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COMPARISON OF SYSTEM IDENTIFICATION
TECHNIQUES FOR A SPHERICAL AIR-BEARING

SPACECRAFT SIMULATOR

Jana L. Schwartz† and Christopher D. Hall‡

Virginia Tech has developed a testbed comprised of two independent spher-
ical air-bearing platforms for formation flying attitude control simula-
tion, the Distributed Spacecraft Attitude Control System Simulator. The
DSACSS is intended to support a wide range of functions; as such, requiring
that all controllers be robust to approximations of the system parameters is
impractical. We document the process to determine an appropriate system
identification technique for an air-bearing spacecraft simulator. We present
an overview of many of the available techniques but focus on adaptations to
classical sequential filters. We document both accuracy and computation
time and conclude that further analysis of each filter type is necessary.

INTRODUCTION

In this paper, we document the process to determine an appropriate system identification technique
for an air-bearing spacecraft simulator. Previous efforts have relied only on batch techniques. We
begin with an introduction of Virginia Tech’s Distributed Spacecraft Attitude Control System Sim-
ulator (DSACSS) and its functionality. We present the equations of motion for this system and
demonstrate their dependence on the parameters. We document the process to obtain an initial
estimate for the parameters from a computer model and describe the batch techniques used to refine
these estimates.

The focus of this paper is a discussion of several sequential filters adapted to provides estimates of
both the states and the parameters. We develop the equations for these filters, describe the software
used to evaluate them, and compare the results in terms of both accuracy and computation time. For
the purposes of this study we use a simplified set of equations. We conclude that further evaluation
of each of the filters is necessary.

HARDWARE

Virginia Tech has developed a Distributed Spacecraft Attitude Control System Simulator (DSACSS),
which includes two independent spherical air-bearing platforms for formation flying attitude control
simulation. Both systems are Space Electronics, Incorporated, models: the smaller is a tabletop-
style bearing that can support a 300 lb payload, shown in the foreground of Figure 1. This system,
Whorl-I, can tilt ±5◦ from the horizontal and spin freely about the vertical (yaw) axis. Whorl-II
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is a dumbbell-style bearing (in the background of Figure 1) that can support a 375 lb payload. It
provides full freedom in both roll (about the longitudinal shaft axis) and yaw, with ±30◦ of freedom
about the pitch axis. Each air bearing is equipped with three-axis accelerometers and rate gyros
for attitude determination. Attitude control options include three-axis momentum/reaction wheels,
compressed air thrusters, and control moment gyros (CMGs). The payload’s center of gravity is
maintained at the bearing’s center of rotation via a triad of linear actuators; alternatively, attitude
control schemes by center of gravity placement can be investigated.

Figure 1: Virginia Tech’s Distributed Spacecraft Attitude Control System Simulator

The uniqueness of this system stems not from particular individual capabilities of either platform,
but rather the ability to implement distributed control laws between the two. Coupled with a
third, stationary system, the DSACSS provides an experimental facility for formation flying attitude
control simulation. In contrast, planar test facilities provide a motion base for testing control schemes
involving the relative position and relative motion between two bodies, but coordination in pointing is
difficult to replicate. The DSACSS testbed allows implementation of algorithms for relative attitude
control.1 Either of the two DSACSS air bearings can also be used independently for specialized
investigations of topics in the field of spacecraft attitude dynamics and control.

