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Data Aggregation in Sensor Networks: 
Balancing Communication and Delay Costs * 

Peter Korteweg2 , Alberto Marchetti-Spaccamela.1 , Leen Stougie2•3 , and Andrea 
Vitaletti1 

1 University of Rome "La Sapienza" 
2 TU Eindhoven 

3 CWI Amsterdam 

Abstract. In a sensor network the sensors, or nodes, obtain data and 
have to communicate these data to a central node. Because sensors are 
battery powered they are highly energy constrained. Data aggregation 
can be used to combine data of several sensors into a single message, 
thus reducing sensor communication costs at the expense of message 
delays. Thus, the main problem of data aggregation is to balance the 
communication and delay costs. 
In this paper we study the data aggregation problem as a bicriteria opti
mization problem; the objectives we consider are to minimize maximum 
energy consumption of a sensor and a function of the maximum latency 
costs of a message. We consider distributed algorithms under an asyn
chronous time model, and under an almost synchronous time model, 
where sensor clocks are synchronized up to a small drift. We use com
petitive analysis to assess the quality of the algorithms. 

Key words: distributed algorithms, sensor networks, data aggregation, bicri
teria optimization. 

1 Introduction 

A wireless sensor network (WSN) consists of sensor nodes and one or more 
central nodes or sinks. Sensor nodes are able to monitor events, to process the 
sensed information and to communicate the sensed data. Sinks are powerful base 
stations which gather data sensed in the network; sinks either process this data 
or act as gateways to other networks. Sensors send data to the sink through 
multi-hop communication. 

A particular feature of sensor nodes is that they are battery powered, mak
ing sensor networks highly energy constrained. Replacing batteries on hundreds 
of nodes, often deployed in inaccessible environments, is infeasible or too costly 

* Research was partially supported by EU COST-action 293 GRAAL, EU integrated 
project AEOLUS (FET.15964) , EU MRT Network ADONET (MRTN-CT-2003-
504438), the Dutch BSIK-BRICKS project. Dutch mathematics cluster DIAMANT, 
and MIUR-FIRB Israel-Italy project RBIN047MH9. 



and, therefore, the key challenge in a sensor network is the reduction of energy 
consumption. Energy consumption can be divided into three domains: sensing, 
communication and data processing [1]. Communication is most expensive be
cause a sensor node spends most of its energy in data transmission and reception 
[7]. This motivates the study of techniques to reduce overall data communication, 
possibly exploiting processing capabilities available at each node. Data aggre
gation is one such technique. It consists of aggregating redundant or correlated 
data in order to reduce the overall size of sent data, thus decreasing the network 
traffic and energy consumption. In this paper we comply with most of the lit
erature on sensor networks concentrating on total aggregation, i.e. data packets 
are assumed to have the same size, and aggregation of two or more incoming 
packets at a node results in a single outgoing packet. 

WSN deal with real world environments. In many cases, sensor data must be 
delivered within time constraints so that appropriate observations can be made 
or actions taken [l1J. 

In [3J we studied the Data Aggregation Sensor Problem as a unicriterion 
problem where we minimized the maximum communication costs subject to a 
budget on the latency costs. Here the budget constraint was a hard constraint. 

The dynamics governing the monitored phenomena are often not well under
stood and/or defined at the beginning of the monitoring process. For this reason 
a strict constraint on latency could be unappropriate. 

A common assumption in literature on data aggregation is that value of 
information degrades over time. E.g. Broder and Mitzenmacher [5J describe a 
data aggregation model where there is a reward function on the data collected by 
a server; the function increases with the quantity of data collected and decreases 
over time. A similar tradeoff holds for data aggregation in sensor networks: 
delaying data decreases the information value of the data, but increases network 
lifetime. 

Both the above discussed tradeoffs and the partial knowledge of the moni
tored process at the beginning, suggest to use a bicriteria objective function to 
asses the quality of the algorithms instead of hard constraints. 

The bicriteria data aggregation sensor problem. 
The Data Aggregation Sensor Problem (DASP) is to send all messages to the 
sink such as to minimize the communication costs, and to minimize the latency 
costs. For the first objective we have chosen to minimize the maximum commu
nication costs per node. This is a natural objective in sensor networks because 
of limited and unreplenishable energy at nodes. The objective maximizes the 
network lifetime, i.e. the time that all sensors can commurucate. For the second 
objective we have chosen to minimize the maximum latency cost. 

