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ABSTRACT
We consider the problem of distributed detection over a muli / \

access channel. Assuming a random number of sensors trans- <.
i,m

mitting their observations using Type Based Multiple Acces, we Xir o Xiz ’
derive the detection performance using Large Deviations Rnci-
ple as the mean number of sensors goes to infinity. We charac- Sx. () A A Sx. (1) A

terize the performance in terms of error exponents. We provile [N SR

comparison with the case when the number of sensors is deter- Hi,
ministic. We generalize this scheme to multiple collectios, pro- P
pose a Minimum Sum-Rate detector and characterize its error Multiaccess
exponents. channe

1. INTRODUCTION .
In the classical setting of distributed detection, sengoithe field Fig. 1. Distributed Detection in Multiaccess, givé¥i; = n.
sense certain physical phenomenon and transmit theiraigers  exponents for TBMA scheme. However, when channels are zero-
to a fusion center, which makes decisions on the underlylf® p mean fading, the Minimum Rate Detector was shown to give poor
nomenon, with the transmissions assumed to be perfect. Wowe performance. In [9, 10] we present the analysis of TBRA iving
for large wireless networks this assumption is not valid.rédver,  multiple collections with zero mean fading and show the texise
bandwidth has to be allocated to sensors; transmissions beus of an optimal activation strategy that maximizes the errpoaents.
made energy-efficient. Therefore, Medium Access Controbbes
a crucial component. To this end, well-known deterministicedul-
ing schemes such as Time-Division Multiple Access (TDMA)yma
not be appropriate.

1.2. Summary of Results
We consider two scenarios involving Poisson number of tretas
ting sensorsV: (a) Fusion Center has access to the realizatiaoN of
Itis thus desirable to consider distributed schedulingnegues ~ (P) Fusion Center does not know the realizatiomof For both the
that facilitate the effective delivery of information fromrandom  €ases, we prove that the normalized matched filter outputsaori
number of sensors to the fusion center. We couple the seecall Center satisfies Large Deviations Principle as the mean auiob
Type-Based Multiple Access (TBMA) [1, 2] with a simple ramdo ~ SENSOrs goes to infinity. We derive expressions for.th.e tatetions
access analogous to the ALOHA protocol. Referred to as Typell Poth the cases. We study the performance of Minimum Rate De
Based Random Access (TBRA), sensors transmit probabéigi tector in our setup and prove its asymptotic optimality inme of

using a set of orthogonal waveforms keyed to their measureme ~ €1TOr €xponents. We give comparisons with the case when eumb
of sensors is deterministic and demonstrate it with nuraéggam-

1.1. Related Work . . ples. We also address issues such as scalability and caiopata
The problem of classical distributed detection has beeft ieeon-  requirement at the fusion center. We give a generalizatfoouo

siderable detail [3]. Detection on wireless sensor nete/¢tk5] as-  scheme to multiple collections. We suggest a Minimum SurteRa
sumed orthogonal schemes like TDMA, FDMA or CDMA. TBMA  detector and characterize its error exponents. Given thet@int
was proposed as a multi-access scheme by Mergen and Tonw[6] aof total expected transmissions, we analyze whether sorgieulti-

by Liu and Sayeed [2], independently. ple collections is advantageous. When mean number of sepsor

In[6, 7, 2], it has been shown that, in the presence of camiti  collection is large, there is no difference in performance.
ally i.i.d. data and identical channel gains, the asymgptpérfor-
mance of TBMA is same as the case when fusion center has direct ) 2. SYSTEM MQDEL )
of the TBMA scheme with i.i.d. non-zero mean channel gairgs an S€nsor involved in the transmissfosay sensoj, has measurement

conditionally i.i.d. data was given. It was shown that th@eprob- ~ Xi,; € {1,---,k} quantized td: levels. We assume thaf;; are
abilities decay exponentially with number of transmittisgnsors. ~ conditionally i.i.d across time and sensors with Pifi.e.,

ini ich gi i.id.
A Minimum Rate detector was proposed, which gives the best er Xi, iic po = (po(1),- - po(k)), 0 € {60,061}
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TBRA: In the " collection, node j may transmit probabilistically
(possibly by flipping a coin). When it decides to transmitgiit-

