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Abstract—We consider decentralized detection through dis-
tributed sensors that perform level-triggered sampling and
communicate with a fusion center (FC) via noisy channels. Each
sensor computes its local log-likelihood ratio (LLR), samples
it using the level-triggered sampling mechanism, and at each
sampling instant transmits a single bit to the FC. Upon receiving a
bit from a sensor, the FC updates the global LLR and performs a
sequential probability ratio test (SPRT) step. We derive the fusion
rules under various types of channels. We further provide an
asymptotic analysis on the average decision delay for the proposed
channel-aware scheme, and show that the asymptotic decision
delay is characterized by a Kullback-Leibler information number.
The delay analysis facilitates the choice of the appropriate sig-
naling schemes under different channel types for sending the 1-bit
information from the sensors to the FC.

Index Terms—Asymptotic analysis, channel-aware fusion, de-
centralized detection, KL information, level-triggered sampling,
sequential analysis, SPRT.

I. INTRODUCTION

E consider the problem of binary decentralized detec-
W tion where a number of distributed sensors, under band-
width constraints, communicate with a fusion center (FC) which
is responsible for making the final decision. In [1] it was shown
thatunder a fixed fusion rule, with two sensors each transmitting
one bit information to the FC, the optimum local decision rule is
a likelihood ratio test (LRT) under the Bayesian criterion. Later,
in [2] and [3] it was shown that the optimum fusion rule at the FC
is also an LRT under the Bayesian and the Neyman-Pearson cri-
teria, respectively. It was further shown in [4] that as the number
of sensors tends to infinity it is asymptotically optimal to have
all sensors perform an identical LRT. The case where sensors
observe correlated signals was also considered, e.g., [5], [6].
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Most works on decentralized detection, including the above
mentioned, treat the fixed-sample-size approach where each
sensor collects a fixed number of samples and the FC makes its
final decision at a fixed time. There is also a significant volume
of literature that considers the sequential detection approach,
e.g., [7]-[12]. Regarding [10]-[12] we should mention that
they use, both locally and globally, the sequential probability
ratio test (SPRT), which is known to be optimal for i.i.d. ob-
servations in terms of minimizing the average sample number
(decision delay) among all sequential tests satisfying the same
error probability constraints [13]. SPRT has been shown in [14,
Page 109] to asymptotically require, on average, four times
less samples (for Gaussian signals) to reach a decision than the
best fixed-sample-size test, for the same level of confidence.
Relaxing the one-bit messaging constraint, the optimality of the
likelihood ratio quantization is established in [15]. Data fusion
(multi-bit messaging) is known to be much more powerful than
decision fusion (one-bit messaging) [16], albeit it consumes
higher bandwith. Moreover, the recently proposed sequential
detection schemes based on level-triggered sampling in [11]
and [12] are as powerful as data-fusion techniques, and at
the same time they are as simple and bandwidth-efficient as
decision-fusion techniques.

Besides having noisy observations at sensors, in practice the
channels between sensors and the FC are noisy. The conven-
tional approach to decentralized detection ignores the latter, i.e.,
assumes ideal transmission channels, and addresses only the
first source of uncertainty, e.g., [1], [11]. Adopting the conven-
tional approach to the noisy channel case yields a two-step so-
lution. First, a communication block is employed at the FC to
recover the transmitted information bits from sensors, and then
a signal processing block applies a fusion rule to the recov-
ered bits to make a final decision. Such an independent block
structure causes performance loss due to the data processing in-
equality [17]. To obtain the optimum performance the FC should
process the received signal in a channel-aware manner [18],
[19]. Most works assume parallel channels between sensors and
the FC, e.g., [20], [21]. Other topologies such as serial [22] and
multiple-access channels (MAC) [23] have also been consid-
ered. In [24] a scheme is proposed that adaptively switches be-
tween serial and parallel topologies.

In this paper, we design and analyze channel-aware sequen-
tial decentralized detection schemes based on level-triggered
sampling, under different types of discrete and continuous noisy
channels. In particular, we first derive channel-aware sequen-
tial detection schemes based on level-triggered sampling. We
then present an information theoretic framework to analyze the
decision delay performance of the proposed schemes based on
which we provide an asymptotic analysis on the decision de-
lays under various types of channels. Based on the expressions
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of the asymptotic decision delays, we also consider appropriate
signaling schemes under different continuous channels to min-
imize the asymptotic delays.

The remainder of the paper is organized as follows. In
Section II, we describe the general structure of the decentral-
ized detection approach based on level-triggered sampling with
noisy channels between sensors and the FC. In Section III, we
derive channel-aware fusion rules at the FC for various types
of channels. Next, we provide analyses on the decision delay
performance for ideal channel and noisy channels in Section IV
and Section V, respectively. In Section VI, we discuss the
issue of unreliable detection of the sensor sampling times by
the FC. Simulation results are provided in Section VII. Finally,
Section VIII concludes the paper.

II. SYSTEM DESCRIPTIONS

Consider a wireless sensor network consisting of K sensors
each of which observes a Nyquist-rate sampled discrete-time
signal {y¥.# € N}, k = 1,..., K. Each sensor k computes the
log-likelihood ratio (LLR) { L¥ # € N} of the signal it observes,
samples the LLR sequence using the level-triggered sampling,
and then sends the LLR samples to the fusion center (FC). The
FC then combines the local LLR information from all sensors,
and decides between two hypotheses, Hy and Hy, in a sequential
manner.

Observations collected at the same sensor, {yf},, are as-
sumed to be i.i.d., and in addition observations collected at
different sensors, {yf},, are assumed to be independent.
Hence, the local LLR at the k-th sensor, Lf , and the global
LLR, Ly, are computed as

k() k k t
Lf 2 log M = Liil + 1= Z lf;: and
'O(ylf'-~,yt) n=1
K
Ly = ZLf* )
k=1

; bk
respectively, where ¥ 2 log ?,c (Zz.g is the LLR of the sample y*
40 t

received at the k-th sensor at time ¢; fz-k', ¢ = 0, 1, is the prob-
ability density function (pdf) of the received signal by the k-th
sensor under H;. The k-th sensor samples L¥ via the level-trig-
gered sampling at a sequence of random sampling times {t,’,‘;}n
that are dictated by L¥ itself. Specifically, the n-th sample is
taken from L¥ whenever the accumulated LLR L} — Lfk ,

n—1
since the last sampling time ¥ | exceeds a constant A in abso-
lute value, i.e.,

th Sinf {t>t’;,1

:LE— Lk,

‘n—1

#(-a.8)}, th=0, L=0.
(@)
Let A¥ denote the accumulated LLR during the n-th inter-sam-
pling interval, (¥ _; #*], i.e.,
tk

kA - k k k
D L ~ Ly . 3)
t=tk _ +1
Immediately after sampling at ¥, as shown in Fig. 1, an infor-
mation bit b* indicating the threshold crossed by A is trans-
mitted to the FC, i.e.,

bt 2 sign ()\ﬁ) . 4)

n

yt—1 Si
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Fig. 1. A wireless sensor network with & sensors 51, ..., Sk, and a fusion

center (FC). Sensors process their observations { y¥ }, and transmits information
bits {bf }. Then, the FC, receiving {z } through wireless channels, makes a
detection decision &4. I*(t), IF(t), I*(t) are the observed, transmitted and
received information entities respectively, which will be defined in Section I'V.

Note that each sensor, in fact, implements a local SPRT [cf.
(8), (9)], with thresholds A and —A within each sampling in-
terval. At sensor k the n-th local SPRT starts at time #¢ | and
ends at time t¥ when the local test statistic A¥ exceeds either A
or —A. This local hypothesis testing produces a local decision
represented by the information bit 5%, and induces local error
probabilities «v;, and 3 which are given by

ar 2Py (b =1), and B =P (0f=-1) (5

respectively, where P;(-), i =
under H;.

