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APPLYING CORRELATION METHODS TO RELATIVE NAVIGATION

Rachel Mamich*, Renato Zanetti†

This study introduces an adaptive relative navigation filter, employing correlation
methods to autonomously discern and estimate the impacts of unmodeled pertur-
bations on a two spacecraft relative inertial system. These perturbations are due
to differences in gravity models used in simulation truth and filter dynamics. This
research demonstrates that the integration of adaptive strategies empowers the fil-
ter to dynamically accommodate unforeseen perturbations, facilitating estimation
without assumptions regarding timing, optimality, or magnitude. The findings
underscore the versatility of correlation methods, and their ability to handle the
nonlinear dual inertial system presented.

INTRODUCTION

The Kalman Filter (KF)1, 2 operates under the assumption that models of the state space dynamics
and measurements are known exactly. In practical aerospace systems, perfect knowledge of the
models is not possible; additionally, unexpected events can alter the dynamics of the state or the
way that a sensor is functioning. When the models become mismatched, it can lead to degraded
estimation performance and even filter divergence.

In aerospace applications, spacecraft are limited in their computational power and thus the on-
board dynamics models must be truncated to keep the system tractable. Onboard dynamics models
are typically selected to balance computational burden with adjustments to the assumed level of
noise in the system. Many of the common dynamics assumptions stem from environmental factors
like the model of the central body that the orbit revolves around. These discrepancies are typically
accounted for with extensive testing against a high fidelity model.

Adaptive estimation (or filtering) aims to estimate the state of the system while simultaneously
reducing uncertainty in the model.3, 4 Adaptive filters can be broken down into a handful of ma-
jor categories correlation methods,3, 5–11 covariance matching methods,12–16 maximum likelihood
methods,17–19 Bayesian methods,20–22 subspace methods,23 and predictor error methods.24 In this
work, correlation methods are taken and applied to a relative navigation algorithm to enable au-
tonomous, onboard maneuver estimation as well as onboard covariance estimation for two space-
craft in close proximity.

An algorithm is proposed to apply process noise adaptation via correlation methods to a relative
navigation scenario. This algorithm is referred to as MILTON, or Measurement Innovation Lever-
aging To Obtain Noise. The intent of this paper is to demonstrate the viability of using MILTON to
estimate an unknown level of process noise.
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†Associate Professor, Aerospace Engineering and Engineering Mechanics, University of Texas at Austin, 2617 Wichita
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The remainder of this paper is organized as follows: first, background information on the founda-
tional concepts used to construct the algorithm presented. Next, the design of the navigation filter
is covered. Then, the results from applying correlation methods to a scenario with a fixed level of
process noise is presented. Finally, conclusions are drawn and future work is addressed.

BACKGROUND

The algorithm developed in this study, MILTON, consists of two primary components. This
section offers an overview of these fundamental components.

The initial component of MILTON is the Extended Kalman Filter (EKF). The EKF is a widely
utilized estimation algorithm in the aerospace industry, favored for its minimal computational de-
mands. This computational ease stems from its use of first-order Taylor approximations.25 These
approximations are centered on the estimated ‘nominal’ state and thus the filter has the potential to
diverge if the estimated ‘nominal’ state drifts too far from the truth. The EKF itself is broken up into
two main parts: time propagation and measurement update. The EKF time propagation equations
are,
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where x is the state of size n, f() is the function that governs the state dynamics, t is time, P is the
filter covariance estimate, F is the discrete time state transition matrix, and Q̂ is the discrete time
process noise matrix. The superscript, ()−, indicates that the quantity is the prior estimate. The
subscripts ()k and ()k+1 indicate that the quantity is at time step k and k+1 respectively. The EKF
measurement update equations are,
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where K is the Kalman gain, I is the identity matrix, yk+1 is the received measurement of size m,
h() is the measurement function that relates the state to the measurement, H is the measurement
Jacobian, R is the measurement noise, and the superscript, ()+, indicates that the quantity is the
posterior estimate. In a traditional framework, the filter cycles through the propagation and mea-
surement update steps until there are no more measurements and the estimated state and covariance
matrices are returned.

