NASA/TM-20240001235

Iterated Sigma-Point Kalman
Filtering for Trajectory Reconstruction

Sophia Vedvik
University of Minnesota, Minneapolis, Minnesota

Christopher D. Karlgaard
Analytical Mechanics Associates, Hampton, Virginia

March 2024



NASA STI Program Report Series

Since its founding, NASA has been dedicated to the
advancement of aeronautics and space science. The
NASA scientific and technical information (STI)
program plays a key part in helping NASA maintain
this important role.

The NASA STI program operates under the auspices
of the Agency Chief Information Officer. It collects,
organizes, provides for archiving, and disseminates
NASA’s STI. The NASA STI program provides access
to the NTRS Registered and its public interface, the
NASA Technical Reports Server, thus providing one
of the largest collections of aeronautical and space
science STI in the world. Results are published in both
non-NASA channels and by NASA in the NASA STI
Report Series, which includes the following report

types:

e TECHNICAL PUBLICATION. Reports of
completed research or a major significant phase of
research that present the results of NASA
Programs and include extensive data or theoretical
analysis. Includes compilations of significant
scientific and technical data and information
deemed to be of continuing reference value.
NASA counterpart of peer-reviewed formal
professional papers but has less stringent
limitations on manuscript length and extent of
graphic presentations.

e TECHNICAL MEMORANDUM.
Scientific and technical findings that are
preliminary or of specialized interest,
e.g., quick release reports, working
papers, and bibliographies that contain minimal
annotation. Does not contain extensive analysis.

e CONTRACTOR REPORT. Scientific and
technical findings by NASA-sponsored
contractors and grantees.

e CONFERENCE PUBLICATION.
Collected papers from scientific and technical
conferences, symposia, seminars, or other
meetings sponsored or
co-sponsored by NASA.

e SPECIAL PUBLICATION. Scientific,
technical, or historical information from NASA
programs, projects, and missions, often
concerned with subjects having substantial
public interest.

e TECHNICAL TRANSLATION.
English-language translations of foreign
scientific and technical material pertinent to
NASA’s mission.

Specialized services also include organizing
and publishing research results, distributing
specialized research announcements and feeds,
providing information desk and personal search
support, and enabling data exchange services.

For more information about the NASA STI program,
see the following:

o Access the NASA STI program home page at
http://www.sti.nasa.gov

e  Help desk contact information:

https://www.sti.nasa.gov/sti-contact-form/
and select the “General” help request type.




NASA/TM-20240001235

Iterated Sigma-Point Kalman
Filtering for Trajectory Reconstruction

Sophia Vedvik
University of Minnesota, Minneapolis, Minnesota

Christopher D. Karlgaard
Analytical Mechanics Associates, Hampton, Virginia

National Aeronautics and
Space Administration

Langley Research Center
Hampton, Virginia 23681-2199

March 2024



The use of trademarks or names of manufacturers in this report is for accurate reporting and does not
constitute an official endorsement, either expressed or implied, of such products or manufacturers by the
National Aeronautics and Space Administration.

Available from:

NASA STI Program / Mail Stop 050
NASA Langley Research Center
Hampton, VA 23681-2199



wbaize
Sticky Note
Unmarked set by wbaize


Abstract

Two second-order Kalman filtering methods are added to the New Statistical Trajec-
tory Estimation Program (NewSTEP). The two filters are of the class of Sigma-Point
Kalman Filters, namely the Unscented Kalman Filter and the Divided Difference
Filter. Both filters are implemented with an iterative measurement update step.
Results from simulation test case and a flight data test case are provided to show
the filter performance. The results indicate that the new second-order filters pro-
duce trajectory estimates with reduced uncertainties when compared to the existing
first-order filtering method.

