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Abstract—Performance of a parallel binary decision fusion
architecture is considered where both the local detectors and the
Decision Fusion Center use the Neyman-Pearson criterion. The
architecture comprises N local detectors in parallel, each sending
a binary decision to a fusion center for integration. The algorithm
designed here fixes the global false alarm rate and attempts to
compute the local detector thresholds and the global fusion rule
that achieve the maximum global detection probability. The key
computational requirement is to find the roots of a certain N th

order polynomial. We compare the performance of our method
with the performance of the Person-by-Person Optimization
(PBPO) approach and that of a centralized detection scheme.

Keywords: Decentralized Decision Fusion, Optimal Detec-
tion, Neyman-Pearson criterion, Person-by-Person Opti-
mization.

I. INTRODUCTION

We study the parallel binary distributed detection architec-
ture investigated, among other studies, in [1], [2], [3] (see
Fig. 1). N local sensors/detectors observe a phenomenon. Each
local detector decides whether to accept one of two binary
hypotheses on the observed phenomenon (H0 or H1), and it
transmits its decision (D0 = accept H0 or D1 = accept H1)
over an ideal communication channel to a Decision Fusion
Center (DFC), where the local decisions are fused to a global
decision as to whether to accept H0 or H1.

Among other results, Tenney and Sandell [1] derived the
optimal local decision rules for several architectures with
two sensors. Sadjadi in [4] extended the results of [1] to
multiple hypotheses and multiple sensors. Chair and Varshney
[2] developed the optimal fusion algorithm when the local
sensors are assumed to be fixed and the local decisions are
statistically independent conditioned on the hypotheses. The
conditions for joint optimality of local processors and the
fusion center were derived by Reibman and Nolte [3]. Dis-
tributed fusion for correlated local decisions was investigated
in [5], [6], [7]. Thomopoulos et al. in [8] provided a general
proof that the optimal decision scheme that maximizes the
probability of detection at the fusion center for a fixed false
alarm rate consists of a Neyman-Pearson test at the DFC and
likelihood tests at the local detectors. Design of the entire
parallel fusion network based on both Bayesian and Neyman-
Pearson formulation was considered in [9] and [10]. A more
detailed exposition including distributed detection for multiple
hypotheses can be found in [11].

Figure 1: Distributed Decision Fusion Architecture.

In several of the reviewed studies, particularly in [9] and
[10], a Person-by-Person-Optimization (PBPO) approach was
used for designing the entire system (local and DFC decision
rules), which in general is not guaranteed to achieve system-
wide optimality [12]. The proposed PBPO solutions required
simultaneous solution of non-linear coupled equations for
decision thresholds, which can become difficult as the number
of equations increases. In this study, we attempt to achieve
the optimal solution for the entire system when the maximum
global probability of false alarm (probability that DFC decides
D1 given H0 is true) is specified, and when the DFC and the
local detectors are designed so that the global probability of
detection (probability that DFC decides D1 given H1 is true)
is maximized. We assume that the local detector observations
are independent conditioned on the hypothesis1. The principal
effort in the design turns out to be to solve for the roots of a
certain N th order polynomial.

In Section II, we provide a brief background on decen-
tralized Neyman-Pearson decision fusion and subsequently
develop an algorithm for local detector and fusion rule de-
signs. In Section III, PBPO solutions are reviewed. We assess
performance of the proposed and PBPO schemes of system
design through numerical examples in Section IV.

