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Abstract— The main idea of this paper is the real-time im-
plementation of the Fault Detection Kalman Filter Estimators
(FDKFE) in a satellite’s Reaction Wheels during its scientific
mission. We assume that the satellite’s reaction wheels are sub-
jected to several failures due to the abnormal changes in power
distribution, motor torque, windings current as well as the tem-
perature caused by a motor current increase or friction. The
proposed real-time FDKFE strategies consist of two embedded
multiple model bank of nonlinear Kalman Filter (Extended/Un-
scented) estimators. This research work is based on our previ-
ous results in this field and we intend to extend this approach
by real-time implementations of the developed FDKFE strate-
gies (FDDM-EKF and FDDM-UKF). Furthermore we will
construct a benchmark to compare their results to have an
overall image how perform these strategies.

1. INTRODUCTION

THE most important faults in the aerospace satellite’s
systems are the result of unexpected failures, interfer-
ences as well as the age of their crucial components. Also
the defective measurement and control loops equipment, in
particular some of the sensors and actuators should be con-
sidered. Whenever these critical situations come out the
satellite’s systems could lose the control, require much more
energy, and could operate harmfully. Therefore to operate in
real-time at high energy efficiency and to guarantee the
equipment safety and reliability it is important to develop
suitable FDKFE strategies able to detect and diagnose any
time every faulty satellite’s system components and conse-
quently corrective and reconfiguration actions should be ini-
tiated promptly. Up to date for the majority part of the satel-
lites, the onboard measurements data acquisition is sent to
the land stations relatively frequently. However the opera-
tors still remain implicated to monitor some of the telemetry
measurements and to diagnose the inconsistency of the oper-
ating equipment. Effectively the existing methods to identify
and to adjust the equipment failures are mostly labor-inten-
sive task, and consequently sustained, rhythmic and er-
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ror-prone. In the majority situations the operators inspect
telemetry plots manually to determine the satellite’s reaction
wheels health motors current. Also they use statistical evalu-
ation that still necessitates considerable human knowledge,
consequently error-prone that could generate harshly equip-
ment operation. In these circumstances the problem of satel-
lite monitoring and fault diagnosis becomes a critical issue,
very complex that need to be implemented in mainframe en-
vironment using more sophisticated control systems and arti-
ficial intelligent strategies. Therefore the objective of our re-
search is to develop more proficient, accurate and reliable
real-time FDKFE strategies based on the nonlinear estimation
techniques.

II. REACTION WHEEL’s DYNAMICS

The Reaction Wheel (RW) model is developed based on
detailed schematics shown in Figure 1 [3]. In a state-space
representation associated to the RW actuator healthy mode
(7=1) or its faulty modes ( j=1, N) we could write

(7) State Equation:
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where the j-state vector mode is defined as:
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The input command u(k)= V,,, is generated by the
attitude controller, and it represents the command voltage
applied to the reaction wheel motor axis. The functions
H, H,, H that appear in the reaction wheel diagram
shown in Figure 1 represent the discontinuous Heaviside
functions and the sign (.) block function represents the sign

function. Also 7', is the sampling period of the discrete-

time model of the reaction wheel actuator, Wy and Vj that

appear in Figure 2 are the process and measurement noise,
assuming that they are independent white Gaussian random
processes with zero mean and covariance matrices:
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The other parameters indicated in the model are identical
to the reaction wheel parameters that are used in [3], and
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Fig.1 A detailed block diagram of a high fidelity reaction wheel model

I11.

Consider the dynamics of a linear stochastic system ex-
pressed in the state-space difference representation

ExtenpeDp KaLman Ficter Estivator (EKF)

X = Fxy +Guy, +w,

)
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Fig. 2 The satellite’s embedded FDKFE integrated structure

(6)

The process and measurement noise have normal proba-
bility distributions governed by

p(w)~N(0,0,)

p(v)~N(0,R)) (7)

The covariance matrices QW (process noise covariance)

and R, (measurement noise covariance) might change

with each time step or measurement, but in our approach we
assume that they are constant. Due to the process noise in-
jected in the state space equation (5)-(6), the state vector

X, € R" becomes random variable with its distribution ap-

proximated by a Gaussian distribution function

plx)~G(x,P,).

