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Optimal Stochastic Policies for Distributed Data
Aggregation in Wireless Sensor Networks
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Abstract—The scenario ofdistributed data aggregation in wire-  prefers to aggregate as much as possible information before
less sensor networks is considered, where sensors can obtain angending out a sample with the aggregated information. The
estimate the information of the whole sensing field through local aggregation operation is also helpful in reducing the autige

data exchange and aggregation. An intrinsic trade-off between f icati H delay due t it
energy and aggregation delay is identified, where nodes must 0" COMMuNICation reSources. However, aelay due to wailing

decide optimal instants for forwarding samples. The samples for aggregation should also be taken into account as it is
could be from a node’s own sensor readings or an aggregation directly related to the accuracy of the information repnése
with samples forwarded from neighboring nodes. By consid- py certain temporal distortion [5]. This is especially true
ering the randomness of the sample arrival instants and the {4 certain time-sensitive applications in large-scaleeteiss

uncertainty of the availability of the multi-access communication twork h . ¢ itori disast
channel, a sequential decision process model is proposed to sensor networks, such as environment monitoring, disaster

analyze this problem and determine optimal decision policies relief and target tracking. Therefore, fundamental trade-
with local information. It is shown that, once the statistics of off exists between energy and delay in aggregation, which
the sample arrival and the availability of the channel satisfy imposes a decision-making problem in aggregation openatio
certain conditions, there exist optimal control-limit type policies A noge should decide when is the optimal time instant for
which are easy to implement in practice. In the case that the . . . . .
required conditions are not satisfied, the performance loss of sending out the aggregated information, given ar?y availabl
using the proposed control-limit type policies is characterized. In local knowledge of the randomness of sample arrival as well
general cases, a finite-state approximation is proposed and two as the channel contention. In general, the exact optimad tim
on-line algorithms are pr_ovided to solve it. Practical. distributed jnstants might not be easy to find. However, since compurtatio
data aggregation simulations demonstrate the effectiveness tfe 5 1 ch cheaper than communication [6], [7], exploiting the
developed policies, which also achieve a desired energy-delay . .
tradeoff. on-board computation capabilities of sensor nodes to désco
near-optimal time instants is worthwhile.

In this paper, we propose a semi-Markov decision process
(SMDP) model to analyze the decision problem and deter-
mine the optimal policies at nodes with local information.
I. INTRODUCTION The decision problem is formulated as aptimal stopping
problem with an infinite decision horizon and the expected

Ata aggregation is recognized as one of the basic d : o o
tributed data processing procedures in sensor netwo}%al discounted reward optimality criterion is used toetak

for saving energy and reducing contentions for commur”—‘to account_ the effect of de!a_y. In the propqsed fo_rmgha,tlo
cation bandwidth. We consider the scenario ditributed 'nStead of directly characterizing the complicated intécm

data aggregationwhere sensors can obtain and estimate t gtween energy consumption and delay in the aggregation

information of the whole sensing field through data exchan e how much delay can tradeoff how much energy), the

and aggregation with their neighboring nodes. Such ful oposed reward structure (see Section II-A) addressesch mu

decentralized aggregation schemes eliminate the neecéar fi ore natgral objective in data aggregatlpla 4qwer energy
tree structures and the role of sink nodes, i.e., each nade ggnsumption and a lower delay are bett@ith this objective,

obtain global estimates of the measure of interest via Ioctg Intrinsic engrgy-delay trz_ideoff "."Ch'e"e$ one_of |tsléma_
information exchange and propagation, and an end-user en the maximal reward is obtained. With this formulation,

enquire an arbitrary node to obtain the information of th&® show that, once the statistics of sample arrival and the

whole sensing field. Because of its robustness and ﬂe)yibilﬁvailabi”ty of the multi-access channel approximateltisip

in face of network uncertainties, such as topology change Spertain conditions as described in Section IV, there exsisis

nodes failure, it stimulated a lot of research interestemty, ple control-l_imit typ_e policies which are optimal_and easy_to
e.g., [1], [2], [3], [4]. In [1], the authors present the matiion implement in practice. In the case that the required cooti

and a good example of distributed, periodic data aggrergati@re not satisfied, the control-limit policies are low-coaxily

The local information exchange in distributed data agg-reg%ltetr)nat'\ijeS dtovt\?e ciptlmal policy a?d{he {:)etrformancg hmﬂt_s f
tion generally is asynchronous and thus the arrival of samp € bounded. We alSo propose a tinite-stale approximation o

at a node is random. For energy saving purpose, a notag original decision problem to provide near-optimal piels

which do not require any assumption on the random processes
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programming (ARTDP) and real-time Q-learning (RTQ), tdhe existing results for these problems, however, can not
solve the finite-state approximation. These algorithmseae- be directly applied to the aggregation problem considered
tically useful on current wireless sensors, e.g., the @mss in this paper due to some commonly used but unrealistic
motes [9]. The numerical properties of the proposed pdiciassumptions in these prior works. For example, the total
are investigated with a tunable traffic model. The simutato  number of random events, such as the number of fish in a
a practical distributed data aggregation scenario derratest lake, the number of bugs in a manuscript or the number of
the effectiveness of the policies we developed, which camformation sources in web search, is usually assumed to be
achieve a good energy-delay balance, compared to previgither deterministic and known or random but its distribnti
fixed degree of aggregation (FIX) scheme and on-demaisdknown. And the random events are usually following an
(OD) aggregation scheme [10]. (known) independent and identical distribution (i. i. d/e

To the best of our knowledge, the problem of “to send gelax these assumptions in analyzing the data aggregation
wait” described earlier, has not been formally addressed @®blem. Moreover, with the introduction of the SMDP model
a stochastic decision problem. Related work is also limitednd the learning approaches, the solution provided in #pep
Most of the research related to timing control in aggregmatiois more practically useful in the sense that it can be applied
i.e., how long should a node wait for samples from its chiidreto the data aggregation problem in continuous-time domain,
or neighbors before sending out an aggregated sample g®cusith an unknown probability model.
on tree based aggregation, such as directed diffusion [11],
TAG [12], SPIN [13] and Cascading timeout [14]. In these Il. PROBLEM FORMULATION
schemes, each node has preset a specific and bounded period . -
of time that it should wait. The transmission schedule at/ A Semi-Markov Decision Process Model
node is fixed once the aggregation tree is constructed anduring a data aggregation operation, from a node’s locdlize
there is no dynamic adjustment in response to the degant of view, the arrivals of samples, either from neighbgr
of aggregation (DOA), i.e., the number of samples collectawdes or local sensing, are random and the arrival instants c
in one aggregation operation, or the quality of aggregatée viewed as a random sequence of points along time, i.e., a
information. One exception is [15], in which the authorsénavpoint process. We define the associated counting process as
proposed a simple centralized feedback timing controlregt the natural processAs an aggregation operation begins at the
based aggregation. In their scheme, the maximum duratimstant of the first sample arrival, tretate of the nodeat a
for one data aggregation operation is preset by the sink gpafticular instant, i.e., the number of collected sampiethht
propagated to each node within the aggregation tree; thiestant, lies in a state spa®é = {1,2,...}. On the other hand,
each node can calculate its waiting time for aggregation afat a given node, the availability of the multi-access chenn
execute the aggregation operation; when the data is cedlecfor transmission can also be regarded as random. This can be
by the sink, the sink will evaluate the quality of aggregatiojustified by the popularity of random access MAC protocols in
and adjust the maximum duration for aggregation for the newireless sensor networks (e.g. [23]). Only when the channel
cycle. Distributed control for DOA is introduced in [10]. &h is sensed to be free, the sample with aggregated information
target of the control loop proposed in their scheme is twuld be sent. Thus, at each available transmission eploeh, t
maximize the utilization of the communication channel, anode decides to either (a) “send”, i.e., stop current aggieg
equivalently, minimize the MAC layer delay, as they mainlpperation and send the aggregated sample or (b) “wait” and
focus on real-time applications in sensor networks. Energjyus give up the opportunity of transmission and continue to
saving is only an ancillary benefit in their scheme. Our comcewait for a larger degree of aggregation (DOA). These avhilab
is more general than that in [10] as the objective here fisansmission epochs can also be catledision epochs/stages
to achieve a desired energy-delay balance. Minimizing MAThe distribution of the inter-arrival time of the decisiogmoehs
delay is only one extreme performance point that can lbeuld be arbitrary, depending, for example, on the specific
reduced from the general formulation proposed in this pap®&AC protocol. The sequential decision problem imposed on

