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criteria for directional instability phenomena.® The derivation of the
D)y, criterion in the present Note, however, clearly shows that terms
involving gravity do have an important role to play in the dynamic
directional instability phenomenon of wing rock onset. In fact, when
the effect of gravity is neglected by allowing the factor (g/ V) to
go to zero in Eq. (9), the approximate criterion for wing rock onset
reduces to C, =0, which, as seen before, merely signifies static
instability.

nBdyn

V. Conclusions

An approximate analytical criterion for dynamic directional insta-
bility, called D)y, has been derived that provides a useful and simpler
alternative to the exact Routh discriminant condition for wing rock
onset. The Dy, criterion reveals, for the first time, an explicit link
between wing rock onset, a dynamic instability phenomenon, and

the C, payn PATAMEtET.
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1. Introduction

ESEARCH on analytical redundancy (AR) and model-based

sensor fault detection identification and accomodation (SF-
DIA) has shown that AR! can provide fault-tolerance capabilities
for aircraft where physical redundancy in the onboard sensors is
not a cost-effective solution. Although effective schemes for linear-
time-invariant systems” are already established, the extension of
these schemes to nonlinear systems still presents substantial re-
search challenges.! In Ref. 3 three of the authors proposed a sensor
fault detection isolation accomodation (SFDIA) scheme based on
neural-network (NN) approximators. In this effort this scheme has
been improved through a new fault-identification logic. Failures
were simulated in closed-loop conditions, and a detailed analysis
was performed to determine the smallest detectable and identifiable
faults along with the relative detection and isolation delay. A new
hybrid configuration for the neural approximators was also intro-
duced.

II. Analytical Redundancy-Based SFDIA Scheme
for the Longitudinal Aircraft Dynamics

The main variables involved in the aircraft longitudinal dynamics
are angle of attack « (rad), pitch rate g (rad/s), normal acceleration
a,(g), elevator deflection §, (rad), airspeed V (m/s), and altitude
H (m). The AR between these signals is embedded in the equations
of motion of the aircraft through the normal force equation:

ma, = p(H)V?SC.(e.8.,V.q/V) /2 M

The AR between the variables in Eq. (1) was used to implement
the nonlinear input/output models required in the SFDIA scheme.
In particular, the following estimation models were developed:

ak) = fu(Vk), Hk), a.(k) V> (k). g(k)/ V (k). 8.(K)) (2)
G(k)y= f,(V(k), Hk), V(k), a; (k) [ V?(k), a(k), 8. (K)) (3)
a.(k) = fo.(V(k), H(k), V(k), q(k)/ V (k), ac(k), 8.(K))  (4)

8. (k) = f5,(V (k). H(k), a.(k) [ V2 (k). a(k), (k) V (K)) (5)

In the preceding equations, k indicates the current time instant. The
useof g/ V anda./ V?inlieu of a. and g as inputs allows the keeping
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Fig. 1 NNs learning enabling and SFDIA architecture.

of the functions in Egs. (2-5) as smooth as possible. The scheme is
based on the evaluation of the following residuals signals r; (k):

ri(k) = yi(k) = 3; (k) + n; (k) + F;(k — k), i=1---4 (6)

where y; (k) is the ith measurement, ¥; (k) is the estimation, n; (k)
is the measurement noise, and F;(k — k) is the additive failure
modeling function, where k is the fault beginning instant. A linear
ramp-like shape is selected to model the failure using

0 k < ky
Flk—k))={A-(k—k))/Tx  k; <k <k;+Tg
A k>kp+ Tk (N

where Tk is the duration of the ramp and A is the final value. Dif-
ferent combinations of Tk and A allow the modeling of both hard
or soft failures. It is assumed that a fault can occur only on the «, ¢,
a,, and §, sensors. In Ref. 3 the authors used radical basis function
resource allocating networks (RBF-RANs)* for the online approx-
imation of functions similar to f,(-), fo(-), fa,(-), fsc(-). In this
work, the approximation architecture was improved by the addition
of a linear in the parameters (ADALINE) neural network:

Yx k), p, 0k) = Fin(x(k), p) + Pran (x k), 0(K))

Non [ (k) — L w2 ]