II. DECENTRALIZED NEYMAN-PEARSON DECISION
FUSION

The distributed decision fusion system is shown in Fig. 1.
The ith local sensor/detector decision with i = 1, ..., N and

1Distributed detection problem becomes NP-complete when this assumption
is relaxed, see [13], [14]



the decision of the DFC (i = 0) are of the form:

ui =

{
1, if H1 is decided

−1, if H0 is decided.
(1)

The Neyman-Pearson test fixes the global false alarm rate
(P (u0 = 1|H0)) at a pre-specified level a < 1 and then
attempts to achieve the maximum global probability of detec-
tion (P (u0 = 1|H1)). The final DFC decision rule becomes a
likelihood ratio test [15], and takes the form

Λ(u) =
P (u1, ..., uN |H1)

P (u1, ..., uN |H0)

H1

≷
H0

t∗. (2)

The threshold t∗ is computed such that the global false alarm
does not exceed a. Assuming that the local decisions are
independent (conditioned on the hypothesis), we have

Λ(u) =

N∏
i=1

P (ui|H1)

P (ui|H0)
=

N∏
i=1

Λ(ui)
H1

≷
H0

t∗. (3)

As the local decisions ui are binary, the conditional proba-
bility distributions P (Λ(ui)|H0) and P (Λ(ui)|H1) for the ith

sensor likelihood ratio are discrete as shown in the Fig. 2.
We use PMi

, PFi
to denote the Mis-detection Rate (MD)

(P (ui = −1|H1)) and False Alarm Rate (FA) (P (ui = 1|H0))
of the ith sensor, respectively. Consequently, P (Λ(u)|H0) and
P (Λ(u)|H1) are probability mass functions (pmf).

Let us consider a decision fusion system consisting of
N identical local detectors2 with local false alarm and mis-
detection rates given respectively as PFi

= PF = p and
PMi

= PM = q, with p, q ∈ (0, 1), i = 1, ..., N . The global
conditional distributions of the likelihood ratio Λ(u) can be
expressed using the binomial distributions

P (Λ(u)|H1) =

N∑
k=0

(
N

k

)
(1− q)k(q)N−k

.

[
δ

{
Λ(u)−

(
q

1− p

)N−k (
1− q
p

)k}]
(4)

and

P (Λ(u)|H0) =

N∑
k=0

(
N

k

)
(p)k(1− p)N−k

.

[
δ

{
Λ(u)−

(
q

1− p

)N−k (
1− q
p

)k}]
, (5)

where the (Kronecker) delta function δ() is defined as

δ(x) =

{
0, if x 6= 0

1, if x = 0.

In the case of N identical detectors, the distributions in (4)
and (5) will have N+1 probability masses. Let us index them

2Identical local detectors generate asymptotically optimum solution [16]
and numerically the assumption of identical local detectors leads to little or
no loss of performance [17], [18].

by k = 0, 1, ..., N . An arbitrary global false alarm probability
PGFA = a can be realized as a convex combination

a =(1− γ)

N∑
k=k′

(
N

k

)
(p)k(1− p)N−k+

γ

N∑
k=k′−1

(
N

k

)
(p)k(1− p)N−k, (6)

where k′ is the smallest value of k ∈ [0, 1, ..., N ] such that

a >

N∑
k=k′

(
N

k

)
(p)k(1− p)N−k

and the parameter γ ∈ [0, 1] is given by

γ =
a−

∑N
k=k′

(N
k

)
(p)k(1− p)N−k∑N

k=k′−1

(N
k

)
(p)k(1− p)N−k −

∑N
k=k′

(N
k

)
(p)k(1− p)N−k

. (7)

The global probability of detection then becomes

PGD =(1− γ)

N∑
k=k′

(
N

k

)
(1− q)k(q)N−k+

γ

N∑
k=k′−1

(
N

k

)
(1− q)k(q)N−k. (8)

We are looking for the value of the likelihood ratio Λ(u)
such that the sum of all the probability masses at and to the
right of Λ(u) is equal to a. For identical sensors, the fusion
rule is always k out of N [9]. In this case, the desired Λ(u)
must satisfy the following

Λ(u) =

(
q

1− p

)N−k (
1− q
p

)k
(9)

for some k ∈ [0, 1, ..., N ]. In that scenario, the parameter γ
reduces to either 0 or 1. Let k∗ denote the value of k that
satisfies (9). The global false alarm probability becomes

