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System and Disturbance Identification for Feedforward
and Feedback Control Applications

Neil E. Goodzeit* and Minh Q. Phan'
Princeton University, Princeton, New Jersey 08544

This paper examines the problem of system identification in the presence of unknown disturbances. Specifically,
we consider the case where the disturbance effect on the outputis modeled explicitly and various ways to separate it
from the system disturbance-free dynamics. Available for identification are the excitation signals and the resultant
responses, which may be corrupted by unknown and possibly dominating disturbances. We assume that no actual
measurement of the disturbances themselves is available for identification. The case where the disturbance profile
is unknown and may be quite complicated, but its period is known, is considered first. Next, we consider the
case where the disturbance frequencies are known only approximately, and a procedure is applied to iteratively
refine the estimation of the disturbance frequencies for successful system identification. Finally, we examine the
situation where the unknown disturbance is nonperiodic. The identification produces results that can be used for the
synthesis of feedforward and feedback control to cancel the disturbance effect. Both simulation and experimental
results will be used for illustration. The simulation is carried out with a model of a communications satellite, and
the experimental results are obtained from a flexible truss structure. A companion paper addresses the system
identification problem where the disturbance effect is modeled implicitly.

Introduction

HE control problem of rejecting unwanted disturbance has

many applications in electrical, mechanical, aerospace, and
acoustic systems. Many methods have been developed to treat this
problem. If both the plant and disturbance frequencies are known,
classical feedback control approaches call for the design of filters
with high gain at the disturbance frequencies to produce corre-
sponding zeros in the closed-loop transfer function relating the dis-
turbances to the system response. The closed-loop system is then
capable of rejecting the unwanted disturbances at the designed fre-
quencies. One such design is included in the attitude control sys-
tems of the INMARSAT III and INTELSAT VIII spacecraft.! Re-
jection of sinusoidal disturbances can also be achieved using the
frequency-shapedcost functional method.? This is an adaptation of
linear quadratic Gaussian (LQG) design methods that determines
the control necessary to minimize a cost function expressed in the
frequency domain. The cost function penalizes the response at the
known disturbance frequencies, resulting in high gain feedback
at these frequencies. Another method for disturbance rejection is
known as disturbance accommodation control or, as it is sometimes
called, disturbance modeling or disturbanceestimation? It assumes
an effective disturbance input at the control input location that has
the same effect at the output as the actual disturbance. The same
harmonic disturbance can be modeled as marginally stable modes
and appended to the state-space model of the plant. An observer is
designed to estimate the plant states together with the disturbance
from which the control signal is computed. The disturbance ob-
server approach also assumes an equivalenteffective disturbance at
the control input, but it uses an inverse plant model to estimate this
disturbance for control.* Repetitive control is another approach to
reject periodic disturbance where the tracking error observed in the
previous periods is used to correct the control signal for the cur-
rent period.>® Adaptive control can be used to cancel the effects
of unknown sinusoidal or periodic disturbance through the use of
a sufficiently overparameterized model so that the disturbance dy-
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namics can be entirely absorbed in the identified model.” With the
disturbance embedded in the model, based on the internal model
principle the resulting feedback control has infinite open-loop gain
at the disturbance frequencies and achieves complete cancellation.
The filtered-X least mean squares is another well-known distur-
bance rejection method.® This method requires measurement of a
disturbance-correlaed signal, and together with an assumed model
of the system it adaptively tunes the coefficients of a finite impulse
response filter driven by a disturbance-correlaed reference signal
to achieve disturbance cancellation. Adaptive inverse control com-
bines adaptive feedforward techniques for command or model fol-
lowing and adaptive feedback techniques for disturbancerejection.’
Artificial neural networks can also be used to provide disturbance
rejection control.!? Neural networks are used to identify the dynam-
ics from the disturbancesources,and the controlinputs to the system
outputs and adapts the control signals for disturbance cancellation.
Instead of treating the disturbance-rejectionproblem from a con-
trol system synthesis standpoint, we address the problem from a
system identification perspective. The research first focuses on the
system identification problem in the presence of unknown distur-
bance inputs, and then uses the identification results to solve the re-
lated disturbance-rejectian control problem. We assume no a priori
knowledge of the system and no actual measurement of the dis-
turbance input. Rather than calculating the actual disturbances, we
identify their effect on the system output. As a result, the number of
disturbances or where they enter the system is unimportant. Unlike
adaptive filtering or neural network approaches, we do not require
a disturbance-correlaed reference signal or need to determine the
transfer function relating the disturbances to the system response.
We assume that the only data available are the excitation at the
control excitation inputs and the disturbance-corrupted response.
Specifically, we consider the situation where the disturbance ef-
fect on the system output is modeled explicitly and examine vari-
ous ways to separate it from the system disturbance-freedynamics
without actually knowing the disturbance inputitself. The situation
where the disturbanceeffectis modeled implicitly is investigatedin
Ref. 11. The following cases are considered in this paper. First, the
actual profile of a periodic disturbanceis unknown and may be quite
complicated, but its period is known. This information can often be
known or experimentally determined, especially in high-precision
computer-controlled processes. For example, a spacecraft may be
subjectto periodic disturbancearising from repetitive thruster firing
for orbit control or from scanning payloads. Here the thrusters are
commanded to fire precisely at regular predeterminedintervals,and
in the case of scanning payloads the period of the scanning motion
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is known and maintained very precisely by digital signal processors.
Although the actual disturbance profile that the scanner imparts on
the spacecraftis not known, its scanning period is known. As an-
other example, in the timing belt drive system of high-precision
color imaging equipment, an index pulse is used to signal the dura-
tion of eachrepetitive cycle from which the period of the disturbance
source is determined.'” If the disturbance period is known or can
be measured, we will show that it is possible to identify the sys-
tem and the disturbance effect directly without any need to resolve
the disturbance profile into its constitutive harmonic components.
This is particularly convenientif the disturbance profile is compli-
cated, and hence its spectral contentis rich. Second, we consider the
case where the disturbance period and its harmonic components are
only known approximately. A simple procedureis used to iteratively
estimate the individual disturbance frequencies for successful sys-
tem identification. Third, we examine the extreme case where the
unknown disturbance is nonperiodic. This makes the identification
problem mathematicallyill-posed, and we will study how to handle
such a situation. Both simulation and experimental results will be
provided to illustrate the developed procedures.

