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Recursive Attitude Determination from Vector Observations:
Direction Cosine Matrix Identification

Itzhack Y. Bar-Itzhack* and Jacob Reinert
Technion—Israel Institute of Technology, Haifa, Israel

This work presents two recursive estimation algorithms that use pairs of measured vectors to yield minimum
variance estimates of the direction cosine matrix (DCM). Both algorithms are based on a parameter iden-
tification method of a linear dynamic system. One of the algorithms is derived from a straightforward ap-
plication of this identification method. In the other algorithm use is also made of the orthogonality property of
the DCM to achieve a faster convergence rate to an orthogonal estimate of the DCM. Monte Carlo simulation
runs were made that demonstrated the efficiency of the algorithms.

I. Introduction

ETERMINATION of the attitude difference between a

Cartesian coordinate system v attached to the body of a
vehicle and a reference Cartesian coordinate system u is a
necessary and significant stage in the guidance and control of
aerospace vehicles. There are cases in which this attitude
difference has to be extracted from the measurement of
vectors in the two coordinate systems. For example, this is the
case when the attitude of a satellite is estimated using
direction cosines of objects as observed in the satellite fixed
coordinate system and direction cosines of the same objects in
a known reference coordinate system. In those cases a
sequence of vectors {r,} i=1,2,...,N is measured in the two
coordinate systems u# and v. The measurements in system u
result in the corresponding sequence f{u;} and the
measurements in system v result in the sequence {v;} where
the column matrices u; as well as v;eR’. We wish to find the
estimate D of the direction cosine matrix (DCM) which is the
transformation from coordinate system # to coordinate
system v. (Note that r; are not necessarily unit vectors.)

This problem was posed by Wahba'! who was the first to
choose a least square criterion to define the best estimate.
That is, she was looking for the orthogonal matrix D that
minimizes the cost function

N
L(Dy= Y, v, = Du,1?
i=1

where |- denotes the Euclidean norm. The solution to this
problem was proposed by Wahba et al.? Brock,? for example,
collected the two sequences of measured vectors {v;} and
{u;} into two matrices as follows

v [vi,va,e vyl
va [u,,u,,...,uy]
and derived the batch solution
D= (VUTUVT) % (UVT) !
in which 7 denotes the matrix transpose. In fact, Brock
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showed that the last expression is the solution to a more
general problem; namely, it minimizes the cost function

L' (Dy=tr{(V-DUYTW(V-DU)]

in which W is some positive-definite weighting matrix.

Carta and Lackowski* derived a recursive formulation to
Brock’s batch solution. In addition, they formulated a fading-
weight least square criterion from which they derived a batch
as well as a recursive solution.

Shuster and Oh’ discussed two solutions to the attitude
determination problem. The first solution called the TRIAD
algorithim® is a deterministic solution that discards all but
two pairs of measured vectors. The second solution, termed
QUEST algorithm,” is a solution of Wahba’s problem,
yielding an estimated quaternion that is, therefore, optimal in
the least square sense.

Podgorski et al.® were concerned with a similar problem.
They, however, were mainly concerned with the operation of
the complete system rather than with the filter development.
In their work, attitude is described by a quaternion and their
filter estimates the deviation of the true quaternion from the
assumed one.

The problem of attitude determination is a common
problem in inertial navigation too. There, however, the ap-
proach is different on two accounts. First, the measurements
are usually velocity errors.” Second, the attitude deter-
mination is based on the estimation of miaslignment angles
that are wused to correct, repeatedly, the estimated
DCMD. 0.1

In the present work, as in Refs. 1-8, attitude determination
is based on two sequences of corresponding measured column
matrices. The whole DCM (rather than the DCM error) is
estimated wusing a minimum variance estimator. The
estimation problem is actually posed as a system iden-
tification problem and the orthogonality property of the
DCM is used to enhance the identification algorithm. In fact,
by incorporating the DCM orthogonality requirement into the
identification algorithm, this work, in a way, furnishes a
solution to the long-standing problem posed in Ref. 4:
namely, is there a convenient recursive form that utilizes the
orthogonality property of the DCM to yield an orthogonal
estimate with no further orthogonalization of the resultant
DCM?