Considering the nonlinear model of a reaction wheel as
given by (1)-(2), the linearized state transition and observa-
tion matrices are defined according to the following Ja-

cobeans
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where G is an identity matrix. The EKF algorithm used for

the state estimation of this dynamical system is now given

according to the following steps [2]:

Stepl. Initialization: fork =0, set:

Xojo =E[x0 1, Fpj0 =E[(xg —X0j0 )Xo —X0)0 )71 rep-

resenting the distribution of initial state estimate and its co-

variance matrix

Step2. Prediction step: Predict the state and the estimated

covariance according to

f‘k|k—1 :f(f‘k—l\k—l Uy )

®)

H, =

)
Bra =FkPkfl|klekT +0,,
Step3. Update step:
3.1 Innovation or measurement residual
Vi = & — h(xppgsug) (10)
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3.2 Innovation or residual covariance

Sk =HkPk|k—1HkT +R, (11)
3.3 Optimal Kalman filter gain
K, :Bc\k—lHkTSkH (12)
3.4 Update state estimate
Xpe = Yo + Ky Yy (13)
3.5 Update estimate covariance
g = —K H ) Fpjpeq (14)

The covariance matrices QW (process noise covariance)
and R, (measurement noise covariance), together with the

initial error covariance oo are the three tuning parameters
in the EKF algorithm.
The matrices QW and R, are determined empirically

and account for uncertainty in the tracking data. Setting
these matrices “properly” significantly contributes in
making the EKF filter robust. The error covariance matrix
P indicates uncertainty in the state estimate and provides
criterion for the error bound.

IV. THE UNSCENTED KALMAN FILTER ESTIMATOR (UKF)

The Unscented Kalman Filter (UKF) is based on the un-
scented transformation (UT) which addresses the general
problem of state estimation of a system that is governed by a
nonlinear stochastic difference state-space representation

(2 1, [4]-[5]:

Xy =FXg,u ) +w, (15)
Vi =H X, ,u;,)+v,
The critical operation that is performed in the Kalman fil-
ter is propagation of a Gaussian random state variable

xR through the system dynamics. In the Extended

Kalman Filter (EKF) estimator the Gaussian random state
variable is propagated analytically through the first-order
linearization of the nonlinear system. This can introduce
large errors in the true a posterior mean and covariance of
the transformed Gaussian random state variable, leading to
sub-optimal performance and sometimes divergence of the
EKF estimator.

The UKF estimator is developed as an alternative to the
EKF estimator and addresses this problem by using a deter-
ministic sampling approach.

Using the principle that a minimal set of carefully chosen
weighted sample points, called sigma points, can be used to
parameterize mean and covariance, the UKF estimator yields
superior performance when compared to the EKF estimator,
especially for nonlinear systems.

These sigma points should completely capture the true
mean and covariance of the Gaussian random state variable,
and are propagated through the true nonlinear system dy-
namics. In it was shown that a random n-dimensional state
variable X with mean X and covariance P could be approx-
imated by 2 +1 weighted sigma points X;» i=1,...,.2n+1,

that are given by:

k
n+k

X=X, Wy=

>

1
X, =x+K(n+k)P),, WIZZ("—*‘k) (16)

_ 1
X,,, =x-(J(n+k)P);, Wy, :2(n—+k)

where £ is a scalar that provides an extra degree of free-
dom for “fine tuning” the higher order moments of the ap-
proximation, and can be used to reduce the overall predic-

tion error, (\/(n+k)P),is the i-th row or column of the ma-
trix square root of (n+k)P,and W, is the weight associ-

ated with the i —th point X .
The cloud of the transformed sigma points distribution
X1 given by

X =F(Xp,uy) (17)

captures the a posterior mean that is given by the weighted
average of the transformed sigma points:

(18)

and the covariance (the weighted outer product of the trans-
formed sigma points) given by
P:ZW.(XHL;*?)(XAHJ*X_)T (19)
i=0

In some applications the sampling rate could be an impor-
tant source of degrading the UKF estimator performance.

The main advantage of the UKF estimator is that it is suit-
able for most general class of process models, due to the fact
that the mean and covariance are calculated using standard
vector matrix operations, and the implementation is extreme-
ly fast since UKF does not require calculation of Jacobean
matrices that could in certain cases lead to numerical com-
plications and difficulties.

