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Abstract—In this paper, we consider the binary hypothesis
testing problem using wireless sensor networks. We analyze the
case where sensors transmit their local log-likelihood ratio (LLR)
directly to a fusion center (FC) using an analog transmission
scheme over multiple-access fading channels. Due to the nature
of the wireless medium, the FC receives a superposition of sensor
transmissions. The decision is made by the FC and is based on
received data from the sensors. In contrast to the case of identical
channels and i.i.d observations, the analog transmission of the
LLR over multiple-access fading channels does not achieve the
centralized error exponent. Large deviation tools are used in this
paper to characterize the error exponent in the asymptotic regime
(when the number of sensors approaches infinity) in the case of
non-i.i.d observations and non-i.i.d fading channels. Chernoff
bounding techniques are used to provide bounds on the error
probability for a finite number of sensors when the observations
and the fading channels are independent across sensors. Specific
performance analysis is provided for detection over both i.i.d
and spatially correlated Markovian fading channels. Simulation
results then illustrate the detector’s performance.

Index Terms—Chernoff bound, Gartner–Ellis theorem, Ho-
effding bound, large deviations, multiple-access channel (MAC),
signal detection, wireless sensor networks (WSNs).

I. INTRODUCTION

W IRELESS Sensor Networks (WSNs) consist of
low-power sensor nodes with limited computational

capabilities. A good survey of available technology appears in
[1]–[3]. In this paper, we consider a binary hypothesis testing
problem, where the fusion center (FC) decides whether an
unknown hypothesis is or based on messages received
directly from the sensors. These single-hop WSNs are studied
in [4]–[16]. Typically, the sensors are low-power and low-cost
nodes, while the FC is a powerful hardware unit. The FC can
be a static cluster head or a mobile access point [4]. Most
transmissions in ad hoc sensor networks are between low-lying
antennas, where signal intensity drops as the fourth power of
distance due to partial cancelation by ground-reflected rays
[17], [18]. In the case of a mobile access point, however, there
may be a free space between the sensor field and the AP (for
example, flying airplanes) where the signal intensity only drops
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as the second power of distance [4], [19]. Therefore, in many
cases, communication between sensors and FC is preferable in
terms of energy efficiency. Furthermore, the communication
protocol layout in single-hop networks is much simpler, since
the sensors are not required to discover and maintain routes,
store and relay packets, etc.
In the traditional communication approach for detection in

WSN, sensors transmit some function of their observations over
parallel channels (for instance, FDM/TDM fashion) [7], [20].
However, the bandwidth increases linearly with the number of
sensors in this scheme. Therefore, for a large-scale WSN, trans-
mission over multiple-access channels (MAC) is generally pre-
ferred. Using MAC, all sensors transmit simultaneously in one
dimension (or a small number of dimensions). As a result, the
bandwidth requirement does not depend on the number of sen-
sors.
It is well known that digital communication (where sensor

nodes convert their observations into a bit stream) does not
lead to optimal performance in general network problems. The
correct way of understanding the nature of information is in an
analog form, whereas bits are inappropriate [6]. In [21], joint
source–channel strategies over MAC were developed that often
outperform separation-based strategies. Analog transmission
schemes over MAC for detection and estimation using WSN
have been investigated in [5]–[8], [13]–[16], [22], and [23].
The key idea in these schemes is to transmit some functions
of the observed data using predetermined waveforms. Due to
the nature of the wireless channel, the FC receives a superpo-
sition of sensor transmissions. In the case where sensor nodes
are not aware of their environment statistics, the type-based
multiple-access (TBMA) scheme can be used [5], [7], [24]. In
TBMA, the observations are quantized before communication
and each sensor transmits the waveform corresponding to its
quantized observation. As a result, the bandwidth depends on
the number of quantization levels (which is typically much
smaller than the number of sensors in a large-scale WSN).
The FC receives a superposition of sensor transmissions and
matched-filters it by the corresponding waveforms. In the case
of independent and identically distributed (i.i.d) observations
and identical channels, the FC receives a noisy version of
the type of sensor observations in each dimension, which is a
sufficient statistic for detection. However, the error exponent is
affected by the quantization operation.
Here, we look at analog transmission of the log-likelihood

