
1

Distributed Detection of A Deterministic Signal in
Correlated Gaussian Noise Over MAC

Wenjun Li and Huaiyu Dai
Department of Electrical and Computer Engineering,

North Carolina State University, Box 7911, Raleigh, NC 27695
wli5, huaiyu dai@ncsu.edu

Abstract— Distributed detection of a deterministic signal in
correlated Gaussian noise in a one-dimensional sensor network
is studied in this paper. In contrast to the traditional approach
where a bank of dedicated parallel access channels (PAC) is
used for transmitting the sensor observations to the fusion
center, we explore the possibility of employing a shared multiple
access channel (MAC), which significantly reduces the bandwidth
requirement or detection delay. We assume that local observa-
tions are mapped according to a certain function subject to a
power constraint and transmitted simultaneously to the fusion
center. Using a large deviation approach, we demonstrate that
with a specially-chosen mapping rule, MAC fusion achieves the
same asymptotic performance as centralized detection under the
average power constraint (APC), while there is always a loss
in error exponents associated with PAC fusion. Under the total
power constraint (TPC), MAC fusion still results in exponential
decay in error exponents with the number of sensors, while
PAC fusion does not. Finally, we derive an upper bound on the
performance loss due to the lack of perfect synchronization over
MAC, and show that the performance degradation is negligible
when the phase mismatch among sensors is sufficiently small.

I. I NTRODUCTION

In this paper, we study the distributed detection of a deter-
ministic signal in a one-dimensional (1-D) sensor network with
equally-spaced sensors and correlated Gaussian observation
noise. We use the measure of asymptotic error exponent
as the number of sensors goes to infinity to evaluate the
detection performance. The error exponent gives an estimate
of the number of sensors required to reach a certain error
probability, which is a useful performance index for densely-
deployed sensor networks [1]–[4]. The traditional approach of
studying the distributed detection problem is to assume that
sensors transmit their observations (possibly quantized ver-
sions of them) through a parallel access channel (PAC), which
is independent across sensors [1], [2], [5]. For large-scale
sensor networks, this assumption implies a large bandwidth
requirement for simultaneous transmission or a large detection
delay. On the other hand, a multiple access channel (MAC)
is bandwidth efficient, but with a MAC, the fusion center
only receives an aggregate of sensor observations, which is
typically not a sufficient statistic for detection. Nevertheless,
this does not mean that distributed detection over MAC is
not worthy of study. Several recent works have explored the
possibility of using a MAC for distributed detection with i.i.d.
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discrete observations based on the method of types [3], [6]. As
sensors are packed more closely together, it is reasonable to
expect that their observations get more correlated [2]. Several
recent works have employed large deviation theory to study
the performance of centralized or distributed detection with
correlated observations [2], [4]. The distributed detection of a
constant signal in correlated Gaussian noise and the detection
of a Gaussian-Markov process are studied in [2], where the
communication channel is assumed to be a PAC. Closed-
form detection error exponent for Neyman-Pearson centralized
detection of a Gaussian-Markov process is obtained in [4]. In
this paper, we demonstrate that a Gaussian multiple access
channel can be used for detection of a deterministic signal in
correlated Gaussian noise, by appropriately choosing the local
mapping rule. The deterministic signal contains the constant
signal as a special case. To the best of our knowledge, this
has not been explored by others.

We state our assumptions as follows. Sensors transmit local
decisions based on their respective local observations and a
mapping rule through a MAC or a PAC. Following [3], we
assume that the MAC is perfectly synchronized with identical
channel gain to facilitate the analysis. If sensors experience
different pathlosses, we assume that sensors have the knowl-
edge of their own pathlosses and adjust the transmission power
accordingly such that the overall channel gain is kept the same
for all sensors. We assume that uncoded analog communica-
tion is used for transmission of local decisions. There is a fair
body of literature including [7], [8] adopting this assumption,
and our motivations are similar to theirs: firstly, it is well-
known that transmitting a Gaussian source directly through
a Gaussian channel leads to optimal cost-distortion tradeoff
[9]; secondly, although distortionless analog transmission is
difficult to realize in practice, such an idealization enables us
to use the large deviation theory to obtain a good estimate of
system performance.