Let us now analyze the signals at the FC. Denote the received
signal at the FC corresponding to b% as z¥ [cf. Fig. 1]. The FC
then computes the LLR AX of each received signal and approx-
imates the global LLR I, as

0, 1, denotes the probability

- A KN v kA pk (Zk)
L= S M with A Slog——22.  (6)
k=1n=1 Po (Z”,')

where N} is the total number of LLR messages the k-th sensor
has transmitted up to time ¢, and pf(-), i = 0, 1, is the pdf of 2}
under H;. In fact, the FC recursively updates L; whenever it re-
ceives an LLR message from any sensor. In particular, suppose
that the m-th LLR message A,,, from any sensor is received at
time £,,. Then at ¢,,,, the FC first updates the global LLR as

Li,, =Li,_, +Am. @)

It then performs an SPRT step by comparing f/tm with two
thresholds A and — I3, and applying the following decision rule

H1, if L, > A,
A} Ho, if Ly, < -B,
Bt continue to receive . o ®)
LLR messages, if Ly € (—B,A).

The thresholds (/i., B> () are selected to satisfy the error prob-
ability constraints Pg(6+ = H1) < @ and P1(é65 = Hp) <
with equalities, where «, 3 are target error probability bounds,
and

F 2 inf {t >0:1, ¢ (—B,A)} ©9)

is the decision delay.
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With ideal channels between sensors and the FC, we have
zk = bk, so from (5) we can write the local LLR A = Ak,

where
3k A log 5 Eiu? =log * ’k 2 4, ifby =1, (10)
" Log lm ) g B < A itth= -

where the inequalities can be easily obtained by applying a

change of measure. For example, to show the first one, we

have X = Pg(/\k > A) = EO[]l{)\k>A}] where E [] is the

expectation under H;, 7 = 0, 1 and ]1{ ) is the indicator function.
f[) (y kg ykk; )

n—l

we can write
T 5F (utk

...... t, )’
ar =Eq [G ”]1{)\1 >A}:| <e” E1 [ﬂ{AﬁzA}]
=c 2P (AF > A) = 2(1 - B).

Note that for the case of continuous-time and continuous-path
observations at sensors, the inequalities in (10) become equali-
ties as the local LLR sampled at a sensor [cf. (1)] is now a contin-
uous-time and continuous-path process. This suggests that the
accumulated LLR during any inter-sampling interval [cf. (3)]
due to continuity of its paths will hit exactly the local thresholds
+A. Therefore, from Wald’s analysis for SPRT «; = G =
ﬁ [25]; hence a transmitted bit fully represents the LLR
accumulated in the corresponding inter-sampling interval. Ac-
cordingly, the FC at sampling times exactly recovers the values
of LLR processes observed by sensors [11].

When sensors observe discrete-time signals, due to randomly
over(under)shooting the local thresholds, /\’,f; in (3) is a random
variable which is in absolute value greater than A. However,
AF in (10) is a fixed value that is also greater than A in abso-
lute value. While in continuous-time the FC fully recovers the
LLR accumulated in an inter-sampling interval by using only
the received bit, in discrete-time this is not possible. In order
to ameliorate this problem, in [11] it is assumed that the local
error probabilities {ozk, B} are available to the FC; and there-
fore the LLR of zn, ie., /\’;, can be obtained; while in [12] the
overshoot is quantized by using extra bits in addition to % . Nev-
ertheless, neither method enables the FC to fully recover AX un-
less an infinite number of bits is used. In this paper, to simplify
the performance analysis, we will assume, as in [11], that the
local error probabilities cy, 8k, k& = 1,..., K are available at
the FC in order to compute the LLR A¥ of the received signals.
Moreover, for the case of ideal channels, we use A and —13 to
denote the thresholds in (8), i.e., A = A, B = B, and use 7 to
denote the decision delay in (9), i.e., 7T = 7.

In the case of noisy channels, the received signal z* is not
always identical to the transmitted bit b* , and thus the LLR /\"

T

Noting that e~
L+t
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of z¥ can be different from A* of b* given in (10). In the next
section, we consider some popular channel models and give the
corresponding expressions for AX.

III. CHANNEL-AWARE FUSION RULES

In computing the LLR A of the received signal z*, we will
make use of the local sensor error probabilities «, O, and the
channel parameters that characterize the statistical property of
the channel. One subtle issue is that since the sensors asynchro-
nously sample and transmit the local LLR, in the presence of
noisy channels, the FC needs to first reliably detect the sam-
pling time in order to update the global LLR. In this section we
assume that the sampling time is reliably detected and focus on
deriving the fusion rule at the FC. In Section VI, we will discuss
the issue of sampling time detection.

A. Binary Erasure Channels (BEC)

Consider binary erasure channels between sensors and the
FC with erasure probabilities €;, ¥ = 1,..., K. Under BEC,
a transmitted bit b* is lost with probability €, and correctly
received at the FC,i.e., 25 = b*, with probability 1 — ¢;. Then
the LLR of z¥ is given by

_ Pi(zh=1) 1-3 ok
Sk log e log a;k if z) = (n
n P zﬁ——l ) .
log PD((Z};:AQ = log f—;k if2F = 1.

Note that under BEC the channel parameter ¢, is not needed
when computing the LLR A%, Note also that in this case, a
received bit bears the same amount of LLR information as in
the ideal channel case, although a transmitted bit is not always
received. Hence, the channel-aware approach coincides with
the conventional approach which relies solely on the received
signal. Although the LLR updates in (10) and (11) are identical,
the fusion rules under BEC and ideal channels are not. This is
because the thresholds A and — 3 of BEC, due to the informa-
tion loss, are in general different from the thresholds A and — I3
of the ideal channel case.

B. Binary Symmetric Channels (BSC)

Next, we consider binary symmetric channels with crossover
probabilities € between sensors and the FC. Under BSC, the
transmitted bit b* is flipped, i.e., z —b% , with probability ¢,
anditis correctly received, i.e., zF = bfi, Wlth probability 1 —ey,.
The LLR of z* can be computed as in (12) at the bottom of the
page where ¢&;. and 3;, are the effective local error probabilities
at the FC under BSC. Similarly we can write

A (2E = 1) = log ﬂ"’; . (13)

1_ak:

=1) + Py (2 = 1o} =

—1) Py (b} = -1)

~ Pl ( = 1|bk = 1) Pl (bk
k k n n
An (e = 1) = log Po (5 = 1[bf; = 1) Po (bj;

= log

(1 - Fk)(l - /3]¢) + Ek’,ﬁk _

(1 —er)og + ex(1 — az)

) + Py (th - 1|b77, -
111~ 2608k + i
(1 — 2€k)ak + €
——

*1) Po (bfz = *1)

—_
Q
BE]

(12)

&
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Note that & > oy, B}, > Oy if oy < 0.5, Og < 0.5, Yk,
which we assume true for A > 0. Thus, we have |)‘ﬁ,,Bsc| <
|A¥ o e| from which we expect the performance loss under
BSC to be higher than the one under BEC. The numerical re-
sults provided in Section V-B will illustrate this claim. Finally,
note also that, unlike the BEC case, under BSC the FC needs to
know the channel parameters {¢;, } to operate in a channel-aware
manner.

C. Additive White Gaussian Noise (AWGN) Channels

Now, assume that the channel between each sensor and the
FC is an AWGN channel. The received signal at the FC is given
by

= hkzh 4+ w

nwn

(14)

where h* = hy,Vk, n, is a known constant complex channel
gain; w® ~ AN.(0,02); z¥ is the transmitted signal at sampling
time ¥ given by

b fa ifAE > A
xr, = {b’ lfA];i S —A (15)

where the transmission levels o and b are complex in general.

