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Abstract

Several space missions are being planned with large
fleets of spacecraft at GEO and beyond where rel-
ative navigation using GPS will either be impossi-
ble or insufficient. Onboard local ranging devices
will be required to replace or augment the available
GPS measurements to perform relative navigation
for these missions. The vast amounts of distributed
data and the computational load limitations suggest
that these navigation algorithms should be highly
distributed, but the nonlinear local range measure-
ments couple the states of the vehicles, which greatly
complicates this decentralization. This paper inves-
tigates several estimator architectures and the asso-
ciated algorithms for determining the fleet state, and
then compares the resulting performance, computa-
tion, and communication requirements. This analy-
sis shows that the proposed decentralized reduced-
order filters provide near optimal estimation results
without excessive communication or computation.
Embedding these reduced-order estimators within
the hierarchic architecture presented should permit
scaling of the relative navigation to very large fleets.

Introduction

The concept of formation flying of satellite clusters
has been identified as an enabling technology for
many future NASA and the U.S. Air Force mis-
sions1–3 The use of fleets of smaller satellites instead
of one monolithic satellite should improve the science
return through longer baseline observations, enable
faster ground track repeats, and provide a high de-
gree of redundancy and reconfigurability in the event
of a single vehicle failure. The GN&C tasks are very
complicated for larger fleets because of the size of
the associated estimation and control problems and
the large volumes of measurement data available. As
a result, distributing the guidance and control algo-
rithms becomes a necessity to balance the computa-
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Fig. 1: GPS Estimation with Local Ranging Aug-
mentation. Note: Not to scale.

tional load across the fleet and to manage the inter-
spacecraft communication. This is true not only for
the optimal planning, coordination and control,4 but
also for the fleet state estimation since the raw mea-
surement data is typically collected in a decentral-
ized manner (i.e., each vehicle takes its own local
measurements).

State estimation is further complicated by non-
linear measurements, requiring the use of extended
(often iterated) Kalman filters. A commonly-used,
highly accurate sensor for fleet state estimation is
the Global Positioning System (GPS). Recent work
on GPS estimators for relative navigation in LEO
using Carrier-Phase Differential GPS demonstrated
2 cm accuracy in relative position and better than
0.5 mm/s in relative velocity.5–7 These results were
obtained using a fully decentralized filter, and the
high accuracy results achieved validate that the rel-
ative GPS measurements (single differences relative
to the master) taken on one vehicle can be treated as
if they are entirely uncorrelated from the single dif-
ference measurements taken on other vehicles. Thus
the full fleet measurement matrix, H, can be treated
as block-diagonal and small coupling effects (such as
a differential ionosphere) can be ignored if the fleet
separation is less than 10km.5–7

While GPS can be used as an effective sensor for
many space applications, it requires constant visibil-
ity of the GPS constellation. In space, GPS visibility
begins to breakdown at high orbital altitudes (e.g.
highly elliptic, GEO, or at L2). Thus, a measure-
ment augmentation is desired to permit relative nav-
igation through periods of poor visibility and also to
improve the accuracy when the GPS constellation is
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visible. Fig. 1 illustrates measurement augmentation
using local ranging devices on each vehicle that mea-
sure a scalar range and velocity between each pair
of vehicles in the fleet.8–12 However the local range
measurements taken onboard the spacecraft strongly
correlate the states of the vehicles, which destroys
the block-diagonal nature of the full fleet measure-
ment matrix, H, and greatly complicates the process
of decentralizing the algorithms.14 In contrast to
the GPS-only estimation scenario which effectively
decentralized for reasonably sized fleet separations,
this estimation problem does not decorrelate at any
level. As a result, methods must be devised to effi-
ciently decentralize the estimation algorithms while
retaining as much accuracy as possible. Ultimately,
an estimation architecture (both the communication
network and computational flow required) is desired
that provides accurate relative state estimates in
many different estimation regimes. Three basic ar-
chitectures are studied in this paper:

• Centralized: All processing done on one ve-
hicle.

• Decentralized: Each vehicle processes its own
data.

• Hierarchic: Multiple layers of small central-
ized or decentralized architectures.

To evaluate the viability of these architectures, al-
gorithms must be developed to populate them. This
paper presents various estimation algorithms and ar-
chitectures, developed to mesh appropriately with
typical control algorithms and/or communication sys-
tems for formation flying missions with large fleets
and limited GPS visibility. The following sections
present several decentralized estimation techniques
and then the FFIT testbed15 is used to perform
a trade study to assess which ones are best suited
for certain mission scenarios. As a result of this
analysis, a scalable estimation architecture is pro-
posed that conserves fleet communication and com-
putation while achieving near-optimal accuracies for
most mission scenarios.