The second component of MILTON, placed after the EKF measurement update and before the
next EKF propagation, is the adaptation. The adaptive component runs correlation methods for
process noise adaptation. In previous work on correlation methods, the theory has been applied to
linear systems.3, 9, 11 In this previous work, a time series of linear measurements is taken and used
to construct the correlation method equations. From,11
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[
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where Ck,k−p is the autocorrelation of time steps k and k − p and p ∈ [0,mb]. The quantities Z ,
Ak

i , and Bk
i are defined in.11 Written differently in,11
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Ĉk,k−mb

)


︸ ︷︷ ︸

≜ck

=


∑mb

i=1B
k
i ⊗h B

k
i

∑mb
i=0A

k
i ⊗h A

k
i∑mb

i=2B
k−1
i−1 ⊗u Bk

i

∑mb
i=1A

k−1
i−1 ⊗u Ak

i
...

...∑mb
i=mb+1B

k−mb−1
i−mb−1 ⊗u Bk

i

∑mb
i=mb

Ak−mb
i−mb

⊗u Ak
i


︸ ︷︷ ︸

≜Dk

[
vech

(
Q̂
)

vech (R)

]
︸ ︷︷ ︸

≜θk

, (4)

where Ĉ is the ‘measured’ autocorrelation, and vech() and vec() are defined as,

R =
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r21 r22 r23
r31 r32 r33

 ,
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and ⊗ represents a Kroneker product with the known property vec (AXB) =
(
BT ⊗A

)
vec(X).

With single sided symmetry, a special Kroneker product relationship is defined as vec (AXB) =(
BT ⊗u A

)
vech(X). With two-sided symmetry, this relathionship can be written as vech

(
AXAT

)
=

(A⊗h A) vech(X). In ,11 (4) is used as a ‘measurement model’ in a recursive least squares frame-
work with initial estimate and uncertainty (θ̂0,Ψ0).

Examining (4) reveals that while the estimation of the upper triangular entries of the noise ma-
trices guarantees symmetry, it does not ensure positive definiteness. For the covariance matrix of
the state estimate to remain positive definite, the process noise matrix must also be positive definite.
Early studies address this challenge heuristically; they opt simply to not update the estimate when
positive definiteness is compromised.3, 26 More recently, 11 approaches this issue by using Riemann
manifolds to estimate the noise matrices for linear systems. While this method effectively ensures
positive definiteness, it is computationally demanding, posing significant challenges for deployment
on spacecraft.

NAVIGATION DESIGN

This section covers the design of the relative navigation filter, MILTON. The state space is com-
prised of the relative inertial target position and velocity, the target vehicle’s unmodeled acceleration
in the inertial frame, the inertial chaser position and velocity, and accelerometer bias terms in the
body frame for the chaser vehicle. The state space is,

X =
[
(rNt/c)

T (vN
t/c)

T (aNt )T (rNc )T (vN
c )T (bBc

c )T
]T

, (6)

where r indicates a position vector, v indicates a velocity vector, a indicates an acceleration vector,
and b represents an acceleration bias vector. In this work, the superscript N indicates that the
vector is represented in the inertial frame and the superscripts Bt and Bc indicate that the vectors are
represented in the target body frame and the chaser body frame respectively. Lastly, when a vector
has a subscript of the form t/c it indicates that the vector is from the chaser to the target vehicle and
when the subscript is a single letter like c it indicates that the origin of the vector is the origin of
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the frame it is represented in and ends at the subscript. In the research outlined in this document,
it is unnecessary to incorporate an unmodeled target vehicle acceleration or a chaser accelerometer
bias term. However, these elements are included to facilitate the consideration of deterministic
perturbations in future studies. By incorporating these factors, this study demonstrates that the
filter operates effectively under more ‘nominal’ conditions and retains the capacity to handle more
complex scenarios. Including both of these additional states is crucial to prevent the bias in the
chaser’s accelerometer from being mistakenly attributed to an unmodeled target acceleration. Now
that the state space is established, the details of the main components of the filter are detailed below.