= Z P+ Y wiky e 0 ()

i=1

where x (k) and 6 (k) are respectively the RAN inputs and weights
vector. In this particular study the N parameters p; of the ADALINE
are not time varying but have been evaluated offline by applying the
least-squares (LS) method to a set of nominal training data. The
online learning is performed by the RAN algorithm that allocates
neurons only where nonlinearities are dominant. A block diagram
of the scheme, which can be classified as a generalized observer
method,' is shown in Fig. 1. In the scheme y, (k) are measured
variables, affected by measurement noise 7 (k) and by potential sen-
sor failures F (k), y; (k) are the estimates provided by the NN, and
v, (k) are the fault-free signals, also called accommodated signals.
The core of the block is the bank of NNs providing the estimates
9; (k), used to generate the residual r (k) = y,, (k) — y; (k); r (k) goes
through a bank of learning filters, each one defined by

i) =bu - ruk = D4 (1= b)), by=e L (9)
where a;; is the continuous time constant of the filter. The filtered
residuals are used to generate the Boolean NN learning (LE) vec-
tor: when the absolute value of a component of ry;(k) exceeds the
corresponding threshold 7/ ;, the scheme deduces that an abnormal

condition is occurring and LE; is set to zero to prevent the NN
learning from measurements corrupted by a possible failure.

The Boolean signal Isolation Enable (/E) is generated by a bank
of isolation filters r; (k) that is identical to the one in Eq. (9), ex-
cept for the different thresholds ¢/, and time constants a,. Upon a
failure occurrence, one or more components of the Boolean vector
IE change, and thus the scheme detects that a sensor fault is occur-
ring. After a detection a dedicated residual evaluation procedure is
called with the double objective of providing identification of the
failed sensor and providing an accommodation by substitution of
the failed sensor with its estimation y; (k). This isolation and ac-
commodation procedure is based on the consideration that in the
case of a failure on the ith sensor two situations can occur:

1) The fault is correctly attributed to the ith sensor; therefore,
the FDIA procedure commands the isolation switch to substitute
the measurement y,,;(k) with its estimate y;(k), then y;(k) is sent
to all of the NNs instead of the faulty measure. In this case, the
estimate 3;(k) is accurate because it is evaluated using fault-free
measurements from the remaining “healthy” sensors. Thus, because
9i (k) = y; (k) the corresponding residual is proportional to the fault
amplitude. Therefore, its value tends to remain high confirming the
persistency of the fault F;(k — k) on the ith sensors; in this case,
the other residuals tend to decrease because after the commutation
9i (k) = y; (k) their outputs return to be evaluated with fault-free
estimates y; (k).

2) The faultis incorrectly attributed to a jth healthy sensor. There-
fore, the isolation switch substitutes the correct measurement yy,; (k)
with its estimate J; (k) and provides it to all of the NNs using that sig-
nal. In this case, the estimate ¥, (k) would not be accurate beause it is
evaluated using the failure-corrupted measurement y; (k). Because
of this incorrect isolation, after a short transient 7, (7, is a design
parameter) other residuals will tend to exceed their thresholds.

The FDIA logic is such that at the end of the observation period
T, if more than one component of 7; is still above the threshold (as
happens in case 2) the next potentially failed sensor is selected as
Jj = argmax(M;/th;) € {suspect sensors —i}.

III. Simulation Results

For the offline identification of the nonlinear relations in
Egs. (2-5), a flight was simulated at closed-loop conditions for
4000 s within the entire flight envelope. After the simulation, first
the four ADALINE-NNs were trained using the LS method; next,
the RAN-NNs were trained repeating the RAN learning algorithm
100 times. The thresholds th; and th; were selected so that a
threshold violation never occurs for the fault-free validation flight.
Specifically, the vector th; was defined as the 120% of Mr;, and
th; was defined as the 80% of Mr;, where Mr; =Max(r, (k) =
(64-1072,87-1072,21-1072,43-1072), Mr;=Mr;, ap =a; =
0.1, and T =0.05 s. The observation period 7, was set at 1.5 s.
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Fig. 2 Magnitude of the residuals and logic signals for a sensor failure.

Using the pretrained NNs and the settings from the offline phase,
the SFDIA scheme was implemented at closed-loop conditions on
a different (validation) flight. Two types of fault were used:

1) Type 1 fault is the sudden bias (A = (100, 80, 50, 40, 30, 20,
10, 5)% of the maximum value on the signals y,, (k) evaluated on
the validation flight, with fast transient: T = 0.05 s).