Centralized Architectures

Fig. 2(a) illustrates the basic algorithmic structure
of a centralized algorithm on a fleet consisting of
three vehicles (for clarity, vehicle number 1 will be
designated the master and all others as slaves). The
master gathers all measurement data for processing
in a centralized filter. Depending on the fleet con-
trol requirements, solutions from the centralized fil-
ter may be sent back out to the slave vehicles for
control and/or science use. The following sections

(a) Centralized (b) Cascade

Fig. 2: Basic algorithmic flow for centralized and
cascade-type architectures.

present two algebraically equivalent forms of the op-
timal filter: The Kalman Filter and The Information
Filter. Each form has its merits and disadvantages
regarding communication and computation, as will
be further explored in later sections.

Kalman Filter

The optimal filter that minimizes the mean-squared
estimation error of a state vector is the well known
Kalman filter given by the following equations:
Kalman Measurement Update

Sk = HkP−
k HT

k + Rk (1)
Kk = P−

k HT
k S−1

k (2)

X̂+
k = X̂−

k + Kk

(
zk −HkX̂−

k

)
(3)

P+
k = (1−KkHk) P−

k (4)

Kalman Time Update

X̂−
k+1 = ΦkX̂+

k (5)

P−
k+1 = ΦkP+

k ΦT
k + Qk (6)

In this centralized filter, each slave sends its local
measurement vector, zki

, to the master who exe-
cutes Eqs. 1–6 at every time-step. For integration
with the control architecture, the master may need
to broadcast the estimation solutions to the slaves.

Information Filter

The information filter is an algebraically equivalent
form of the Kalman filter, cast in a light to make ex-
plicit the information content of each measurement
and how it impacts the global state estimate. The
information filter requires the introduction of the fol-
lowing information variables:

Y ±
k

4
= P±−1

k (7)
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ŷ±k
4
= Y ±

k X̂±
k (8)

ik
4
= HT

k R−1
k zk (9)

Ik
4
= HT

k R−1
k Hk (10)

With these definitions, the entire information filter
is summarized below.
Information Measurement Update

ŷ+
k = ŷ−k + ik (11)

Y +
k = Y −

k + Ik (12)

Information Time Update

Mk =
(
Φ−1

k

)T
Y +

k Φ−1
k (13)

Y −
k+1 =

[
I −Mk

(
Mk + Q−1

k

)−1
]
Mk (14)

ŷ−k+1 =
[
I −Mk

(
Mk + Q−1

k

)−1
] (

Φ−1
k

)T
ŷ+

k(15)

Similar to the Kalman filter, the centralized imple-
mentation of the information filter requires all infor-
mation be gathered at the master for processing at
every time-step. The slaves send their local informa-
tion vector, iki and matrix contributions, Iki based
on their local measurements, zki to the master, who
incorporates the new information as follows:

ŷ+
k = ŷ−k +

∑
iki

(16)

Y +
k = Y −

k +
∑

Iki
(17)

The master then executes Eqs. 13–15 to complete
the update cycle. In the sections that follow, the
functional forms of these two centralized forms will
be used to create several decentralized filters.

Decentralized Architectures

For large fleets, it may be desirable to spread the
computational effort of the estimation more uniformly
across the fleet. Also, since the raw measurements
are gathered in a decentralized fashion (i.e., each
vehicle measures its own GPS and local ranging in-
formation), a decentralized estimator would reduce
the need to communicate the measurements. This
section describes several viable decentralized esti-
mators, split up into two classes: Full Order and
Reduced Order filters.

Full Order Decentralized Filters

The first class of decentralized filters is full order. A
fleet running a full order decentralized estimator will
have each vehicle estimating the entire fleet state.

Decentralized Information Filter: Previous decen-
tralized estimation research16–18 has relied heavily
on the use of information filters as a means of as-
similating remotely collected data. The typical ar-
gument for this preference lies in Eqs. 11 and 12.
Notice that the form of these measurement update
equations is such that the updated quantity is sim-
ply the old quantity plus the new information pro-
vided by the new measurement. In a decentralized
implementation of this filter, each spacecraft would
simply sum the new information from every other
vehicle.19 Furthermore, since the information filter
is algebraically equivalent to the centralized form of
the filter, no information is lost and the best possible
estimate (i.e., the centralized estimate) is available
on each spacecraft in the fleet.

The decentralized information as described above
is an excellent solution for some scenarios. How-
ever, in the case of many vehicles estimating the
fleet state, the information filter has some substan-
tial short comings:

1. While the measurement update is considerably
simpler than the conventional Kalman filter,
the propagation step is much more complicated.

2. The information filter deals strictly in infor-
mation variables that have little significance
to the actual problem. To obtain the actual
state estimate and its associated covariance,
one must solve Eqs. 7 and 8 together to back
out the state estimate and covariance matrix.

3. A fully connected network must exist to trade
the data from each vehicle to every other ve-
hicle in the fleet. Furthermore, this data can
potentially be quite large since an information
vector and information matrix (see Eqs. 7 and
8) must be sent at each update∗.