Mathematical Formulation
We start by showing the basic difficulties associated with the
separation of the system dynamics from the effect of the unknown
disturbances.The limitationsthat are apparent from this preliminary
analysis motivate the subsequent development of a solution to the
identification problem.

System and Disturbance Identification from Steady-State Data
The system to be identified and controlled is assumed to be rep-
resentable by a linear discrete-time state-space model

x(k+ 1) = Ax(k) + Bu(k) + B,d(k), y(k) =Cx(k) (1)

Y =[CB CAB

y=bp) yp,+1D

[u(p,— 1)  u(p,) u(p, + N —2)
u(py —2) u(p, —1) u(p, + N =3)
v u(0) u(1) u(N —1)
- 1 0 0
0 1 0
0 0 1

where x(k) is an n X 1 state vector, u(k) is the m X 1 control and
excitation vector, y(k) is the ¢ X 1 output vector, and k is the time
step. The vector d(k) represents the unknown disturbance inputs.
The matrices A, B, C, B, and the state vector’s exact dimension
n are unknown. Only measurements of the input u(k) and system
response y(k) are available for identification and control. Starting
with Eq. (1), the system response at any time step k can be written as

y(k) = CA*x(0) + CBu(k — 1) + CABu(k —2) + - -
+ CA*~'Bu(0) + y, (k) )

where y,(k) defines the contribution of the disturbance on the sys-
tem output

ya(k) = CByd(k — 1) + CAByd(k — 2) + -+ -+ CA*~1B,d(0)
3)

CA”~'B  yu(p,) yalps +1)

The overall response consists of the effect of the initial condi-
tion, the excitation input, and the disturbance input. At issue is
whether or not these individual contributions can be separated
using data consisting of the excitation input and disturbance-
corrupted data only. From the point of view of state-space system
identification, the goal is to identify the system Markov parame-
ters (CB, CAB, ..., CA*~ !B, ...). The Markov parameters com-
pletely describe the system (disturbance-free) input-outputdynam-
ics because they are its unit pulse response samples from which a
state-space representation of the system can be constructed. From
Eq. (2) it is not immediately obvious that the identification can be
carried out in general because both the initial condition and the dis-
turbance input are unknown. However, for the moment, we consider
asymptotically stable systems so that in the steady-state the initial
condition response can be neglected, the disturbance response be-
comes periodic with a common period N, and the sequence of sys-
tem Markov parameters can be truncated after a finite number of
terms, say p,. Thus, in the steady state

y(k) = CBu(k — 1)+ CABu(k —2) + ---

+ CAP~'Bu(k — p,) + y,(k), k = p, “4)
yq(k) = CByd(k — 1) + CAByd(k —2) + -~
+ CA”~'Byd(k — p,), k >p, (5)

If the common period N is known, then with a sufficient amount
of steady-state data, the system Markov parameters and the distur-
banceresponse can be easily separated, provided that the excitation
is sufficiently rich so that V is full row rank:

Y =yvi(vyhH! (6)
where
Ya(ps + N = 1)] @)
y(p, +£€-1)] ®)
u(p,+N—=1  u(p, +N) u(p, +£-2) |
u(py + N—-2) u(p,+N -1 u(p, +£€—13)
u(N) u(N + 1) u@—1) ©)
0 1
0 0 |

Although straightforward, the described procedure has several
major limitations. For lightly damped systems (e.g., spacecraft with
flexible appendages), the number of Markov parameters needed to
model the system is very large. Even after reaching steady state,
a large amount of additional data would be needed to identify the
Markov parametersand disturbanceresponse. These limitations can
be overcome if a mechanism can be found so that such reliance on
steady-state data and on the system actual damping can be elimi-
nated. Indeed, this is possible as shown in the following develop-
ment.

