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Abstract

In this paper two attitude determination methods are derived, implemented and compared. The QUater-
nion ESTimator (QUEST) algorithm is extended to include non-vectorized measurements, whereas the well
known Extended Kalman Filter has been implemented for performance comparison. The methods have
been developed for the Norwegian University Test Satellite (NUTS), as a part of the CubeSat project at
the Norwegian University of Science and Technology (NTNU). Due to the specifications of CubeSats, both
methods are customized for satellites with limited weight-, size- or financial budgets. The attitude estimation
is based on two vectorized measurements and data from a gyroscope. Both methods have been developed
and simulated in MATLAB. The code have been rewritten using C language. The methods are compared
both theoretically and experimentally with implementation and testing on an AVR microcontroller.

Testing indicates that the EKF provides a smoother estimation than the newly developed EQUEST. In
contrast to EQUEST, the EKF is able to estimate sensor biases. However, the EQUEST has significantly
faster settling time and is less computational costly. Compared to the EKF, EQUEST runs more than 5
times faster. It also requires only 8% of the arithmetic operations of the EKF. Another disadvantage with
the EKF is tracking problems that occur when the two vectorized measurements are close to parallel. With
vectors close to parallel, the mathematical formulation of the EKF makes tracking of a rotation around the
parallel axis extremely difficult. These difficulties are hardly observed in the EQUEST algorithm, which
makes it very attractive for attitude estimation.

For small satellites the magnetic field of the Earth is often used for attitude determination. A substantial
number of these satellites use magnetorquers for attitude control, affecting the local magnetic field. Hence,
control and estimation should not be done simultaneously, resulting in the estimation and control switching
on and off. For this reason, the long settling time of the EKF makes the EQUEST even more attractive.

1. BACKGROUND

Attitude determination is an important subsystem in
satellites of all sizes. Knowledge of the satellites ori-
entation is crucial to perform space missions such as
nadir pointing control. Two common methods to esti-
mate the orientation are the Kalman Filter (KF) and
the Quaternion Estimator (QUEST) [1][2][3]. The
KF tries to fuse system dynamics, input data and

sensor measurements to estimate the best possible
attitude, whereas the QUEST calculates the attitude
by minimizing a cost function relating sensor mea-
surements with known references.

The equipment used for estimating the attitude
vary with price, power consumption and physical size.
The attitude estimation systems in this paper are
based on both the QUEST and the KF, designed
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especially for CubeSats [4]. A CubeSat is a cube
shaped picosatellite where the dimensions has been
standardized to 10x10x10 e¢m, with a weight limited
to 1.3 kg. NTNU takes part in a student CubeSat
project, designing a double cube - NUTS [5]. As
the name indicates, a double cube is 10x10x20 cm,
with a weight limited to 2.6 kg. The NUTS (NTNU
Test Satellite) project was started in September 2010.
The project is part of the Norwegian student satel-
lite program run by NAROM (Norwegian Centre for
Space-related Education). The projects goal is to de-
sign, manufacture and launch a double CubeSat by
2014. As main payload an IR-camera is planned, as
well as a short-range RF experiment. The satellite
will fly two transceivers in the amateur radio bands.
Ten students were involved in the project first half of
2011.

Two satellites have been developed at NTNU
earlier, each containing attitude estimation [6] .
Svartveit [7] estimated the attitude by using a dis-
crete Kalman filter based on measurements from
magnetometer and sun sensor. The solar panels were
used as a crude sun sensor. The experiment, Svartveit
did, indicated that the sun sensor seems to be inac-
curate mainly due to the Earths albedo effect. Ose
[8] made further work in order to implement the ex-
tended Kalman filter (EKF) in MATLAB. Due to
the complexity of the EKF, only a linearized ver-
sion was implemented on a microcontroller. With
respect to all the challenges the previous NTNU stu-
dents unveiled, this paper base the attitude determi-
nation system on a different approach. The estima-
tion is based on two vectorized measurements as well
as data from a gyroscope. Sabatini [9] developed an
extended Kalman filter based on accelerometer, gy-
roscope and magnetometer, for use in biomedical en-
gineering. The extended Kalman filter developed in
this project is adapted from the work done by Saba-
tini to fit the satellite.