Note that it has previously been suggested13 that it
may be possible for each vehicle in the fleet to de-
termine the measurement matrix, H, for all other
vehicles thereby eliminating the need to also trans-
mit the information matrix at each time step. But
this does not work well for nonlinear filters because
a discrepancy arises from the fact that the linearized
H matrix must be obtained using the state estimate
to generate the information components I and i in
Eqs. 9 and 10. If each vehicle has different estimates
of the fleet state, small errors (due to second order
variations in h(X̂)) will accumulate through the ad-
ditive updates of Eqs. 11 and 12.

∗Note that only half of the information matrix need be sent
since it is symmetric.
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Fig. 3: The effect of measurement equation lin-
earization about slightly different state estimates.

For example, denote the state estimate of the
master vehicle as X̂1 and its linearized measurement
matrix as H(X̂1). Assume that the slave vehicle has
a slightly different state estimate (X̂2 = X̂1 + ∆X),
then the linearized measurement matrix for the slave
vehicle is

H(X̂2) ≈ H(X̂1) +
∂H(X)

∂X

∣∣∣∣
X̂

∆X (18)

The second term in Eq. 18 creates a difference in the
estimates that can accumulate over time. The result
of this second order effect is demonstrated in Fig. 3.
In this 2-vehicle simulation, each vehicle computes
ii as per Eq. 9 using an H that was linearized about
the slave’s current state estimate. The slave then
transmits ik to the master vehicle. To perform the
update step, the master must compute the Ik for
the slave vehicle based on an H that was linearized
about the master’s current state estimate. In this
scenario, the master’s state estimate and the slave’s
state estimate differ by less than a centimeter. Fig. 3
demonstrates the filter going unstable at approxi-
mately the 23rd time-step. To prevent this instabil-
ity, the vehicles must transmit both the information
vector and the information matrix at every time step
(requiring substantially more communication).

Full-Order Iterative Cascade Filter: Another filter
considered is the full-order iterative cascade filter.
In this algorithm (depicted in Fig. 2(b)) each vehicle
employs a standard Kalman filter estimating the full
fleet state, but using only the locally available mea-
surements. After the measurement update, each ve-
hicle broadcasts its local state solution to every other
vehicle. Upon receipt, the vehicles re-compute their
measurement matrices, Hi and re-compute a mea-
surement update. This update procedure is identi-
cal to that proposed by Park,14,20 except that in this
case, each vehicle is estimating the entire fleet state,

whereas in Park’s filter, each vehicle estimated only
their local state.

Note that the full-order iterative cascade filter is
sub-optimal because there is no single filter in the
fleet that can accurately estimate the inter-vehicle
correlations (the correlations are approximated by
iterations around the fleet). Furthermore, given the
amount of computational effort that must be exerted
to execute a full-order filter, this method may not
provide a good balance between estimation accuracy
and computational effort.

Reduced-Order Filters

For many control/science applications, each vehicle
is primarily interested in estimating its own state.
This prompted the development of reduced-order de-
centralized filters wherein each vehicle estimates only
its local state thereby substantially reducing the com-
putational demands on each vehicle at the cost of
sub-optimality and increased synchronization require-
ments. The extent to which the estimator perfor-
mance is impacted is examined in the Analysis Sec-
tion. The algorithmic flow for all of the reduced-
order decentralized filters is shown in Fig. 2(b).

Cascade Filter: Recent work by Park proposed a
reduced-order decentralized filter known as the It-
erative Cascade Extended Kalman Filter (ICEKF)
(see Refs. [14,20]). The purpose of the ICEKF was to
provide a decentralized local ranging augmentation
for LEO applications using GPS pseudolites. Fur-
thermore, Park’s algorithm was intended for a rel-
atively small number of range measurements (com-
pared to the GPS measurements) with identical ac-
curacy to the other GPS measurements. In this envi-
ronment, the ICEKF works extremely well and Park
has demonstrated near optimal performance.14,20 For
this paper, we are interested not only in local rang-
ing for LEO augmentation, but also for MEO and
beyond. For these scenarios, the estimator will have
to rely almost solely on the local ranging data that
could be much more accurate than the GPS mea-
surements. In this scenario, the ICEKF exhibits
poor performance (see Analysis Section for simula-
tion results), typically yielding unstable results.

The primary problem with the ICEKF is that
the relative state vectors from the other vehicles are
assumed to be perfect, when in reality, these states
are in the process of being estimated and thus are
erroneous. One ad hoc method for accounting for
the estimation error associated with other vehicles’
states is to absorb it into the measurement error vari-
ance matrix R.24 Before starting the estimator, R is
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increased (“bumped up”) by a constant amount that
corresponds to the other vehicles’ estimated error

Rbump = R + JPyyJ
T (19)

where R is the original measurement error variance
matrix, J is the measurement matrix for all other
non-local measurements in the fleet and Pyy is the
initial covariance matrix for all other non-local states
in the fleet state vector. Increasing R indicates that
the measurements might not be as good as suggested
by the accuracy of the ranging device.