ratio (LLR) over multiple-access fading channels. The observa-
tion statistics are available to the sensors and the sensors can
compute their local likelihood ratio. The sensors deliver their
local LLR over multiple-access fading channels using a single
predetermined waveform. In [7], Liu and Sayeed considered the
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case of Gaussian multiple-access identical channels, i.e., with
no fading and i.i.d observations under each hypothesis. They
showed that in this scenario, the analog transmission of the LLR
achieves the centralized error exponent as the number of sen-
sors approaches infinity. In this paper, we analyze this scheme
overmultiple-access fading channels and non-i.i.d observations.
The decision is made by the FC and is based on received data
from sensors. Throughout this paper, we present a transmission
scheme in which sensors transmit their LLRs without directly
referring to correcting the channel gain (although correcting the
phase is assumed to avoid zero-mean channels). As a result,
the received LLRs at the FC are multiplied by random channel
gains. Nevertheless, this transmission scheme is applicable to
many common applications.
1) The case where the channel gain is not corrected at the
transmitter to make the scheme robust against changes in
the channel statistics. Thus, the average transmission en-
ergy of the signal is determined according to the obser-
vations statistics purely to satisfy the average energy con-
straint. This transmission scheme is very simple to imple-
ment and is generally preferred in WSNs with a mobile
access point [4], for instance, where the channel statistics
may vary rapidly and are not available at the sensors. Note
that correcting the channel phase (by transmitting a signal
with the complex conjugate channel phase) is assumed to
avoid zero-mean channels, as was done in [13]; however,
the signal energy is not affected by this operation. Cor-
recting the channel phase can be done by transmitting a
pilot signal by the FC before the sensor transmissions to
estimate the channel phase [9], [10]. In fact, estimating the
channel phase by sensors with an estimation error of less
than is sufficient to correct the phase at the transmitter
to guarantee positive components at the receiver.

2) The case where sensors exploit the channel state to correct
the fading effect (for instance, by dividing the LLRs at the
transmitters by the channel state to obtain identical chan-
nels at the FC). However, due to channel estimation errors,
the LLR values are still multiplied by random gains at the
FC.

3) The case where the sensors adapt their transmission power
according to the channel state to obtain discrete channels
at the FC. For example, consider a transmission scheme
where each sensor transmits its LLR divided by the channel
state only if the channel gain is greater than a predeter-
mined threshold (to satisfy a power constraint). Otherwise,
the sensor does not transmit (to save energy). As a re-
sult, the FC receives the transmitted LLRs multiplied by
1 (good channel) with probability , where is the prob-
ability that the channel gain is greater than the predeter-
mined threshold. All other LLRs are multiplied by 0 (bad
channel) with probability . This scenario is called a
transmission scheme over ON/OFF fading channels. In the
case where the fading channels form aMarkov chain across
sensors we obtain the well-known spatial Gilbert–Elliot
channels. In Section VI, we examine the detector’s perfor-
mance in these scenarios.

In contrast to the case of identical channels and i.i.d observa-
tions, the analog transmission of the LLR over multiple-access

fading channels does not achieve the centralized error exponent.
However, in the following, we summarize the main results of
this paper in this respect.
1) We use large deviation (LD) theory to characterize the de-
tector’s error exponent in the asymptotic regime (when
the number of sensors approaches infinity) in the case of
non-i.i.d observations and non-i.i.d fading channels across
sensors.

2) We provide bounds on the error probability for a finite
number of sensors using some extensions of the Hoeffding
bound, in the case where the observations and the fading
channels are independent across sensors.

3) We examine the detector’s performance for detection over
i.i.d fading channels. A closed-form expression is obtained
for a linear model detection over ON/OFF channels.

4) We examine the detector’s performance for detection over
spatially correlated Markovian fading channels. Closed-
form bounds are obtained for a linear model detection over
spatial Gilbert–Elliot channels.

