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Abstract—Two sub-optimal decision fusion algorithms are
presented in the context of distributed classification of multiple
moving targets, as a low complexity alternative to the optimal
decision fusion. At the fusion center, all the the binary decisions
coming from a wireless sensor network (WSN) designed for
single target classification are exploited for a multiple clas-
sification task. Based on the concept of maximum detection
range of each sensor and approximating the joint posterior as a
product of the posterior marginal, we derive the RLM (Range
Limited Marginalization) and PRLM (Parallel Range Limited
Marginalization) algorithms. Comparison between these sub-
optimal algorithms and the optimal decision fusion are performed
for different scenarios, in terms of probabilities of detection and
false alarm and metrics related to complexity theory.

I. INTRODUCTION

We consider a surveillance task that consists in tracking and
classifying (as depicted in Fig.1 for the binary classification
case) N different targets moving into a given area of interest.
One of multiple hypotheses is chosen for each target on the
basis of a particular set of features. A wireless sensor network
(WSN), deployed in the surveillance area, typically transmits
hard decisions (to reduce the communication burden) on each
target class via a wireless channel to a fusion center (FC) that
forms a global situation assessment. This task is known in the
literature as a distributed decision fusion for multiple target
classification (multi-classification).

In [5] the problem has been studied with particular attention
to the target-tracking task where, to simplify the distributed
multi-classification algorithm, it is assumed that each sensor
has only one target in its range at each time sample; thus a sep-
arate classification problem for each target is considered. This
assumption is removed in [11] where all the sensor decisions
depend on all the targets to be classified; the classification of
each target is restricted to a binary hypothesis testing (as we
will do throughout this paper), which is equivalent to an M -
ary hypothesis-testing problem with M = 2N . Each sensor
is designed to transmits N bits, where the n-th bit represents
a local decision on the class of target n. Sub-optimal local
decision rules for sensors have been derived and compared
with the local optimum decision. The FC is simply chosen
to be the joint optimum, as shown in [2], given each local
decision rule. Alternative approaches have been presented for
the more general M -ary hypothesis-testing problem in [15],

Figure 1. Graphical Description of the problem

where local decision rules and the decision fusion rule are
designed as binary decision trees (BDT); the global decision
at the FC is implemented as a sequence of log2M binary
classifications, each of them representing the decision between
two subsets obtained by the split of the hypothesis set being
considered at each stage.

The approaches described for the binary multi-classification
require N bits to be sent by each sensor. However, to further
reduce the communication burden, it is often assumed that
also in this context a sensor transmits only one bit, as in
the classical binary classification task [6], [8]. Results on
related problems are available in literature. In [16] it is
demonstrated how a WSN with local binary decision rules
could be effectively used in conjunction with the optimal FC
(given these rules) to perform M -ary hypothesis testing and
getting asymptotic detection of correct hypothesis, as some
mild conditions on local transition probabilities are verified.
Also some methods for local decision thresholds design,
through a genetic algorithm optimization, are presented in
[16]. In [14] a way of choosing the local binary decision rules
is suggested and a sub-optimal fusion center that requires only
the computation of binary operations instead of real numbers
is presented. The complexity of this approach depends directly
on the dimension M of the hypothesis space.
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Note that many times the local binary decision rules are
already completely designed with reference to a single target
classification task. Furthermore the hypothesis space grows
exponentially with the number of targets (M = 2N ) and the
optimal FC may become too complex even for small values of
N . Therefore sub-optimal FC rules with reduced complexity
are considered in this paper under the assumption that the
DF is aware of the information coming from the multi-target
tracking system and the local decision model of the WSN. We
assume in this work that the targets to be classified are moving,
but we do not consider the tracking issues and the related
uncertainties. In addition we assume an ideal noiseless link for
bits transmitted from the sensors to the FC. The contributions
of the paper are the following:
• We propose two sub-optimal decision fusion algorithms

(Range Limited Marginalization - RLM and the paral-
lelized form PRLM) as reduced complexity alternatives
to the joint Optimal Decision Fusion (ODF). The ideas
behind these algorithms are: a) the exploitation of the
concept that each sensor has a maximum detection range;
b) the fusion center classifies each target separately by
accounting approximately about the dependence of each
local decision with respect to all the targets.