The transmitted symbols satisfy either an average power
constraint (APC) or a total power constraint (TPC). We pro-
pose a mapping rule for MAC fusion based on the observation
of the optimal decision statistic, and show that 1) under
APC, our proposed MAC fusion scheme yields the same error
exponents as optimal centralized detection, while PAC fusion
always incurs a loss in error exponents; 2) under TPC, MAC
fusion still results in exponential decay of the error probability
with the number of sensors, while the error probability of PAC
fusion is not reduced by increasing the number of sensors.
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While perfect synchronization over MAC is a basic assumption
throughout the paper, we study the impact of synchronization
error on detection performance in Section IV. It is shown that
there is little performance loss compared with the perfectly-
synchronized case when the phase mismatch is slight.

II. SYSTEM DESCRIPTION ANDPRELIMINARIES

A. Detection Problem

We consider a 1-D sensor network, where sensors are
equally-spaced over a straight line, with the location of thekth
nodedk = kd, k = 1, · · · , n. Consider the binary hypothesis
testing problem where the observation at thekth sensor is
given by

H1 : xk = sk + vk, k = 1, 2, · · · , n, (1)

H0 : xk = vk, k = 1, 2, · · · , n, (2)

where{sk} is a uniformly bounded signal. The autocorrelation
function of {sk} is recovered from the spectral distribution
G(·) by a Riemann-Stieltjes integral

R(k) .= lim
n→∞

1
n

n∑

j=1

sj+ksj =
1
2π

∫ 2π

0

eikωdG(ω), (3)

and ifG(·) is absolutely continuous, its derivativeG′(ω) is the
spectral density of{sk} [10]. The stationary Gaussian noise
process{vk} has zero mean and covariance function

ρ(k1, k2)
.= E{vk1vk2} = σ2ρ|k1−k2|,

hence its covariance matrix

Σ = σ2




1 ρ · · · ρn−1

ρ 1
. ..

...
...

. ..
. .. ρ

ρn−1 · · · ρ 1




. (4)

B. Mapping Rule and Network Communication Channel

We assume that local observations are first mapped through
a function U(·) : yk = U(xk) subject to a global power
constraint, which may be anaverage power constraint (APC),
given by 1

n

∑n
k=1 E{|yk|2} ≤ Pav, or atotal power constraint

(TPC), given by
∑n

k=1 E{|yk|2} ≤ Ptot. The mapped signal
is then transmitted over one of the following channels (the
signal attenuation of the channel is assumed to be absorbed in
U(·)):

1) Parallel Access Channel (PAC), consisting ofn dedi-
cated additive White Gaussian noise channels given by

rk = yk + zk, k = 1, 2, · · · , n, (5)

where{zk} is i.i.d. N (0, 1).
2) Multiple Access Channel (MAC): Unless otherwise

specified, we refer to MAC as a perfectly synchronized
Gaussian multiple access channel given by

r =
n∑

k=1

yk + z, (6)

wherez ∼ N (0, 1).
In the following, we use the vector notations =

(s1, · · · , sn)T , and similarly denotev, x, y, z andr.

C. Preliminaries

Absolutely Summable Toeplitz Matrix [11]: Let Σ(n) be
ann×n Toeplitz matrix with entriestk ∈ R on thekth diag-
onal and dimensionn →∞. If {tk} is absolutely summable,
i.e.,

∑∞
k=−∞ |tk| < ∞, the spectral density function ofΣ(n)

is given by

S(ω) =
∞∑

k=−∞
tke−ikω, −π < ω ≤ π. (7)

Extended Toeplitz distribution theorem [12]: Let {sk}n
k=1

be a deterministic signal with spectral distributionG(ω). For
an absolutely summable Toeplitz matrixΣ(n) with spectral
density S(ω), let {λ(n)

k }n
k=1 be the eigenvalues ofΣ(n)

contained on the interval[δ1, δ2], and {φ(n)
k }n

k=1 be the
normalized eigenvectors ofΣ(n), then for any continuous
function h(·) defined on[δ1, δ2], we have

lim
n→∞

1
n

n∑

k=1

h(λ(n)
k )(sT φk)2 =

1
2π

∫ 2π

0

h(S(ω))dG(ω). (8)

Gärtner-Ellis Theorem [13]: Let {Zn} ∈ R be a sequence
of random variables drawn according to the probability law
{µn}, and define

Λ(n)(θ) = log E[eθZn ]. (9)

Assumptions: (1) For eachθ ∈ R, the logarithmic mo-
ment generating function, defined as the limitΛ(θ) .=
limn→∞ 1

nΛ(n)(nθ) exists as an extended real number. (2)
The interior ofDΛ

.= {θ ∈ R : Λ(θ) < ∞}, denoted byDo
Λ,

contains the origin. (3)Λ(·) is differentiable throughoutDo
Λ,

and Λ(·) is steep, i.e.,limn→∞ Λ′(θn) = ∞ whenever{θn}
is a sequence inDo

Λ converging to a boundary point ofDo
Λ.

