constraints the moment in which prognosis can be accurately
performed. The convergence of AE can also be a problem given situations of high measurement uncertainty.

The Chi-squared likelihood weighting and smoothing window introduced in this paper serves to alleviate the short-
comings associated with the introduction of the AE parameter, effectively improving the precision of prognosis results. The
results are demonstrated with total base number (TBN) oil degradation data in comparison with the traditional PF algorithm
with a Normally weighted likelihood function so as to create a benchmark for performance. A sensitivity analysis is also
performed to explore the effects of AE in the chi-squared algorithm. The TBN measurements exhibit many of the char-
acteristics that are undesirable in estimation applications, namely high measurement uncertainty and an unknown phe-
nomenological model. A novel performance index is also presented to demonstrate a statistical improvement in the pre-
cision of obtained results.

This paper is divided as follows:

® Section 2, which provides the background and previous work in literature utilised as the basis of the Particle Filtering
based Prognosis

® Section 3, introduces the case study utilised in this paper as well as the motivation for using this data. This data is haul
truck total base number measurements from oil.

® Section 4, introduces the Chi-squared Smoothed Adaptive Particle-Filtering based Prognosis.

® Section 5 analyses the effects of the Chi-squared kernel on various aspects of the algorithm, as well as delivering insight
into the effects of selecting certain parameters in the Chi-squared Smoothed Adaptive Particle-Filtering based Prognosis
algorithm.

® Section 6 presents the application of the Chi-squared Smoothed Adaptive Particle-Filtering based Prognosis to the TBN
case study as well as the Normalised Integral of Precision Index for validating the results.

® Section 7 offers Conclusions

2. Particle-filtering based prognosis

“Particle Filters (PF) or Sequential Monte Carlo (SMC) methods are a set of simulation-based methods which provide an
attractive approach to computing the posterior distributions” [3]. PF are very flexible, parallelisable and applicable to any
non-linear or linear system. The advent of cheap and formidable computational power in conjunction with the recent
proliferation of scientific papers on PF & SMC have led to their wide spread application to many fields, particularly in the
area of control and observation. Several closely related algorithms, under the names of bootstrap filters, condensation, Monte
Carlo filters, interacting particle approximations, Sequential Importance sampling filter and survival of the fittest have appeared
in several research fields [3]. This paper focuses on an implementation of a derivative of PF called Sequential Importance
Sampling and Re-sampling filter (SIR).

We first introduce the general continuous PF to demonstrate the underlying concept and to highlight the flexibility when
selecting the transition kernel and the likelihood function that can be applied without changing the underlying assumptions
(and the convergence characteristics). This flexibility in the likelihood function selection will be a key aspect exploited later
in this paper (Section 4.1)
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2.1. Bayesian estimation

Let X = {X;, t € R} be a R™-valued Markov process characterised by both its initial distribution p(xo) and the transition
probability p(xIx;_1). Furthermore, let p(x:lx,_1) be defined by (1), where {w;}0 iS a sequence of independent random
variables, not necessarily Gaussian.

Xt = fy (Xe—1, o) M

Noisy observations Y = {Y;, t € N} are assumed to be conditionally independent, given X = {X;, t € N}. Eq. (2) defines the
marginal distribution p(y,lx;) where {v};» is a sequence of independent random variables.

Yr = 8 Xty 1t) 2)

Let xo.t £ {Xo, ..., X} and y,., £ {),, ..., y;} denote, respectively, the signal and the observations up to time t. It is often
desired to estimate the posterior distribution p (xo.ly,.,;), the marginal distribution p(xly,.,), and the expectations (3) for any
function f;: R™ — R integrable with respect to p (xo:(ly;.;), [3].

16 = Epozensolfs o1 2 [, Ro:0p ozl ddxose 3
Posterior distribution estimation can basically achieved by performing two sequential steps, prediction and correction.

1. Prediction: consists of using both the knowledge of the previous state estimate and the process model to generate the a
priori state pdf estimate for the next time instant:

PXo:tlyy.e-1) = /P(Xﬂxr-l)P(Xo:[-ﬂJﬁ:t_1)dxo:[-1 4)

2. Correction: generates the posterior state pdf using Bayes formula and is implemented by using the recursion formula:

P(Xo:elYy.¢) < PYelXe) P (XelXo:e-1)'P Ko:e-11Y7:¢-1) (5)

Expressions (3), (4) and (5) do not have analytical solutions in most cases. In this sense, PF & SMC algorithms make their
evaluations statistically through effective sampling strategies [3,4]

2.2. The particle filter

Consider a sequence of probability distributions z; (x);»1, where it is assumed that =, (xo.;) can be evaluated pointwise up
to a normalising constant. PF are a class of algorithms designed to approximately obtain samples sequentially from {z;} to
generate a collection of N>1 weighted random samples {w, x{;}iz1,..n, W > 0, V t > 1, satisfying [5]:

N

Z W, x§)) T flﬂt(XO:t)”[(XO:t)dXO:ty 6
i=1 ( )
where @; is any m-integrable function. In the particular case of the Bayesian Filtering problem, the target distribution
7t (Xo:r) = P(Xo:¢1y;.,) is the posterior pdf of Xo.;, given a realisation of noisy observations Y;.; = y;.,. Using (1) and (2), z¢ (Xo:¢)
may be written as [3]

t
m(Xo0:0) = pXo) [ ] fie -1 &, 0 k)
k=1 (7)
Let a set of N paths {x(gi}t_l}i=1 ,,,,, y be available at time t — 1. Furthermore, let these paths distribute according to g,_; (Xo:¢-1),
also referred to as the importance density function at time t — 1. Then, the objective is to efficiently obtain a set of N new
paths (particles) (&§,}i=1, v approximately distributed according to z (Xo¢) [5].
For this purpose, the current paths xéf}t_] are extended by using the kernel g, (%o.1X0:¢-1) = 6 (Ro:t-1 — X0:¢-1)-G; Rt 1X0:¢-1), i€,
Xo:t = (Xo:¢-1, X). The importance sampling procedure generates consistent estimates for (3), by approximating (7) with the
empirical distribution [5]

N
X xo:0) = 5 WEld Xoie — X§Y)
i=1 ®)
where Wy, o wo (®§)) and XN, wi), = 1.
2.3. Sequential Importance Sampling/Resampling Particle Filter (SIR-PF)

The simplest PF implementation - the SIS particle filter - computes the value of the particle weights w((,?[, by setting the
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importance density function equal to a priori pdf for the state, ie, g, (Ro:1X0:r-1) = p&¢IX;—1) = f; (RIX;_1). In that manner, the
weights for the newly generated particles are evaluated from the likelihood of new observations. The efficiency of the
procedure improves as the variance of the importance weights is minimised. The choice of the importance density function
is critical for the performance of the particle filter scheme and hence, it should be considered in the filter design.