Nomenclature
ﬁAz = First-order divided difference operator
DZAZ = Second-order divided difference operator
E = Expectation operator
f = Filter process model
h = Divided difference interval factor
h = Filter measurement model
H = Statistical linearization of h
i = Iteration index
I = Identity matrix
J = Sigma point index
k = Integer time index
K = Kalman gain
L = Length of ¢
Ty = Length of v
Ny = Length of x
D = Matrix column index
P = State covariance
P* = Augmented state covariance
P,, = State-residual covariance
P,, = Residual covariance
Q = Process noise covariance
R = Measurement noise covariance
s = Column of a S matrix
Sy = Cholesky factor of Q
Sy = Cholesky factor of R
S = Cholesky factor of P
S 9} = First-order divided differences of f with respect to v
S é%) = Second-order divided differences of f with respect to v
S 5,}92 = First-order divided differences of f with respect to «
S 5521) = Second-order divided differences of f with respect to @
Sélu)) = First-order divided differences of h with respect to w



Sz(ﬁl)) = Second-order divided differences of h with respect to w
S&U) = First-order divided differences of h with respect to x
Séi) = Second-order divided differences of h with respect to @
Filter inputs

Time, s

Process noise
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w® = Covariance weighting
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Mean weighting

Measurement noise

= Filter state

Augmented filter state

Augmented state sigma point

State sigma point corresponding to v
State sigma point corresponding to x

= Measurements

Measurement sigma point

Linear transformation of «

Unscented Kalman filter tuning parameter
Unscented Kalman filter tuning parameter
Differential operator

= Unscented Kalman filter tuning parameter
Unscented Kalman filter scaling parameter
Differential operator
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Abbreviations

ASPIRE = Advanced Supersonic Parachute Inflation Research Experiment
CKF = Cubature Kalman Filter

DDF = Divided Difference Filter

GEOS = Goddard Earth Observing System

GPS = Global Positioning System

IDDF = Iterated Divided Difference Filter

IEKFS = Iterated Extended Kalman Filter-Smoother
ISPKF = Iterated Sigma Point Kalman Filter

TUKF = Iterated Unscented Kalman Filter

IMU = Inertial Measurement Unit

INS = Inertial Navigation System

NewSTEP = New Statistical Trajectory Estimation Program
POST2 = Program to Optimize Simulated Trajectories II
SPKF = Sigma Point Kalman Filter

STEP = Statistical Trajectory Estimation Program
UKF = Unscented Kalman Filter



1 Introduction

Trajectory reconstruction is typically one of the first steps in evaluating the per-
formance of vehicles from flight missions, including both flight test and operational
programs. The reconstructed trajectory can be used to help evaluate pre-flight
models, such as aerodynamics and atmosphere, and can be used to determine the
as-flown characteristics of the vehicle. The reconstructed data can be used improve
modeling capabilities to inform and improve future missions.

The reconstruction process usually involves a statistical estimation technique.
NASA has developed a Kalman filter approach for solving trajectory reconstruction
problems, with a history dating initially to the mid 1960s with the development of
the Statistical Trajectory Estimation Program (STEP) [1,2]. STEP made use of a
linearized Kalman filter method for reconstructing the trajectory of flight vehicles,
based on Inertial Measurement Unit (IMU) as the process model, and ground-based
radar tacking observations, to correct the state predictions based on the Kalman
filter method.

An effort was made in the early 2000s to modernize the STEP code, resulting in
an Iterative Extended Kalman Filter-Smoother (IEKFS) tool that is known as the
New Statistical Trajectory Estimation Program (NewSTEP) [3,4]. The moderniza-
tion included a new code base implemented in Matlab, an improved filter algorithm
based on the IEKFS approach, and support for many other types of measurement
data sources such as Global Positioning System (GPS), atmosphere and atmosphere-
relative measurements such as those produced by air-data sensors, magnetometers,
altimeters, and other sources.

The IEKFS makes use of linearized approximations to solve the sequential op-
timal filtering problem. These linearizations can form poor approximations of the
underlying dynamics when the system is highly nonlinear and/or the filter initial
conditions are grossly inaccurate. In these situations, results from the IEKFS can
be inaccurate or even divergent [5,6].