Attitude can also be estimated using quaternion
estimation (QUEST). Markley [3] describes how two
vectorized measurements can be used to estimate ori-
entation. However, the method can only be used for
vectorized measurements, which makes the gyroscope
unsuited. Psiaki [1] has extended the QUEST in or-
der to handle an arbitrary dynamic model and to es-
timate errors such as rate-gyro biases. The extended
QUEST (EQUEST) developed in this paper, is based
on the work done by Psiaki and Markley, with focus
on integrating the nonvectorized gyroscope measure-
ments.

2. THEORY

2.1. Coordinate Frames

The following frames have been used to describe
the attitude of the satellite

BODY: This frame is attached to the satellite. In
the BODY frame the axes coincide with the principle
axes of inertia, and the positive z-axis is defined as
the vector pointing outwards from the quadratic side
of the satellite. The x- and y-axis are orthogonal to
the rectangular sides of the cube.

NED: North-East-Down (NED) is a local refer-
ence frame defined relative to Earth with the x-axis
pointing towards north, z-axis downwards perpen-
dicular to Earth’s reference ellipsoid. The y-axis
completes a right handed orthogonal coordinate sys-
tem, with the positive y-axis pointing towards East.
Earth’s reference ellipsoid is a mathematically de-
fined surface fitted to approximate the shape of the
Earth.

2.2. Rotation Matrix

A rotation matrix R is used to describe a rotation
between two coordinate frames. It is common to de-
scribe the rotation from one frame to another as three
consecutive rotations. First a rotation v around the
z-axis, then a rotation ¢ around the rotated y-axis
and finally a new rotation ¢ around the current x-
axis. The entire rotation from frame “a” to frame “b”,
is described as

Ry = R.($)R, (0)Re (@) [2.1]

The rotation matrix can be represented using quater-
nions [10]{11]

R(q) = (a3 — llq13l1*) Isx3 + 2q13475 — 2q4[q13 ¥] [22]

A rotation matrix has the following properties
det(R) = 1 [2.3]
RT =R [2.4]

A vector in NED frame & can be written in BODY
frame k* using rotation matrix as given below

k* = Rb k" [2.5]



2.3. Extended Kalman Filter (EKF)

The Kalman filter is only applicable for linear sys-
tems. However, it is possible to extend the filter to
also deal with nonlinear problems, but the filter will
then lose some of its properties. The EKF is adapted
for nonlinear problems through a linearization of the
nonlinear equations for each iteration. Due to the
linearization, the EKF is not necessarily optimal and
can diverge if initial errors are too large or if the
system model is inaccurate. The EKF is an itera-
tive method where the estimates are based on several
measurements, as well as a process model.

Defining the discrete nonlinear system as

[2.6]

Tk = f(Th—1,Uk—1) + Wr—1

zi = h(xk) + vk [27]

where z is state vector, f(.) describes the system dy-
namics, » is control input, w is process noise, h is
the measurment model and v is measurement noise.
Both measurement and process noise are assumed to
be zero mean Gaussian. The subscript & denotes dis-
crete time. Using the system described above, the
equations for the extended Kalman filter can be writ-

ten as [12]
Predict:
2 = f(@r—1,uk—1) [28]
P; = FPoFY + Qral [2.9]
Update:
Ky = P, Hy (He P, H + Riat)”" [2.10]
& = 2y + Kg(z, — Hpdy) [2.11]
Py = (I — KpHg)Py [2.12]

where # denotes estimated state vector, p is error co-
variance matrix, k is calculated Kalman gain and

or [2.13]

. =
k ox

Tp_1,u

is the derivative of the nonlinear system with respect
to the states, and

oh [2.14]

Hk =
Ot la)_y

is the derivative of the measurement equations with
respect to the states.

As these equations show, the nonlinear model is
still used in predicting the new states, whereas a lin-
earized model is used for comparing the measure-
ments with the current states in the update phase and
for computing the covariance matrix and the Kalman
gain. Ry, is the measurement covariance matrix, and
Qra: 18 the process covariance.