As one of the most important models for stochastic se-node is thus to choose a suitahlgtion (to continue to wait
quential decision problems, the Markov decision proce$s more aggregation, or stop immediately) at each decision
(MDP) and its generalization SMDP have been applied &poch, based on the history of observations up to the current
solve various engineering problems in practice (see numseralecision epoch. Adecision horizorstarts at the beginning of
examples in [16]). In network research literature, MDP anah aggregation operation. When the decision for stopping is
SMDP models are well-known for solving problems such asade, the sample with aggregated information is sent out and
admission control, buffer management, flow and congestitine node enters an (artificial) absorbing state and stays in
control, routing, scheduling/polling of queues as well ks t this absorbing state until the beginning of the next denisio
Internet web search (e.g. see [17] and the references iiherdnorizon. See Fig. 1 for a schematic diagram illustratingé¢he
The optimal stopping problems are an important subset @berations.
stochastic sequential decision problems, with importgt a To model the decision process on an individual node,
plications in areas of statistics, economics and mathealatiwe assume that, at an available transmission epoch syith
finance [18], [19]. Among various existing optimal stoppingollected samples on the node, the time interval to the next
problems, our work has some of the flavor of the fishingvailable transmission epoch (i.e., the instant that ttencal
problem [20], [21], the proofreading and debugging probleis idle again) and the number of samples that will arrive @n th
[18] as well as the aggregation problem in web search [22Jode in this interval only depend on the number of samples



| Random Sample Ariva Random Aveha 1 MAC control overhead and is a simple function of DOA,
i.e., the states. Thus, the aggregation gairis) defined

% & % above may be used to represent the actual energy saving
in AIDA.

2) The aggregation problems using application-dependent

;-1 g Sf s e b ™ data aggregation (ADDA) with the interested quantity

s o A et 5 summary in which the actual energy saving has a
“—— Decision Horizon 5 simple relation to the number of samples aggregated.
The examples of such quantity summary include the

Fig. 1. A schematic illustration of the decision process mddel data maximum/minmum, average, count and range of the

aggregation at a node. The decisions are made at availalisntigsion . .
epochs; with the observation of the current node’s statee., the number interested quantity. In these examples, the actual energy

of samples collected, and the elapsed tiig §W;, actiona is selected (0: saving is approximately proportional to the number of

continuing for more aggregation; 1: stopping cu_rrent a@ieg). Aft_er Fhe aggregated samples and thus can also be modeled by the
action for stopping, the node enters the absorbing shatél the beginning function g(s) defined above

of the next decision horizon.
One should also note that the actual energy gain using ADDA
) might be complicated in some cases, not purely determined
already collecteds,, irrelevant to when and how these,  py the number of collected samples. One of such examples is
samples were collected. We state this condition formally i aggregation operation performed with lossless corsimes
the following assumption. The effectiveness of this candit algorithms. In this case, the energy saving depends on the
will be justified by the performance of decision policies®®s qrejation structure of the collected samples and in ggner
on it in Section V-B. _ this correlation structure can not be simply determinedHhay t
Assumption 2.1Given the state,, € " at thenth decision  mper of samples, but closely related to other properties
epoch, if the decision is to continue to wait, the random tim& e samples, such as the locations and/or the instants of
interval 6y, ;1 to the next decision epoch and the randomeneration of these samples. To apply the proposed frarkewor
incrementX,, ., of the node’s state are independent of thg, these aggregation problems, we can redefinesthgeof a
history of state transitions and thgh transition instant,,. node in the decision process model ingluding the factors
_ With Assymption_ 2.1 _and the obserygtion that the qismb‘t'hat affect actual energy saving in the aggregatiohough
tion of the inter-arrival time of the decision epochs migkt byis redefinition of the state space in the decision process

arbitrary, the decision problem can be formulated with aisemy,qqel would change the size of the state space and thus
Markov decision process (SMDP) model. The proposed SMQRight raise some computational issues in implementation.
model is determined by a 4-tuples, A, {Q7;(7)}, R}, which  £or example, assume the energy saving is determined by the
are the state spacg, action set4, a set of action-dependentyysical locations of collected samples and all possibiepta
state transition distribution$Q7;(7)} and a set of state- and|ocations are in a finite set. By redefining the state space
action-dependent instant rewaréts Specifically, S’ in our decision process model as the set of all subse¥s of
« §=5U{A}, whereA is the absorbing state; except the null set, there exists certain functiga),s € S’
o A={0,1}, with A; = {0,1},Vs € S" andA; = {0} for to represent the actual energy gain.
s = A, wherea = 0 represents the action of continuing jth this SMDP model, the objective of the decision
for aggregation and = 1 represents stopping the currenproblem becomes: find @olicy 7* composed ofdecision
aggregation operation; rules {d, },n = 1,2, ..., to maximize the expected reward of
e Qf(7) = P {dWni1 < 7,8041 = jlsn = i,a}, 4,5 € aggregation, where the decision rag, n = 1,2, ..., specifies
S,a € A; is the transition distribution from stateto j the actions on all possible states at thth decision epoch.
given the action at stateis a; Qj» (1) = u(7) fori € S’ As our target is to achieve a desired energy-delay balahee, t
and QA A (1) = u(7), whereu(r) is the step function;  reward of aggregation should relate to the state of the node
= {Té’ a)}, where when stopping (which in turn determines the aggregation gai
r(s,0) = { g9(s), a=1,s€ S’ g(s)). and the experien(?ed aggregation _d(_elay. To incorporate
0, otherwise the impact of aggregation delay in decisions, we adopt the
with ¢(s) as the aggregation gain achieved by aggregatiﬁ_ pected total discounted reward o_ptlmallty cr_|ter|onh/\_m:
scount factora > 0 [16]. That is, for a given policy

s samples when stopping, which is nonnegative a e
nondecreasing with respect to (w.r4.) m = {d;,ds,...} and an initial states, the expected reward
is defined as

The specific form of(s) depends on the application. Specifi-

cally, the energy saving in two classes of aggregation prabl

can be appropriately characterized by the aggregation gain v (s) = EY
g(s) in this formulation.

1) The aggregation problems using application-independevheres, = s, to = 0 andtg, t1,... represent the instants of
data aggregation (AIDA) scheme [10]. In AIDA, thesuccessive decision epochs. The motivations for the choice
collected samples in an aggregation operation are caf- an exponential discount of the reward w.rt. delay in
catenated to form a new aggregated sample. The ene(dy are as follows. First, exponential discount is monotone
saving of this operation comes from the reduction iand thus satisfies the intuition on the monotonic decrease

Z e_atnr(snadwrl(sn)) (1)

n=0




of the reward w.r.t. the increase of delay. Second, from & The Optimality Equations and Solutions

application perspective, an exponential discount fumcto Under Assumption 2.2, obtaining the optimal reward=
delay can be a good indicator on the information accuraay. Fo*(A) v*(1) ... |* and corresponding optimal policy can be
example, in a commonly used Gauss-Markov field model fachieved by solving the following optimality equations
spgtial—temporal correlated dynamic 'phenomena, the acgur o(s) max {g(s) + v(A), E[v(j)e ™" |s]}

of information decreases exponentially with the delay [5]. —  max{g(s) + v(A) Zqo»(a)u(j)} 4)
Third, the proposed multiplicative reward structure and th ’j>s *

exponential discount function can also handle the additive -

discount (w.r.t. delay) cases. For example, the commonly € S" and v(A) = v(A) for s = A, where the first term
used rewardr(s) — ot in optimal stopping/MDP literature in the maximization, i.e.g(s) +v(A), is the reward obtained
can be easily translated into the proposed reward structé stopping at state, and the second ternf[v(j)e™"|s],
with g(s) 2 ¢"®). The monotonicity of the exponential’€Presents the expgccted reward if continuing to wait aestat
function guarantees that two reward structures have the sam!n (4), ¢5;(a) = [~ e7°7dQ4;(7), a € A, is the Laplace-
maximizer. Finally, the exponential discount w.r.t. delay Stieltjies transform o®¢; () with the parametes(> 0). And
the reward structure is helpful in developing practicaseful it is straightforward to see that ;. ¢7;(a) < 1.