The distribution of the received signal is then zF ~

N.(hpzk, o). The LLR of z¥ is given by
3k —lo iz |2k =a)Py(zk = a) +pr(zn |2k =b)Py(2k =1b)
" ek = )Pl = o)+ pul2E ok =b)Po(ak =)

le (1—F)exp (_’n) + Ok exp (_d'l;L) (16)
= |OZ ’
& ag exp (—ck )+ (1—ag) exp (—dk)’

D. Rayleigh Fading Channels

If a Rayleigh fading channel is assumed between each
sensor and the FC, the received signal model is also given
by (14), (15), but with % ~ N.(0,07 ). We then have
2k~ NL(0, |:1:f;|20,21,k + o2); and accordingly, similar to (16),
MK is written as

-3 & s k
Yk o2 ’”exp( ) + 3 exp( ]n)
A = log —=E (17)
=08 T T Tk e ()
ak bk
2 A 2 oA |25 |?
where o = |a or. & +Uk’glyk = |b| or. & +op,ch = a2
E A [z
and d;, =

E. Rician Fading Channels
For Rician fading channels, we have hk ~ Ne(pr, 07 1) in

(14), and hence zF ~ N (upzk, |Tn| or p +03). Using 62 |
and a, g as deﬁned in the Raylelgh fading case, and defining

ok A B ﬂmﬂ\ L dF A |2kl
o o2

k
Cp = 3 we can write /\,” as in (17).

ak bk

IV. PERFORMANCE ANALYSIS FOR IDEAL CHANNELS

In this section, we first find the non-asymptotical expres-
sion for the average decision delay E;[7], and then provide

an asymptotic analysis on it as the error probability bounds
a, # — 0. Before proceeding to the analysis, let us define some
information entities which will be used throughout this and
next sections.

A. Information Entities

Note that the expectation of an LLR corresponds to a Kull-
back-Leibler (KL) information entity. For instance,

ko A M _ _

=R [1Og fdc (yi‘, yt) =E [Lt]7<111d
f() (yl,...,yf)

TR 2 [og L0 N oY) | ek ,

o(t) 0[ f1 (k... ufF) o [Lf] (18)

are the KL divergences of the local LLR sequence {L}}, under
H; and Hg, respectively. Similarly

k k k
) . Py (bl,...,bl,k> )
1) 28 Jlog - ML <[],
R (ot
A ~
HOER A
i k(. k k
~ pl 17"'7ZATtk ~
75t 2E, |log k( : - ﬂ —E [L’{}
Y& (z ""’ZN,"‘)J

HOERI N IA (19)

are the KL divergences of the local LLR sequences {ﬁ }, and

{L¥}, respectively. Define also Ii(#) 2 k LIE@), Lit) 2
le I¥(t), and I;(t) 2 Ik(f) as the KL divergences of

the global LLR sequences {Lt} {L,}, and {L,} respectively.
In particular, we have

ﬁu)za[mg;

and

=Eq [If],

I(l;'(l) =Eyp [108 (;J; (yk)] = -k [llf] (20)
1

1
as the KL information numbers of the LLR sequence {/}; and
I,(1) 2 k _IE(1),i = 0, 1 are those of the global LLR
sequence {/;}. Moreover,

[ ff yf-vyk‘k
I (1) =6, mg7l7f——§l1=Elpn,
i 0 (311: ----- Y ti)J
k k
Skof kY _ . hn (bl) _ ik
]1 (tl) —El -log [Jé (b]f)‘| - El I:/\1:|
and TE () <) [log 2L | g T
an () 1 -og oE h) 1 [ } @21

are the KL information numbers of the local LLR sequences
{AEY {AEY and {)\F}, respectively, under H,. Likewise, we
have I"’(t’“) = —Eo[AF), TE(th) = —Eo[AE], and IF(¢h) =
—Eo[A¥] under Hy. To summarize, I¥(¢), 1F(t), and I*(t) are
respectively the observed (at sensor %), transmitted (by sensor
k), and received (by the FC) KL information entities as illus-
trated in Fig. 1.
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Next we define the following information ratios,

éI,()

o e 1 (1)
7
IF (1)

()

and 7; (22)

which represent how efficiently information is transmitted from
sensor k and received by the FC, respectively. Due to the data
processing inequality, we have 0 < 7%, 7% < 1, fori = 0, 1 and

k=1,...,K. We further define
K
HOED AT ZI’* ), and
k=1
K
HOED AT ZI’* (23)
k=1

as the effective transmitted and received values corresponding
to the KL information /;(1), respectively. Note that /;(1) and
1;(1) are not real KL information numbers, but projections of
1;(1) onto the filtrations generated by the transmitted, (i.e.,
{b%1), and received, (i.e., {z¥}), signal sequences, respec-
tively. This is because sensors do not transmit and the FC does
not receive the LLR of a single observation, but instead they
transmit and it receives the LLR messages of several obser-
vations. Hence, we cannot have the KL information for single
observations at the two ends of the communication channel, but
we can define hypothetical KL information to serve analysis
purposes. In fact, the hypothetical information numbers 7;(1)
and I;(1), defined using the information ratios /¥ and #¥, are
crucial for our analysis as will be seen in the following sections.

The KL information 7¥(1) of a sensor whose information
ratio, 7¥, is high and close to 1 is well projected to the FC. Con-
versely, I¥(1) of a sensor which undergoes high information
loss is poorly projected to the FC. Note that there are two sources
of information loss for sensors, namely, the overshoot effect
due to having discrete-time observations and noisy transmis-
sion channels. The latter appears only in 7j¥, whereas the former
appears in both /¥ and 7% In general with discrete-time obser-
vations at sensors we have I,(1) # I;(1) and I;(1) # L(1).
Lastly, note that under ideal channels, since ) = bf, Vk, n, we
have L‘(l) = L(l)

B. Asymptotic Analysis of Detection Delay

Let {7} : 7% = t* — ¢k |1 denote the inter-arrival times
of the LLR messages transmitted from the k-th sensor. Note

that 7, depends on the observations yil EETERES JfA , and since

{yF} areiid., {rF }are also i.i.d. random variables. Hence, the
counting process {N}} isarenewal process. Similarly the LLRs
{Ak} of the received signals at the FC are also i.i.d. random
variables, and form a renewal-reward process. Note from (9)
that the SPRT can stop in between two arrival times of sensor k,

e.g., t’,‘L < T < tF ;. The event N¥ = n occurs if and only if
th=rf+. 4k <Tandth  =rf+.. . +7F > T, soit
depends on the first (n + 1) LLR messages. From the definition
of stopping time [26, pp. 104] we conclude that N% is not a
stopping time for the processes {7*} and {)\ } since it depends
on the (n + 1)-th message. However, NX + 1 is a stopping
time for {r*} and {\*} since we have N¥ + 1 = n <<=
NE = n — 1 which depends only on the first » LLR messages.

Hence, from Wald’s identity [26, pp. 105] we can directly write
the following equalities

[NE41
Ei| Y mf| =E[«f] (B [NE] +1). (29
n=1
S
and Ei | D Ab| =B [M] (B [NF] +1). @9)
n=1

We have the following theorem on the average decision delay
under ideal channels.

Theorem 1: Consider the decentralized detection scheme
given in Section II, with ideal channels between sensors and
the FC. Its average decision delay under H; is given by

LT) | i t () — BRI
Ii,(l) fz(l)

B

Ei[7] = (26)

where )y is a random variable representing the time interval
between the stopping time and the arrival of the ﬁrst bit from

the k-th sensor after the stopping time, i.e., yk m 1 - 7.
Proof: From (24) and (25) we obtain
|35 ] < g ELE
i Tn| T ERiTL -
n=1 El I:)‘Ilijl

where the left-hand side equals to E;[7] + E;[)+]. Note that
E.[F] is the expected stopping time of the local SPRT at the
E:[A}]

E%]°

k-th sensor and by Wald’s identity it is given by E;[rf] =
provided that E;[I¥] # 0. Hence, we have

£, [A] Ei [z A ]
EIT = - Ez 7
SN T G
b (k) IR(T) + IF (25,
_nn ()
FiyT I

where we used the fact that E[>°) 71+ AR =
E([LE] + Ei[X \’”+1} =IF(T) + Ikt \k+1) and simi-

larly B[ V7 Ak = — BT — B4 % 41)- Note that Eq[]

is the expectation with respect to /\\ k4 and N; under H;.