2.4. Quaternion Estimation

Another method for estimation of the rotation
matrix based on the sensor measurements is the
QUaternion ESTimator (QUEST) [1]. QUEST will
minimize the cost function defined as

n

Ta) = 3305 (0 = Rifar)" (b = Ri(ary)

=1

= *Zg(b;bj —2b] Ry(q)r; + 1) 75) [2.15]
J

where r; are known unit vectors in the NED frame,
and »,; are unit vectors of the measured observations
in the body-fixed frame. o, are the standard devia-
tion of the measurement error. However, both r; and
b; are unit vectors, and this reduces the equation to

Ja) = > (=] Ri(a)ry) [2.16]
=17
Minimizing 7 is equivalent to maximizing
Jauest(a) = 3 —5b] Ri(a)r; [2.17]

j=1"3

The QUEST does not depend on initial conditions,
which is a great advantage. Another advantage is
that the algorithm can be solved exactly by solving
an eigenvalue problem. However, the QUEST algo-
rithm can only estimate the attitude quaternions.



2.5. Attitude Estimation Using EKF

The theory of the EKF was explained in Section
2.3. There are several ways to configure the EKF
for attitude estimation based on vectorized measure-
ments and a gyroscope. Here, the state vector was
chosen to consist of the quaternions ¢ and the biases
from both vectorized measurements b,, and b,,. The
state vector = is given below

-
T = [fI by1 b1)2]

where

-
q= [ih q2 q3 Q4]

by1 = {bvl,x by1,y bvl,z]T

by2 = {bw,x bya,y bw,z]T

The great advantage of estimating the biases of the
two vectorized measurements is that the EKF will
subtract them from the measurements during the
next iteration. This will increase the precision of
the measurements and give a more accurate attitude
estimate. Since all the measurements are done in
the BODY frame and the reference model is given
in the NED frame, the sensor model includes a rota-
tion matrix R(q). The rotational matrix introduce a
non-linearity in the measurement matrix. The mea-
surement model - is given by the two vectorized mea-
surements as

o= [t ut]” [2.18]

where
v} = RO (@] pear + 000 [2.19]
”12) = RZ(Q)U;,TWL + bl:;? [220]

In order to include angular velocity as a state,
a dynamical model of the satellite can be used. An
alternative is to use the measurements from the gyro-
scope to estimate the dynamical model for the quater-
nions. The kinematic differential equation for unit
quaternions can be written as [9][10]

[2.21]

where

0 —w3 wa
[2.22]

—w1

—W2 Wi 0

with

T
w = [wl w2 U.Jg}

being the angular velocity measured in the body
frame. Further, constant bias can be assumed from
the two vectorized measurements:

[2.23]

bz = 0 [2.24]

The differential equation for the entire system is
therefore [9]

, 2.25
0 00 vt [2.29]

0 00

Note that the system equation is linear, making the
computation of the EKF less complicated. However,
an EKF is still necessary due to the nonlinearity in
the measurement model.

The system in Equation [2.25], is given in contin-
uous time. For computer implementation, discretiza-
tion is required. The system is discretized using zero-
order hold with sampling time 7.. The discrete sys-
tem will be given as

F 0 0
Tk4+1 = 0 Iszz O Tk [226]
0 0 I3z3
where
1 X
F = expm (2 |:wa ‘;:| TS> [227]

with ezpm being the matrix exponential.

Note that the angular velocity is not a part of the
measurement vector, nor the state vector. As men-
tioned earlier, the measurements from the gyroscope



will be indirectly integrated in the EKF through the
dynamical model of the quaternions.

The vectors explained above are used in the equa-
tions in Section 2.3 to iteratively compute the atti-
tude of the satellite.

2.6. Extended Quaternion Estimator

As mentioned in Section 2.4, the QUEST algo-
rithm is not able to utilize the measurements from
the gyroscope. However, it is possible to extend
the QUEST and implement an Extended QUaternion
ESTimator (EQUEST) in order to include the gy-
roscope measurements. The main idea behind the
EQUEST is to modify the cost function. This is
done by adding another term, containing the gyro-
scope measurements.