Second-order filters have been developed that can more accurately approximate
the system dynamics and thus improve on filter performance in cases where the
linearizing assumption can be problematic. The second-order Gaussian filter was
introduced in [7] and shown to have superior performance compared to the first-
order Kalman filter for a vehicle tracking problem. The second-order Gaussian filter
performs well, but the performance comes at a cost in implementation as it requires
analytical expressions for the Hessian matrices of the dynamics and measurement
models.

The class of Sigma-Point Kalman Filters (SPKF) was introduced in several pa-
pers during the late 1990s [8-11]. These filters use a cluster of points propagated
through the nonlinear transformations to approximate the system dynamics rather
than relying on linearization. The resulting filters have second-order accuracy and
also have the benefit of not requiring any partial derivatives of the dynamics. The
two main subclasses of the SPKF are the Unscented Kalman Filter (UKF) [8,9]
and the Divided Difference Filter (DDF) [10,11]. These two filters are derived from
different principles: The UKF is based on a sampling approach to approximate prob-
ability density functions, and the DDF is based on multi-dimensional interpolation



formulas to approximate the nonlinear process and measurement models. The re-
sulting filters are nearly identical in structure and performance, and both have been
shown to be superior to the usual first-order Kalman filter methods in numerous
applications. Some relevant examples include time series estimation [12], ballistic
missile tracking [13], blended Inertial Navigation Systems (INS) with GPS architec-
tures [14], spacecraft attitude estimation [15,16], spacecraft orbit determination [17],
and spacecraft rendezvous relative navigation [18]. Applications to trajectory recon-
struction problems have been investigated in [19,20].

This paper describes the implementation of both the UKF and the DDF to the
NewSTEP trajectory reconstruction code. Both filters are implemented with an
iterative measurement update step to further improve performance. Chapter 2 de-
scribes the mathematical formulation of the proposed filter methods. Chapter 3
provides the results of sample trajectory reconstruction problems. The first of these
problems is a simulated test case in which the “truth” states are known for compar-
ison. The second case involves real flight data as inputs to the newly implemented
filters. Truth data is not known in the second test case, but performance of the
filters are explored with measurement residuals in comparison to the reconstruction
performed by the IEKF.

2 TIterative Sigma-Point Kalman Filters

This chapter describes the two classes of sigma point Kalman filters implemented
for the trajectory reconstruction problem: the Iterative Unscented Kalman Filter
and the Iterative Divided Difference Filter. As with the IEKF implementation in
NewSTEP, both SPKFs are implemented as a fixed-interval smoothing problem,
with a forward and backward pass through the data combined with a Fraser-Potter
smoother as described in [3,4].

The filter dynamics and measurement models in NewSTEP are of the form

Tht+1 = f ($k,'llk,’vk,tk) (1)
Y = h (@p, ug, ti) + wy (2)

where x is the filter state, y are the measurements, u are known inputs, v are zero-
mean process noise inputs with covariance @, and w are zero-mean measurement
noise inputs with covariance R. The index k is an integer time counter. The function
f represents numerical integration of the continuous-time equations of motion from
time tj to tx41, and the function h relates the states to the measurements at time
th.

2.1 Iterative Unscented Kalman Filter (IUKF)

Let the quantities &;_; and IA—"k,l be the state estimate and state estimate error
covariance matrix at time ¢;_1, respectively. Additionally, let vi_; and Q;_; be
the process noise and process noise covariance matrix at time ¢x_;. The state and
process noise are augmented as Zj_;. Thus, at time t;_;, the augmented a priori



state and covariance estimate are the following

. Tp—1
Th 1=
- P,y 0
PZ—l = [ ]
0 Qi
Defining the length of the state vector &;_; to be n, and length of the process
noise vector to be n,, the new length of the augmented vector is L = n, + n,.
= a
To perform the Unscented Transform, using &j_; and P;,_,, a fixed number of
sigma points are chosen to be propagated through the nonlinear system model [8,9].
The matrix of L x (2L + 1) sigma points is formed by

&, @+ (\/(L + ) Pz_l)jZLJ (4)

where A is a user defined scaling parameter and (x); denotes the jth column of the
square root of the augmented covariance matrix. The matrix square root is typically
computed as a Cholesky factor [21].

