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Abstract. This paper deals with the problems of attitude determination, parameter

1. Introduction

cation of MOI is considered a vital task for many
spacecrafts. Since more accurate measurements provide higher pointing performance, the identi cation of
the parameters of measurement system has signi cant
importance. As operational conditions of satellites
vary in orbit, from those presumed in simulations, online estimation of dynamic and measurement systems'
parameters is more important than o -line determination. Estimation of spacecraft attitude and its rate
is regarded a task of Attitude Determination (AD)
subsystem, while estimation of moments of inertia is
the task of system Parameter Identi cation Module
(PIM), and the sensor alignment parameters is estimated by Measurement Sensor Calibration (MSC)
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identi cation and reference sensor calibration simultaneously. An LEO satellite's attitude,
inertia tensor as well as calibration parameters of Three-Axis-Magnetometer (TAM)
including scale factors, misalignments and biases along three body axes are estimated
during a maneuver designed to satisfy the condition of persistency of excitation. The
advanced nonlinear estimation algorithm of Unscented Kalman Filter (UKF) is a good
choice for nonlinear estimation problem of attitude determination, but its computational
cost is considerably larger than the widespread low accurate Extended Kalman Filter.
Reduced Sigma Point Filters provide good solutions and also decrease the run time of the
UKF. However, in contrast to the nonlinear problem of attitude determination, parameter
identi cation and sensor calibration have linear dynamics. Therefore, a new marginal UKF
is proposed that combines utility of Kalman Filter with Modi ed UKF (MUKF) which
is based on Schmidt orthogonal algorithm. The proposed Marginal MUKF (MMUKF)
utilizes only 14 sigma points to achieve the complete 25-dimensional state vector estimation.
Additionally, a Monte Carlo simulation has demonstrated a good accuracy and lower
computational burden for concurrent estimation of attitude, inertia tensor as well as TAM
calibration parameters utilizing MMUKF with respect to the sole utilization of the UKF.
© 2014 Sharif University of Technology. All rights reserved.
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module. A lot of studies have been devoted to each
of these topics in the past decades. Identi cation of
MOI is the only concentration of Refs. [1-4]. While
Wertz and Lee [1] have utilized least square method to
identify MOI of a satellite, Zarringhalam et al. [2] have
compared recursive least square, recursive Kalman
lter, gradient, and Extended Kalman Eilter (EKF)
for estimation of mass, MOI, and location of center
of gravity. They have concluded that EKF is the
most reliable method for online identi cation of vehicle inertial parameters. Mohammed et al. [5] have
described various steps of design and implementation
of an attitude determination system based on Kalman
lter for Alsat-1. Gyro calibration as well as AD
based on a vector sensor like star tracker using EKF
or Unscented Kalman Filter (UKF) is considered in [69]. [10-12] have focused just on MSC of Gyro, star
tracker, and Three-Axis-Magnetometer (TAM) using
recursive estimation algorithms like EKF. Soken et
al. [13] have proposed a recon gurable UKF to calibrate
TAM parameters and then estimate attitude of a picosatellite based on rate gyro and TAM measurements.
In contrast with above references which have mainly
focused on one of the mentioned tasks or at most
two of them, Kutlu et al. [14] has utilized gyro
measurements, as well as TAM and sun sensor data
for estimation of attitude, and bias vector of gyro via
EKF. Subsequently, the center of mass position vector
and the inertia tensor were determined using least
square method, but Myung et al. [15] used a single
algorithm to calibrate gyro measurements, determine
attitude of the satellite and identify MOI simultaneously using EKF based on gyro measurements and
star tracker. These references are common in utilizing
expensive and heavy star tracker sensor in order to
calibrate the gyro. Since cost and weight are serious
constraints for a large number of the present and
future space projects, utilizing light and inexpensive
sensors is becoming an attraction. Lowering weight and
cost must not degrade the performance of navigation
and control subsystems, so sensors data fusion and
precise calibration of sensor packages utilizing reliable
advanced estimation algorithms are e ective ideas to
achieve acceptable performance.
The presented paper focuses on AD, MSC and
PIM, simultaneously. Measurement data is provided
by a centralized fusion of TAM and sun sensor. TAM
measurements are contaminated by various sources of
error such as scale factor, misalignment, bias, as well
as random white noise. As the governing equations of
kinematics and dynamics of satellite are nonlinear and
the state space equations of parameters are linear, a
marginal lter, that is a combination of KF and Modi ed UKF called MMUKF, is developed for accurate
and fast estimation process.
The structure of this paper is organized as follows.