control-limit policies (in Section 1ll) and learning algthms ~ Note that the solution of the above optimality equations
(in Section 1V) as it perfectly fits the SMDP model and thuts not unique. Following similar procedures to the proofs of
simplifies mathematical manipulations. On the other hanfileorem 7.1.3, 7.2.2 and 7.2.3 in [16] by substituting the
we admit that there are other choices for selecting the delg@nsition probability matrid, in the theorems with Laplace-
discount function in the decision process model [22]. Theda Stieltjes transform matriMy £ [¢f;(o)], d(i) = a,4,j € S,
idea of the proposed decision framework can still be appli® our problem, we have

though the analytical results might be slightly differender ~ Result 1 optimal rewardv® > 0 is the minimal solution of

these different reward settings. the optimality equations (4) and consequentijtA) = 0.
By defining Furthermore, by applying Theorem 3 (Chapter 3) in [18] on
the SMDP model, we obtain
v*(s) = supv™(s) ) Result 2 there exists an optimal stationary policy™ =
7 {d,d,...} where the optimal decision rulg is
as the optimal expected reward with initial statec S, we d(s) = arg max {ag(s) + (1 — a)quj(oe)v*(j)} (5)
are trying to find a policyr* for which v™ (s) = v*(s) for all achs i>s

s € 5. Itis clear that*(s) > O forall s € Sasr(s,a) > 0for v ¢ g/ andd(A) = 0.

all s € S anda € A,. We are especially interested if(1)  Although (5) gives a general optimal decision rule and the
since an aggregation operation always begins at the instagtresponding stationary policy, it relies on the evabmatof

of the first sample arrivdl Furthermore, in an aggregationi,e optimal reward/*. In the given countable state spagé
operation, by stopping at theth decision epoch with stateye have not yet provided a way to solve or approximate the
s, € 5" and total elapsed time,, the reward obtained at theyajye ofv*. To obtain an optimal (or near-optimal) policy, we

stopping instant is given by will investigate two questions:
v £y = ot 3 1) Is there any structured optimal policy which can be
n(Sn tn) = g(sn)e ©) obtained without solving/* and is attractive in imple-

mentation? What are the conditions for the optimality
of such a policy? And how much we lose in the value
of reward by using such policies when the optimality
conditions are not satisfied?

Without structured policies, can we approximate the

where the achieved aggregation gaifs,,) is discounted by

the delay experienced in aggregation. To ensure theresexist
an optimal policy for the problem, we impose the following
assumption on the reward at the stopping instant [18]. 2)

Assumption 2.2(1) E[sup,, Y5.(sn,1,)] < oo; and (2) value of v* with a truncated (finite) state space, and

limy, o0 ¥ (sn, tn) = Yoo = 0 with probability 1. _ is there any efficient algorithm to obtain the solution for
This assumption is reasonable under almost all practical — gych finjte-state approximation?

scenarios. Condition (1) implies that, for any possibleiahi
states € S’, the expected reward under any policy is finit
[18]. This is realistic as the number of samples expect
to be collected within any finite time duration is finite. For
any practically meaningful setting of the aggregation gain
its expected (delay) discounted value should be finite. InIn this section, we will discuss the structured solution of
condition (2),Y. = 0 represents the reward of an endlesthe optimal policy in (5). Such a solution is attractive for-i

aggregation operation. In practice, with the elapse of tinémentation in energy and/or computation capability tedi
(asn — oo, t, — o0), the reward should go to zero sinceS€nsor networks as it significantly reduces the searcht éffior

aggregation with indefinite delay is useless. the optimal policy in the state-action space once we knovethe

The answers to the questions will be presented in the fatigwi
z\go sections, respectively.

IIl. CONTROL-LIMIT POLICIES

3The equation states that the value of the absorbing Atasea free variable
2Note that the first actual available transmission epoch withidecision in the optimality equations and thus mathematically, thereirdiigite number
horizon is not necessary to be the instant that 1 (as shown in Fig. 1). of solutionsv(> 0) to satisfy the optimality equations.



exists an optimal policy with certain special structure. &ve number of samples or more (e.gz, m samples), than

especially interested in @ontrol-limit type policy as its action that with a larger number of samples already collected
is monotone in state € 5, i.e., 7 = d* = {d,d,...} with (e.g., state + 1), by the next decision epoch;
the decision ruled then the condition for the existence of an optimal contimitl
d(s) = { 0, s<s* ©) policy in Theore_n_1 3.hlmost alway_éwolds. We formally state
1, s>s* "’ the above conditions in the following Corollary.

Corollary 3.2: Under Assumption 2.2, suppogéi + 1

where s* € S’ is a control limit. Thus, the search for the ;
optimal policy is reduced to simply finding, i.e., athreshold 9(2) 2 0 is non-increasing with statefor all i € 5" and if the
ollowing inequality (12) holds for all states> s, i,s € S’

on the number of samples that a node should aggregate be orge (7) is satisfied at certain
initiating a transmission.

D QYN 2D Qi n(n), Vh>i Yr>0. (1)

A. Sufficient Conditions for Optimal Control-Limit Polisie i>k i>k

By observing that the state evolution of the node is norhen, there exists an optimal control-limit policy.
decreasing with time, i.e., the number of samples collectedAs a special case of Corollary 3.2, if the dependency
during one aggregation operation is nondecreasing, weq®ovof QO () on the current state can be further relaxed,
in Theorem 3.1 a sufficient condition for the existence gfe., the (random) length of the interval between conseeuti
an optimal control-limit policy under Assumption 2.2, whic transmission epochs and the (random) number of samples
is primarily based on showing the optimality of one-stagesrrived within this interval are independent of the number
lookahead (1-sla) decision rule (or stopping rule [18]). of samples already collected by the node, (12) is satisfied as

Theorem 3.1:Under Assumption 2.2, if the following in- QO( ) = Qz-‘rl]-i-l( T) & i O (7),Vj >i,i € S Vr>0.

equality (7) holds for alli > s, i,s € 5’ once it holds for Thus, there exists an optimal control-limit policy. Funtimere,

certains, for a linear aggregation gaig(s) = s — 1,
0 1 - o0 /- —aT
$) 2 D dy(@)g(i), M) Yo a%(@)9l) = Sy foo (= DemomdQl(r)
izs = E[Xe W]+ (s —1)E[e- "],
then a control-limit policy with the control limit where W is the random interval of consecutive available
s*=min{s > 1:g(s) > quj (8) transmission epochs andl is the increment of the natural
i>s process (i.e., the number of arrived samples) in the interva
is optimal and the expected reward is From (8), a closed-form expression for the optimal control
N . limit s* can be obtained as
S~} — ijlej(a)g(]Jrs -1), s<s
’U(S) - > g*f (9) ]E[Xe*asw]
9(), s> s o {] n 1] , (13)

whereH(a) 2 [Hy;(a)] = (I — A)~'B with A 2 [4;] € 1 - Efem>W

R(s"=1)x(s"=1) Eqn. (13) is practically attractive since the optimal timed
N @), 1<i<j<s 10 number_of the sgmples that a node should agg_regate can
W= 0, otherwise (10)  pe obtained by directly measuring the expected “incremen-

A (s —1)xo0 tal reward” E[Xe~2°"] and the expected “delayed-induced

andB = [B;;] € R discount factor’E[e~*9"] during the aggregation operation.
Bij =qj(e), 1<i<s’,j>s". (11)

Proof: See Appendix A. m B. An Upper-Bound on Reward Loss with the Control-limit

In Theorem 3.1, the optimality of 1-sla decision rule tell§olicy in Theorem 3.1
us that, at a transmission epoch, if the node thinks that thewhen the conditions in Theorem 3.1 or Corollary 3.2 are not
currently obtained aggregation gain, discounted by thaydelsatisfied, the control-limit policy with the control-limiit (8) is
is larger than the expected discounted aggregation gaimeat ot necessary to be optimal. In this case, a natural queistion
next transmission epoch, it should stop the aggregation- opkow much we lose in the value of reward by using the control-
ation and send the aggregated sample at current transmissimit policy with the control-limit in (8). To characterizeuch
epoch. However, this sufficient condition for the optimalitloss, we impose the following assumption.
of the control-limit policy in Theorem 3.1 requires to check Assumption 3.3(1) 33 € (0, 1), such thatzps q2i(a) <
(7) for all states, which is rather difficult computatioyalVe 53, vs € S’; (2) 3L > 0, such thaty" - 49;(a)g(j) < g(s) +
would thus like to know if there exists any other conditiorr, vs e 5.
which is more convenient for us to check for the optimality |n this assumption, condition (1) implies that the (random)
of 1-sla decision rule in practice, even if it is sufficient $ho time for the state transition between two consecutive d@tis
but not all of the time. For this purpose, we show that if epochs is not identically zero, which ensures that only a
1) the aggregation gain is concavely or linearly increasirfinite number of state transitions in a finite period of time.
with the number of collected samples; and, This is realistic since a node always needs nonzero time
2) with a smaller number of collected samples at the nodie receive/process samples. For example, if there is a fixed
(e.0., statei), it is more likely to receive any specific “response” time periodW; > 0 for the node to make



a decision or process the received sample(s), we can fets € S’ andd(A) = 0. The loss between the achievable
B = e “Ws < 1. Condition (2) implies that the expectedrewardd(s) and the optimal rewara*(s) for any s € 5" is
increase of aggregation gain at any state S’ by waiting Pounded by
one more decision stage is bounded. Such constraigt on
is not restrictive in practice, which can be illustratednfrthe
following examples.