One of the main difficulties that must be addressed in the implementation of SIS particle filters is the problem of particle
degeneracy 3] since, after a few iterations, all but one particle could have a negligible weight [5,3]. Several methods have
been proposed to overcome this problem, one of which is to perform the re-sampling procedure conditionally on a test of
the Effective Sampling Size (Neg) criterion, given by [15]:

D (a)t(”) ] st Y ol=1
i=1 i=1 ©

The re-sampling is only implemented when the N, is below a threshold Ny, e.g. Ny = N/2, where N is the size of the particle
population. This process avoids sample impoverishment and permits the SIR to converge to the optimal filter, in the weak
sense, with the rate of 1/JN.

Considering the latter points, the algorithm for the sampling importance resampling (SIR) particle filter is as follows
[3,4]:

Sequential Importance Sampling Resampling (SIR) Particle Filter.

Neg =

1. Importance sampling:
e Fori=1, .., N, sample X ~ z(x:IX{,_,, ¥..) and set X, & x{,_;, X").
e Evaluate the importance weights:

PO RN, )

wE) =wd T
0:t 0:t-1 q[(X(”'Xg;)[_]) (10)

e Normalise the weights:

i=1

N -1
Wg:)t = W()N‘((Ji:)t)'[ 2 W(’N‘((Ji:)t)]
11
2. Resampling algorithm:
® If Ny > Ny X§), = %), fori =1, ..., N; otherwise
® Fori=1, ..., N, sample an index j(i) distributed according to a discrete distribution satisfying P(j(i) = ) = w{ for
I=1,..,N.
® Fori=1,..,N, ¥, =% and w® = N-!
After the resampling procedure, the new particle population {iéﬂ)t}i:] ~ is an independent and identically distributed (i.i.
d) sample of the empirical distribution (12), thus the weights are reset to w = N-..

N N

1 . o 1 o

o0 = Y NP5 (xo:c — X)) = N Y 5(xo:c — X))
i=1 i=1

12)

2.4. Particle-filtering based prognosis

It is possible to describe the evolution in time of the degradation of the non-linear state equations used in the estimation
phase (Section 2.3). By using the state equation (1), it is possible to generate long-term predictions using kernel functions to
reconstruct the estimate of the state pdf in future time instants.

The goal is to produce a predicted conditional state pdf ﬁ(x;ﬂjk&&)k_l), which describes the state distribution at the future
time instant ¢t + k, (k = 1, ..., p) when the particle )’c\t(fk_l is used as an initial condition. Assuming that the current weights
(w}i_1._y are a good representation of the state pdf at time t + k, by using the law of total probabilities and the particle
weights at time t + k — 1, as shown in (13)

N .
ﬁ(xuk&] itrk=1) R Z W[(Qk_fﬁ (Xt(i?k&t(j-)k—l)v
i=1

X =%, k=1,..,p 13)

To evaluate (13), the weight of every particle should be modified (at each prediction step) to take into account the fact that
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noise and process non-linearities could change the shape of the state pdf as time passes. However, since the weight update
procedure is needed as part of a prediction problem, it cannot depend on the acquisition of new measurements. Ad-
ditionally, before proceeding with the next prediction step, it is necessary to allocate a new set of particles within the
domain of the probability distribution (13). To overcome most of these difficulties Orchard et al. [4] proposed a method of
using a kernel to represent the uncertainty growth of each prediction step.

Consider a discrete approximation (14) for the predicted state pdf (13), where K (-) is a kernel density function, which
may correspond to the process noise pdf, a Gaussian Kernel or a rescaled Epanechnikov Kernel [4].

N .

A A i iy A D

D XerklX1:t4k-1) = Z wt(i)k]K[XHk - E[X[(L)klxnkl]]
i=1 (14

The kernel method utilised is a modified version of the Regularised Particle Filter presented by Musso et al. 8], where they
present an optimum rescaled Epanechnikov kernel, given by:

A= (8cz) e + 9@ 7)) P oy = ANV, = h%l((%)

N +2(. 5)
K@ =1 2c, [1 ||xll) if |x]<1

0 otherwise (15)

where ¢, is the volume of the unit sphere in R™. Rather than simply projecting the expectation of the state variables into
the future, the uncertainty of (14) can be represented by generating a population of equally weighted particles at time
instantt + k,1 < k < p, and performing an inverse transform re-sampling procedure for the particle population. The focus is
to represent the growth of uncertainty presented in (14). For that, samples distributed according to (14) are obtained by

selecting u® = i-(N + 1)~' for i: 1, ..., N and interpolating a value for Qt(fr)k from the cumulative state distribution

Xt+k
F(Xt+k < Xevk) = / " ﬁ(xt+k|)l<\l:t+k—l)dxt+k (16)

in accordance with )'c\t(i),{ = F-1u®) [4]. Considering all of the above, the regularisation algorithm [8] is used to perform
prognosis by [4]:

1. Apply moQiﬁed inverse transform resampling procedure fori =1, ..., N, where “’r(jr)k = N1
2. Calculate S;,, the empirical covariance matrix of

NN ; N
E[X(” IX ] o }
k'“C+k=1 k
{ t+ t+k io1 (17)
A A AT A
3. Compute Dy, such that Dy, Dy, = Stk @ o
N . . . 1) i
4.Fori=1, ..N, draw ¢ ~ K, the Epanechnikov kernel and assign &, = R, + h%
1 . . . .
and ., is the regularised particle po%ulatlon.
. . 1) % 1
5. For the next prediction step X\ 1 = Xevk_1

6”,(6" where h} is calculated as in (15)

It is assumed that the state covariance matrix §m< is equal to the empirical covariance of X, and that a set of equally
weighted samples for X;,_; is available. This serves to maximise the efficiency of the Epanechnikov Kernel.