Propagation

In the propagation phase, each spacecraft state is propagated independently using a fixed step
Runge-Kutta (RK4) propagator. This means that the relative inertial states of the target are converted
to the full inertial representation prior to propagation and are converted back after. This conversion
is done by,

rNt/c = rNt − rNc , vN
t/c = vN

t − vN
c m. (7)

Once the conversion to the full inertial state is done, the states are propagated with,
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where g is the acceleration of the spacecraft due to the central body’s gravitational field, NBc

is the direction cosine matrix (DCM) from the chaser body frame to the inertial frame, αc is the
measured acceleration from the chaser’s onboard accelerometer, and β is the time constant for the
Markov process of the accelerometer bias. The acceleration, velocity, and position are directly
related through kinematics. The acceleration terms are governed primarily by Earth’s gravity. Since
the acceleration on the target is unknown, it is assumed that the acceleration term is constant over
each time step. It should be noted that while the noise term νt appears in (8), there is no artificial
noise added to either the true propagation or the filter propagation. This term serves as a placeholder
for the assumed form the process noise adaptation expects model discrepancies to take.

There are two separate gravity models used in the simulation: one to generate the true spacecraft
state, one to propagate the estimated state in the filter itself. The gravity model used to propagate
the true state includes two body dynamics with J2 − J6 zonal harmonic perturbations. While the
gravity model used in the filter propagation includes two body dynamics with J2 − J4 only,

atruth = aTBP +
6∑

i=2

ai,

afilter = aTBP +

4∑
i=2

ai.

(9)

Both of these models are derived using the Legendre polynomials and the gravity potential from.27

For clarity, the target vehicle and chaser vehicle are both propagated with the atruth gravity model in
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truth generation and are both propagated with afilter in the filter. As mentioned previously, there is
a limit to the complexity of the dynamics model that a spacecraft can implement onboard and thus
there is always a degree of model discrepancy between the truth and the modeled dynamics. Two
separate gravity models are used here to emulate this difference in a scaled down fashion.

Maneuvers performed by the chaser are expected to be captured by the onboard accelerometer.
Thus these accelerations are modeled as measurements from the accelerometer held constant over
each propagation step. As previously mentioned, the bias term is necessary to avoid attributing
sensor bias in the chaser to unmodeled accelerations in the target vehicle. Sensors often have bias
values that vary over the length of a mission. This variability is often modeled as a Gauss-Markov
process thus this study models its accelerometer bias as a Gauss-Markov process.

It should be noted that the accelerometer measurements are not always used directly in the prop-
agation of the chaser vehicle. When the magnitude of the accelerometer reading is below a gating
threshold, the measurements are not used in propagation, but instead are treated as direct measure-
ments of the accelerometer bias terms.28 This will be explained in more detail in the following
section.

The covariance is propagated using the EKF propagation (1) constructing A using the following,

A =

[
At At/c

09×9 Ac

]
where, At/c =

 03×3 03×3 03×3
∂gt

∂rt
− ∂gc

∂rc
03×3 NBc

03×3 03×3 03×3

, (10)

where At and Ac are the Jacobians of the dynamics of the target and chaser vehicles with respect
to their states.

In the filter, he process noise on the relative target vehicle states is assumed to be applied as
a random jerk sampled from a normal distribution with zero mean and a covariance of Q, the
continuous time process noise matrix. This is done independently for the target vehicle and the
chaser vehicle respectively. Thus the relationship between the continuous time process noise and
the discrete time process noise is,

Q̂ =

∆t5

36 Q ∆t4

12 Q ∆t3

6 Q
∆t4

12 Q ∆t3

4 Q ∆t2

2 Q
∆t3

6 Q ∆t2

2 Q ∆tQ

 . (11)

As seen in (1), the filter itself neglects the process noise when propagating the state itself, so the
term νt is zeroed out in the filter.

Measurement Update

The EKF measurement update uses relative range and bearing measurements taken from the
chaser to the target vehicle. It is assumed that the range and bearing measurements are provided by
a scanning LiDAR. The relative range is calculated as,

ρ =
∣∣∣rLc

t/c

∣∣∣ . (12)
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The relative bearing measurements are assumed to be in the center of the LiDAR frame. The relative
azimuth and elevation angles are calculated using,

A = arctan

(
ρx
ρz

)
,

B = arctan

(
ρy
ρz

)
,

(13)

where ρ is the unit vector defined in the LiDAR frame that defines the relative position of the target
with respect to the chaser vehicle. ρ can be found using,

ρ = LcN

(
rt/c

|rt/c|

)
, (14)

where LcN is the DCM from the inertial frame to the chaser LiDAR frame.