Each sigma point is then propagated to time step t; using the given nonlinear
process model

3)

oa
Xk—1:

X;:,k =f (X;C,k—lvuk—laX;)’k_l) 3 =0,...,2L (5)

where the subscript j denotes the jth sigma point, j = 0...2L, and superscripts
'z’ and ’v’ indicate the state and process noise portions of the sigma point vector,
respectively.

After the Unscented Transform has been applied, the prior state estimate and
covariance are calculated using a weighted average

(m)

where the weights w; and w'

; are given by

w™ = A(L+))

wi = M\/(L+X) +(1—a®+B) (7)
m_, (e _ 1 -
w; =w; = RSN j=1,...,2L

The variables o and 8 are tuning parameters. The scaling parameter X is de-
fined as A = a2 (L + k) — L, where & is another tuning parameter. Some common
parameter settings and derived quantities are shown in Table 1 [22,23], where CKF



is the Cubature Kalman Filter [24]. Note that negative values of A can lead to
numerical errors that cause the covariance estimate to become non-positive definite.
This error can be rectified by forming the covariance estimate around the nominal
sigma point, X 37,{, rather than the sample mean, &;. This approach is known as the
modified UKF [8,25]. A nearest-positive-definite matrix solution method [26] can be
used in the event of other numerical errors that arise to yield a non-positive-definite
covariance.

Table 1: Common UKF Tuning Parameter Settings
Parameter UKF1 [8] UKF2 [12] CKF [24]

o V/3/L 1073 1

B 3/L—1 2 0

K 0 0 0

A 3—-L L(10°%-1) 0
VL + A V3 107*VL VL

w(™ 1-L/3  1-10° 0

Using the prior state estimate, a new set of sigma points are generated before
going onto the iterative measurement update. With the new sigma points, each are
propagated through the output estimate model as the following

Vi~ (X Xy) = 0.2 ®

The superscript ¢ denotes the iteration index. Using the output estimate sigma
points and variable weights defined in (7), the predicted measurement and associated
covariances are calculated as

o= D WX~ &Y, — g

The measurement is then applied as a corrective update to the prior time esti-
mate as the following [22]

K, =P, (P,)"!
Hj = (P.)"(Py)~! (10)
& =2+ K (y, — y), — Hi(z — 21))

where the initial value for & is initial set to the prior time estimate of the state. If
the difference between @}’ and &}, is greater than the specified iteration termination



tolerance, a new set of sigma points is generated using :fv,i“ as the desired specified
value. The state covariance P}, stays the same between iterations. Once the iteration
termination criteria is reached, the final posterior estimate is the following

&y =2,

, o o - (11)
P,=(I-K.H,)P,(I-K,H})" + KR, K"

where I is an identity matrix. The time step is then set to tx11 and &g, Pk are
augmented with process noise before creating sigma points for the next time step.

2.2 Iterative Divided Difference Filter (IDDF)

In addition to the TUKF, there is another nonlinear estimator that does not rely
on linear approximations. This is the Divided Difference Filter, which is derived
using a multidimensional extension of Stirling’s interpolation formula [10,11]. No
derivatives are needed, only function evaluations subsequently used in interpolation
formulas.

