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ABSTRACT

Local Bayesian fusion approaches aim to reduce high storage and computational costs of Bayesian fusion which
is separated from fixed modeling assumptions. Using the small world formalism, we argue why this proceeding is
conform with Bayesian theory. Then, we concentrate on the realization of local Bayesian fusion by focussing the
fusion process solely on local regions that are task relevant with a high probability. The resulting local models
correspond then to restricted versions of the original one. In a previous publication, we used bounds for the
probability of misleading evidence to show the validity of the pre-evaluation of task specific knowledge and prior
information which we perform to build local models. In this paper, we prove the validity of this proceeding using
information theoretic arguments. For additional efficiency, local Bayesian fusion can be realized in a distributed
manner. Here, several local Bayesian fusion tasks are evaluated and unified after the actual fusion process.
For the practical realization of distributed local Bayesian fusion, software agents are predestinated. There is
a natural analogy between the resulting agent based architecture and criminal investigations in real life. We
show how this analogy can be used to improve the efficiency of distributed local Bayesian fusion additionally.
Using a landscape model, we present an experimental study of distributed local Bayesian fusion in the field of
reconnaissance, which highlights its high potential.
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1. INTRODUCTION

In many cases of information retrieval, the contributions of several information sources have to be fused to obtain
the desired information precisely, completely and robustly. The involved information contributions may differ
e.g. in their information content, in their physical nature, in their abstraction level or in their formalization.
Examples for this heterogeneity are the different intelligence categories of reconnaissance like IMINT, SIGINT,
HUMINT.! The fusion of such clearly heterogeneous information sources* is especially promising because they
may possess different strengths such that their weaknesses are reduced.

To combine the contributions of different information sources, they must be given in a meaningful, mathe-
matically exact, and algorithmically manageable homogeneous structure.? Such an adequate kind of knowledge
modeling is a probabilistic representation where every kind of knowledge is described via probability distribu-
tions. Within the Bayesian theory, the Degree-of-Belief (DoB) interpretation of probability® is used and the
actual fusion consists of the combination of the probability distributions by the use of the Bayesian theorem.

The resulting Bayesian fusion (BF) methodology constitutes a powerful framework for the description and
realization of homogeneous and heterogeneous fusion tasks which meets all essential requirements for a reasonable
fusion methodology.>%5 However, Bayesian methods may necessitate immense storage space and may cause
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unacceptable computing time because in most real world tasks, the space of the Properties of Interest (Pols)
about which Bayesian inference has to be done is of high dimensionality. Because of the fact that the complexity
of BF increases exponentially with the dimensionality of the space of the Pols, the practical realization of BF
may not be manageable in such situations,*® see also Sec. 2.2.

Local BF has the aim to overcome this problem. The essential idea underlying the concept of local BF is
to perform Bayesian modeling and Bayesian inference not in detail for the whole space which is spanned by the
range of the Pols but only locally! — at least in these regions which are essential for the solution of the actual
fusion task. For this, BF as described in Sec. 2.1 has to be separated from fixed modeling assumptions. Using
the small world formalism, we argue in Sec 2.3 why this proceeding is conform with Bayesian theory.

In local BF approaches, all available information has to be modeled locally by probability distributions. The
local distributions can be obtained e. g. by coarsening or restricting the space of the Pols. In this contribution,
we concentrate on the realization of local BF by focussing the fusion process on regions that have a high chance
to be task relevant. As explained in Sec. 2.4, the resulting local models then correspond to restricted versions
of the original one.

In a previous publication,® bounds for the probability of misleading evidence (ME) have been used to show
the validity of the pre-evaluation of task specific knowledge which is performed to build local models. In the
present publication, the validity of this proceeding is additionally proven by the use of the Minimum Information
Principle (MIP), an information theoretic concept. These connections will be presented in Sec. 3.

Local BF can be realized in a distributed manner, see Sec. 2.3 and Sec. 4.1. Here, several local BF tasks are
evaluated and unified after the actual fusion process. For the practical realization of this concept, software agents
are predestinated.”® There is a natural analogy between the resulting agent based architecture and criminal
investigations, an efficient real world process. We will review this shortly in Sec. 4.2 and show in Sec. 4.3 how
this analogy can be used to interpret the results and to improve the efficiency of distributed local BF additionally.

Using a landscape model, we present in Sec. 5 an experimental study of distributed local BF in the field of
reconnaissance which demonstrates its feasibility and its high potential.