Example 3.4:When a lossless compression scheme based Comparison to Aggregation Policies in the Literature
on the temporal-spatial correlation between samples id,use From (8) and (13), we can see some similarities and dif-

the aggregation gain is generally bounded, i8M ferences between the control-limit policies and the presiip

O .
0,9(s) < M < o0,Vs € 5. Thus}_ >, ¢;5(a)g(j) < M. proposed fixed degree of aggregation (FIX) and on-demand
Let L = BM, condition (2) in Assumption 3.3 is satisfied. (OD) schemes [10].

Example 3.5:When the type of aggregation is maxi-
mum/minimum, average or count, the model of a (unbound
linear gaing(s) = s — 1 might be used. When the optimality
condition for (13) is satisfied and if the expected number
samples arrived between two consecutive decision epoehs (
X) is finite, we may sef. = E[Xe~*°"] and for anys € S’

v (s) —0(s) < % (16)

In the FIX scheme, its target is to aggregate a fixed

mber of samples and, once the number is achieved, the
aggregated sample will be sent to the transmission queue at
the MAC layer. To avoid waiting an indefinite amount of time
before being sent, a time-out value is also set to ensure that
aggregation is performed, regardless of the number of snpl

0 N 0 . 0 within some time threshold. The target of (13) is also toemxill

> dey(@)g() = 3y (@)i =) + (s =1 Y dij(e) at leasts* samples, but this threshold value is based on the
estimation of statistical characteristics of the samplévalr
and the channel availability, rather than a preset fixedejalu
fg;\lso, different nodes might follow different values ©f.

In OD (or opportunistic) aggregation scheme, an aggrega-
tion operation continues as long as the MAC layer is busy.

Jj=s Jj=s jzs

<E[Xe W]+ 8(s—1) < L+g(s).

We first state the following lemma which bounds the di
ference between the optimal rewartls) and the aggregation
gain g(s) for any s € S’.

Lemma 3.6:Under Assumptions 2.2 and 3.3, Once the transmission queue in the MAC layer is empty, the
aggregation operation is terminated and the aggregategisam
vi(s) —g(s) < —E— Wse S (14) s sent to the queue. The objective of the OD scheme is to
1-p minimize the delay in the MAC layer. Now let the delay
With Lemma 3.6, we can bound the reward loss of usirfjscount factora — oo in (13) to emphasize the impact of
the control-limit policy in Theorem 3.1 as follows. delay, or let the aggregation gaiiis) be a positive constant
Theorem 3.7:Under Assumptions 2.2 and 3.3, for thedn (8) to remove the energy concern, then the optimal control
control-limit policy with the control limit limit in either (8) or (13) is reduced to a special (extreme)
. ] o ] case such that* = 1. This implies that as long as one or
s7=min{s > 1:g(s) 2 ;quj(a)g(”}’ more samples have been collected, they should be aggregated

and sent out at the current decision epoch (i.e. the indtant t
the loss between the achievable rewafd) and the optimal the channel is free and transmission queue is empty). In this

rewardv*(s) for any s € S’ is bounded by extreme case, the control-limit policy wittf = 1 is similar to
L . the OD scheme. Therefore, the OD scheme can be viewed as a
v*(s) — B(s) < { Xijzl Hsj(a)1=g, s < S* ) (15) special case of the more general control-limit policiesvder
-5 §28 in this section.

Eqn. (15) shows that the performance gap between the optimal
policy and the control-limit policy proposed in Theorem 3.1 V. FINITE-STATE APPROXIMATIONS FOR THESMDP
would not be arbitrarily large, even for annboundedaggre- MODEL

gation gain setting, as long as Assumption 3.3 is satisfied.|n case that the optimal policies with special structureg, e
As we have shown that Assumption 3.3 is not a restrictivionotone structure, do not exist, we can look for approxémat
assumption, Theorem 3.7 implies that the control-limiti@ol solutions of (4)-(5). Although we do not impose any resiict
would be useful as a low-complexity alternative to the oplimon the number of states and decision epochs in the original
policy in practice. In Section V-B we will show that thesMDP model, the number of collected samples during one
control-limit policy can achieve a near-optimal perforre@n aggregation operation is always finite under a finite delay
in a practical distributed data aggregation scenario. tolerance in practice. Therefore, it is reasonable as well a
Since the control-limit policy developed in Theorem 3.1 igractically useful to consider the reward and policy based o
based on the 1-sla decision rule [18], we can also find anfinite-state approximation of the problem. In this segtion
upper-bound for the reward loss of using the policy with thge first introduce a finite-state approximation for the SMDP
1-sla decision rule, which is stated in the following como)t model. We verify its convergence to the original countable
Corollary 3.8: Under Assumptions 2.2 and 3.3, for theate-space model, and then bound its performance in terms
policy with the 1-sla decision ruld given by of the reward loss between the actual achievable reward with
d(s) = arg max {ag(s) + (1—a) 3 ¢ ()g()}, this approximation model and the optimal reward for any
a€{0,1} s given initial states € S’. For practical implementation, we



finally provide two on-line algorithms to solve the finitextt where c(skr,s = 1,...,N are arbitrary positive scalars which

approximation and obtain the near-optimal policies. satisfy ) ., ¢(s) = 1. On the other hand, the knowledge on
the model is helpful to characterize the loss of reward betwe
A. A Finite-State Approximation Model the actual valueiy (s) and the optimab*(s). The following

P _ theorem gives an upper-bound on such reward loss.
Considering the truncated state spaSg = S\ U - .
(A}, S = {1,2,.., N} and settinguy(s) = 0,¥s > N, Theorem 4.5:Under Assumptions 2.2 and 3.3, for an-

the optimality equations become state approximation witV > 1,

(o) = max o) +0x(8) @@} @D -l < { G 7T 22N g
i>s =8

for s € Sy andvy(A) = vy (A). Let vy > 0 denote the for s € S/, whereQ™Y) 2 [ngv)] with Qz(.;v) = ¢%.(a) for
minimal solution of the optimality equation (17). Conseqilg 1 <4 < j < N and zero otherwise, and far< i < N,

vy (A) =0.

The policy based on this finite-state approximation is given S ion (@) {ﬁ + g(j)}
by 7 =d> = {d,d, ...}, where the decision ruld is Y(i) 2 + YN @ @on () — v ()], d) =1 (21)
0 L S\
o) = g e (o9(e) + (1) o aby(cnd ()} 49 25> 4 ()15, 4@ =0

In (21), 32;. v a5;(a) and 3. v g (@)g(j) might be esti-
for s < N, d(s) = 1for s > N andd(A) = 0. If we treat mated from actual node state transitions in aggregatioraepe
v (s) as the approximation of the optimal rewart|(s), the tions (e.g., see the algorithm in Table I), or be bounaguiori
above decision rule can be seen agreedyrule by selecting py 3 — Zi<j<N q?j(oz) andg(i) + L — Zi<j<N q?j(a)g(j)’

for each state the action that maximizes the state’s rewaedpectively, according to Assumption 3.3, where the \mlue
[24]. The achievable reward at any state S’ by using this of 3 and L depend on the specific aggregation scenario

decision rule is denoted asy (s) which satisfies (see the examples in Section I1I-B); the reward difference
. Z~>Sq2j(oz)171v(j), d(s) =0 on(j) — y}(,(j),j < N can also be. estimated f_rom actual
on(s) = g(éf d(s) =1 ° (19) aggregation operations or be analytically determined (see

. _ . proof of Lemma 4.3 in Appendix H in [8] for details).
We note thatvy(s) and oy (s) might be different in values  Similarly, the following corollary characterizes the losk

since the former one is calculated from the finite-state @ppr reward on the calculated valug, (s), compared to the optimal
imation model and the later one is the actual achievablerewgne * (s).

by using the greedy decision policy baseddp. Therefore, Corollary 4.6: Under Assumptions 2.2 and 3.3, for an

from now on, we differentiate these two values by calling théfate approximation wittv > 1,

former one as thealculated valueand the later one as the N

actual valuein the finite-state approximation model. v (s) —vn(s) < Z (1= Q™) yg(i), s<N (22)
Before going to the algorithm design for this finite-state i=1

approximation mode, we first verify the (point-wise) conver ) ]

gence ofv}, (s) andiy(s) to the optimal value*(s) for any 10" 8 € 5", where¢(i) £ Yion a(a) [ﬁ t 9(3)}’ I=

s € 5, as the degree of finite-state approximatidn— co. ¢ = N.

