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Abstract—Distributed sensor fusion requires the transmission
of intermediate fusion results, consisting of point estimates and
associated error covariance or information matrices. Bandwidth
constraints necessitate data compression techniques for error
covariance and information matrices, which typically dominate
data volume. To ensure the safe use of the fusion results for
decision-making, these techniques must be conservative, i.e., not
lead to the compressed error covariance or information matrices
underestimating the true estimate error. This work introduces
a novel approach for the conservative compressed transmission
of information matrices, that builds on a previous event-based
method for covariance matrices. The proposed method allows
the entire sensor fusion pipeline to operate in ’information
space’, facilitating efficient fusion operations without the need
to compute corresponding covariance matrices. Contributions
include an event-trigger for information matrices and a robust-
optimization-based bounding mechanism ensuring conservative-
ness. The proposed approach is evaluated in the context of
transmitting error information matrices generated by extended
information filter SLAM to a receiver for further processing.

Index Terms—Distributed Data Fusion, Data Reduction, Con-
servative Data Fusion

I. INTRODUCTION

Distributed sensor fusion aims to combine and refine in-
formation extracted from sensor data without requiring all of
the data acquisition and processing pipeline to be colocated.
This has several advantages, such as distributing the computa-
tional load, greater robustness to failure and better coverage,
but requires communication between the devices involved.
In particular, intermediate fusion results, typically consisting
of a point estimate and an associated error covariance or
information matrix, need to be transmitted. To ensure the
safe and reliable operation of the physical systems utilizing
the fusion results, the uncertainty encoded in these matrices
must not underestimate the actual uncertainty of the point
estimate. Since the transmission bandwidth is often limited,
data compression techniques need to be applied, particularly
to the error covariance and information matrices, as they
cause the majority of the data volume to be transmitted.
Critically, data compression must not lead to underestimation
of the actual point estimate uncertainty by the compressed
matrices, motivating the notion of conservative data compres-
sion methods for covariance and information matrices. The
use of information matrices instead of covariance matrices is
advantageous in certain applications. For instance, efficient

simultaneous localization and mapping (SLAM) algorithms
exploit the approximately [1] or exactly [2] sparse nature of
the information matrix compared to the covariance matrix. In
addition, many fusion algorithms such as least squares (LS),
the Kalman filter (KF), and covariance intersection (CI) [3]
can be naturally formulated in terms of information matrices
instead of covariance matrices, thereby avoiding potentially
costly matrix inversions. In fact, it is possible to perform
most sensor fusion operations without converting to covariance
matrices until the final result is to be extracted. Consequently,
it is clearly useful to consider the compressed transmission of
information matrices for cases where the application at hand
dictates their use. As will be seen, this poses unexpected theo-
retical and practical challenges, compared to the transmission
of covariance matrices.

Only recently has the need for conservative covariance
matrix compression methods for sensor fusion been recognized
and investigated in the literature. Existing approaches for co-
variance matrices include conservative diagonal [4] or block-
diagonal approximations [5] which use induced sparsity as the
main mechanism for data reduction. In contrast, projection-
based methods [6]-[9] utilize low-dimensional linear projec-
tions of estimates and covariance matrices in conjunction
with conservative fusion algorithms such as CI to achieve
data reduction. Quantization-based approaches map individual
matrix elements to lower resolution numerical representations
and prevent the potential loss of conservativeness through
appropriate diagonal shifts that are obtained through solving an
optimization problem [10] or computing a modified Cholesky
decomposition [11]. In the event-based approach to covariance
matrix compression [12], [13] individual covariance matrix
elements are only transmitted if they satisfy a so-called trigger
condition that depends on past values, e.g., of the same
element. The received elements are stored in a buffer and,
with the implicit information contained in not receiving an
element, used by a bounding mechanism inside the receiver
to obtain a conservative covariance matrix. In contrast to the
above methods for covariance matrices, to the best of the
authors’ knowledge, no application-independent methods for
the compression of information matrices have been proposed.
However, approaches specific to certain applications such as
SLAM exist [1], [14] and can in fact be used together with
the approach presented in the following.



The extended event-based method from [13] forms the basis
for this work. While the overall structure of the method,
consisting of a trigger condition, an element buffer and a
bounding mechanism remains, now, the transmission of in-
formation matrices instead of covariance matrices is consid-
ered. Surprisingly, this necessitates a theoretically substantially
different bounding mechanism and as a consequence a more
complex trigger condition. The resulting approach enables the
compressed transmission of sequences of information matri-
ces without having to compute the corresponding covariance
matrix, which allows for the entire sensor fusion pipeline to
operate in ’information space’. The contributions of this work
are 1) a bounding mechanism for the event-based transmission
of information matrices, 2) a trigger condition that ensures the
feasibility of the bounding mechanism, and 3) an evaluation of
the new approach in a scenario, where extended information
filter SLAM results are to be sent to a receiver.