PGFA = a =

N∑
k=k∗

(
N

k

)
(p)k(1− p)N−k, (10)

and the corresponding global probability of detection is

PGD =

N∑
k=k∗

(
N

k

)
(1− q)k(q)N−k. (11)

The system-wide optimal solution is therefore the pair
(p, k∗) obtained by solving (10) for p for every k∗ ∈ [1, ..., N ]
and then choosing the pair that maximizes (11). Since a < 1,
k∗ 6= 0. Noting that for a fixed k∗, the summand in (10) is a
monotonically increasing function of p, the solution for p in
(10) in the feasible region of (0,1) is unique. Therefore, if the
N roots of the equation

N∑
k=k∗

(
N

k

)
(p)k(1− p)N−k − a = 0 (12)

are evaluated for every k∗, there would be up to N distinct
solutions (one for each k∗). Each one of these solutions would
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Figure 2: Probability mass function of local detector likelihood.

Figure 3: Variation of global probability of detection (PG
D ) and γ

with local sensor false alarm rate (p) for identical sensors.

correspond to a value of the global probability of detection
(from (11)). The optimal local false alarm rate would then
be the one that provided the maximum global probability of
detection.

Example: Let the local detector observations ri be of the form

ri =

{
m+ wi under H1

wi, under H0,
(13)

where wi is Normally distributed with zero mean and standard
deviation σ (N (0, σ2)) and m is a known constant. As an
example, we use here m = 3 and σ = 6. We assume
that there are N = 6 sensors, and that each sensor collects
K = 5 observations before making a decision. The global
false alarm rate is chosen to be a = 0.05. In Fig. 3 we
show the variation of the global probability of detection as the

local sensor false alarm rate (p) is varied3. It is notable that
the curve representing the global probability of detection has
cusps at the locations where γ switches between its maximum
and minimum values (implying a change in k∗); it is not
differentiable there. The maximum PGD is obtained from the N
global detection rates corresponding to the N feasible p values
(p ∈ (0, 1)) obtained by solving (10) for every k∗ ∈ [1, ..., N ].

The computational burden involved with this approach is to
compute roots of the N th order univariate polynomial (12). We
summarize the algorithm in Table I. In the following section,
we briefly discuss the Person-By-Person-Optimization (PBPO)
approach frequently used for a distributed decision fusion
system design and then proceed to compare the performance
of the PBPO approach with the proposed scheme (Table I)
through numerical examples.

III. PERSON-BY-PERSON OPTIMIZATION

A general method for seeking system-wide design of a
decision fusion system is through the Person-By-Person-
Optimization (PBPO) method. The distributed detection sys-
tem is viewed as a team of two members. The group of local
detectors forms one member and the DFC is the other member.
Performance of each member of the team is optimized sepa-
rately with the assumption that the other member has already
been optimized. This approach requires simultaneous solution
of nonlinear coupled equations for local detector thresholds
and the global fusion rule. Still, the PBPO optimal solution is
not guaranteed to achieve the true team optimum [12]. For an
N detector binary decision fusion system with non-identical
detectors, the PBPO solution is obtained by simultaneous
solution of N + 2N nonlinear coupled equations [9], [10].
When the local detectors are identical and the observations
at the local detectors are independent conditioned on the
hypothesis, the number of equations for PBPO approach under

3The x axis runs only till the value of p such that the chosen global false
alarm a is greater than or equal to the rightmost probability mass of the
conditional distribution P (Λ(u)|H0).



Table I: Optimal Distributed Fusion Algorithm

1) For N sensors, consider possible values of k∗ in
the range [1, 2, ..., N ].

2) Solve for the roots of (10) for each value of k∗. For
each k∗ there will be up to N distinct roots. Let the
root which is in the feasible region of [0, 1] for a
particular k∗ be denoted by pa(k∗).

3) Assuming the local detector observations have a
continuous distribution, compute the corresponding
local detector threshold (tloc) using pa(k∗) as fol-
lows ∫ ∞

tloc

P (Λ(ui)|H0) = pa(k∗).