Lemma 4.1:0%(s) monotonically increases withV, Vs € In practice, the Laplace-Stieltjes transform of the state
9. transition distributionsgy; (), Vs, j € Sy are generally un-
Lemma 4.2:v% (s) < v*(s), Vs € S’ andVN > 0. known. Hence we should eit_her obtain_ the estimated values of
Lemma 4.3:0y(s) > v (s), Vs € & and VN > 0. qgj(a) from actual aggregation operations or use an alternate
Theorem 4.4:limy .o v (s) = limy o0 On(s) = v*(s), “model-free” method, i.e., learning a good policy withobet
Vs e S, knowledge on the state transition probabilistic model.Ha t
Proof: See Appendix B. m following, we provide two kinds of learning algorithms for

Recall that an aggregation operation always starts fsom Solving the finite-state approximation model.
1, i.e., at least one sample is available at the node. Thus, if
a suﬁiqient!y large value ofV is chosen in the finite-state g Algorithm I: Adaptive Real-time Dynamic Programming
approximation model, the actual expected reway1) of one dani i d . .
aggregation operation will be very close #6(1), according A aptive real-time dynamic programming (ARTDP) (§ee
to Theorem 4.4. [25], [26]) is essentially a kind of asynchronous value-iter

ation scheme. Unlike the ordinary value iteration operatio

St or equivalently, the distributions of sojourn time for alfVNich needs the exact model of the system (@hte) in
state transitions under action — 0 are knowna priori, our problem), ARTDP merges the model building procedure

backward induction or linear programming (LP) can be usé'ato value iFeration and thus is Very suitable fgr_ on-line
to solve (17). The LP formulation is given by implementation. The ARTDP algorithm for the finite-state

approximation model is summarized in Table I. In line 6
min - 37 g c(s)un(s) of the algorithm, a value update proceeds based on current
st. wun(s)>g(s), s, estimated system model; then a randomized action selection

ON(8) = X Nsjss @Qi(a)un(j), seSy (i.e., exploratior) is carried out (lines 7-9); the selected action

In the finite-state approximation model, q'Ej(a),VS,j €



TABLE |
is then performed and the estimation of the system mode| (i.gpaptive ReL-TIME DynNAMIC PROGRAMMING (ARTDP) ALGORITHM.

qm( «))) might be updated (lines 12-16).
A key step in ARTDP is to estimate the valueqﬁ‘; yfor "1  Setk=o0
all i,j € S%. The integration in Laplace-Stieltjes transform 2 Initialize countsw(i, j), n(i) and gy, (a) for all i, 5 € Sy

can be approximated by the summation of its discrete formai Re‘;aeat{ .
. . L. L. andomly choosey, € S
with time stepdt. By defining n(i,j,I) as the number of 5 While (sy # A) {
transitions from state to j with sojourn timedW,; € [I6t, (I+ 6 Updatevy, 1 (sk) = max {g(sk), 2 N>, 49,5 (@)or (i)}
1)dt),1 = 0,1, ..., andn(i) as the total number of transitions 7 Raters, (0) = Y>>, 42, ;(@)vk(5) andrs, (1) = g(sk);
from statei, we have 8 Randomly choose ?c)t/lgme {0,1} according to probability
0 n(i, j 9 Pr(a) = rsk(m/ﬂlf reR (O/T
~ _afSWl 10 if a = 1, Sk+1 = A
qu Z ’ (3) 11 elseobserve actual state transitigsy 1, Wy 41)
=0 12 n(sk) = n(sk) +1;
—adW, . . 0 13 |f Sk+1 S N
Let w Z ] Zl O’I] Z ]7 ) @ .l,. the eStImaﬂOn Oﬁlj(a) 14 Updatezu(sk7sk+1) W(5k75k+1) +67Q6Wk;+1;
can be improved by_up_datlng(z,j) and n(:) at each state 5 Re-normalize® () = “(gj §),VN > > s
transition as shown in lines 12-16 of Table I. Similarly, we 14 else + K
can estimate ;. qm( a)and} .y q”( a)g(y) on-line for 17 % Updater(sy,) = z(sg) + e~ *0Wk+1, -
calculating the performance bound in Theorem 4.5, which |518 % Updatez(sg) = z(sg) + g(sp1)e™ 0 k+1,
shown in lines 17-18 and 23-24 b gkzll’: A:
In ARTDP, the rating of actions and exploration procedurez; k=k+ ﬁ '

(lines 7-9) follow the description in [26]. The calculatiofithe 22}

probability P, (a) for choosing actiom € {0,1} uses the well- 23 %X,y dg;(a) = ﬁ&; Vs <N
known Boltzmann distribution (line 9), wherE is typically 24 %X,.y @%(2)9() = 25, ¥s <N
called thecomputational temperaturevhich is initialized to
a relative high value and decreases properly over time. The TABLE I

purpose of introducing randomness in action selectioteats REAL-TIME Q-LEARNING (RTQ) ALGORITHM
of choosing the optimal one based on current estimation, (i: T

to avoid the overestimation of values at some states in @8 |itialize Q-value@y (s, a) for eachs € 5, a € {0,1}
inaccurate model during initial iterations. When the cadted and setQ(s,a) = 0,V¥s > N,a € {0,1}

value converges to%,, the corresponding decision rule is 3 Repeat{
4 Randomly choose;, € S’;
" _ -0 . /s 5 While (s, # A) {
dy(s) = arg ag}%)i} {ag(s) + (1 —a) Z qu(a)UN(J)} (24) ¢ Raters, (0) = Qx(sx,0) andrs, (1) = Qp(sg, 1);
’ N>j>s 7 Randomly choose actiom € {0, 1} according to probability
s (@)/T
for s € S}, and for thoses > N, we setdy (s) = 1. 8 Pr(a) = <o w7 e o/
9 if a=1, Sk41 =
10 Updater+1(sk, 1) = (1 — o) Qi (sk, 1) + arg(se);
C. Algorithm II: Real-time Q-learning 1 elseobserve actual state transitiggy 1, 6Wy1),
. . . 12 UpdateQy+1(sk,0) = (1 — ag)Qk(sk,0)
R_eal—tlme Q—I_earmng (RTQ).[25] provides another way for +agle Wit maxye 0,11 Qk(sk41,0)]
on-line calculation of the optimal reward value and policy 13 if spy1>N,oa=1,sp01 =4
under N-state approximation. Unlike ARTDP, RTQ does not 14 k=k+1.}

}

require the estimation of};(«) and even does not take any
advantage of the semi-Markov model. It is a model-free

learning scheme and relies on stochastic approximation EJI'_Q Tsitsiklis has shown in [27] that,, should satisfy (1)
asymptotic convergence to the desired Q-function. It has k
o =00 and (2)°77, af < oo for all statess € S

lower computation cost in each iteration than ARTDP b
and actionsa € {0,1}. An example of the choice af;, can
convergence is typically rather slow. In our case, the ogitim be found in [26]. Asax — 0 with k — oo, we can see
- k 1

_ i i ; N _ N _
Q f””Cth” 'S* dgfmed asfg* (5’1\1,) 9(s), @(s,0) that Qi (sx, 1) — g(sk), sk € Si. WhenQy(sk, a) converges
Zj>s qu(a)(UN(])' Vs € SN’ Q* (s,a) =0,Vs > Nva € h i [ | N f Il d i h

0,1} and QN (A,0) = 0. it is straightforward to see thattO the optimal value.. (S’G). or &l Stales and actions, the
{0, AT N7 y ~ .~ corresponding decision rule is given by
vy (8) = max,eqo,1} [Qy (s,a)],s € S’. Therefore, optimiz-
ing Q-learning rule is given in line 10 and 12 fere S dy(s) = arg max {QY(s,a)} (25)
and Q41(s,0) = Qr(s,0) = 0 for s > N, wherej is a€{0.1}
the next state in actual state transition. Table Il gives tlier s € S and for thoses > N, we setd};(s) = 1.
detailed RTQ algorithm. In RTQ, the exploration procedure
(lines 7-8) is the same as the one used in ARTDR.iS D How Practical are the Learning Algorithms
defined as théearning rateat iterationk, which is generally

: The implementation of the above learning algorithms in
state and action dependent. To ensure the convergence of
practical sensor nodes is also an important concern. Aaimil