3. MINIMUM RATE DETECTOR
We shall focus in this section and next section, on the siogllec-

codesXj;,; to a certain waveform and transmits it over a multiaccession model. For ease of notation, we drop the time inglax(2).

fading channel. As in TBMA, a set df orthonormal waveforms

{#:(t),i = 1,--- ,k} are used, each corresponding to a specific

data value. Specifically, given energy constrdihper sensor trans-
mission, the signal transmitted by sengan collection: is given
by,

Sii(t) = VE¢x, , (1).

N
Y =) Hjex, +W.

j=1

Q)

In this section, we recap results involving fixed number ofsees
i.,e., N = A. We know that the optimal detector at fusion center
has the form of a Likelihood Ratio detector. However, the pota-

Channel Characteristics: We assume that the channels betweention of likelihood function for the normalized matched filtitput is

the sensors and fusion center are flat fading with i.i.d noo-aeean
channel gairs H; ; € R with meanur. Noise W;(t) is AWGN

process with p.s.d?. If N; is the random number of sensors trans-

mitting at collectioni, the fusion center receives waveform,

N;
Yi(t) =Y Hi;Sx, ,(t) + Wi(t).

Matched Filter Output: The matched filter outpuY'; is the inner
product between the received sigha(¢) and the orthogonal wave-
forms ¢1(¢), ..., ¢x(t). Letes, ---, e, be standard basis vectors

andW; < NV(0, %21). Then,

>

1
VE
N;

Z H;jex, ; + Wi.

j=1

Y, [CAORACIEENCACREAONE

@)

Poisson Number of sensors: We model the number of sensors
involved in each transmissiaN; as i.i.d Poisson with meax There
are several reasons to consider random access. The sersousen
a simple probabilistic wake-up strategy in which a sensaidies
to participate in transmission based on a simple coin-flipother
possibility is that the fusion center is a mobile accesstpaind it
travels to different regions to collect data.

Error Exponents: For a given decision rule at the fusion center, let

a £ P{Ho — Hi} and & P{H: — Ho} denote theType-I/II
error probabilities. Let); andrn, denotethe error exponent$

©)

.1 .1
m=— AILH;Q 5\ loga, m2=— AILH;Q 5\ log 3.

Using the “worst exponent wins” rule, the exponent of ernmta-
bility under Bayesian setting is given lbyin (7, 72).

Decision Statistic and Type: In Information Theorytype or em-
pirical distribution of a sequence is the relative proportof occur-

generally intractable for TBRA setup. Instead we study thaxp-
totic nature of random vectdy in (5), using Large Deviations Prin-
ciple (LDP). LDP characterizes the probability of large@nsions of
Y from its “mean” behavior by quantifying the so-called rated-
tion I(-) [12]. In essence fol satisfying LDP}

Pr{Y € B.(y)} = e~ MM FO())+o(N) -~ () (6)
wherey € R* andB.(y) is a open ball inR* centered ay with
radiuse > 0. Note thaiD(¢) — 0 ase—0and2}) — pas\ — oc.

In other words for large\, the probability thaly” turns out to be
in the close vicinity ofy behaves as~*¥). Let the rate function
of Y under hypothesi§t; be I;(-). Then the decision regions of
Minimum Rate Detector are given by,

lo={yeR": Ih(y) < L(y)}, Ti=R'\Io. (7)
Thus the Minimum Rate Detector decides thés is true if the
asymptotic likelihood undek, is higher i.e.e™*0®) > =21 (),

Theorem 1 [1, 8] For fixed number of sensors, the normalized
matched filter outpul- satisfies LDP as\ — oo with rate functions
I;(+), under hypothesigt;.

Then the Minimum Rate Detector maximiz€s (7, 72) amongst
all detectors based o% and thus achieves the best exponent of er-
ror probability in the Bayesian setting for TBMA scheme. eltsor
exponents are given by,
n2 = inf I(x).

m = inf Io(z), Jnf (8)

zel'y
4. SINGLE COLLECTION
Consider the following cases with Poisson number of sensors
1. Fusion Center has access to the realizaNoa: n.
2. Fusion Center does not know the realizathén= n.