The two objectives conflict with each other. We can easily find algorithms 
with low communication costs by delaying messages and aggregating them into 
packets. As communication costs are independent of the size of packets sent, but 
linear in the number of packets sent, aggregation reduces the communication 
costs, at the expense of increased latency costs. Similarly we can find algorithms 
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with low latency costs at the expense of high communication costs. The ohjective 
is to find algorithms where both costs are relatively good. 

We formulate the problem as a bicriteria optimization problem: minimiz
ing one of the objectives under a budget restriction on the other objective. We 
call a bicriteria optimization problem an (B, A)-bicriteria problem if we mini
mize objective A under a budget on objective B. In this paper we study the 
(B,A)-sensor problem where objective A is maximum communication costs and 
objective B is maximum latency costs. Quality of algorithms is assessed through 
the concept of ()3, Q )-approximation: allowing an excess of multiplicative factor 
)3 on the budget of objective B, the value produced is worst-case within ratio 
Q from optimal with respect to objective A. For network design problems this 
was formalized in [9,101. The concept is general in the sense that results hold 
regardless which of the two objectives is minimized, and which is budgeted. 

Sensor nodes are equipped with a clock that can be used to measure the 
latency of messages. We distinguish three distributed on-line models, which are 
common in literature on distributed algorithms, see [121. In the synchronous 
model all nodes are equipped with a common clock, I.e. the times indicated at all 
clocks are identical. A common clock may facilitate synchronization of actions in 
various nodes. In the asynchronous model there is no such common clock. In the 
almost synchronous model, all nodes are equipped with a clock and the clocks 
are almost synchronous, I.e. there is a relatively small drift between any two 
clocks. In practice, these clocks can easily drift seconds per day, accumulating 
significant errors over time [12]. 

Results. 
In this paper we present distributed on-line algorithms for sensor networks with 
a routing intree. The first main contribution is that we study for the first time 
sensor network problems in a bicriteria optimization framework. In Section 2 we 
formalize the model. 

In Section 3, for the asynchronous model we present an algorithm which 
balances communication and latency costs. If 8 is tree depth, and U is the 
ratio between maximum and minimum allowed delay, then the algorithm is 
{28\ 261-,\ log U)-competitive, for any ,x, 0 < ,x :::; 1. The algorithm is member 
of a class of memoryless algorithms for which we show that no better competi
tiveness than (6\81-,\) exists. 

In Section 4 we present the second main contribution, which is the analysis 
of algorithms for sensor networks in which clocks in various nodes show small 
drifts. For this so-called almost synchronous model we present an algorithm 
which for sensors with a clock drift of at most ..1 hetween any two nodes and 
latency budget L is (1 + Llo/L,log2 a)-competitive. For small drift, i.e. Ll8/L 
small, the competitiveness comes close to the best possible competitiveness in 
the synchronous model. We notice that no previous results are known for this 
model, which is in fact the more realistic one. 

Related work. 
In [3] we studied the Data Aggregation Sensor Problem as a unicriterion problem 
where we minimized the maximum communication costs subject to a budget on 
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the latency costs. Here the budget constraint was a hard constraint. Interpreted 
in the bicriteria setting the results imply (1, O(log U)) for synchronous, and 
(1, 8 log U) for the asynchronous models. No results were given for the almost 
synchronous model. 

In the past, many bicriteria optimization problems were formulated as a uni
criterion optimization problem with as single objective a weighted sum of the 
two objectives. For aggregation problems with objectives to minimize communi
cation costs and latency costs such a formulation as a unicriterion optimization 
problem can be found in [2,4,6, 8J. 

Both Khanna et al. [8J and Brito et al. [4] consider the Multicast Aggregation 
Problem (MAP), or TCP Acknowledgment problem, on a tree. The Multicast 
Aggregation Problem is equivalent to the Data Aggregation Sensor Problem in 
the sense that messages, which arrive over time, have to be sent to a sink in 
the graph. The main difference with our problem is in the objectives. First, 
the objective of MAP is to minimize the sum of communication costs; this is a 
natural objective if nodes have permanent access to energy. This is not true for 
sensor networks, for which minimizing energy cost per node is more suitable. The 
other objective of MAP is to minimize the sum of latency costs, and latency costs 
do not depend on communication time to the sink. Second, the authors analyze 
the problem using a single objective which is a weighted sum of communication 
costs and latency costs. 