The novelty of this work is manifested in the application of
an identification algorithm to the DCM estimation problem
and in the successful utilization of the DCM orthgonality
property for the achievement of an improved identification
algorithm.
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In the following section the DCM identification algorithm
which does not employ orthogonalization will be presented.
The algorithm that includes orthogonalization will then be
presented in Sec. III. Section IV will present the indices of
performance that were selected to rate the performance of the
algorithms. Monte Carlo simulations of the two algorithms
will also be presented in Sec. IV. The conclusions are
discussed in Sec. V.

II. Direction Cosine Matrix Identification
The Static Case

Let u,; and v,; denote column matrices whose components
are the components of the vector 7;, coordinatized in the u and
v coordinate systems, respectively. Obviously,

Vo =Duy,; 1
It is assumed that the measurements u; and v; of u,;, and v,

are contaminated by the noises n,,; and n,,;, respectively, such
that

u=uy;+n,; (2a)
Vi=Vytn,; (2b)

where n,; and n,; are zero mean white noise sequences with
the covariance matrices

Cov{n,;} =R,
Covin,;} =R

v,i

n,; and n,; are uncorrelated with one another or with either
uy; or v, ;. Substitution of Egs. (2) into Eq. (1) yields

vi=Du;+n,;—Dn,; 3)
Following Mayne’s system identification algorithm!?2 we

reverse the role of D and u; as follows. Let o denote a 3 x 1
zero column matrix, then define

ul o7 oT

HA T T T
f 0 u 0 4)

ol of ul

In addition, let d/-T, Jj=1,2,3, denote the three rows of D and
define the column matrix d such that

d,
d= d, %)
d;
Finally, define n;
niénv,i_Dnu.i (6)

Then, from Eqs. (3-6), it is clear that
vi=Hd+n, @)

It is obvious, from Eq. (6), that n; is a zero mean white noise
sequence for which

RiéCov{ni]zRv,,+DRu’,-DT (8)

With Eq. (7) on hand, we can now use the Kalman filter (KF)
algorithm in order to obtain at step / the minimum variance
estimate d; of d or, in view of Eq. (5), to obtain the minimum
variance estimate D; of D. This estimate is updated with each
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new available measured pair u;, v;. The KF algorithm for this
case is as follows

between measurements:

dipi=dy (%a)
Pii1i=Py (9b)

across measurements:
Koy =Pyl Py (Hi Piy g HT + R 17! (90)
diypjis1 =i+ Koy Wi —Hiy ydigy) (94d)
Pipyiv1 =Py =Ky 1 Hi Pry gy (%e)

where the subscripts of the form m/n mean the value at step m
given the measurements up to and including step n. Note from
Eq. (8) that D is needed to compute R;, ;, which is used in Eq.
(9¢) of the algorithm. Having no knowledge of D itself, D, is
used instead, which is a feature of the extended Kalman filter
(EKF).

The Dynamic Case

Suppose that coordinate system v is rotating with respect to
coordinate system u at an angular rate @. Then, the value of D
changes between measurements and the algorithm given in
Eqgs. (9) has to be modified accordingly. Let the components
of @, when coordinatized in system v, be denoted by w,, w,,
and w,.

It is well known that the rate of change of D is given by

d
—D=QD 10
7 (10)
where
0 w, —w
0= —w, o 9w (1
@, —wy 0

Equation (10) can be written in the following form, which
suits us better:

d=W(t)yd 12)

where W is defined as follows. Define

Wy o o
W,=| o w, o g=xy.2
o 0w

and let O; be a 3 X 3 zero matrix then W(t) is given by

o, W, -W,

Z

W)y=| —-Ww, O; w, (13)

w

y o W, 03

Equation (12) describes the dynamic behavior of the estimated
column matrix d. The discrete expression for the change in d
between measurements is given by

di ) =¢,d; (14)

where ¢; is the transition matrix which corresponds to W(?).
In accordance with Eq. (14), the algorithm of Egs. (9) can be
modified to account for the changing D matrix by the
replacement of Eqgs. (9a) and (9b) to form another algorithm
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between measurements as follows:
between measurements:
l+1/l ¢1 ii (153)
P yi=6:Pyi¢] (15b)