Under the above assumptions, the large deviation principle
(LDP) satisfied by the sequence of{µn} can be characterized
by theFenchel-Legendretransform ofΛ(θ):

Λ∗(x) = sup
θ∈R

{θx− Λ(θ)}. (10)

That is, for any closed setF ⊂ R, lim supn→∞
1
n log µn(F ) ≤

− infx∈F Λ∗(x), and for any open setG ⊂ R,
lim infn→∞ 1

n log µn(G) ≥ − infx∈G Λ∗(x).

III. D ETECTION OFDETERMINISTIC SIGNAL IN

CORRELATED NOISE

A. Optimal Centralized Detection

Optimal centralized detection, where the sensor observation
vector x is perfectly available to the fusion center, serves
as a performance baseline for distributed detection strategies.
The optimal centralized detection is a threshold test on the
normalized log-likelihood ratio: ChooseH1 if

1
n

log
Pr(x|H1)
Pr(x|H0)

=
1
n

(sT Σ−1x− 1
2
sT Σ−1s) > τ, (11)

and chooseH0 otherwise. We can rewrite the test as

Tn =
1
n
sT Σ−1x ≷ T. (12)

The spectral density function forΣ is S(ω) = σ2(1−ρ2)
1+ρ2−2ρ cos ω .
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Proposition 3.1 (Centralized Detection): For the Neyman-
Pearson (N-P) formulation, when0 ≤ T ≤ 1

2π

∫ 2π

0
dG(ω)
S(ω) , the

error exponent for type I (false-alarm) and type II (miss) errors
are respectively given by

lim
n→∞

− 1
n

log α(n) =
πT 2

∫ 2π

0
dG(ω)
S(ω)

, (13)

lim
n→∞

− 1
n

log β(n) =
π∫ 2π

0
dG(ω)
S(ω)

(
T − 1

2π

∫ 2π

0

dG(ω)
S(ω)

)2

.(14)

For the Bayesian formulation, the error exponent for the
average error probabilityPe = π0α + π1β is given by

lim
n→∞

− 1
n

log P (n)
e =

1
16π

∫ 2π

0

dG(ω)
S(ω)

. (15)

Proof: Let Σ = ΦΛΦT , whereΛ = diag{λ1, · · · , λn}
is a diagonal matrix containing the eigenvalues ofΣ, andΦ
is a unitary matrix with eigenvectors ofΣ as column vectors.
Let p = ΦT s and w = ΦT x. Then it is easily shown that
under H0, {wk} is i.i.d. N (0, λk), and underH1, {wk} is
i.i.d. N (pk, λk). Thus we have

Tn =
1
n

n∑

k=1

pkwk

λk
.

The logarithmic moment generating functions underH0 is

Λ(n)
0 (nθ) = log E0

{
e
θ
Pn

k=1
pkwk

λk

}
=

n∑

k=1

θ2p2
k

2λk
.

Using the extended Toeplitz Theorem, we have

Λ0(θ) = lim
n→∞

1
n

Λ(n)
0 (nθ) =

θ2

4π

∫ 2π

0

dG(ω)
S(ω)

.

It can be checked that the assumptions for Gärtner-Ellis
theorem hold forTn underH0. Therefore,

Λ∗0(x) = sup
θ∈R

{θx− Λ0(θ)} =
πx2

∫ 2π

0
dG(ω)
S(ω)

.

Similarly, we obtain that forH1,

Λ∗1(x) = sup
θ∈R

{θx− Λ1(θ)} =
π∫ 2π

0
dG(ω)
S(ω)


x−

∫ 2π

0
dG(ω)
S(ω)

2π




2

.

When 0 ≤ T ≤ 1
2π

∫ 2π

0
dG(ω)
S(ω) , the error exponent for type

I and type II errors are given byΛ∗0(T ) and Λ∗1(T ). The
Bayesian error probability is obtained with the thresholdT =
limn→∞ 1

2nsT Σ−1s = 1
4π

∫ 2π

0
dG(ω)
S(ω) .