Attitude kinematics and dynamics are described in Section 2. Measurement model is introduced in Section 3.
Section 4 is devoted to development of marginal modied UKF. Section 5 provides the numerical simulation
results. Section 6 summarizes the results and draws
recommendations for further research.

2. Attitude kinematics and dynamics
2.1. Attitude dynamics

The nonlinear attitude dynamics of a rigid satellite can
be described by the well known Euler law. Expressing
this law in the satellite body coordinate system results
in [16]:
1 * *
*
*
*
!_ = I B (  !  I B ! ) + w ;
BI

*

*

B BI

BI

B

!

*

 =  c +  d;

where:

2

(1)
3

Ixx Ixy Ixz
IBB = 4Ixy Iyy Iyz 5 ;
Ixz Iyz Izz
*

w ! is the process noise taken as a zero mean Gaussian white with covariance Q*! . It is assumed that
aerodynamic drag and gravity gradient forces are the
most e ective forces producing torques for a LEO
satellite.

2.2. Attitude kinematics

Attitude kinematics describes how the attitude of a
satellite changes under the in uence of its angular
velocity. There are various methods to represent
attitude of a body [17]. Quaternion parameters are
the most desired and widely used method to this
aim. This is due to linear propagation behavior of the
quaternion as well as its non-singular characteristics.
The constraint of unit norm is the only disadvantage
that must be observed. Quaternion parameters are
propagated in time as [18]:
(2)
fq_g = 12 (*! BI )fqg;
where:
2
3
K" !z
!y !x
6 !z K"
*
! x !y 7
7
( ! BI ) = 6
4 !y
!x K" !z 5 ;
!x !y
!z K"

fqg = [q1 q2 q3 q4 ];

K = cte; " = 1

fqgT fqg;

q4 is the scalar part
of the quaternion vector. Diagonal
*
elements of ( ! BI ) guarantee maintenance of unit
norm of the quaternion even in the presence of rounding
errors. K is a constant selected such that K t  1 (t
is integration time step).
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*

2.3. Disturbing moments

The aerodynamic drag induced disturbing torque in the
satellite body coordinate system is modeled as:


*

*

*



 a = D [ u v ]B  [ s cp ]B ;

(3)

*

where [ u v ]B is the unit vector of satellite velocity in the
*
body coordinate system, [ s cp ]B is the position vector
of the satellite pressure center with respect to satellite
center of mass, and D = 0:5v2 SCD . It is assumed
that required data regarding the satellite position
and velocity is provided via the orbit determination
subsystem.
Also, the gravity gradient torque is modeled as:
3
gg = 3 (c3  IBB c3 );
(4)
r
where c3 is the third column of the inertial to body
transformation matrix.

3. Measurement model
Measurement system consists of a centralized fusion
of TAM and sun sensor. TAM measures the Earth
magnetic eld modeled as:
*

*

*

*

[B meas ]B = (E + M )T BI [B Model ]l + b + v B ;
where:

2

(5)

3

1 12 13
M = 421 2 23 5 ;
31 32 3

(6)

E is a 3  3 identity matrix and T BI is the inertial (I )
to body (B ) transformation matrix, de ned in terms of
its corresponding quaternion parameters:

22
q1 q22
6
6
T BI=6
6 2(q1 q2
4

q32 + q42 2(q1 q2 + q3 q4)
q3 q4 )

q12 + q22

q32 + q42

2(q1 q3 + q2 q4 ) 2(q2 q3 q1 q4)

2(q1 q3 q2 q4)

3

7
7
2(q2 q3 + q1 q4) 7
7;
5(7)

q12 q22+q32+q42

*

B Model is a function of the satellite orbital position,
derived from the International
Geomagnetic Reference
*
Field (IGRF) model. v B is the measurement noise of
TAM, assumed to be zero mean white Gaussian with
variance B2 along each axis.
Sun sensor is the other reference sensor used in our
measurement package. It is assumed that calibration
parameters of sun sensor are negligible in comparison
with those of TAM. sun sensor measures direction of
the sun light with respect to satellite onboard sensor.
Its output in body coordinate system is modeled as:
*

*

*

[ u s ]B = T BI [ u s ]I + v s ;
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(8)

[ u s ]I is the sun direction vector in inertial coordinate
*
system, and v s is the sun sensor measurement noise
modeled as zero mean Gaussian white noise with
variance s2 along each axis. In addition, no correlation
*
*
is assumed to exist between v B and v s .