• We show, through several simulations, the mean speed-
up factor (Mean Time Complexity Gain) and verify the
guaranteed memory reduction (Space Complexity Gain)
achieved by (P)RLM over ODF; we also analyze the
consequent loss in terms of performances of these sub-
optimal approaches (measured through generalized user-
averaged Probabilities of False Alarm and Missed Detec-
tion) deriving from the approximations.

The remainder of the paper is organized as follows. In Section
2 we introduce and formalize the system model. In Section
3 we recall the optimal centralized decision fusion and we
propose our two alternative inference algorithms with reduced
complexity. In Section 4 we compare the performances and
the complexity of these algorithms with a set of simulations.
Finally in Section 5 we discuss some concluding remarks and
future developments.

II. SYSTEM MODEL

A. The Overall System

As illustrated in Fig. 2 we consider N targets which move
in a surveilled area (in this paper we will analyze only
targets moving in a closed box; issues about the entrance and
the exit of targets are not considered here) and which are
tracked on the basis of a multi-sensor multi-target tracking
system that computes the position estimate x̂n[i] of each
target n = 1, . . . , N at time i. We assume perfect position
estimation, that is x̂n[i] = xn[i]. Each target n is associated
to a class Tn , where Tn = 0 stands for a “safe target” and
Tn = 1 for an “enemy” or “dangerous target” and the whole
set T = {T1, . . . , TN} ∈ {0, 1}N is estimated at time k
on the basis of all the binary decisions (we consider only
decisions as possible inputs from the WSN for our fusion

Figure 2. Block diagram of the considered system.

task; for a detailed discussion on various potential fusion
architectures refer to [9]) zk =

[
z[1]T , z[2]T , . . . , z[k]T

]T
,

where z[i], i = 1, . . . k represents the column vector of
the decisions coming from the sensor network at time i.
We assume the WSN to be composed by L sensors, which
means that z[i] =

[
z1[i], . . . , zL[i]

]T
, with z`[i] representing

the decision coming from sensor ` at time i. The sensors
are deployed in the area in a static way and their absolute
position x` is known in advance. We assume ideal noiseless
communication channel, that is the binary decisions z`[i] travel
in a transparent way over the wireless channel. The decision
z`[i] = {0, 1} has a clear meaning in the case of a single target
classification, but it does not have a direct mapping to the
multi-classification task. A decision fusion algorithm at time k
may compute the posterior probability (or an approximation)
of the binary hypotheses: (A) for each target given all the
decisions observed till that time, that is p(Tn|zk); (B) for the
whole joint set T = {T1, . . . , TN}, that is p(T |zk). From
the posteriors hard decisions can be taken by the respective
following rules:

(A)

{
T̂n[k] = 1, p(Tn=1|zk)

p(Tn=0|zk) ≥ Γ,

T̂n[k] = 0, otherwise;

(B) T̂ [k] = arg max
T ∈{0,1}N

p(T |zk);

where Γ is a threshold to be chosen, that represents a free
parameter in the system. Note that biases can be added to (B)
to prioritize certain hypotheses, however the choice of these
terms is not intuitive and so they cannot be used to perform
a Neyman-Pearson Test on each target, as done with (A). The
posterior probability computation is possible because we have
exact knowledge of the sensor local decision rules, and all the
mutual distances, r`n[i] = ||xn[i]−x`||, ∀n, `, i (||.|| stands for
the Euclidean distance).

B. WSN Local Decision Rule Model

Joint Decision Rule Model: In this paper we assume that
each decision z`[i] is conditionally (given the class of each
target Tn, n = 1, . . . , N ) independent from all the other
decisions at a different time slot zc[j], c = 1, . . . , L, j 6= i and
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from all the other decisions at the same time slot, but coming
from the other sensors zm[i],m 6= ` (for a detailed discussion
on the requirements needed to assure these independency
conditions see [10]).