Another possible way to incorporate more mea-
surement uncertainty and improve the filter stabil-
ity/accuracy is to transmit some state covariance in-
formation along with the local state vector. The
following describes a technique developed to incor-
porate this state uncertainty information.

Schmidt-Kalman Filter: The traditional purpose of
the Schmidt-Kalman filter (SKF)21 is to reduce the
computational complexity of a Kalman filter by elim-
inating states that are of no physical interest, but
are required to estimate noises and/or biases. The
formulation of the SKF begins with a partitioning
of the standard state propagation and measurement
equations as well as the covariance matrix:[

x
y

]
k+1

=
[

φx 0
0 φy

]
k

[
x
y

]
k

+
[

wx

wy

]
k

(20)

zk =
[

H J
]
k

[
x
y

]
k

+ νk (21)

Pk =
[

Pxx Pyx

Pxy Pyy

]
k

(22)

where x represents the state vector containing the
states of interest and y represents the remaining
states. Applying the partitions of Eqs. 20 and 21
to the general Kalman filter equations, solving for
each block, and setting the gain for the y states to
zero yields the following equations:

Schmidt-Kalman Measurement Update†:

αk = HkP−
xxk

HT
k + HkP−

xyk
JT

k +

JkP−
yxk

HT
k + JkP−

yyk
JT

k + Rk (23)

Kk = (P−
xxk

HT
k + P−

xyk
JT )α−1

k (24)

† Note that in Eq. 25, the Jkŷ0 term is only required if the
y states are expected to have a non-zero mean. If this is the
case, a best guess of the ŷ states is inserted for ŷ0. In many
applications, the best guess might be ŷ0 = 0.

x̂+
k = x̂−k + Kk(zk −Hkx̂−k − Jkŷ0) (25)

P+
xxk

= (I −KkHk)P−
xxk

−KkJkP−
yxk

(26)

P+
xyk

= (I −KkHk)P−
xyk

−KkJkP−
yyk

(27)

P+
yxk

= P−T

xyk+1
(28)

P+
yyk

= P−
yyk

(29)

Schmidt-Kalman Time Update

x̂−k+1 = φxk
x̂+

k (30)

P−
xxk+1

= φxk
P+

xxk
φT

xk
+ Qxk

(31)

P−
xyk+1

= φxk
P+

xyk
φT

yk
(32)

P−
yxk+1

= P−T

xyk+1
(33)

P−
yyk+1

= φyk
P+

yyk
φT

yk
+ Qyk

(34)

The SKF equations may appear more complicated
than those of the Kalman filter; however, substan-
tial computational savings are embedded in the fact
that the filter only solves for the x state and not the
y state which, in typical applications of this tech-
nique, is of no physical interest. It is this aspect of
the SKF that is appealing for the design of reduced-
order decentralized filters. In particular, the SKF
is used to incorporate a covariance estimate of the
relative state estimates, which eliminates the prior
assumption that the states of all other vehicles are
known perfectly.

This method introduces the relative states of all
fleet spacecraft into the state vector, and then uses a
Schmidt formulation to incorporate the uncertainty
in other vehicles’ states, while reducing the esti-
mated state vector to include only the local state.
Each vehicle follows the same iteration procedure
as the ICEKF, but instead of transmitting just its
local state vector to the next vehicle in the fleet,
it sends the local state vector along with its local
covariance matrix (or some representative portion).
Also, instead of executing the standard Kalman filter
equations, the SKF equations are used by replacing
Pyy with the transmitted covariance matrices of each
other vehicle placed on a block-diagonal. Thus, with
Pyy being transmitted to each vehicle at every time-
step, Eqs. 29 and 34 are omitted from the standard
Schmidt formulation.23

Hierarchic Clustering

The reduced order methods presented in the previ-
ous sections provide viable solutions to the fleet nav-
igation problem for medium-sized fleets. For larger
fleets, however, the synchronization requirements will
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Fig.4: Hierarchic Clustering Topology.

make the iteration techniques very difficult and an
alternative architecture will be required. One ap-
proach to mitigate this scaling problem, is to em-
ploy a hierarchic architecture, which performs the
detailed estimation for smaller groups of vehicles
and then assimilates partial results at a higher level.
Fig. 4 illustrates one strategy for setting up a hi-
erarchic architecture for spacecraft employing local
ranging. The fleet is split up into smaller clusters
that perform their ranging and navigation indepen-
dently with the exception of one vehicle in each clus-
ter termed the “cluster master”. To link the esti-
mates of each cluster to one another, each cluster
master joins together to form a “super-cluster”, so
the hierarchy looks essentially identical at each level.
The key benefit of this approach is that the clusters
and super-clusters do not need to be tightly synchro-
nized, or even run at the same update rate.