EQUATIONS OF MOTION

Accurate system identification of both the state vector of attitude quaternions and body angular
velocities, along with the nine-term parameter vector

Π =
{
I11, I12, I13, I22, I23, I33,mg rg1,mg rg2,mg rg3

}T (1)

is crucial for successful operation of the DSACSS. We model the system with respect to the reference
frame of an inertial laboratory as

q̇ = Q(q) ω (2a)

ω̇ = I−1
b

(
− ω×Ibω + gwheels + rthrusterj

×Fthrusterj + mg rg
×Rbl k̂

)
(2b)

where all quantities are measured in the body frame. We consider torques produced by momentum
wheels, thrusters, and the gravity torque incurred by the offset of the payload’s center of mass from
the air bearing’s center of rotation.
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The parameter vector, Π, does not enter into the kinematic (q̇) equation. Grouping the control
torques, the dynamic (ω̇) equation can be written such that it is clearly linear with respect to the
parameters:

gcontrol = Ibω̇ + ω×Ibω −mg rg
×Rbi k̂ (3a)

=
[
ω̇

]{
Ib

}
+

[
ω2

]{
Ib

}
−

[
q2

]
mg rg (3b)

=
[([

ω̇
]
+

[
ω2

])
,
[
q2

]]
Π (3c)

Equation 3a is a trivial rearrangement of Equation 2b. In Equations 3b and 3c we manipulate terms
in order to form matrices of the states multiplied by vectors of the parameters. Thus

[
ω̇

]
is a 3×6

matrix composed of elements that are functions of ω̇,
[
ω2

]
is a 3 × 6 matrix filled with quadratic

functions of ω, and
[
q
]

is a 3×3 matrix containing quadratic functions of the quaternions. The term{
Ib

}
is a vector of the six unique elements in the moment of inertia matrix, and mg rg completes

the parameter vector Π with the components of the center-of-gravity vector as in Equation 1. It is
clear from Equation 3b that the moments of inertia can be calculated given knowledge of the control
torques, the angular velocities, and their derivatives. The mass and center of gravity are coupled
and cannot be determined independently of one another; these terms are functions of the control
torques and the attitude only.

A PRIORI ESTIMATES

We obtained initial estimates of the parameters through mass properties analysis of a CAD model.
This model was of sufficient detail to include minor components and fasteners, but did not include
the wiring harness. A crude model of the wiring was added in order to determine the magnitude of
the error in the parameter initial conditions.

One way to confirm the validity of such a model is through a batch least squares technique. Such
schemes have been used successfully for the air-bearing spacecraft simulators at Georgia Tech2 and
the Air Force Institute of Technology.3,4 More robust batch techniques were used for the University
of Michigan’s5 and the Naval Postgraduate School’s6 systems. In each of these cases, agreement
between the CAD model and the batch estimator was demonstrated to be within a reasonable error
bound. However, the relationship of that error with respect to the physical system is unclear. As
the DSACSS is intended to support a wide range of functions — from undergraduates in lab courses
to graduate students’ research projects — requiring that all controllers be sufficiently robust against
rough approximations is impractical.

Proper application of a least squares method requires application of a control torque to provide a
persistent excitation to the system. We have not yet performed such a data collection maneuver.
Moreover, as we are interested in providing dynamic, real-time estimates of the parameters as they
vary (for example, the change in the center-of-gravity vector as propellant is depleted with thruster
firings) batch techniques appear limited in their usefulness.

CANDIDATE SEQUENTIAL FILTERS

The Extended Kalman Filter (EKF) is the most commonly used sequential filter for online estimation
of spacecraft attitude dynamics. A first-order nonlinear filter, its optimality cannot (as in the case
of the linear Kalman Filter7) be proven. However, the EKF is commonly successfully used to
provide state estimates of continuous-time, nonlinear dynamic systems from noisy, discrete-time
measurements. Attempts to address the first-order approximation shortcomings of the EKF —
which can lead to instability of the filter — are not new.8–13
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Estimation of spacecraft attitude via an EKF poses an additional challenge due to the numerical
complexities associated with common attitude representations, e.g., singularities associated with
Euler angle representations or normalization of the quaternion. Work on mitigating these issues has
been well documented; references cited here are provided only as a sampling of the literature.14–17