By tracking the rotation based on gyroscope mea-
surements, it is possible to penalize deviations from
the rotation matrix estimated by the gyroscope alone.

ngTO(Q) = %(q - ngy",)TD(q — dgyro) [228]

here g4,., is the estimated attitude quaternion based
on gyroscope tracking, and D is a diagonal weighting
matrix. The main idea by using the term ¢ — g,y is
to minimize the cost function. Note that the term
q — dgyro 1S MOt an attitude quaternion.

The EQUEST can be expanded further by adding
a prediction term. The prediction is most suitable for
applications where it is possible to forecast upcoming
orientation based on previous behavior. It can also
be used to filter out noise. The slow and predictable
change of attitude for the satellite makes it possible to
use previous attitude calculations to estimate future
orientation. For a short period of time, the attitude
change will be minimal. However, as several attitude
calculations are done in this period it is possible to
establish a linear relation between time and change
of attitude. This is illustrated in Figure 2.1. A de-
viation from the predicted term can be penalized in
the cost function by adding the following term

2.29]

1 R R
Tpre(a) = 5(a— dpre) | S(q — dpre)

where ¢ vector contains attitude quaternions, g,. is
the predicted attitude based on previous observa-
tions, s is the state weight matrix.
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Figure 2.1: Linear prediction based on past orientations. Note
that the motion is exaggerated for illustrational purposes.

Extending Equation [2.17] with the two terms de-
scribed in [2.28] and [2.29] gives

JeQuEsT = JQUuESsT + Jgyro + Jpre

= %Z {é(ba‘ ~ Ry(a)ry) " (b — Ri(q)f’j)}
j=1 J

+%(q ~ dgyro) " D(@ — dgyro) [2.30]
+%(q — Gpre)  S(q = dpre)
subject to
q'qa=1 [2.31]

It is possible to rewrite both extensions to quadratic
terms. By writing the entire equation in quadratic
form, the cost function can be minimized using well-
known optimization techniques [13].

Note that the EQUEST is still not able to esti-
mate the biases. It is possible to estimate the biases
using other methods, and then subtract them from
the measurements used in EQUEST. Due to compu-
tational costs, this is not considered here.

2.7. Solving the Extended Quaternion Estimator

One option for solving the minimization problem
given in [2.30] and [2.31] is to use the Lagrangian
multiplier method. However, the cost function has to
be written on the special form

J(z) = %ITGI +z'c [232]

where G is a positive definite matrix and c is constant
with respect to =. The original QUEST criterion in
[2.15] can be posed in the quadratic form [3]

9(a) = —a'Vaq [2.33]



where v is a symmetric matrix given by

U—plzxs Z
= 2.34
e
with
U=L+L" [2-35]
L= i%(bj’r’;) [2.36]
j=1"J
Loz — L3z
Z = |Lsi — Lis [2.37]
L2 — L2y
@ = trace(L) [238]

The gyroscope tracking needs to be written in the
same quadratic form in order to solve EQUEST with
Lagrangian multipliers:

1 N .
ngro(Q) = 5(‘] - Qero)TD(q - quTO) [2'39]
_ 1 7 T s

= E(q Dq—q Dq_qyro

AT AT ~
_quTqu + qurqugy"‘O)' [2'40]

Since

(dgyroDD " = d7ynoDa = a" Digyro [2.41]

we can rewrite [2.39] as
1
Jgyro(q) = E(QT Dq —2q" Digyro + ‘j;ryroD‘igyv‘U) [242]

Further, the term ¢Z,  Dgyy-. Will be constant with
respect to ¢. This term will not affect the minimiza-
tion problem, hence it can be removed. Now the gy-
roscope part of the cost function can be written in
quadratic form as

[2.43]

1+ T
ngro(Q): 5‘1 Dq—gq DquTO

Exactly the same as above can be done to write the
prediction term in quadratic form

[2.44]

1
JP"'G(Q) = §qTSq - qTSép'r'e

By adding [2.43] and [2.44] with [2.33], the entire
EQUEST can be written in quadratic form as:

1
Jequest(q) = §qT(D +5S—-V)g

+a" (=Ddgyro = Sipre)  [2.45]

