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Abstract—In this letter we propose novel (semi-)blind hard
decision fusion rules that use the mean of the secondary user
characteristics instead of their actual values. We show that
these rules with slight (or no) additional system knowledge
achieve better receiver operating characteristics than existing
(semi-)blind alternatives. These rules also have a low-complexity
analytical solution under Neyman-Pearson in some relevant cases.
Numerical results are reported in a channel-aware scenario to
demonstrate their appeal and to confirm the theoretical findings.

Index Terms—Neyman-Pearson, decision fusion, cognitive ra-
dio, knapsack, hypothesis testing, non-randomized tests.

I. INTRODUCTION

D ISTRIBUTED detection [1], [2] is widely used for
applications in environment monitoring, military surveil-

lance, cooperative spectrum sensing [3]–[6] in cognitive radio
networks (CRN) [7] etc. In a CRN the secondary users
(SUs) collaborate to increase the reliability of the binary
hypothesis test to detect the presense of the spectrum holes.
In a decentralized network the SUs communicate their local
one-bit decision over resource constrained wireless reporting
channels [8]–[10] to a fusion center (FC). Generally, the FC
requires the knowledge of the characteristics of each of the
participating SU (probability of detection Pdi and probability
of false-alarm Pfi of the ith SU, ∀i) and the reporting channel
(bit error probability Pei ) to design a decision fusion rule [11],
[12]. However, due to the resource constraints of the reporting
channels in the CRN, the instantaneous SU characteristics are
generally not available at the FC. In such scenarios, the FC
is compelled to resort to blind schemes [13], [14] that use the
limited system knowledge available to design a fusion rule at
the cost of slightly lower system performance, measured in
terms of system probability of detection PD and false-alarm
PF . In [14], it is assumed that the Pdi ,∀i are not known and
the proposed scheme (namely Wu rule) estimates the unknown
parameters from the received local decisions. A similar semi-
blind rule (namely LOD) assuming Pdi ,∀i are unknown and a
completely-blind rule (namely IS) assuming both Pfi , Pdi ,∀i
are unknown is proposed in [13]. Alternatively, in [15] it is
assumed that the instantaneous wireless channel coefficients
are unknown, whereas the SU characteristics are known.

In this letter, we propose new (semi-)blind rules which
assume the instantaneous SU characteristics to be unknown
and instead use their mean values. More specifically, the main
contributions are:
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TABLE I
LIST OF RULES AND THEIR SYSTEM KNOWLEDGE REQUIREMENT

Fusion Rules ↓ Parameters Used under H0 and H1

Semi-blind [*] 2 Pfi P̂di ∈ {Pfi + µd,
1+Pfi

2
, 1
2
}

Completely-blind [*] 3 P̂fi = µf P̂di ∈ {µf + µd,
1+µf

2
, 1
2
}

cLRT [13], [16] 1 Pfi Pdi

LOD [13], Wu [14] 2 Pfi none

IS and CR [13] 3 P̂fi = 0, none P̂di = 1, none

* New rules proposed in this letter.
1 Clairvoyant rule (cLRT) with knowledge of Pfi and Pdi , ∀i.
2 Semi-blind rules with no knowledge of Pdi , ∀i.
3 Completely-blind rules with no knowledge of Pfi and Pdi , ∀i.

The BEP Pei of reporting channels is assumed to be known by all the rules
except the Counting Rule (CR).
The LOD, CR and the proposed new rules implicitly assume Pdi > Pfi , ∀i.
The notation â represents the estimate of the parameter where the actual is
not known.
The mean values µf , E{Pfi},∀i and µd , E{Pdi − Pfi},∀i.

1) We propose a group of semi-blind rules (MSB) (as-
suming that the mean value of the Pdi∀i is known
instead of the actual instantenous values) and a group
of completely-blind rules (MCB) (assuming that the
mean value of {Pdi , Pfi ,∀i} is known instead of the
actual instantaneous values) that collectively cover a
wide spectrum of system knowledge requirements.

2) We formulate the considered fusion rules into gener-
alized decision fusion problem (GDFP) [16] equivalent
to the classical 0 − 1 knapsack problem to obtain
the nonrandomized and randomized Boolean decision
equations.