Also we assume, for simplicity of notation and without
loss of generality, that each sensor decision follows the same
probabilistic model. This means that the joint likelihood of all
the decisions till time k is given by the product of the single
likelihoods of each decision zl[i]. Due to the space-temporal
conditional independence assumption in fact we have:

p(zk|T1, . . . , TN ) = p(z[0], . . . , z[k]|T1, . . . , TN )

=
k∏

i=0

L∏
`=1

p(z`[i]|T1, . . . , TN ) (1)

In the next two sub-sections we will concentrate on the model
of the single decision z`[i], i.e. the conditional likelihood
p(z`[i]|T1, . . . , TN ).

Local Decision Rule for Single Target: As pointed out in
the introduction, we consider sensors which are designed and
whose model is available for single-target classification only.
More specifically we consider sensors with a binary outcome
z`[i] = {0, 1}, which in the case of the presence of a single
target n, indicates a hard estimate of its target class Tn. The
likelihoods of the generic sensor ` are given by the following
typical expressions strictly related to binary hypothesis testing
[6], [8], [12]:

p(z`[i] = 1|Tn = 0) = pfa (2)
p(z`[i] = 1|Tn = 1) = pd(r`n[i]) (3)

where pfa represents the Probability of False Alarm of the
sensor, given a safe target (Tn = 0) and pd(r`n[i]) represents
the Probability of Detection of the sensor, given an enemy
target (Tn = 1). The pd(.) is modeled as a decreasing function
of r`n[i] =

∥∥xn[i]− x`
∥∥, which represents the sensor-target

distance at time i. As we can see from Eqs. (2) and (3) the like-
lihoods for single-target classification are completely known,
due to the fact that we have perfect position knowledge. More
specifically pd(.) is assumed to follow the gaussian-law:

pd(r`n[i]) = (1− pfa)e−
(r`n[i])2

σ2 + pfa (4)

which is illustrated in Fig. 3 for σ = 2 meters and pfa = 10−2.
Parameter σ is intended to give, in conjunction with pfa,

a gross and essential information on the sensor detection
range. For example, if pfa = 10−2 and σ = 2 meters,
it could be assumed that the maximum detection range is
rmax = 4 meters, due to the fact that pd(r`n[i] = 4) w 2 · pfa,
which implies a very low Hellinger distance between the two
hypotheses [13], as further clarified in the Appendix A.

This type of sensor modeling has a broad analytical jus-
tification from the fact that it fits well the detection process
under different conditions. However if there is a more detailed
knowledge about the underlying process of detection, a more
precise expression of pd can be obtained, such as in [12].
However a different expression for pd (as a function of rln[i])
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Figure 3. Probability of Detection as a function of sensor-target distance

would not alter the generality of the approach presented in
this paper, thus for reasons of clarity in the following we will
consider only the model specified by Eq. (4) to extend the
classification to multiple targets.

Interpretation of Local Decision Rule for Multiple Targets:
In the case of multiple targets in the area of the sensor, we need
to generalize the model presented in the previous subsection,
to give an interpretation of the decision z`[i] as an estimation
of a subspace of the joint feature set T . To do this we assume a
signal (given by the coherent sum of “emissions” coming from
each dangerous target) plus noise model for multiple target
classification. More specifically the received power P `

n[i] of
target n from sensor ` at time i is given by a square law
attenuation model:

P `
n[i] =

P0

r`n[i]2
(5)

where P0 is the “signal power” emitted by the target, which
is assumed identical for all targets. If we substitute the Eq.
(5) in the Eq. (4) we obtain pd as a function of the received
power P `

n[i] as:

pd(P `
n[i]) = (1− pfa)e−

(P0/P
`
n[i])

σ2 + pfa. (6)

It is assumed that in presence of more than one “enemy”
targets the emission powers are trivially added, e.g. for the case
of two enemy targets m and n (Tm = Tn = 1) at distances
respectively r`m[i] and r`n[i] the received power at the sensor
` is given by:

P `
m+n[i] =

P0

r`m[i]2
+

P0

r`n[i]2
. (7)

The probability of detection of the sensor in presence of enemy
targets Tm = 1 and Tn = 1 is obtained by substituting Eq. (7)
in Eq. (6)

pd(P `
m+n[i]) = (1− pfa)e

− P0
σ2P`

m+n
[i] + pfa

= (1− pfa)e−
r`m[i]2‖r`n[i]2

σ2 + pfa (8)
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where ‖ indicates the parallel operator between the squared
distances r`m[i]2 and r`n[i]2 (a ‖ b = ab

a+b ). This argument can
be generalized by iterating the parallel rule for more than two
enemy targets. So the likelihoods of in presence N targets
with a joint feature set T = {T1, T2, . . . , TN} is given by:

p(z`[i] = 1|T1, . . . , TN ) = pd((r`TE [i])2) (9)

where (r`TE [i])2 needs to be interpreted as an equivalent
squared distance obtained iterating the parallel on the squared
distances of the targets that belong to TE , which is the
subset of dangerous targets of T . If the set TE is empty the
probability value reduces to pfa. It is worth noting that the
set TE is assumed to be time-invariant (i.e. we assume that
a target n cannot change its status Tn), however this is not
true for the equivalent squared distance r`TE [i]2, because the
targets considered have time-varying distances with respect to
the sensor `. As it is evident from (9) the likelihood is now
defined on a space of 2Npossible combinations and can be
used to get an information on the estimated joint feature set.

However the likelihood of the sample at time i of each
sensor ` p(z`[i]|T1, . . . TN ) from which the detection z`[i] is
generated could be well approximated by:

p(z`[i]|T1, . . . TN ) ' p(z`[i]|T `[i]), (10)

where T `[i] denotes a subset of T which is defined as

T `[i] = {Tn ∈ T : ||xn[i]− x`|| < rmax}.

The set T j [k] groups the targets which are inside the max-
imum detection range rmax of sensor ` at time i. The
approximation is reasonable if we consider that the targets
that are outside rmax don’t contribute much to the density of
Eq. (9) with their received power at sensor `. It is also worth
noting that Eq. (10) means that if Tn /∈ T `[i] the decision
coming from sensor ` at time i does not represent a valuable
information for classification of target n.

The approximation derived in Eq. (10) will be used in
the following to derive alternative fusion rules for efficient
posterior update in time-space (samples-sensors) dimensions.

III. DECISION FUSION ALGORITHMS

We define three metrics for the analysis of computational
complexity of the Decision Fusion Algorithms [1]:

• The Space Complexity CS of the decision fusion al-
gorithm, which is the number of probabilities to be
memorized by the decision fusion algorithm at the end
of each time slot k;

• The Time Complexity at time k CT [k], which is the
number of elementary operations to be performed till time
k to obtain the computation of posterior probabilities at
time k;

• The Overall Complexity at time k, that is CO[k] = CS ·
CT [k].

A. Joint Target - Optimal Decision Fusion (ODF) Approach

The optimal decision fusion algorithm for multi-target clas-
sification requires computation of the Bayes recursive update
as [11]:

p(T1, . . . , TN |zk) ∝ p(T1, . . . , TN |zk−1)p(z[k]|T1, . . . , TN )

= p(T1, . . . , TN |zk−1)
L∏

l=1

p(z`[k]|T1, . . . , TN ). (11)

It is clear from the formula that with the ODF approach, the al-
gorithm needs to memorize all the joint posterior probabilities
p(T1, . . . , TN |zk) at each time k. At each time k (and also for
each sensor l) 2N likelihood probabilities P (z`[k]|T1, . . . , TN )
need to be computed. So the Space Complexity Cs for
ODF grows exponentially with the number of users , that
is CODF

s = O(2N ). For example the presence of 30 targets
in the area of interest would lead to the necessity of storing
230 posterior probabilities during the entire fusion process. In
addition the Time Complexity CT [k] is given by the 2N update
of posterior probabilities every time a new decision z`[i]
arrives, which leads to CODF

T [k] = O(k ·L ·2N ) . The Overall
Complexity CODF

O [k] is CODF
O [k] = O(k · L · 22N ), which

is not feasible when the number of targets to be classified is
significant.

