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Abstract
Multiple sensor fusion and binary decision tree
classifiers have been used to successfully solve many
real world problems. These topics are usually studied
separately. Fusion of binary decision tree classifiers in
a multiple sensor environment has received very little
attention. In this paper, we formulate the problem,
investigate its scope, outline some issues associated
with decision tree classifiers and multiple sensor
fusion, and present some solution methodologies. The
results are illustrated by means of an example.
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I. Introduction

Multiple sensor decision fusion is an important
problem with many practical applications. This
problem has been studied quite extensively and many
significant results on this topic have been obtained [1-
3]. In most studies, one-stage decision making
procedures are employed at the sensor as well as at the
fusion center. By a one-stage procedure, we mean that
a single test is employed to distinguish between all the
hypotheses. Such one-stage decision procedures may
become too complex and impractical in situations
where there are many variables and many object
classes (hypotheses). These types of problems arise in
areas such as automatic target recognition (ATR),
team medical diagnosis and telemedicine, and large-
scale surveillance systems. In these situations, it may
be desirable to use multistage decision making
procedures at the sensors and/or at the fusion center.
There are several approaches for implementing
multistage decision making structures. One popular
approach is by means of a binary decision tree (BDT)
[4]. The basic idea is to take a complex M-ary
hypothesis testing problem, break it into several
simpler binary hypothesis testing problems that are
organized in a hierarchical tree structure to make
decisions regarding the M hypotheses or object
classes. Here, we investigate the use of BDTs in
multisensor fusion problems. The benefits of using
BDTs in multisensor decision fusion are multifold:

1. It is well known that the design of distributed
detection systems that employ one-stage decision
making for binary hypothesis testing problems is

NP-hard. This design for M-ary hypothesis testing
is even harder. BDTs make a sequence of binary
decisions in a hierarchical manner that are easier to
design, efficient and computationally simpler to
implement with simpler decision regions. Thus, the
use of a BDT may make the decision making
procedure feasible for practical situations that have
time or processing constraints. In addition,
communication bandwidth efficiency may be
achieved because transmission of binary decisions
instead of M-ary decisions will be required.

2. Some of the available sensors may not be capable
of distinguishing all the object classes in a pairwise
manner. BDTs provide a framework for integrating
the capability of all the sensors for multisensor
decision fusion and for enhanced system
performance.

3. Decision making via a BDT has an inherent
flexibility to design tests at the internal nodes. This
flexibility provides the ability to handle sensor
defects, missing sensor observations/decisions,
etc., thereby enhancing system robustness. Also,
the flexibility may help in improving system
performance.

The design of a BDT based multisensor fusion system
involves the design of the BDT, design of the tests at
the internal nodes of sensor BDTs, design of the fusion
rule, and design of the system topology including
communication structure of the multisensor fusion
system. Goals of this design include enhanced overall
system performance (recognition ability) and
robustness, using least possible computation and
communication. Some aspects of this problem have
been addressed in the literature. Demirbas [5]
proposed a non-parametric centralized object
recognition scheme based on a BDT. Each sensor
processes its data and extracts some features that are
transmitted to the fusion center. Object recognition is
carried out using a BDT generated from a training set.
Dasarathy [6] concentrated on the architectural aspects
of a system that fuses binary decisions into a single M-
ary decision. The main goal was to design
architectures that satisfy processing time constraints.
Zhu et al. [7] also considered the problem of M-ary
hypothesis testing using a parallel fusion topology
where local detectors transmit binary decisions. They
focussed on the design of decision rules and on system



performance. The main goal of this paper is to
examine the overall problem of BDT based
multisensor decision fusion problem, identify the
issues that need to be addressed further and propose
some solution methodologies. In Section II, we
formulate the problem. In Section III, we consider a
specific BDT based decision fusion system. In Section
IV, we give an example to illustrate the results of
Section III. In Section V, we make some concluding
remarks.