3. Particle Filtering based Prognosis (PFP) applied to Haul Truck Total Base Number (TBN) measurements

Often creating or utilising a phenomenological state model for system estimation is intractable or undesirable e.g. due to
high computational load or observability issues. When those situations arise a generalised numerical model is usually
desirable. Normally, a generalised model is an approximation of the underlying state evolution which introduces inaccuracy
in the state evolution, the effect of which, can be minimised with corrections from measurements. In the prediction phase of
prognosis this is no longer the case, thus errors in the state model introduces bias in the predicted probability density
function (pdf) of the state. A solution to the problem of a biased process model as suggested in [9] is to utilise Artificial
Evolution (AE).

The Haul Truck total base number (TBN) of engine oil measurements, seen in Fig. 1, are an excellent example of a system
whose phenomenological model is infeasible. This is primarily due to the reliance on states that are unobservable with only
TBN measurements. Due to these observability constraints, we utilise a general stochastic state model with the Particle
Filtering based Prognosis (PFB).

It can be seen in Fig. 1 that the TBN data is a periodic monotonically decreasing function, considering each period a
different data set. Furthermore, considering only complete periods of Fig. 1, of which there are 14, each set will have the



C.P. Ley, M.E. Orchard / Mechanical Systems and Signal Processing 82 (2017) 148-165 153

Truck 1
a 8 T 13 T T T
N N AL N
X .
D 6~ = -
£ J "f\ | N \
z
o . ,
[ 4 r r r r r
Nov Dec Jan Feb Mar Apr
Truck 2
o 8 T T T T T
5 [ |
X \d I
AN ANAY LW AL
[e)] —~ A,
ECE W W B W [ ]
2N hy s B
= 4 I r I I I
Nov Dec Jan Feb Mar Apr
Truck 3
a 8 T T T T T
3 lh\ L., N
4 b | \
2 o N W
z
m
[ 4 r (i r r r |
Nov Dec Jan Feb Mar Apr
*  TBN Model Estimate Lab. TBN Measurement Oil Change

Fig. 1. Example of given TBN truck data [16].

general state model (18).

Our goal is to predict the degradation of each set. The ability to predict when an engine needs its oil changed based on
usage, rather than arbitrary time values, will enable the maintenance process to begin to be optimised. The ultimate goal is
twofold, predict the local degradation of the oil, and for the algorithm learn the changing parameters of the model as a
precursor to an engine age estimation and ultimately an engine degradation prediction.

xi(k + 1) = axy(k) + wi(k) (18)

We see in (18), x(k) is the TBN at time k, w; represents uncertainty in the process model, and an estimated degradation
constant of a that is deduced from the average degradation of all the sets.

Already it is clear that this model is a loose generalisation as each set has variations in the parameter a. This is can be
accounted for by underlying degradation of the haul truck motor over time, from which the oil was taken, as well as
variations in the motor age between trucks and their varying usage profiles. We apply the concept of Artificial Evolution (AE)
[17] by creating an additional state that can be used to correct for parametric errors in the model. This correction is achieved
by utilising a process similar to simulated annealing [14] in which process variance for this additional state is reduced
artificially over time and a model that simulates Brownian Motion, a mathematical model used to describe random
movements of particles named after the botanist Robert Brown. This reduction in process covariance, combined with the
random search pattern of Brownian Motion, and the SIR-PF selecting successful particles, allows the additional state to find
an adequate correction for the parametric error in the model. This is described by the state equations:

xik + 1) = (k) + a)xy(k) + wy(k)
Xk + 1) =x2(k) + wy(k) 19

where x;(k) is the TBN at time k, x, (k) is the introduced state for correcting the parametric error in o and wy (k), w, (k) are
represented by the normal distributions N (0, w?) and N (0, w#) respectively. Where x, is initially given a relatively large
freedom of movement, i.e. a large @3, so as to represent the uncertainty in the initial knowledge of the degradation of x;. As
the process evolves the process variance is reduced so as to constrict the freedom of movement of x, (or the evolution), this
ensures the particle system converges on a solution and thereby “learns” the correction of the parametric error of state x;.
The measurement equation in this case is given by

Yy =xk) + ¢k (20)
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where y(k) is the measurements of TBN and ¢ (k) represents the noise present in the sensor measurements. Note that ¢ (k) is
consider white noise and is represented by the normal distribution N (0, ¢2).

4. Chi-squared (%) smoothed adaptive particle-filtering
4.1. Artificial evolution, smoothing and the y? kernel

One of the difficulties of using the Artificial Evolution (Section 3) approach to learning unknown model parameters arises
when the measurements used for estimating the weights are highly noisy; this inhibits the convergence of the PF due to the
large posterior uncertainty at each step. In the standard SIR-PF [18] (Section 2.3), measurements are weighted with a im-
portance density function (10). In practice these weights are usually calculated from the error ¢® of the ith estimation of the
measurement (20) and the sensor measurements § (k) given by:

k) = (k) — y@ k) 30

These errors are then weighted utilising a kernel, which is generally a Gaussian Normal kernel given by:

sy 1 (e®)?
WR&g,p) = oV2n exp(— 252 ] (22)
where ¢ is the variance of the measurement noise ¢ (k).

A novel approach presented in this paper attempts to assists the convergence of the state introduced by Artificial Evo-
lution by modifying the traditional use of the Normal (Gaussian) likelihood, to include knowledge of past measurements,
through the use of a Goodness of fit [19] measure similar to the Pearson's 4 test, thereby reducing the overall uncertainty
[20]. The standard chi-square test for goodness of fit is given by [21]

X — 2 Xy — 2 X, — 2
G Bl VN o el D o Tl )

£= 512 522 %2
_ o (X — ﬂf)z
8 (23)

where the given fluctuations of the values of x; about the underlying mean values y; should vary by + g;, thus the ratio of the
square error and 7 will be in the order of unity. Hence if we have chosen the parameters correctly, we expect the value of >
will be approximately equal to v. If it is, then we may conclude that the data are well described by the estimated states
{Xiti=1,...0-

We expand this idea and consider that given the correct parameters of the state model (19) that the deviations of the
state x; (TBN) and therefore (20) should only be the measurement uncertainty given by ¢ (k), with the underlying as-
sumption that the measurement error is zero-mean, normally distributed.