3) We compare the Receiver Operating Characteristics
(ROCs) of the proposed and the existing rules using both
analytical computations and Monte Carlo simulations,
showing that the former achieve better ROC than the
latter in their respective categories.

Table I summarizes (other than the proposed rules) the list
of existing alternative rules considered for comparison here-
inafter, along with corresponding system knowledge required.

The outline of this letter is as follows. In Section II, we
explain the system model and the GDFP formulation. We
propose the blind rules and formulate their likelihood ratio
(LR) based decision equations in Section III. Then, in Section
IV we provide analytical solutions for the proposed (semi-)
blind rules. Section V contains the numerical results and is
followed by conclusions in Section VI.

II. SYSTEM MODEL

In this paper, we consider a decentralized CRN with N SUs
and a FC [13], [16]. Each SU generates a local binary decision
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di ∈ {0, 1}, i ∈ {0, · · · , N − 1} regarding the primary user
(PU) transmission, indicating hypothesis H0: signal absent
and H1: signal present respectively. We assume the SUs use
different local decision-strategies and are characterized by
non-homogeneous probability of detection Pdi , Pr{di =
1|H1}, probability of false-alarm Pfi , Pr{di = 1|H0}
where Pdi > Pfi ,∀i. We further assume that the local perfor-
mance (Pfi , Pdi),∀i are random variables with mean values
E{Pfi} = µf and E{Pdi−Pfi} = µd,∀i. Each local decision
di is received by the FC as ui ∈ {0, 1} over a dedicated
erroneous reporting channel (modeled as a binary symmetric
channel [17]) with bit-error probability (BEP) Pei ,∀i. The
error infected decisions from the SUs form the N -dimensional
binary observation vector u (, [u0 · · · uN−1]T ) at the FC. The
mth vector in the discrete observation space U is represented
as um, m ∈ {0, · · · ,M − 1}, where M , |U| = 2N .
Assuming that the SUs are spatially separated and experience
different propagation effects on the sensing channel, we con-
sider the SU decisions to be conditionally independent. We
then have

p(u|H1) =

N−1∏
i=0

(P edi)
ui(P̃ edi)

1−ui

p(u|H0) =

N−1∏
i=0

(P efi)
ui(P̃ efi)

1−ui , (1)

where q̃ , 1− q, P edi , P̃eiPdi +Pei P̃di and P efi , P̃eiPfi +

Pei P̃fi . Based on each observation vector u, the fusion rule
Γ(u) of the FC generates a global decision ufc ∈ {0, 1}
declaring hypothesis H0 and H1 respectively. The performance
of the fusion rule is characterized by the system probability
of detection PD , Pr{ufc = 1|H1} and the false-alarm
PF , Pr{ufc = 1|H0}. Following [16], we use the notation
of a binary-valued vector x , [x0 · · · xM−1]T to define
a fusion rule, where xm = 1(0) implies Γ(um) = 1(0)
respectively. We then have the system characteristics as

PD(x) =

M−1∑
m=0

xmp(um|H1), PF (x) =

M−1∑
m=0

xmp(um|H0).

(2)
Then the non-RT GDFP formulation [16] under NP criterion
is

Max
x

M−1∑
m=0

xm p(um|H1),

Sub. to
M−1∑
m=0

xm p(um|H0) ≤ α, xm ∈ {0, 1}. (3)

Note that relaxing the constraint on x to {xm ∈ R : 0 ≤
xm ≤ 1} results in RT GDFP. The optimal fusion vector x∗

for the Clairvoyant rule (cLRT) i.e., when the complete system
knowledge {Pdi , Pfi , Pei},∀i is available, can be obtained
from the LRT given by[

Λ(um) ,
N−1∑
i=0

um,i log

(
P̃ efi
P efi

P edi

P̃ edi

)]
xm=1

≷
xm=0

λclrt, (4)

provided the appropriate threshold(s) λclrt are computed. A
single-threshold LRT is slightly sub-optimal for non-RT GDFP
in general [16] and is optimal when the LR function Λ(u)
is monotonic1. For the RT GDFP, the single-threshold LRT
always provides the optimal solution x∗.