2.2.1 Stirling’s Interpolation Formula and DDF Operators

Consider a general nonlinear function

y = f(z) (12)

It is assumed the random variable & has a Gaussian density with a mean & and
covariance P,. The DDF begins by introducing a linear transformation of the
states ©
z=S'z
- (13)
Y= f(S$Z) - f(z)
where the transformation matrix S, is defined as a square Cholesky factor of the
state covaraince matrix P, such that P, = S;,;SZ:. This transformation makes the
elements of z mutually uncorrelated with unit variance.
Applying the multidimensional Stirling interpolation formula about the new
transformed mean, Zz, up to the second-order term can be approximated as

y~ F(z)+ Daf+ ;DA F (14

with the divided difference operators Da. f and 132&2} defined as [10,11]

O Y .
Da.f = 7 Z Azpppdp | f(2)
=1
” (15)
~ ~ 1 N N N o
DA.f = 2 Z(Azp)2512>+z Z AzpAzq(ppdp) (1qgdq) | f(2)
p=1 p=1q=1,q#p



with the following differential operators
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where s, is the pth column of the matrix S and h is an interval factor, set to V3
for Gaussian distributions [10].

An approximate mean of the output vy, its associated covariance, and the cross
covariance can be obtained by applying the expectation operator E[«] to the output
estimate defined in (14) and the subsequent errors in the approximate mean.

2.2.2 Time Update

The following Cholesky factors are defined before calculating the divided differences

Q=15,5]
R=25S,87
P—35,5" (a7)
P=25,5.

where @) is the process noise covariance, R is the measurement noise covariance,
P is the prior state covariance estimate, and P is the posterior state covariance
estimate. For the initial time step, P=P.

The time update for a second order approximation of a nonlinear system starts
with computing the transformation matrices using the divided difference operators

Sk +1) = {S(,5)} = {(fi(@k + hiojou, vi) — fi(@r — hiaj,ur, vp))/2h}
Sk +1) = {52, J)}

57,2 (fz‘(ﬁ?k + hé; j, ug, v)

—fz(:iik — hég;’j,uk, ’Uk) — in(ik, uk,’uk))}
SE)(k+1) = {88 (6, 5)} = {(fi(dor, wk, vi + hdyj) — fi(@k, wr, vk — hdy5))/2h}
SE(k+1) = {S8(i,4)}

_{W

252 (fz(xk’ukavk+h3v,])

—fi(@p, ug, v, — h8y5) — 2fi( Tk, ug, vi))}
(18)
where the j subscript indicates the use of the jth column of the specified matrix.
The same function evaluations are used to obtain the time-based update of the state.



2
h* — ng — ny

Tpt1 = Tf(fi?k,uk,vk)
1 &
+ 53 > (fil@k + hdzp, wr, vi) + fi(@r — hBap, ur, v)) (19)
p=1
1 &
t52 (fi(@®g, wg, v + hSyp) + fi( Tk, Up, Vi — hSyp)
p=1

where n, is the length of the states and n,, is the length of the process noise states.
An update is also applied to the state covariance by using the transformation
matrices computed in 18 to compute the state covariance’s Cholesky factor.

Soh 1) =[S0+ 1) SQGE+1) SZh+D) SBE+D]
Pk+1)=58,5"

2.2.3 Measurement Update

Similar to the beginning of the time update step, the measurement update begins
with computing a new step of transformation matrices using the divided difference
operators. An iterative component is also added here, with the 7 superscript indi-
cating what changes with every iteration [27].

SO (k) = {SHD G, )} = ((hi(@, + h5Lj,wi) — hi(&}, — h5L, j,wy))/2h}
SO (k) = {529, 5)}
h? -1 —i =i —i =i —i
= W(hz(wk + hs; wy) — hi(Z}, — hs; ;, wy) — 2hi (T}, wi))
SO (k) = {80 D4, 5)} = {(hi(®y, wi, + hswj) — hi(&}, wi — hswj))/2h}
SO (k) = (82D, 5)}
h? —1 —i —i —i
= W(hz(a:k, wg + hSwJ) — hi(:lik,’wk — hSw’j) — th(:ltk,’wk))

(21)
An estimate of the output is obtained in a similar manner as the time-based
update for the states

y}Jf = h2 h’( 7i€7 wk)
1< i & i i
+ oz 1 [hz(wk + 85 wy) + hi(Z}, — h3; s wk)] (22)
p—
1 A, _@-
+ o2 [hi(wk, wy + hsyp) + hi(Z),, wi, — hsva)]
p=1



where n,, is the length of the measurement noise state. Using the matrices defined
in equation 21, the output covariance and cross covariance can be computed as