Introducing new variables

k=D+S5-V [2.46]
€ = —Digyro — Sipre [2.47]
the problem will be to minimize
JequesT(q) = %qTﬁq +q'¢ [2'48]
subject to
qTq =1 [249]
The Lagrangian equation is now given as
L= %anquqTEJr%(qqul) [250]
The ¢ that minimizes [2.48] is found as
dc
d—q:nq+§+)\lq:0 [251]
g=—(r+ A€ [2.52]

By combining [2.49] and [2.52], the constraint can be
written as

M (s+AD e =1 [2.53]

The largest positive real A will give the global mini-
mum for Equation [2.48][1]. Further « is a symmetric
matrix, hence it can be factorized as

-X1 0 0 0
0 —X2 O 0
0 0 —Xx3 O
0 0 0 —Xi

MT [2.54]

where ), are the eigenvalues of «, and A is an orthog-
onal eigenvector matrix. By introducing

=
e= || 2 MTeeaeT =TMT, [2.55]
cs3
_C4
[2.53] can be written as
XA 0 0 0
0 —X2 0 0
TMT M 2 M7
0 0 —As 0
0 0 0 -\
2000
0A00
+ Mc—1=0 [2.56]
00A0
000X



Because the matrix is diagonal, and the inverse of an
orthogonal matrix is the transposed of the orthogonal
matrix, this can be simplified to

"MTY 2Mc—1=0 [2.57]
where
A=A 0 0 0
0 A=)z 0 0
T=M : M7 [2.58]
0 0 A=Xz O
0 0 0 A-X

Now since M is orthogonal, m™ M = 1. Further, the
inverse of a diagonal matrix can be computed element
by element. Equation [2.57] can now be written as

1
70_/\1)2 0 0 0
0 R 0 0
c’ (A=22)? c—1=0 [259]
0 0o —L 5 0
(A=2X3)
1
0 0 0 wor
or
2 2 2 2
cl [ c3 cy
—1=0 |2.60
SV RN W WA WDV R Sep W E [2:60]

The optimal x (A,,¢) will be larger than the smallest
eigenvalue[l]. After x.,. is identified, it can be sub-
stituted back into Equation [2.52] to find the ¢ that
minimizes the cost function.

In contrast to EKF, EQUEST is not able to esti-
mate the sensor biases. The state vector is therefore
chosen to be the quaternion

© [2.61]

Equation [2.21] is used to estimate the ggy., term
in EQUEST. We propose to calculate the g,.. term by
using simple linear regression with a window size of
10 samples. The next quaternion vector is predicted
by using the 10 latest samples, and fitting them to
an equation for a line

y(t) = bot + by 2.62]

bo will represent the slope of the line, while », is the
measured value at ¢ =0. With n observations, v, and
b can be found by solving the following formulas [15]

n n

n Yo y(ti)ts — é:lti

i=1 i

w3 - (3u)

i i=1

S (i)
i=1

i

bo = [2.63]

n n 2 n mn
Soy(ti) 0t — St > tiy(ts)
b] _ =1 =1 =1 1=1

- <§t> [2.64]

The next g,.. is estimated using the linear relation
found with the last 10 samples using the values b,
and », as slope parameters. Note that the prediction
term does not have to be linear. However, it is chosen
to be linear for this particular case. In case of less
strict restrictions on calculations power or time, the
prediction term might even be an EKF.

3. IMPLEMENTATION

3.1. Microcontroller

In order to test the estimation methods, both
EKF and EQUEST were implemented in MATLAB.
Both methods were later implemented on microcon-
trollers. During testing, an 8-bit microcontroller from
Atmel was used. In addition to the estimation meth-
ods, several important functions were configured. A
watchdog timer was implemented to reset the micro-
controller in case the software run into an endless
loop. Sleep mode for the microcontroller were also
configured. The satellite does not have to estimate
the attitude all the time. When no attitude data is
required, activating the sleep mode can save consid-
erable amount of power.

3.2. Implementing the Kalman Filter in C

In order to implement the extended Kalman fil-
ter on the microcontroller, it was written using C
language. This introduces some difficulties, as sev-
eral mathematical operations are not supported in
C. First of all, C does not support matrix multiplica-
tion which is an essential part of the Kalman filtering.
Secondly the matrix inverse operation does not exist.
The third challenge is to find the transpose of a ma-
trix. Since the module should be used on-board a
satellite, the memory usage should be as optimal as
possible. Hence, it is not desirable to implement an
entire math library in order to perform the matrix op-
erations. Therefore only the necessary methods have
been implemented on the microcontroller.