We now focus on proposing the (semi-)blind fusion rules
and formulating their LR-based decision equations using the
estimate of the unknown parameters and establish their mono-
tonic property.

III. FORMULATION OF THE PROPOSED BLIND RULES

A. Mean-based semi-blind Rule (MSB)

In this case the false-alarm of the SUs and the link BEPs
are assumed to be known whereas the detection probabilities
are unknown. We now propose a group of rules (namely MSB)
based on the mean value instead of the actual instantaneous
values of Pdi . Further, we propose three special cases in
the MSB with different system knowledge requirements and
computational complexities.

1) MSB-1: In this special case we assume that the mean
value µd is known. We propose to use the estimate of the
unknown Pdi as P̂di = Pfi + µd, ∀i. We then have P̂ edi =
P efi +µ′di , where µ′di = µd(1− 2Pei). Using (4), the LRT for
MSB-1 can be written as

N−1∑
i=0

um,i log

(
P̃ efi
P efi

P efi + µ′di

P̃ efi − µ
′
di

)
xm=1

≷
xm=0

λmsb1. (5)

For the most general values, the LR function in this case is
nonseparable as required by the factorization criterion [18],
thereby implying that MSB-1 is nonmonotonic [16].

2) MSB-2: In this case we use the information that the
support of the probability distribution of the unknown Pdi
is (Pfi , 1]. Adopting the Bayesian inference approach, we
propose to use the estimate as P̂di = Pfi +

1−Pfi

2 , ∀i, i.e.,
the conditional expectation of Pdi assuming it follows uniform
distribution within the support. Differently from the previous
case, note that this special case does not require the knowledge
of the mean value µd.

The LRT is then given by

N−1∑
i=0

um,i log

(
P̃ efi
P efi

P efi + P̃ei

P̃ efi + Pei

)
xm=1

≷
xm=0

λmsb2 . (6)

For the most general values, the LR function in this case is
nonseparable, thereby implying that MSB-2 is also nonmono-
tonic [16].

3) MSB-3: We assume a special case of the MSB where
the mean of the unknown Pdi , E{Pdi} = 1

2 ,∀i. We then
have P̂ edi = (1 − Pei) 1

2 + Pei
1
2 = 1

2 ,∀i, and the conditional
probability is given by

̂p(u|H1) =
1

2N
, (7)

1A decision fusion problem is called monotonic if there exists a real-valued
function of the observation vector on which the LR function is monotonic [18].
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which is constant and independent of Pei ,∀i. As a result the
GDFP formulation of the MSB-3 is simplified to

Max
x

1

2N

M−1∑
m=0

xm,

Sub. to
M−1∑
m=0

xm p(um|H0) ≤ α. (8)

Note that the objective function of (8) has simplified to maxi-
mizing the count of the observation vectors being declared as
H1 with the system probability of false-alarm PF constrained
by the value α. Also note that both p(u|H0) and Λ(u) is

monotonic on the function T (u) =
∑N−1
i=0 ui log

(
P e

fi

P̃ e
fi

)
. As

a result its single-threshold LRT given by
N−1∑
i=0

um,i log

(
P̃ efi
P efi

)
xm=1

≷
xm=0

λmsb3 , (9)

provides the optimal solution for both the RT and the non-RT
GDFP under NP criterion [16].

B. Mean-based completely-blind Rule (MCB)
In this case it is assumed that both the instanteneous false-

alarm and detection probabilities of the SUs are unknown. We
now propose a group of rules (namely MCB) based on the
mean values instead of the actual values of {Pdi , Pfi}. We
propose the following special cases in the MCB:

1) MCB-1: In this special case we assume µf and µd is
known. We propose to use the estimates as P̂fi = µf and
P̂di = µf + µd,∀i. Then the LRT

N−1∑
i=0

um,i log

(
µ̃efi
µefi

µefi + µedi

µ̃efi − µ
e
di

)
xm=1

≷
xm=0

λmcb1 , (10)

where µedi , P̃eiµd + Pei µ̃d, µefi , P̃eiµf + Pei µ̃f is
nonmonotonic for the most general values.