II. BACKGROUND

In this section, the mathematical notation, the central con-
cepts of positive semidefiniteness, diagonal dominance, and
conservativeness for information matrices, as well as their in-
terrelationships are introduced. In addition, the original event-
based method for covariance matrix compression, as proposed
in [12], [13], is outlined and recapitulated.

A. Mathematical Notation

In this work, scalars are denoted by lowercase letters (e.g.,
a), vectors by lowercase underlined letters (e.g., a), and
matrices by uppercase bold letters (e.g., A). Elements of
a vector @ or a matrix A are indicated by [a];, or [A];;,
where ¢ and j are the element’s row- and column index,
respectively. The identity matrix is denoted by I and the all
one vector and matrix by 1 and 1, respectively. Elementwise
multiplication (the Hadamard product) of two matrices A and
B is indicated by A ® B. Furthermore, |A| denotes taking the
elementwise absolute value of the matrix A. For symmetric
matrices A and B the notation A > B is synonymous
with A — B being positive semidefinite. The minimum and
maximum eigenvalue of a matrix A are denoted as A, (A)
and A, (A), respectively. The notation A > B expresses
the elementwise (standard) inequality of the matrices A and
B. Sets are denoted by standard uppercase letters, e.g., A. The
set of real symmetric n X n matrices is denoted as .S,,, the set
of real positive semidefinite n x n matrices as S, the set of
real positive definite n X n matrices as S,J{ +, and the set of
real diagonally dominant n X n matrices as DD,,.

B. Positive Semidefiniteness and Diagonal Dominance

Positive semidefiniteness (PSD) and properties related to it
play an important role in definitions and derivations in the
remainder of this work. The following lemmas provide useful
tools to work with and bound PSD matrices (above / below) in
terms of the generalized inequality A = B iff A —B € S}

Lemma 1. If A € S,,, then Apin(A)I 2 A < Az (A)L

Fig. 1. Credible set of covariance matrix B (blue), credible set of covariance
matrix A, conservative with respect to B (orange), and credible set of
covariance matrix A,. not conservative with respect to B (green). The
credible set of B is contained in that of A, but not in that of A,.

Proof. Let A have the eigenvalues \; < ... < \,. Then A +
ol has the eigenvalues )\; =XN+a,i=1,...,n, since (A +
al)z;, = (A\; + a)z,, where z, is the eigenvector associated
with \;. Hence, Aq,(A)I — A has eigenvalues A\, = A, —
Ai > 0,7 =1,...,n and consequently is PSD. The same
argument shows that A — \.,;,(A)I is PSD, as claimed. [

Lemma 2. If A/B € SIT, then A = B if and only if
B! > A~ [15 Cor 7.7.4].

Diagonal dominance is essential as a tractable approxima-
tion of positive semidefiniteness and is thus introduced next.

Definition 1. A matrix A € S,, is diagonally dominant (DD) if
the inequality [Al];; > > 5—1|[Ali;| holds forall i = 1,...,n.
i

The following lemma demonstrates that diagonal dominance
implies positive semidefiniteness and therefore DD,, C S;F.

Lemma 3. [f A € DD,,, then A € S} [12, Lem. 1].

In the context of this work, the set of DD matrices provides
an approximation of the set of positive semidefinite matrices
that allows approximately solving optimization problems with
an infinite number of PSD constraints.

C. Conservativeness of Covariance and Information Matrices

The concepts of conservativeness of covariance / informa-
tion matrices and diagonal dominance are used extensively in
this work and thus are introduced here for future reference.

Definition 2. Let A, B € S;'t be two covariance matrices. A
is said to be conservative with respect to B if A > B holds.

If and only if A is conservative with respect to the error
covariance matrix B = E,  [(z — &(y))(z — Z(y))"] of
an estimate T derived from observations y, the eﬁipsoidal
credible sets A = {z|(z — 2)TA7Y(z — 2) < a} and
B = {z|(z — 2) "Bz —2) < a}, where « is a parameter
tied to the credibility level, satisfy A O B, as can be seen
from Lemma 2 and as is illustrated in Fig. 1. Consequently,
conservativeness of A with respect to B guarantees that the
estimate uncertainty encoded in A does not underestimate
that encoded in B. Information matrices are related to their
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Fig. 2. Overview of conservative event-triggered a) covariance matrix and
b) information matrix transmission approaches. a) Covariance matrix to be
transmitted Py, transmitter buffer matrix By _1, event-set Ey, receiver
buffer matrix By, and upper bound Py on original information matrix Pp.
b) Information matrix to be transmitted A with lower bound A on its
minimum eigenvalue, transmitter buffer matrix By _1, event-set E}, receiver
buffer matrix By, and lower bound Aj, on original information matrix Ag.
Conceptually different components of b) compared to a) are highlighted.

corresponding covariance matrices by inversion: Let A €
S;7* be a covariance matrix, then A~! is the corresponding
information matrix. Due to Lemma 2, conservativeness of
covariance matrices can equivalently be expressed in terms
of information matrices.