C supports two-dimensional arrays which looks
very similar to a matrix. Using double arrays makes
the code more complex. Therefore, matrices were
transformed into one dimensional arrays before im-
plementation. An example is given below.

012
345 :[012345678]
678



Using 3 for-loops, matrix multiplication can be im-
plemented. For each iteration in the Kalman filter,
two matrices must be transposed. These matrices
have dimensions 10 x 10 and 6 x 10, and can easily be
transposed using two for-loops.

Computing the inverse of a matrix is only possible
if the matrix is positive-definite. The matrix which
is to be inverted in the Kalman filter has properties
making it always invertible. It is a 6x6 symmetric ma-
trix, meaning it is Hermetian, and since every eigen-
value in Hermetian matrices is positive, the matrix
is positive definite. An efficient way to compute the
inverse of a matrix is by performing an LU decompo-
sition. The algorithm for inverse operation using LU
decomposition can be found in [16]. The code in this
book is optimized for personal computers implying
minor changes to adapt it for a microcontroller.

3.8. Implementing the EQUEST in C

The EQUEST was also written using C language.
Two challenges arise when the code is rewritten from
MATLAB to C: one matrix inversion and one eigen-
value problem. However, it is only a matrix inverse
of size 4-by-4. Since the matrix is so small, it is
more efficient to invert it using the adjoint method
than the LU decomposition. For larger matrices, the
adjoint method tends to be computational costly as
the number of operations increase as O(n!). To solve
the EQUEST, it is necessary to identify the smallest
eigenvalue and all eigenvectors of a symmetric 4-by-
4 matrix. This is done by implementing the cyclic
Jacobi method which returns all eigenvalues and the
corresponding eigenvectors of the input matrix [17].

4. RESULTS AND SIMULATIONS

4.1. Extended Kalman Filter

The performance of the algorithms have been
evaluated both in expended run time and number
of arithmetic operations. The expended run time is
found by setting a flag at the start of each cycle,
and then resetting the flag after the execution. The
run time of the EKF is about 200 milliseconds. By
introducing a global counter in the algorithm, it is
possible to detect how many arithmetic operations
each cycle executes. The linearization contains quite
a large amount of numerical operations. On average
EKF required about 40 000 operations.

4.2. Extended Quaternion Estimation
Compared to the EKF, the EQUEST requires less
matrix multiplications, and only a 4-by-4 matrix in-

version. However, the eigenvalues and eigenvectors
of a 4-by-4 matrix must be found. The EQUEST

algorithm, does not require any linearization. The
number of arithmetic operations for the EQUEST
was found to be about 3200, which is only 8% of
the EKF’s operations. The run time for EQUEST is
about 40ms. This means that EQUEST is approxi-
mately 5 times faster than the EKF. The linear pre-
diction term will have a low-pass filtering effect, as
high frequent changes in position will be suppressed.
This is illustrated in Figure 4.1. The figure clearly
indicates that the EQUEST with linear prediction is
much smoother than without prediction.
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Figure 4.1: EQUEST with and without linear prediction

4.8. Experimental Comparison of the Two Methods

Hardware configuration

For testing purposes, a prototype was designed.
The prototype was based on an CHIMU Micro AHRS
IMU consisting of a three-axes accelerometer, magne-
tometer and gyroscope. The accelerometer can not
be used onboard the satellite. However, due to test
simplicity it was chosen as one of the vectorized mea-
surements for the prototype. Data from the IMU
is sent to an AVR ATMEGA2561 microcontroller,
where both attitude estimation methods are imple-
mented. A picture of the prototype is given in Figure
4.2.



Figure 4.2: Designed prototype

The following experiments are done using the pro-
totype running both methods simultaniously. The
estimated attitude from the prototype were contin-
iously sent to the computer for plotting through serial
communication.