System and Disturbance Identification via an Implicit Observer

For lightly damped systems the Markov parameter model of
Eq. (4) is cumbersome because it calculates a one-step-ahead re-
sponse predictionusing a potentiallyunlimited number of pastinput
values. A more efficient approach s to base the response prediction
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on both past input and past output values. This can be done by
manipulating Eq. (1) as follows:

x(k + 1) = Ax(k) + Bu(k) + B,d(k) + My(k) — My(k)

= (A + MC)x(k) + Bu(k) — My(k) + B,d(k) (10)
Defining
_ _ u(k)
A=A+ MC, B=[B,-M], v(k) =
[ y(k)]

we have a counterpartto Eq. (1):

x(k+1) = Ax(k)+ Bv(k)+ B,d(k), y(k) =Cx(k) (11)

which produces the counterparts to Egs. (2) and (3):
y(k) = CA*x(0) + CBv(k — 1)+ CABv(k —2) + - --
+ CA=1Bv(0) + n(k) (12)
nk) = CByd(k — 1) + CAB,d(k — 2) + +--+ CA*~1B,d(0)
(13)

Up to this point, the matrix M is arbitrary. Now it will be used to
our advantage by making A into a nilpotent matrix,

A? =(A+ MC)' =0 (14)

so that Egs. (12) and (13) become
y(k) = CBv(k — 1) + CABv(k —2) + -

+ CA?~'Bv(k — p) + n(k), k>p (15)

n(k) = CB,d(k — 1) + CABud(k —2) + -+
+ CA?~'Byd(k — p), k>=p (16)

In Eq. (15) the term n(k) is referred to as the disturbance effect. Let
us now examine the significance of the preceding operation. First,
imposing the condition of Eq. (14) eliminates the explicit depen-
dence on the unknown initial condition x (0). Second, it compresses
a potentially unlimited number of system Markov parameters C B,
CAB,...,CA»~'BtoafinitesetCB, CAB, ..., CA? ' B where
p <K p,. In fact, p now depends on the true order of the system and
the number of outputs rather than the stability of the system (the

Y =[CB CAB

y=[p) yp+1

vip—1) v(p)
vip=2) vip—1)

v(p+N—2)

v(0) v(D) V(N —1)

V=
0 1 0
0 0 1

selection of p will be discussed later). Third, imposing Eq. (14)
turns the disturbanceresponse y,(k), which becomes periodic only
in the steady state, into 1(k), which becomes periodic in exactly
p time steps regardless of the original system dynamics. This is

CA?~'B n(p) n(p+1)

vip+N-=-3) vip+N-=-2) vip+N-1)

because (k) is the actual disturbanced(k) driventhrougha dynamic
system specified by A, B,, C, with the special property that A* =0
fork =p,i.e.,

x(k+1) = Ax(k) + Bud(k), nk) =Cxk)y  (17)

Fourth, non-steady-state data can now be used for system identifi-
cation, and because Eq. (14) is an exact relation, the model given
by Eq. (15) is exact. Its earlier counterpart, Eq. (4), is only approx-
imate because of the theoretically nonzero truncation error intro-
duced when the contribution of the initial condition in the steady
state is neglected.

Atthis pointseveralquestionsarise with regard to the existence of
M and p. Note that the combination A + M C has the exact form of
the system matrix of an observer where M is an observergain. From
discrete-time observer pole placement theory it is known that such
a matrix M satisfying Eq. (14) places the eigenvalues of A + MC
at the origin in the complex plane and is guaranteed to exist as
long as the pair A, C is observable. This conditionis automatically
satisfied because in system identification only the observable part
of the system can be identified from input-output data. Also, the
condition on p is such that it at least exceeds the minimum value
Pmin defined to be the smallest integer value such that gpp, =n
(Ref. 13). Although p,,;, defines the minimum value for p, there is
no need to select this minimum value. The advantages of M can be
seen by a simple example. For a single-input single-output system
with a dominant 1 rad/s mode, 0.1% damping, and a 2-Hz sample
rate, 10,000 Markov parameters would be required for Eq. (4) to be
valid with p; =10,000. Now for the model of Eq. (15), pmin =2,
and in theory any p > p,;, would suffice. The advantage of using p
larger than py,, in the presence of noise will be discussedin a later
section.