This is implemented by the following steps:

1. For a given time k, the state equations (19) are smoothed over M steps and y? error statistic is computed. This is
performed by fixing state x, (k) and computing the jth back propagated estimation of x;(k), given by:

Xk = j) = xk)(x2 (k) + a)? Q4

the ¥ statistic is then given by the sum of the errors of (24) and the past measurements y (k — j) squared, expressed as:

M (y(k )= (%o + a) x (k))2

@) =
EO o? 25)

where ¢2 is the variance of the measurement noise ¢ (k) and y (k) = x (k) + ¢ (k).
2. The likelihood function then becomes the y? probability density function and the particle weight o (k) is computed by

( ()(2)(i))(v—2)/26_(22)(i)/2
2vI2r (v[2) (26)

W(X(()l:) D)=

where v=M which is the degrees of freedom of the ¥ pdf and I'(-) is the gamma function. Please note that a value of
M=10 is used for all cases unless otherwise specified.

3. During the initial stages of the algorithm where there is less data than the desired degrees of freedom (i.e. k < M) a
reduced order back propagation should be used until there is sufficient data. For example during the second step, k=2, a
second order back propagation would be used, which implies M=2 in the case of (25). Note that when M=1 this reduces
to the Gaussian weighted case.
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We will see in the following sections that the smoothed y? weighted window alleviates the learnt parameter x, sensitivity to
high measurement noise which impedes convergence on the underlying degradation of the state x4, as well as reduces the
estimation variance for each time step, together these factors serve to improve the prognosis accuracy.

5. Choosing parameters and their effects: a sensitivity analysis

The Chi-squared Smoothed Adaptive Particle-Filtering (y*>-PF) was introduced in Section 4 in order to improve the rate of
convergence and precision of the AE parameter. With the introduction of a new kernel comes additional parametric freedom
that has yet to be explored, namely the degrees of freedom v in equations (25)-(26). The choice of degrees of freedom, or
what we will call backsteps in our implementation, as well as the annealing rate of the AE parameter will directly affect the
performance of the y2-PF algorithm. By intuition we expect there to be a relationship between the annealing rate, backsteps,
measurement noise, and the amount of parametric error in the process model, which we will call drift for the purposes of
this paper. Considering all these variables we will explore the statistical performance of both the y*-PF algorithm and the
standard Normally weighted SIR algorithm. Our goal ultimately, is to apply the optimum version of the algorithm to the TBN
data presented in Section 3. It is important to note that, when considering precision, it is important to have a ground truth
value to compare results. With this in mind it is proposed that we construct a synthetic set, similar to that found in the TBN
data set, where by the parameters can be controlled in order to properly analyse their effects in relation to algorithmic
performance.

5.1. The synthetic data set

The synthetic data set is generated from a monotonically decreasing function (27) that follows the form of (19):
Xsyn(k + D =(+ ﬁ)xsyn(k)- 27

where the degradation constant « = 0.992 and the drift {# € Rl — 0.002 < g < 0.002} will be fixed with each separate data
set. The initial conditions for k=0 will be X, (0) = 7.5. Similarly, the measurement equation (28) will follow that same form
as (20):

Yogn (k) = Xgyn (k) + N0, 63,) 28)

where a5, = 0.05 x 10" {l € RI0 < I < 1} and [ will be fixed with each separate data set. Both f and ¢ where divided into 11
linearly spaced sets within their respective ranges totalling a combination of 11 x 11 = 121 separate, distinct sets.

Each set of data was then used as measurement data for a SIR Particle Filter routine for k = 1, ..., 50 time steps. Every
distinct set of data was used with every possible combination of parameter variation desired to be analysed. This total
routine was then evaluated 60 times, this was performed mainly to eliminate the possibility of anomalous results (or
outliers) due to the stochastic nature of the PF routine.

The SIR Particle Filter with AE was chosen to perform the estimation so as to mimic the application to the TBN data case.
All parameters that where not part of study where fixed so as to eliminate any biased towards any particular configuration.
The parameters varied in the study consisted of:

® Backsteps: Consists of the set {M € NI1 < M < 10} that indicates the number of degrees of freedom used for the y* kernel
as well as the number times each particle is propagated backwards in (25) and (26) respectively. Please note that when
M=1 the Gaussian kernel was used.

® Annealing rate: For each algorithm the AE parameter x,, as seen in (19), follows a Brownian Motion model

Xk + 1) =x(k) + N©O, o(k)?) (29)
where, given its initial value and its initial uncertainty o (0)2, the variance o (k)? of the Brownian Motion model is then
reduced. The model used to implement the simulated annealing is given by

n=n+27°

w(k) = w(0) x 107 30

where the annealing rate {£ € NI0 < & < 4}, {# € RI0 < 5 < 5} and when k=0, we set 5 = 0. The annealing rate ¢ is fixed for
each simulation.

In summary, the sensitivity analysis consists of 60 solutions of every possible combination of parameters (that were studied)
and variations in the configuration of the measurement data, totalling 60 iterations x 10 backsteps x 5 annealing rates x 121
data sets=363000 results.
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5.2. Performance evaluation

In order to evaluate the performance of the algorithms with the various configurations, we must first qualify what it is
that constitutes an improvement of one result over another. If we consider that the goal of the introduction of the y? kernel
was to improve the precision, accuracy as well as the rate in which the learning parameter x, in (19) compensates for the
parametric error, or “learns” the drift. Then we should consider a metric that evaluates over time both the spread of the x;
particles (precision), and the bias of the estimation of x, with respect to the ground truth (accuracy). With this in mind we
introduce a modification on a Precision Index introduced in [22]. The Precision Index (PI) was introduced to measure both
the spread and bias simultaneously of a Time-of-Failure pdf but the same concept can be applied to the x, parameter. The
modified PI (31) lies in the set {I e RI0 <1 < 1}.