Tracking

To compare the performance of the newly de-
veloped EQUEST with the well-known EKF, both
methods were implemented on the same microcon-
troller. They had the same input data and ran simul-
taneously sending the estimated attitude to a com-
puter. Figure 4.3 indicates that both methods are
able to track arbitrary rotations. The figure shows
that the estimated orientation is almost identical for
both EKF and EQUEST. However, it can be ob-
served that the EQUEST has faster tracking than the
EKF. EQUEST and EKF solve the attitude problem
in quite different ways. Whereas EQUEST solves the
problem in one iteration, the EKF iteratively calcu-
lates the solution. Hence, the EQUEST provides a
faster estimation for quick orientational changes.
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Figure 4.3: EKF vs EQUEST.
Start-up

One of the greatest differences between EKF and
EQUEST is observed during the start-up phase. The
EKF uses many iterations to converge towards the
correct attitude. For each iteration, the EKF will
improve the estimated orientation. The number of
iterations used by the EKF will be dependent on its
tuning parameters. In addition the start-up phase of
the EKF will be greatly influenced by the dissipation
of the vectorized measurements. Perpendicular mea-
surement vectors will give the fastest start-up phase.
However, the EQUEST will solve an eigenvalue prob-
lem to achieve the correct attitude in one iteration.
An example of the initial start-up is showed in Figure
4.4. The figure clearly indicates the start-up differ-
ences of the methods.
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Figure 4.4: Start-up phase of the two algorithms.



Parallel input vectors

The performance of both methods are strictly de-
pendent on the two directional vectors. For optimal
results, the vectors should be close to perpendicular.
However, in some cases the two vectorized measure-
ments may be close to parallel. This is observed in
Figure 4.5, where an accelerometer and a magnetome-
ter were used as vectorized measurements for testing.
The normalized acceleration measured in NED coor-
dinates is

[4.1]

and the normalized geomagnetic field vector in
Trondheim, Norway (N 63.24°, E o010,24°) is

0.2631
0.0086
0.9647

B= [4.2]

with the Down-axis being the dominating value.
Both vectors are now close to parallel with the down
axis. Performing a rotation around this axis, will
cause problems for the EKF due to the mathemati-
cal formulation. The rotational matrix for rotations
around the down axis can be written as

cos(#) —sin(6) 0
Raown = | sin(f) cos(6) 0 [43]
0 0 1

Remember that the state update in EKF is given as

T by
Try1 = T + K (zk — |:1]:;T:| — l:bv::|> [44]

Here, the state update is a product of the Kalman
gain, K, and the deviation from the measurements
tracked by the rotational term. A rotation around
the down axis is described above. Since the gravi-
tational vector is close to parallel with the magnetic
field, the rotational term in Equation [4.4] will now
be described as

RgT = [45]

0
RB =~ 0
-1

|4.6]

clearly, the rotational term fails to identify the ro-
tational angle around the down-axis due to the mag-
netic field being almost parallel with the gravitational

vector. As the measurements are B and g, there will
be very small deviations from the measurements to
the rotated position.
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Figure 4.5: The two methods response to a rotation around
the down-axis in the NED frame.

5. CONCLUSION

In this paper, two methods were derived, tested
and compared. The QUEST algorithm has been
developed further to EQUEST, to include non-
vectorized measurements in the estimations. An Ex-
tended Kalman Filter was fitted for the CubeSat
project at NTNU, and implemented with a sensor fu-
sion model instead of a dynamical model of the satel-
lite.

Testing indicates that both methods are able to
estimate the orientation using a single microcon-
troller. The methods were compared theoretically
and experimently. In contrast to EKF, the EQUEST
is unable to estimate the sensor biases. However, the
EQUEST uses only 8% of the arithmetical operations
required by the EKF. The runtime of the EQUEST
was measured to be more than 5 times faster than
the EKF.

NUTS will most likely be designed with a magne-
tometer as one of the vectorized measurements. As
the satellite will be controlled by magnetourgers, the
local magnetic field will be greatly affected by the
attitude control. Hence, it is important to seper-
ate the attitude estimation and the attitude control.
This is done through a turn-based switching between
estimation and control. This implies that a short
start-up phase for the estimation is preferred. As
the EQUEST solves the attitude problem in one it-
eration, it is more attractive for satellites using this
technique than the iterative EKF.
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