The next important question is how the conditionin Eq. (14) can
be imposed when A and C are not known. Having justified the ex-
istence of M, the problem is not finding M given A and C as in the
standard observer design problem, butratheritis finding A, C while
simultaneously imposing Eq. (14). This can be done by using input-
outputdata to solve for the combinationsCB, CAB, ..., CA?~'B
and n(k) subject to the usual conditions that the excitation is suffi-
ciently rich, and the data record is sufficiently long,

Y =yvi(vvhy* (18)

where + denotes the pseudoinversecomputed via the singular value
decompositionand

np+ N -1)] (19)
yp+£-1] (20)
vip+tN-1 v(p + N) v(p+£—2)_
vip +£-3)
v(N) v(N +1) v€-1) @n
1 0
0 1
0 0 |

Finally, because the goal of system identification is to recover the
actual system Markov parameters CB, CAB, CA’B, ..., not the
parameter combinationsC B, CAB, ..., CA” ! B, one must exam-
ine whether the former sequence can be recovereduniquely from the
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latter. This can indeed be done as follows. Define 8, = CA*~ !B,
o = —CA*='M so that Y (k) = CA*~'[B —M] = [B: o],
k =1,2,..., p. By algebraic manipulation a recursive expression
can be derived to calculate an arbitrary number of system Markov
parameters Y (k) = C A* ! B starting with Y (1) = B,, and

k-1

Y(k) =B+ D oY (k — i),

i=1

k=23,....p (22)

P
Y(h) = D Y (k i),

i=1

k=p+1,p+2,... (23)

As already mentioned, the system Markov parameters completely
define the dynamics from the controlinput to the system output. The
system Markov parameters can be factored to produce a minimum-
order state-spacerepresentationfor A, B, C. The analyticalsolution
to this step is exactand straightforward, and the formulas for several
such realizations are given in Ref. 14.

Relationship to a Kalman Filter in the Presence of Noise

In this section we provide further analysis of the preceding oper-
ation by relating it to an optimal Kalman filter, yielding additional
insights on the role of M and p in the presence of noise. Consider
the case where the original system is contaminated by process and
measurement noise,

x(k + 1) = Ax(k) + Bu(k) + B,d(k) + w, (k)

y(k) = Cx(k) + wy(k) (24)

where w (k) also incorporates any random variations in u(k) and
d(k). As usual, the standard assumptions about w, (k) and w,(k)are
made: they are stationary, zero-mean, Gaussian, white, and indepen-
dent.If A is stableand A, C is an observable pair, then the preceding
system admits an optimal steady-state Kalman filter of the form!®

£(k + 1) = AR(k) + Bu(k) + Byd(k) — K &(k)

y(k) = Cx(k) + &(k) (25)

The steady-state Kalman filter gain K depends on the system pa-
rameters and statistics of the random noise processes. Because d (k)
is not known, it is not possible to implement the preceding Kalman
filter, but for our present purpose we are only interested in the exis-
tence and the structure of the resultantequations. Equation (25) can
be manipulated to yield

2k + 1) = (A + KCO)x(k) + Bu(k) — Ky(k) + B,d(k)

y(k) = CR(k) + (k) (26)
Define A=A+ KC, B=[B, —K], and j sufficiently large such
that(A + KC)? = 0, thenfork >p the input-outputform of Eq. (26)
takes the form

y(k)y~ CBv(k — 1) + CABv(k —2) + ---

+ CAP~'By(k — p) + i(k) + k), k>p 27
fi(k) = CByd(k — 1) + CAByd(k —2) + ---
+ CA?P~'B,d(k — p), k=p (28)

Now, observe that Egs. (27) and (28) have the exact form and in-
ternal structure as Eqgs. (15) and (16), except K and p now play the
role of M and p. Thus in the presence of noise, if p is sufficiently
large such that the transientresponse of the associated Kalman filter

is negligible, the resultant input-output map as given in Eq. (27)
will only be driven by the Kalman filter residual, which is known
to be white, zero-mean, and uncorrelated with the measurements.
This fact is significant because the least-squares solution as given
in Eq. (18) for such a white-noise contaminated input-output map
is known to be unbiased and consistent;i.e., the covariance of the
estimation error converges to zero as the data length tends to infin-
ity. In practice, this implies that more accurate identification can be
expectedas p is increased. This result will be illustratedusing exper-
imental data. In the absence of noise, there is no Kalman filter, but
one instead has an observer. The deterministic (noise-free) analysis
canbe carriedoutsimilarly revealing that the matrix M is a deadbeat
observer gain. Equation (10) becomes an observer equation when
x(k) is replaced by £(k) and Eq. (14) is satisfied exactly.