More recent proposed improvements to the EKF have branched out into two areas of research. The
two branches offer improved performance against different sources of error.18 One technique seeks to
improve the convergence of the first-order filter by iterating at the measurement update step. These
Iterated Extended Kalman Filters (IEKF) reduce the effective measurement noise. As such, they
can be more tolerant to process noise and errors in initial conditions. Iterating in the measurement
step also provides robustness against the first-order approximations of the derivatives.18,19

The second family of modified nonlinear filters improve performance by eliminating the Jacobian
representation of the derivatives. These filters can yield drastically improved behavior beyond the
convergence of the EKF for the same order of floating point operations (flops). This class of filters,
termed the Linear Regression Kalman Filters (LRKF), are beyond the scope of this paper but
are included here for completeness.18,20–34 Some of these techniques have been further enhanced to
capitalize on the improvements obtained through iteration in the IEKF and apply similar techniques
to these higher-order filters.

The Unscented Kalman Filter (a member of the LRKF family) has recently been documented in its
application to spacecraft attitude and orbital dynamics; such applications are unusual in a literature
dominated by theory papers and neural network applications.35,36

Filter Equations

Although we have not developed any new filtering equations in this work, some of the filters we are
applying are uncommon in the field of spacecraft attitude dynamics and control or are being applied
in new or atypical ways. A brief overview of the filter equations is included for completeness.

Extended Kalman Filter

The family of Kalman Filters can be developed in both continuous- and discrete-time forms. We make
use of a hybrid set of equations that are continuous in the process and discrete in the measurement.

The time-update step for the continuous / discrete EKF is

˙̂x(t) = f
(
x̂(t),u(t),Π, t

)
(4)

Ṗ(t) = F(t)P(t) + P(t)F(t)T + Q(t) (5)
ỹk = h(xk) (6)

where the first-order Jacobian approximation to the derivative of the process equation is

F(t) ,
∂f
∂x

∣∣∣
x(t)=x̂(t)

(7)

and the model is initialized with the expected value of the initial state and its predicted error is

x̂(t0) = x̂0 (8)

P0 = E
{(

x(t0)− x̂0

)(
x(t0)− x̂0

)×}
(9)

The first order approximation to the ideal (linear) Kalman Gain is calculated by

Kk = P−
k H−

k
T
[
H−

k P−
k H−

k
T + Rk

]−1

(10)
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where

H−
k ,

∂h
∂x

∣∣∣
xk=x̂−k

(11)

The Kalman Gain is used in the measurement-update step for both the state vector and its covariance
matrix as follows

x̂+
k = x̂−k + Kk

[
ỹk − h(x̂−k )

]
(12)

P+
k =

[
1−KkH−

k

]
P−

k (13)

Note that the innovations process, zk = ỹk − h(x̂−k ), is evaluated at the time-update value of the
state.

Iterated Extended Kalman Filter

The Iterated Extended Kalman Filter (IEKF) is initialized identically to the EKF; the time-update
is also performed in the same way. The IEKF differs in the measurement-update step: the iterated
filter updates the state and its covariance, then linearizes about this new point and cycles until the
the measurement update of the state (Equation 16) converges to some value or exceeds a maximum
number of iterations. That is, the innovations process for the IEKF is ultimately evaluated about
the measurement-update value of the state. Equations 10–13 are modified to

Kk = P−
k H+

k
T
[
H+

k P−
k H+

k
T + Rk

]−1

(14)

H+
k ,

∂h
∂x

∣∣∣
xk=x̂+

k

(15)

x̂+
k = x̂−k + Kk

[
ỹk − h(x̂+

k )
]

(16)

P+
k =

[
1−KkH+

k

]
P−

k (17)

Coupled Sequential Parameter Estimation

The simultaneous estimation of states and parameters is not a new problem. Techniques particularly
applicable to spacecraft applications capitalize on the work done to couple attitude estimation.37,38

However, this work produced time-consuming, batch-estimation techniques not desireable for our
application.