Definition 3. Let A, B € S;' be information matrices. A is
said to be conservative with respect to B if A < B holds.

This definition has the same interpretation in terms of cred-
ible sets as the previous one using covariance matrices. Since
this work considers the transmission of information matrices,
this is the definition that will be used in the following.

D. Event-Based Covariance Matrix Compression

The event-based approach for covariance matrix compres-
sion from [12], [13] aims to transmit a sequence of covariance
matrices P, € S;f T, k € N, and consists of three components
that are interrelated as shown in Fig. 2 a). At each time step
k a covariance matrix Py is input at the transmitter and a
covariance matrix P, € S;* that is conservative with respect
to Py, is output at the receiver. The buffers at transmitter and
receiver contain the same approximation B, € S, of Py
that is continually updated, as described in more detail below.
From the buffer value B;_; and the covariance matrix Py,
the trigger generates the event set of index-value pairs

By = {((1,7), Prli)) /I[P — Br—1lij| > [T]ij, i <5} (1)

of elements of P, that are to be transmitted. Here, elements
[P];; that have changed more than a threshold [T];;, where
T € S,, T > 0, are transmitted. This trigger rule is called
absolute change trigger and represents the simplest of many
possible trigger rules, see [13]. Both at the transmitter and
the receiver, the buffer value By_; is updated according to
[Bk]” = [Bk]ji = [Pk]ij for all ((L]), [Pk]”) € Ej. While
the buffer By, is an approximation of Py, it is not necessarily
conservative with respect to Py,. This necessitates the bounder,

which computes the conservative covariance matrix P}, based
on By and Fj. It does so by solving a robust optimization
problem with solution Pj, = By, + diag((T ® Ey)1), where
[Exli; = [Egljs = 0if ((4,7),) € E and = 1 otherwise.

IIT. INFORMATION MATRIX COMPRESSION USING
APPROXIMATE ROBUST OPTIMIZATION

In this section, a sequence of information matrices Ay €
St+, k € N, is considered for transmission instead of a
sequence of covariance matrices Py € S:{ *, k € N as
in Sec. II-D. Note that information and covariance matrices
are related by Ay = P,;l. The overall approach resembles
the one recapitulated in Sec. II-D. Its components and their
interplay are illustrated in Fig. 2 b). Similar to the approach
for covariance matrices, both buffers contain an approximation
By of Ag. As before the trigger creates an event-set FEj
consisting of index-value tuples ((4, ), [A]i;) based on the
buffer value B;_; and the current information matrix Ay.
The main difference is that the approach now also requires
a lower bound 5\;€ on Aj’s minimum eigenvalue for its
operation. The event-set is transmitted to the receiver and both
the transmitter and receiver buffer are updated according to
[Brlij = [Brlji = [Axli; for all ((i,5),[Ax]i;) € Ek. In
contrast to the approach for covariance matrices, an additional
value, S\k, needs to be transmitted. The updated buffer By,
the event-set Ej, and the eigenvalue lower bound 5\1@ are
then used by the bounder to generate an information matrix
A}, conservative with respect to Aj. As will be seen, the
bounder for the information matrix approach proposed here
has different properties and requirements to that used in
the covariance matrix approach, which necessitates using a
modified trigger rule. In the remainder of this section, the
bounder, its requirements and properties, and a trigger rule
that is compatible with the bounder are presented.

A. Information Matrix Bounder

The goal of the bounder is to determine Ay such that it
is conservative with respect to Aj and maximizes tr(Ay),
where the latter ensures that Ay, is not overly conservative. By
Definition 3, Ay > Ak must hold for Ak to be conservative
with respect to Ag. In addition, Ak > 0 needs to be ensured
to make A} a valid information matrix. The latter condition is
a major difference to the covariance matrix approach, where
conservativeness is ensured via Definition 2, i.e., Pk > Py,
which implies f’k > 0 automatically, due to Py >~ 0. The
above goals are expressed by the semidefinite program (SDP)

tI‘(Ak)

maximize
ARESy

subjectto Ag = Ak =0

which unfortunately cannot be solved at the receiver, as Ay
is not available there. However, similarly to [12], [13], the
buffer By, the event-set Ej, and the eigenvalue bound 5\1@,
which are available at the receiver, can be used to construct
a sufficient conservativeness condition that does not require
knowledge of the information matrix Ay. For that, define the



buffer error as A, = A, — By, and the candidate conservative
information matrix as A, = By — Sk, where S € S, is
to be determined, such that Ak satisfies the conservativeness
condition Ay > Ak., is PSD, and has maximum trace. The
conservativeness condition can be rewritten as Sy, + A, = 0
by combining it with the definition of the buffer error and that
of the candidate conservative information matrix. Identically
to [12], [13], it is assumed that, although A is not known at
the receiver, it is known to lie within a set of the form