Also the sigma points capture the mean and the covari-
ance irrespective of the choice of matrix square root that is
used.

Numerically efficient and stable methods such as the
Cholesky decomposition [5] can be used for this purpose.

Similar to EKF estimator the UKF estimator design steps
for the both phases (prediction and correction) are well pre-
sented in figure 3.

V. Faurr DeTECTION STRATEGY DESIGN

The multiple model approach for fault detection and
diagnosis assumes that the actual system at any time can be
modeled sufficiently accurately by the following jump
Markov hybrid nonlinear system [1]:

x(k+1) = F(k,m(k +1), x(k),u(k)) + T (k, m(k + D)w(k, m(k +1))
x(0) 1 N(d. 5y)
z(k) = G(k,m(k),x(k),u(k))+v(k,m(k))

(20)
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Fig. 3 The block scheme of the UKF estimator
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The mode of the system (normal or faulty) at time £ is

selected by a discrete process 7; and modeled as a s-state,

first-order Markov chain with transition probabilities 7;; (k)
given by:

7y (k)= Pim;(k+1)[m(k)}, Vm;,m; S 2n

and

0<m; (k)<L i=1LN,j=1LN, Zﬂij{k}:l,izl,N (22)
j

The initial state distribution of the Markov chain is
7(0)=[7, 7y Ty.....Ty], where

(23)

N
0<z; <1, Vj=1N, Zfrj:l
i=1

and where x(k) is the state vector, z(k) is the mode-depen-
dent measurement vector, and #(k) is the control input vec-
tor. The process and measurement noise vectors W(k) and
v(k), respectively, are mutually independent, additive,
white Gaussian of zero mean and covariance matrices
0,,(k) and R,(k), and are independent of the initial state
x(0) . In expression (44), P{.} denotes the probability opera-

tor. The event that 7, is in effect at time & is denoted as

m;(k)={m(k)=m;} = and S={m,m,,..,my} represents
the set of all possible system modes. The system may jump
from one such system to another at a random time. It can be
observed from that the state vector observations are in gen-
eral noisy and dependent. Therefore, the mode information
is embedded in the measurement sequence. The system
mode sequence is an indirectly observed Markov chain,

from which the transition probability matrix 7 = {7} repre-

sents a design parameter. The simulation results and our
comparative studies are presented in the next section.
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The root-causes of faults injected in the reaction wheels

are due to the following sources:
(1) unexpected viscous friction changes generating
anomalies in the temperature 7,
unexpected changes in the bus voltage Vj,; ,
loss of effectiveness in the motor torque as represe-
nted by unexpected changes in the coefficient £; .

The FDKFE strategy for the hybrid system can be stated
as that of determining the current model state. In other
words, it involves determining whether the normal or a
faulty mode is currently in effect from a sequence of noisy
observations. How to design set of modes to represent the
possible system modes is a key issue in multiple model ap-
proach, which is problem-dependent. This design should be
achieved by attempting to have models (approximately) that
represent or cover all possible system modes at any given
time. This represents the model set design that is critical for
multiple model based FDKFE. To design a good set of mod-
els requires a priori knowledge of possible faults in the sys-
tem. In application of multiple model estimation techniques
for fault detection and diagnosis, the following tasks should
be implemented [1]:

a) model set design,

b) filter selection,

c) estimate fusion, and
d) filter re-initialization.

Filter selection deals with the problem of selecting a mod-
el-based recursive filter such as Kalman Filter for each mod-
el of the nonlinear system. The estimate fusion task com-
bines model-conditional estimates to obtain an overall esti-
mate. Towards this end, three approaches could be investi-
gated, namely soft, hard and random decisions. The proce-
dure for reinitializing each single-model based filter from
time to time is of significant importance for multi-model es-
timation. The simplest approach for reinitializing each filter
is to use its previous state estimate and filter covariance at
the current cycle. In this case filters are operating in parallel
and no interactions exist among them.