There are two simple extensions that can be applied to any Kalman Filter. These techniques —
joint and dual filtering — use an analogous filter to estimate the parameters concurrently with
the states. The joint method is the simpler of the two to conceptualize: the parameter vector of
interest is simply appended onto the true state vector. The time-update for the latter portion of the
augmented state vector allows no changes beyond the effects of process noise (i.e., the parameters
should be constant) but the entire augmented covariance matrix is propagated as one.19,20,39,40 The
dual filtering technique intertwines a pair of distinct sequential filters, one estimating the true states
and the other estimating the parameters.31,40–46

Joint Filtering

The joint filter is initialized with

x̂aug(t0) =
[
x̂T

0 , Π̂
T

0

]T

(18)

Paug0 = E
{(

xaug(t0)− x̂aug0

)(
xaug(t0)− x̂aug0

)T
}

(19)
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with a time update step of

˙̂xaug(t) =
[

f(x̂(t),u(t), Π̂, t)
0

]
(20)

The actual filtering equations are as above.

Dual Filtering

The Dual Filtering equations are analogous to the state filtering equations. The time-update equa-
tions are the trivial (constant) case, provided here in discrete time form

Π̂
−
k = Π̂

+

k−1 (21)

PΠ
−
k = PΠ

+
k−1 + QΠk−1 (22)

There are several techniques for choosing the parameter process-noise matrix, QΠ. We are using
the “forgetting factor” technique, where

QΠk , (λ−1 − 1)PΠ
+
k (23)

PΠ
−
k = PΠ

+
k−1 + (λ−1 − 1)PΠ

+
k (24)

= λ−1PΠ
+
k−1 (25)

The memory constant λ ∈ (0, 1]; λ is typically in the range from 0.997− 0.999.42

The Kalman Gain and associated measurement-update equations for the parameter EKF are

KΠk
= P−

Πk
ET

k

[
EkP−

Πk
ET

k + RΠk

]−1

(26)

Π̂
+

k = Π̂
−
k + KΠkek (27)

The innovations process of a dual filter can be conceptualized as the error in the equation of interest.
To determine the parameters of an arbitrary system of equations, the error, e, and its Jacobian
matrix (with respect to the parameters, Π), E, are defined as

ek = dk −Gk (28)

Ek = − ∂e
∂Π

∣∣∣
Π=Π̂

−
k

(29)

To learn the parameters that dictate the state dynamics, dk → ˙̂x(tk) and Gk → f(x̂k, Π̂k), yielding
first-order approximate equations of

ek =
x̂+

k − x̂+
k−1

tk − tk−1
− f(x̂+

k , Π̂
−
k ) (30)

Ek =
∂f(x̂+

k , Π̂
−
k )

∂Π

∣∣∣
Π=Π̂

−
k

(31)

The measurement-update equations could be recast in terms of the IEKF framework by iterating to
evaluate the error vector of Equation 30 and its Jacobian (Equation 31) with the updated parameters.
We have not developed this technique in this paper.

SEQUENTIAL FILTER ANALYSIS

At the core of each of the DSACSS platforms is a PC/104+ form-factor computer. Each computer
includes a 32-bit 133MHz Tri-M MZ104+ ZFx86 processor with 64MB of RAM. The operating sys-
tem (a lean, customized version of Slackware Linux) and command software is stored on a 288MB
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DiskOnChip solid-state memory device. Operational software is written in C++ with lower level
software written in C for reasons of efficiency. Due to the relatively slow clock speed of the com-
puters, computation time could become an operational constraint. As such, we do not want to
load the processor with unnecessarily complex algorithms. We seek a balance between accuracy and
computation time for effective state estimation.