2. BAYESIAN FUSION AND FOCUSSING OF THE FUSION PROCESS
2.1 Basics of Bayesian Fusion

By ds, the contribution of the information source number s € {1,...,5}, S € N, is denoted. Hence, all available
information delivered by the information sources is given by the data d := (dy, ...,ds) € D with D := Dy X...x Dg.
Let z := (21, ...,2n) € Z with Z := Z; X ... x Zn, N € N, denote the Pols. They specify the desired information
which shall be obtained by the fusion of the information sources and prior knowledge. Usually, it is assumed
that the Pols adopt a certain “true value” z which is not directly observable and d is used to infer about z. Note
that in Bayesian theory, no difference is made between deterministic and real random quantities.®

Usually, the first step in the realization of a BF task consists of the modeling, i. e. of the described specification
of the product space Z x D over which prior knowledge and data are to be included in a common probabilistic
description by a joint probability distribution p(z,d). Since the components of the data and the Pols can
be discrete or continuous depending on the fusion task, p(-) has a mixed meaning as a discrete probability
distribution and a density function according to the fusion task.

Prior knowledge about z and the stochastic relation between z and d are included in the joint probabilistic
description p(z, d) on the basis of its factorization into the product of transition probability and prior probability:
p(z,d) = p(d|z) p(z). Prior knowledge about z has to be transformed into p(z) and source specific information into
p(d|z). An established transformation mechanism which guarantees the objectivity* of the resulting probabilistic
representations p(z) and p(d|z) is the Maximum Entropy Principle (MEP).24%10 In a sense, this principle is a
special case of the MIP which is introduced in Sec. 3.

tWe stress that the term local does not necessarily imply spatial closeness and that this term is not identically used
as in the context of Bayesian networks, here.

tA transformation of knowledge into a DoB-distribution is called objective, if different subjects derive the same
distribution given the same knowledge.



The actual fusion is realized by the calculation of the posterior distribution p(z|d) via the Bayesian theorem.

An incomplete model specification is possible for BF. Here, the product probability space Z x D and the
joint probability distribution p(z,d) constitute again the point of origin. However, D is not specified formally
and the actual value of d is directly inserted in p(d|z) which is determined only up to a proportionality constant
ca € (0,00). This leads to the concept of the Likelihood function®!!:12 [(d|z) which constitutes a family of
functions:

I(d|z) := cq - p(d|2) (1)
with c¢g4 arbitrary but fixed for all z. Obviously,

p(z|d) ocl(d|z) p(z). (2)
In the case that the information contributions dy, ..., ds are conditionally independent given z, the scheme (2)

becomes p(z|d) x p(z) Hle 1(d;]z), i.e. it is possible to transform each information contribution d; individually
in a probabilistic representation by I(d;|z), i € {1,...,S}, and to combine them multiplicatively with the prior
distribution. In particular, this assumption is often justified if the information sources are clearly heterogeneous,
e.g.if dyi,...,ds are based on different sensing principles and disturbing noise processes are independent.

From the posterior distribution p(z|d), different estimates for the “true” value of z can be obtained using
concepts from estimation and decision theory.? %13

2.2 Problem Formulation

The computational complexity for the necessary operations to obtain the posterior distribution as well as an
estimate of the “true” value of the Pols is®

N
o([]1zi) = oY) (3)
i=1

where ¢ = 1/ Hfil |Z;| denotes the geometric mean value of |Z;|. This is in practice often not tractable even for
moderate dimensions of the space of the Pols.?

The most common methods for complexity reduction of Bayesian inference are based on numerical approxi-
mations, '* Monte Carlo methods,'* '® the concept of conjugate distributions® 416 and graphical models like
Bayesian networks." 17 It has been discussed by the authors'® that none of these methods is generally appropriate
for the controlled (exact or approximate) solution of higher dimensional BF problems.

Based on the results concerning the worst case complexity of Bayesian networks,'? 22 it must be assumed

that generally the lower bounds for exact or approximate Bayesian inference are exponential (also if randomized
algorithms are used). Hence, a reduction of the basis ¢ of the corresponding exponential function generally seems
the best which can be reached. Such a (drastical) reduction can be achieved by local Bayesian approaches.

For this, Bayesian inference and BF, resp., have to be separated from fixed modeling assumptions — ideally
based on a pre-evaluation of each available information. We will clarify this concept in Sec. 2.3.