2) Type 2 fault is the drifting bias (A = (100, 80, 50, 40, 30, 20,
10, 5)% of the maximum value on the signals y,, (k) evaluated on
the validation flight, with slow transient T = 10 s).

Eighty different tests were conducted; in each test the whole sys-
tem starts at nominal conditions, and all of the NNs are enabled to
learn. At t =t (in this study t, =K - 50 s K =1, ..., 80) a failure
is injected; at the end of each test the following performance indices
were evaluated: 1) DEg, percentage of correct detections; 2) ISy,
percentage of correct isolations; 3) 7} g, the mean of the time delay
(respect to t,) at which the online learning of the NN is stopped
(switching to O of at least one component of the vector LE); 4) Tig,
the mean of the time delay (respect to ¢ ) at which a fault is detected
(switching to O of at least one component of the vector IE); 5) Tag,
the mean of the time delay (respect to #,) at which the SFDIA pro-
cedure commands the final accommodation; and 6) o.., standard
deviation of the estimation error y; (k) — y; (k), which measures the
accuracy of the approximation after the accommodation (until the
end of flight).

Table 1 reports the performance associated with the minimum
values of the faults amplitudes that gave a percentage of fault iso-
lation (IS¢,) greater than 85%, in case of single fault on the four
sensors. Overall, the values of Tig and Tag show good detection/
isolation capabilities, and the low values of the index o,
show the effectiveness of the accomodation at postfailure con-
dition. Figure 2 shows the evolution of the residual vector
ri(k) =rp(k) =[rio(k), riq(k), r1a. k), r15. (k)] for a type 1 fail-
ure on the o sensor (A=30%, TR =0.05 s, t;=1700 s). At
t =1772.25 s the online learning on the NNs is halted because
rLaz (k) exceeds its threshold ¢4, . Succesively, at t =1773.45 s a
fault on the a, sensor is temporarly (and incorrectely) isolated, the

Table 1 Performance for failure types 1 and 2 on sensors o, ¢, a,

and 6

Sensor FAmpl% DE¢ IS¢ Tig,s Tig,s Tag.s Oee

a(k) type 15 100 87.0 255 3.62 412 310e7
q (k) type 15 974 922 4.10 7.49 8.44 36le
a. (k) type 10 100 974 1.82 2.48 251 138e*
Se (k) type 30 100 854 1.25 1.64 10.7 182¢7
a(k) type 20 100 94.8  6.60 7.77 10.8 315e73
q (k) type 15 974 909 923 128 13.4 3657
a. (k) type 10 100 90.9 6.67 7.75 777 139e*
8o (k) type 30 100 85.8  4.65 570 17.8 180e~?

switch @,y (k) — a,(k) is enabled, and the observation period 7,
starts. At the end of 7, (at r = 1774.95 s), through the ry, (k) signal
the SFDIA logic attributes the failure to the « sensor and commands
the correct accomodation &, (k) — & (k). At this point, all of the
other residuals decrease because of the correct isolation—except
the faulty one—and no futher threshold violations are
observed.

IV. Conclusions

This paper describes several improvements for a previously in-
troduced sensor fault detection identification and accomodation
scheme. A new hybrid architecture for the approximators has been
proposed and tested using a combination of ADALINE- neural net-
works (NNs) and RAN-NNs. A novel supervisory scheme based
on a detailed analysis of the residuals has been introduced and suc-
cessfully tested through simulations at closed-loop conditions. The
proposed innovations considerably enhance the reliability of the
scheme.
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Introduction