Fk:{AeSn

INESNY )

where Ak € Sn, Ak > 0, is determined by the choice of the
trigger rule, the event-set F;, and the eigenvalue bound 5\k.
In other words, the employed trigger rule together with Ej
and 5\k must allow to derive a set F}, of the above form that
contains the actual buffer error Aj. With the assumption that
Ay € Fy, itis evident that if S;; +A > 0 for all A € F}, then
Sk + Ag = 0 and consequently Ay > A}, follow. Therefore,
Si+ A > 0 for all A € F}, is a sufficient condition for Ak to
be conservative with respect to Ay. This sufficient condition
leads to the robust SDP for Ay in terms of Sy

maximize tr(Ay) = tr(By — S) (RBP)
Skesn
subjectto A+ S; =0 VA € Fy

A,=B,—-S, =0

which can be solved at the receiver and will next be simplified
using diagonal dominance to avoid the high computational
effort required for its solution. To simplify (RBP), the conser-
vativeness constraint A + Sg = 0 VA € Fj, is approximated
by A+ S, € DD, VA € Fy, or in terms of Definition 1, by

< VA € F,
[Alii + [Sklii > z; Ay +I8klil ;23 7
]:
i
Due to Lemma 3, the above robust DD constraint still ensures
that the original robust PSD constraint holds. In addition, the
following lemma from [13] implies that the above robust DD
constraint is equivalent to a finite number of constraints.

Lemma 4. Let Fy, be of the form (2), then the sets

Alii + [Sklii = D 0j=11[Ali; + [Sklijl,
A SkeSn[] [Sk] Z?#[]J [Sk]ij
VA e Fr,i=1,...,n
and
B {Sk cs. [Sklii = 35— [Axlij + Z%é HSk]ijl’}
i1=1,...,n

are identical [13, Lem. 2].

In summary, replacing the robust PSD constraint with a
robust DD constraint is an approximation, but still ensures
the conservativeness of the optimization result. The newly
introduced robust DD constraint, which comprises an infinite
number of inequality constraints, can in turn be expressed

equivalently by a finite number of inequality constraints. These
considerations lead to the standard semidefinite program

maximize tr(Ay) = tr(Bg — Si) (ARBP)
SKESH

[Sklii > 301 [Axlij + Z?j |[Sklisl,
VE]
i=1,...,n
AL=B,—S, >0

subject to

to be solved by the bounder. Its optimal solution S} gives the
optimal conservative information matrix A} = By — S}. As
will be shown next, (ARBP) has a simple solution.

Theorem 1. (ARBP) is feasible iff By = diag(Akl) and
S; = diag(Ayg1) is an optimal solution.

Proof. First assume that By, = diag(Akl) holds. Then S;, =
diag(Ax1) € S, satisfies the PSD and DD constraints with
equality and (ARBP) is feasible. Now assume that (ARBP)
is feasible but that By % diag(Akl). Choose S;, feasible,
then By >~ Sj holds. The diagonal of Sy can be decreased
arbitrarily without violating the PSD constraint. Therefore, the
smallest [Sy];; for which Sy remains feasible is attained when
[Sklii is equal to the right hand side of the respective DD
constraint. This choice of diagonal elements [Sy];; results in
>7=1 1Skl [Sklin
) j#1
S}, = diag(Ay1) + : : ,
[Sk]n1 > =1 1[Sk]ngl
Jj#n
where the second summand can be seen to be DD and thus
PSD. Since this Sj, is feasible and the second summand is
PSD, B, = S} - diag(Akl) follows, which contradicts
B, ¥ diag(Ajl) and simultaneously shows that Sy =
diag(A1) is feasible (setting the off-diagonal elements of
S/, to zero neither violates the first nor the second constraint).
The objective function is bounded above by tr(By) — lTAl
on the intersection of S, and the set defined by the DD
constraints. This follows, because the right hand sides of
the DD constraints are bounded below by Z?Zl[Ak]U The
feasible set is a subset of the aforementioned intersection and

the upper bound is attained by the feasible S} = diag(Al).
Therefore, we have found an optimal solution of (ARBP). [

While the above theorem provides a simple closed-form
solution to (ARBP), it also indicates that feasibility issues can
arise if the potential buffer errors A}, are t00 large compared
to Ay, since B > diag(Al) must hold for feasibility and
Ay, = By. The issue arises because, in contrast to the approach
for covariance matrices, which does not suffer from this, the
constraint ]&k > 0 had to be introduced. To avoid the above
feasibility issues, next, a trigger rule that leads to the feasibility
condition being satisfied by construction, is developed.