Estimation of System Response to Unknown Disturbances
Note that Eq. (15) is an extension of the standard auto-regressive
model with eXogenousinputmodel to include the disturbanceeffect

y)y =aytk = 1) + ---+ a,yk = p) + Bk = 1) + -+

+ Bpu(k — p) + n(k) (29)

In this paper we have established the connectionbetween the coeffi-
cients of this input-outputmodel and those of the original state-space
model in terms of an observer(or Kalman filter) gain, and the precise
nature of the disturbance effect term, which is periodic in exactly
p time steps regardless of the system stability. This is in contrast
to the usual connection between the two types of models through
observableor controllablecanonicalrepresentations.Once the coef-
ficients of this model and the disturbance effect terms are identified
from disturbance-corruped data as in Eq. (18), the contribution to
the system response by the unknown periodic disturbances,defined
as y,(k) in Eq. (5), can be calculated from

Ya(k) = anys(k — 1) + apys(k —2) + -+ + o, ya(k — p) + n(k)
(30)

An estimate of the disturbance response can be obtained by prop-
agating Eq. (30) starting from k = p with y,(p — 1) =y,(p —2) =
-+ =y,(0) =0,using n(k) determined from Eq. (18). The estimated
disturbance response will match the actual disturbance response
va(k) in the steady state. Alternatively, making use of the fact that
ya(k) =y,(k + N) in the steady state, the N samples of the steady-
state response of the system caused by the unknown disturbances
can be solved for directly.

Disturbance Effect Modeling by Basis Functions

The last N rows of V in Eq. (21) can be viewed as orthogonal
basis vectors that can model any arbitrary function of period N,
whose profile may be very complex. If the period of the disturbance
input is known, then this particular formulation is particularly ad-
vantageous because it bypasses the need to resolve the disturbance
into its constitutive harmonic components whose number may be
inconvenientlylarge. This would be the case if the disturbanceshave
many sharp jumps or discontinuities.

If, however, the disturbances contain only a small number of fre-
quencies, then the dimension of this basis is unnecessarily large. A
more efficient approach is to model one period of n(k) by a num-
ber of basis vectors, say L, where L << N. This reduces the number
of unknowns and the data required. Basis vectors can be generated
using any sequence of orthogonal functions,e.g., sines and cosines,
orthogonal polynomials, wavelets, etc., with the best choice de-
pending on the characteristics of the disturbance waveform. Let
¢;(k) denote the basis vectors with the associated coefficients y;,
i=1,2,...,L.Interms of these basis vectors, n(k) can be approx-
imatedby (k) = y1¢1(k — p) + ---+y.¢.(k—p), k =p. Using
this expression, Y can now be determined from Eq. (18), where

Y=[CB CAB CA?"'B y, y, -+ 1] D
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vip—1) v(p)
vip=2) vip—1)

v(p+N—2)

v(0) v(D) V(N = 1)

V=
$:1(0) ¢ (D) o(N = 1)
$2(0) $2(1) $2(N = 1)
| ¢.(0) ¢, (1) (N = 1)

Identification with Uncertain Disturbance Frequencies

Another case of interest occurs when the constitutivedisturbance
frequencies (hence its common period) are known only approxi-
mately. By using the basis function concepts, it is possible to de-
termine these disturbance frequencies iteratively. In the following
we describe a simple procedure for a single disturbance frequency.
Generalizationto multiple disturbance frequencies will be obvious.
For a periodic disturbance appropriate basis functions are the sine
and cosine functions. Let @, and @, denote lower and upper bounds
on the actual disturbance frequency,i.e., 0; < o < m,. We select
S distinct frequencies during the prescribed intervals from which
2S basis functions (one sine and one cosine for each frequency)
associated with these frequencies are generated. The identification
of the corresponding coefficients describing the disturbance effect
can be carried out where V now assumes the form

[v(p -1 v(p) v(p+4L£-2) |
v(p—=2) v(p-1) v(p+4£-3)
_ v(0) v(1) v(€-1)
V =
v (1) ACAE)
va(0)  yp(l) e e e (8= 1)
| w0 (D) ws(£—1) _|
33)

where w; (k) = [sin(w;kAt), cos(akAD]T, i =1,2,...,8, and
At is the sampling interval. Because the system dynamics is pri-
marily absorbed by the coefficients o; and B;,i =1,2, ..., p, and
the disturbance effect by the disturbance model, the coefficients of
the basis vectors whose frequencies are closer to the true distur-
bance frequencies, will be larger. This information can be used to
improve the estimates further until the desired accuracy is achieved.
Typically, only a few iterations are needed. This procedure will be
illustrated on actual experimental data later in the paper.