4. Marginal modi ed unscented Kalman lter
Nonlinear problem of spacecraft attitude determination
is studied extensively in the past decade. Extended
Kalman Filter (EKF) is the most desired and widely
used algorithm for this application. EKF is based
on linearization of nonlinear models of dynamic and
measurement systems, so applying EKF to nonlinear
problems is usually accompanied with two potential
threats of lter divergence and estimation performance
degradation. In recent years, more advanced nonlinear lters such as sampling approaches have been
developed independent of the need for calculation of
Jacobian matrices. Speci c disadvantage of these lters
is numerical cost requirements, so that only a few
certain of them can be applied to actual onboard
implementations. Unscented Kalman Filter (UKF)
is the most ecient algorithm among them. UKF
uses a deterministic set of weighted sigma points to
approximate system probabilistic characteristics. Standard UKF uses 2n + 1 sigma points to estimate an
n-dimensional state vector. Computational cost of
the sample based algorithms like UKF is proportional
to the number of required sigma points. Regarding
this, and in order to reduce the computational e orts,
several strategies known as Reduced Sigma Point Filters (RSPF) have been developed, through lowering
number of sigma points, such as the simplex point
selection strategies that utilize only n +2 points. These
strategies contain a zero central point. In contrast to
the central point strategies, other schemes have evolved
using only n +1 equally weighted sigma points, without
the need of any central point. It is also proved that [19]
equally weighted, negative weighted-free sigma point
sets are numerically more stable and accurate while
being more ecient. Although RSPFs are ecient
algorithms for practical applications, marginalization
of partially linear systems, such as that of MSC, can
e ectively reinforce further reduction in computational
complexity. The basic idea behind marginalization is
*l
to partition
the state vector into two parts of linear x
n
*
and x nonlinear. Using Bayes' rule the linear state
variables can then be marginalized out and estimated
using the Kalman Filter (KF) that is optimal for linear
cases. The nonlinear state variables are estimated using
RSPF which is called Modi ed UKF here. This way,
marginal RSPF only needs one set of sigma points
that adequately describe the statistic properties of the
nonlinear part of the states. This technique is also
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referred to as Rao-Blackwellization. While the basic
idea of marginal lters and Rao-Blackwellization is seen
to have been more utilized for Particle Filters (PF), its
application in UKF is new and rare [20].

4.1. Modi ed Unscented Kalman Filter
(MUKF)

It is convenient to introduce Modi ed UKF (MUKF)
before presenting Marginal MUKF (MMUKF) algorithm. As mentioned previously and proved [21],
n + 1 sigma points are sucient to represent mean
and covariance completely. The MUKF is a new
simplex Unscented Transform (UT) based on Schmidt
orthogonal algorithm. Computational time and e ort
of this lter is less than UKF, simplex UKF (SUKF),
and EKF, but has the same performance as UKF and
SUKF. MUKF uses a minimum number of sigma points
set with the same weights to provide ecient and
unbiased estimates.
The nonlinear discrete time system considered in
MUKF can be presented as:
* * *

*

*

x k+1 = f ( x k ; u k ; k) + w k ;

*

* *

(9a)

*

z k = h ( x k ; k) + v k ;

(9b)

*

*

where x k is n-dimensional state vector, z k is m*
*
dimensional observation
vector,
and f and h are
*
*
nonlinear functions. w k and v k are the corresponding
process and measurement noise vectors. It is assumed
that the noise vectors are zero mean Gaussian white
with covariances given by Qk and Rk , respectively.
At any time index k, the estimation of state
*
vector is represented x^ k and the state covariance is
given by Pk . Since Pk is positive de nite, its Cholesky
decomposition is given by Pk = Sk SkT , where Sk is a
positive lower triangular matrix.
n + 1 sigma points are selected in three steps as
follows [21]:
1. Choose equal weights $i = 1=(n+1); i = 1; :::; n+1.
2. Construct scale vectors as:

p



i = n + 1 [i(i + 1)]
|

0:5 ; :::; [i(i + 1)] 0:5 ;
{z

}

i

(



i + 1 0:5
) ; 0| ; {z
:::; 0} :
i
n i

3. Sigma points are arranged in n  (n + 1) matrix,
*
k = 1 x^ k + Sk , where represents Kronecker
product.
Once the sigma points are chosen, they are propagated through the nonlinear dynamic system via:
ik+1=k = f (ik ; k);
(10)

where ik+l=k represents the ith column vector of the
matrix k+1=k (i = 1; 2; :::; n + 1). Then, the predicted
*
state vector x^ k+1 is computed as the weighted mean
of the predicted sigma points:
*
^

x k+1 =

nX
+1

ik+1=k $i :

i=1

(11)

Predicted Sk+1 (square-root of covariance Pk+1 ) will be
calculated using QR decomposition and the cholupdate
function as below [22]:


p

n+1
Sk+1 = qr [ $2 (2:
k+1=k

*
^

x k+1 )

Sk+1 = cholupdate(Sk+1 ; 1k+1=k

p



Q] ;

(12)

p

*
^

x k+1 ; $1 ):

(13)
Subsequently, the sigma point's matrix is reconstructed:
*
+ S :
(14)
 = 1 x^
k+1

k+1

k+1

Each of the predicted sigma points passes through the
observation model to produce:
=k+1 = h(ik+1 ; k):
(15)
The predicted measurement and square root of measurement covariance is:
nX
+1
*
^
Z k+1 =
=ik+1 $i ;
(16)
i=1

!

p
^
p
n+1 *
Sz;k+1 = qr [ $2 (=2:
Z k+1 ) R]
k+1

(17)

;

!

Sz;k+1=cholupdate

*
^
p
[Sz;k+1 ; =1k+1 Z k+1 ; $1 ]

:
(18)

Cross correlation matrix is determined by:
x k+1 z^k+1 =

P*

nX
+1
i=1

$i [ik+1=k

UKF gain is given by:


*
^

*
x k+1 ][=ik+1 z^ k+1 ]T :
(19)



T
Kk+1 = P*x k+1 *z k+1 =Sz;k
+1 =Sz;k+1 :

(20)

The update state mean is given by:
*
*
^
*
*
x^ k+1 = x^ k+1 + Kk+1 (Z k+1 Z k+1 ):

(21)

Square root of state covariance update is computed by:
U = Kk+1 Sz;k+1 ;
Sk+1 = cholup date(Sk+1 ; U; 1):

(22)
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4.2. Marginal Modi ed UKF (MMUKF)

To introduce MMUKF, the dynamic and measurement
systems described in previous sections are rewritten in
discrete-time form as:
*n
x k+1

= fkn ( x k ) + wkn ;

*l
x k+1

= Alk ( x k ) x k + wkl ;

*n

(23a)

*n *l

*

(23b)

*n *l

*n

Z k = hk ( x k ) + Ck ( x k ) x k + v k ;

where:
*

v k  N (0; Rk );
 n
Q

k

Qk = 0



n
k
wk = w
wkl



(23c)

 N (0; Qk );



0
Qlk :

*n

addition to the pertinent attitude dynamic states.
While the nonlinear part of the state vector consists
*n
*BI
*l
of x = [fqg ! MOI], linear part contains x =
* * *
[   b ], where MOI = [Ixx Iyy Izz Ixy Ixz Iyz ],
*
 = [1 2 3 ],  = [12 13 21 23 31 32 ], and
*
b = [b1 b2 b3 ].
Complete observability of the described system
demands satellite maneuver. In other words, in order
to estimate MOI and TAM parameters, persistent
excitation must be guaranteed. A constant body rate
vector or one with constant direction will not satisfy
this requirement. As one of the reference maneuver
trajectories, satisfying persistent excitation condition,
the following rate trajectory is proposed [15] and
utilized in this work:
*

*
*l

x is n1 -dimensional nonlinear part of state vector, x
is n2 -dimensional linear part of state vector (n1 + n2 =
*
n), z k is m-dimensional observation vector, and f ,
*
h*, Al and C are the nonlinear functions. w k and
v k are the corresponding process and measurement
noise vectors.
Similarly,
it is assumed that the noise
*
*
vectors w k and v k are zero mean Gaussian (white)
with co-variances given by Qk and Rk , respectively.
The pseudo code of the proposed MMUKF algorithm
is presented in Table 1.