Open Source Software Projects

The operational code and additional simulation tools for DSACSS laboratory work are maintained
in a pair of open source software projects freely available for use. All DSACSS operational code,
including filters and controllers, are contained in the DSACSS-Ops project. A diverse collection of
simulation tools for both orbital and attitude dynamics are housed in an Open Source, Extensible
Spacecraft Simulation and Modeling Environment Framework, Open-SESSAME.47,48 The purpose
of these software projects is to provide a development framework both for simulation and operation
that is easy to use, maintain, and expand upon.§

Simplified Equations of Motion

For the purposes of this investigation, we elected not to evaluate the full equations presented earlier.
For simplicity and ease of analysis, we have restricted the area of interest of this study to the
standard form of Euler’s rotational motion equation:

ẋ(t) = I−1
b

(
− x(t)×Ibx(t)

)
(32)

where Ib need not be diagonal. Considering only the measurements from the rate gyros yields a
measurement equation of

ỹk = x(tk) (33)

The Extended Kalman Filter requires evaluation of the process- and measurement-equation Jacobian
matrices with respect to the states. For the case of full-state-feedback the measurement Jacobian is
the identity matrix. The process Jacobian also reduces to a simple form but is worth some additional
consideration, provided in the next section.

Evaluation of the Process Jacobian

For the purposes of this derivation we return to the full equations of motion presented in Equation 2.
In this case,

F(t) ,
∂f
∂x

∣∣∣
x(t)=x̂(t)

(34)

=

[
ω4× 1

2Q(q)

mg rg
× ∂Rbl k̂

∂q I−1
b

(
− ω×Ib +

(
Ibω

)×) ]
(35)

where ω4× is a 4× 4 skew-symmetric matrix of the angular velocities,

ω4× ,

[
ω× ω
−ωT 0

]
(36)

the Q(q) matrix is as in the original process equation (2a), and

∂Rbl k̂

∂q
= 2

 q3 −q4 q1 −q2

q4 q3 q2 q1

−q1 −q2 q3 q4

 (37)

§Please see http://dsacss.sourceforge.net and http://spacecraft.sourceforge.net for additional information
on the open source software projects.
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The complaint of having to compute the process Jacobian matrix at each timestep is twofold. Cer-
tainly it is computationally expensive. However, this closed-form solution provides a simple and
precise means of performing the calculation. Moreover, noting the quadrant-wise definition allows
us to make use of pre-calculated matrices already stored in memory. It should be noted that no
amount of creative algebra will compensate for the first-order approximations of the derivatives in
the standard EKF. This formulation will not effect the convergence of a filter for a highly nonlinear
system.

For the simplified form of the equations used in this investigation only the lower right quadrant of
the Jacobian matrix is applicable, thus

F(t) = I−1
b

(
− x(t)×Ib +

(
Ibx(t)

)×)
(38)

RESULTS

We evaluate eight filters in this study. Baseline cases for both the EKF and the IEKF are evaluated
with the true value of the parameters. Realistic cases for each are evaluated with the expected value
of parameters — representative of the real-world case. Joint estimation schemes are run for both
the EKF and the IEKF. We ran two dual state-parameter filters: an EKF-EKF and an IEKF-EKF.
Values for both the true and expected moment of inertia matrices are shown in Table 1. Recall that
the expected values were obtained from the nominal CAD model. The true values are based on an
augmented CAD model, updated to include a simple model of the wiring harness.

Table 1: True and Expected Values of the Moment of Inertia Matrix

True Expected 6.5 −0.5 0.5
−0.5 5.5 0.0
0.5 0.0 10.5

  5.5 0.5 0.5
0.5 5.5 0.5
0.5 0.5 9.5



Tuning

We begin this investigation by evaluating the behavior of the basic EKF and IEKF with variation of
the process- and measurement-noise tuning parameters, Q(t) and Rk. As indicated by the notation,
these gains can be varied in time; we choose to hold them constant. Note that the process noise
matrix is not constant in time for the parameter portion of the dual filters; see Equation 23 for
explanation. The noise matrices are constrained to be diagonal. Because the system only includes
one type of state and one type of sensor the diagonal terms are held consistent. That is, these
matrices are entirely characterized by a single number. These constants are varied far beyond
reasonable values in an attempt to get the filters to diverge.