By rearranging the terms and then summlng over £ on both
sides, we obtain

SN 30
Ty I3 Et'f; -

k=1 k=1
ﬁ_/
L
1 (t)
—Ei V] IF(1) 2t
D/k] i ( )Ilk (tlf)
e e
k()

which is equivalent to (26). ]

The result in (26) is in fact very intuitive. Recall that I; (7T)
is the KL information at the detection time at the FC. It natu-
rally lacks some local information that has been accumulated
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at sensors, but has not been transmitted to the FC, i.e., the in-
formation gathered at sensors after their last sampling times.
The numerator of the second term on the right hand side of
(26) replaces such missing information by using the hypothet-
ical KL information. Note that in (26) /7 (t% ,‘+1) # IE(h),
ie., E [)\’;L_H] # Ei[A are not inde-
pendent.

The next result gives the asymptotic decision delay perfor-
mance under ideal channels.

Theorem 2: As the error probability bounds tend to zero, i.e.,

«, # — 0, the average decision delay under ideal channels given
by (26) satisfies

i

where O(1) represents a constant term.

Proof: We will prove the first equality in (27), and the proof
of the second one follows similarly. Let us first prove the fol-
lowing lemma.

Lemma 1: As «, 3 — 0 we have the following KL informa-
tion at the FC

1(T) = logal + O(1),

k], since NT and )‘\‘ 1

+O0(1), and Eo[T]=

o),
@7

[log 8]
7

and  Io(T) = |log 8| + O(1).
(28)
Proof: We will show the first equality and the second one
follows similarly. We have

I(T)=Py(L1 > AEi[Lr|Lr > A
+Pi(Lt £ —=B)E1[L7|L1 < —D]

=(1—pB)(A+Ei[0a]) - B(B+E4[0B]) (29)

where 0 4, 0 are overshoot and undershoot respectively given
byfs 2 Ly —Aifiy > Aandbp 2 —Ly —Bifls < —B.
From [11, Theorem 2], we have A < |loga| and B < |log 5|,
so as a, /3 — 0 (29) becomes I(T) = A+ Eq[f4] + o(1).
From (10) we have |\¥| < oo if 0 < oy, B < 1. If we assume
0 < A < ooand |If| < o0, Vk,t, then we have 0 < g, i < 1
and as a result I¥(#¥) = E;[A}] < oo. Since the overshoot
cannot exceed the last received LLR value, we have 04,0 <
© = maxy, |A¥| < oo. Similar to Eq. (73) in [11] we can
write 3 > ¢ P ©anda > ¢4 © where © = O(1) by
the above argument, or equivalently, 3 > |log 3] — O(1) and
A > |loga| — O(1). Hence we have A = |log | + O(1) and
B =|logs|+0O(1). ]
From the assumption of |{¥| < o0, Vk, ¢, we also have [;(1) <
I;(1) < oc. Moreover, we have E;[Vi] < E;[rf] < oo since
E;[I}] # 0. Note that all the terms on the right-hand side of (26)
except for 1;(7") do not depend on the global error probabilities
@, 3, so they are O(1) as «, 3 — 0. Finally, substituting (28)
into (26) we get (27). ]
It is seen from (27) that the hypothetical KL information
number, /;(1), plays a key role in the asymptotic decision delay
expression. In particular, we need to maximize /;(1) to asymp-
totically minimize E;[7]. Recalling its definition
L 3 jk(fk)lk 1
=3 gy )

k=1"1%

we see that three information numbers are required to compute
it. Note that IF(1) = E;[I¥] and IF(t¥) = E;[A¥], which is
given in (30) below, are computed based on local observations

at sensors, thus do not depend on the channels between sensors
and the FC. Specifically, we have

14(eE) =1 ) (A+ B[]~ s A Ei8E])
and  I§(#F) =an( A+ EofA}]) — (1-on) (A+Eo[84] ) G0y

where 7% and 6* are local over(under)shoots given by #F 2
A AGEAE > Aand 05 2 —AF — Aif Ak < —A. Due to
having |/¥| < oo, Vk,t we have 6%, 0% < oo, V&, n.

On the other hand, I k(#5) represents the information received
in an LLR message by the FC, so it heavily depends on the
channel type. In the ideal channel case, from (10) it is given
by

B (1) =(1 - o) log =

+ B log 1 fka ,

o 3
and 18 (1) =antox 4 (1 agytog = a)

o

Since 1 k(t¥) is the only channel-dependent term in the asymp-
totic decision delay expression, in the next section we will ob-
tain its expression for each noisy channel type considered in
Section III.

V. PERFORMANCE ANALYSIS FOR NOISY CHANNELS

In all noisy channel types that we consider in this paper,
we assume that channel parameters are either constants or
i.i.d. random variables across time. In other words, ¢, hy
are constant for all &£ (see Section III-A, III-B, III-C), and
{nEY,  {wk}, are iid. for all k (see Section III-C, III-D,
III-E). Thus, in all noisy channel cases discussed in Section III
the inter-arrival times of the LLR messages {7}, and the LLRs
of the received signals {/\ﬁ} are 1.1.d. across time as in the ideal
channel case. Accordingly the average decision delay in these
noisy channels has the same expression as (26), as given by the
following proposition. The proof is similar to that of Theorem
1.

Proposition 1: Under each type of noisy channel discussed
in Section III, the average decision delay is given by

T () — EDWIEQ)

A (1)
S AT 7.0 2
where V, 2 "\,H—f.

7 .
The asymptotic performances under noisy channels can also
be analyzed analogously to the ideal channel case.
Proposition 2: As «,f3 — 0, the average decision delay
under noisy channels given by (32) satisfies

I1( ) I~0(1)
(33)

Proof: Note that in the noisy channel cases the FC, as dis-
cussed in Section I1I, computes the LLR, )\ , of the signal it re-
ceives, and then performs SPRT using the LLR sum L. Hence,
analogous to Lemma 1 we can show that I;(7) = |log | +
O(1) and I(T) = |log ] + O(1) as a, 8 — 0. Note also that
due to channel uncertainties |A%| < |A%|, so we have I¥(#}) <
IF(t*) < oo and I;(1) < I;(1) < oc. WealsohaveE Vi] <

and Eo[T] =

+0(),
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E:[7f] < oo as in the ideal channel case. Substituting these
asymptotic values in (32) we get (33) ]

Recall that 1;(1) = Zk 1 ;kE:k)I"(l) in (33) where I5(1)

and T¥(t¥) are independent of the channel type, i.e., they are
same as in the ideal channel case. In the subsequent subsections,
we will compute I¥(¢¥) for each noisy channel type. We will
also consider the choices of the signaling levels a, b in (15) that
maximize [F(¢F).

A. BEC

Under BEC, from (11) we can write the LLR of the received
bits at the FC as

3 { A* " with probability 1 — ¢ (34)
" 0,  with probability .
Hence we have
IF () = E: [M] = (1 - en)E (1) (33)

where I¥(%) is given in (31). As can be seen in (35) the per-
formance degradation under BEC is only determined by the
channel parameter €;.. In general, from (27), (33) and (35) this
asymptotic performance loss can be quantified as m <
E[T] < 1

Specifically, if €, = ¢, Vk, then we have

El%g% — l—maxy €y °
BT = T L8 — 0.
B. BSC

Recall from (12) and (13) that under BSC local error proba-
bilities a, F) undergo a linear transformation to yield the effec-
tive local error probabilities &y, £, at the FC. Therefore, using
(12) and (13), similar to (31), IF(¢¥) is written as follows

1— B B
Qg

+ Bk log )
(67

If (1) = (1 — Bi) log

and b + (1 — éy)log ﬂkA
1 - (297

~L ) N 1—
T () =dntog -

(36)

where &y = (1 — 2€x)ay, + €, and ﬁk = (1 — 2ex) Bk + €x.
Notice that the performance loss in this case also depends only
on the channel parameter €.