However, this may lead to unsatisfactory performance
when the system structure or its mode changes. For this rea-
son, it would be more appropriate to reinitialize each filter
using the previous overall state estimate and covariance ma-
trix which does lead to an interacting multiple model estima-
tion technique. For each faulty mode corresponding to a set
of possible ACS reaction wheel faults and a normal operat-
ing mode, one can apply an unscented Kalman filter based
on measurements collected from reaction wheels angular ve-
locity vector@. The input considered can be taken as the
torque command voltage vector u that is generated by, e.g. a
PID controller. The dynamics of an unscented Kalman fil-
ter associated with each mode is described by the following
nonlinear state space representation:

x;(k+1) = F (k,x, (k),u, (k) + T (k)w, (k)

z;(k) =G (k,x;(k),u; (k) +v;(k)

(i1)
(iii)

24

where X; = @(k) and the subscript j denotes the quantities

pertaining to mode m;. The nonlinear functions £, G; and
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the weighting matrix 7; may have different structures for
different values of j. The process noise and measurement
noise vectors w; and v; are white Gaussian of zero mean with

covariance matrices O,,; and R, respectively. In principle

the probability of a given model matches the system mode
provides the required information for the fault detection and
diagnosis. Taking into account historical behavior of modes
at time k ensures that the interacting multiple model
algorithm yields a good estimate.

Consequently, exponential increase in complexity of a de-
tection algorithm is avoided by mixing previous estimates at
beginning of each cycle.

The model probabilities provide an indication of the mode
in effect at any given time, and therefore can provide an in-
dication of the reaction wheel actuator fault. By using model
probabilities information, both fault detection and diagnosis
can be achieved. This decision making process is formally
stated according to:

/Q(k+l)ZHQX/U(k+1):u

J
If u>uy then mode j is faulty (25)

Otherwise no fault occurs

where Uriesnoia Tepresents the fault detection threshold value.
The interacting estimation algorithm runs each parallel filter
banks only once in each cycle. Each of these filters at time
tw1 = k+1 has its own input, the state estimate at time #,
)Aco(k|k) , and its own covariance matrix, Po(k|k) ,
which form a valid quasi-sufficient statistics of all the past
information, under the assumption that model of each filter
matches the system mode.

The above decision rule yields not only fault detection ca-
pability but also information about the type (sensor or actua-
tor), the location (which sensor or actuator), the size (total
failure or partial failure with fault severity), and the fault oc-
currence time.

V1. NuE EmMBEDDED Faurr DETECTION KALMAN FILTER
ESTIMATORS INTERACTING STRATEGY

The embedded structure of an Interactive Multiple Model
algorithm and EKF/UKF estimators is included in the refer-
ences [1]-[2], [4]-[9]. Due to space limitations only the UKF
based procedures is described below, the algorithm steps re-
maining almost the same for the both cases.

Step 1: Interaction and mixing of the estimates [1]
1.1 Compute the predicted mode probability from & to

k+1
A1 0 =3 2 s k) (26)
1.2 Compute the mixing probability at &:
_7,J) 4 (k)
1y (k) = PRCEEID) (27)
1.3 Compute the mixing estimate at £:
(28)

Fo (k1) = 30 "R Gk k), (6)

1.4 Compute the mixing covariance at k, that is, P,

PokI =" [P K+ Gigkl D3 ()Gl O~ (1 B Txag () )
Step 2: Model conditional filtering [1]

(i) Prediction step [2], [4]-[S]:
2.1 Compute the global state sigma points matrix:

Xy =k | K) 3k |K) + L+ DPU|K) (k| )L+ DP[£)] (30)

where the state covariance matrix P(k|k) is updated for
each time increment.

2.2 Compute the transformed global state sigma points
matrix from k to k+1:

Xk+1\k = F(k, Xy ou)

€1y
2.3 Compute the predicted global state from k to k+1:

In

Tk +11k) = Z wimx

ik+1k (2)
i=0

2.4 Compute the global predicted covariance from £ to
k+1:
Pl+1] k)= (W +1=af XXy, =3k +1] XXy — X+ K) +
n (33)
+ZW{()[(XF,A+1‘}. —i(k+1| k))(xz,qu- —i(k+1 k) 1+0,
i=1

2.5 Compute the transformed global output sigma points
matrix from k to k+1:

Vo =G, X 1) (34)