In addition one of the main drawbacks of the joint decision
fusion is the fact that it is not easily compatible with the
integration between fusion centers. Consider for example
two adjacent areas covered by different sensor networks and
controlled by different fusion centers. A target n that exits
from the first area (controlled by the FC-1) and enters in
the other one (controlled by the FC-2) implies the necessity
of sending the acquired inference about the classification of
target n from the FC-1 to the FC-2. But this information
it is not directly available at fusion center, as it stores
P (T1, . . . , Tn, . . . , TN |zk). The relevant information to be sent
to FC-2 is the posterior marginal P (Tn|zk), which needs to
be calculated by a marginalization [4] (which is a complex
operation) from the joint posterior of FC-1. At the other end
the FC-2 cannot use the marginal p(Tn|zk) in a direct way,
as it stores the joint posterior of the targets of its area, so that
an operation of extension [4] has to be performed.

It is also worth remarking in this context that Eq. (10)
cannot be used to simplify this decision fusion process, as the
reduced joint likelihood of the decision z`[i] cannot be used
to update directly the joint posterior, but has to be extended.
We intend to propose reduced complexity fusion algorithms
which update themself in a separate way for each user directly
on the respective posterior marginal p(Tn|zk) and which are
clearly sub-optimal in terms of performance related to error
probability, but that can be implemented in practice.

B. Separated Target - Decision Fusion Approaches

To deal with complexity we start from the exact computation
formula of the N marginal posteriors through the Bayes’
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update obtained by the conditioning chain rule [7]:

p(Tn|zk) ∝ p(Tn|zk−1)p(z[k]|zk−1, Tn)

= p(Tn|zk−1)
L∏

`=1

p(z`[k]|zk−1, z1:(`−1)[k], Tn); (12)

where z1:(`−1)[k] =
[
z1[k], . . . , z`−1[k]

]
. Eq. (12) can be

equivalently written as a sum update for log-likelihood ratio
Λn[k] = ln

[
P (Tn=1|zK)
P (Tn=0|zK)

]
of the target n:

Λn[k] = Λn[k−1]+

L∑
`=1

ln

[
P (z`[k]|zk−1, z1:(`−1), Tn = 1)

P (z`[k]|zk−1, z1:(`−1), Tn = 0)

]
.

(13)
The conditioned likelihoods p(z`[k]|zk−1, z1:(`−1)[k], Tn) are
obtained by the following marginalization:

p(z`[k]|zk−1, z1:(`−1)[k], Tn) =∑
T −Tn

p(z`[k]|T )p(T \ Tn|zk−1, z1:(`−1)[k], Tn); (14)

where p(z`[k]|zk−1, z1:(`−1)[k], T ) = p(z`[k]|T ),
due to space-time independency. Eq. (14) requires
for its computation the additional knowledge of
p(T |zk−1, z1:(`−1)[k]), as p(T \ Tn|zk−1, z1:(`−1)[k], Tn) =
p(T |zk−1,z

1:(`−1)[k])/p(Tn|zk−1,z
1:(`−1)[k]). This is clearly not

affordable as requires the additional computational of the
joint posterior, which we don’t want to compute. In the
following subsections we make additional assumption to
simplify the computation and get a complexity-tractable
sub-optimal Bayes update.