5. Simulation studies
This section is devoted to the simulation and estimation of the parameters of dynamic and measurement
systems (as part of the augmented state vector), in
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! comm = #_

*

(1 cos(#))

2

*

*
_

*
_

 + sin(#);

3

sin(!1 t) sin(!2 t)
= 4cos(!1 t) sin(!2 t)5 ;
cos(!2 t)

# = at;

(24)

where:
a = 0:4 [rad=s]; !1 = 0:01 [rad=s];
!2 = 0:004 [rad=s]:

The reference maneuver trajectory is shown in Figure 1.
The overall maneuver time is 15 minutes. Required
control torque to implement this command is provided
using fuzzy self-tuning PID controller. Figure 2 depicts
time history of controller gains and Figure 3 shows the
time history of control torque components.

Table 1. The marginalized modi ed unscented Kalman lter.
1. Initialize for i = 1; :::; N = n1 + 1
"
# "
#
T
P0n 0
S0n S0n 0
*
^x n (0) = *
^x n , *
^x l (0) = *
^x l ,
P (0) =
=
;
0
0
0 P0l
0 P0l
2. Introducing weight and sigma points matrix
3. Time update
a) Nonlinear part: Eqs. (10)-(13)
b) Linear part:
*
^x l
^l
l*
k+1jk = Ak x kjk
Pk+1jk = Alk Pkjk (Alk )T + Qlk
4.Measurement update
a) nonlinear part: Eqs. (21) and (22)
b) linear part:
l
*
*
*
*l
^x l = *
x^ kjk 1 + Kk (Z k h k Ck x^ kjk 1 )
kjk
Pkjk = Pkjk 1 Kk Ck Pkjk 1
Kk = Pkjk 1 CkT (Ck Pkjk 1 CkT + Rk ) 1

S0n = chol(P0n ;0 lower0 )
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Table 2. Initial simulation conditions.
Initial true value
Initial estimated value

State

Angular velocity (rad/s)
Quaternion parameters

[0 -0.0011 0]
[-0.0739 -0.7032 -0.5495 -0.4450]
[200 50 -30
50 240 10
-30 10 100]
[5 -1 -2]e+4
[648 1296 972 648 -648 1296]
[1500 1000 500]

MOI (kg.m2 )
Scale factors (ppm)
Misalignments (arcs)
Bias (nT)

Element

[1e-3 -0.002 1e-3]
[0.4063 0.7592 -0.3573 -0.3617]
[160 20 -20
20 160 -20
-20 -20 160]
[0 0 0]
[0 0 0 0 0 0]
[0 0 0]

Table 3. Simulated LEO orbit properties.
Value
Element

Semi major axis (km)
Inclination (deg)
Argument of perigee (deg)

7078.145
70
0

Figure 1. Body angular rate command trajectory.

Figure 2. Time history on controller gains
(proportional-di erential-integral gains).

Eccentricity
Longitude of ascending node (deg)
Mean anomaly (deg)

Value
0.07
57
0

Figure 3. Time history of control torque components.
TAM and sun sensor noises are modeled as zero
mean Gaussian white with standard deviations of
50 nT and 1.8 , respectively. The geomagnetic eld
is modeled using 13th order IGRF 11 [23]. Table 2
shows initial conditions for the simulation. Initial
conditions to orbit simulation are also presented in
Table 3.
Measurement sampling interval is taken 0.2 sec.
Qnk is considered as diagonal matrix with diagonal elements equal to (1e 3)2 for body angular velocity and
zero for the other nonlinear states. Since parameters
are modeled as random constants, Qlk is a 12  12
diagonal zero matrix as well.
It is worth mentioning that the standard UKF
algorithm was also initially applied to simultaneous
PI, MSC and AD, but was subsequently replaced
by Modi ed UKF (MUKF), and then by Marginal
Modi ed UKF (MMUKF) to improve run time e-
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Table 4. Root mean square error of state vector.
Root mean square error
State
Root mean square error

Angular velocity (rad/s)

4e-3

Scale factors (ppm)

[250 200 2000]

Rotation angle (deg)

1.4

Misalignments (arcs)

[100 200 800 270 200 200]

MOI (kg.m2 )

[1.6 0.5 0.01
0.5 1.9 0.02
0.01 0.02 0.83]

Bias (nT)

[1 25 4]