Due to inaccuracies encountered in the implementation of
the algorithm, it is advisable!®* to add a process-noise
covariance matrix to P;,, in Eq. (15b). In our case, though,
such an addition stems automatically from the nature of the
problem; namely, the rotation rate vector contains additive
noise. The latter is due to the fact that @ is not known to us
perfectly, but rather is a result of gyro measurements that
contain noise. The measured angular velocity vector & can be
written as

d=w+tn, (16)

where w is the correct value and n,, is an additive noise. Let us
assume that n_, can be characterized as a zero mean white
noise column matrix with

Cov{n,}=0Q,

Now Eq. (10) can be written as

ad;D: - [8-N_1D a7
where
o nw, —n,,
N, = N, o Ay ", (18)
I’lwy — N [

From Eq. (17) we obtain
d -
aD=—QD+NwD (19)

which can be written as
d=W(t)d+Gn, (20)

where W(¢) is constructed from & in the same way W (¢) was
constructed from w and where

o —dj dp,

diz o —dy
—dy dy o

o —dy dy
G= dy o —dy @n

dy; 0 —ds

| —ds; dy o i

Note that although W(¢) is not equal to the nominal matrix
W (1), Eq (20) still describes the true dynamics of d. Thus, a
discrete version of Eq. (20) can be used to derive the KF
algorithm between measurements. When Eq. (20) is
discretized, the following is obtained:

di,;=¢,d;+Gn, (22)
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Note that G, is a function of d that varies between the i and
(i+1) measurements. However, in the algorithm we adopt
two simplifications, first, and only in the discretization of
Gn,, we assume d to be constant between measurements.
Second, we substitute d by d;. Consequently, the continuous
expression Gn, can be transformed into the discrete form
G.n,; where G; is a function of d; and n_; is a sample of a zero
mean white noise sequence {n,;} with

covin,} =0, 23)

which can be easily computed'® using @ and Q. The
algorithm between measurements follows immediately:

between measurements:
1+1/1 d) dl/l (243)
Pi i =<Z7iPi/i<?>iT+GiQiGiT (24b)

The algorithm across measurements is, of course, unaf-
fected by the dynamic nature of the problem and is given in
Egs. (9).

III. Orthogonalized Direction Cosine Matrix
Identification
The preceding algorithm can be improved by utilizing the
orthogonality property of the DCM. A DCM satisfies the
orthogonality condition

DTD=I,

where I; is a 3 X 3 identity matrix. Thus, when D, converges to
D;, the matrix D] D, converges to I;. The convergence of D,
to D; can be accelerated when, in addition to the preceding
identification process, D; is also forced to approach or-
thogonality. One way of doing it is to replace D;,; by the
orthogonal matrix that is the closest to it in the Euclidean
sense. The computation of this particular matrix is rather
cumbersome. There are, however, efficient iterative processes
to compute the sought matrix. One, rather simple, iterative
process is??

X,=D,, (25a)

X =1.5X,—05X, XX, (25b)
To improve the preceding algorithms we suggest the ap-
plication of the first iteration of Egs. (25) after each update of

d;. To show how this is integrated into the preceding
algorithm, define

Nip=151;—0.5D, ;. DL iy, (26)

and denote the matrix resulting from a single application of
Egs. 25yon D; ;1 ; by D}, ;i ;. Thenit can be seen that

b7+1/i+1 =Ni+1Di+1/i+1 27

It can be shown that, in terms of the corresponding column
matrices d,+,1,+, and d,+,,,+, (d,u/,ﬂ corresponds  to
D1+1/1+1 and d1+1/1+1 corresponds to D1+1/1+l) Eq (27) can
be written as

dfe i1 =My diy (28)

where
[n 1 [ngzl ngl

[ny] [nyp] iyl (29)

112

Mi+1

[n3 1 [ns] [nss]
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and where [7n,] is a diagonal matrix whose three elements are
the n; elements of N, ;. The column matrix d?, ;,;, ; becomes
the latest orthogonalized estimate of d,.,, which is then
propagated in time according to Eqs. (24).