—| supxy (k)) — infxy (k)|
|Exa )1 - A 31

I(k) = exp

For (31) sup(x2(k)) and inf(x, (k)) are the supremum and infimum respectively of the x, population at time k, and E [x, (k)] is
the expectation of x, population at time k. A I(k) closer to 1 indicates a more precise particle population of x,. We can also
consider how fast I(k) approaches one, a faster convergence to 1 would imply the algorithm becomes accurate quicker. With
the aforementioned considerations, coupled with the fact that there is a large quantity of data to compare, we will compute
the centroid of the PI evolution in time [23].

Calculating the centroid [24] of a bounded region of 1 — I(k), seen in (32) and (33), we have quantified the performance
of the complete evolution of I(k) with two centroids for all k (where k e N, k € [1, 50]).

_ 1 50

k= A_1f1 k1 = Io)]dk a2
S o [1-1T

I'= Efl 2 dk (33)
1 50

x= fl 1 - I(k)]dk

A centroid (k, I) closer to the origin (0, 0) indicates a faster more accurate algorithm.

5.3. Centroid analysis and the precision of AE parameter

Given the sheer quantity of results generated we need to consider ways of reducing the dimensionality of the results. We
can immediately see that if we take the mean of any variable with identical configurations we reduce the volume of results
by a factor of 60 as well as eliminate any anomalous outliers in the data.

5.3.1. Annealing rate

If we fix for example oy, as in Fig. 2, we can see the effects of other factors on the centroid movement. We can clearly
see in Fig. 2 that if we increase the Annealing Rate 2-¢ we shift the centroid I towards 0, this implies that a larger Annealing
Rate (within the range we have tested) improves precision of the x, population. We can see in Table 1 that this trend applies
to the larger set of data. Interestingly, the Annealing Rate seems to have little or no impact on the centroid k, implying it
does not have an impact on how quickly the population of x, becomes precise.

5.3.2. Gaussian Kernel and y? backsteps

Fixing oy, for various values and this time analysing the affect of the Gaussian kernel and the various y* kernel con-
figurations with respect to Backsteps (M) or Degrees of Freedom (v), this is also the same configuration as our applied case
presented in Section 3. We can see in Fig. 3 that the results do indeed confirm our intuition that the y? kernel, regardless of
the configuration, equals or improves the k values. This trend implies that the y? kernel improves the rate in which the x,
population become precise. Investigating Table 2 we see that this trend applies to the larger data set. Interestingly the
improvement of k is not as straight forward as to imply more degrees of freedom always performs better, we see in fact that
there is a deeper seemingly inverse relationship between the number of Backsteps M required and the quantity of mea-
surement noise, which should be further explored in the future. For now our empirical results suggests for the applied case a
M=10 should be adequate. Irrespective of this deeper relationship between the y? kernel's degree's of freedom and quantity
of noise, we have strong evidence suggesting a blanket improvement of the AE precision with the y? kernel.
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Fig. 2. Mean centroids when oy, ~ 0.125, which are coloured according to their to annealing rate (27¢).
Table 1
Minimum and maximum centroid values sorted by annealing rate (&).
Sigma Annealing rate A=0.994
2-¢
imin Imax lzmin ’zmux
0.05 0.0625 253 x 10-3 318 x 10-3 12.05 14.88
0.125 2.29 x 1003 2.66 x 103 10.23 13.97
0.25 2.00 x 10-03 241 x 10-3 9.39 12.57
0.5 1.85 x 10-03 213 x 103 9.14 13.63
1 1.75 x 10-03 220 x 1073 8.12 12.85
0.125 0.0625 3.25 x 10-3 3.53 x 103 15.66 16.94
0.125 2.83 x 1003 2.98 x 103 14.11 16.58
0.25 2.55 x 1003 2.98 x 103 13.45 16.04
0.5 2.27 x 1003 254 x 10-3 13.72 15.50
1 222 x 10793 239 x 1073 13.15 1571
0.5 0.0625 447 x 103 5.15 x 103 15.14 18.12
0.125 3.75 x 10-03 427 x 10-3 14.67 17.91
0.25 3.18 x 10-03 3.71 x 103 14.95 17.81
0.5 3.02 x 10793 338 x 1073 15.22 17.64
1 2.99 x 10-03 336 x 103 14.92 17.97

6. Application to the TBN data set

In order to predict the oil degradation, recall our motivation in Section 3, we must first introduce indicators to predict.
Specifically we require an indicator that transforms a prediction with respect to state into a prediction with respect to time.
A time based prediction is more applicable to an applied case than a state prediction but usually involves a transformation
that is often intractable. We also wish to provide further evidence of an improvement on the existing state of the art Particle
Filtering based Prognosis utilising the SIR-PF than was seen in Section 5. We will compare our performance of these pre-
diction indicators on the set of real total base number (TBN) of oil data seen in Fig. 1 presented in Section 3.

6.1. The Just in Time Point (JITP)

Firstly we consider a key indicator in prognosis, namely the Just in Time Point [25] (JITP). In order to define the JITP we
first consider a limit, in this case a TBN limit, which we refer to as the Safe Limit [4]. This is an approximation of the
optimum TBN level that the oil should be changed at, this limit in more critical system would be considered a failure
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Fig. 3. Mean centroids when oy ~ 0.125, coloured with respect to Backsteps (M).

Table 2

Minimum and maximum centroid values sorted by Gaussian and 4 kernel configurations.

Sigma Backsteps A=0.994
Iin Imax kmin Kmax
0.05 Gaussian kernel 213 x 10-3 3.18 x 10-3 12.47 14.87
2* kernel, M=2 1.92 x 10-03 2.72 x 10-3 10.02 14.18
2* kernel, M=3 1.75 x 10-03 261 x 10-3 11.16 13.88
2* kernel, M=5 1.92 x 10-03 261 x 10-3 10.11 13.19
2% kernel, M=7 2.00 x 10-93 2.53 x 10-3 9.07 12.76
2* kernel, M=9 1.99 x 10-03 256 x 10-3 8.98 1233
2* kernel, M=10 1.96 x 10-03 2.60 x 10-3 8.12 12.04
0.125 Gaussian kernel 239 x 103 3.53 x 103 15.50 16.94
2% kernel, M=2 2.24 x 10-93 3.29 x 10-3 13.15 15.66
2* kernel, M=3 2.23 x 10-03 338 x 10-3 14.37 16.08
»* kernel, M=5 231 x 1003 334 x 10-3 14.17 16.82
2% kernel, M=7 2.32 x 10-03 336 x 10-3 13.98 16.48
2* kernel, M=9 2.32 x 10-03 3.35 x 10-3 13.86 16.01
2% kernel, M=10 232 x 10-03 3.5 x 10-3 13.88 15.94
0.5 Gaussian kernel 2.99 x 10-3 447 x 1073 17.45 18.12
2* kernel, M=2 3.02 x 10-03 484 x 1073 14.67 15.22
2% kernel, M=3 3.14 x 10-03 487 x 10-3 15.30 15.93
2* kernel, M=5 3.11 x 10-03 501 x 10-3 16.63 17.31
2* kernel, M=7 3.32 x 10-03 4.90 x 10-3 17.10 17.77
2* kernel, M=9 333 x 10-03 5.04 x 10-3 16.97 17.50
2% kernel, M=10 3.26 x 10-03 515 % 10-3 16.96 17.76