Figure 4. Quaternion parameters estimation errors in
MMUKF with  3 error bounds.

ciency. Despite similar accuracy level of the three
algorithms, mean average run time of the MMUKF
over 10 simulations was only about 1615 sec, as opposed
to 3588 sec for the MUKF, and 4957 sec for standard
UKF. This indicates that the MMUKF has made a 68%
reduction in the run time relative to standard UKF,
and 55% relative to MUKF which is de nitely more
ecient and advantageous for online applications. This
problem is solved on a PC computer with 4 G RAM
and a CPU of 2.53 GHz.
To demonstrate the eciency of the proposed
MMUKF, the results of its Monte Carlo simulations
are presented. Figures 4 through 9 show estimation
errors of state vector (solid lines) along with 3
error bounds (dashed lines) taken from the covariance
matrix at every time step. This convergence veri es
good performance of the utilized algorithm and shows
that each variable has a di erent convergence time
constant. Figures 4 and 5 show that attitude and body
angular velocity estimation errors converge to within
their respective 3 value after only 40 sec that indicates
MMUKF is performing in a near optimal fashion.
Similarly, Figures 6 through 8 show convergence to
3 bounds in 60 sec for MOI estimation, 30 sec for
scale factors and 20 sec for misalignment parameters.
In contrast to fast convergence of the states and
mentioned system parameters, it takes about 300 sec

Figure 5. Body angular velocity estimation errors in
MMUKF with  3 error bounds.

Figure 6. Moments of inertia estimation errors in
MMUKF with  3 error bounds.

to have a converged bias estimation error. Table 4 also
summarizes the root mean square error of state vector.
It is notable that to calculate the attitude estimation
error, error quaternion is calculated rst as f qg =
q q^ 1 . Since the fourth elements of quaternion
is the scalar part; according to quaternion de nition
that q4 = cos(=2), and  is the rotation angle, error
estimation of rotation angle is  = 2 cos 1 (f qg4 ).

1458

M. Kiani and S.H. Pourtakdoust/Scientia Iranica, Transactions B: Mechanical Engineering 21 (2014) 1451{1460

6. Conclusion

Figure 7. Scale factors estimation errors in MMUKF
with  3 error bounds.

This paper has focused on concurrent Attitude Determination (AD), Parameter Identi cation of dynamic
system (PI) and Measurement Sensor Calibration
(MSC). Accordingly, moments of inertia tensor for the
attitude dynamic system, scale factor, misalignment
and biases of the Three-Axis-Magnetometer (TAM)
is recursively estimated based on central data fusion
of TAM and the sun sensor. As the governing
model of the considered problem is a mixture of
linear and nonlinear equations, or in other words a
partially linear problem, an advanced marginal unscented Kalman lter consisting of Kalman Filter (KF)
and a Modi ed Unscented Kalman Filter (MUKF) is
proposed and introduced as Marginal Modi ed UKF
(MMUKF). MMUKF is implemented as a robust tool
to reach acceptable accurate estimations. MMUKF
utilizes only 14 sigma points to estimate a full 25dimensional state vector, while standard UKF needs
52 sigma points and MUKF requires 26 sigma points
for the same problem. Application of MMUKF reduces the run time to about 68% with respect to the
standard UKF, while preserving the same accuracy
level.
Stability and success of the proposed system and
lter algorithm are demonstrated via a Monte Carlo
analysis for a LEO satellite. The achieved levels of
accuracy, through the proposed scheme, satisfy the
quali cation requirement of navigation, and control
subsystems of LEO satellites.

Nomenclature
*

Figure 8. Misalignments estimation errors in MMUKF
with  3 error bounds.

b
CD
IBB

fqg

r
S
*
! BI
*


c
*
d

v
*

Figure 9. TAM bias estimation errors in MMUKF with

 3 error bounds.




Bias vector (nT)
Drag coecient
Moment of inertia tensor in
body axes (kg.m2 )
Quaternion parameters
Orbital radius of the satellite (m)
Cross section area (m2 )
Angular velocity of body frame relative
to inertial frame (rad/s)
Total exerted torques (N.m)
Control torque (N.m)
Disturbance torque (N.m)
Air density (kg/m3 )
Magnitude of the satellite velocity
(m/s)
Scale factor
mmisalignment parameter
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[:]B

Quantity expressed in body
coordinate system
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