Identification in the Presence of Nonperiodic Disturbances

Another interesting application of the basis function approach is
that it allows the removal of the effect of certain nonperiodic and
unknown disturbances corrupting the measured system response.
Identification in the presence of unknown and nonperiodic distur-
bances (except the case of random noise) is an ill-posed problem.
Therefore, it is not expected in general that the system can still be
identified correctly in this case. However, if the nonperiodic distur-
bance effect can be modeled by a set of basis functions, then it is
possible to separate the system dynamics from that of the distur-
bance. Similarly, if the outputis corrupted by a time-varying sensor
bias, this bias can be removed as well. Suitable basis functions that
can be used to model a nonperiodic signal include the Legendre’s
polynomials, wavelets, or others. The wavelets tend to be a better
choice because they have compact support and they do not suffer
from endpoint conditions as do the Legendre’s polynomials. The
identification using any of these nonperiodicbasis functions can be
carried out similarly as before. The matrix V assumes the same form
as that given in Eq. (33), except the sine and cosine basis functions

vip+N-3) vip+N-=-2) vip+N-1)

vip+tN-1 v(p + N) v(p+£—2)_
vip +£-3)
v(N) v(N +1) v€-1) (32)
$:(0) ¢:1(1)
$,(0) $,(1)
¢.(0) ¢.(1) _

are now replaced by these nonperiodic basis functions. An example
will be presented to illustrate the applicability of this approach to
remove a dominant time-varying sensor bias on actual experimental
data.

Feedforward Control for Periodic Disturbance Cancellation

The system identification emphasis helps simplify the control
problem. No measurements of the actual disturbances d(k) or the
transfer functions relating the disturbances to the system response
areneeded. From Eq. (29) the feedforwardcontrolu I (k) thatcancels
the system response caused by the disturbancesin the steady state
must satisfy

Biuy(k—=1)+ Bouy(k =2) +-- -+ Boup(k—p)+nk) =0 (34)

There are three ways to solve for the feedforward control signal that
cancel the disturbance effect on the system output. Here we outline
the key elements of each approach.

First, the simplest approach is to propagate Eq. (34) recursively
forward in time, and in the steady state the needed feedforward
control signal is obtained. This approach, however, is not suitable
for non-minimum-phasesystems (or identification models) because
such a recursion will cause u ;(k) to grow unbounded. Second, this
problem can be bypassed by using the knowledge that the control
signal needed to cancel a periodic disturbance is also a periodic
signal of the same period u (k) =u,(k + N), where N is either
known or determined experimentally. Using this periodicity condi-
tion togetherwith Eq. (34), the N discrete values of the feedforward
controlsignal can be solved for directly.'® Third, when there are only
a small number of disturbance frequencies, the form of the feedfor-
ward control can be imposed a priori,

nf
up(k)y = D G;sin(wkAt) + H; cos(wkAr)  (35)

i=1

where n; is the number of disturbance frequencies. Substituting
Eq. (35) into Eq. (34), the coefficients defining the feedforward
control signal can be easily computed. The first approach is suitable
for minimum-phase systems or identification models. The second
approach is suitable if the common disturbance period is known or
can be determined. This approach bypasses the need to resolve the
disturbance frequencies, and its computational cost is independent
of the complexities of the periodic disturbance profile. The third
approach is suitable if one wishes to reject a specific number of
disturbance frequencies. Both the second and third approaches are
suitable for non-minimum-phasesystems because the imposed form
of the solution prevents the control from growing unbounded, and
either by a batch type or recursive solution technique can be used.
Whether a feedforward control signal exists that can exactly cancel
the disturbancedepends on several factors. If the disturbance causes
the output to have a frequency component at which the control
inputhas no influence (e.g., the input-outputtransfer functionequals
zero at this frequency), then this component cannot be canceled by
feedforward control. In addition, provided the control can influence
the system output, if the number of independent inputs is equal to
or greater than the number of outputs, then a feedforward control
exists that exactly cancels the disturbance response. Otherwise, a
perfect cancellationis in general not possible.
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Fig.1 Flexible truss structure.

Combined Feedforward and Feedback Control

To provide additional attenuation of the disturbance effect when
feedforwardcontrolis imperfect, feedback controlcanbe used. Note
that the identification also yields information needed to design a
feedback controller. One approachis to develop a state-space model
from the system Markov parameters given by Eqs. (22) and (23)
and then design a suitable state-space controller. Another approach
is to design a controller from the identified input-output model di-
rectly. Although the system dynamics is modified by the feedback
control, the feedforward control signal needed to cancel the steady-
state effect of the disturbance remains unchanged. The two types
of control signals can be determined independently and applied si-
multaneously without affecting one another. This can be shown as
follows. Let u(k) denote the sum of the feedforward and feedback
control signals u(k) =u ;(k) + u,(k), then Eq. (29) becomes

yk)y =a1y(k = 1) + .-+ a,y(k — p) + Buy(k = 1) + ---

+ Byup(k — p) + Biusk — 1) + -+ Bous(k — p) + nk)
(36)

With the feedforward control determined from Eq. (34), Eq. (36)
becomes

yk)y =ayy(k = 1) + .-+ a,y(k — p)
+ Biuyk —1) + -+ -+ Buy(k — p) 37

Therefore, with the feedforward control satisfying Eq. (34), the sys-
tem behaves as if the disturbances were not present regardless of
the method used to compute the feedback control u, (k).