The rest of this paper is organized as follows. In Section II,
we present the network model. In Section III, we present the
transmission scheme and the proposed detector. In Section IV,
we provide the analysis tools that were used in this paper.
In Section V, we analyze the detector’s performance. In
Section VI, we examine the detector’s performance in special
cases. In Section VII, we provide numerical examples to illus-
trate the detector’s performance.

II. NETWORK MODEL

In this paper, we consider a binary detection problem using
a WSN containing sensors. The sensors measure a certain
phenomenon and deliver some function of their observations to
an FC through a multiple-access block-fading channel. We as-
sume that sensor experiences a block-fading channel with a
nonzero channel mean1 . The FC determines whether an un-
known hypothesis is or based on the received data from
sensors. The a priori probabilities of the two hypotheses ,
are denoted by , , respectively. Let and

be the random observation at sensor and the probability den-
sity function (PDF) of conditioned on , respectively. Let

and be the likeli-
hood ratio (LR) and the LLR at sensor , respectively.

III. DETECTION USING AN ANALOG LLR
TRANSMISSION SCHEME

In this section, we present the analog LLR transmission
scheme and the proposed detector.

A. Transmission Scheme

Let be a predetermined normalized waveform. Every
sensor transmits

1As explained in Section I, this is done by correcting the channel-phase at the
transmitter.
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where can be any fixed constant or a function of the number
of sensors , such that energy constraint is satisfied. The av-
erage energy of the signal is given by

where is the expec-
tation of and is the Kullback–Leibler (KL) di-
vergence between hypothesis to hypothesis at sensor ,
defined in (12). denotes the variance of .
We consider a transmission scheme where is equal for

all sensors, and sensor transmissions are limited by an average
energy constraint, as was done in [7] and [14]. is chosen
such that for all , where is the maximal av-
erage energy allowed for each sensor. The advantages of this
scheme are twofold. First, in the following, we show that trans-
mitting LLRs with equal gain for all sensors approaches
the optimal LLR test as the fading variance approaches zero
and the observation dependences vanish. Second, in the case
of nonidentically distributed observations, sensors with a higher
secondmoment of the LLR transmit with higher average energy.
Since a higher magnitude of LLRs typically implies more infor-
mative observations [25]–[27], it is reasonable to invest more
energy in better observations.
The received signal at the FC is given by

where is the channel AWGN with zero mean and a power
spectrum density .
After matched-filtering by the corresponding waveform at the

FC, we have

(1)

where .

B. Detector

Let

(2)

where .
Note that the noise variance decreases with for2

, for all . As a result, performance can be
improved by increasing the number of sensors in the network
without increasing the total transmission energy. We discuss
the decay rate of the error probability in Section IV.
We propose the following detector:
Decide if

(3)

Otherwise, decide ,
where is the detector’s threshold.

2The term refers to for some .

In a Bayesian setting, an LLR test of independent observa-
tions (in which the global likelihood ratio can be replaced by the
sum of the LLRs) with is optimal under the MAP
criterion. In Theorem 1, we characterize the error exponent of
the detector over fading channels and non-i.i.d observations, as
well. To simplify the presentation, throughout this paper, we
focus on the Bayesian setting. Under the Neyman–Pearson crite-
rion, is determined according to the desired false-alarm prob-
ability.
Note that the proposed detector is the optimal ML detector

in the case of independent observations and identical noise-free
channels ( ). In [7], the authors considered the case
of Gaussian multiple-access identical channels (i.e., with no
fading) and i.i.d observations under each hypothesis. They
showed that in this special case, the analog transmission of the
LLR achieves the centralized error exponent as . In
this paper, we analyze this scheme over multiple-access fading
nonzero mean channels and non-i.i.d observations. We use
Chernoff bounding and LD tools to show exponential decaying
of the error probability and to characterize the error exponent.

IV. DETECTION ERROR EXPONENT

The error probability of the detector is given by

(4)

where is the probability to decide when
is true (Type-I error probability), and is the

probability to decide when is true (Type-II error prob-
ability). Note that depend
on the number of sensors . However, for convenience, we re-
move the index throughout the paper. We are interested in
characterizing the rate at which approaches zero, as in-
creases. In this section, we provide the tools that were used in
analyzing the detector’s performance.