threshold or in general a critical point in the system evolution.

For the purposes of the set of data analysed in this section, we have simply selected a limit (Safe Limit=5.6) that is
applicable to the entire set. If applied in operation, a safe limit for TBN measurements would be based on existing expert
knowledge, such as information provided by equipment manufacturers, or given a large enough data set, statistics.

Conditional on the selected limit we can define a probability density function (pdf) that the state has degraded past the
defined limit which we denote the End of Life [25] (EOL) pdf. Where
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Safe Limit
Pr{EOL = eol} = /_ Freony ¥ (€0D)d (¥ (E0D) 34)

and as in [25] the expected EOL and the JITP is given by
EOL 2 E{KE {y(k)} = Safe Limit} (35)

JITRyy, = arg,r<nin(Pr {EOL < eol} > %) 36)

The EOL expectation EOL is interpreted as the most likely time a given system will pass the safe limit. In contrast the JIT,
considers the tail of the EOL pdf and gives a likely time of reaching a certain percentage % likelihood of the EOL pdf. For

example given a %= 5% implies that the JITR, will be the point two standard deviations before the expectation of the EOL if
we assume the EOL pdf is a Normal distribution. JITP incorporates the concept of acceptable risk in the measure.

We consider the JITR, (where $%=>5%) of 60 realisations of the Particle Filtering based Prognosis (PFP) for both the Chi-
Squared weighted PFP and the Normally weighted PFP, where

® Chi-Squared weighted PFP; refers to an estimation stage that utilises the Sequential Importance Sampling/Re-sampling
Particle Filter (SIR-PF) presented in Section 2.3 using Chi-Squared y? weighted smoothing window (25) and (26) as the
likelihood function and a prediction stage that utilises the PFP presented in Section 2.4

e Normally weighted PFP; refers to an estimation stage that utilises the Sequential Importance Sampling/Re-sampling Particle
Filter (SIR-PF) presented in Section 2.3 using the standard Normally weighted (22) likelihood function and a prediction
stage that utilises the PFP presented in Section 2.4

As both forms of the PFP algorithms are stochastic processes this implies that the JITR, are random numbers, so in order to
make statistically valid comparison we utilise a Monte Carlo process to effectively sample the pdf of the JITR, for both
processes. We perform 60 realisations of the JITR, estimation for both the Chi-Squared weighted PFP & Normally weighted PFP
for every (complete) set available, which totals 14 distinct sets. Fig. 4 demonstrates an example of the pdf of the JITR,, for the
60 realisations superimposed on a single realisation of the prognosis (for demonstration) for both the Chi-Squared weighted
PFP & Normally weighted PFP of a single set (Truck 1: Set 1).

In Fig. 4 the prediction point is fixed in time for visualisation purposes, all realisations of JITP calculations are computed
at every point up to the Safe Limit. The state prediction behaviour seen in Fig. 4 is common for all of this remaining section,
it is only the transformation to the time domain that varies.

Fixing an arbitrary prediction point such as Fig. 4 it is difficult to visually distinguish which algorithm is better. One fixed
point realisation is also an oversimplification of the results obtained as this a multidimensional, time varying problem. We
require a metric that can reduce the dimensionality of the problem, account for the entire time evolution of the predictions,
as well as encapsulates a measure of the precision of the prediction.

6.2. Remaining useful life precision index

We consider the original implementation of the PI we introduced in Section 5, as it was implemented in [22]. The original
application of the Pl is a metric to compare the precision of a Confidence Interval (CI). This index considers the relative width
of the 95% points of the confidence interval (Cl;), computed at time t, when compared to the expected time-of-failure (ToF)

sup(CIt)—inf(CI[)]

L(t) = e_[ E{ ToF) -t (37

where E[{ ToF} is the expectation of the time-of-failure, conditional to the measurements up to time t. The Precision Index
(PI) quantifies the concept that the more data an algorithm has processed, the more precise the prognosis should be. From
(37) we can see an index value of I;(t) ~ 1 is considered a precise prognosis result.

From one realisation of the PI, as seen in Fig. 5, it is difficult to distinguish a clear improvement, this coupled with the fact
that each calculation of the EOL pdf of both algorithms is simply one realisation of a stochastic process. We wish to un-
derstand the general behaviour of each algorithm and eliminate the possibilities of outliers. With respect to the previous
considerations we define a modification to the precision index so as to highlight any improvement, we denote this as the
Normalised Integral of Precision (NIP).

6.3. Normalised Integral of Precision (NIP)

The NIP should emphasise the aim of a better prognosis algorithm, which is to have an accurate prognosis result as
quickly as possible. We can consider a PI where I(t) — 1 when t<ToF as the best possible result. With this in mind we define
the Integral of the Precision
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Fig. 4. Estimation and prognosis comparison showing Just in Time Point (JITP) statistics (60 realisations).
sup(Cly)—inf(Clt)
N / e\ E{ToFl-t )qgr
T) = s
0 (38)

where 7 is the point in time in which the prognosis is performed and ¢ < ToF. The Normalised Integral of Precision (NIP) is
defined as:

IQ(T)

N@ = ——7=—
sup(N (1))

(39)

We can see in Fig. 6 that now it is much easier to distinguish an improvement in the precision of the prognosis, we could
simply take the difference of the NIP for the y? algorithm with the NIP of the Normally weighted algorithm, e.g.