The type of filter for the cluster estimators is
chosen based on the cluster sizes, available commu-
nication bandwidth, CPU loading and required ac-
curacy. Depending upon the number of layers in
the architecture (only two are shown in Fig. 4), de-
termining a vehicle’s position with respect to the
fleet center may involve vector additions of several
different cluster solutions. Since each vector addi-
tion step introduces another source of error (due to
summing two quantities, each with an uncertainty),
from a performance perspective, larger clusters are
more desirable than smaller ones. Assuming a two-
layer hierarchy, and each cluster running identical
estimators, the predicted growth of estimation error
variance is shown in Table 1.

Cluster sizing and selection could be done based
on several different criteria, including geographic sep-
aration, common GPS visibility or even existing com-
munication connectivity from science experiments.
If the fleet communication architecture permits, the
clusters could be dynamic. From an estimation stand-
point, the best clustering approach would be to form
clusters of vehicles that are ranging with each other;
however, inter-cluster ranging could be permitted

Table 1: Error scaling through hierarchy with σ2

as basic estimator position error variance. Errors
accumulate across the levels in the hierarchy.

Estimate Error
Variance

Slave to Local Master σ2

Slave to Local Slave 2σ2

Local Master to Local Master σ2

Local Master to Fleet Center σ2

Slave to Fleet Center 2σ2

Slave to Remote Master 3σ2

Slave to Remote Slave 4σ2

provided enough state information is exchanged to
formulate the measurements. For example, if a vehi-
cle in one cluster wants to range with another vehicle
in different cluster, information must be traded re-
garding the other cluster’s global position (i.e., must
communicate with the cluster masters). However, if
inter-cluster ranging is limited to only cluster mas-
ters, then the only extra information required is
known by the local cluster master which substan-
tially reduces the communication requirements. Per-
forming inter-cluster ranging is a good way to reduce
the error growth illustrated in Table 1 since the error
variances associated with positions between ranging
vehicles is at most 2σ2.

Hierarchic clusters permit much greater flexibil-
ity in terms of the estimation algorithms – any of
the previously algorithms could be used at any level
of the hierarchy. Choosing the most appropriate al-
gorithms to populate the various levels depends on
the required estimation accuracy, the available com-
putation, and the communication bandwidth.

Analysis

The following sections present performance analysis
results for the filters discussed in the previous sec-
tions. This includes an analysis of the steady state
filter covariances. To verify the predicted errors,
simulations are also done for each method to obtain
representative accuracy estimates. Finally, results
are presented from tests run on the FFIT testbed
to analyze the overall performance of each method
from a data-flow point of view.

Covariance Analysis

The focus of this study was to observe the structure
of the filter covariance matrix in each filter. Con-
stant probability contours are a useful visualization
technique for studying covariance matrices. In the
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2×2 case, a covariance matrix can be represented as
a rotated ellipse in the Cartesian plane.

For this study, each vehicle receives an x and y
measurement for their own position as well as the
range between the vehicles, r12. The algebraic Ric-
cati equation is solved for each filter to obtain the
steady state covariance matrix. Fig. 5 shows the er-
ror ellipses for vehicle 1 for each type of centralized
and decentralized filter described above (since the
Kalman and Information filters provide identical co-
variances, only one ellipse is shown for both). This
type of analysis provides insight into the degree to
which the measurements are being used. For exam-
ple, a narrow ellipse aligned with the x-axis would
indicate that the filter had been able to make very
good use of a measurement in the y-direction (re-
sulting in better confidence and hence a narrower
ellipse, in the y-direction).

The ellipse representing the case with no local
ranging is a circle with a radius larger than any of
the semi-major axes of the other ellipses. The circu-
lar shape is expected due to the equal measurement
accuracy in the linear positional measurements of
x and y. The ellipse for the centralized filter rep-
resents the best case possible since the centralized
method captures all vehicle and state correlation in
a single, unified filter. Both the Bump Up R method
and the ICEKF method appear to have covariance
matrices that are relatively close to that of the cen-
tralized method, suggesting near-centralized perfor-
mance, but this is misleading because the filter co-
variance for the Bump Up R and ICEKF methods
do not provide good figures of merit, as outlined in
the following.