Sy(k) = [0 (k) SEOw) SO w) SEO k)

Pi(k)=Si(s)T (23)
Py (k) = S, (k)Si (k)"

The a posteriori estimate of the state and covariance is given by the iterative
update,

7, _ k) [ T]—l
Hj = ( (k))TP‘
& =z, + K, ( gl — H(z), — z})) (24)
S’;Jrl(]{;) = { 2(k) — (U(i)(k) K};S%(i)(k) K};Sﬁ(i)(k) Kzsgl))(z’)(k)
Py = Si(é*;)T

The iterations are repeated until the difference between :cf,j and &% is less than a

specified iteration termination tolerance, or the maximum number of iterations is
reached.

3 Case Studies

Several test cases were investigation using the Iterated SPKF implementations for
sample trajectory reconstruction problems. The first case uses a simulated data set
based on a Program to Optimize Simulated Trajectories II (POST2) [28] trajectory
simulation of an atmospheric entry vehicle. The second test case is an application
to a sounding rocket flight test with real flight data.

3.1 Simulation Test Case

The simulation test case involves an atmospheric entry trajectory of a spherical body
with a constant drag coefficient. The sensor data includes an IMU, GPS, two Radar
tracks, and balloon or otherwise a priori observations of atmospheric winds, density,
and pressure. The truth trajectory from the simulation is shown in Figures 1-3.
The IMU accelerations are shown in Figure 4, note that the side acceleration and
all components of the angular rates are zero. The three components of wind are
also zero. Radar measurements are shown in Figure 5. Figure 5(a) shows the two
station location relative to the vehicle ground track. Figures 5(b)-5(d) show the
range, azimuth, and elevation data for both tracking stations.
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3.1.1 Filter Residuals

The measurement residuals are shown in Figures 6-8. Each figure shows the resid-
uals for the EKF, UKF, and DDF cases. In each case, the residuals indicate that
the filter solutions match the measurement data and thus the filters are performing
correctly. Note that only a subset of all residuals are shown here. The remaining
residuals show similar performance.
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3.1.2 Filter Uncertainties

Comparison of the filter uncertainties are shown in Figures 9-12. The figures show
the 30 uncertainties for the EKF, UKF, and DDF cases. The UKF and DDF per-
forms similarly. In both cases, the sigma-point filters exhibit a smaller uncertainty
than that of the EKF. This result is due to the second-order accuracy of the sigma-

point filters.
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18

400



%1073

v v r 0.7 - v v
1.5} 1 :E
T; IE(LG-
3 < 0.5}
— 1 | m }
S 204}
v
3 %0.3} /
S 0
* 0.5 1 > 0.2
- .
© ——EKF < —— EKF
- —— UKF g 0.1} —— UKF
—DDF > - - DDF
0 ] ; ] 0 ] ; ]
0 100 200 300 400 0 100 200 300 400
Time [s] Time [s]
(a) Latitude (b) North Velocity
-5
2 x10 0.6 T .

1.5}

Lo

O
o~ 3]
———

Longitude 30 [deg]
=
East Velocity 30 [m/s]
e @
N w
—

0.5 —EKF

——EKF
—— UKF 0.1 —— UKF
——DDF - - DDF
0 | i | 0 ; |
0 100 200 300 400 V] 100 200 300 400
Time [s] Time [s]
(c¢) Longitude (d) East Velocity
2 0.6 x "
~
K
s % Eos|
= ™ 0.4 J
3 >
m =
= o
= 0.2 S
=
g 05 —— EKF 13 —EKF
—— UKF E 0.1 —— UKF
——DDF a - - DDF
0 ! i ] 0 ] ; |
0 100 200 300 400 V] 100 200 300 400
Time [s] Time [s]
(e) Altitude (f) Down Velocity