4) Compute the corresponding local mis-detection rate
qa(k∗) as follows∫ tloc

−∞
P (Λ(ui)|H1) = qa(k∗).

5) For each possible value of k∗, namely 1, 2, ..., N ,
compute the global probability of detection PGD (k∗)
using (11) with q = qa(k∗).

6) Find the value of k∗ that provided the maximum
value of PGD (k∗).

7) The corresponding pa(k∗) is the local false alarm
for the local sensors that would provide the best
global detection rate for the maximum global false
alarm of a.

Neyman-Pearson criterion drops down to three (3). Next, we
outline the PBPO solution for identical sensors using the
Neyman-Pearson criterion.

A. PBPO-Optimal Local Detector thresholds

Under the Neyman-Pearson criterion, the global probability
of detection is maximized under the constraint that the global
false alarm satisfies PGFA ≤ a. We therefore form the objective
function (Lagrangian) to be maximized as

F = PGD + λ(PGFA − a), (14)

where λ is the Lagrange multiplier. Using (10) and (11), we
have

F =

N∑
k=k∗

(
N

k

)
(1− q)k(q)N−k+

λ

[
N∑

k=k∗

(
N

k

)
(p)k(1− p)N−k − a

]
. (15)

Expanding (15) in terms of q and p, the probability of mis-
detection and false alarm of a local detector respectively, we

have

F =(1− q)
N∑

k=k∗

(
N

k

)
(1− q)k−1(q)N−k+

λ

[
p

N∑
k=k∗

(
N

k

)
(p)k−1(1− p)N−k − a

]
. (16)

Let us define the expressions

Vp =

N∑
k=k∗

(
N

k

)
(p)k−1(1− p)N−k,

and

Vq =

N∑
k=k∗

(
N

k

)
(1− q)k−1(q)N−k.

The expression in (16) becomes

F = (1− q)Vq + λ(pVp − a). (17)

Since Vq is sum of positive real numbers, Vq 6= 0. Hence we
have

Fq =
F

Vq
= (1− q) +

λVp
Vq

(p− a

Vp
). (18)

Maximizing Fq implies that each local detector maximizes its
own probability of detection (1− q) subject to the constraint
that its local false alarm is bounded as p ≤ a

Vp
. Each local

detector performs a likelihood ratio test as

P (ri|H1)

P (ri|H0)

H1

≷
H0

tloc, (19)

where ri are the observations for the ith detector and the local
threshold tloc is computed such that the local false alarm is
fixed at p = a

Vp
. In other words, (18) becomes the Lagrangian

for a local detector. Under the Neyman-Pearson criterion, tloc
is given by the Lagrange multiplier [15] - therefore implying
tloc =

λVp

Vq
, where λ is the threshold for the global likelihood

ratio test (t∗ in (2)). From the local detector optimization, we
obtain

tloc =
λVp
Vq

, (20)

p =
a

Vp
. (21)

B. PBPO-Optimal Global fusion rule

Since the local detectors are identical, the global fusion rule
is a k out of N rule [9]. The optimal k (denoted by k∗) can
be obtained by noting that the Lagrange multiplier in (14) is
effectively the threshold of the global likelihood ratio test or
the value of Λ(u) at which (9) is satisfied, and therefore(

q

1− p

)N−k∗ (
1− q
p

)k∗
= λ. (22)

Taking natural logarithm of both sides, we have

k∗
[
log(

1− q
p

)− log(
q

1− p
)

]
= log(λ)−Nlog(

q

1− p
) (23)



(a) ROC for m = 3 (b) ROC for m = 4

(c) ROC for m = 5 (d) ROC for m = 6

Figure 4: ROC curves under various SNR for distributed Neyman-Pearson detection using optimal distributed fusion algorithm (Table I);
distributed Neyman-Pearson detection using PBPO; and centralized Neyman-Pearson detection.