The orthogonalization stage interferes with the stochastic
identification process. Thus, in order for the process to
converge to a minimum variance estimate, the covariance
computation has to be modified appropriately, in accordance
with the operation indicated in Eq. (28); that is, in parallel to
the orthogonalization operation on the estimate itself, a
corresponding operation has to be performed on the
covariance matrix P.

In the ensuring it will be shown that, although the exact
computation which P has to undergo is cumbersome, it can be
replaced by another computation that is very easy to im-
plement in the algorithm. (Note that the following discussion
is included here in order to explain the considerations which
led to the simpler computation and is not a part of the
algorithm itself.)

In order to examine the required operation on P, let us
investigate how P is changed following the orthogonalization
operation performed on the estimate. Denote the estimation
error by e, then after a measurement update

€iiljivi _é‘di+1 —di g (30)

and, noting thate, ., is unbiased
Pi+l/i+1éE{ei+1/i+Iei+lT/i+1} (€3]
After the application of the orthogonalization operation of

Eq. (28), the estimation error, which is now denoted by
€* ;. 1+ 1, becomes

ey =8ig—dfy 10 (32)
or using Eq. (28) in Eq. (32)

. _ .
el =i =M diy 0 (33)
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Adding and subtracing d;, ;. ; to the right-hand side of Eq.
(33), €}, ;,;+; can be written as

e rivi =€ s+ Ug—=M ) dyy 10 (34)

where [, is the 9 X9 identity matrix. Noting that the expected
value of e, ., is deterministic, P}, ,,,,, the covariance
matrix of e}, ;,;, ;, can be computed as

_ T T
Phoyivi=Elef i€ i} —Ele* i JELe 0 0)
(35)

Substituting Eq. (34) into Eq. (35), the expression for PY, .,
can be shown to be

Poyici=Ele i€l rier)

+E{ € 1/iv 18N 1yie (Do =My )T}

HE{(Ig=M, )iy 1041081701

+E{(g~M )iy gy A5 10 g =M ) 7)

—E{(Ig=M )iy i VEQAT 1 (To~M, )T (36)
We notice immediately that the first term on the right-hand
side of Eq. (36) is P, ;/;4;. As M, is a function of d;,,;,;,,,
the computation of the second, third, and fourth terms is
cumbersome, if not impossible; therefore, some ap-
proximation is needed. To compute the second and third

terms we assume, as our first approximation, that M, is
deterministic, thus, we may write for the second term

E{ei+1/i+1&£—1/i+1 (Ig~M;, )7}
=E{€i1is 1Al et} Lo —M )T

But the optimal estimate and its error are uncorrelated (see
Ref. 14, p. 112); therefore, this term vanishes, as well as the

- third term, which is its transpose. Equation (36) can then be

Table1 Summary of the orthogonalized DCM identification algorithm

Stage Algorithm

Reference
for variable

Initialization State:

D, is computed using the first three measured vectors
and then transformed into d;

or

D, is transformed
to dyy according to Eq. (5)

Dy =1; and is then transformed into d,,

Covariance matrix:

Py=1y-a (aisalarge number)

Between State: o ~
measurements diig,i=¢;dY; For ¢; see Eqgs. (20) and
(22).
Covariance Matrix: G; ?n Eq. 21)
Py 1= %Py 91+ GQ,G] Q;in Eq. (23)
Acrossa Gain: )
measurement Kiv1=PigyiHl (Hi Pry i HE 4Ry )~ H;,,inEq.(4)
R;;;inEq. (8)
State:

Qi pyiv1 =iy i+ K (g —

Covariance:

s1dig i)

Piiyyivi=Pis1i —Kig tHig (Pig gy

Orthogonalization State:
At picr=Miy 1 diyyivn

Covariance:

M;, ; inEgs. (26)
and (29)

_ 5 T T
Pioyivi=Pipyivr + U =M dig yyin 1dis yie 1 (o= M)
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written as

Plyrivn =Py i
+E{(I,-M M )7y

M, )"y 37

5 5T
)i i1 dic i g —

—E{(y =M ) d; i VEWA] s (Tg—
Before considering cumbersome algorithms for computing the
second and third elements on the right-hand side of Eq. (37),
Monte Carlo simulation runs were made determining that the
elements of the third term are by an order of magnitude
smaller than those of the second term; therefore, as a second
approximation, the third term is dropped altogether. Again
using our first approximation, we can then write the second
ferm as

E{(UIg—M, ) diy i diy e g =M )7
=g=M; VE{d e dE i 3o —Mi )T (38)

Several recursive algorithms for computing Ef disrjict
dl_ .} were considered. They were all too complicated to
be included in a viable algorithm for computing d, therefore
a third approximation was made according to which

Etdy 14l ey =diy i dl i (39

In this approx1mat10n we substitute the expected value of the
quantity d;, ;. ;d% ... by the quantity itself. In so doing,
we assume that the random quantity d1+1,,+,d,+,,,+, is not
too far from its mean. This assumption becomes more and
more justified as the algorithm converges and d,,.; ap-
proaches d;, ;. When Eq. (39) is substituted into Eq. (38) and
the result is used in Eq. (37), the latter becomes

Prrjivi =Pigyigr + Ug—
(40)

As will be shown in the next section, this simple algorithm for
computing P*;,,,;,,; yields very good results. This simple
expression is the sole computation that the covariance matrix
has to undergo due to the application of the orthogonalization
cycle. A summary of the Orthogonalized DCM Iden-
tificational algorithm is given in Table 1. The simplicity of the
added orthgonalization computation is obvious.

IV. Monte Carlo Simulation Results
To examine the efficiency of the algorithm with and
without orthogonalization, two figures of merit were defined.
The first figure of merit, denoted by J},,, is called con-
vergence index and is defined as

Ji =trace] (b;'k+1/i+l =Dy ) T(Di*+[/1+1 =D ;)1 (413)

The covergence index is equal to the sum of the square of the
difference between the elements of D}, ,,,; and D, ;..
Obviously, this index ia always positive and becomes zero
only when D}, ,,,, convergence exactly to D,, ;. For com-
parison between the two algorithms (i.e., with and without
orthogonalization), we define J;,;, the convergence index
when no orthogonalization is applied, as

Ji =trace[ (Di+1/i+1 ~-Diyy) T(Di+1/i+l —-D;.;)] (41b)

In addition, we define the orthogonality index F}., as
follows

T
Frp=trace| (D1+1/,+1D1*+I/i+l —I;)

X (Dt 1D 11— 13) ] (42a)

Mi+1)‘ii+1/i+l‘iir+1/i+1 (19"Mi+1 ) T
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and similarly

- AT A T
Fiy=trace[ (D}, )iy 1 Diyyyivi —13)

X (DL yiv 1 Divryiv s —13) ] (42b)

The indices F?,, and F;,, express the closeness of D, ;1. /,
and D, i+ 171+ 1> Tespectively, to orthogonality. They are always
positive and become zero only when the respective matrices
are orthogonal.

The data presented in the ensuring were obtained from
Monte Carlo simulation runs. In each run, the initial DCM D,
was

0.875000 0.433013 —-0.216506
Dy=1| —-0.216506 0.750000 0.625000
0.433013  —0.500000 0.750000

The nominal angular rate was a constant vector whose
components in body axes were 0.628 rad/s along each axis.
The gyro measurement noises [see Eq. (16] that constituted
n, were three zero mean white noise components whose
spectral density was 0.01° /4. [Note that in reality the DCM
dynamics were noiseless while the dynamics used in the
estimator were noisy, i.e., in the filter we had to use W)
rather than W(f).] A measurement pair, u; and v;, was
obtained and processed every 0.1 s. The measurement noises
of u; and v; were zero mean and white. Their standard
deviation corresponded to a random angular error of 100 arc-
S.