2.3 Small World Formalism

As described in Sec. 2.1, the first step for the solution of a BF problem is usually modeling. Generally, a model
is a part of the real world which results from abstraction or reduction on the basis of some additional knowledge.
In a way, at modeling, the part of the world which is meaningful for the task at hand constitutes a model world
within which the mathematical modeling and the solution of the fusion problem is carried out, see Fig. 1. Real
world and model world can differ in the considered quantities, i.e. their number and granularity, as well as in
their interrelations.%” By this, the model world becomes (with respect to a task specific subset relation) a part
of the real world. In the Bayesian context, the model world corresponds to the tuple (Z x D,p(z,d)). In the

$The notation |Z;| stands for the number of elements of a discrete subspace Z; C Z and for the Lebesgue measure
(length, area, or volume), resp., if the subspace Z; is continuous.
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Figure 1. Schematic illustration of a fusion problem: here, prior knowledge dy and the information contributions di, d2,
ds, da are combined with the aim to obtain knowledge about the real world. The mathematical modeling and the actual
solution of the fusion problem are performed with respect to the model world. For this, the model world has to be
meaningful for the real world with respect to the fusion task. Note that, if the setup is specified incompletely as described
in Sec. 2.1, only the differences of real world and model world which are with respect to z are essential for this scheme.

terminology of Savage,? the model world (as well as the local world as introduced below) is a “small world” and
the real world corresponds to the “grand world” which cannot be modeled. We remark that Savage considers
only small worlds which result by a variation of granularity. In this regard, his terminology has been expanded
to a more general one by Laskey and Lehner.24 2%

For local BF approaches, the determination of the fusion result and ideally also the modeling are restricted
further to a part of the model world which has — additionally based on an (ideally complete) pre-evaluation of the
prior knowledge and the data — a high chance to be task relevant, see Fig. 2. This part constitutes a local world
within the model world. Present research deals with local worlds which result from coarsening® 26 27 (i.e. change
of granularity of the range of the Pols with respect to probabilistic statements) and focussing® (i.e. restriction
of the range of the Pols). In this publication, we will concentrate on the analysis of focussing. Further research
will deal with the consideration of distribution classes and the negligence of specific dependencies.

Using a pre-evaluation of the prior knowledge and the data to make an appropriate choice of a local world
possible means that more knowledge as usual is used for model building. Since some of the additionally used
knowledge is uncertain, a part of the information which is represented by (Z x D, p(z,d)) gets lost by regarding
a local world. Hence, the chance that the fusion delivers a worse result increases. However, by the development
of appropriate quality indicators for local BF, this problem can be controlled, see Sec. 3.

For the pre-evaluation of a certain kind of information, specific methods for the detection of distinctive features
have to be applied. In Sec. 5, a pre-evaluation method for IMINT information which has been developed by the
authors is described.

For additional efficiency, local BF shall be realized distributedly within Z. As illustrated in Fig. 2, thereby,
the local world gets split in several “more local” agent worlds. The term “agent world” is used because software
agents are predestinated for the practical realization of distributed local BF.”8

2.4 Focussed Bayesian Fusion

For focussed BF, the model world (Z x D, p(z,d)) is restricted to the local world (U x D, py(z,d)). Here, U C Z
denotes the set of “suspicious” elements of Z, i.e. these values of the Pols which have — according to the pre-
evaluation — a chance that is high enough to correspond with the “true” value of z. The complement Z \ U of
U is completely ignored, i.e. all probability mass is concentrated on U. Mathematically, this corresponds to a

TIf an explicit distinction between events which exist and events which can be rated by probabilistic statements shall
be made, e. g. if the granular structure of a world should be altered, the tuple (Z x D, p(z,d)) has to be expanded.® We
abstain from the resulting notation in this publication because it is unnecessarily complicated for our aims, here.
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Figure 2. For local BF, the model world gets substituted by a “smaller” local world (black) which is meaningful for the
model world (and by this also for the real world). The local world can be split in several agent worlds AW1, AW2, AW3
which can be treated in a distributed manner via software agents. The combination of the fusion results for the agent
worlds corresponds to the determination of a fusion result for the local world. A single agent world is local with respect
to the local world, the model world as well as the real world and consistent with them. However for its own, it is not
necessarily meaningful for these. Different agent worlds need not be consistent.

conditioning of p(-) on U, i.e. py(-) = p(-|U). The following identities hold in particular!:

p(z) p(z]d)
cU zeU
z) = [y p(z)dz? z , zld) = [ p(zld)dz’ . 4
pU() {ij z¢U pU(|) {07 z¢U ()

Here, it should be remarked that — strictly speaking — in a local world of the kind (U x D, py(z,d)), elements
z ¢ U do not exist and consequently no probability values are defined for them. However, in (4), we set
pu(z) = pu(z|d) = 0 for z € Z\ U to demonstrate the connection between the worlds (Z x D,p(z,d)) and
(U x D, py(z,d)) by embedding the local world into the model world explicitly. Such a kind of embedding is also
indispensable at distributed focussed BF where several agent worlds have to be combined, finally.