In Fig. 2 we plot 1% (t¥) as a function of a;, = 33 and e, for
both BEC and BSC. It is seen that the KL information of BEC is
higher than that of BSC, implying that the asymptotic average

BEC vs. BSC

Bl 5:C

€ j
k 0 0 o = By

Fig. 2. The KL information, 7*(##), under BEC and BSC, as a function of the
local error probabilities ccy, = 3 and the channel error probability €, .

decision delay is lower for BEC, as anticipated in Section I1I-B.

C. AWGN

In this and the following sections, we will drop the sensor
index & of Uh . and o} for simplicity. In the AWGN case, it
follows from Sectlon III-C that if the transmitted signal is a,

ie,z? = a, then ¢ = u, d* = v,; and if 2% = b, then

ko ko S A ke thel

Cn = Up, dy = u where u = —3—, y, e
A |wh4(b—a)k

v, = M Accordingly, from (16) we write the KL

information as (see (37) at the bottom of the page) where E[]
denotes the expectation with respect to the channel noise w¥*
only, and E1[] denotes the expectation with respect to both Tﬁ
and w”® under Hy. Since w?* is independent of z¥ under both Hg
and H1, we used the 1dent1ty Ei[] = E[E4[- ]] in (37).

Note from (37) that we have I (t¥) = I¥(t%) + 8,CF and
Ik(th) = T5 () + xC. Similar to C¥ we have C} 2 g -
L-0LE,. Since we know IF(tR) < IF(t%), the extra terms,
C" .Ck < 0 are penalty terms that correspond to the information
loss due to the channel noise. Our focus will be on this term as
we want to optimize the performance under AWGN channels by

choosing the transmission signal levels a and b that maximize
ck.

= I3 1— Brle™™ + Bre " ( — Br)e™" 4 Bre "
It":EA’“:l—a’El-( k BLE |1
1( ) [ 1i| ( [k‘) |:Oga o "‘f'(l—()é];)f’ o + Ok Og we ”’—l—(l—ak)F’ w
51 52
B eu—v " 1-8y ,u—v "
1-— 1— f 1+ 55 - 7. ¢
= (1= B)1 k4 B log +3 E |1 —Ek +E1‘— . (37
( l[k) og % [ /Bk [Og 1+ 102% pt—Ug Of—’,1+ et—s ( )
i (th)

[\

J

o
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. . A
Let us first consider the random variables {, = v — v, and

A . .
(y = u — vy which are the arguments of the exponential func-
tions in £ and &5 in (37) From the definitions of u and Vo, WE

write ¢, = \u(;,le ‘U“Jr((;z hal’ o b,‘, L 2~ where
5 2 R{(wF)*(a — b)hs} and §R{ } denotes the real part of a
complex number. Similarly we have ¢, = % + U—ﬂ.

Note that y ~ N (0, w) since wk ~ N.(0,02). If

we define v 2 %7, then we have v ~ A(0,1). Upon

defining s 2 M we can then write (, and (, as
Co=—58° ~V2 sy and G=—s2+ V2 sv.
If we define F' 2 and G 2 171’ , then we have
4 1 +F 1, 1+ Fete
Ck =E |log —/—— FlE|log ————
0 [og 1+ Gese ] + {Ogl-l—Gle(a}
X 1+ Gese 14+ G Lels
CF =E |log ———— GE |log ———— | .
! [Og1+Fler]+ [og 1+ FeSe } (38)

Note from (14) that the received signal, z*, will have the
same variance, but different means, ah;, and bhy, if :r,n =q
and z¥ = b are transmitted respectively. Hence, we expect that
the detection performance under AWGN channels will improve
if the difference between the transmission levels, |a — b, in-
creases. Toward that end the following result gives a sufficient
condition under which the penalty term C¥ increases with s, and
hence with | — b|. The proof is given in the Appendix.

Lemma 2: Cf is an increasing function of s, ¢ = 0, 1, if
F?2>GandG? > F.

Lemma 2 indicates that for ay, 3 values inside the region
shown in Fig. 3, CF is increasing in |a — b|. Note that ey, 3 are
local error probabilities which are directly related to the local
threshold A. Therefore, even if the hypotheses Hg and H; are
non-symmetric, we can ensure that we will have o, g inside
the region in Fig. 3 by employing different local thresholds,
—A, and Ay, in (2). In fact, even for vy, 3% values outside the
region in Fig. 3 numerical results show that C¥ is increasing in
s.

Hence, maximizing C¥ is equivalent to maximizing |a — b|. If
we consider a constraint on the maximum allowed transmission
power at sensors, i.e., max(|a|?, [b|?) < P2, then the antipodal
signaling is optimum, i.e., |a| = [b] = P and ¢ = —b.

D. Rayleigh Fading
It follows from Section III-D that c*

o2
—5Ug,
75

= u,, d’; =

2
when 2F = q; and ¢ = sy, d® = w, when ¥ = b where

0.5

P - S SR VO T T S i
03 R

0.25¢ 7 i 4

Bk

| EONTTO U SO
0.15F d S : 4

0.1}k GNSReR o4

0.05 ..... o4

O 1 L 1 1 1 1 1
0 005 01 015 02 025 03 035 04

A

L
045 0.5

Fig. 3. The region of (e, i) specified by Lemma 2.

A ah,f,—&-w,ﬁ 2 A bh,lf,—ﬁ—wﬁ 2
- \ = i R \ s il

2 |2cr}2L + o2 as defined in Section III-D. Define further

Oy =
p 2o . Hence, using (17) we write the KL information as (see

(39) at the bottom of the page) where ¢, = 2 u.(1 — p) and
G 2 up(1 — p~1). Note that when |a| = |b| which corresponds
to the optimal signaling in the AWGN case, we have p = 1,
¢. = ¢ = 0 and therefore IT(t¥) = 0 in (39). This result
is quite intuitive since in the Rayleigh fading case the received
signals differ only in their variances. Note that w, and u; are
chi-squared random variables with 2 degrees of freedom, i.c.,
Ugs Wy ™~ X%, thus we can write the penalty term Cf‘ as

,and 02 = l|a|?0? + 02,

QN

o

o0 14 F-1,-1 'ur(lfp_l)

' 1+ Gp~ leu(l—p~—1)

0

1 —|—F[)€u(17p) e U
1
+ F " log m Td“”
©o 1_|_Gp71€u(17p71)
kE _ .

and Cl = / (10g 1+F71p716u(170_1)

14+ G~ 1/)6“(1 ’)

+ Glog 15 Fpoe@

)62 du. (40)

Note that given local error probabilities ay, B the integrals
in (40) is a function of p only. However, maximizing C¥ in (40)
with respect to p seems analytically intractable. As can be seen
in Section III-D, the received signals at the FC will have zero
mean and the variances o2 and o2 when 2% = a and z% = b

/3/c e e 4 JA e Pla
Iy (1) =(1 = B)E log i

aﬂe w, | 1= —gk g P
Ty

— B

= (1 — ,Bk) 10

L + BE |log

—|—ﬂk10g B +Bk< [g
o

ldk—

C,A

ub + /'3_!;'(3*1%

E’ke F’_lub_|_1 ake wp
7

1L+ G Lpese
Ellog—————
} + G {og 15 Fpces (39)

1_‘_pr Lo
+ F-1 *1(34}

()

ck



308 IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 61, NO. 2, JANUARY 15, 2013

Rayleigh Fading

Fig. 4. The penalty term C} for Rayleigh fading channels as a function of p.

respectively. Therefore, in this case intuitively we should in-
crease the difference between the two variances, i.e., |[a|> —
1b2|. Consider the following constraints: max(|a|?, [b|*) < P?
and min(|a|?, |b|?) > Q?, where the first one is the peak power
constraint as before, and the second is to ensure reliable detec-
tion of an incoming signal by the FC. We conjecture that the
optimum signaling scheme in this case that maximizes C* cor-
responds to |a| = P, |b| = Q or |a] = Q, |b] = P.