B. Distributed Detection over PAC

For PAC, we assume that each sensor directly transmits an
amplified version of the local observation. Denote the average
power of sk by Ps

.= limn→∞ 1
n

∑n
k=1 s2

k = 1
2π

∫ 2π

0
dG(ω),

we havelimn→∞ 1
n

∑n
k=1 E(x2

k) = σ2 + π1Ps.

1) Average Power Constraint:Under APC, the mapping

rule can be written asyk = axk, wherea =
√

Pav

σ2+π1Ps
is a

constant independent ofn. Let

r′k =
rk

a
= xk +

zk

a
. (16)

The optimal test becomes

T ′n =
1
n
sT Σ′−1r′ ≷ T. (17)

whereΣ′ = Σ+ 1
a2 I is the covariance matrix ofr′. Following

similar analysis as in Section III. A, the expressions of error
exponents are the same as for centralized detection, except
that S(ω) is replaced withS′(ω) = S(ω) + 1

a2 . Consequently
under the average power constraint, detection over PAC suffers
from a loss in asymptotic performance.

2) Total Power Constraint:Under TPC, the mapping rule

becomesyk = a√
n
xk, where a =

√
Ptot

σ2+π1Ps
. Then r′′k =

√
nrk

a = xk +
√

nzk

a has covariance matrixΣ′′ = Σ + n
a2 I.

Note thatΣ′′ is not absolutely summable, hence the theorems
in Section II can not be applied to analyze this case. In fact,
simulation shows that under TPC, PAC fusion no longer results
in exponential decay in the average error probability (see
Section III. D).

C. Distributed Detection over MAC

With a MAC, the fusion center no longer have access to
individual sensor observations. Therefore, the mapping rule
should be carefully chosen so that the received signal yields
a useful decision statistic for detection. Observe that if we
let γ = Σ−1s, the optimal decision statistic for centralized
detection can be written as

Tn =
1
n
sT Σ−1x =

1
n

γT x =
1
n

n∑

k=1

γkxk. (18)

Assuming sensork is informed ofγk, if sensork transmits a
scaled version ofγkxk, the noise-free output of MAC readily
yields the decision statistic. It can be shown that

γk =
1

σ2(1− ρ2)
·




s1 − ρs2, k = 1,
sn − ρsn−1, k = n,
(1 + ρ2)sk − ρ(sk−1 + sk+1), else.

Therefore, if sensork knowsρ, σ2, sk−1, sk andsk+1, it can
computeγk.

1) Average Power Constraint:Under the average power
constraint, the mapping rule is given byyk = aγkxk,
where a =

√
Pav

limn→∞ 1
n

Pn
k=1 E(γ2

kx2
k)

. Note that

limn→∞ 1
n

∑n
k=1E(γ2

kx2
k) exists because{sk} is uniformly

bounded. The exact value ofa can be computed for specific
applications–see Section III.D.

Theorem 3.1 (Asymptotic Optimality of MAC Fusion
Under APC): For the mapping ruleyk = aγkxk, wherea is
a constant independent ofn, the threshold test on

TAPC
n =

1
na

r =
1
n

n∑

k=1

γkxk +
z

na
(19)
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achieves the same error exponent as optimal centralized de-
tection, and the error exponents do not depend ona.

Proof: For TAPC
n , we have forH0,

Λ(n)
0 (nθ) = log E0

{
e
θ(
Pn

k=1
pkwk

λk
+ z

a )
}

=
n∑

k=1

θ2p2
k

2λk
+

θ2

2a2
,

Since Λ0(θ) = limn→∞ 1
nΛ(n)

0 (nθ), the second term θ2

2na2

vanishes asymptotically, andΛ0(θ) is the same as for optimal
centralized detection, and similarly forH1. Therefore the error
exponents are the same as for optimal centralized detection.

Theorem 3.1 suggests that, with a properly chosen mapping
rule, detection over MAC can be asymptotically optimal,
provided that the total transmit power scales with the number
of sensorsn. In contrast to PAC, the effect of channel noise
on MAC is washed out asymptotically under APC.

2) Total Power Constraint:Under the total power con-
straint, the mapping rule is given byyk = a√

n
γkxk, where

a =
√

Ptot

limn→∞ 1
n

Pn
k=1 E(γ2

kx2
k)

.