Using (1), (4) and the Bayesian theorem, the following simple and intuitive traceable scheme for focussed BF
within (U x D, py(z,d)) is obtained:®

pu(z|d) < (d|z)py(z), ze€U. (5)

Assuming the pre-evaluation to be costless, here, the computational complexity of focussed BF is given by

N
O(H|Ui|) =0(w") withv= ¥ J]IUil (6)

i=1

which is an improvement in comparison to (3) if vV << ¢V holds. It is important to note that the local
Likelihood in (5) is solely an extract of the Likelihood in (2). This means in particular that it is determinable
in the same manner. The only difference is that it needs to be specified only for values z € U. Compared with
alternative approaches to local BF, e. g. approaches which result from coarsening, focussed BF distinguishes from
the alternatives by its simplicity which is a real advantage with regard to its practical applicability. Additionally,
it may be possible that stochastic dependencies between the data are only context-specific and concentrated on
Z\U.

However, we stress that by the complete ignorance of Z \ U, the only possibility to rate the correctness of
focussed BF in a special fusion task is provided by quality indicators as given in Sec. 3 and Sec. 4.3. At present,
another difficulty concerning focussed BF is its distributed realization which is really simple only in special cases,
see Sec. 4.1.

ITn this paper, an integral notation is used for all kinds of quantities. This is also mathematically correct for discrete
quantities because the integration with respect to the counting measure results in a summation.



3. GENERAL VALIDITY OF FOCUSSED BAYESIAN FUSION

A theoretically optimal pre-evaluation of a certain kind of information delivers a result which is qualitatively
identical with its objective probabilistic representation. For the practical realization of local BF with the aim
to achieve a considerable complexity reduction of BF, it is clear that there will be usually a trade-off between
efficiency and quality of the pre-evaluation. As consequence, a pre-evaluation method which is theoretically
suboptimal may be preferred over the optimal one to reduce the computational costs of the pre-evaluation. In this
case, the development of quality indicators for local BF has to account for the special pre-evaluation mechanism
which is used. To avoid this specialization, it is assumed in this section that theoretically optimal pre-evaluation
mechanisms are used and quality indicators are derived for this case. Starting from these, specialized quality
indicators for special suboptimal pre-evaluation methods should be derivable. However, it will also be shown in
Sec. 4.3 that a qualitatively better pre-evaluation only of parts of the available information may be outperform
a worse pre-evaluation of all available information.

The results which are delivered by the concept of ME and the MIP give strategies for an optimal choice of U
and show both the validity of local BF. An advantage of the concept of ME is that it delivers an explicit error
bound for local BF. In Sec. 4.3, it is additionally shown how the pre-evaluation can be made more flexible on
the basis of the concept of ME and observations in the field of criminalistics. In contrast, the MIP differs by an
easier integration of prior knowledge in the pre-evaluation process, especially in cases where no non-informative
prior distribution on Z exists.

In Sec. 3.3, an additional justification of the results obtained via the MIP by a minimization rule is given.

3.1 Error Bound Based on the Concept of Misleading Evidence

Basically, the concept of ME relies on the pairwise comparison of hypotheses.'? To apply it for focussed BF,
for each i € {1,...,S}, a single function is chosen from the class of Likelihood functions I(d;|z) which is defined
analogously to (1). We choose the relative Likelihood ljax () which has by definition the maximum value 1. On
the basis of a pre-evaluation of the complete data, an appropriate (because of (6) preferably small) set U can be
defined as follows if the data are conditionally independent given z:

U=1{z€ZFiec{l,....S): lnax(di]z) > €} (7)

The threshold € in (7) should depend on the computational resources which are available for the actual fusion
task. By the use of the concept of ME, it can be proven that the probability m that the “true” value of the
Pols is not contained in U as defined in (7) can be bounded as follows: m < ¢°. If the conditional independence
assumption does not hold, it can be shown that for a choice of U according to (7) the higher bound 7 < € holds.
Alternatively in this case, a heuristic modification of (7) can be used to choose U in a better way which sharpens
the bound on 7 again.® For further details, the reader is referred to [6].