B. Feasibility-Ensuring Trigger

In this section, the absolute change trigger for covariance
matrices, recapitulated in Sec. II-D, is modified to function



with information matrices and to guarantee the feasibility of
the information matrix bounder from Sec. III-A. The trigger
for information matrices is obtained by replacing all oc-
curences of the covariance matrix Py, in the event-set (1) with
the information matrix Ay and scaling the trigger thresholds T
by a factor «y, € [0, 1] chosen to ensure feasibility. Thus, the
new information matrix trigger yields event-sets of the form

Er = {((4,9), [Ak]ij)[|[[Ax — Br_1]ij| > ar[T]i;,1 < j},

that contain the elements [Aj];; of the upper triangle of the
information matrix that deviate more than the corresponding
scaled threshold ay[T];; (where T € S,, T > 0) from
the corresponding buffer value [Bj_;];;. The event-set is
transmitted together with either the scaling factor itself or the
data needed to compute it. The possible buffer errors that can
occur with the information matrix trigger are given by the set

Fr,={A € S,||A| < T OE, =: Ay}, 3)

where Ei, € S, with [Eg];; = 0 if ((¢,7), [Ax)ij) € Ex and
[Ex]i; = 1 otherwise. The above can be verified by noting that
[Ak}ij =0if ((Z,]), [Ak]”) € F}, since [Bk]” = [Ak]ij due
to the buffer getting updated. Similarly, ((7,7), [Axli;) € Ek
implies HAk — Bk—l]ij| < Oék[T}ij and [Bk]ij = [Bk—l}ij as
the buffer is not updated. Thus |[Ay];;| < ax[T];; holds.

It remains to determine a suitable value for «y such that
the feasibility condition is satisfied. The next theorem gives a
sufficient condition for the feasibility condition to be satisfied.

Theorem 2. If Apin(Ag) > || diag(A1) + Al p holds then
the feasibility condition By, = diag(Agl) is satisfied.

Proof. First note that By, = Ay, — Aj. Therefore, the feasibil-
ity condition can be written as Ay = Ry := diag(Akl) +Ap.
By Lemma 1, Ay = A\ppin(Ag)T and Apy00 (Ri)I = Ry Since
Ry, is symmetric, |Amqz (Ri)| = ||Rk]|2- The spectral norm is
bounded above by the Frobenius norm so that |Ap,q. (Ri)| <
|Ry| . Finally, |Ry| s < || diag(Al) + A r because

2

n

IRelE =D | Ak + Y Akl | + D [Al}

i=1 =1 ij=1
i#]
2
n n n
< Al + > A ]+ 1A
i=1 Jj=1 i,j=1
i#]

follows from |[Ali;| < [Axlijs [Axlii + 37— [Axli; >
0, and (-)? being increasing for non-negative arguments.
Consequently, Apin(Ax) > | diag(Axl) + Agllp implies

A = Ry, i.e., the feasibility condition By, = diag(Agl). O

With the information matrix trigger considered here, the
sufficient condition stated in the above Theorem 2 becomes

Amin(Ax) > o diag((T © Ex)1) + T © Exlp,  (4)

due to Ay, = ax T®Ey, as defined in (3). The right hand side
of (4) depends on E; and thus on the trigger decisions, which

in turn depend on ay. This complicates choosing an «y, that
satisfies the sufficient condition. Fortunately, the right hand
side of (4) attains its trigger decision independent maximum
value || diag(T1) + T||r for Ex = 1, i.e., when E}, is empty.
Therefore, Apin(Ar) > il diag(T1) + T||p implies the
above sufficient condition for feasibility, meaning that

. Ak
Q) = min 1 e,
’ { [ diag(T1) + T }

where 0 < 5\;C < Amin(Ag), guarantees that the information
matrix bounder can operate. Since the bounder needs to know
Ak = o T © Eg, either o, or 5\k need to be sent.

In addition to ensuring the feasibility of (ARBP) and thus
the functioning of the bounder, it is advantageous to be able
to specify elementwise worst-case deviations of Aj from
the information matrix A by judicious selection of T. The
following theorem, essentially equivalent to [13, Thm. 2]
but for information matrices, provides a way to relate the
thresholds T to the worst-case elementwise bound errors.

Theorem 3. Let [XZ = By — S}, where S}, is an optimal
solution of (ARBP), then the following bound holds

IW & (A = Apllr < W o (diag(Axl) + Ap)l|r,
where W € {0,1}"*™ allows selecting submatrices.