Ilustrative Examples

Both experimental and simulation results are provided to illus-
trate the system identification, disturbance modeling, and distur-
bancerejectionapproachas just presented. The experimentalresults
are obtained from a flexible truss structure at Princeton University
(Fig. 1). The acceleration response, measured at one end of the
structure, is filtered to remove sensor drift resulting in a velocity
representative signal for identification and control. The disturbance
is generated by a proof-massactuatorin close proximity to the accel-
erationsensor. The controlis applied by anotherproof-massactuator
located at the other end of the structure. This configuration allows
direct coupling of the disturbance to the sensor while the control
actuator is located far away from the sensor, making the identifi-
cation and control problem more difficult. The simulation result is
presented to illustrate how the method may be applicable to the
identification and control of a modern communications satellite.
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Fig.2 Disturbance-corrupted response.

System Identification in the Presence of Periodic Disturbances

For identification purposes a random excitation signal is in-
jected through the control actuator while the disturbance is act-
ing. Figure 2 shows the resulting disturbance-corruptad system re-
sponse. With this excitation and response data we wish to isolate
the true excitation-to-outputdynamics from that induced by the dis-
turbance. The disturbance consists of two frequency components
producinga dominanteffect on the systemresponse. The identifica-
tion was performed using 2128 input-outputdata points (sampling
period of 0.006 s). A basis of 50 orthogonal sines and cosines from
12 to 16 Hz bracketingthe first disturbancefrequency with a spacing
0f 0.0814 Hz is used with p =80. Examining the norms of the basis
vector coefficients, the first disturbance frequency is determined to
lie between 13.87 and 13.95 Hz because these frequencies have the
largestcoefficients. To refine the frequency estimate, a second itera-
tion is performed using vectors at these two bracketing frequencies
with one inserted in between to produce an estimate of 13.953 Hz
corresponding to the largest coefficient in this iteration. This value
is within 0.015% of the true frequency of 13.951 Hz (this value is
chosen intentionally so that no basis vectors coincide with the dis-
turbance frequency). The second disturbance frequency is detected
simultaneously with the first and is found to be 27.914 Hz, within
0.05% of the true frequency of 27.902 Hz. Further iterations could
beusedfor better frequencyestimates, butitis notnecessarybecause
this accuracy is adequate for successful identification and control.

To verify that the identification model obtained with disturbance-
corrupteddatais valid, its pulse responseis compared against that of
a reference model identified from data with the disturbance source
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Table1 Identification results with various values of p

p=30 p=50 p=280 Reference values®
System Frequency, Damping Frequency, Damping Frequency, Damping Frequency, Damping
mode Hz ratio Hz ratio Hz ratio Hz ratio
1 7.52 0.0898 7.51 0.0593 7.34 0.0291 7.30 0.0278
2 13.59 0.0121 13.49 0.0102 13.51 0.0083 13.50 0.0086
3 17.54 0.0110 17.57 0.0091 17.54 0.0077 17.59 0.0077
4 43.57 0.0110 43.76 0.0089 43.78 0.0081 4391 0.0076
5 48.65 0.0129 48.64 0.0093 48.68 0.0080 48.80 0.0086
6 64.92 0.0143 65.05 0.0144 64.96 0.0135 64.71 0.0123

4The reference system dynamics is determined from data collected without the disturbance acting.
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Fig.3 Pulse responses identified with and without disturbance acting.
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Fig.4 Identified contribution of disturbance on system response.

turned off (Fig. 3). The identificationresultsalso allow us to compute
the effect of the disturbance on the overall system response, which
is referred to as y,(k) in the mathematical development (Fig. 4).

To justify the choice of p =80, which is quite adequate for this
application, Table 1 summarizes the identification results obtained
with disturbance-corruptad data for p =30, 50, and 80 vs those
from a reference model identified with disturbance-free data for
p =80. Consistent with the developed theory, as p increases the
disturbance-corruped identification results converge to those ob-
tained with disturbance-freedata. The effectis particularly remark-
able for the dampingratio estimates, which are commonly known be
very sensitive to noisy experimental data. Also, note that although
the identification results improve with increasing p a wide range of
p can be selected without significantly altering the results.

Feedforward Disturbance Rejection

The validity of the identification resultis further verified by using
it to synthesize a feedforward control signal to cancel the distur-
bance effect. Figure 5 shows the system response to feedforward
control calculated by solving Eq. (35) recursively in real time us-
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Fig. 5 Response of structure to feedforward control.
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Fig. 6 Measurement corrupted by time-varying nonperiodic bias.

ing the disturbance frequency estimates just given and the identified
model coefficients. Once control is applied, the response quickly
decays to near zero. The source of the residual is primarily caused
by the random motion transmitted to the truss structure from its base
attachment.