4The lines are in comments as the estimation is optional, not niarydia concern on the |mplementat|on of |eam|ng algonthms for
the algorithm. micro-robots has been investigated in artificial inteltige



society. For example, in [28], an optimized Q-learning algalecision epoch obeys an exponential distribution with e’rat
rithm has been implemented in a micro-robot with stringept = 1/5W,. For the natural process, given the state S’
processing and memory constraints, where the microprocesat the current decision epoch and the time interval to thé nex
works at a 4MHz clock frequency with a 14K-byte flaskdecision epoch, the number of arrived samples is assumed to
program memory and a 368-byte data memory. The authdus a Poisson process with a rate= \oe "~ where) is
show that an integer-based implementation of the Q-legrnia constant which represents the rate of sample arrival & sta
algorithm occupies abot5K bytes program memory and 48s = 1 andp > 0 is a constant to control the degree of state-
bytes data memory where the state-action space (i.e., lthe talependency of the natural process. By adjusting parameters
size of Q-values) in their example 18§ x 3 = 45. Considering and p, we can control the degree of state-dependency of this
that the current sensor nodes are becoming more and m8MDP model.
powerful in processing and storage, e.g., a Crossbow mete ha2) Comparison of Schemes&or the performance of finite-
a 128K-byte flash program memoryda- 8K-byte RAM and state approximations, we include an off-line LP solution as
512K-byte flash data logger memory and its microprocessaneference, which uses the estima@éjda) (as described in
works at a 16MHz clock frequency [9], a learning algorithrARTDP algorithm). With a proper randomized action selattio
is practically implementable on current sensor nodes. and a large number of iterations in ARTD«f;?j(a) provides

In our case, if the degree of the finite-state approximasona good approximation szgj(a)- Thus the solution of LP
N and a similar integer-based implementation as that in [28] expected to be close t@;, obtained from (20). As each
is used, ARTDP needs aboBfV bytes and RTQ needdN decision horizon begins at state = 1, we will focus on
bytes data memory in one decision stage. The total storagluating the value of the reward with this initial state. |
space required for ARTDP (for storing(i,j), n(i), i;() the following, we sevW, = 0.13 sec,W,,;,, = 0.013 sec,
anduv(i), i < j < N)is N2+ 2N bytes and2N bytes for )\, = 38.5 sample/sec, delay discount factor= 3 and a linear
RTQ (for storingQ(4, -)). In practice, as the number of sampleaggregation gain functiop(s) = s — 1 for all schemes. We
in one aggregation operation is usually small, a small value note that, if there is no state-dependency (e= p = 0) or
N is sufficient for the finite-state approximation. For exa@pl a very low state-dependency (i.6,,0 are small) in the given
if N is set to be 20, ARTDP takes abolt% data memory traffic model, the control limit in (13) can be seen as optimal
(if a 4K-byte RAM is used) and.08% total storage space, Under current model parameter setting, we have
and RTQ takes about.0% data memory and.0078% total oS
storage space. * POM‘SW“’Q] n 1} — {AO“ + 1} - 10

1 — E[e=2W] ala+p) ’

V. PERFORMANCEEVALUATION -
A. Comparison of Schemes under a Tunable Traffic ModelWheres = 1/oWs = 1/(0Wo + dWoin). .
Figure 2 shows the effect of state-dependency of the traffic

We have considered three schemes of policy design for g the performance of the schemes. The degree of finite-
decision problem in distributed data aggregation: (1) @@nt ;.0 approximationV is set to be 40. In the upper plot,

limit policy, including Theorem 3.1, which we call the CNTRL _ 0.001, p = 0.001, represents the scenario of a low degree

scheme, and its special case in (13) for a linear aggregatigngiate-dependency in the SMDP model. In this case, the
gain, which we call the EXPL scheme; (2) Adaptive Realja)ye of the reward in the EXPL scheme is approximated to
time Dynamic Programming (ARTDP); and (3) Real-time Qpg (1), The values fors = 1 in LP and all schemes with

learning (RTQ). Recall that CNTRL and EXPL are basef; gtate approximation are very close to that in EXPL, which

on the assumption that there exists certain structure of €y qnstrates (1) the negligible truncation effect on stptee
statistics of state transitions as specified in Theorem BdL &g, siates — 1 with N = 40 (2) the correct convergence of

Corollary 3.2, respectively; while ARTDP and RTQ are fofgaring algorithms. The policies obtained from all scheme

general cases of the problem. Except for the EXPL schemgq ontrol-limit type with the same control limit = 10,
the computation of all the other schemes require a finitesta, o optimal one. In the bottom plat,= 1 andp = 1

approximation of the original problem. We now perform @enresents the scenario of a high degree of state-depgndenc
comparison of all the schemes using a tunable traffic modg|. \he SMDP model. As the assumption for the optimality

The purpose of such comparison is not to exactly rank the exp| goes not hold in this case, it converges to a lower
schemes, but to qualitatively understand the effects &t 5,6 of reward than the other schemes. The policies olttaine
traffic patterns and degrees of finite-state approximatiothe ¢, ARTDP RTQ, CNTRL and LP are control-limit type
performance of these schemes. Yvith s* = 3 while EXPL gives a control limit at.

; 1) T(rjafflc_l\ilodel: _Wel tl.Jse af%onc_ilt_lonal EXIZr)]OI’l_erI;]tIF;U_ mode From Lemma 4.3 and Theorem 4.4, we already know that,
orrandom Inter-arrival ime of CeciSion épocns. INalsey \han the truncation effect of the state space at stasenon-

, .
tr;e. sttates N ISt' at cturrtint dect|s(|jon.e.poch, thﬁ mean dva}:ugegligible, i.e.,lV is not large enough for state the calculated
ot inter-arrival imé 1o the next decision epoch 1S Modelleg, ,q vy (s) is different from the actual valuéy(s), and

SW. — —0(s—1) , 4 \ a :
as oW, t_ t(ShWOe |+ 5me.’"t’ where (IWtVO +§0M£Wl” when N is sufficiently large with respect te, both v} (s)
g?/sresen s 0 € mean V? u$to n e_rc;a;tr:va Im('ab'l'tr_ f’ and oy (s) converge to the optimal value*(s). Here we
OWmin > 1S a constant 10 avold the possbiiity o anexperimentally show such impact of finite-state approxiomat
infinite number of decision epochs within finite time (e.ge se
[16]) andd > 0 is a constant to control the degree of state- 5The distribution is set to be unchanged even if there are $tansitions

dependency. It follows that the random time interval to thgtn during the interval.
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Fig. 2. Convergence of the values of the reward for initiatest = 1 o 8-‘21: loss bound of v (1) |
in EXPL, CNTRL, ARTDP and RTQ under different traffic patter) = 0 Ve — - —o—o
0.001, p = 0.001, i.e., a low degree of state-dependency (upper) @nd 0 10 20 30 40 50 60
1,p = 1, i.e., a high degree of state-dependency (bottom); delagodit Degree of Finite-State Approximation (N)

factor a = 3; finite-state approximatiolV = 40. The different degrees of

the state-dependency affect the optimality of the EXPL scheme Fig. 4. The comparison of the reward loss boundssfer 1 (in Theorem 4.5

and Corollary 4.6) and the simulated reward lossé$l) — o (1) and

: o3, 710 v*(1) — vy (1), under differentN and discount factorx (= 3 and 8,
g 4W e e respectively); traffic patterfi = p = 0. The bounds provide a way in setting
537 PO e e | the least degree of finite-state approximation (i), to satisfy a certain
EE ) 7 performance guarantee.
gt ]
it i 7 0 i have a control limits* = 8. Further improvement aV = 40
=3, N=20 for finite-state approximation has been shown in Table Il
s ‘ 1 and Fig. 2, in which the control-limits in all schemes have
g T e e el conNverged to the optimal one. On the other hand, comparing
far e e the two learning algorithms, we find that for all cases, both
87 o RO schemes converge to similar values in reward and identical
% e i i 1LO§’ policies, but ARTDP shows a faster convergence speed than
No. of Test Round RTQ. This demonstrates the benefit of using the SMDP model

Fig. 3. Convergence of the values of the reward for initigtss = 1IN ARTDP. The slow convergence partially counteracts the
in EXPL, CNTRL, ARTDP and RTQ under different degrees of &ritate computational benefit of RTQ.