As previously mentioned, when the magnitude of the measurement taken by the accelerometer is
below a gating threshold, the accelerometer measurement is taken to be a direct measurement of the
accelerometer bias,28

bc = αc. (15)

Thus the measurement Jacobian takes one of two forms during the measurement update:

H =
[
1
ρrt/cI3×3 03×15

]
or H =

[1
ρrt/cI3×3 03×15

03×15 I3×3

]
. (16)

By constructing the observability matrix the full system is determined to be observable.29 How-
ever, none of the measurements used in this system are inertial. This means that while the chaser
elements are technically observable there is no additional inertial information coming into the sys-
tem, and thus updating the full inertial state can adversely impact the filter’s performance. Con-
sequently, the chaser’s position and velocity are treated as consider parameters.25 This adjustment
involves modifying the Kalman gain derived in (2), specifically by setting the values in the rows
corresponding to the chaser’s position and velocity to zero:

K[10 : 15, :] = 0. (17)

Process Noise Adaptation

In this study, correlation methods are employed to facilitate process noise adaptation for the
relative target vehicle states. The background section reviews prior research on correlation methods,
noting that earlier investigations predominantly focused on linear systems. In contrast, the system
addressed in this work is nonlinear; however, the measurement residuals are presumed to be linear
relative to the state errors. The measurement residuals can be organized into a time series and
vectorized as follows:
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(18)

where mb is the buffer size, rk is the measurement residual at time k, ek is the state error at time k,
Φk,k−mb+1 is the discrete time state transition matrix from time step k −mb + 1 to k and νk and
ηk are random samples from the discrete time process noise and measurement noise respectively.
Shown more compactly:

Yk,k−mb+1 = Ok,k−mb+1ek−mb+1 +Mw
k−1,k−mb+1Vk−1,k−mb+1 +Wk,k−mb+1. (19)

It is important to note that the derivation presented in this document is included for completeness.
With the assumption that the measurement residuals are linear in relation to the state errors, the
derivation adheres to the methodology outlined in.11 However, it is worth mentioning that the
matrices involved are Jacobians of nonlinear functions, evaluated based on the most recent state
estimate.

To isolate the state error vector, multiply both sides by OT
k,k−mb+1 yielding:

OT
k,k−mb+1Yk,k−mb+1 = Mk,k−mb+1ek−mb+1+OT

k,k−mb+1Mw
k−1,k−mb+1Vk−1,k−mb+1

+OT
k,k−mb+1Wk,k−mb+1.

(20)

where Mk,k−mb+1 is the observability Gramian from time step k − mb + 1 to k. In this work, it
is assumed that the observability Gramian is invertable. This is a reasonable assumption to make in
this work because the adaptation is being applied only to the target vehicle states. As discussed in
the measurement update section, the relative target states are fully observable. To isolate the state
errors, multiply both sides of (20) by M−1

k,k−mb+1:

M−1
k,k−mb+1O

T
k,k−mb+1Yk,k−mb+1 = ek−mb+1+M−1

k,k−mb+1O
T
k,k−mb+1Mw

k−1,k−mb+1Vk−1,k−mb+1

+M−1
k,k−mb+1O

T
k,k−mb+1Wk,k−mb+1.

(21)
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Suppose this vectorization is repeated for measurements taken from time step k −mb to k − 1.

M−1
k,k−mb+1O

T
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T
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.