II. Problem Overview

We focus our attention on the parallel architecture for
BDT based multisensor fusion systems in this paper.
The block diagram of a BDT based parallel decision
fusion system is shown in Figure 1. The system
consists of K sensors that observe a common
phenomenon in parallel. The goal is to recognize a
given unknown object that belongs to the set of objects
{O1, O2, …, OM}. Let Xk be the observation vector of
the kth sensor. Each sensor uses a BDT to make its
decisions. Let Tk denote the BDT used by the kth
sensor and Uk the decision made by the kth sensor.
These decisions are transmitted to the fusion center
that combines them to yield U0, the global decision.
The fusion rule Γ0(.) is a function that maps local
decisions u1, …, uK into u0 and makes a decision
regarding the unknown object.

U0=Γ 0(U1,...,UK)

X1 XK

Sensor S 1 Sensor S K

BDT T1 BDT TK

U1 Uk

...

...

U0

Figure 1: BDT based parallel decision fusion system

We assume that the reader is familiar with the notion
of tree and associated terminology. For details, the
reader may refer to [4]. A general BDT is shown in
Figure 2. X denotes the feature vector. U denotes the
decision made by the BDT at terminal nodes. Since
each value u of U corresponds to a unique path from
the root node to a terminal node, u can be encoded as
the sequence of binary decisions made by all the nodes
in the corresponding path. At node t, Φ(t) denotes the
set of features used by the BDT, and Γ(t) denotes the

decision rule, which is a function that maps the space
of features specified by Φ(t) into set {0,1}.
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Figure 2: A general BDT

Using the basic system architecture for the decision
fusion system shown in Figure 1, several design
approaches and modes of operation can be envisaged.
Here we categorize BDT based parallel decision
fusion systems in four types:

1. Each sensor employs a BDT for decision making.
These sensor BDTs are assumed available and are
designed independently of each other. Sensor
decisions are sent to the fusion center. The fusion
center either uses a one-stage procedure or a BDT
to determine the final decision. The main issue
here is the design of an optimum fusion procedure.
This problem is analogous to the design of an
optimum fusion rule in distributed detection
systems [9]. This problem is applicable to the
fusion of BDT classifiers that may have been
designed independently.

2. BDTs at the individual sensors are designed jointly
by employing coupled cost functions. Decisions
are available locally so that appropriate action can
be taken at the sensor. Decision fusion is not
employed to combine sensor decisions. This
problem is analogous to the one considered by
Tenney and Sandell [10] in a distributed detection
context.

3. Decisions made by sensor BDTs are conveyed to
the fusion center that combines them to yield the
final decision. No other communication is allowed.
Sensor BDTs and the fusion rule are designed.
This system is a generalization of distributed
detection systems where only one-stage decision
procedures are allowed.

4. In this case, the system is the same as system 3
except that two-way communication between the
sensors and the fusion center is allowed. The



sensors navigate through their BDTs under the
supervision of the fusion center in a truly
cooperative manner. This is a new system
architecture that requires close coordination
between system elements.

In the four types of systems described above, some or
all of the following issues need to be addressed.

• Deign of BDTs for each sensor and/or the fusion
center.

• Selection of sensor features for sensor BDT
design and decision-making at internal nodes of
sensor BDTs.

• Decision-making rules at internal nodes of sensor
BDTs.

• Decision-making rules at the fusion center.
• Communication protocol used by the sensors and

the fusion center for coordinated navigation of
their BDTs.

• Evaluation of system performance - recognition
ability, robustness etc.