2.6 Compute the predicted global output from k to k+1
S+110) =2 W, 33)
i=0
2.7 Compute the measurement residual for each mode ; at
k+1:

vi(k+1)=z(k+1)=;(k+1] k) (36)

)
where X;(k+1]k) represents the j-th component of the

global predicted state 3’c(k+1 | k) (the mode j), and z(k +1)
represents the new available measurement for the active
mode in effect, let say i, namely

z(k+1) = z;(k+1) (37)

2.8 Compute the global predicted output covariance ma-
trix Pﬁ(k +1|k)
P:r(-{'+1|k]=(:|:q(']+1—zxjj()’u_ﬂ,lf_G(kJrl\k))(YU:H,l—_(-(k+1\k})r+ (38)
+3 W}"[()g_klH = kRN, oy = Fk+1ENTI1+R
=
2.9 Compute the global cross-covariance matrix
PEk+1] k) = (W +1- cr’)(xn,klH =3k +1] ) g = (k1] Ky +

2n . (39)
+ D WX,y — SR+ )Y, gs I 0]

i=l
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2.10 Compute the global Kalman filter gain at £+1:
K (k+1)= P (k+1] k)(Pﬁ(k—irl | k))_]

5 (40)

(ii) Correction step:
2.11 Update the state estimated at k+1

R4 k41D = 2, (k+11 )+ Kg_ (k+1v, (k+1) (41)
2.12 Update the state covariance matrix

. 42

P k1 k+D) = PG| K=K, (e P, (k-+11 7 (K, (kD)) (42)

Step 3: Update the mode probability at k+1
3.1 Compute the likelihood function at A+1

L, (k+D)= exp[%vf(k HP, ; (k1 ) v (k)] (43)

1
J1@DE, 5 (=110)]

|5

3.2 Update the mode probability at k+1:

(K 1| k)L ,(k 1
TR VI CES LS TIICEED

Dou (k1 k)L (K +1)
1

(44)

Step 4: Fault detection at k+1
4.1 Compute the mode probability vector at k+1:

ﬁ(k+1):[ﬂl(k+l) py (k+1) ,u3(k+1)...,uN(k+l)} (45)

4.2 Obtain the maximum value of the mode probability
vector:

TR {u,(k +1)° (46)

= max

4.3 Determine the index of the maximum value of mode
probability vector

J= find (fi==max (1)) (47)
and subsequently assign:
index =j (48)
Step 5: Fault decision — FDD logic
i Ueppwax > Brivesios the fault occurs, (49)

Otherwise no fault occurs.

VII. ReaL-TiME ConTrROL AND FGKE STRATEGY IMPLEMENTATION

The control system literature rarely includes extensively
the real-time software and hardware implementation aspects,
and it doesn’t pay attention beyond algorithms and sampling
time selection. Normally the implementation aspect and real-
time system design are connected together but in the most
cases this connection is always ignored. Moreover the real-
time system design is treated from control perspective ignor-
ing the implementation aspects of the control algorithms.
However in the last years the real-time implementation and
design aspects get more transparency to control engineering
field due to advent of software tools like
MATLAB/SIMULINK with its RTW (Real-Time Workshop
) and the RTWT (Real-Time Windows Target) Toolboxes.
Definitely these new real-time platforms do the implementa-
tion of real-time experiments easier and save much time but
on the other hand they have some drawbacks regarding a
good insight view of the real-life problems that could

PROCEEDINGS OF THE IMCSIT. VOLUME 5, 2010

emerge during the real-time implementation of the control
system. Building a real-time ACS requires normally two
stages: PID controller and estimators design as well as their
digital implementations. At controller and estimators design
stage some performance indices are defined and the PID
controller and EKF and UKF estimators are designed to op-
timize these indices.

At implementation stage, multiple control tasks should be
scheduled to run the FPGA (Field-Programmable Gate Ar-
ray) onboard microprocessor or controller module. We have
to take care about task scheduling taking into account the
limited available computing resources. Firstly to select the

sampling time 7, it should take into account the limited
computation time provided by the hardware such that to
avoid the conflict with its computation time delay (control
latency). Since the control latency is typically affected by
control jitter, delay and loss can occur alternatively in the

system at different instants of time. The loss of the ACS
control signal u(k) leads to the controller computer failure,
unable to update its output during any one sampling interval,
and accordingly the one step delayed input u(k —1) it will be
applied again. Since this situation may well occur acciden-

tally at any instant of time, the failure to deliver a control
signal can be treated as a casual ACS input disturbance

u,(k). Anyway this interaction between control perfor-

mance and task scheduling will be investigated in the future
work.