Theorem 3.2 (MAC Fusion Under TPC): For the mapping
rule yk = a√

n
γkxk, wherea is a constant independent ofn,

the threshold test on

TTPC
n =

1√
na

r =
1
n

n∑

k=1

γkxk +
z√
na

(20)

yields suboptimal asymptotic performance: when the threshold
0 ≤ T ≤ 1

2π

∫ 2π

0
dG(ω)
S(ω) , the error exponent for type I and type

II errors are respectively given by

lim
n→∞

− 1
n

log α(n) =
T 2

2
(

1
2π

∫ 2π

0
dG(ω)
S(ω) + 1

a2

) , (21)

lim
n→∞

− 1
n

log β(n) =

(
T − 1

2π

∫ 2π

0
dG(ω)
S(ω)

)2

2
(

1
2π

∫ 2π

0
dG(ω)
S(ω) + 1

a2

) . (22)

The Bayesian error exponent is achieved withT =
1
4π

∫ 2π

0
dG(ω)
S(ω) in the above expressions.

The proof is omitted due to the space constraint. Note that
the asymptotic optimality of MAC fusion is lost if each sensor
is forced to use diminishing power as the number of sensors
increases. Nevertheless, MAC fusion is still preferred under
TPC as it results in exponential decay in error probability.

D. Numerical Example: Detection of A Sinusoid Signal

Consider a sinusoid signal over a straight line:

sk =
√

2m cos(ω0k), k = 1, · · · , n. (23)

The spectral density of this signal isG′(ω) = πm2[δ(ω−ω0)+
δ(ω − (2π − ω0))]. Fig. 1 plots the simulated Bayesian error
exponents for centralized detection and various distributed de-
tection schemes, whereπ0 = π1 = 1/2, ρ = 0.5, m = σ = 1,
ω0 = π/4, Pav = 2, andPtot = 10. Note that in this example,
we havelimn→∞ 1

n

∑n
k=1 E(γ2

kx2
k) = 1

4

∑4
k=1 γ2

k( s2
k

2 + σ2),
from which the scaling factor for MAC fusion can be obtained.
The scaling factors as well as the theoretical Bayesian expo-
nents are given in Table I. It can be seen that the simulated

TABLE I

SCALING FACTORS AND BAYESIAN ERROR EXPONENTS,

ρ = 0.5, m = σ = 1, ω0 = π/4, Pav = 2, AND Ptot = 10

Centralized PAC-APC PAC-TPC MAC-APC MAC-TPC
a N/A 1.15 2.58 1.47 3.30

Exp 0.0905 0.0586 N/A 0.0905 0.0803

error exponents for various detection schemes approach the
predicted values as the number of sensors becomes larger.
The MAC fusion scheme achieves similar performance as
centralized detection under APC. Under both APC and TPC,
the MAC fusion scheme significantly outperforms PAC fusion.
In particular, under TPC, the error probability for MAC fusion
still decays exponentially with the number of sensors, while
the error probability for PAC fusion does not decrease with
the number of sensors.
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number of sensors n
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ex
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ne

nt

m=σ=1, ρ=0.5, ω
0
=π/4, P

av
=2, P

tot
=10

centralized detection
MAC under APC
MAC under TPC
PAC under APC
PAC under TPC

Fig. 1. Error exponents for detection of a sinusoid signal,m = 1, σ = 1,
ρ = 0.5, ω0 = π/4, Pav = 2, Ptot = 10

IV. I MPACT OF PHASE ERROR ONDISTRIBUTED

DETECTION OVERMAC

An important assumption for the proposed MAC fusion
scheme to achieve the predicted asymptotic performance is
the perfect synchronization among sensors. The sensor syn-
chronization required in our application can be achieved with
essentially the same strategy as described in [14], but instead
of taking a star topology, we assume that the synchronization
head is a node located at coordinate 0 on the line, thus every
sensor needs to transmit a delayed signal with a phase shift
according to their respective distance to the synchronization
head. The synchronization error is manifested by the phase
mismatch among sensors. In this section we study its impact
on detection performance under the average power constraint.