A. Large Deviations

Throughout this paper, we use the large deviation principle
(LDP) to characterize the limiting behavior of the error proba-
bility. Assuming that , we are interested in evalu-
ating the rate function (termed error exponent) of the error
probability.

Definition 1 [28]: Let , be the interior and closure of
a set , respectively. We say that satisfy the
LDP with a rate function if, for any , we have

(5)

where . The effective domain of is defined by

.
In a hypothesis testing mostly satisfies the I-continuity

property [28]:
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Then

(6)

The Gartner–Ellis theorem [28] is used throughout this paper to
characterize the rate function:
Let

(7)

and let

(8)

Theorem (Gartner–Ellis): If (8) exists as an extended
real number, smooth, and continuous, then satisfy
the LDP with a rate function

(9)

is the Fenchel–Legendre transform of .
In this paper, we focus on a threshold-based detector for bi-

nary hypothesis testing (3). We are interested in characterizing

the error exponent of the detector. Let and

denote the decision regions. The detector de-
cides if or decides if . Under hypothesis
, an error occurs if , thus in (5)–(9). There-

fore, .
Under hypothesis , an error occurs if ; thus
in (5)–(9). Therefore,

. Assume that (8) exists as an extended
real number, smooth, and continuous. Then, applying the
Gartner–Ellis theorem to characterize the error exponent of the
detector yields:

(10)
where under hypothesis in (5)–(9).
Typically, in hypothesis testing,

. In this case, we have

(11)

B. Bounding Techniques

Chernoff bounding techniques are used to upper bound the
error probability for any finite . In the following, we review

the well-known Chernoff and Hoeffding bounds. The Cher-
noff bound uses the Markov inequality to show exponential
decreasing of the error probability.

Theorem (Chernoff Bound): For any , the probability
that a random variable (r.v) is greater than is upper bounded
by

The Hoeffding bound [29] upper bounds the probability that
the sum of bounded r.v deviates from its expected value.

Theorem (Hoeffding Bound): Let be indepen-
dent r.v, such that . Let
be the empirical mean and be the expected value
of . Then

The Chernoff-based bounds that are used in this paper are the
Hoeffding bound and some extensions applied to the problems
in this paper.

V. DETECTOR PERFORMANCE ANALYSIS

In this section, we analyze the detector’s performance in both
the finite number of sensors scenario and the asymptotic case.
The KL divergence between hypothesis to hypothesis

at sensor is defined by

(12)

Let

(13)

First, we overview the result reported in [7]. In [7], the authors
considered the case of Gaussian multiple-access identical chan-
nels (i.e., with no fading) and i.i.d observations under each hy-
pothesis. In this special case, the analog transmission of the LLR
achieves the centralized error exponent as .

Theorem [7]: Consider the case of identical channels and
i.i.d observations under . If , for any
, then the proposed detector (3) achieves the centralized error
exponent as .
Next, we analyze the detector’s performance over multiple-

access nonzero mean fading channels and non-i.i.d observa-
tions. For a finite , we assume bounded LLRs and bounded
fading channels. We use some extensions on the Hoeffding-
bound to upper bound the error probability for a finite . In the
asymptotic regime ( ), we use the Gartner–Ellis theorem
to characterize the error exponent. In the case of i.i.d observa-
tions under and i.i.d fading channels, it suffices to assume
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that the moment generating function of the r.v is finite
to characterize the asymptotic error exponent. However, in the
case of non-i.i.d observations or non-i.i.d fading channels, we
assume that (8) exists as an extended real number, smooth,
and continuous to apply the Gartner–Ellis theorem.