2) MCB-2: In this special case, we propose to use the

estimates as P̂fi = µf and P̂di = µf +
1− µf

2
(similar to

the MSB-2). The conditional probabilities are then given as

̂p(u|H1) =
1

2N

N−1∏
i=0

(µefi + P̃ei)
ui(µ̃efi + Pei)

1−ui

̂p(u|H0) =

N−1∏
i=0

(
µefi
)ui
(
µ̃efi

)1−ui

, (11)

and the LRT is given by
N−1∑
i=0

um,i log

(
µ̃efi
µefi

µefi + P̃ei

µ̃efi + Pei

)
xm=1

≷
xm=0

λmcb2 , (12)

and is nonmonotonic for the most general values.
3) MCB-3: In this special case, we propose to use the

estimates as P̂fi = µf and P̂di = 1
2 (similar to the MSB-3).

Then the LRT is
N−1∑
i=0

um,i log

(
µ̃efi
µefi

)
xm=1

≷
xm=0

λmcb3 , (13)

and is monotonic.

TABLE II
LIST OF SPECIAL CASES WITH THE ADDITIONAL SYSTEM KNOWLEDGE

USED AND SOLUTION COMPLEXITY

Special Cases Mean Used Problem Type Complexity
MSB-1 Rule µd non-monotonic O(M log(M))

MSB-2 Rule none non-monotonic O(M log(M))

MSB-3 Rule none monotonic O(M)

MCB-1 Rule µf , µd non-monotonic O(M log(M))

MCB-2 Rule µf non-monotonic O(M log(M))

MCB-3 Rule µf monotonic O(M)

MCB-4 Rule (CR) none monotonic O(M)

4) MCB-4: For this special case we propose to use the
estimates as P̂fi = µf , P̂di = µf + µd and P̂ei = µe,∀i,
where we assume E{Pei} = µe,∀i. Then the LRT is given by

N−1∑
i=0

um,i log

(
µ̃ef
µef

µef + µed

µ̃ef − µed

)
xm=1

≷
xm=0

λmcb4 , (14)

where µef , µ̃eµf + µeµ̃f and µed , µ̃eµd + µeµ̃d. This
simplifies to the Counting rule (CR) [13], [19],

N−1∑
i=0

um,i
xm=1

≷
xm=0

λ′mcb4 , (15)

implying that no system knowledge is required for the decision
equation.

IV. PROPOSED ANALYTICAL SOLUTIONS

Table II summarizes the monotonic properties established
for each special case of the proposed blind rules and the com-
plexity2 of the analytical solutions proposed in this section.

A. Monotonic MSB rule under NP criterion

Consider the observation vectors are sequenced in non-
increasing order of their p(um|H0) value, i.e., p(um|H0) ≥
p(um+1|H0)), 0 ≤ m < (M − 1). Index a∗ can now
be identified in linear time in the worst case, such that∑M−1
m=a∗−1 p(um|H0) > α ≥

∑M−1
m=a∗ p(um|H0). The fu-

sion vector x∗ is then set as xm = 0,∀m < a∗ and
xm = 1,∀m ≥ a∗ for non-RT. For the RT case, additionally
xa∗−1 =

α−
∑M−1

m=a∗ p(um|H0)

p(ua∗−1|H0)
is set.

B. Nonmonotonic MSB rule under NP criterion

For the nonmonotonic cases, the optimum vector x∗ for the
randomized test is obtained using the same approach proposed
for monotonic case, except that the observation vectors are
sequenced in non-increasing order of their Λ(u) values.

For the non-randomized test of nonmonotonic problems,
low complexity Dynamic programming (DP) based solution is
proposed in [16]. However the MSB rules and the existing rules
({LOD,cLRT} used for numerical comparison) require high
precision computations for which the DP-based solution is not
practical. Alternatively, exact algorithms such as Branch and

2Complexity is defined as the number of addition/multiplication floating-
point operations (flops) required by an algorithm to compute a solution.
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Fig. 1. Non-randomized test PD vs PF plots under NP criterion for N = 10,
reporting channel SNRi ∈ {5, 15} dB, for conditionally i.n.i.d decisions with
(µf , µd) = (0.05, 0.4).