Proof. The proof of [13, Thm. 2] applies to the information
matrix case considered here with straightforward changes. [

Particularizing the above result for the information matrix
bounder considered here with A, = o T ® Eg, one obtains

IWO(Ai—Ax) | < ar[WO(diag(TOE,))+TOE,) ||,
(5)
which depends on oy and Ej; and thus the trigger decisions.
An error bound that is independent from E; and ayj can be
derived from the observation that the right hand side of (5)
attains its maximum for E; = 1 and «; = 1. Hence, the
deviation of Ak from Ay is bounded above, according to

IW © (A = A)llF < [W © (diag(T1) + T)|| -
Choosing W to extract bounds on individual elements gives

L Tl i1 Tlij 0=
(A~ Adly] < Tl + 2T 020
[T];; , otherwise

which allows to first select the off-diagonal thresholds, fol-
lowed by choosing the diagonal thresholds, both according to
some per-element worst-case error specification.

IV. RESULTS AND DISCUSSION

In this section, the information matrix compression ap-
proach is evaluated in terms of conservativeness and data
reduction in a scenario, where extended information filter
SLAM results are sent to a receiver, e.g., to fuse them with
other results or to make them available for decision-making.
The case where the minimum eigenvalue of the information
matrix is computed to high precision, is considered first. Next,
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Fig. 3. One of 100 SLAM scenarios used for the evaluation. True robot
trajectory (—) and landmark positions (-) shown in blue. Estimated robot
trajectory (—) and landmark positions (-) for each time step shown in orange.

the case where a lower bound on said eigenvalue is obtained
using a variety of methods, is investigated. Advantages and
challenges of the abovementioned cases and different methods
are discussed in the context of the proposed approach.

A. Experimental Setup

For the following evaluation 100 2D-SLAM scenarios of
500 time steps each were generated using a sampling rate of
0.1Hz. In detail, a 5m x5 m area with 10 uniformly distributed
landmarks was considered. The robot’s initial position was
uniformly distributed in the central 2.5 m x 2.5 m area and its
heading initialized according to a uniform distribution on the
unit circle. The robot was simulated to move longitudinally
at a velocity of v = 0.5m/s and to rotate with an angular
velocity of w = Orad/s, both superimposed with Gaussian
zero-mean noises of variances 02 = 1-1072m?/s? and
02 =1-10"2rad?/s?, respectively. Upon hitting the boundary
of the considered area, the robot was simulated to stop, turn
180° on the spot, and continue at the previous longitudinal
velocity. Range-bearing measurements z, = (ry,0;) were
generated from the resulting robot trajectory and the landmarks
every eight time steps and Gaussian zero-mean noises with
variances 02 = 9-107*m? and ¢} = 9 - 10 *rad® were
added. The simulated measurements were then used as input
to a SLAM algorithm based on an extended information filter
(EIF-SLAM). The SLAM algorithm was initialized with the
information matrix Ag = 10'2-1 € S and employed the
motion and measurement model used to simulate the robot
with the same parameters for system and measurement noise.
Gating using the Mahalanobis distance d(%;,z;) between
the predicted range-bearing measurement z;, and the actual
measurement 2z, combined with nearest neighbor search was
used to perform data association (gate d(Z;,z,) < 8) and
to detect new landmarks (gate d(Z;, z;,) > 100). The ground
truth, robot trajectory and landmark estimates from a single
simulated EIF-SLAM scenario are shown in Fig. 3.

The information matrices resulting from the estimation pro-
cess were processed using the proposed event-based approach
for information matrix compression with thresholds T =T'1,
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Fig. 4. Summary statistics of relative conservativeness c and data reduction
dy, over all time steps and EIF-SLAM scenarios, using an eigendecomposition
/ LOBPCG to compute the minimum eigenvalue of Ay.

where T € {0.01,0.1,1000}'. Various methods to obtain
Ak < Amin(Ag) were investigated. For an information matrix
Ay € ST the data reduction was measured using

_ 64(|Ek| + 1) +n(n+1)/2 — 64n(n +1)/2
B 64n(n +1)/2 ’

i.e., the number of bits to transmit ), and «, relative to that to
transmit all elements of the upper triangle of the information
matrix, assuming that 64 bit floating-point numbers are used
and a bitmask encodes which elements are included in Ey.