From Theorem 1, Minimum Rate Detector gives optimal error

rences of each symbol from a finite alphabet [11]. In the TBMAexponents when LDP holds. Thus the key issue is establigiry

setup with fixed number of sensars., N; = A\, when noise and
fading are absent{; ; = 1 ando = 0),

A
Y; 1
PRIt
=1

The normalized matched filter output is the scaled histogratype
of sensor observation. Hence we have the name Type Baseipldult
Access.

4)

2The results of this paper can be generalized to complexedabhannel
gains with minor changes.
3Throughout the paper, the notatibsy refers to natural logarithm.

for the above two cases as the mean number of sensors goés-to in
ity. We also need to characterize their respective ratetimme

4.1. N is Random and Known

This is a reasonable assumption if the fusion center can gebd
estimate ofV (eg : identical channels and low noise variance). This
scenario is intermediate between deterministic and ranfoom-
known N. By studying this case, we can characterize the usefulness
of knowing the realization ofV. We first prove that LDP holds and
give expressions for rate functions.

42" js used in the same sense as in (6) throughout the paper



Theorem 2 (Characterization of Rate Function)% satisfies Large  where ¢ (-) is the MGF of fading distribution. Since the opti-
Deviations Principle for integrah and A — oo, with rate function = mization is unconstrained, it can be reducedktindependentl-

I7%(-) under hypothesigt;, dimensional optimizations. This is much simpler to compitizn
for the deterministic case, which is non-separable.
rk —Id
IMy) = 1-e 10 5. PERFORMANCE ANALYSIS

where,I¢(-) is the rate function for deterministic number of sensors,For different cases ofV, the error exponents can be obtained by
substituting their rate functions in (8). We give the express for

14(y) = su t) — log ¢ (t)). 9 rate functions in the table below.
(y)< 1:p(><y > <0(0) N Nature of N Rate Function
. — t,Hiex H . .
whereg; (t) = Eq, (e 1) is the moment generating function Determinisiic ) = sure (0 5 102 9.0))

of a single “faded” observation.
J Random& Known I y)=1— e 1{®

Random& Unknown | 17 (y) = sup, ({y,t) — ¢:(t) + 1)

Proof: We use the fact that, we have LDP wit,tgiven N = n, with

. d .
rate function/;’ () i.e, We note that since? is not present in the rate functions, noise

does not affect the error exponents. This is because the thg-

d
P(% € Be(y) ‘ N =n; 92) = Iy ation probability of the normalized noise teriy, ~ A/(0, g—;l)
decays super-exponentially in all the above cases.
We marginalize w.r.iV to obtain the likelihood function of;. Using Minimum Rate Detector is asymptotically optimal and givies t
Stirling’s formula and the principle of logarithmic equigace [13],  best error exponents for the TBRA scheme. This is becausawee h
we obtain the rate function. n Large Deviations in all the above cases and assume the retidus

Given N = n, the Minimum Rate Detector makes a decision to be I-continuous in the interior of their domains.
based 9“% using the deterministic rate functldff(.-).. Therefore Scalability: Consider the practical scenario of sensor duty-cycle.
the decision regions are the same as in deterministic casesefi- T4 jncrease) we just need to increase the wake-up probability of
sors. But to compute the error probabilities, we need to malige  sensors. Moreover on increasingthe energy distribution (battery
w.r.t V. We obtain the error exponents by substitutirig(-) in (8). power) is uniform among sensors, on the average. This isfin co
Since we can comput& , TBRA deliverstypeof sensor obser-  ast to the deterministic case, where to improve perfooaanew

vations in the absence of fading and noise, as in the detistinin - sensors have to be deployed in the field and the resultinggés-
case. However, we see that the the rates of decay of likedihoc- tribution among the sensors is non-uniform.