(Parallel) Range Limited Marginalization (P)RLM: If we
start from the conditional distribution of Eq. (14) we can use
the following approximations∑
T −Tn

p(z`[k]|T )
p(T |zk−1, z1:(`−1)[k])

p(Tn|zk−1, z1:(`−1)[k])

'
∑
T −Tn

p(z`[k]|T )

∏N
s=1 p(Ts|zk−1, z1:(`−1)[k])

p(Tn|zk−1, z1:(`−1)[k])

=
∑
T −Tn

p(z`[k]|T )

N∏
s=1,s6=n

p(Ts|zk−1, z1:(`−1)[k])

'
∑

T `[k]−Tn

p(z`[k]|T `[k])

N∏
s∈T `[k],s 6=n

p(Ts|zk−1, z1:(`−1)[k]),

(15)

where in the first line we have used the definition of
conditional probability p(A|B) = P (A,B)/P (B), in the
second line we have approximated the joint posterior
p(T |zk−1, z1:(`−1)[k]) as a product of its posterior marginals∏N

s=1 p(Ts|zk−1, z1:(`−1)[k]) and in the final line we used
the simplification given by Eq. (10); we call this algorithm
Range Limited Marginalization (RLM). The approximation of
the second line is motivated by the fact that, given a joint pdf
of r.v. A, B and C, p(A,B,C), the product of its marginals

p(A) · p(B) · p(C) is the product of pdfs which is the nearest
in Kullback-Leibler (KL) Divergence sense to p(A,B,C) [7].

If we adopt the further approximation
p(Ts|zk−1, z1:(`−1)[k]) ' p(Ts|zk−1), we obtain the
expression:

p(z`[k]|zk−1, z1:(`−1)[k], Tn) '∑
T `[k]−Tn

p(z`[k]|T `[k])

N∏
s∈T `[k],s 6=n

p(Ts|zk−1); (16)

which implies that each conditional distribution for each
sensor could be implemented in a parallel way. We call this
alternative algorithm Parallel Range Limited Marginalization
(PRLM).

It is worth remarking that the algorithms now derived,
unlike the joint ODF, are perfectly compatible with respect
to the integration of more FC to cover different zones of the
surveilled area, because the approximated posterior marginals
p(P )RLM (Tn|zk) computed by (P)RLM already represent the
direct information to be transmitted in the case of a target
switching to a different FC-controlled zone. This represents a
more flexible network architecture.

The two algorithms have the same complexity metrics.
The Space Complexity for (P)RLM is obviously given by
C

(P )RLM
s = O(N), as only the posterior marginals p(Tn|zk)

needs to be memorized (except some temporary cells needed
to compute the distribution reported in Eq. (15) in the case of
RLM and to compute the distribution reported in Eq. (16) to
compute PRLM).

The calculus of Time Complexity is rather tedious and
it is reported in the Appendix B. Complexity analysis
demonstrates that RLM and PRLM have C

(P )RLM
T [k] =

O(
∑k

i=1

∑L
`=1 |T `[i]|2 · 2|T

`[i]|), where |T `[i]| denotes the
cardinality of the set T `[i], which in the worst case leads to
O(k · L · N2 · 2N ), which is worse than Time Complexity
of the ODF. However the cardinality of the sets T `[i] is
typically far lower than N and so there is a substantially
Time Complexity reduction which is verified through a mean
analysis presented in the simulation results of Section 4.
The Overall Complexity instead is given by C

(P )RLM
O [k] =

O(
∑k

i=1

∑L
`=1 T

`[i]2 ·2T `[i] ·N), which in the worst case leads
to O(k · L ·N3 · 2N ).

IV. SIMULATIONS

The setting considered in this section is a surveillance task
in a square area of [15m, 15m] with a network of L = 16
binary sensors displaced by the following grid rule:

xl =

[
xl

yl

]
=

[
4 · i
4 · j

]
i, j = 1, . . . , 4;

where 4 = 3 meters represents the grid spacing. We consider
in this case sensors with the same performance characteristics,
with σ = 2 meters and pfa = 10−2. As discussed in Section
2, we can assume that, given these parameters, the maximum
detection range is rmax = 4 meters. The trajectories of the
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targets moving in the defined box are generated by applying
the acceptance-rejection method to a first order AR classi-
cal motion model [3]. The performance and the complexity
metrics analyzed are obtained by averaging them over 104

different realizations of trajectories configurations, each one
of them associated to a different configuration map of Tn,
n = 1, . . . , N , generated by an equi-probable distribution on
the whole joint set T . The performance metrics considered for
the comparison are the User Averaged - System Probability
of Missed Detection pmd[k] and the User Averaged - System
Probability of false alarm pfa[k] which at time k are given
by:

pmd[k] =

∑N
n=1 pmd,n[k]