The amount of over-conservativeness of the Ak was mea-
sured in terms of ’relative conservativeness’

_ tI‘(Ak) — tr(Ak)
tI‘(Ak)

Relative conservativeness is not just a measure of conservative-
ness but also of accuracy, as ¢, = 0 implies Ay = Ak due to
positive (semi)definiteness of the matrices. The computer used
for the evaluation contained an AMD Ryzen 7 PRO 4750U
processor clocked at 1.7 GHz and 16 GB RAM.

dy,

Ck

B. Results with Exact Minimum Eigenvalue

The minimum eigenvalue A,,;,,(A) or a lower bound on
it must be known to be able to apply the trigger proposed
in Sec. III-B. In this section, the minimum eigenvalue is
determined numerically to great precision and 5\k = Amin(Ak)
is used. Specifically, two methods to compute the minimum
eigenvalue are considered. The first and more computationally
expensive method to obtain A, (Ay), is to perform an eigen-
decomposition of Ay and to extract the minimum computed
eigenvalue. Alternatively, locally optimal block preconditioned
conjugate gradient (LOBPCG) [16], an iterative method that
supports warm-starts and can compute subsets of eigenvalues,
is considered to determine the minimum eigenvalue. Assuming

I'When the dimension of the information matrix A}, increased, the buffer
B was zero-padded and the thresholds T = 71 were T-padded to match
the size of Ay. This does not affect the proper functioning of the approach.



that Ay does not change rapidly, neither do its eigenvalues [15,
Thm. 2.4.9.2], so that ideally a few iterations of warm-started
LOBPCG suffice to update the minimum eigenvalue with little
computational cost compared to an eigendecomposition.

The data reduction and relative conservativeness obtained
using the minimum eigenvalue determined through both,
eigendecomposition and LOBPCG (for the three smallest
eigenvalues using isotropic Gaussian initialization, warm-
starts, and block-diagonal preconditioning) are shown in
Fig. 4. The displayed summary statistics were computed
over all time steps and all scenarios. As can be seen, using
eigendecomposition / LOBPCG, data reduction increases
for increasing 7', with minimum median data reduction
of —2.27 - 107! / —2.18 - 10~! achieved for T = 0.1
and maximum median data reduction of —4.03 - 10! /
—3.91 - 107! achieved for T = 1000. For T = 1000 using
eigendecomposition / LOBPCG, it was observed that ay, < 1
for essentially all information matrix instances, implying
that data reduction is limited by how small A, = Amin (Ak)
is. Therefore, the abovementioned maximum median data
reduction is the best attainable using the proposed approach
and sufficient feasibility condition. Note that data reduction
for T' = 1000 using LOBPCG is more skewed towards zero,
than using eigendecomposition. This is caused by LOBPCG
occasionally not reaching the desired tolerance, in which case
the inaccurately computed minimum eigenvalue is discarded,
and 5\1@ = 0 is used instead, leading to the transmission of
all information matrix elements that have changed, even
infinitesimally, compared to the buffer. Furthermore, for every
T there are instances where data reduction is positive, imply-
ing an increase in the amount of transmitted data. This is due
to the scaling factor aj and the bitmask (see Sec. IV-A) that
are transmitted in addition to the matrix elements themselves,
as well as the small dimension of the information matrix at
the start of each EIF-SLAM information matrix sequence,
when no landmarks have been added to the state estimate yet.

The relative conservativeness, both using eigendecomposi-
tion and LOBPCG, can be seen to be non-negative, due to
the conservativeness of the bounder output. While the relative
conservativeness increases as 7' increases, it is generally small,
indicating that only mild over-conservativeness occurs. Using
eigendecomposition / LOBPCG the lowest median relative
conservativeness of 4.34 - 1076 / 4.11 - 1076 is achieved for
T = 0.01 and the worst median relative conservativeness of
2.13-107%/1.89-10~* for T' = 1000, where in the latter case
the trigger uses the largest scaled thresholds that still guarantee
feasibility of the bounder. Finally, it can be observed that the
relative conservativeness using LOBPCG and T' = 1000 is
slightly lower than when using eigendecomposition. This is
simply due to more data being transmitted on average when
using LOBPCG, as discussed in the previous paragraph.

The eigendecomposition has the same asymptotic compu-
tational complexity of O(n3) as a matrix inversion but is
usually significantly more computationally expensive. Conse-
quently, computing the minimum eigenvalue through eigende-
composition is only advisable, when maximum possible data
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Fig. 5. Summary statistics of relative conservativeness c and data reduction
dj, over all time steps and EIF-SLAM scenarios, using Gershgorin discs / the
trace bound (6) to bound Ain (Ag) from below.

reduction (i.e., A\ = Amin(Ak)) is required and inverting
the information matrix at the transmitter, transmitting the
resulting covariance matrix using [12], [13], and inverting the
conservative covariance matrix produced at the receiver is not
feasible, e.g., because the receiver does not have the required
computational resources. Especially for large (n > 1000)
and sparse information matrices using LOBPCG will likely
be faster than computing an eigendecomposition. In the con-
sidered EIF-SLAM example however, LOBPCG exhibited a
median execution time of 9.4 ms as compared to the eigende-
composition’s median execution time of 0.96 ms, which can
likely be attributed to the fact that the considered information
matrices were not sparse and of low dimensionality, as well
as LOBPCG being implemented in an interpreted language.