Bound [20] and intelligent algorithms [21]–[26] that search
the solution space by exploiting the properties exhibited by
the fusion rules could be used and are topics of further re-
search. However for performance comparison of the proposed
nonmonotonic rules, we use the same LR-based solution as
proposed for the RT except that xa∗−1 is set to 0.

C. MCB rules

As the actual Pfi is unknown for this category, the NP
criterion cannot be applied. The performance curve is obtained
by sequencing the observation vectors in non-increasing order
of their Λ(u) values and the fusion vector x is computed for
each a∗ ∈ {0, · · · ,M − 1}.

V. NUMERICAL RESULTS

Following [13], we consider the local decisions di,∀i
are transmitted using on-off keying on reporting channels
experiencing Rayleigh fading, i.e., yi = hidi + wi, where
hi ∼ NC(0, 1), wi ∼ NC(0, σ2

w) and yi ∈ C. The FC
employes coherent detection to obtain ui,∀i from yi result-
ing in Pei = Q( |hi|

2σw
). Assuming the a-priori probabilities

Pr{H1} = Pr{H0} = 1
2 , the individual channel SNR for

independent non-identically distributed (i.n.i.d) local decisions
is defined as SNRi ,

Pdi
+Pfi

2σ2
wi

.
In Figure 1 we plot the non-randomzied test average system

performance (PD vs PF ) of the rules considered in this letter
for i.n.i.d decisions using analytical computations and Monte
Carlo simulations. We consider a CRN with N = 10, the
SU characteristics as Pfi ∼ U(0, 2µf ), Pdi = Pfi + pi,
pi ∼ U(0, 2µd),∀i, where (µf , µd) = (0.05, 0.4) and SNRi ∈
{5, 15} dB ∀i. The ROC of the Wu and IS rule is not plotted
as it is found that their performance is lower than the MSB
and LOD rules.

The non-randomized test performance of the clairvoyant
and the MSB rules are obtained under NP criterion (α is
varied from 0 to 1) using 102 i.n.i.ds of (Pfi , Pdi), and 102

random channel coefficients hi (i.e Pei ) for each realization
of the (Pfi , Pdi). The non-RT fusion vector x and the system
performance {PF , PD} is obtained analytically (represented
by solid lines) using the solutions proposed in Section IV. The
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Fig. 2. Randomized test PD vs SNR (dB) plots comparison of different
rules with N = {10, 30} and α = 0.01 for conditionally i.n.i.d decisions
with (µf , µd) = (0.05, 0.4).
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0.01, for conditionally i.n.i.d decisions with (µf , µd) = (0.05, 0.4).

results are then verified by 104 Monte Carlo runs (represented
by discrete marks) for each combination of {Pfi , Pdi , Pei}.
Among the semi-blind rules: (i) as expected, the MSB-2 rule
outperforms all other rules including the LOD in most of the
cases as it uses the optimal estimate of P̂di (using Bayesian
inference) from the known instantaneous Pfi , (ii) MSB-2 and
MSB-3 requi re same system knowledge as the LOD. Among
the completely-blind rules: (i) as expected, the proposed MCB
rules perform better than the CR at the cost of using slightly
additional system knowledge, (ii) the performance of MCB-1
detoriates for low SNR.
Figure 2 and 3 report the randomized test PD vs SNRi and PD
vs N of the fusion rules generated by Monte Carlo simulations
for i.n.i.d decisions and constant α = 0.01. The plots confirm
that (i) among the semi-blind category, the MSB-2 rule always
has the best performance, (ii) among the completely-blind
category, the MCB-2 and MCB-3 perform better than the CR
with the MCB-1 detoriating for low SNR.

VI. CONCLUSIONS

Novel (semi-)blind fusion rules, using the mean value of
the SU characteristics instead of the instantaneous values,
have been proposed for the resource-constrained distributed
networks. We have shown that these rules with slight (or no)
additional system knowledge perform better than the existing
rules and have simple decision equations. The rules {MSB-
2, MCB-2} of {semi-blind, completely-blind} categories use
Bayesian inference to estimate the unknown value and out-
perform for most of the cases in their respective categories.
Further avenues of research include the derivation of blind
rules for more advanced cooperative/collaborative spectrum
sensing schemes [3].
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