If a non-informative prior distribution on Z exists, the prior knowledge can be treated as an additional
information contribution and pre-evaluated in the same manner as the source specific information. By this,
the determination of U can get improved additionally and the upper bound on 7 can be sharpened. Another
use of prior knowledge would be to account for it at the pre-evaluation of each information contribution. This
proceeding may also be advantageous at some kind of fusion tasks. However, the negative effects which result
from the corresponding overweighting of prior knowledge in comparison to the contributions of the information
sources has to be considered.®

3.2 Quality Indicator Based on the Minimum Information Principle

Assume that a probabilistic information representation (%) () about a quantity € X is given and that addi-
tional information I concerning z is available. The MIP2330 answers the question which probabilistic information
representation r(l)(x) incorporates both, I and the information contained in (%) (2), in an optimal manner. Ac-
cording to it, one has to set

00— g | o () as »

r(z)ell



Thereby, HIX denotes the set of all probability distributions over X which are consistent with I. The formula
(8) means that the Kullback-Leibler distance KD(r(z), (%) (x)) between the old probabilistic information rep-
resentation 7(°)(z) and the new one r(x) has to be minimized under the constraint that the new information
representation has to be consistent with the additional information I. According to the MIP, the increase of
information which is incorporated in r™)(z) in comparison to r(®)(z) is given by KD(r(")(z), 7% (x)) > 0 which
is zero if and only if (Y (x) = r(®)(z) holds, i.e. if I is already incorporated in 7(9) (x).

At BF, the probabilistic information representation p(z) of the prior information about the Pols gets altered
to p(z|d) because new information, namely the data d, is available. It can be shown** that this altering of a
probabilistic description by conditioning can also be justified by the use of the MIP. The increase of information
is —logp(d) > 0.

Because focussing on a set U mathematically corresponds to an additional conditioning on U, the increase
of information of focussed BF is given by — log (fU p(z, d)dz) > 0. Note that this is really the total increase
of information which is given by both, the focussing on U and the actual local fusion: if a focussing on U was
performed with respect to the prior distribution already before the actual fusion, the increase of information by
the actual fusion would be smaller, precisely —log ( [;; p(z,d)dz) + log ( [;; p(2)dz).

Hence, focussed BF totally causes in comparison to “standard” BF an additional increase of information
of —log ([, p(z,d)dz) — (—logp(d)) = —log ([, p(z|d)dz) > 0. If we respect the MIP, we should keep this
additional information increase as small as possible which delivers the following instruction for a good choice of
U (note that — according to (6) — |U| should be as small as possible for a preferably large complexity reduction
of focussed BF): keep — log (fU p(z,d)dz) as small as possible, i.e. keep fU p(d|z)p(z)dz as large as possible.
From this, it becomes clear that, for focussed BF, one should ignore elements for which both, p(d|z) and p(z),
are small. It must be pointed out that simultaneously fUp(d|z)p(z)dz has to be large enough. Because of this,
it is not correct to say that generally all z € Z for which p(d|z) and p(z) are small can be ignored. There is an
analogy between these conclusions and the conclusions which are delivered by the concept of ME.

A similar result concerning the possibility to ignore certain hypotheses about the Pols has been obtained by
Fitelson and Thomason3! where instead of the Kullback-Leibler distance, the total variation distance has been
minimized.

In the case of conditional independence of the information contributions, p(d|z) = Hil p(d;|z) holds and
consequently all the probabilities p(d;|z), i € {1,...,S}, and p(z) should be as small as possible for elements
which are ignored at focussing.

3.3 Additional Justification by a Minimization Rule

Starting from a minimization rule which is grounded on a formulation of Bayesian inference as optimal information
processing scheme done by Zellner,3? Walker3? formulated a criterion by which the posterior distribution p(z|d) of
Bayesian inference is obtainable via the direct minimization of a functional F(-) over the space H%“ of probability
distributions r(z) on Z for which KD(r(z),p(z)) < oo holds. More precisely, one has

p(z|d) = arg min —/ r(2)log p(d|z)dz + KD(r(z), p(z2))
r(z)elfn 2€Z —,)—/
(B

(A)

F(r(2))

As discussed by Walker, the term (A) provides closeness to the data while by (B), it is guaranteed that the
resulting distribution is not too far from the prior distribution p(z). The minimization rule is consistent with
the MIP and the increase of information F'(p(z|d)) is also given by —log p(d) > 0. Analogously, if a conditioning
on both, d and U, is done, F(-) is minimized by the respective conditional distribution and the increase of
information is — log (fUp(z, d)dz) > 0. Hence, this strategy delivers the same results as the MIP for local BF.
However, the range of application of the MIP seems to us generally broader than this of the minimization rule.

“*For this, the proof of Williams?® that (8) delivers rV(z) = r(® (z|E) if I states that an event E C X has occurred
can be nearly directly applied. It is only important to set X = Z x D.