The treatment of the above issues is guided by many
factors, such as sensor characteristics, available
processing resources, operating environment and the
nature of the objects, etc. Due to the novelty of these
problems, much effort is needed to develop a
systematic solution to the overall BDT based
multisensor fusion problem. In the following we make
some observations on the differences between how the
above issues are treated in the conventional sense and
under the formulation of BDT based decision fusion.
Conventional BDT design methodologies can be
applied here, but with the goal of optimizing the
overall system performance instead of just the
performance of individual sensors. All BDTs should
be designed in such a way that they collectively make
the best classification of the unknown object. A single
sensor BDT may not be optimal when used as a stand-
alone classifier. Sensor features ought to be selected in
such a way that objects are best separated across the
sensor suite for enhanced performance of the overall
system. The selected features may not be the best for
individual sensors. The decision rules at internal nodes
of sensor BDTs need to be designed such that best
system performance is achieved. These rules may not
be the best for individual BDTs.

III. Design of BDT Based Interactive
Systems

In this section, we focus on BDT based decision fusion
systems that involve two-way communication and
where all system components are jointly designed. The

quality of such a decision fusion system is given by
the recognition rate of each object and the associated
average number of steps in a recognition operation.
The first quantity serves as a measure of effectiveness
of the fusion system in carrying out
detection/recognition, while the second quantity
indicates the efficiency in terms of computational
time/effort. We propose a method of designing BDTs,
sensor rules and fusion rules. We assume that the
sensor observations are conditionally independent
given the object class. We also assume that each
sensor observation is characterized by a probability
distribution function given each object class and that it
is known a priori. Finally, each sensor uses all the
available features at each node of its BDT.

First, we propose a way to cooperatively use BDTs at
the fusion center and the sensors. The fusion center
BDT is used to carry out a sequential partition of the
object space. At each internal node of its BDT, the
fusion center tests one subset of objects against
another subset of objects. It collects sensor local
decisions and uses them to make a global decision on
which subset to test further, i.e., it selects the path of
the tree to follow. Based upon this global decision, it
chooses an appropriate child node at which it tests two
new subsets of objects. The fusion center repeats this
procedure till it reaches a terminal node where exactly
one object is left, and then declares this object to be
the unknown object. We notice that at each node of the
fusion center BDT, the local decision from a sensor
reflects to what degree this sensor distinguishes the
two subsets of objects that are under test. To optimally
utilize the capability of this sensor, it is necessary that
this sensor test the same two subsets of objects as the
fusion center because adding/removing objects to
these two subsets would make the local decision of
this sensor less relevant to the recognition task at the
fusion center. Based on this fact, we let every sensor
BDT partition the object space in the same way as the
fusion center BDT does. For this reason, all the BDTs
may be considered identical with respect to the object
space. However, since sensor local decisions may not
always agree with the global decisions, some sensors
may not choose the same path as the fusion center if
the sensors use their own local decisions to select child
nodes. If so, the local decisions from these sensors are
less useful to the fusion center. To make sure that all
system elements follow the same path of their BDTs, a
mechanism of coordination is necessary. Such a
mechanism is implemented via a simple two-way
communication protocol. Suppose the sensors and the
fusion center arrive at a node t, the sensors transmit
their local decisions to the fusion center. Based upon
these local decisions, the fusion center makes a global
decision and sends it back to the sensors. Then both



the fusion center and the sensors use this global
decision to choose the same child node. Although all
sensor BDTs are the same in the object space, they are
generally different in the feature space and sensor
decision rule space. Furthermore, each sensor uses the
past global decision to determine which features and
what sensor decision rule to use at a node.

Now let us investigate how the structure of a BDT
affects the recognition rate and the average number of
steps. The ability of such a decision fusion system in
achieving high recognition rates relies more on the
actions at the higher level nodes of its BDTs. To see
this, we note that rejection of an object at a node
prohibits any further classification and ultimate
recognition of this object. Therefore, an error that
occurs at a higher level node is more costly than an
error that occurs at a descendent node. From this
viewpoint, at each node of the BDT one needs to
distinguish objects that appear most dissimilar to the
sensors. For this purpose, one would construct a BDT
that tests and distinguishes the pair of most different
objects at each node. However, the total number of
internal nodes of such a BDT grows astronomically
with the total number of objects because only two
objects are distinguished at each internal node. Thus,
the average number of steps may become prohibitively
large. To alleviate this burden, one may choose to test
more than two objects at each node, but this
consequently decreases the dissimilarity between the
objects being tested and hence the recognition rates. In
the extreme case, one may choose to test all the
remaining objects at a single node. This will use the
least average number of steps but inevitably increase
the probability of error. Therefore, we need to make a
compromise between the dissimilarity of objects being
tested and the number of objects to test. In the
following, we propose a BDT construction method
that makes such a compromise. Using this method, the
more distinct the objects are, the earlier the stage at
which they are tested. Thus, the quality of
classification monotonically degrades along a path.
This provides a natural way of encoding the global
decisions into a sequence of binary bits with
decreasing significance. Such a format becomes useful
when it is desired to determine only the group to
which an object belongs but not its exact identity.