Figures 2 and 3 show the behavior of the EKF and IEKF with variation of the noise matrices. Each
plot displays the moving average of the l2 norm (root-sum-square) of the state error. Development
of this style of plot is discussed later.

Each plot shows the traces of five filters run with a wide range of process or measurement noise
constants. The process noise constant is varied from 0 to a very large ( 1015) value. The measurement
noise constant is varied by adjusting the gyro error from 0 to 100 and choosing the constant to be
the gyro standard deviation: the gyro error normalized by

√
2.

The filters running with the true values of the parameters converge regardless of the value of the
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noise constants. Interestingly, the EKF calculates lower state errors for several sets of noise constants
than the IEKF. However, the convergence of each of the filters displayed in Figure 2 is acceptable;
note that this set of filters is initialized with the true value of the parameters, so such stability is to
be expected.

The behavior of the converging filters in Figure 3, those with the real-world, expected value of the
parameters, is identical to that of the corresponding true-parameter filters. An offset in the param-
eters effectively acts as process noise, thus those filters with unnaturally-low process noise constants
diverged. Similarly, filters with high measurement noise constants were unable to compensate for
the process error. The IEKF was more stable under variation of the measurement noise than the
EKF; both were equally susceptible to process noise. Improved convergence of the IEKF despite
poor representation of the measurement noise is reasonable as the IEKF mitigates the effect of sen-
sor errors by iterating to nearly a 0 = 0 case within which the value of the Kalman Gain matrix is
largely irrelevant.

All subsequent filters are run with both the process noise and the gyro noise constants held at 0.1; all
of the above filters converged with these values. However, the uniform behavior of these two groups
of filters is indicative of a problem further illustrated in later tests: the difference between the true
and expected values of the parameters is too small for this analysis to yield compelling results.

Convergence to State Vector

The measurements for the simulation are generated by propagating the exact equations of motion
and adding Gaussian white random noise at a maximum amplitude of 10% of the state. As shown
in Figure 4, the EKF initialized with the true parameter vector reduces this variation in noise
appreciably. Figure 5 clarifies this improvement, indicating a filter noise band of 1.5%. All three
states behave similarly. Initial convergence behavior of the filters is not shown; the different filter
types display a variety of initial dynamics but this transient regime is of little importance in our
application. All of the filters behave in a similar manner in the steady-state, thus these plots are
not repeated for the other cases.

Convergence to Parameter Vector

One interesting conclusion of this work is that the joint filter for this set of equations is degenerate.
Because the measurement equation provides direct feedback for the true state and no feedback into
the parameters the joint filter is unable to vary the parameters. Regardless of the process noise
assigned to the parameter terms the zeros of the measurement Jacobian matrix force the parameters
to be held constant at their initial values.

The dual filters are successful in varying the parameters. The response of the parameters in the
dual EKF-EKF is shown in Figure 6. The error in the parameters is presented as an absolute
error in Figure 7. The dual filters are unable to overcome the bias dictated by the parameter initial
conditions; the parameters typically vary by±0.5kg-m2. As noted above, future investigations should
evaluate the performance of the dual filters with less-accurate expected values of the parameters.

Filter Performance Comparison

The raw error of the state and parameter vectors is prohibitively high-frequency for useful graphical
comparison among filters. We have simplified their appearance by taking a moving average of the l2
norm (root-sum-square) of the state- and parameter-error vectors (Figures 5 and 7, respectively). A
30-term moving average provides adequate smoothing with a reasonable loss of data quality for the
state error. The most drastic loss of information caused by smoothing is an obvious representation
of the maximum value of the errors: note that the state error consistently spikes to 1.5% in Figure 5