In a full order, centralized Kalman filter, the

measurement equation is

z = CX (35)

where X denotes the entire fleet state and z denotes
the full complement of measurements available in
the fleet. This equation can be expanded into terms
that correspond to the local states x and the states
of the other vehicles y

z = CX = Hx + Jy (36)

Note that this partitioning is identical to that used
to derive the SKF. The ICEKF method is a reduced-
order estimator so it only has the local state avail-
able to use in the measurement equation. So its
measurement equation is given by the approxima-
tion

zi ≈ Hix (37)

where zi is the vector of measurements available on
a local vehicle. The term Jy is completely omit-
ted from the ICEKF equations; however, the reg-
ular Kalman filter equations derived assuming an
optimal K with correct values of R, Q, Φ and H
are still used. This means that the filter covariance
cannot be trusted as the true error covariance and
thus is not a good indicator of the filter performance.
Furthermore, the fact that the ICEKF covariance el-
lipse is smaller than the centralized ellipse (i.e., the
true covariance‡) indicates that the ICEKF method
is trusting the measurements too much. Similarly,
the Bump Up R covariance cannot be trusted either
since here, not only is the H incorrect, but the R is
incorrect as well.

The filter covariance of the full state decentral-
ized estimator, however, can be trusted since it uses
the full H matrix and the correct R value. No-
tice that in one direction, it provides only a mini-
mal improvement over the No Local Ranging case.
Also, since this filter attempts to estimate many
more states than are observable, the covariance cor-
responding to the states not pertaining to the local
vehicle will tend to grow without bound (depend-
ing on the dynamics, Φ). This could lead to an ill-
conditioned P matrix and cause numerical problems
over time if not adequately accounted for.

The SKF uses a sub-optimal K but the filter co-

‡Actually, since these are Extended Kalman Filters, the true
error covariance is not accessible. However, the covariance
error introduced in using an EKF formulation over that in-
troduced by using an incomplete measurement matrix can
be shown to be small if the measurement linearization works
sufficiently well.
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variance can be trusted. Recall that the SKF deriva-
tion starts with the general update equation (Eq. 38)
for any (optimal or sub-optimal) K.

P+
k = (I−KkHk)P−

k (I−KkHk)T +KkRkKT
k (38)

Using this equation, the true covariance is recov-
ered and hence, the SKF covariance can be trusted.
The ellipse for the SKF method appears only slightly
better than the full state case. This is somewhat
surprising based on the correction that the SKF at-
tempts, but the SKF does give a reduced computa-
tional load (as seen in the Analysis Section). Also
the SKF does not suffer from the ill-conditioned P
matrices that are typically experienced with the full
state filters.

These results indicate that filters such as the cen-
tralized and SKF methods should perform well since
the filter’s conception of the error covariance is ac-
curate. Methods such as ICEKF are not expected to
perform well since they over-emphasize the quality
of the measurements, as evidenced by small covari-
ances. Furthermore, being able to trust the filter’s
covariance provides valuable sensor integrity infor-
mation which could be used in fault detection rou-
tines (e.g., more ranging partners may be required
if the filter covariance becomes too high).

Simulation Results

To demonstrate the relative effectiveness of the var-
ious filters presented in this paper, simulations of a
7-vehicle fleet consisting of one “master” vehicle and
6 “slave” vehicles were conducted. The goal of each
slave vehicle is to estimate its relative state with re-
spect to the master vehicle. Since only relative states
are of interest for this particular simulation, the ab-
solute state of the master is taken arbitrarily to be
at the origin. Each slave follows different circles of
constant radii and angular speeds around the master
to provide good fleet geometry (PDOP) for utilizing
the local ranging measurements most effectively.

For estimation purposes, there are two types of
measurements available. The first type are coarse
measurements of the relative position and velocity
vectors with respect to the master. These mea-
surements are intended to represent the results from
some basic navigation system (i.e., NAVSTAR-only
GPS). The second type are fine local ranging mea-
surements. Ranges are determined by measuring
the time-of-flight of a signal, requiring knowledge
of the differential clock offsets of each vehicle pair.
These clock offsets must be incorporated into each
vehicles’ state vector for estimation (see Park20 for
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Fig. 6: Bar chart illustrating position estimation
error for various decentralization methods (ICEKF
bar is beyond top of chart). Errors reported as root-
sum-squared, averaged over multiple runs.

more details). Range rates are determined from the
Doppler measurements. The coarse measurements
are assumed to be accurate to 3 cm and 7 mm/s,
and the fine measurements are a factor of 3 more
accurate.

The simulation has three measurement phases.
In the first phase, the only measurements available
to each vehicle are the coarse position and velocity
measures. The second phase adds local ranging mea-
surements, but only between the master and slaves
(not between slaves). The final phase includes the
full complement of coarse and fine measurements in-
cluding local ranging between slaves. Fig. 6 shows
the results of the simulation during each phase. The
methods tested include (in order from left to right)
ICEKF, 4 types of SKF, Bump-Up-R, Full State and
Centralized. Four SKF methods were tested:
• Schmidt Full Cov - The full Pxx for each

vehicle is exchanged at each time-step to be
used in each other vehicles’ Pyy.

• Schmidt Diag Cov - This approach saves
some inter-spacecraft communication by trans-
mitting only the diagonal of each vehicle’s Pxx

to form the Pyy matrix.