Construction of BDTs
In our method, we start with the root node, and then
repeat the following procedure for all new nodes as
long as they contain more than one object. At each
node we choose the two subsets of objects to
distinguish, create its child nodes and associate with
them the appropriate sets of objects for further
classification. Suppose we are dealing with node t

where a set Λ(t) of objects remain to be further
classified. Our goal is to select subsets Λl and Λr of
Λ(t)  according to a criterion that balances the goal of
object dissimilarity and the number of objects to test.

Let  rl ËË U  denote the cardinality of rl ËË U ,

which is the number of objects to distinguish.

Let D(Λl,Λr) be the dissimilarity between subsets Λl

and Λr which is defined as
( ) ( )rlrl dD

rrllrl

O,Omin,Ë
O,ËO:O,O Λ∈∈∀

=Λ

where ( )rld O,O  is an information distance measure
between objects Ol and Or. An overview of such
distance measures can be found in [8].

Let ( ) ( )rln
DnD

rl

Λ=
=Λ

,Ëmax
Ë U

 where D(n) is the best

possible dissimilarity that can be achieved when n
objects are tested. It is not difficult to see that D(n) is a
monotone decreasing function of n.

During the construction of a BDT, it is desirable to
maximize both D(n) and n. But they are conflicting
objectives and we need to balance these two
objectives. Her we maximize n subject to

( ) ( )2
2

ln2 DnDn +−≥α (1)

where α is a prescribed constant.

This criterion is based upon the following observation.
Suppose all objects occur with the same probability π.
In a centralized recognition scheme, given  {Λl, Λr}
and nrl =ΛUË , the probability of error Pe(n) can be

bounded by the following [8]
( ) ( )∑ ∑≤
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rlee PnP
O O
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 where ( )rleP O,O  is the probability of error when
only Ol and Or are tested.

The right hand side can be bounded by a class of
information distance measures between Ol and Or [8]
and we have

( ) ( ) ( )∑ ∑≤∑ ∑≤
Λ∈ Λ∈

ΛΛ−

Λ∈ Λ∈

−

ll rr

rl

ll rr

rl Dd

e cecenP
O O

,

O O

O,O

where c is a constant.

Using the best possible dissimilarity D(n) we have
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Using the above bound as an approximation for Pe(n),
we have
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The left-hand side reflects the performance loss due to
an increase in the number of objects to test. Denote the
maximum tolerable performance loss by α, we have
the criterion (1).

Sometimes, there are multiple pairs of  {Λl, Λr} that
correspond to the same value of D(n), i.e., they yield
the best possible dissimilarity. In such situations, one
may compare two designs using the following method.
For each design, find the shortest inter-object distance
between Λl and Λr, and then choose the design with
the smaller such distance. If there is a tie, count the
number of all the object pairs between Λl and Λr that
bear this distance, choose the design with the smaller
count. If there is still a tie, repeat the previous
procedure for the next shortest distance. If at the end,
the two designs are still tied, randomly choose any one
of them. This method is based on the fact that shorter
distances contribute more to the error than longer
distances.