A@@®) =N 2(1) - Ny (») (40

where le (r) is the NIP of the y*> Smoothed Particle Filter and Ny (¢) is the NIP of the Normally weighted SIR Particle Filter.
A > 0 implies the ¥* Smoothed Particle Filter is an improvement over the Normally weighted SIR Particle Filter and visa
versa. Given that each NIP is simply one realisation of a stochastic process, N(z) is a random variable, which implies the
difference of one realisation of two random variables, which does not have much statistical significance.
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Fig. 6. Normalised integral of the precision index with respect to time for truck 1, set 1. Note t=0.45 is the ToF after which, the NIP has no significance.

6.4. Monte Carlo sampling and convolution of NIP

Considering N (r) as a time varying random variable we can consider each NIP as simply one realisation of that random
variable. Therefore in order for A(‘r) to have statistical significance we will consider the convolution of N2 and —N,, defined

as
A(r) = (N 2%( = Ny))(@). @n

A(z) is the solution of the joint pdf of the random variables N 2 and -Ny. One method of calculating the solution to the
convolution would be to find an analytical solution to both the random variables then calculate the solution to the joint pdf.
Using this method could possibly be mathematically intractable and it cannot be guaranteed that a solution could be found.

An alternate method, and the one utilised, is a Monte Carlo method whereby the underlying pdf =, can approximated by
sampling N (z), n times, where the lim,_ ,N"(r) = .. From these discrete approximations of the pdf of both random vari-

ables, z 2 [n] and zy,.[n], we can calculate the discrete convolution [26]
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For ease of computation we chose to sample each distribution =" 60 times; i.e., n=60. The choice to use 60 simulations was
one based on experience. As a general rule, if Monte Carlo simulations provide a coarse set of statistics you should increase
the quantity of simulations. However, in the case of the results presented in this paper, only negligible differences could be
observed in terms of the proposed performance measures when using more than 60 simulations. We then convolute the
results and calculate the first and second moments of the distribution as seen in Fig. 7. For Fig. 7 we see that the convolution
is only calculated until the ToF (for Truck 1, Set 1 ToF=0.43), this is the case for all sets. This is a direct result of the fact that
the PI has no significance after it has reached the ToF. From Fig. 7 we can now say with confidence that statistically the Chi-
Squared weighted PFP improves the precision of the prognosis. We define some features in order to tabulate the results for all
sets. We firstly consider in Table 3:

e the total percentage that the mean of the resultant pdf A(r) is above the Baseline (A(z) > 0)

® the percentage of the mean of the resultant pdf A(r) for each Quartile is above the Baseline. A Quartile is defined as the
results within each quarter of the total time of the results e.g. the 1st Quartile is the first quarter of the results with
respect to time. Each Quartile contains 25% of the total results for each convolution A(z)

We consider in Tables 4 5 the maximum and minimum standard deviation ¢ for each quartile for Az of each set. We tabulate

these results in order to demonstrate how likelihood evolves over time for each A(z). We consider the ¢(A(7)) as an
indicator of the confidence we have as time progresses that the Chi-Squared weighted PFP is in fact more precise.

6.5. Discussion of results
Ultimately the aim was to show an improvement in the precision of the prognosis of the Chi-Squared weighted PFP so that

Table 3
Table of convolution results.

Truck: set % u Above baseline
Total (%) 1st Quartile( %) 2nd Quartile (%) 3rd Quartile (%) 4th Quartile (%)

Truck 1: Set 1 93.10 100.0 7143 100.0 100.0
Truck 1: Set 2 86.05 40.00 100.0 100.0 100.0
Truck 1: Set 3 34.04 81.82 0.00 0.00 50.00
Truck 1: Set 4 90.91 63.64 100.0 100.0 100.0
Truck 1: Set 5 97.37 88.89 100.0 100.0 100.0
Truck 2: Set 1 78.26 20.00 80.00 100.0 100.0
Truck 2: Set 2 66.67 50.00 0.00 100.0 100.0
Truck 2: Set 3 42.86 85.71 0.00 0.00 85.71
Truck 2: Set 4 77.27 100.0 0.00 100.0 100.0
Truck 2: Set 5 52.50 20.00 0.00 90.00 100.0
Truck 3: Set 1 56.67 0.00 14.29 100.0 100.0
Truck 3: Set 2 86.67 45.45 100.0 100.0 100.0
Truck 3: Set 3 58.33 83.33 16.67 33.33 100.0

Truck 3: Set 4 69.67 77.78 0.00 100.0 100.0
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Table 4
Minimum standard deviation (o) for each Quartile.

Truck: Set min(s) per Quartile
1st Quartile 2nd Quartile 3rd Quartile 4th Quartile
Truck 1: Set 1 5.84 x 103 3.05 x 102 412 x 1072 5.69 x 102
Truck 1: Set 2 3.29 x 10-3 3.80 x 102 7.12 x 102 8.28 x 102
Truck 1: Set 3 9.05 x 103 5.00 x 102 7.99 x 102 6.91 x 102
Truck 1: Set 4 5.75 x 103 4,06 x 102 8.44 x 102 9.20 x 1072
Truck 1: Set 5 1.10 x 102 4,65 x 102 9.32 x 102 9.45 x 1072
Truck 2: Set 1 3.04 x 103 1.05 x 102 235 x 1072 2.87 x 1072
Truck 2: Set 2 9.70 x 10-3 3.45 x 1072 5.95 x 102 7.87 x 102
Truck 2: Set 3 9.99 x 10-3 3.05 x 102 6.52 x 102 5.69 x 102
Truck 2: Set 4 7.99 x 10-3 2.40 x 1072 3.91 x 102 4.55 x 102
Truck 2: Set 5 6.54 x 103 5.72 x 102 8.66 x 102 7.22 x 1072
Truck 3: Set 1 1.35 x 102 464 x 102 7.65 x 102 9.23 x 1072
Truck 3: Set 2 1.82 x 102 7.96 x 102 1.67 x 101 8.35 x 102
Truck 3: Set 3 325 % 10-3 1.15 x 102 2.17 x 102 2.72 x 1072
Truck 3: Set 4 5.47 x 1073 249 x 1072 5.17 x 102 7.63 x 102
Table 5

Maximum standard deviation (o) for each Quartile.