(22)

Now substitute ek−mb+1 = Fk−mb
ek−mb

+ νk−mb
and subtract one equation from the other:

Zk = AkYk,k−mb
= BkVk−1,k−mb

+ BkWk,k−mb
, (23)

where Ak is defined as:

Ak =
[
M−1
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T
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]
−
[
0n×m,Fk−mb

M−1
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OT
k−1,k−mb

]
, (24)

and Bk is defined as:

Bk =
[
M−1

k,k−mb+1O
T
k,k−mb+1Mw

k−1,k−mb+1, In×n

]
−
[
0n×n,Fk−mb

M−1
k−1,k−mb
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Mw
k−2,k−mb

]
,

(25)

again, the definitions in (24) and (25) are identical to the quantities for a linear system in .11

The ‘measurement’ of the autocorrelation is generated by using the measurement residuals and
their relationship to Zk outlined in (23) and applying the relationship in (3) as Ĉk,k−p = ẐẐT .

This is where the work presented in this paper begins to diverge again from the previous work.
In previous work the process noise matrix is guaranteed to be symmetric. The positive definiteness
however is not. In much of the work on correlation methods, the positive definiteness is guaranteed
by simply not updating the process noise if positive definiteness is violated .3, 26 In 11 this issue is
treated by applying Riemann manifolds, however this solution is computationally expensive. Here,
correlation methods are applied to the specific nonlinear problem of relative navigation which allows
for strategic choices to be made.

While prior research ensures the symmetry of the process noise matrix, its positive definiteness is
often not guaranteed. Commonly, in correlation method studies, positive definiteness is maintained
by refraining from updating the process noise if this condition is compromised.3, 26 In11 this issue
is addressed by using Riemann manifolds, though this approach is computationally intensive.11 In
contrast, this work applies correlation methods to the specific nonlinear problem of relative naviga-
tion, facilitating strategic decisions for the given problem.

It is assumed that the process noise acts as a jerk term where the continuous time process noise
and the discrete time process noise are related via (11). So far, these assumptions ensure symme-
try, but not positive definiteness. Another common assumption is that the continuous time process
noise matrix is a diagonal matrix .30, 31 To ensure positive definiteness, MILTON estimates the
component-wise square root of the diagonal of the continuous time process noise matrix. Addition-
ally, to keep the focus of this work on process noise estimation, the measurement noise is assumed
to be known. This alters (4) and yields:
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ĉk = D̂ksk,
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Ĉk,k−mb

)

−


∑mb

i=0A
k
i ⊗h A

k
i
T∑mb

i=1A
k−1
i−1 ⊗u Ak

i
T

...∑mb
i=mb

Ak−mb
i−mb

⊗u Ak
i
T

 vech (R) ,

D̂k =


∑mb

i=1B
k
i ⊗h B

k
i
T∑mb

i=2B
k−1
i−1 ⊗u Bk

i
T

...∑mb
i=mb+1B

k−mb−1
i−mb−1 ⊗u Bk

i
T

 [Dvechsk]
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(26)

where sk is the square root of the continuous time process noise matrix diagonal, [Dvechsk] is the
matrix that transforms the continuous time process noise matrix diagonal to the upper triangular of
the discrete time process noise matrix, and ∂Qdiag

∂sk
is the derivative of the continuous time process

noise diagonal with respect to the square root of that diagonal. With this new ‘measurement model’
for the adaptation, both symmetry and positive definiteness are guaranteed.

Now examining (26), in traditional recursive least squares for this system, one must invert a
matrix of size mbn

2 + (n+1)n
2 × mbn

2 + (n+1)n
2 . In the work presented here, n = 9 and mb can

vary. Thus this inversion would minimally be 126 × 126 for a buffer size of mb = 1. Clearly, this
inversion poses a significant computational burden. By converting the recursive least squares to an
information form allows for the largest inversion to be the size of Ψ, or in terms of this system a
3× 3. The equations that govern the information form are as follows :25

Λ+
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(
Ψ+

k

)−1
d+
k = Λ+

k s
+
k ,

Λ−
k+1 =

(
I3×3 −Λ+

k
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w
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)
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k

(
Λ+
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w
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)
d+
k ,
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k+1 = d−

k+1 +DT
k+1R

−1
w ck+1,

Λ+
k+1 = Λ−

k+1 +DT
k+1R

−1
w Dk+1,

(27)

where d is the information state, Λ is the information matrix, and Qw and Rw are the process
noise and measurement noise for the adaptation itself. In this work, the adaptation process noise
and measurement noise are assumed to be constant and thus their inversions can be calculated once
offline. An important implementation note is that the information update is not run every time step,
but instead is only called when the buffer of measurements, ĉk is full of completely new measure-
ments, or once every mb + 1 time steps. With the changes detailed in this section, this algorithm is
capable of guaranteeing a positive definite process noise matrix for the nonlinear scenario of relative
navigation with full relative state observability.