System Identification in the Presence of a Time-Varying
Measurement Bias

System identification in the presence of a simulated slowly time-
varying nonperiodicmeasurementbias for the truss structure is pre-
sented here. Figure 6 shows the biased response to a random excita-
tion input similar to that already used. To separate the bias from the
system input-outputdynamics, a basis of 64 orthogonal wavelets is
constructed on an interval of 2048 data points (0.006-s sample pe-
riod). These wavelets absorb the effect of the measurement bias so
that the system input-outputdynamics is correctly identified. This is
confirmed by the close agreement between the identified frequency
response function and that of the reference model just described,
indicating the identification is successful and the time-varying bias
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Fig.7 Frequency responses identified with and without disturbance acting.

Fig.8 Land-mobile communications satellite.

is essentially eliminated without inducing gain and phase errors
(Fig. 7).

Spacecraft System Identification and Disturbance Rejection

Finally, a simulationstudy is performedto assess the feasibility of
the approachon a modernspacecraftthathas two flexiblesolararrays
attached to a rigid central core and small rigid payload reflectors
as graphically depicted in Fig. 8.!7 The solar array is oriented so
that both the in-plane and out-of-plane bending modes couple into
the transverse body axes. Both the torque actuator and angular rate
sensor are collocated on the spacecraft core. The dynamic model
includes both flexible appendages with a rigid core, the rigid body
controller to control the attitude dynamics, together with actuator
and sensor dynamics, and a 1-s computational delay.

An “unknown” 0.028 N-m sinusoidal disturbance torque is im-
parted to the spacecraftbody. By design this disturbance frequency
coincides with a lightly damped system mode at 1.48 rad/s causing
abuildupin the angularrate during the first 500 s when disturbance-
corrupteddata are collected for identification. During this period, an
excitationinput(standard deviationof 0.0034 N-m) is injected along
with the rigid body control signalinto the actuator. Compared to the
disturbance, the excitation input has a minimal effect on the sys-
tem response. This is done intentionally so that the ability to carry
out system identification with minimal interference to the space-
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Fig. 10 Spacecraft response with feedforward and feedback control.

craft system can be tested. The rate response is measured at 2 Hz
(measurement noise standard deviation of 0.001 deg/s), and along
with the excitation input data are used to perform system identifi-
cation with p =60. Although only two basis vectors are needed, 10
pairs of sines and cosines are used to confirm that adding basis vec-
tors at harmonics not present in the disturbance does not affect the
identification accuracy. Figure 9 compares the actual and identified
input-output transfer functions where the primary flexible mode
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dynamics is accurately identified. The identification accuracy is re-
duced at low frequencies because of the limited data record length
and the minimal excitation input, both of which are intentionally
imposed here, and at higher frequencies where the excitation signal
transmission is weak.

Once the identification is completed, the feedforward control is
calculated. Independently, using the identified model, a predictive
feedback controlleris designed to enhancethe system damping char-
acteristics. The controller increases the damping of the lowest fre-
quency flexible mode by roughly a factor of 13, from 0.3 to 3.8%.
Both feedback and feedforward control are then applied simultane-
ously, and the system achieves steady state in about 125 s (Fig. 10),
indicating that the disturbance response is attenuated by roughly a
factor of 70.

Conclusions

In this paper we examine the problem of system identification
in the presence of periodic or nonperiodic and possibly dominat-
ing disturbances. Available for identification are the excitation sig-
nals at the control inputs and the resultant disturbance-corrupted
responses. We assume that no actual measurement of the distur-
bances themselves is available for identification. Several scenarios
are investigated. If the actual profile of a periodic disturbance is
unknown and may be quite complicated, but its period is known or
can be determined, then the identification and subsequent control
can be carried out without any need to resolve the disturbance into
its constitutive harmonic components. If the disturbance frequen-
cies are known only approximately, then an iterative scheme can be
employedto estimate the disturbancefrequencies.If the disturbance
is unknown and nonperiodic but can be modeled by a set of basis
functions such as orthogonal wavelets, then it is possible to use a
disturbance model consisting of these basis functions to separate
the effect of the unknown disturbances from the system dynam-
ics. The proposed procedure not only produces a disturbance-free
dynamics model, butit also yields results suitable for control by pro-
viding predictive information about the effect of the disturbance on
the system response. Various connections between the input-output
model, which is convenient for system identification, and the state-
space model, which is convenient for modern control design, are
developed. The connectionis conveniently described in terms of an
observer or Kalman filter gain from which useful insights into the
identificationproblemare gained. Both simulationand experimental
results are used to illustrate the approach. This paper focuses on the
notion of modeling the disturbance effect explicitly on the system
output and various ways to separate it from the system dynamics
without actually knowing the disturbance input itself. For periodic
disturbances the conditions under which the disturbance effect can
be modeled implicitly followed by its subsequent separation from
the system dynamics are investigated in a companion paper.!! A
thorough understanding of both the system identification and con-
trol aspects of the problem as well as various ways of treating it will
be helpful in determining the most effective way to realize these
technologiesin practice.
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