Finally we present our algorithm for the construction
of BDTs:
1. Set α. Let N denote the set of new nodes. Put root

node t0 into N. Set t0 as the current node t.
2. If the current node t contains exactly one object,

remove t from N, and go to step 3; otherwise use α
to find the maximal n, D(n) and the corresponding
 {Λl, Λr}. Create left child node tl, let Λ( tl)= Λ( t)-
Λr. Create right child node tr, let Λ( tr)= Λ( t)-Λl.
Put nodes tl, tr into N, remove t from N.

3. If N is empty, stop; otherwise find a member of N,
set it as the current node t, and then go to step 2.

Design of the fusion rule and the sensor rules
At each node t, the sensors make local decisions
regarding {Λl, Λr}. Based on these local decisions, the
fusion center makes a global decision. Recall that a
node affects the system performance more than any of
its descendent nodes. Therefore at each node, we want
to design the corresponding fusion rule and sensor
decision rule in such a way that the probability of
misclassification at that node is minimized regardless
of what happens at its descendent nodes. This is
basically a greedy algorithm. Such rules can be
considered as the solution to a binary hypothesis-
testing problem in which objects in Λl are tested
against objects in Λr. Since BDTs are used at all the
system elements, and the optimal fusion rule and the
optimal sensor rules for the current node depend upon
past sensor decisions and past global decisions. This
adds to the complexity of the problem. It has been

shown [11] that under a mild condition this problem
reduces to a conventional binary decision fusion
problem, and the optimal fusion rule and sensor rules
can be designed based on results available in [1].

IV. An Example

In this section, we present an example to illustrate the
results developed in the previous section. We use the
communication protocol developed in the previous
section to coordinate the sensors and the fusion center.
We will discuss construction of the BDT, design of the
sensor rules and the fusion rule, and performance
evaluation. We also compare this design with the
centralized scheme, an ad-hoc M-ary decision fusion
scheme and the optimum single sensor scheme.

Let us consider a decision-fusion system consisting of
three independent identical sensors and a fusion
center. By identical sensors we mean that the sensor
observations have the same characteristics and all the
sensors use the same BDT. This system is used to
identify four equally likely objects O1, O2, O3 and O4.
Each sensor observation is assumed to be a scalar. The
objects are represented by four evenly spaced points
on the real line in the sensor observation space as
shown in Figure 3. The distance between adjacent
points is assumed to be a. A sensor observation is
corrupted by additive white Gaussian noise of zero
mean and unit variance.

O1O2O3O4
x

0.5a-0.5a-1.5a 1.5a

Figure 3: Object constellation

For the purpose of comparing our design to an ad-hoc
M-ary decision fusion scheme that uses 2 bits for each
sensor, we need a two level BDT that uses one bit at
each level. Since the average number of steps is equal
to 2 in this problem, we design a BDT and the
corresponding sensor rules and the fusion rule that
maximizes the average recognition rate.

Tree construction
We use the Kullback divergence to compute the
dissimilarity between subsets of objects. Since the
three sensors are identical and conditionally
independent, the dissimilarity is additive and we have

( ) ( )jiji Kd O,O3O,O =

where ( )jiK O,O  is the Kullback divergence between

Oi and Oj using a single sensor observation.
Furthermore, since the noises are additive white
Gaussian, the Kullback divergence is a quadratic
function of the Euclidean distance between objects
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The inter-object distances for our problem are shown
in Table 1.

Table 1: Inter-object distances

d (.,.) O1 O2 O3 O4

O1 0 3a 2 12a 2 27a 2

O2 3a 2 0 3a 2 12a 2

O3 12a 2 3a 2 0 3a 2

O4 27a 2 12a 2 3a 2 0

Since the desired BDT has two levels, we need to
evenly divide all objects into two subsets at the root
node. Here n=4, and it is not difficult to find out that
D(4)=3a2. There are three candidate designs

Design 1:  Λr={O1, O2}, Λl={O3, O4}.
Design 2:  Λr={O1, O4}, Λl={O2, O3}.
Design 3:  Λr={O1, O3}, Λl={O2, O4}.