To numerically illustrate the behavior of C¥ as a function of
p,wesetay = 3, =0.1,07 =02 =1,P?>=10,Q? = 1,and
plot C¥ in Fig. 4. It is seen that C¥ has its global minimum when
p = 1, which corresponds to the case |a| = |b| as expected.
Moreover, C¥, validating our conjecture, monotonically grows
as p tends to its minimum and maximum values corresponding
to the cases |a| = @, |b] = P and |a| = P, |b] = Q respectively.

Note that in Fig. 4, the curves for Hy and H; are mirrored
versions of each other around p = 1 since we have ay = 3 in
the example. From (40) we can say that the symmetry between
Hp and H; around p = 1 will exist whenever F' = G, i.e.,
O = ﬂk.

E. Rician Fading

In the Rician fading case, upon defining ﬁ’; 2 hE — p, from
Section III-E we have

~ 2
o _lakk k]

n 0_3
~ X 2
g Lok +wr + (@ = bl
n 0.2
b

when zF = «; and

. 2
v |PRE 4wk 4 (b — a)p
or = 5

Ta

. 2
ko, k

]k _ |bhn + Wy,

Oy =——5——

T
when DL’,fb = b. We will drop the subscript % in uy for conve-
. s A % LA i

nience. We further define 2, = ah* + w* and 2z, = bh* + wF
that are zero-mean Gaussian variables with variances o2 and o7,

respectively. Then from Section III-E similar to (39) we write
the KL information as

I (i) = IF (5)

1+ Gples 1+ G Lpeta
3. | E |log ———F——— GE |log ————
+h ( {Ogl—i—F‘lp‘ler + 8 1+ Fpebe
41)
where Ca é _ (|2u+(i;b)#\2 _ \i;f) and
5 N b @
G A _ M _ ‘Zﬂbf), Now we will analyze
o b

the exponents ¢, and Cp.

Case 1: |a| # |b|: For & 2 & — & >0,ie,a| > [b], we
b a
can write (, as
oL PR{EHe =B} | o= bPIP
Go = — [h",|2’,,,|2 + 2 + 2 (42)
T T
2ER{Z(a - b — b|?|p)?
oK LK
NS T
2 i
o} ol
2 20,12 (52
a—b a—1b ok — 1
:_(‘ﬁgagzm y o bRl (o ))
LRV oLk
~ 2 2 2
2 | Za (a—b)u‘ |la — b ||
=—| ok + + (43)
[0 " oFoun | THE1aP) 7
é71
la — b
=u,(1—p)+ (44)
(laf* = [b?) o}
where we used 07k — 1 = —p~ 1, o}k = p~ (02 — 07) while

writing (43), and o2x = p— 1 while writing (44). Note that u,, is
a noncentral chi-squared random variable with two degrees of
g 2 2 2
freedom and the noncentrality parameter A, = m%
h
Using +/—r instead of 1/ it can be easily shown that (44) holds
for £ < 0. Similarly one can obtain

b= al?|uf?

- 1 _ 1 _o—apipr
G =l =r )+ G ap) o2

. Az (a—b)p 2
for s # 0, 1ie., [a| # |b], where vy = |2+ 5==| and
y a—b12ul? o2 o
wy ~ x3(A) with A, 2 (:a‘ﬂ“‘)ﬂ), Ub: . Accordingly, for the

non-symmetric case where |a| # |b| from (41) we can write C}
as (see (45) at the bottom of the next page). Similarly, we have
Cé = -1 — Fﬁlzg.

The expression in (45) resembles the one in (40) for the
Rayleigh fading case. And maximizing (45) analytically with
respect to @ and b seems even more intractable. Recall that in
the Rayleigh fading case, the optimum signaling scheme was an
OOK-like non-symmetric constellation, i.e., |a| = P, |b] = Q
or o] = Q,|b] = P. Considering the same power constraints
we conjecture that the same signaling scheme, that maximizes
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Rician Fading: |a| # |b|

Rician Fading: |a| # |b]
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Fig. 5. (a) The penalty term under H , i.e., CF, for Rician channels with |a| # |b], as a function of the transmission levels @ and . (b) The maximum contour is
shown to exhibit the locus of the optimum signaling levels. C¥ is color coded according to the color bar given next to the figure.

the difference between the variances o2 and o7, is optimum in
this non-symmetric case.

We provide a numerical example to illustrate the behavior
of C¥ as a function of @ and b. Using the same values for
ok, B, o7, 0%, P?, (% as in the Rayleigh fading case, and set-
ting 4 = 14 j we plot Cf in Fig. 5(a). The maximum contour of
the three-dimensional surface in Fig. 5(a), which corresponds
to the potential optimum signaling level pairs, is clearly shown
in Fig. 5(b). As seen in the figure Cf is maximized when
la| = P, |b| = Q or |a| = @, |b]| = P validating our conjecture.

Case 2: |a| = |b]: For k = 0, we have 02 = o7, ie.,
la] = |b]. Accordingly from (42) we write {, = —s% — 2,

2
G = —s2 — q% where similar to Section V-C we de-
A e bHH\ A

fine s = ="H 4, = R{ZHa — bp} and v 2
R{z: (b — (1)/1} Deﬁnmg standard Gaussian random vari-

ables v, W'yu and 14 W%, analogous
to the AWGN case, we have (, = —s2 — v/2sv, and
G = —s2 — V/2s1. Therefore, from (41) CF is given by (38).

Accordingly, Lemma 2 applies here in the case of |a] = |b]
under Rician channels. This case is analogous to the AWGN
case since the received signal z© has the same variance, but

different means when #¥ = @ and 2¥ = b. Consequently,

antipodal signaling is optimal. In Fig. 6, C¥ is plotted as a
function of the channel gain parameters |u|> and o2. It is
seen that C¥ is increasing in || and decreasing in (7,21 when
antipodal signaling is used, which corroborates Lemma 2 since
s is increasing in |p|? and decreasing ino?.

In Fig. 7, the difference Cy’ Jal#lb] CflaI:\b\ is plotted as a
function of |zz|? and o7 For |a| = |b| antipodal signaling is em-
ployed; and for |a| # |b], OOK-like signaling is employed. It is
seen that the OOK-like signaling is much better than antipodal
signaling when the mean is low and the variance is high. Al-
though not visible in Fig. 7, antipodal signaling is only slightly
better than OOK-like signaling when the mean is high and the
variance is low.