tions and error probabilities are slower than in the deteistic case
i.e, 1™ (-) < I%(-) andn™ < n?. Intuitively this is because of ran-  Numerical Example : On-Off Channel

domization inN which implies that for a giver\, every realization The channel gains arH; ~ Bernoulli {0, 1} with meang.
of V is not guaranteed to be large. The rate functions can be evaluated in closed form. FromZB)g
4.2. N is Random and Unknown IM(y) < I'*(y) < Ii(y), o™ <n™<n™

This scenario is easy to implement in practice. However, tiav )

decision statistic is¥ instead of . Thus even in the absence of ~ The Type I/Il error exponents are also evaluated in closeu fo
noise and fading, TBRA does not deligpeof sensor observations. and are attained on the boundary of Minimum Rate Detector. Ad
|ntuitive|y we expect some performance degradation. H@NBNG d|t|0na”y, we find that the error eXponer‘ItS for known andnmkn

show that this degradation is only in the rate function andPlsgill IV are equal.e., 7™ = #"". We give simulation results in Fig.2b
holds as\ — oco. and Fig.2c. In Fig.2b, the Large Deviations (LD) estimafengto

e~ ™. Since we neglect the’™ term, it is not accurate for small.
Theorem 3 (Characterization of Rate Function)% satisfies Large  There is a performance gap between the random and detetiminis
Deviations Principle for integrah and A — oo, with rate function N at large) as predicted. The curves for the known and unknown

I7*(-) under hypothesigt;, randomN lie on each other. This agrees with the resfift = n".
I7"(y) = sup ((y7t> - ¢i(t)) +1 (10)  Thus asymptotically there is no performance gain in knowtime
teRk realization of N for on-off channels. In Fig.2c aks grows, the ex-

ponent in the simulations approaches the theoretical eqoi hus

. _ (t,Hye )
where,¢;(t) = Eo, (e T ) the rate of decay of error probability agrees with theoryaibcases.

Proof: We compute the asymptotic log-moment generating function 6. MULTIPLE COLLECTIONS

of X and apply the Gartner-Ellis Theorem [12]. [ | Single collection scenario assumes that we can incraaseany
value to get the required performance. But there might betipra

Computation of the Rate Function cal constraints in increasing, such as synchronization. Moreover

The rate functions are unconstrained concave optimization-  increasing\ beyond a point results in more transmissions on the av-
lems ink-dimensions. They may not have closed form expressionsgrage. In a constrained area, this makes the fading gainslated,
but can be evaluated numerically. This is much simpler thaitue  thereby contradicting the i.i.d assumption. Thus we needisider
ating the actual likelihood function. We see that for randomd un-  the general case where the fusion center collects more tiesam-
known case, the optimization problem is separable as te€uat-  ple. We assuma to be inLD regime.i.e., \ is large enough for the
tion can be written as, LD Estimate to be close to the actual error probability.

Let [ be the number of collections. On the lines of Minimum
Rate Detector, we define Minimum Sum-Rate Dete(fiat) by De-

k
Ii*(y) = Sl:p Z(yjtj — Po; (])¢H(tj)) +1 cision Regions,

=1
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Simulation Values .7 = 0.5, pg, = [0.8,0.2], pg, = [0.2,0.8], 6% = 0.1.

and showed linear improvement in the error exponents wille@co
tion size. In contrast to this fixed sample size scheme, wegz®to

k. search for sequential schemes where certain criteria loave tet
To = [Z (Io(yj) -k (yj)) = 0] o Ti=R"\To. and the size of the collection is a random variable.
=t The results in the paper depend crucially on the non-zerammea
gfading assumption. When channels are zero-mean fadingJithe
Imum Rate Detector gives poor performance. In [9, 10] weqmes
an analysis of TBRA involving multiple collections with zemean
fading and show the existence of an optimal activation egratop-
timal \) that maximizes the error exponents.

l

We can show that the Minimum Sum-Rate Detector gives optim
error exponents foi-collections in TBRA scheme. We express the
error exponent for multiple collections, in terms of errgpenent of

a single collection, in the lemma below.

Lemma 1 Assume that the rate functions are continuous in the in-
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