Theorem 1: Assume that the proposed detector (3) is imple-
mented. Let be the minimal number of sensors such that

and .
Then:
a) Consider the case of independent observations under
and independent fading channels. Assume that the fading
channels and the LLR values are bounded, i.e.,
, where are finite constants. For all , the

error probability is upper bounded by:

(14)
Furthermore, if , for any , then in
the asymptotic regime ( ), the following holds.

b) Consider the case of i.i.d observations under
and i.i.d fading channels. Assume that the mo-
ment generating function of the r.v is finite.
Then, satisfies the LDP with a rate function:

under ,
and the error probability decays exponentially with .

c) Consider the case of non-i.i.d observations under and
non-i.i.d fading channels. Assume that (8) exists as
an extended real number, smooth and continuous. Then,
satisfies the LDP with a rate function: ,

under , where is given in (9) and the error prob-
ability decays exponentially with .
Proof:

a) The expectation of the r.v under is given by

Since , in a noise-free channel scenario
( ), the Hoeffding bound yields

The bound in (14) is a generalization of the Hoeffding
bound that includes the additive channel noise. With
minor changes on the generalized Hoeffding bound that
was shown in [7], (14) follows.

b) We use the Gartner–Ellis theorem to prove the theorem.
Due to the i.i.d property, under each hypothesis, we have

Hence, satisfies the LDP with a rate function
under .

Since the expectation of in the i.i.d scenario under
is given by ,

, both type 1 and type
2 error probabilities (4) decay exponentially with .

c) We assume that (8) exists as an extended
real number, smooth, and continuous. Hence, the
Gartner–Ellis theorem can be applied. The Gartner–Ellis
theorem states that satisfies the LDP with a rate function

under , where is
given in (8). Since the expectation of the r.v under is
given by ,

, then both
type 1 and type 2 error probabilities (4) decay exponen-
tially with .

Remark 1: In Section III-B, we inferred from (2) that the
detector’s performance could be improved by increasing the
number of sensors in the network without increasing the total
transmission energy. Theorem 1 characterizes the decay rate of
the error probability. Assume that . According
to the proof of Theorem 1.b, for all , the noise term does
not affect the asymptotic rate and the error probability decays
exponentially with . Note that for , the error probability
still decays exponentially with . However, the asymptotic rate
is now affected by a finite noise term
for some . The same explanation holds when applying
the Gartner–Ellis theorem in Theorem 1.c. The asymptotic ex-
ponential rate can be verified in these cases ( and )
from Theorem 1.a as well. On the other hand, for , ac-
cording to Theorem 1.a, the error probability decays only subex-
ponentially with .

Remark 2: In Theorem 1.c (i.e., in the non-i.i.d scenario), we
assumed that (8) exists as an extended real number, smooth
and continuous to apply the Gartner–Ellis theorem. In the fol-
lowing, we discuss two common scenarios where the theorem
holds. First, consider a common scenario where sensors are lo-
cated in different areas ( sensors in area ) and their
observations are independent but not necessarily identically dis-
tributed under . However, sensor observations in the same
area are assumed to be i.i.d under . In this
common scenario, we have
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Hence, the Gartner–Ellis theorem can be applied and Theorem
1.c holds. Note that denotes the expectation with respect
to a random scattering of sensors over the field, where
denotes the expectation in area with respect to hypothesis .
Furthermore, note that the Gartner–Ellis theorem can be ap-

plied when the r.v are correlated and obey a Markov chain [28].
Hence, another common scenario where Theorem 1.c holds is
when sensors transmit their LLRs over spatially correlated Mar-
kovian fading channels. We examine the detector performance
in this scenario in Section VI-B.

VI. APPLICATIONS

In this section, we examine the detector’s performance in
the Gaussian linear model, due to its general applicability to
real-world applications and its tractable mathematical analysis.
In the classical Gaussian linear model, the random observation
data vector at sensor can be written under and as
[30]

(15)

where is an vector of
received data samples, is a known observation full rank
matrix with , is a vector of parameters which is
assumed to be known, and
is an random vector with PDF , i.i.d across
sensors. Note that under , we have , and under

we have .
In this case, the LLR is given by

As a result, the LLR of sensor under is an r.v with PDF:

(16)

where

(17)

A. Detection Over I.I.D Fading Channels

First, we examine the problem of the linear model detection
(15) over i.i.d fading channels. Let be a set of pos-
sible values of the channel fading. We assume that each sensor
experiences a channel fading with probability i.i.d across
sensors, where . To simplify the presentation, we
consider discrete fading channels. However, these applications
can be extended to the case of continuous value channels, as
well.
Since , we have

under conditioned on .