10



-0.4

-0.3

-0.2

-0.1

 0

 0.1

 0.2

 0.3

 0.4

 300  350  400  450  500

S
ta

te
, [

ra
d/

s]

Time, [s]

Figure 4: State Behavior for the Ideal EKF

 0

 0.5

 1

 1.5

 2

 2.5

 3

 300  350  400  450  500

%
E

rr
or

Time, [s]

Figure 5: State Percent Error for the Ideal EKF

11



 0

 2

 4

 6

 8

 10

 300  350  400  450  500

P
ar

am
et

er
s,

 [k
g-

m
^2

]

Time, [s]

Figure 6: Parameter Behavior for the Dual EKF-EKF

 0

 0.5

 1

 1.5

 2

 2.5

 3

 300  350  400  450  500

P
ar

am
et

er
 E

rr
or

, [
kg

-m
^2

]

Time, [s]

Figure 7: Parameter Absolute Error for the Dual EKF-EKF

12



while the smoothed line in Figure 8 remains below 1.25%.

Note that Figure 8 presents the state error root-sum-square moving average for all eight filters. How-
ever, only two distinct curves are visible, and these curves are only negligibly different. Specifically,
the four EKF cases perform marginally better than the four IEKF cases regardless of parameter
initial conditions or variation. Thus we can conclude that all of the filters perform to the same
level of convergence for this set of noise constants. Moreover, all filters converge to a state error of
less than 1.5%: for this simplified system, at least, parameter identification provided no additional
performance. Again, greater variation in the parameters demands investigation.

As shown in Figure 9, the dual EKF-EKF and IEKF-EKF techniques yield different (but comparable)
estimates for the parameters. The primary difference between the two curves is that the IEKF-EKF
curve is substantially more erratic. These errors are smoothed with a moving average of 5 points; the
persistently jagged nature of the smoothed IEKF-EKF curve indicates a much higher step-to-step
variation of the estimates. Recall that in this dual filter the state is estimated with an IEKF while
the parameters use an EKF. The IEKF typically yields a larger magnitude measurement update
for the state, thus the error function for the dual filter is equivalently larger, resulting in greater
parameter variation.
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Figure 8: Moving Average for State Error, all filters

Given the filters’ near-identical performance with respect to state calculation, the other available
metric for comparison is filter computational time. This data is presented in Table 2. The IEKF
converges to a tolerance of 10−3 within 10 iterations at each timestep. Most time steps required less
than five iterations thus the IEKF did not require appreciably more computation time. Notably, the
dual filters also required only an acceptably small increase in computation time. The joint filters,
however, require a great deal of additional computation time; this is due to integrating the entire
augmented state, an algorithm which could be substantially improved if warranted by estimation
performance in future studies.
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Figure 9: Moving Average for Parameter Error, Dual EKF-EKF and Dual IEKF-EKF

CONCLUSIONS

The intent of this work was to determine some subset of the filters under analysis for further evalu-
ation with the complete equations of motion for the DSACSS platforms. However, the eight filters
yielded such similar performance that any selections at this point would be premature. Some aux-
illary conclusions can be made, however. We presented a closed-form solution of the state Jacobian
matrix. Although this formulation does nothing to resolve the first-order approximation inherent in
the derivation of the EKF, it is more accurate and computationally efficient than a finite different
approximation. We have shown the joint filter is not numerically robust; it provided no variation of
the parameters for our system. The EKF and IEKF demonstrated similar robustness under variation
of the noise parameters. More detailed analysis of the behavior of these filters is required.

Table 2: Comparison of Run Times

Filter Total Run Time [%] Time Per Step [ms]
Ideal EKF 100% 42.15
Practical EKF 99.8% 42.08
Ideal IEKF 100.1% 42.20
Practical IEKF 99.1% 41.76
Joint EKF 124.2% 52.34
Dual EKF 106.9% 45.05
Joint IEKF 122.3% 51.55
Dual IEKF 109.8% 46.26
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