C. Results with Eigenvalue Lower Bounds

While the methods in IV-B attempt to compute the minimum
eigenvalue exactly, true lower bounds that are easy to compute
can also be used: One possibility are eigenvalue inclusion sets
such as Gershgorin discs [15, Thm. 6.1.1] or Brauer ellipsoids
[15, Thm. 6.4.7] from which eigenvalue lower bounds 5\k <
Amin(Ak) can be derived. An issue with the above inclusion
sets is that for information matrices with large off-diagonal
elements, the resulting lower bounds are not guaranteed to
be positive. This can lead to the best obtainable non-negative
eigenvalue bound being Ay = 0, in which case data reduction
is severly limited, as it only occurs when there are elements of
A, that do not change over time. However, guaranteed positive
lower bounds exist, a simple yet effective example being

;\k = ! 2 = L 1 < Amin(Ak)- (6)
Vi) A

The above bound follows from the fact that the trace of a
matrix is the sum of its eigenvalues and that the eigenvalues of
the inverse matrix are the inverses of the original eigenvalues.

Fig. 5 shows the data reduction and relative conservativeness
obtained using the trace bound (6) and Gershgorin discs.

IN




As in Sec. IV-B the summary statistics were obtained from
all time steps in all scenarios. The results using the trace
bound show essentially the same qualitative behavior as those
obtained in Sec. IV-B. Quantitatively, the lowest median data
reduction of —2.27 - 10~! is achieved for T = 0.01 and
the highest of —4.01 - 107! for 7" = 1000. The lowest
median relative conservativeness of 4.35-107° is achieved for
T = 0.01 and the highest of 2.05-10~% for T' = 1000. These
results are only slightly worse than those obtained from using
an eigendecomposition. This indicates that the eigenvalue
lower bound (6) is very accurate for the information matrix
sequences occuring in the considered EIF-SLLAM scenarios. In
contrast, using the Gershgorin disc bound yields a negligible
median data reduction of —2.83 - 1072 and consequently
virtually zero relative conservativeness for all 7. This is due
to the Gershgorin-based bound being negative for essentially
all information matrix instances, such that 5\k = 0 must be
used, causing all elements that are not unchanged compared
to the buffer to be transmitted. The fact that any data reduction
occurs at all is a consequence of the landmark variances
staying constant during the prediction step of EIF-SLAM.
The above result clearly demonstrates that eigenvalue lower
bounds based on Gershgorin discs cannot be used effectively
in the considered EIF-SLAM scenarios. Nevertheless, it is
conceivable that in other scenarios where the matrices under
consideration have smaller off-diagonal elements, Gershgorin-
based eigenvalue bounds could provide meaningful results.
Computing a lower bound \; using Gershgorin discs has
asymptotic computational complexity O(n?) and is very fast
in practice. In contrast, the lower bound (6) requires the
inversion of Ay, e.g., using a Cholesky decomposition, which
has asymptotic computational complexity O(n?), but is still
significantly cheaper than an eigendecomposition in practice.
Since only a single inversion needs to be carried out, using the
lower bound (6) is preferable over inverting the information
matrix, transmitting the resulting covariance matrix using [12],
[13], and inverting the conservative covariance matrix pro-
duced at the receiver. In the EIF-SLAM scenario, computing
the Gershgorin-based bound had a median runtime of 37.5 us
whereas computing the lower bound (6) had one of 76.0 us.

V. CONCLUSION

This work proposed an event-based method for the com-
pressed transmission of information matrix sequences. The
method only transmits information matrix elements when they
have changed sufficiently, compared to the last transmitted
value. Additionally, a scalar value, which depends on a lower
bound on the minimum eigenvalue of the information matrix,
must be transmitted. Closed-form robust optimization is then
used to extract a conservative information matrix from the
entirety of received values. The experiments demonstrated that,
using various approaches to compute the minimum eigenvalue
lower bound, the method can achieve a median data reduction
of up to 40.3% with a median decrease in information matrix
trace (as a measure of conservativeness) of 2.13 - 1072%

in an extended information filter SLAM scenario. However,
data reduction cannot be traded for conservativeness at will,
since a (sufficient) feasibility condition must be satisfied for
the robust optimization problem to be solved at the receiver.
The sufficient condition derived in this work is practical but
conservative, which negatively impacts the achievable data
reduction. Furthermore, there exists a tradeoff between the
accuracy of the minimum eigenvalue lower bounds, which di-
rectly affects the achievable data reduction, and computational
expense. Therefore, it is suggested that future work investigate
less conservative sufficient conditions for feasibility, as well as
fast and accurate methods to bound the minimum eigenvalue
of the information matrices to be transmitted from below.
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