Zpiro;;'”:f;lf?gJgat?erlr?e(‘fpggoﬁ?izvz_oégo(?itfg’"g ?(fvlvaﬁg;géug} ﬁ;tg 3) Evaluation of the Reward Loss Bounds in Theorem 4.5
dependency. A larger reward value loss occurs on the schetmass avlarger and Corollary 4.6: By settingf = p = 0 in the given
degree of state-space truncation (i.e., a smaWigris used. traffic model, we can numerically evaluate the reward loss
bounds in Theorem 4.5 and Corollary 4.6 for the finite-state
approximation model. With some manipulation, it is not hard
on the performance of the schemes in Fig. 3 and Table IIl. ie show that, for any < N
considerd = 0.001, p = 0.001 in which the EXPL scheme j—s
provides a value of.48 (initial states = 1) and a (optimal) ¢2;(a) = (M:HO) (aﬂﬁ‘jﬂo) J =8,
control-limit policy ats* = 10. In the upper plot,N = 10, 0 N Ao
the actual values of the reward with initial state— 1 in  2=j>n 95 (@) = (Fu) (a+u+Ao .
ARTDP, RTQ and CNTRL converge to values §.78 ~ 3.80) 4 0 N ( p ) ( Ao ) - ( Ao ) )
lower than that in EXPL but significantly higher than the 2> 0 (@90) = 557 ) @wmg N
calculated values in LP and learning algorithms (1226, With (4), (17) and (19), we can numerically solw&(s), vy (s)
ARTDP: 2.26 and RTQ:2.25). This is because the calculatecand oy (s) for any s < N. Furthermore, by settingg =
values are based on (17) in whiety(s) = 0,s > N. When E[e=*W] = p/(a+u) andL = E[Xe~ W] = \op/[a(a +
the probability of transition frons = 1 to a state beyon& is )], we numerically evaluate the reward loss bounds in The-
non-negligible in actual aggregation operations, theutated orem 4.5 and Corollary 4.6. Figure 4 illustrates the sinadat
values underestimate the actual reward. On the other harelyard losses*(1) — on (1), v*(1) — v (1) and the bounds,
the policies obtained from ARTDP, RTQ and CNTRL areinder different degrees of finite-state approximation aifid d
exactly the same as the one in LP, i.e%, = 4, which is ferent delay discount factors. From Fig. 4, we find that, by
far from the optimal control-limits* = 10. When N = 20, calculating the bounds, we can guarantee the performance
we see that the actual performance gap between finite-statethe finite-state approximation by adjustiny, without
approximations and EXPL becomes smaller even though tkieowing the optimal value of the original infinite-state nebd
calculated values (LP3.94, ARTDP: 3.94 and RTQ:3.93) in (4). For example, by settingv > 25 in the case that
still give a conservative estimation of the rewardat 1. The « = 8, we can ensure that the reward loss of the finite-
policies given by finite-state approximations are improt@d state approximation is no worse thari. On the other hand,

)N+1—s

b
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TABLE Il
VALUES AND POLICIES IN THE SCHEMES WITH FINITE-STATE APPROXIMATION (o = 3, 8 = 0.001, p = 0.001)

Calculated Value{ = 1) Actual Value 6 = 1) Control limit s*
N LP [ ARTDP [ RTQ | ARTDP [ RTQ [ CNTRL | LP [ ARTDP/RTQ/CNTRL
10 | 2.26 2.26 2.25 3.80 3.77 3.77 4 4
20 | 3.94 3.94 3.93 4.36 4.34 4.41 8 8
40 | 4.47 4.47 4.46 4.47 4.46 4.48 10 10

although the reward loss bounds are rather conservativerunsimple is16 bits, including the information of the sample
this traffic setting, we note that the traffic model under thealue and the instant of sampling.
evaluation is unfavorable to the bounds since the optimalln this data aggregation simulation, when a node receives
policy is the control-limit type. In such case’(s) —g(s) =0 samples from its neighbors, only the samples from the same
for any states which is larger than the optimal control-limit sampling instant are aggregated (i.e. selecting the orfettnst
while the bounds have no knowledge on this optimal poliopaximum value as the aggregated sample). Also, the repeated
structure and still use the general result in Lemma 3.6 fgr anample$ are dropped. Transmissions are broadcast, under the
s larger thanN and the optimal control-limit. We emphasizecontrol of a random access MAC model which is assumed
that the bounds in Theorem 4.5 and Corollary 4.6 providei@deal in avoiding collisions. A transmitted packet concaties
general characterization on the performance of the fitites the samples which are from different sampling instants and
approximation, though it would be possible to develop gght needed for transmission at the transmission epoch. Theefsack
bounds on the reward loss with soraepriori knowledge or transmitted at different transmission epochs thus might be
conjecture on the optimal value and/or the structure of tlie variable-size. Since all packets are broadcasted, nkepac
optimal policy. header is considered in the simulation. The delay discaamt f
tor is set asx = 8 and the degree of finite-state approximation
S ) is set asN = 10. The linear functiong(s) = s — 1 is used
B. Evaluation in Distributed Data Aggregation as the nominal aggregation gain since the energy saving in

We provide further simulation to evaluate of the proposéd#is data aggregation procedure is approximately progaati
schemes as well as the existing schemes in the literatere (0 the number of samples aggregated. For the FIX scheme,
the OD and FIX schemes) in a distributed data aggregati¥f§ consider three different DOAs, i.e., DOA3, 5,7, which
scenario in which each sensor in the network is expect@jbased on the observation that the DOA on different nodes
to track the time-varying maximum value of an underlyinyaries from 2 to 7 in simulating the proposed schemes.
dynamic phenomenon in the sensing field that the networkFigure 5 shows the average reward (initial state= 1)
resides in. The phenomenon model, the nodal communicatiégained by each scheme during aggregation operationsewhe
procedures and all aggregation schemes are implemented'f average is over all aggregation operations at all nodes
MATLAB. In our simulator, each sensor node is an entitfter the scheme reaches its steady state. RTQ and ARTDP
where all nodal communications procedures and aggregatRfiieve the best performance among all schemes as they do not
algorithms run. rely on any special structure of state transition distidng.

The dynamic phenomenon in the sensing field is modell&NTRL also shows a higher reward than EXPL as it relies
as a spatial-temporal correlated discrete Gauss-Marlkasegs ©N @ weaker assumption (in Theorem 3.1). All the proposed
Y(t) = C + X(t), whereC is a constant vector and(¢) is schemes in this paper have sh_own a significant gain in _reward
a first-order Markov process with the spatial distributian tOver OD and FIX schemes with DCA3,7. One exception
be Gaussian. As we are only concerned with the values i8fthe FIX with DOA= 5, which achieves a higher reward
the phenomenon sampled at the sensor noWés), C and than EXPL when the sampling rate is higher thahlz and a
X(t) are inR!, wherel is the number of sensor nodes in th&€omparable reward value to CNTRL when the sampling rate

network. In the simulationC = 1 andX (¢) is zero-mean with IS @bovel3 Hz. However, the performance of FIX is very
variance0.1 and intensity of correlatidh0.001. sensitive to the setting of DOA, which can be seen from the

There are 25 sensor nodes randomly deployed in a twyignificant performance difference of FIX with DGAS3, 5, 7.
dimensional sensing field of siz®m x 40m. Each node is Furthermore, the proper setting of DOA in FIX relies on the

equipped with an omnidirectional antenna and the transomissPrior knowledge of the range of DOA in actual aggregation

range isl0m. The data rate for inter-node communication igPerations (e.g., the DOA setting for FIX here is based on
set as38.4 kbps and the energy model of individual nodes idh€ simulation results on the proposed schemes), which is
686 nJ/bit €7 mW) for radio transmissionds0 nJ/bit (18.9 9enerally unknown during the setup phase of aggregation.

mW) for reception,549 nJ/bit €1.6 mW) for processing and Figure 6 evaluates the average delay for collecting the-time

343 nJ/bit (13.5 mW) for sensing, which are estimated fromvarying maximum values of the field in each scheme, where

the specifications of the Crossbow mote MICA2 [9]. Nodell'® delay at a specific node is defined as the time duration
sample the field to obtain the local values of the phenomendfP™ the sampling instant of a maximum value to the instant
according to a given sampling rate. The size of a (originafﬁat the node receives it. The average is over all maximum

"The repeated sample is a received sample with the value ncegtean
6The spatial correlation of two samples separated by distaficeis  the ones that are from the same sampling instant and have lzeemitted
exp [—rd;;], wherek is defined as the intensity of correlation [29]. by the node in previous decision horizons.
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values collected at all nodes, after a scheme reaches dtdyste

state. Note that, as we did not consider any transmissian los 24 EXPL

. . . . . . . ——CNTRL
and noise in reception, this delay (i.e., tracking lag) pes ,p| —RTQ .
an appropriate metric for evaluating tracking performg36g. ' +’8FSTDP ) e e
OD, RTQ and ARTDP have a similar delay performance which 2| Fix (DoA=3) 1
is slightly higher than CNTRL and lower than EXPL. The 18 ’;’E:igggizsg 0

delay performance of FIX is very sensitive to the sampling
rate as it can not dynamically adjust its DOA in response to
different network congestion scenarios.