NUMERICAL RESULTS

This section covers the numerical results for a simulation beginning with two spacecraft in a
string of pearls orbit with a constant level of process noise applied to the target vehicle. There are
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no deterministic maneuvers performed to demonstrate MILTON’s ability to estimate pure process
noise.

The initial Keplerian elements for each spacecraft are shown below: The spacecraft are in Earth

Table 1: Initial Keplerian elements for the process noise only scenario.

Element a[m] e[−] inc[◦] Ω[◦] ω[◦] M0[
◦]

Target 6.878e6 0.0 95 0 0 2.8648e-4
Chaser 6.878e6 0.0 95 0 0 0

orbits with gravitational parameters listed below:

Table 2: Earth constants used in propagation.

Parameter µ
[
m3

s2

]
J2[−] REarth[m]

Value 3.986e14 .0010826269 6.378e6

The filter initial uncertainty used in each scenario is set to be:

P0 =



2
(
25
3

)2
I3×3 03×3 03×3

(
25
3

)2
I3×3 03×3 03×3

03×3 2
(

1
10

)2
I3×3 03×3 03×3

(
1
10

)2
I3×3 03×3

03×3 03×3 (1e-6)2I3×3 03×3 03×3 03×3(
25
3

)2
I3×3 03×3 03×3

(
25
3

)2
I3×3 03×3 03×3

03×3

(
1
10

)2
I3×3 03×3 03×3

(
1
10

)2
I3×3 03×3

03×3 03×3 03×3 03×3 03×3 (1e-6)2I3×3


,

(28)
where the position, velocity, and acceleration are in the units m,m/s, andm/s2. The initial uncer-
tainty reflects that the vehicles have just lost GPS just prior to the scenario start. The simulation
length is approximately 3500s.

LiDAR and accelerometer measurements are received every second. It is assumed that the LiDAR
is oriented such that its field of view (FOV) is centered on the target vehicle. The accelerometer
gating threshold is set to be 1e-4 and the accelerometer bias time constant is set to be β = 1

3600
1
s

with an initial bias of 2.9430e-05 m
s2

for each axis. The measurement noise used in this scenario is:

R =


(0.01m)2 0 0 0

0 (0.1◦)2 0 0
0 0 (0.1◦)2 0
0 0 0 (3.433e− 6m/s2/

√
s)2

 , (29)

the values in the top 3 × 3 reflect a combination of the uncertainty and bias terms shown in 32 for
the RVS 3000-X LiDAR from Jena Optronik. The last value in the bottom right reflects the velocity
random walk of the accelerometer used.

The adaptation buffer is set to be mb = 30 and the adaptation process noise and measurement
noise are set to be Qw = 1e-5I3×3 and Rw = 1e-1I. The adaptation is initialized by sampling from
a normal distribution centered on the true process noise with an uncertainty of Ψ0 = 1e-6I3×3.
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A Monte Carlo study with 100 (NMC = 100) runs is conducted and the results are shown below.
In this study there are 100 truth trajectories created due to the need to randomize the process noise
samples applied as jerks for each run. Each truth trajectory begins at the same initial state described
by the Keplerian elements in Table 1. The filter in each run is initialized by randomly sampling from
a normal distribution centered on the true initial state with an initial process noise matrix shown in
(28). The results are presented in the RTN frame. The RTN frame is the radial, transverse, normal
frame. It is defined such that the radial direction is in line with the inertial position vector, the
normal is defined in the direction of the orbit normal, and the transverse completed the triad .27

Figures 1-6 show the results from the Monte Carlo analysis in the process noise only scenario. In
each state error figure (1-4) there are four line styles. The Avg Err+ line is the mean error across
Monte Carlo runs at each time step, k,