• Schmidt Max Diag Cov - This method is
similar to the previous method, but only the
maximum diagonal element of each vehicles’
Pxx is transmitted. To form the Pyy matrix,
each vehicle multiplies this maximum diagonal
element by the identity matrix.

• Schmidt Own Cov - In this final SKF method,
each vehicle assumes that its own covariance
matrix, Pxx, is similar to the covariance matri-
ces of all other vehicles in the fleet. So, nothing
is transmitted and each vehicle simply uses its
own Pxx to form Pyy.
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Fig. 6 compares the performance of each decentral-
ized method to that of the centralized method. The
three clusters of bars in the charts represent the
three different phases in the estimation process. All
decentralization methods produce the same accuracy
as the centralized for the first two phases correspond-
ing to no local ranging and master-only local rang-
ing. This result is expected since the H matrix for
both of these phases is block diagonal and thus the
problem cleanly decentralizes. It is also clear from
the Fig. 6 the effect that the local ranging has on
the best achievable accuracy.

For the third phase, the H matrix is no longer
block diagonal and the differences between the de-
centralization methods become evident. In partic-
ular, the poor results of the ICEKF with no cor-
rection (and only 1 iteration) are readily apparent.
Increasing the number of iterations can improve this
result, but the fundamental problem is that the ap-
proach uses the measurements too aggressively. Of
the methods tested, the SKF method with full co-
variance transmission performs the best, second only
to the centralized method. While the best SKF case
is worse than the centralized result, Fig. 6 shows
that it outperforms the “Bump up R” approach.
Note that the more covariance information traded,
the better the achieved performance. Another in-
teresting observation is how well the “Schmidt Own
Cov” case performs. Due to similar geometries, it
is likely that the covariances look similar for each
vehicle, providing accuracies almost as high as the
“Schmidt Full Cov” case.

Data Flow Validation

The FFIT testbed15 enables data to be collected on
the communication and computational demands for
each algorithm. The relative complexity of the algo-
rithms can also be studied from the time required to
generate a useful solution. The FFIT testbed cur-
rently contains 5 PCs in total - 4 spacecraft PCs
and 1 simulation engine, so the simulations are lim-
ited to a fleet of 4 vehicles. While this is not as
large as desired, the results provide a baseline that
can be extrapolated for larger fleets (e.g., 16–32 ve-
hicles). The results that follow were taken directly
from the FFIT testbed using a situation similar to
the one in the previous section with some simplifi-
cations (i.e. 2-D instead of 3-D and all clock offsets
were assumed known). The results were taken in
real-time at a time-step of 5 seconds, with each ve-
hicle transmitting its data at a rate of 9600 baud
(typical data rate for a Nanosat missions22). Fig. 7
shows the trade between estimation accuracy and
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Fig. 7: Estimation error as a function of compu-
tation per vehicle for various decentralization meth-
ods.

computation. The centralized method provides the
lowest error, but this plot clearly shows the compu-
tational price that is paid for this high accuracy. The
master vehicle in the centralized estimation scheme
ends up more than 10 times more computationally
loaded than the slaves. In a mission where science
objectives need to be carried out along with rela-
tive navigation, it may not be desirable to have one
vehicle so heavily loaded while the others are doing
virtually nothing.

The reduced order methods (i.e., all SKF meth-
ods and bump-up-R) provide a good trade of accu-
racy vs. computation plot (especially compared to
the “no local ranging” data point). Since each ve-
hicle only estimates its local state, the computation
is well distributed and as a result, the computation
level for each vehicle is only slightly more than a
centralized slave. The results in Fig. 7 show that
the full-state method has a higher computational
load than the other reduced order methods (e.g., full
SKF method), but this extra computation provides
no additional performance benefit.

Overall, the other reduced-order methods require
relatively small amounts of inter-spacecraft commu-
nication as evidenced in Fig. 8. The method with the
most communication is the SKF due to the transmis-
sion of portions of covariance matrices. However,
given the accuracy benefit of the SKF, it may be
desirable to use more communication bandwidth in
exchange for the increased estimator accuracy. The
centralized method does very well in this compari-
son because the fleet only has 4 vehicles and only
the measurement vectors and solutions for the two-
dimensional problem are transmitted. The issues
when scaling to larger fleets are explored later in
this section.
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time per vehicle for various decentralization meth-
ods.

Fig. 9 shows the estimation error vs. solution
time trade. This plot makes explicit the degree of
complexity of each method. Points further to the
right indicate that a great deal of computation, com-
munication and/or fleet synchronization is required,
thus making the method more complicated to exe-
cute overall. The reduced order methods appear to
be the clear winners in this trade study for N = 4.
They minimize computation as well as communica-
tion and still perform quite well from an estimation
accuracy standpoint. Furthermore, due to the cas-
cade nature of the measurement updates, each vehi-
cle need only be synchronized with the vehicle before
it in the fleet. In the centralized case, all vehicles
must synchronize with the master prior to receiving
a measurement update, resulting in longer solution
times.