In the non-i.i.d scenario, we need to verify that (8) exists
as an extended real number, smooth, and continuous to apply the
Gartner–Ellis theorem. However, here we consider the case of
i.i.d observations and i.i.d fading channels across sensors. Thus,
the conditions on hold immediately by Theorem 1.b. From
Theorem 1.b, under , we have

(18)

In the following, we examine the detector performance
for the Bayesian probability of error. Due to the symmetry
of the problem evaluating the Fenchel–Legendre transform
at zero maximizes the error exponent. As a result, the error
exponent achieved by the proposed detector (3) is given by

. Solving can
be done numerically.
Note that we can extend this application to the case of con-

tinuous value fading channels , by replacing the summation
in (18) by an integration over the fading channel domain.
Next, we show that in the ON/OFF channel scenario, a

closed-form solution is obtained. Consider the case where
with probability or with probability .

Rewriting (18) yields

The error exponent is given by .
Differentiating and equating to zero yields . As a
result, the error exponent is given by

(19)

under both hypotheses.
Note that the last expression follows since
.

B. Detection Over Spatially Correlated Markovian Fading
Channels

In this section, we examine the problem of the linear model
detection (15) over spatially correlated Markovian fading chan-
nels. We consider a 1-D field of sensors, as was done in [5],
[31]. Let be a set of possible values of channel
fading. We assume that the fading channels form a Markov
chain across sensors, as depicted in Fig. 1. Let be the
transition probability to experience given that the
neighbor node experiences . Let
be the transition probability matrix of the fading channel across
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Fig. 1. One-dimensional field of sensors, as discussed in Section VI-B.
The fading channels form a Markov chain across sensors,

.

the sensors. Let be the Markov probability measure with the
initial state :

Note that the spatial Gilbert–Elliot channel is a special case of
this problem, where (bad state) and (good state).

Next, we compute , where
is the expectation of with respect to

, to use the Gartner–Ellis
theorem.
Note that under , we have

where is a nonnegative matrix, whose elements are
, under . denotes

the power of the matrix . can be rewritten as

(20)

Fig. 2. Illustration of the spatial Gilbert–Elliot channel, as discussed in
Section VI-B.

where is a diagonal matrix:

. . .

Using the Perron–Frobenius theorem [28] yields

(21)

where denotes the Perron–Frobenius eigenvalue of the
matrix . Note that is the isolated root of the character-
istic equation of thematrix , positive, finite, and differentiable
with respect to [32]. Therefore, we can apply the Gartner–Ellis
theorem and Theorem 1.c holds.
In the following, we examine the detector performance

for the Bayesian probability of error. Due to the symmetry
of the problem, evaluating the Fenchel–Legendre transform
at zero maximizes the error exponent. As a result, the error
exponent is given by

, under .
Next, we provide useful bounds for the error exponent. Note

that the Perron–Frobenius eigenvalue of is bounded by [33]

Hence, the error exponent, under , is bounded by

(22)

We can view these bounds as the Fenchel–Legendre transforms
of , where is the logarithm of the moment generating
function given the current channel state.
Note that this application can be extended to the case of a con-

tinuous value finite-state Markov channel (FSMC) [34]–[36]. In
FSMC, the PDF of the fading channel is partitioned into inter-
vals. When a channel is in a state it experiences a continuous
value in the corresponding interval. The channelmoves to a state
from a state according to the transition probability .