Energy costs for tracking the maximum values in different 120 7
schemes are compared in Fig. 7, where the energy cost of any
scheme is averaged over all maximum values collected at all
nodes, after the scheme reaches its steady state. OD shows at
overall highest energy cost as aggregation for energy gasin 0.6
only opportunistic. FIX with DOA= 7 costs the least energy 4 6 8 10 12 14 16 18 20
as it has the highest DOA among all schemes (see Fig. 8). samping rate (H2)

However, this does not mean a higher DOA is better since

r tion | houl taken int nsideration. ig. 5.‘ _Average rewards of EXPL, CNTRL, ARTDP, RTQ, OD and FIX
aggregatio de ay shou d be take 0 consideratio rAga!; a distributed data aggregation; delay discount facto= 8, finite-state

RTQ and ARTDP have similar performance in energy cosfyproximationN' — 10. The control-limit type policies (i.e., CNTRL, EXPL)
From Fig. 6 and 7, we can clearly see a delay-energy trad®ee the FIX scheme can achieve a close performance to therigaciiemes

off in the schemes (except EIX with DGA?)). Among them (i.e., ARTDP, RTQ), while the FIX scheme is sensitive to thitiisg of DOA.
RTQ and ARTDP achieve the best balance between delay and

g
o
T

Average Reward
=
N

energy. o ‘ ‘ ‘ ‘ S
Figure 8 gives the average DOA, i.e., the number of A T

samples collected per aggregation operation, in each s£hem 13| —*RTQ

under different sampling rates, where the average is over al Ly ARTOP

aggregation operations at all nodes, after the schemeasach o 08|~ FIX (DOA=3)

its steady state. It is clear that the proposed schemes and %0- fi:ﬁﬁggﬁj

OD can adaptively increase their DOAs as the sampling rate Tgo_s, o )

increases. On the other hand, Figure 9 shows the average :,2 o i

DOAs at different nodes under a given sampling rdteHz), 2 o

where the average is over the aggregation operations at a i”’ ¢

specific node. In Fig. 9, node 1 has three neighbors, node 3

7 has five neighbors and node 9 has six neighbors. Different =

node degrees implies different channel contentions anglgam

arrival rates. At node 1, with the lowest node degree among ‘ ‘ ‘ ‘ ‘ ‘

the three nodes, the schemes (except FIX) have the lowest 6 8 10 12 1 16 18 2

sampling rate (Hz)

DOAs. DOAs increase with the node degree in the proposed

schemes as well as OD. This demonstrates the differenFce 6 Del . ¢ EXPL, ONTRL, ARTDP, RTQ, OD and
i . . ig. 6. elay performance o , ) ) ) an

between the proposed control “n_“t p0|_|C|eS and the pl@lw FIX in a distributed data aggregation; delay discount facto= 8, finite-

proposed FIX scheme, as described in Section llI-C, i.@., tbtate approximationV = 10. The y-axis is in logarithmic scale. The delay

control limit s* in the proposed schemes is adaptive to therformance of the FIX scheme is sensitive to the setting of DOA

environment and the sampling rate, not as rigid as in the FIX

scheme. . . . . .
The simulation on a practical distributed data aggregation

VI. CONCLUSIONS scenario has shown that ARTDP and RTQ can achieve the
. best performance in balancing energy and delay costs, while

e P e o, & stoehtte el prtomance o conoimi ype ol spogite
y oy y PL scheme in (13), is close to that of learning algorithms,

in distributed data aggregation in wireless sensor netsvorlB . S ) . .
The problem of balancing the aggregation gain and the del ut with a significantly lower implementation complexity.
the proposed schemes have outperformed the traditional

experlencgd In aggregation operations has been fqrmudaeste schemes, i.e., the fixed degree of aggregation (FIX) scheme
a sequential decision problem which, under certain assum %d the on-demand (OD) scheme
tion, becomes a semi-Markov decision process (SMDP). The '
practically attractiveeontrol-limit type policies for the decision
problem have been developed. Furthermore, we have proposed

a finite-state approximation for the general case of thelprob A. Proof of Theorem 3.1

and provided two learning algorithms for solution. ARTDP As the state evolution of the node is non-decreasing, the
has shown a better convergence speed than RTQ with a cisfaction of (7) for all states> s once it holds for state

of computation complexity in learning the system modek’ implies that once the 1-sla decision rule calls for stopping

APPENDIX
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Fig. 7. Energy consumption (per sample) of EXPL, CNTRL, ARTBPQ, Fig. 9. Average degrees of aggregation (DOA) of EXPL, CNTRRTDP,
OD and FIX in data aggregation; delay discount faator= 8, finite-state RTQ, OD and FIX at different nodes: Node 1 (node degree =3j§ieNb(node
approximationN = 10. degree = 5) and Node 9 (node degree = 6); sampling rate is set &5z.
The proposed schemes and the OD scheme can adapt DOA with tie loc
traffic intensity.

wherer g £ [0f, . 1y "] Itis straightforward to see that
o(s) = g(s),Vs > s*. Let v 2 [5(1),3(2),...,0(s* — 1)]7,
with (26), we havev® = AV® + Bg. As 0 < A(A) < 1,

(I — A) is nonsingular. The result for the case< s* in (9)
follows by noting thatv®” = (I — A)~!Bg = H(a)g.

Average Degree of Aggregation

B. Proof of Theorem 4.4
I =xPL
I TR From Lemmas 4.1 and 4.2, for amye S’, v (s) converges

= as N — oo, denoted the limit by’ (s). With (17),

_Jop
= = "(s) = i 0 * (i
=§::;;’g;;> v'(s) = lim max {g(ngqsg (@)vn (i)}
FIX(DOA=7) ji>s
7 9 11 13 15 17 19 .
sampling rate (H2) On the other hand, with Lemma 4.1 and 4.2,
2 i>s q2;(a)ux(4) is monotonically increasing withV
N .
Fig. 8. Average degrees of aggregation (DOA) versus diffesampling rates ?nd bounded b%l) (8) Irom ihe abO\,/e’ IEUS it .cor;]verg_es. If
in EXPL, CNTRL, ARTDP, RTQ, OD and FIX in data aggregationjage LMN—o00 ;> ds; (VR (1) < g(s), v'(s) = g(s); otherwise,
discount factora = 8, finite-state approximatiodV = 10. The proposed JIN* > s such thatzj>s qgj(a) v () > g(s),YN > N*,

schemes and the OD scheme can adapt DOA with the sampling rates. or equivalently lim Z qO (a)v}k\’ (]) > g(s) then
’ —00 JZS sj 1
V'(s) = limy oo D)5 q2;(a)vx (7). To show

at the current decision epoch, it will always call for stappin lim > ¢ (@i (G) = ¢% ()0’ (),
the following decision epochs. Thus the problenmienotone N=eo iy iz

(see Chapter 5, [18]). Therefore, under Assumption 2.2, t
1-sla decision rule is optimal [18] and the optimal stoppin

%ﬁooses > 0. Then for anyn > 0,

instant is the first decision epoch with state: s*, wheres* = 2> 15 (@'G) —vi ()] = X5, qgj(a)[v/’(?) — ()]
min {s > 1: g(s) > Y=, ¢%(a)g(j)}. As the 1-sla calls for 255 4 (@0G) — v ()]
stopping at any state > s* and continuing fors < s*, s* is  As 0 < S sy (@R G) — vk ()] < Tys, dd (@) ()<
a control limit and the corresponding policy is optimal. v*(s) < oo, then for eachs € S’, we can find an’ so that

Next, we show that the optimal reward is given by (9)3°,., ¢2;(a)v'(j) < /2 for all n > n'. Thus the second
The decision ruled = [d(1),d(2),... ]T is given in (6) with summation is less than/2. Choosen > 7/, the first sum-
control limit s* in (8). The corresponding stationary policymation can be made less thaf2 by choosingVN sufficiently
is d> = (d,d,... ). Let the reward achieved by this policylarge. Thuslimy o 3> - a2 (@)vr (5)= X, . 425 (e)v'(5) and
bev 2 [5(1),5(2),... |T, g 2 [g(s*),g(s* + 1),... |T and o 0\

M5 £ [AB;0 0, whereA and B are defined in (10) and Vi) = max{g(s),;qu(a)v G}
(11), respectively. We have -

TS

) for eachs € S’. As v/(A) = 0, V' > 0 is a solution of
V=rq+M5V (26) the original optimality equations in Section II-B. A8 > 0



is the minimal solution,v/ >
limpy oo v (s) < v*(s), Vs €
v'(s) =v*(s),Vs € 5.

v*. However, asv’(s) =
S’ from Lemma 4.2, thus

On the other hand, we note thag (s) < v*(s),Vs € S’

and from Lemma 4.3, we also hawg (s) — v*(s),Vs € S

as N goes to infinity.
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