Since the constraint is PGFA ≤ a, we can express the optimal
k∗ as

k∗ =

 log(λ)−Nlog( q
1−p )[

log( 1−q
p )− log( q

1−p )
]
 , (24)

where d e is the ceiling function defined over the set of integers
(Z) as

dxe = min{s ∈ Z|s ≥ x}.

The complete PBPO solution for identical sensors under
Neyman-Pearson criterion therefore requires the simultaneous
solution of the coupled nonlinear equations (20), (21) and (24).

In general the PBPO solution does not converge to the
team optimum solution. Bauso and Pesenti in [12] showed that
the necessary and sufficient condition for a PBPO solution to
converge to the team optimum is satisfied when the team cost
function has a unique local minimum. This is not the general
case for the problem we study, as shown, for example, in Fig. 3

where the global probability of detection is not unimodal with
respect to the local detector false alarm rate, p.

The PBPO ROC is a collection of different ROC curves
(each corresponding to a different value of the optimal k∗);
the collective PBPO ROC is formed using the upper envelopes
of each of those constituent ROC curves. Due to this feature,
even though the ROC curves corresponding to any particular
k∗ is concave, the overall PBPO ROC curve is not concave as
the PBPO optimal k∗ changes.

IV. EXAMPLES AND DISCUSSION

We provide a performance comparison of our method with
the PBPO approach using ROC curves for several scenarios.
We also include the performance of a centralized fusion
scheme, where the DFC receives the raw observations and
computes the global decision with no involvement of local
detectors. Since the centralized architecture performs no local
data compression, it provides an upper bound on the perfor-
mance of a parallel fusion system. In the scenario for the



(a) Exponential Distribution (b) Gamma Distribution

Figure 5: Performance comparison of the three systems when local detector observations are Exponential and Gamma Distributed.

centralized architecture, the fusion center receives Kc = NK
observations and uses a Neyman-Pearson test with specified
false alarm probability to arrive at a decision. We consider the
following three cases:

1) Observations are Gaussian distributed with different
means under the two hypotheses, namely:

P (ri|H1) ∼ N (m,σ2) (25)

P (ri|H0) ∼ N (0, σ2). (26)

where the standard deviation σ = 6. ROCs are shown in
Fig. 4 for three systems, namely a) Distributed detection
using optimal distributed fusion algorithm (Table I);
b) Distributed Neyman-Pearson detection using PBPO;
and c) Centralized detection. Four different values were
used for m in (25), namely 3, 4, 5 and 6. Fig. 4
shows the extent to which the optimum detection scheme
(Table I) improves over PBPO. The centralized system
is of course better than both.

2) Observations are Exponentially distributed,

P (ri|H1) ∼ Exp(1/2) (27)
P (ri|H0) ∼ Exp(1/3). (28)

3) Observations are Gamma distributed,

P (ri|H1) ∼ Gamma(1, 2) (29)
P (ri|H0) ∼ Gamma(1, 1). (30)

Fig. 5 shows the system’s ROC curves for the Exponential
and Gamma distributions, and documents the improvement
provided by the optimal algorithm (Table I). Depending on
the distribution of the local detector observations, some values
of global false alarm may not have a corresponding PBPO
solution. Several such regions are noticed in Fig. 5.

V. CONCLUSION

We considered system-wide optimization of a distributed
decision fusion system where a group of local sensor/detectors

perform binary hypothesis testing on observations from a com-
mon volume of surveillance, and communicate their decisions
to a decision fusion center. The objective is to maximize global
probability of detection under a global probability of false
alarm constraint. The local detector decision thresholds and
the global fusion rule were derived by computing the roots of
an N th order polynomial where N is the number of local
detectors. The proposed method was compared against the
PBPO approach. ROC curves of several scenarios demonstrate
the extent to which the optimal solution outperforms PBPO,
and the extent to which it is over performed by a centralized
detection scheme (where all the raw observations are trans-
mitted to the DFC).
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