N
, (17)

pfa[k] =

∑N
n=1 pfa,n[k]

N
, (18)

where pmd,n[k] and pfa,n[k] represent the probabilities of
missed detection and false alarm of the target n till time k, i.e.
pmd,n[k] = p(T̂n[k] = 0|Tn = 1) and pfa,n[k] = p(T̂n[k] =
1|Tn = 0). The couple (pmd[k],pfa[k]) represents a synthetic
performance information on how the decision fusion center is
capable of correctly classifying a generic target n moving in
the surveilled area as a function of the time k. Complexity
metrics used for comparison are based on the expressions
obtained for CT [k] and CO[k] for ODF and (P)RLM:

gT [k] =
CODF

T [k]

E[C
(P )RLM
T [k]]

, (19)

gO[k] =
CODF

O [k]

E[C
(P )RLM
O [k]]

, (20)

where gT [k] and gO[k] are respectively the Mean Time Com-
plexity Gain (essentially a speed-up factor) and the Mean
Overall Complexity Gain of the (P)RLM over ODF. We con-
sider in this paper three different target population scenarios,
exactly the case with N = 3, 5, 7 targets. The ODF is
compared with (P)RLM for different values of the threshold
γ = ln Γ on the basis of the performance and complexity
metrics introduced.

From the analysis of Figs. (4,5,6,7,8,9) we can see sub-
stantially that in the considered scenario the performances
of RLM and PRLM are essentially the same for all the
three populations configurations. However in the case of a
widely deployed wireless sensor network it is expected that
the performances differ in a significant way, because when
the number of sensors increases approximation of Eq. (16)
becomes less tight.

The comparison between ODF and (P)RLM is very in-
teresting. From the Figs. (4,6,8) it can be seen how RLM-
PRLM with γ = 0 presents a loss of performance in terms
of pfa[k], which presents a weak negative error exponent.
However by comparing the Figures (5,7,9) we can see how
(P)RLM approaches the same pmd[k] as the ODF.

If we raise the value of γ in an accurate way we can obtain
a lower pfa[k]; the degradation in terms of pmd[k] is fairly
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Figure 4. Averaged User System Probability of False Alarm pfa[k] for ODF,
RLM and PRLM. N = 3 targets, k = 1, . . . , 50.

acceptable as a change of γ does not alter substantially the
error exponent of the pmd[k] for the RLM/PRLM approach,
which means that we can wait for a number of time slots to
obtain the same pmd[k] of the ODF.

Regarding the complexity we refer to Fig. 10 where we
report the Time and Overall Complexity Gain of the (P)RLM
over ODF gT [k] and gO[k] as functions of time k and for
the three different population scenarios considered, i.e. N =
3, 5, 7.

By analyzing the Fig. 10 we can see how gT [k] and gO[k]
are time-stationary, that is gT [k] = gT and gO[k] = gO
which means that the (P)RLM gives a reduction of complexity
which is independent of the observation time being considered.
Furthermore by considering gT even only in the case of N = 3
targets we get a speed-up factor of about 2.5 times for the
(P)RLM algorithms. This speed-up grows with the number
of targets being considered, as it is evident from the figure,
because in the case of N = 5 and N = 7 we got respectively
a speed-up of approximately 3 and 5 times. Conversely gO is
far higher, as it accounts also the Space Complexity reduction
given by the (P)RLM. In fact we get respectively Overall
Complexity Gain for the three cases of gO = 7, gO = 20
and gO = 100.