VIII. SmuLaTioN RESULTS

The real-time platform used to perform these real-time
simulations was a MATLAB R2007b with SIMULINK run-
ning on the two processors WINDOWS OS machine. The

simulation results are obtained for a sampling time 7, equal

to 1s, but a carefully selection of it and the interaction be-
tween control performance and task scheduling will be done
in the future work. In spite of a large number of scenarios, to
have an overall image about the estimator’s performance, we
present in figures (4)-(5) only the partial simulation results
for the both real-time embedded fault detection strategies. In
these figures we will present in terms of the mode probabili-
ty index the transient and the steady state of different fault
modes occurrences in a multi-fault sequence. These figures
reveal in the same time the robustness of the both estimators
to the noise level and to the probability matrix. Also the esti-
mator’s performance comparison is available in the bench-
mark presented in Table 1.

IX. CoNcLusioNs

In this paper, we have studied the possibility of using two
interactive multiple models based on Extended and Unscent-
ed Kalman Filter estimators to detect and diagnose the faults
in reaction wheels of the attitude control system (ACS) in a
satellite. The main contributions in our research are summa-
rized briefly as follows:

(a) Detection and identification of reaction wheel
faults of the ACS due to a number of possible
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Fig. 5 The performance in terms of mode probabilities index for ro-
bustness analysis using the FD-UKF strategy

TABLE 1
THE PERFORMANCE COMPARISON OF THE FDKFE
STRATEGIES

Item Performance KF EKF UKF

1 Accuracy Degree Very Good Very
for modeled | good Good
faults

2 Accuracy Degree Small Small Good
for  un-modeled
faults

3 Robustness to R Not | Not Robust
,O matrices Robust Robust

4 Robustness to the Not | Not Robust
matrix Robust Robust
probabilities, 7

*Embedded estimators: KF-Standard Kalman Filter, EK -
F-Extended Kalman Filter, UKF-Unscented Kalman Filter.

sources that generate soft and hard anomalies dur-
ing a scientific mission of a satellite,
Implementation of a bank of real-time parallel
Kalman filters for faulty modes covering a quite
large set of the most likely and commonly possible
scenarios of reaction wheel failures,

Detection and diagnosis of both partial and signifi-
cant reaction wheel failures for different scenarios
using the real-time EKF and UKF estimation algo-
rithms,

Comparison of performance capabilities and advan-
tages of real-time UKF estimation algorithm with
respect to the real-time EKF estimation algorithm,
and

Robustness analysis of both real-time estimation al-
gorithms to the selection of model transition proba-
bilities, modeling errors, and noise statistics under
different scenarios.

The approach proposed in this paper is probabilistic in na-
ture and yields results that are more accurate and having
good fault classification capabilities than the spectral analy-
sis that is well studied in the literature. Based on fault identi-
fication analysis that is carried it can be observed that the re-
al-time UKF estimation algorithm is robust to modeling un-
certainties, and to statistics of noise measurements and
process noise. The both real-time algorithms work similar to
a real-time neural network estimator and classifier employed
to perform satisfactory FDKFE. Compared to a real-time
neural network estimator and classifier, the real-time UKF
estimation algorithm doesn’t need an on-line training that
takes an extensive amount of computational resources. Com-
pared to the above approaches and real-time EKF estimation
algorithm, the real-time UKF estimation algorithm performs
better and has a much less computational burden and com-
plexity, and it furthermore operates much faster. Perhaps the
biggest drawback of predictive model-based approaches is
the need for a suitable quantity of data for training and test-
ing the system during the development phase [10], [13].
Moreover, stability of the real-time UKF estimation algo-
rithm still remains an open question, which needs further in-
vestigation. Also, the behavior of the real-time UKF estima-
tion algorithm for diagnosis in a fast or rapidly changing
process dynamics needs to be explored further.

(b)

(©)

(d)

(e)
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