HE design of controllers for nonlinear systems is not always

easy, and it is often proposed to segment trajectory optimiza-
tion problems into offline and online control tasks, particularly for
complex systems.! The offline phase is devoted to solving the full
nonlinear optimal control problem, whereas the online phase usually
involves employing a neighboring optimal feedback control strat-
egy based on the linearized dynamics. Because the optimal trajectory
is time varying, the neighboring feedback controller traditionally
relies on solving the time-varying two-point boundary value prob-
lem by a backward sweep of the Riccati equation or by transition
matrices.? This is often both time consuming and numerically un-
stable. Furthermore, there is no guarantee that perturbations around
the reference trajectory will be small, and so applying the linearized
equations may not be valid in some cases. To overcome these dif-
ficulties Ohtsuka and Fujii® proposed a receding-horizon control
strategy for nonlinear systems based on the stabilized continuation
method. Ohtsuka* has extended the method to time-varying sys-
tems. This method relies on the explicit integration of the states and
costates derived from the calculus of variations and requires fine tun-
ing the stabilization parameters to obtain satisfactory convergence.
Yan et al.’ present a method for solving linear quadratic optimal con-
trol problems by transforming the linear time-varying equations into
a set of discrete linear algebraic equations using the Legendre pseu-
dospectral method. Yan et al.® use the approach of Ref. 5 to generate
the inner feedback loop of a two-degree-of-freedom control system.
Their method is based on a neighboring optimal control strategy to
minimize deviations from the optimal trajectory. Lu' has proposed a
receding-horizon strategy for precision entry guidance based on an
Euler-Simpson approximation of the quadratic programming (QP)
problem. Lu! employs a Simpson approximation for the integral
cost and Euler approximations for the state derivatives. In this way,
Lu solves the QP problem analytically to obtain approximate con-
trol laws. Whereas the methods proposed by Yan et al.>® and Lu'
do not require any explicit integration, they are still based on the
assumption that deviations from the reference trajectory are within
the linear approximation.
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In this Note, a method for solving nonlinear receding-horizon
control problems by pseudospectral approximations is presented.
The proposed solution method approximates the nonlinear receding-
horizon control problem with successive linear approximations ob-
tained via the method of quasi linearization. Each linear problem
is solved by discretizing the two-point boundary value problem ob-
tained from the calculus of variations using a Jacobi pseudospectral
method. This allows the linear problem to be solved using matrix
algebra. The approach is very similar to that used by Yan et al.,’
except that a quasi linearization algorithm is first applied to the
nonlinear problem. Another important difference between the pro-
posed method and that of Yan et al.® is the way that the boundary
conditions are incorporated. Yan et al.’ use a matrix partitioning
approach to obtain feedback control laws from an overdetermined
set of equations. In this Note, however, the boundary conditions are
applied directly in a similar manner to that done when solving par-
tial differential equations by pseudospectral methods.” The method
is applied to the difficult problem of retrieving a subsatellite using
a flexible tether.

Theory

Consider the nonlinear receding horizon control problem of find-
ing the control input u(¢) that minimizes the performance index

1 1 t+T
J = E[fo — w]TSf[fo — ’I,ZJ]|1+T + 5 /
t

N —
x {[(x—xd)T w—uy)7] [NQT R} [Ez_z))}}dr (1

subject to the state equations and initial conditions

x = flx(0),u(0), 7l, x(t=1) =x(1) 2
where x(t) € R" is the state vector, x,(t) € R" is the desired state
vector, u(t) € R™ is the vector of control inputs, u,(t) € R™ is the
desired control input, # € R is the time, t € [f, f + T] € R is the time
variable used to predict the future system state, ¥ € R?, p <n, is
the desired vector of values for the linear combination of desired
final states [M ;x(¢t + T)], Q is a positive semidefinite matrix, N is
a given matrix, R is a positive definite matrix, S is the positive
semidefinite terminal weighting matrix, M is a given matrix, and
T is the length of the future horizon. Note that there is a distinction
between the state and control variables used for predicting the future
state, parameterized by t, and the actual state and control variables,
parameterized by ¢. Once the problem defined by Eqgs. (1) and (2)
is solved, the actual control input is applied at the current time by
u(t)=u(t =t).

To solve this problem, we employ the method of quasi lineariza-
tion in a manner similar to that by Jaddu® and Xu and Agrawal.’ In
this method, the performance index is expanded up to second order
and the system equations are expanded to first order around nominal
trajectories. The solution to the original problem is obtained by solv-
ing the sequence of resulting linear optimal control problems. This
differs from other methods of quasi linearization that first apply the
necessary conditions for optimality and then linearization, where an
update parameter is employed to aid convergence.'” Application of
the method of quasi linearization to Egs. (1) and (2) results in the
following sequence of linear optimal control problems: To minimize

2

N1TG—
x {[(fc—xd)T @i —ug)7] [NQT R} [((z_z‘ﬂ } dr (3)

subject to

B 1 1 t+T
J =M%~ Y178 M % — Pl + = /
t

¥=A@F+B@a+w(), Hr=0=%1 @