The extension to the case of FSMCs follows by replacing the
entries in the matrix by their expected values in the corre-
sponding interval.
Next, we show that in the case of the spatial Gilbert–Elliot

channel, closed-form bounds are obtained. Consider the case
where (bad channel) and (good channel), as
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Fig. 3. Detecting over i.i.d ON/OFF channels: Simulation parameters: , . (a) Theoretical error exponent as a function of the success probability
. (b) Error probability as a function of the number of sensors ( , ).

depicted in Fig. 2. The spatial transition matrix between adja-
cent sensors is given by

Summing over the rows of yields
and , under . Similar to the optimization
of the i.i.d ON/OFF channel in Section VI-A, we can show that

(23)

if , and

(24)

if .
The error exponent achieved over the spatial Gilbert–Elliot

channel is lower bounded by the error exponent achieved over
the inferior i.i.d ON/OFF channel (corresponding to the inferior
row in ) and upper bounded by the error exponent achieved
over the better i.i.d ON/OFF channel (corresponding to the
better row in ).
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Fig. 4. Detecting over i.i.d ON/OFF channels using truncated LLRs. The error probability is presented as a function of the number of sensors ( , ,
, ).

VII. SIMULATION RESULTS

In this section, we provide numerical examples to illustrate
the detector’s performance.
We examine the problem of detecting the parameter in an

observation AWGN. Detecting dc in AWGN is a special case of
the linear model detection (15), where and is a scalar
parameter. The random observation at sensor can be written
under and as

where is the additive Gaussian observation
noise, i.i.d across sensors.
By (17), we have , , and

. In the simulations, we set , .

A. Detecting DC in AWGN Over I.I.D ON/OFF Channels

First, we consider the problem of detecting the parameter
in an observation AWGN over i.i.d ON/OFF channels, as dis-
cussed in Section VI-A. We consider the case where
with probability or with probability . By placing

, in (19), the error exponent

is given by under both hy-
potheses.
The theoretical error exponent is depicted in Fig. 3(a) as a

function of . As expected, increasing increases the error ex-
ponent. In Fig. 3(b), we present the error probability as a func-
tion of the number of sensors. We compare the achieved error
probability to the theoretical LD characterization . It can
be seen that the empirical error probability decays exponentially
with and approaches the theoretical error exponent (i.e., the
rate of the error probability, , approaches as
increases.).
Next, we compare the empirical error probability to the upper

bound that was given in (14) and to the theoretical LD char-

acterization . The upper bound (14) requires independent
and bounded LLRs and fading channels. Hence, we consider
the case where the transmitted LLRs are bounded in the range

. In Fig. 4, we present the error probability as a func-
tion of the number of sensors. It can be seen that the empirical
error probability is upper bounded by (14) for all . On the
other hand, the theoretical LD, , characterizes its asymp-
totical rate (for sufficiently large ). It can be seen that the em-
pirical error probability decays exponentially with and the
rate, , approaches as increases.

B. Detecting DC in AWGN Over Spatially Correlated Fading
Channels

In this section, we examine the problem of detecting the pa-
rameter in an observation AWGN over correlated Markovian
fading channels, as discussed in Section VI-B. We illustrate
the detector’s performance with the following parameters: the
channel realizations are , , , with the
following transition matrix:

where .
The transition matrix was chosen such that the channel has

a probability 0.5 to stay in the current state. The channel has a
probability to reach a channel state and a proba-
bility to reach a channel state , given that the
current channel state is . The theoretical error expo-
nent is depicted in Fig. 5(a) as a function of . As expected, in-
creasing increases the error exponent. In Fig. 5(b), we present
the error probability as a function of the number of sensors.
Again, we compared the achieved error probability to the theo-
retical LD characterization . It can be seen that the empir-
ical error probability decays exponentially with and the rate,

, approaches as increases.
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Fig. 5. Detecting over Markovian channels: Simulation parameters: , . (a) Theoretical error exponent as a function of the transition probability .
(b) Error probability as a function of the number of sensors ( , ).

VIII. CONCLUSION

In this paper, we investigated the binary hypothesis testing
problem where the decision is made by an FC and is based on
received data from sensors. We focused on analog transmission
of the LLRs over multiple-access fading channels and assumed
non-i.i.d observations. Due to the nature of the wireless channel,
the FC receives a superposition of the LLRs from all sensors.We
used LD and Chernoff bounding techniques to characterize the
error exponent in the asymptotic regime and to provide bounds
on the error probability in the case of a finite number of sensors.
Simulation results were presented to illustrate the detector’s per-
formance.
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