V. CONCLUSIONS AND FURTHER DEVELOPMENTS

In this paper we presented two sub-optimal fusion alterna-
tives to ODF in the context of distributed multi-classification
with a binary wireless sensor network. It was shown that
the complexity of these approaches is lower both in Time
and Space dimensions with respect to ODF, even though
the trade-off is a loss in terms of the Probability of False
Alarm. However, due to the separated target approach of
(P)RLM we can choose the threshold in an accurate way to
obtain a desired false alarm rate, but degrading the Probability
of Detection. Nonetheless it was shown experimentally that
moving the threshold does not change the Probability of
Detection negative error exponent, which is essentially the
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Figure 5. Averaged User System Probability of False Alarm pmd[k] for
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Figure 6. Averaged User System Probability of False Alarm pfa[k] for ODF,
RLM and PRLM. N = 5 targets, k = 1, . . . , 50.
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Figure 7. Averaged User System Probability of False Alarm pmd[k] for
ODF, RLM and PRLM. N = 5 targets, k = 1, . . . , 50.
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Figure 8. Averaged User System Probability of False Alarm pfa[k] for ODF,
RLM and PRLM. N = 7 targets, k = 1, . . . , 50.
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Figure 9. Averaged User System Probability of False Alarm pmd[k] for
ODF, RLM and PRLM. N = 7 targets, k = 1, . . . , 50.
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same as the ODF and so only more samples are required
by (P)RLM to obtain the same detection performances of the
optimum approach.

Further Developments about this work will be the analysis
and the comparison between ODF and (P)RLM over non-ideal
communication channel models (such as AWGN or Rayleigh
Flat Fading), and the consequent loss of performance of these
approaches at low SNR. Finally also the uncertainties deriving
from non-perfect track estimation of multi-sensor multi-target
tracking system will be analyzed both in loss of performances
and implications that will eventually imply a possible slight
modification of the algorithms.
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APPENDIX A
MAXIMUM DETECTION RANGE

In this paragraph we explain the argument behind the
concept of maximum detection range rmax. Let us first recall
the formula of Hellinger Distance (HD) for discrete distri-
butions. Given two distributions p(xi) and q(xi) defined on
the same discrete support xi ∈ X , HD [13] is defined by
dH(p, q) = 1

2

∑
xi∈X(

√
p(xi) −

√
q(xi)

2; the HD satisfies
the inequalities 0 ≤ dH(p, q) ≤ 1, where dH(p, q) = 0 means
that p(xi) = q(xi), ∀xi ∈ X and dH(p, q) = 1 implies a
complete separation between distributions. In our case when
pd(rln[i]) w 2 · pfa, the HD between the two distributions
p(z`[i]|Tn = 0) and p(z`[i]|Tn = 1) is given by dH(.) =
1
2

[
(
√
pfa −

√
2pfa)2 + (

√
1− pfa −

√
1− 2pfa)2

]
which

under the assumption that pfa � 1 can be well approximated
as 1

2

[
(1−

√
2)2pfa

]
w 0.085pfa. So considering higher

r`n[i] implies obtaining inference on two hypothesis which are
Hellinger-separated by a factor of 0.085pfa, which does not
give a valuable information.

APPENDIX B
TIME COMPLEXITY FOR (P)RLM

In this paragraph we derive the formula for Time Complex-
ity C

(P )RLM
T [k] for (P)RLM sub-optimal fusion algorithms.

At each time i and for each sensor ` we need to compute Eq.
(15) for RLM or Eq. (16) for PRLM. This marginalization
requires |T `[i]|2|T `[i]|−1 operations (products) to obtain the
terms of the sum and 2|T

`[i]|−1operations (sums) to complete
marginalization. This marginalization has to be repeated two
times (Tn = {0, 1}) to obtain the log-ratio of the (13), which
has to be computed for each user belonging to |T `[i]|, so
that the total number of operations at time k for the sensor
` is No = |T `[i]|(|T `[i]|2|T `[i]| + 2|T

`[i]|) = |T `[i](|T `[i]| +
1|)(2|T `[i]|). By considering the dominant terms and summing
over all the sensors ` and over all the time slots i till time k,
we get CT [k] = O(

∑k
i=1

∑L
`=1 T

`[i]22T
`[i]).
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