4. DISTRIBUTED REALIZATION OF FOCUSSED BAYESIAN FUSION

For an additional lowering of computational time, local BF can be realized distributedly within Z. Thereby, the
local world (U x D, py(z,d) gets divided in several “more local” agent worlds.

4.1 Distributed Mathematical Modeling

In this section, some of the basics of distributed local BF for focussing are shortly reviewed. For a deeper analysis,
the reader is referred to the respective previous publication of the authors.5

Assume that (U x D,py(z,d)) is divided in r € N agent worlds (U® x D, pyi(z,d)), i € {1,...,r}, where
Ur_,U* = U. Focussing strategies alone are generally not sufficient for the combination of the fusion results
of the agent worlds if U N U7 = () holds (i,j € {1,...,7},i # 7). The reason for this is that the relative
relevances of the agent worlds can usually not be rated in this case. One way to solve this problem is to use
coarsening simultaneously. However, because of the higher theoretical complexity of coarsening and currently
still existing difficulties concerning its practical realization, alternative solutions are more attractive at present.
We will describe such an approach in the following.

As an example in the experimental evaluation (see Sec. 5), prior knowledge with respect to Z can be repre-
sented probabilistically in a compact form. Therefore, the agent worlds (U? x D, pyi(z,d)) are indeed assumed.
However, instead of pi(z), parts of the (with respect to the agent worlds unnormalized) prior distribution p(2)
are used for the computation of the fusion results of the agent worlds. More precisely, for each (U® x D, pyi(2,d)),
the computation pyi(z|d) o I(d|z)p(z) =: pp¥(z|d) ist performed for all z € U’. Then, a combination of the
unnormalized posterior distributions py¥ (z|d) is straightforward, i € {1,...,r}.

4.2 Analogy to Criminal Investigations

In earlier publications of the authors, an agent based architecture for the practical realization of local BF
via software agents was presented. It was demonstrated that a natural analogy between the architecture and
criminal investigations exists.*® Like human detectives investigate crimes, software agents pursue clues solely
within surrounding local contexts within this architecture. Since a criminal investigation is generally an effective
real world process, we interpret this analogy as an additional justification of the concept of distributed local BF.

With respect to a criminal investigation, the pre-evaluation of local BF equals the detection of clues which
corresponds in turn to an initialization step in the agent based architecture. Using the concept of distributed
local BF, a fusion agent is initialized for each clue within this architecture at the end of the initialization
step. In a subsequent investigation step, each fusion agent then performs the actual local fusion within the
corresponding agent world which corresponds with respect to a criminal investigation to the actual investigation
of the detectives. If the actual fusion and the actual investigation, resp., have been finished, the results are finally
combined to a “more global” result concerning the offender of the crime and the true value of the Pols, resp..

4.3 Additional Usefulness of the Described Analogy

Most of the results for local BF have natural counterparts in the field of criminalistics.*® Some of the analogies
hold especially for focussed BF. Here, only analogies which have not been published previously are given.

A crime cannot be solved if none of the detected clues points to its offender. In accordance with this, the
“true value” cannot be delivered by focussed BF if the “true value” is ignored at the creation of the local world
on the basis on the pre-evaluation.

At criminal investigations, it suffices if one clue which points to the offender has been initially detected in
the available information (which may be testimonies, finger prints, DNA-traces, etc.). Analogously at local BF,
it suffices if the “true value” is identified to be significant by the pre-evaluation of one information contribution.
There is no additional benefit if it is identified to be significant with respect to several ones, see (7).

If at the detection of clues, an exact analysis of a certain kind of information is highly complex for a human
criminalist, he may try at first a qualitatively worse analysis (if available). Of course, the risk that none of the
detected clues points to the offender increases by this. The same thought has been discussed with respect to
local BF at the beginning of Sec. 3. Another approach to decrease the costs for the detection of clues used by



criminalists is the following: it may suffice to search for clues only in certain kinds of the available information
— preferably in the ones which are effectively analyzable. By this, also possibly better analysis mechanisms with
a higher complexity may be applied. The results based on the ME principle offer the same option for the pre-
evaluation. Modifying (7) to U = {z € Z|3i € J : lyax(d;|2) > €} with J C {1,..., S} corresponds to a choice of
U based on a pre-evaluation of only a part of the information contributions which is given by {d;|¢ € J}. This
modified choice of U leads to an increase of the probabilistic error bound for local BF. More precisely, = < e!”|
holds if the information contributions are conditionally independent given z.