VI. DISCUSSIONS

Considering the unreliable detection of the sampling times
under continuous channels, we should ideally integrate this un-
certainty into the fusion rule of the FC. In other words, at the
FC the LLR \¥ of the received signal zF should be computed
at each time instant ¢ if the sampling time of the k-th sensor
cannot be reliably detected. In the LLR computations in (16)

oc 'U/(].fp_l)“rﬁlb ol L) ut Ay,
1+ Gple (b2 —lal?)o2 e
ch = /log * ¢ ¢ To(\/ Mpu)du
J w(1-pt) 4 Abellel® 2
0 14+ F-1p-le (161 =lal*)a
7,

G/log
0

w(l—p)4 Ao=l2e
AN (PIERTE P _utde

14+ G 1pe

.| e P
PEEIE 2 IO('V )‘ﬂu)du’

45
u(l-p)+—5——E— ( )
(12— 1512)2

1+ Fpe

54
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Rician Fading: |a| = |b]
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Fig. 6. The penalty term C¥ in Rician fading channels with |a| = |b], as a
function of the mean and the variance of the channel gain. & = P = 10 and
b=-I =-10.

b|

k
C1,|u\

Llal#lbl —

k

and (17) the prior probabilities P;(x*

=a) and P;(2%
used. These probabilities are conditioned on the sampling time
t¥ . Here, we need the unconditioned prior probabilities of the
signal 4:¥ which at each time ¢ takes a value of a or b or 0, i.e.,

= b) are

a ifLF-LK >A
‘n—1
af={ b if LY - Lf,;il < —-A (46)
0 ifLf— Lk e(-AA)

As before, the received signal at time # is zf = hfzf + wy.
Then, the LLR A\¥ of z¥ is given by (see (47) at the bottom of the
page) where P?i is the probability that the FC receives a signal
from sensor £ under H;. Since the FC has no prior information
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=
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Fig. 8. Realizations of the LLRs A" and \* computed at the FC under reliable

n.

and unreliable detection of the sampling times, respectively.

on the sampling times of the sensors, this probability can be
shown to be & [ HEE where E;[7f] is the average intersampling
(communlcatlon) mterval for sensor k£ under H;, ¢« = 0, 1. For

instance, under AWGN channels [cf. (16)] by defining ¥ 2

B —hka\ (ll‘ A |z ’lkb\ kA \
’ o2

,and g7 = S ‘ we have

(1= 5k)PI§,1€—G7 + ﬁkl:ﬂ;,le—df +
o+ (1= op)PR et 4

(1P, et
(1—Pkg)e o
(48)
Under fading channels /\ is computed similarly. Realizations
of )\k of (48) and )\ 0f(16) are shown in Fig. 8 where P = 10
is used. B
Note that in this case, {\¥} are i.i.d. across time, and so
are {X,} where A, 2 2% )F is the global LLR at time *.
Hence, from WaTld’s~ identity, similar to Theorem 2 we can write
E (7] = El[EZlfSil} M _ lElTEES:}' + O(l).”Therefore, We~again
need to maximize the KL information E; [A¥] (resp. —Eg[A\¥]) in
order to minimize the average delay E;[7] (resp. Eq[7]). How-
ever, analyzing this expectation is now much more involved
than analyzing (37). On the other hand, in practice we need to
ensure reliable detection of the sampling times by using high
enough signaling levels P and (). Then, the average delay per-
formance of this unreliable detection scheme becomes identical
to that of the reliable detection scheme analyzed in Section V.
As an alternative approach, in the unreliable detection case
one can follow a two-step procedure to mimic the reliable de-
tection case. Since it is known that most of the computed LLRs
{AF} are uninformative that correspond to the no message case,
a simple thresholding operation can be applied to update the
LLR only when it is informative. The thresholding step is in

akaoe

(L= )PLs

M =Tog

s = b) + (1= P, ) p (F[h = 0)
Ty 8,1 t t
e (47)

)+ (1=PLy)p (e} = 0)
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fact a Neyman-Pearson test between the presence and absence
of a message signal. The threshold can be adjusted to control the
false alarm and misdetection probabilities. Setting the threshold
appropriately we can obtain a negligible false alarm probability,
leaving us with the misdetection probability. Note that such
a test would turn a continuous channel into a BEC with era-
sure probability, €, equal to the misdetection probability. Re-
call from Section III-A that under BEC A% is the same as in
the ideal channel case which corresponds to the reliable detec-
tion case here. Thus, if an LLR survives after thresholding, in
the second step it is recomputed as in the channel-aware fusion
rules obtained in Sections I1I-C, III-D and III-E. Moreover, the
KL information in (37), (39) and (41) will only be scaled by
(1 — €;) as shown in (35). Consequently, the results obtained in
Sections V-C, V-D, and V-E are also valid in this approach to
the unreliable detection case.

VII. SIMULATION RESULTS

In this section, we provide simulation results to illustrate
the performance of the channel-aware distributed detection
schemes based on level-triggered sampling. Assume there are
two sensors collaborating with an FC. At each time ¢, each
sensor makes a local observation yf =5+ vf, k =1,2, with
v ~ N.(0,1), s = 1 under Hy, and 5 = 0 under Hy. Hence,
the LLR, I¥, of y* is computed as [F = 2R{y*} — 1.

Each sensor on average samples and transmits 1 bit to the
FC once every four samples they observe, i.e., 7' = 4. And the
local threshold A is determined to meet this average sampling
interval. It has been shown in [12, Section IV-A] that one can
use the equation A tanh () = Tlil(fl) to find A. Then, using
the A value the local error probabilities vy, and G}, are computed
offline for each sensor. From Lemma 1 and Proposition 2, we
have [log | —© < A, A < |loga|and|log 3| —© < B, B <
| log 3| where © is the largest received LLR magnitude. Hence,
we can set the global thresholds A and B to their upper bounds
|log «| and | log 3| respectively to meet the constraints Py (67 =
Hi) < « and P1 (65 = Hy) < 5. To achieve the equalities, A
(resp. B) should be found via simulations within the interval
[[log ] — ©, |log ] (resp. [|log 8] — ©,|log 5]]). Note also
that A, A ~ |log | and B, B ~ |log 3| as a, 8 — 0.

We compare our channel-aware designs with the conven-
tional approach where the FC first decides on the received
data bit and then uses it to update the test statistic. Under
BEC and BSC, since the received signal is already binary, in
the conventional approach the FC simply treats the channel
as ideal. On the other hand, under AWGN, Rayleigh fading,
and Rician fading channels, in the conventional approach the
FC first demodulates the received bit by using the following
maximum-likelihood (ML) decision rules

.y ¥ N
AWGN : max R< (28) ket
T T b
mi‘;é{a,ﬁ}
2* |
exp| ———F—~
. NG
Rayleigh :  max 55 ,
xke{ab} |tk |" o7 + 02
|2k~ u]®
exp | — 52—~
) NGRS
Rician : max T .
xh €{a,b} |k |" o + o2

10° . : g 10° ;
-0- Ideal -0- Ideal
Ric. ch.—aw. Ric. ch.—aw.
-» -Ric. conv, BSC L -» -Ric. conv, BSC
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x}u
R . 107" T
R E o
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S- x"'k\ 2- * *
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Fig. 9. Error performance comparison between the proposed channel-aware
approach and the conventional methods.

Then, it updates the test statistic either by treating the channel
as ideal, i.e., using (10), (note that this approach cannot guar-
antee to satisfy the target error probabilities since its perfor-
mance highly depends on the performance of the receiver block)
or more reasonably by treating the channel as a BSC assuming
the error rate of the ML receiver is known, i.e., using (12).

A. Error Performance

Firstly, we demonstrate that the channel-aware designs pre-
sented in this paper can meet the target error performance in
noisy channels. We set « = 3 = 1072, A = |logal, B =
llog B, E[|RX] = 1 (e, |hi2 = 1,¥k for AWGN chan-
nels; oj , = 1,Vk for Rayleigh fading channels; and o, ; =
0.5, |u|? = 0.5,Vk for Rician fading channels). We define

SNR 2 ElilT o le, in Fi

s = = _3—. As an example, in Fig. 9 we show the actual
error perforrﬁances in Rician fading channels for both the pro-
posed channel-aware approach and the conventional methods.
The error performance under ideal channels is also shown. It
is seen that the channel-aware method and the conventional
method treating the channel as BSC can always meet the spec-
ified error bounds under different channel conditions. In fact,
they achieve even smaller error probabilities under bad channel
conditions, i.e., low SNR or high ¢, since they update the test
statistics even more cautiously with smaller increments. How-
ever, the conventional approach that treats the channel as ideal
is vulnerable to noisy channels. Its error performances are far
away from the bounds especially at low SNR. Similar results
are observed for the other noisy channel types.