Using the selection method that we developed in the
previous section in case of ties, we find that the
Design 1 is the best. Hence at the root node, we test
 Λl={O3, O4} against Λr={O1, O2}. The design of the
two second-level nodes is trivial, hence is omitted. The
fusion center BDT is shown in Figure 4.

U1,U2,U3

1

{Ο 3, Ο 4} vs. {O1, O2}

0

node 1

node 2 node 3

O1O2

10

{O2} vs. {O1}

u0=10 u0=11u0=00

O3O4

10

{O4} vs. {O3}

u0=01

Figure 4: Fusion center BDT

The BDT used by the kth sensor is shown in Figure 5.
In Figure 5, d is the binary decision made by the kth
sensor at stage 1. We note that the kth sensor uses the
global decision to navigate its BDT.

Xk

u0=1
uk=d

{Ο 3, Ο 4} vs. {O1, O2}

u0=0
uk=d

node 1

node 2 node 3

O1O2

10

{O2} vs. {O1}

uk=d0

O3O4

10

{O4} vs. {O3}

uk=d1 uk=d0 uk=d1

Figure 5: The kth Sensor BDT

Sensor decision rule and fusion rule
The system takes two stages to identify an unknown
object. At stage1, it tests {O1, O2} against {O3, O4}
and then chooses one of them say {O1, O2}. At stage 2,
it tests O1 against O2. Thus we need to design sensor
rules and the fusion rule for each stage. At each stage,
we minimize the total probability of misclassification.

Stage 1
At this stage, we have a binary hypothesis-testing
problem of {O1,O2} vs. {O3,O4}. The sensor decisions
u1, u2 and u3 are single binary bits. Based on these
sensor decisions, the fusion center makes a binary
global decision. It is well known [9] that given fixed
sensor rules, and given that the sensors are
conditionally independent given the unknown object,
the optimal fusion rule is the MAP fusion rule which
can be expressed as

( ) ( )

( ) ( )
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where pi(uk) is the conditional probability of decision
uk of the kth sensor when the unknown object is Oi.

It is also well known [1] that the necessary condition
for a sensor rule to be optimal under the conditional
independence assumption is that it is a likelihood ratio
test. Since each sensor observation Xk is a Gaussian
random variable, a likelihood ratio test results in a
threshold test and a binary partitioning of the real line
xk. Recall that identical sensor rules are used, and one
can easily see that the decision boundary is at the
origin xk=0. With such sensor decision rules, the
optimal fusion rule further simplifies to a majority rule
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Stage 2
At this stage, the system either tests O1 vs. O2, or O3

vs. O4. Because of the symmetry of the object
constellation, the sensor decision rules and the fusion
rule at stage 1, the result on testing O1 vs. O2 is
essentially the same as that for testing O3 vs. O4. So
without loss of generality, we only consider testing O1

vs. O2.

Now the sensor decisions u1, u2 and u3 are two-bits
vectors with the first bit representing the sensor
decision at stage1 and the second bit representing the
sensor decision at stage 2. Based on these vectors, the
fusion center makes a global decision. Similar to the
result at stage 1, the optimal fusion rule is

( ) ( )
( ) ( )
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where pi(uk) is the conditional probability that the kth
sensor decision is uk when the unknown object is Oi.

Again by the same argument as used for stage 1 [1],
the optimal sensor rules are likelihood ratio tests. Such
a test corresponds to a binary partitioning by means of
a threshold either in region xk>0 if the first bit of uk is
1, or in region xk<0 if the first bit of uk is 0. These
decision boundaries are functions of the inter-object
distance a.