5. PRACTICAL EVALUATION OF DISTRIBUTED FOCUSSED BAYESIAN FUSION

This example is concerned with the detection and classification of cars in a scene by the distributed focussed BF
of prior knowledge and IMINT information. It is deliberately a very simple example to illustrate the principle
of local BF. The image processing methods presented are not within the primary scientific focus of this paper.
The scene is given by a landscape model (scale 1:160). The prior knowledge results from a street map given ex
ante. The IMINT information d corresponds to a gray-value image I of the scene, see Fig. 3.

Z = Zy X Zy X Z3 where Z; and Z5 denote the horizontal and vertical position of an object in the
scene, resp., and Zz denotes the set of possible car types. Without loss of generality, it is assumed that
Z3 = {“Ford”, “Audi”, “Chevrolet”, “BMW”, “Benz” }.

According to the MEP, the prior distribution on Z which respects solely the knowledge from the street map is
the uniform distribution U(Y") over Y = {z = (21, 22, 23)|(21, 22) € Z1 X Z3 and (21, 22) is a location on a street}.
Taking additionally a measurement uncertainty o into account, the MEP delivers* as prior distribution p(z1, 22, 23)
approximately the convolution of #(Y") with the two-dimensional Gaussian distribution A/ ((0, 0),0% -1 2), where
I, = diag(1,1). We stress that the convolution is performed only with respect to (z1,22). The resulting prior
distribution p(z1, 22, z3) is non-informative with respect to z3. As the prior distribution is representable in a
compact form, the strategy presented in Sec. 4.1 is used to make the results of the agent worlds comparable.

In an earlier publication,* matched filtering has been used for the pre-evaluation of d. Indeed, a good fusion
result was obtained by this. However, the complexity of the theoretically optimal pre-evaluation was enormous.
Here, the less complex “car detection” is used as pre-evaluation method. The main idea of this method is
to search the IMINT information for rectangular structures whose proportions comply with the ones of a car.
To additionally confirm the meaningfulness of this proceeding, the reader is referred to a publication* where
psychological tests are reported to find important features for human car detection. The tests show that the
rectangular shape of a car and its size are (among other things) highly significant.

At “car detection”, a gradient-image G is obtained from I by applying an edge detection filter. Here, the
Sobel operator was used. The average size of a car in an image which has been recorded from the same distance
from the scene as I is about 40 x 16 pixels (px). To account for realistic variations with respect to the size of a
car, G is searched for pairs of edges with length [ € [32,48] px and distance d € [15,17] px. Since such a pair of
edges must correspond to the sides of a car, it is required that the starting points and the endpoints of the edges
border approximatively a rectangle. For this, it is demanded that the maximal permissible offset o between the
starting points of edges which build a pair is 2 px, here.

Now, it is described how the set of adequate horizontal pairs of edges is detected. At first, a search for the set
ElH of edges with a matching length [ € [32, 48] px is performed line-by-line. Then, the set Elf{LU of these pairs
of edges in B with a matching distance d € [15,17] px and a matching offset o € [0,2] px is identified. The
adaption of this scheme for the detection of adequate pairs of edges which run in a different direction is obvious.
In this example, it is sufficient to determine the sets E{{LO and Elv d0o- The latter set contains the adequate
vertical pairs of edges.

Local regions U’ = U{ x Uj x Zs C Z for focussed BF are then specified by the elements of E[; S and EY, .
Thereby, spatially overlapping local regions are aggregated to a larger region which avoids double calculations
at the actual distributed focussed BF.

The parts of the Likelihood function which are necessary for the actual focussed BF processes according
to (5) are obtained by the application of a matched filter bank which is adjusted according to Z3. Because
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Figure 3. Result of the detection and classification for the exemplary scene. For visibility, the result is projected within
the IMINT information. The boxes denote the spatial regions which have been investigated distributedly by focussed
BF. The ellipse indicates the car (of type “Chevrolet”) which has not been found. On the right side, the unnormalized
focussed posterior distribution for the type “BMW?” in its true direction “down” is shown for the corresponding spatial
region.

of the focussing, only the (spatial) parts of I which are contained in U(U? x Ul) have to by analyzed by the
matched filtering for this. To account for the different possible directions of a car, the matched filtering has to
be performed for a number of directions which are gathered in a set A. The matched filtering for one direction
delivers a Likelihood of the formT I(d|z, 22, 23, a) which is (for d fixed) a function over Z x A. In this example,
it was sufficient to consider at most four directions by setting A C {“down”, “up”, “to the left”, “to the right”}.
The exact choice of A varies for the local regions U? because A is also determined by the spatial proportions of
the regions. A decision concerning the position and type (as well as the existence) of a car within the spatial
regions of the kind U} x Ul is then obtained by focussed BF as described below.