The results presented above for a 4-vehicle fleet
provided insights on the relative merits of the various
estimation architectures. The reduced-order meth-
ods exhibit near optimal estimation accuracy while
keeping communication and computation to a mini-

Fig.10: Trends for N = 4.

mum, proving that decentralized estimation is possi-
ble even with correlated states. The full state meth-
ods were shown to not provide any performance in-
crease over the reduced-order methods in terms of
computation or estimation accuracy. From a com-
munication and computation perspective, for these
simplified simulations, the centralized filter appears
to be a viable option for fleets of only 4 spacecraft,
provided the imbalance in computational load is ac-
ceptable. However, this analysis has not included
any notion of fleet robustness or required fleet con-
nectivity, which are the commonly cited disadvan-
tages of centralized estimators.17,19

To gain some insight into how these algorithms
scale to a larger fleet, Figs. 10 and 11 use the N = 4
case as a baseline and illustrate graphically how the
performance of the various estimation architectures
changes when the fleet size increases past 4 vehicles.
The scaling presented in these figures comes from
an algebraic analysis of the required matrix calcula-
tions.25 Fig. 10 illustrates the approximate regions
on the communication and computation plots where
the various architectures lie. The “Full State” area
stretches down to the bottom right on both plots
because it includes the information filter as well.
Fig. 11 shows how these regions evolve when for N
larger than 4 (i.e. 16 or 32).

In the communication plot, the scaling for the
full state and centralized methods grows with N2

due to the need to send information matrices in the
information filter case and full measurement vectors
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Fig.11: Trends for N � 4.

in the centralized Kalman filter architecture. For the
reduced-order methods, there is no communication
scaling with N since all transmitted data is only a
function of the local vehicles’ states. In the com-
putation plot, the scaling for the full order methods
grows with N3, while the scaling is N6 for the cen-
tralized methods. The reduced-order methods how-
ever, experience no scaling in computation.

The scaling results presented above indicate that
the reduced-order methods perform the best in larger
fleets due to their limited state size. The commu-
nication and computation requirements for the cen-
tralized and full state methods grow extremely
rapidly for larger fleets, quickly rendering those meth-
ods infeasible. However, all presented methods re-
quire some degree of fleet synchronization, which
may limit the implementation for large N .

Due to the physical limitations of the FFIT
testbed, it is not possible to simulate the hierar-
chic method described in this paper. However, since
the hierarchic methods are simply other estimators
running on various clusters, the above results can
be extrapolated to the hierarchic architectures. If
one assumes that the same estimator is run at each
level of the hierarchy, then the communication and
computational load for each cluster master would
be exactly twice that of the cluster slaves. The
slaves’ communication and computational load scale
exactly the same as predicted in Figs. 10 and 11.
Thus, the hierarchic methods permit scaling mitiga-
tion by simply reducing the size of each cluster.

An important drawback to hierarchic clustering
is the summation of cluster error variances shown in
Table 1. Of course, to reduce the impact of these
errors, larger clusters can be used. Using reduced-
order estimators such as the SKF permit large clus-
ter sizes due to their appealing scaling characteris-
tics. Thus, a viable navigation option for almost
any large fleet would be a reduced order estimator
implemented in a hierarchic cluster architecture.

Conclusions

Estimation for formation flying missions at MEO
and beyond presents a challenging problem due to
the nonlinear ranging measurements that will be re-
quired. These local ranging measurements strongly
couple the states of each vehicle and complicate the
decentralization of the estimation algorithms by re-
quiring cascaded fleet iterations during the measure-
ment update. This paper analyzed several estima-
tion architectures and compared various algorithms
using 2D and 3D simulations that facilitated detailed
studies of the effects of the nonlinearity in the rang-
ing measurements and the correlation between the
vehicle state estimates. Results from these simula-
tions showed that the decentralized reduced-order
estimators provide a good balance between commu-
nication, computation and performance when com-
pared to centralized and full order methods, and
thus could be a feasible relative navigation approach
for future missions. The extrapolation of these re-
sults to larger fleets strongly indicated that the cen-
tralized (and decentralized full-order) filters will have
prohibitively high communication and computational
requirements. However, the reduced-order estima-
tors presented, of which the Schmidt-Kalman filter
was the best, exhibit no such growth in the com-
munication or computation demands. While the
reduced-order decentralized approaches reduce and
distribute the computation more equitably, they are
fundamentally limited by the degree of synchroniza-
tion required within the fleet to calculate the state
estimates. The hierarchic architectures discussed
address this limitation by splitting the fleet into sub-
teams that can function asynchronously. Thus, the
results of this study show that a viable estimation
approach for large fleets using augmented measure-
ments would be comprised of reduced-order estima-
tors implemented within a hierarchic architecture.
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