Denote the phase error for thekth sensor asϕk. We
assume that{ϕk} is i.i.d. and independent of{xk}. The
received baseband signal at the fusion center isr =
Re

{
a

∑n
k=1 γkxkejϕk + z

}
, where z ∼ CN (0, 1), and the

decision statistic is given by

T̃n =
1
na

r =
1
n

n∑

k=1

γkxk cosϕk +
Re(z)

na
. (24)
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The asymptotic logarithmic generating function is then given
by (note that the noise term vanishes under APC):

Λ̃i(θ) = lim
n→∞

1
n

log Ei

{
eθ
Pn

k=1 γkxk cos ϕk

}
, (25)

where i ∈ {0, 1}. Note that sinceT̃n is a random variable
generated byx and ϕ, the expectation should be taken with
respect to both variables. It can be shown that, unlessϕk is the
same for allk, i.e., sensors are perfectly synchronized, there
is always a loss in the Bayesian error exponent.

In the following, we assume thatϕk ∼ N (0, σ2
ϕ), where

σϕ is small, and we seek an upper bound on the performance
loss due to phase mismatch. Taking expectation with respect
to ϕ and using the approximationsin ϕk ≈ ϕk for small ϕk,

Eϕ

{
eθ
Pn

k=1 γkxk cos ϕk

}
≈ Eϕ

{
e
θ
Pn

k=1 γkxk

�
1−ϕ2

k
2

�}

=
n∏

k=1

eθγkxk

√
1 + θγkxkσ2

ϕ

. (26)

Since xk is Gaussian, there exists a constant% such that
the probability of|θγkxkσ2

ϕ| ≥ % is negligible. Then we can

obtain a constantM% ≥ 1 with which
(
1 + θγkxkσ2

ϕ

)− 1
2 ≤

M%e
− 1

2 θγkxkσ2
ϕ holds. Therefore we have

Λ̃i(θ) ≤ lim
n→∞

1
n

log Ei

{
eθ(1− 1

2 σ2
ϕ)Pn

k=1 γkxk

}
+ log M%. (27)

It can be shown that the Fenchel-Legendre transform of the
first term on the right-hand-side of (27), isΛ∗i

(
x

1− 1
2 σ2

ϕ

)
, with

Λ∗i (x) being the rate function governing the LDP associated
with Tn. It follows from the definition of the Fenchel-Legendre
transform in (10) that

Λ̃∗i (x) ≥ Λ∗i

(
x

1− 1
2σ2

ϕ

)
− log M%. (28)

Note that the Bayesian error exponent is achieved at the
intersection of both rate functionsΛ∗0(T ) = Λ∗1(T ). Denote
the Bayesian exponent under perfect synchronization byB
and that under phase error bỹB, we haveB̃ ≥ B − log M%,
and the relative loss in Bayesian error exponent is bounded by

ε ≤ log M%

B
. (29)

Generally, little performance loss can be ensured with a
relatively smallσϕ. To illustrate this we take the detection of a
constant signalsk = m as an example. Ignoring the probability

of |xk| > |m|+3σ, we have% = 0.5σ2
ϕ

[(
|m|
σ

)2

+ 3 |m|σ

]
1−ρ
1+ρ .

Thus, when |m|σ = 2, ρ = 0.5, σϕ = 0.1π, we obtain% =
0.1648, M% = 1.0077, B = 0.1667, and the relative lossε ≤
4.6%. Whenσϕ = 0.1 with other parameters kept the same,
the relative loss is onlyε ≤ 0.06%. Fig. 2 depicts the simulated
error exponents withπ0 = π1 = 1/2, m = 1, σ = 0.5, ρ = 0.5
andPav = 1. We observe that whenσϕ = 0.1π, there is only
a slight loss in the performance of MAC fusion compared with
the perfectly-synchronized case. Whenσϕ = 0.2π, however,
the performance degrades significantly, but MAC fusion still
largely outperforms PAC fusion.
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Centralized detection 
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MAC, perfect synchronization
MAC, σ

φ
=0.1π

MAC, σ
φ
=0.2π

MAC, σ
φ
=0.5π

Fig. 2. Error exponents for detection of constant signal under average power
constraint,m = 1, σ = 0.5, ρ = 0.5, Pav = 1

V. CONCLUSION

Distributed detection of a deterministic signal in correlated
noise is studied in this paper. We demonstrate that with a
specially-chosen mapping rule, MAC fusion is asymptotically
optimal under the average power constraint, and outperforms
PAC fusion under both average and total power constraint. We
also remove the assumption of perfect synchronization over
MAC, and show that the performance degradation is negligible
when the phase mismatch among sensors is small.
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