Figure 10: Position and Velocity 30 Uncertainties

19



Y
)
)
e
o
w
6]

—EKF
—UKF — 0.03}
- - DDF

w
o
o

Pressure 3¢ [Pa]
S
)

Density 30 [kg/m

o
o
N
[

0.02}
0.015|
100} o.01f
0.005 |

0 100 200 300 400 0 100 200 300 400
Time [s] Time [s]

(a) Pressure (b) Density

Figure 11: Atmosphere 30 Uncertainties

——EKF ——EKF
—— UKF —— UKF

15& - - DDF|] k - - DDF

0.5}

=
3

North Wind 30 [m/s]
=
East Wind 30 [m/s]
o
7 -

0 100 200 300 400 0 100 200 300 400
Time [s] Time [s]

(a) North Wind (b) East Wind

2

—— EKF
—— UKF

1.5 \\ - - DDF

0.5

Down Wind 3¢ [m/s]
(=

0 100 200 300 400
Time [s]
(¢) Down Wind

Figure 12: Wind 30 Uncertainties

20



3.2 Flight Data Test Case

The third test flight Advanced Supersonic Parachute Inflation Research Experiment
(ASPIRE) sounding rocket was chosen as an example test case using real flight
data [29]. This flight was a test of the Mars 2020 parachute system, which was a
strengthened disk-gap-band type parachute similar to that used on Mars Science
Laboratory, but manufactured using stronger materials to withstand a higher load.
The test flight took place at Wallops Island on September 7th, 2018. The measured
flight data includes accelerations and rates from an IMU, position and velocity from
GPS, radar tracks from 4 ground stations, and weather balloon data aided by me-
teorological analysis from the Goddard Earth Observing System Model, Version 5
(GEOS-5) to provide the atmosphere. Additional details of the test flight, instru-
mentation, and trajectory reconstruction based on the IEKF can be found in [29].

Since this is real data from an actual flight test, there is no known truth tra-
jectory to compare the filter results against. The results of the ISPKF cases can
be compared to the previous reconstruction based on the IEKF, and analysis of
residuals can be used to infer observations about the filter performance.

3.2.1 Trajectory Estimates

The overall trajectories generated by the three filters are nearly identical in large
scale. Several trajectory variables are shown in Fig. 13. The trajectory estimates
are similar but the second-order filters have smaller uncertainties, following the
observations made in the previous section with the simulated sample problem. Other
trajectory variables that are not shown in Fig. 13 follow the same trend. Note that
these plots only show the first 200 s of the trajectory to focus on the experiment
phase [29].
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3.2.2 Filter Residuals

Residuals between the GPS position and velocity measurements are shown in Figs. 14,
15, and 16. Recall that there is no truth trajectory to compare to since this data
is from an actual flight test experiment. The residuals are, in general, similar to
each other demonstrating a reasonable fit to the measured data. The radar range
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residuals indicate a similar conclusion and so are not shown here.
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4 Summary

Two types of second-order sigma-point Kalman filters have been implemented into
the New Statistical Trajectory Estimation Program software for solving trajectory
reconstruction problems. The two filters are the Unscented Kalman Filter and the
Divided Difference Filter. Both filters are implemented with an iterative measure-
ment update step. The results of a simulation-based test case and a real flight data
test case show that the filters perform better than the existing first-order filtering
approach by providing a reduction in the state estimate uncertainties. The reduction
in state estimate uncertainties of the sigma-point Kalman filters arises as a result of
the second-order accuracy expansions of the process and measurement models that
are used for the prediction and correction steps in the filter, respectively.

These new filters implemented for solving trajectory reconstruction problems are
anticipated to be useful for problems with poor initial conditions, where the tradi-
tional first-order methods can exhibit convergence problems. Additionaly, these new
filter implementations are expected to be useful for problems with sparse measure-
ment data where the second-order process model approximations offers an improved
covariance prediction between the measurements.
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