The initial estimate of ¢ was obtained as follows. The first
three measured pairs u; and v; where grouped into the
following matrix equation that defined D,, the estimate of the
initial DCM:

[V],Vz’vj']:D()[u[;uZ;uj] (43)

When u,, u,, and u; were linearly independent, Eq. (43) could
be solved to yield

Eo =[v,vyvs] lu,uyus] ! 44)

and d, was obtained from D, according to the operation
spelled out by Eq. (5).

One hundred Monte Carlo simulation runs were made with
these data using 200 measurements. Estimates of the expected
values of the convergene indices and of the orthogonality
indices were computed for each measurement point  using

100

LR ~E{3 EJ*(k) (452)
A Ji 100
JEEU) ~ s ZJ (k) (45b)
Ji 100
SE(F) ~ 106 2 F10 (462)
A i 100
F2E(F))~—— Y F(k) 46b
100 k;, (460)

Plots of the convergence indices J¥ and J; are presented in Fig.
1. The superiority of the orthogonalized DCM identification
algorithm, which yields J%, is obvious. Moreover, as we might
expect, the orthogonality index of this algorithm is better than
that of the other algorithm by about nine orders of
magnitude. This is clearly demonstrated in Fig. 2 where F*
and F, are plotted.

Another way to initialize d was examined. Do was simply
set to the identity matrix 7 and then, using Eq. (3), this D,, was
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CONVERGENCE INDEX (x 1078)

T —
0 100 200

Iteration No.
Fig. 1 [Ensemble average of the convergence indices of the two DCM
identification algorithms.

db
ORTHOGONALITY INDEX

-100

-200

-300

-400 T T T T

0 100 200
Iteration No.

Fig. 2 Ensemble average of the orthogonality indices of the two
DCM identification algorithms.

transformed into d,. One hundred Monte Carlo simulation
runs were made using both algorithms. It was found that,
although initiaily the convergence indices were worse, by far,
than the corresponding indices shown in Fig. 1, eventually
they, almost always, reached the corresponding values. Since
the convergence rate when D;=1, is slower than the con-
vergence rate when D, is calculated using Eq. (44), and since
convergence is not always assured, it is recommended that the
latter filter initialization method be used.

V. Conclusions

Two algorithms to estimate the direction cosine matrix
using two sets of vector measurements were presented. Both
algorithms are based on a stochastic parameter identification
process of linear systems. The first algorithm is a result of a
straightforward application of the identification process. The
second algorithm uses, in addition, the orthogonality
property of the direction cosine matrix to yield a faster
converging algorithm, which also produces an orthogonal
matrix.

J. GUIDANCE

A series of Monte Carlo simulation runs was performed.
These runs produced the ensemble average of two indices that
quantify the convergence and orthogonality qualities of the
algorithms. Two methods for obtaining an initial estimate of
the direction cosine matrix were considered. One method was
to assume that the initial direction cosine matrix was the
identity matrix. This initialization method requires no ad-
ditional computation; on the other hand, two (out of the few
hundred) of the simulation runs diverged. The second
estimate initialization used the first three pairs of vector
measurements to obtain the initial estimate. This method
requires a matrix inversion; however, since the matrix is a
3 x 3 matrix, this constitutes no problem. With the second
intialization method the estimate converged, at the very
outset, quite rapidly to the correct direction cosine matrix.

In view of these findings, it is recommended that the or-
thogonalized direction cosine matrix identification version be
used and the initial estimate be obtained from the first three
pairs of vector measurement. This choice yields a rapidly
converging orthogonal estimate of the direction cosine
matrix.
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