An unnormalized posterior distribution p[UJE-\IX 1(21, 22, 23, a|d) for U? x A is obtained by calculating
pgli\le(ZhZZ?Z&a‘d) = l(d|21, 22, 23, a) p(21, 22, 23), (21,22, 23,0) € U' x A. (9)
To understand this calculation, note firstly that
puixal(z1, 22, 23, ald) oc 1(d|21, 22, 23, ) p(21, 22, 23,a), (21,22, 23,a) € U" x A. (10)

Secondly, it can be assumed that the direction a of a car is stochastically independent of the triple (21, 22, 23)
which encodes its position and type, i.e. p(z1, 22, 23,a) = p(21, 22, 2z3)p(a). If no prior knowledge concerning the
direction a is available, the prior distribution p(a) has to be assumed to be non-informative. According to the

MEP, this means that all possible directions have to be assumed to be equally probable, i.e. p(a) = ﬁ o 1.

Hence, (9) follows from (10).
If a car is existent within a spatial region U x U4, there will be (with a high chance) at least one (z1, 22, 23, a) €

U* x A for which the value of pglfx 4(21, 22, 23, ald) it not less than a certain threshold 7. In this case, a decision
concerning the position (£1, 23) and the type 75 of the car is made by setting

NN _ UN
(21,22, 23) = arg(,, ., 2)ev o glg§<eUixApUixA(zl, 22, 23, ald).

" The quantity a plays the role of a nuisance-parameter which has to be excluded from the final fusion result by a kind
of focussing.>* For this, adequate methods from estimation and decision theory'® can be used.



This specification is sufficient if at least one car is existent within a spatial region U{ x Ui. In the present
example, this additional assumption has been made. However, we remark that a straightforward modification of
the presented decision scheme is possible to abstain from this assumption.

If pgli\IXA(Z]_,ZQ,Z?,,Cle) < T holds for all (21,22,23,a) € U’ x A, it is decided that there is no car existent
within the spatial region U} x Us.

In the given scene, five cars are actually existent and by the described distributed local BF scheme, four
of them have been correctly detected and classified, see Fig. 3. No hint on the fifth car has been discovered
by the pre-evaluation and consequently, no corresponding agent world has been built. Because of the results
of the pre-evaluation, two regions have been built which do not correspond with existing cars. However, by
the comparison of the corresponding (unnormalized) focussed posterior distributions with the threshold T, the
correct decision that no car is existent within these both regions has been made.

The result demonstrates the high potential of local BF. By the (here purely spatial) focussing on U(U? x U3),
the complexity of BF has been considerably reduced. The fifth car has not been detected by the pre-evaluation
because it is badly silhouetted against the background. If e.g. HUMINT information or multi spectral IMINT
information was additionally available and used for the pre-evaluation, there would be a high chance that this
car is also correctly detected and classified.

The pre-evaluation method “car detection” is especially a good choice if the size of Z; X Z5 accounts drastically
more for the complexity of BF than the size of Z3 does. In tasks in which high complexity results also from
a large size of Z3, the pre-evaluation should be modified. One idea for such a modified pre-evaluation scheme
would be to use again “car detection” for the determination of spatial regions and to pre-evaluate each of these
regions additionally by the use of a detection mechanism for certain groups of cars. For example, one could
search at first separately for cars of large, medium and small size and restrict or coarsen Zs then for each region
based on these additional pre-evaluation results.

6. CONCLUSION

By local Bayesian fusion approaches, high storage and computational costs of BF can be avoided. This contribu-
tion deals especially with a local BF fusion approach which is called focussed BF. At focussed BF, the realization
of BF is concentrated completely on local regions which have a high chance to be task relevant. Thereby, the
resulting local models correspond to restricted versions of the original one. The feasibility and the high potential
of focussed BF are shown theoretically and practically.

Local BF bases essentially on the pre-evaluation of the task specific information. It is discussed why this
proceeding is not contradictory to Bayesian theory. By the use of the concept of ME and the MIP, the validity
of a theoretically optimal pre-evaluation scheme is shown.

For an additional reduction of computing time, local BF can be realized distributedly. The higher theoretical
complexity of distributed focussed BF compared to focussed BF is discussed and a simplification for special
fusion tasks is given. There is a natural analogy between the agent based architecture which has been developed
by the authors for the realization of distributed local BF and the functioning of a criminal investigation, an
effective real world process. It is demonstrated how this analogy is usable for the research on local BF.
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