We let a range from -15dB to +5dB with step size
equal to 0.5dB. For each value of a, we compute the
optimal sensor decision rules, and then express the
MAP fusion rule as a Boolean function of the binary
sensor decision vectors. This result is given in Table 2.
Here u0 is the global decision that the fusion center
makes at node 3. When u0=11, O1 is declared, and
when u0=10, O2 is declared. u1, u2 and u3 are the
incoming sensor decision vectors. Since the fusion
center chooses {O1, O2} at the root node using a
majority fusion rule, there are at least two 1s out of the
first bit of u1, u2 and u3. Different permutations of
these vectors share the same entry in this table. One
can see that the fusion rule changes with the inter-
object distance a. Such phenomena are marked by
adjacent 11 and 10 for u0 in Table 2. For small values
of a (<-5dB), the fusion center prefers O1(11) to
O2(10) unless the sensors have strong support for O2.
This is because O2 is sandwiched between {O3, O4}
and O1, and there is little room for O2. For large values
of a (>4dB), the fusion center chooses O2(10) over
O1(11) unless the sensors strongly support O1, In this
situation, because the signal is sufficiently strong,
most of the time the sensor decision vectors belong to
the upper four entries in Table 2. In such cases, the
fusion rule is essentially a majority rule. For

intermediate values of a (from -5dB to 4dB), the
fusion rule exhibits a change from the weak signal
form to the strong signal form.

Table 2: Stage 2 fusion rule: O1(u0=11) vs. O2(u0=10)
a (dB) (-15, -5) (-4.5, -3) (-2.5, 3) 3.5 (4, 5)

u 1 u 2 u 3 u 0

10 10 10 11 10 10 10 10

10 10 11 11 11 11 10 10

10 11 11 11 11 11 11 11

11 11 11 11 11 11 11 11

10 10 00 10 10 10 10 10

10 10 01 10 10 10 10 10

10 11 00 10 10 10 10 10

10 11 01 11 11 10 10 10

11 11 00 11 11 10 10 10

11 11 01 11 11 11 11 10

Performance evaluation
The system performance is given by the probability of
misclassification Pmc. In Figure 6, the Pmc of the BDT
based decision fusion system is plotted against the
inter-object distance a as a solid curve. In the same
figure, we also plot the performance of the optimal
centralized classifier and the performance of the
optimal single sensor classifier. The optimal
centralized classifier uses all the raw sensor
observations to make a one-stage classification of the
unknown object. It has the smallest possible Pmc that
serves as a lower bound to the Pmc of any other
scheme. This Pmc is plotted as a dotted curve. The
optimal single sensor classifier uses one sensor
observation to classify the unknown object. The
corresponding Pmc is plotted as squares in Figure 6.
The BDT based decision fusion system outperforms
the optimal single sensor classifier. Also it is slightly
inferior to the optimal centralized classifier. This is
further shown in Figure 7 where the increase in Pmc

normalized by that of the centralized classifier is
plotted. For instance, when a=-10dB, for the optimal
single sensor classifier, Pmc=0.6558; for the optimal
centralized classifier, Pmc=0.5881; for the BDT based
system, Pmc=0.5998.

In Figure 7, the BDT based decision fusion system is
compared with the ad-hoc decision fusion system in
which the three sensors are designed as identical optimal
single sensor classifiers and the MAP fusion rule is used
to fuse their decisions. For each system, the increase in
Pmc with respect to the optimal centralized classifier is
plotted. It is shown that the BDT based decision fusion
system is better than the ad-hoc decision fusion system.
For instance, when a=-10dB, for the ad-hoc system,
Pmc=0.6047. The increase of Pmc for the BDT based
system is -17dB, for the ad-hoc system is -15.5dB.



Figure 6: Performance of the BDT based decision
fusion system

Figure 7: Comparison of the BDT based system with
an ad-hoc system

V. Summary

We considered a new class of decision fusion
problems that employs binary decision trees at the
sensors and/or at the fusion center. Such problems
were categorized into four types according to how the
binary decision trees are designed and used by the
fusion system. Various aspects of the design of such
systems were discussed. We proposed a systematic
design methodology for one such system. This

methodology was illustrated by means of an example.
Many aspects of this class of problems remain
unsolved and provide a fruitful area for future
research.
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