B. Detection Delay Performance

We now show the actual decision delay performance of the
proposed channel-aware approach as a function of the achieved
error rates. In this subsection, different from the previous one
we do not determine the thresholds A and B for the given error
probability bounds. But rather, for a specific set of A and B
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Fig. 10. The average decision delay vs. the achieved error rates in Rician fading
channels.

values we simulate the schemes to obtain their operating char-
acteristics, i.e., the average decision delay and error probabil-
ities. For fair comparisons we set the channel error probabili-
ties of discrete channels, i.e., BEC and BSC, to ¢, = 0.1, Vk;
and set SNR = 0 dB for all continuous channel types. Fig. 10
compares the channel-aware scheme to the two conventional
schemes assuming ideal channels and BSC, respectively, after
bit recovery under Rician fading channels. The average deci-
sion delay of the channel-aware scheme is significantly lower
than those of the conventional schemes. Moreover, the channel-
aware scheme provides more achievable error probabilities than
the conventional schemes, since the step sizes are much finer
for the channel-aware scheme. The discrete nature of the av-
erage decision delay curve is due to having finite number of
values to update the test statistic at the FC. This phenomenon
was explained in detail in [12]. The conventional schemes have
only two possible update values that are given in (10) and (12),
whereas the channel-aware scheme uses a continuum of values
to update its LLR sum as given in (17). Similar results can be
obtained for the other channel types.

Next, we compare the decision delay performances of the
channel-aware schemes under different channels. Fig. 11 and
Fig. 12 show the results for the discrete channels and the con-
tinuous channels, respectively. It is seen that BEC has a supe-
rior performance than BSC. Note from Fig. 11 that the step sizes
are large and the number of achievable error probabilities is the
same for all three cases since there are only two LLR update
values [cf. (10)—(13)]. For each continuous channel type, the
corresponding signaling scheme discussed in Sections V-C—V-E
is used in the simulations. As expected the AWGN channel case
has a much better performance than the fading channel cases
since under AWGN, the channels are deterministic and known
to the FC, whereas in fading cases the channels are random
and only the statistics are known to the FC. Moreover, under
Rayleigh fading, channels have zero mean increasing the un-
certainty, hence this case has the worst performance among the
continuous channel types. Finally we consider the fusion rule

14 T T T T T T T T
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12| - - -BSC : 1
1

=
o
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Fig. 11. The average decision delay as a function of the achieved error rate
under different discrete channels.
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Fig. 12. The average decision delay as a function of the achieved error rate
under different continuous channels.

(48) that takes into account the unreliable detection of the sam-
pling times. We use SNR. = 0 dB for all channels; P = 20
under AWGN; P = ) = 20 under Rician; and P = 100,
() = 20 under Rayleigh. In Fig. 12, it is seen that the channel
aware scheme has almost identical performances in the reliable
and unreliable detection cases under all continuous channels.

VIII. CONCLUSIONS

We have developed and analyzed channel-aware distributed
detection schemes based on level-triggered sampling. The
sensors form local log-likelihood ratios (LLRs) based on their
observations and sample their LLRs using the level-triggered
sampling. Upon sampling each sensor sends a single bit to the
fusion center (FC). The FC is equipped with the local error rates
of all sensors and the statistics of the channels from all sensors.
Upon receiving the bits from the sensors, the FC updates the
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global LLR and performs an SPRT. The fusion rules under
different channel types are given. We have further provided
an asymptotic analysis on the average decision delay for the
proposed channel-aware scheme. We have shown that the
asymptotic decision delay is characterized by a KL information
number, whose expressions under different channel types have
been derived. Based on the delay analysis, we have also iden-
tified appropriate signaling schemes under different channels
for the sensors to transmit the 1-bit information. Numerical
examples have demonstrated the advantages of the proposed
channel-aware approach over the conventional methods.

APPENDIX
PROOF OF LEMMA 2

We will present the proof under H;, and the proof unkder Ho
follows similarly. We need to find the condition for d% > 0.
From (38), we have (see (49) at the bottom of the page). If
we choose A > (), then we will have o, + 8 < 1 which
in turn yields FG > 1, but here we will reasonably assume

that «. 8 < 0.5 and accordingly £, G > 1. Therefore, it
is clear that in order to conclude the proof we need to show

that the integral in (49) is positive. Define 71 = %

) 2 % + s, then we need to show the following inequality
(see (50) at the bottom of the page). Note that (50) holds if the
following inequality holds,

— s and

1
F (1 + Gesz-i-QSr) (1 + Fflesz-‘,-er)

- '3 (1 + Geszstr) (1 + F716527257') >
1
1

1
(1 + G—lesz—Zsr) (1 + Fesz—Zsr)

+

(14 G-les™t2s7) (1 4 Fes*+2sr) G

Thus, after rearranging terms it is sufficient to show that (see
(52) at the bottom of the page). Define p 2 824 2sr, q 2

et g (V2v — 25)e V2 (G — P71

(—V21 — 25)e=" ~V2w (] _ FQ)

ds (1 + G6782+\/§SV) (1 4 Fflefsz-‘r\/isy)

(\/51/ - 25)6’52“/55”

(1 + G*lefszf\/isv) (1 + F{zfsgfx/isv)

:(FG—1)7 {

e LF (1 + Ge—52+\/§sy> (1 —|—F—1e‘52+\/§5V>

(—\/51/ — 25)(3*32*\/581/

v
5

cC

~dv

(1+G7187527\/§su> (1+F€7527 2sy> \/2’71'

:FGfl 7 [ (\/iuf25)67(%75)2

(V20 + 2s)e” (5+7) i

V21 . LF (1 + Ge—s2+ﬁsu) (1 +F—1e—52+\/§su> + (1 N G_le—s2—ﬁsu) (1 +Fe‘52‘ﬁ5V)J

dv  (49)

7 27‘16”'5 B 27‘16’T§ dre >
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7 219 e s 27‘26’"g
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2 -2, 0 2 G-£,0 2 (FG+1)(1-4),04 2
F+F ' 4G+G,C 2 24 FG+E+ S 4 & Multiplying
both sides with —1, and rearranging terms we can rewrite (52)
as follows

(C1e%P 4 Coe? + F — 1)(e* + C3e™ + Cue®? + Cze? + 1)
< (Cre?? 4 Coel + F — 1)(e* 4 C3e® + Cye® 4 Cse? +1).
(53)

After some manipulations, we obtain the following inequality

0103(62p+q _ 6p+2q) =+ 01(6217 _ €2r1) + Co(e? — e?)
< 01(64p+2q _ 621)+4q) 4 02(641)-1-(1 _ 6p+4q)

+ (F = 1)(e* — ) 4 C1Cy(e?P 129 — 2P 130)

+ CyO3(e3P T — P39 4 C3(F — 1)(e* — ¢39)

+ (7204(62p+q _ cp+2q)

+ Cy(F = 1)(e® — ) + C3(F — 1)(c? — ¢%).  (54)
Finally, noting that p > ¢ (since s > 0, 7 > 0) if we cancel the
common term e? — e, then the inequality that we need to verify
becomes the following

C1C3ePTL + Oy (ef + et) + Cs
< 010382p+2q =+ Cle2p+2q(€p + eq)
+ 026p+q(62p + ePTd + 82q)
+ (F — 1)(e® + e21)(eP + ¢1) + CoCyePT(eP + e7)
+ C3(F — 1)(e?P 4 P77 427 1)

+ 02046]J+q + C4(F — 1)(6]) + (iq). (55)

Now assuming that C; > 0, i.e.,, G2 > F, it is straightfor-
ward to verify the inequality in (55). Since we have p+q = s% >
0, we also have ePT? < (ePT9)? eP + 1 < PT2(eF + e7),
and ePT4(e? 4 ePT7 4 ¢24) > 1. Note also that the last five
terms on the right hand side of (55) are positive due to having
F>1,C,>0,Cy >0,C3 >0,Cy > 0. Hence, CF is in-
creasing in s for all kK when G® > F. Similarly we can show
that C¥ is increasing in s for all k¥ when F'2 > G.
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