ē+k =
1

NMC

NMC∑
i=1

ei+k =
1

NMC

NMC∑
i=1

(xi+
k − xi

k), (30)

where xi+
k is the posterior estimated state from the ith Monte Carlo run at time step k and xi

k is the
truth state from the ith Monte Carlo run at time step k. The Error+ lines show the error from each of
the 100 Monte Carlo runs. The Avg 3σ+ shows the average 3σ bounds outputted from each Monte
Carlo run from the EKF:

P̄EKF+
k =

1

NMC

NMC∑
i=1

PEKF,i+
k

, (31)

where PEKF,i+
k is the estimated covariance matrix of the ith Monte Carlo run at time step k. The

Sample 3σ+ reflects the sample 3σ bounds calculated using all 100 Monte Carlo runs:

P̄+
k =

1

NMC

NMC∑
i=1

(ei+k − ēi+k )(ei+k − ēi+k )T , (32)

To evaluate whether the adaptation is functioning effectively, several key indicators should be
examined. Firstly, the average error line should be approximately zero throughout the scenario,
indicating that the filter is producing unbiased results. Secondly, the individual Monte Carlo simu-
lations should largely fall within the average estimated 3σ bounds set by EKF. Lastly, there should
be a close match between the average estimated 3σ bounds from the EKF and the sample 3σ.

It should be noted that the state error plots for the chaser vehicle are not included, as these states
are treated as consider parameters and are not updated. Additionally, the initial 300 seconds of the
results, where the filter error rapidly decreases, are omitted to provide better resolution in the latter
portion of the scenario.
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Figure 1: Relative position of the target vehicle
errors in the target RTN frame versus time ex-
cluding initial 300s.

Figure 2: Relative velocity of the target vehicle
errors in the target RTN frame versus time ex-
cluding initial 300s.

It is clear that the adaptation successfully approximates the true process noise in the system by
examining the average 3σ+ bounds compared with the sample 3σ bounds in Figure 1. While the
estimated bounds in Figures 2 and 3 overestimate the errors in the relative velocity and acceleration,
the bounds for the relative position are nearly perfect.

Figure 3: Unmodeled acceleration of the tar-
get vehicle errors in the target RTN frame versus
time excluding initial 300s.

Figure 4: Chaser accelerometer bias errors in
the chaser body frame versus time excluding ini-
tial 300s.

To further confirm that the filter is functioning properly, the posterior measurement residuals and
their 3σ bounds are shown in Figures 5 and 6. Noticing that the measurement residuals appear to
grow slightly as the scenario progresses in Figures 5 and 6. The adaptation takes this information in
and in turn grows the process noise in the filter. This is a clear sign of the process noise adaptation
at work. Examining the behavior in the latter half of the scenario in Figure 1, it is clear that the
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errors would have grown outside of the estimated 3σ bounds as the scenario progressed without this
adaptation.

Figure 5: Elevation measurement residuals ver-
sus time excluding initial 300s.

Figure 6: Range measurement residuals versus
time excluding initial 300s.

CONCLUSIONS

This work demonstrates that correlation methods can be effectively utilized to enable a filter to
autonomously adapt to unknown dynamics within a nonlinear, relative navigation scenario. Unlike
prior studies where correlation methods were applied to linear systems, this research extends their
application to environments with perturbations to a nonlinear system. The algorithm, referred to
as MILTON, successfully recovers and maintains a well-bounded solution under these conditions.
Historically, the positive definiteness of process noise in such studies has often been addressed
heuristically. In contrast, other research has preserved definiteness using Riemann manifolds, albeit
with significant computational expenses. In this work, positive definiteness is consistently main-
tained, and the information form of recursive least squares is utilized to mitigate the computational
demands of the adaptation block, even with larger measurement buffers.

The growth of the space industry necessitates that future spaceflight vehicles enhance their ability
to autonomously respond to a range of environmental variables. This includes addressing discrep-
ancies within the onboard system model. If implemented, MILTON would empower vehicles in
close proximity to effectively monitor each other and proactively respond to unmodeled perturba-
tions. Such capabilities are essential for preventing collisions and ensuring successful rendezvous
operations without the need for human intervention.
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