Truck: Set max(c) per Quartile
1st Quartile 2nd Quartile 3rd Quartile 4th Quartile

Truck 1: Set 1 257 x 1072 3.95 x 102 5.49 x 102 6.43 x 1072
Truck 1: Set 2 3.36 x 102 6.86 x 102 9.74 x 102 9.58 x 102
Truck 1: Set 3 441 x 1072 9.12 x 102 9.41 x 102 8.98 x 102
Truck 1: Set 4 3.53 x 102 8.03 x 102 9.51 x 102 1.01 x 10-1
Truck 1: Set 5 428 x 1072 9.00 x 102 1.01 x 10! 1.03 x 10-1
Truck 2: Set 1 8.48 x 1073 2.13 x 1072 2.76 x 1072 3.47 x 1072
Truck 2: Set 2 2.98 x 102 5.55 x 102 7.51 x 102 8.52 x 102
Truck 2: Set 3 2.75 x 102 6.00 x 102 7.68 x 102 8.41 x 102
Truck 2: Set 4 2.15 x 1072 3.94 x 102 431 x 1072 5.60 x 102
Truck 2: Set 5 4.97 x 102 9.66 x 102 9.57 x 102 9.64 x 102
Truck 3: Set 1 420 x 1072 7.24 x 102 9.23 x 102 9.67 x 102
Truck 3: Set 2 6.84 x 102 1.58 x 10! 2.03 x 101 1.65 x 10-1
Truck 3: Set 3 1.08 x 102 2.00 x 102 2.79 x 102 3.20 x 102
Truck 3: Set 4 222 x 1072 4.80 x 102 7.51 x 102 8.32 x 102

a case could be made for its use over the classical Normally weighted PFP. We expected an improvement when applied to a
real world application, in this case the prediction of the TBN oil degradation, which was shown in Fig. 1 and also motivated
in Section 3. Two aspects of the algorithm where investigated in order to demonstrate an improvement of the Chi-Squared
weighted PFP.

The first aspect of the algorithm investigated was the fact that y* kernel improves the rate in which the AE becomes
precise. This improvement is demonstrated in Fig. 3 and Table 2 as the centroid with respect to time k, is closer to the origin
for all ¥ cases. We see in Table 2 the most significant results:

e The y? kernel improves the centroid when oy, = 0.05 from ky,;, = 12.47 for the Gaussian Kernel to ky;, = 8.12 for a y*
kernel with M=10. We can also see an improvement in this case of the centroid from I;, = 2.13 x 10-3 for the Gaussian
Kernel to I,;; = 1.96 x 10-3 for the y? kernel with M=10.

® When o, = 0.125 we have an improvement of the centroid from kmin = 15.50 for the Gaussian Kernel to k,;, = 13.15 for a
x° kernel with M=2.

® When 6, = 0.5 we have an improvement of the centroid from kp;, = 17.45 for the Gaussian Kernel to ky, = 14.67 for ay
kernel with M=2.

There was an improvement for all configurations of the y? kernel, although some configurations performed better than
others, depending on measurement characteristics such as o5,,. We assert that this strong evidence that the x° kernel
improves the performance of AE.
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The second aspect investigated was an improvement on the precision of the predicted EOL pdf. In Section 6.3 we pre-
sented a measure that demonstrates an improvement of Chi-Squared weighted PFP's over Normally weighted PFP with respect
to the precision of the predicted EOL pdf. From the NIP results from Tables 3-5 we can conclude that:

1. 70.59% of sets are above the baseline (on average) for more than 50% of the time
2. 1st Quartile 52.94% of sets are >50%
3. 2nd Quartile 35.29% of sets are >50%
4. 3rd Quartile 64.70% of sets are >50%
5. 4th Quartile 100.0% of sets are >50%

Given the definition of NIP in Section 6.3 we assert that from our results we have provided strong evidence that the Chi-
Squared weighted PFP's prediction is more precise and therefore an improvement on the classical Normally weighted PFP
when used for prediction.

Given the large volume of statistics generated we can conclude with some certainty that we have shown that the y?
kernel has improved the performance of both SIR-PF and PFP.

7. Conclusion

This paper presents an adaptive Particle-Filtering based Prognosis (PFP) with a smoothing window and a Chi-squared
weighted likelihood function, which aims at improving the convergence of a parameter learning framework called Artificial
Evolution (AE), as well as improving the precision of the prognosis results. Strong evidence is shown that the framework
presented in this paper is an improvement of the classical PFP which uses a Normally weighted likelihood function.

Statistical evidence was provided as proof that the new framework is in fact an improvement. Both algorithms were
applied to a series of real world data which involves total base number measurements from three mining haul trucks as well
as a series of synthetically generated data with varying uncertainty and parametric configurations. The use of synthetically
generated data demonstrated that the y? kernel improved the performance of AE in the estimation phase. With the real data
sets, prognosis performance was compare as a measure of both algorithms in parallel. These algorithms were applied to a
novel measure we call the Normalised Integral of Precision (NIP). 60 separate realisations were performed of each measure,
in order to generate statistics of the results in a Monte Carlo fashion. The need to generate various realisations of each
measure was due to the stochastic nature of the indices.

One important outcome of the introduction of the y* kernel, mentioned in Section 5.3.2, is the indication of a
deeper seemingly inverse relationship between the number of backsteps M used in (25) and the measurement noise ¢ in
(20). M is indeed a key variable in the performance of the Chi-squared weighted Particle Filter and a solution to the op-
timum M (or an optimum relationship with ¢) is still an open issue that can be explored in future work.

From our results we claim that we have shown that statistically the Chi-squared Smoothed Adaptive Particle-Filtering
based Prognosis has improved the convergence of the AE framework and the precision of the prognosis results.

The application of the generalised model framework with AE was used to model a series of data that did not have a
concrete phenomenological model.We demonstrated that the Chi-squared Smoothed Adaptive Particle-Filtering assisted in
the convergence of the parameter that was required to be learned by the AE framework in a first order system. Theoretically
the idea could be expanded to encompass a system of higher order generalised model with multiple parameters to be learnt
and we propose to explore this idea in future work.
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