A main drawback of formulating the problem using a single objective is that 
the choice of the weights influences the outcome. Especially if the objectives are 
measured in different units, e.g. energy and time it is not clear which weights to 
use. 

2 Preliminaries 

We study sensor networks G = (V, A), which are intrees rooted at a sink node s E 
V. Nodes represent sensors and arcs represent the possibility of communication 
between two sensors. Over time, n messages, N := {I, ... , n}, arrive at nodes 
and have to be sent to the sink. Message j arrives at its release node Vj at its 
release date rj; message j arrives at the sink via the unique Vj - s-path. Thus, 
each message is completely defined by the pair (Vj, rj). 

A packet is a set of messages which are sent simultaneously along an arc. 
Each initial message is a packet and two packets j and j' can be aggregated at a 
node v into a single packet. The resulting packet can be recursively aggregated 
with other packets. 

Communication of a message along an arc takes time and energy cost. In this 
paper we assume that the communication time T : A -+ R;;;,o and communication 
cost c : A -+ R;;;,o are independent of packet size. We often refer to the commu
nication cost of a node as the communication cost of its unique outgoing arc. 
This models the situation in which all messages have more or less the same size 
and where total aggregation is possible, as discussed in the introduction. For the 
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sake of simplicity we also assume that all communication times T(a) are equal, 
namely we set T(a) = 1 'Va E A. 

For v E V, Tv is the total communication time of the path from v to s. We 
define rj := Tj + TVj as earliest possible arrival time of j at s. We assume that 
each node v knows its total communication time Tv to the sink. Finally, we define 
6 max" Tv as the depth of the network in terms of the communication time. 
We assume 6 ;::: 2, avoiding the trivial case of 6 = 1. 

The value of information degrades over time. To model this we define the 
quality degradation cost of a message. Let dj be the arrival time of message j. 
We assume that the quality degradation of a message j depends on the latency 
of a message lj := dj - rj. In this paper we choose the latency as our quality 
degradation function, i.e. our function increases linearly over time. We also refer 
to these costs as latency costs and we say that a solution is L-bounded if lj ::; L 
for all i. Since 6 = maxv Tv a L-bounded feasible solution must satisfy L ;::: 6, 
as otherwise it is impossible to send all messages j to the sink such that their 
latency costs are within budget L. 

The budget on the latency imposes an arrival time interval I j := [Tj +Tvj , Tj + 
L] of any L-bounded solution. It also imposes a transit interval for each node U on 
the Vj -s path: Ij(u) := h+Tvj -T,., Tj +L-ru]. Le. in each L-bounded solution 

message j should transit at u in interval I j (u). Finally, we define U = "";;:;';'';';;'''';'-'i+',.,... 

Since L ;::: I) we have U::; Ii. 
Given a solution S the communication cost of node v is the total energy 

cost spent by v and it is given by the total number of messages sent by v 
times the communication cost of v. We are interested minimizing maximum 
communication cost over all nodes. 

Given a bound L on the latency and {3, {3 ;::: 1, we study the communication 
cost of algorithms that provide a IJL-bounded feasible solution: a {3L-bounded 
feasible solution is ((3, a)-approximate if its communication cost is at most a 
times the communication cost of the optimal L-bounded solution. An interesting 
special case is to find a minimum 'Y such that there exists a ("I, 'Y )-approximate 
algorithm [9]. 

In this paper we consider distributed on-line algorithms, in which nodes 
communicate independently of each other and messages are released over time. 
Therefore, at any time t the input of each node's algorithm is given by packets 
that have been released at or forwarded from that node in the period [0, t]. An 
algorithm is ({3,a)-competitive if it is a ({3,a)-approximation and the algorithm 
is an online algorithm. 

2.1 The synchronous model 

For the synchronous model we presented an algorithm for the latency constrained 
sensor aggregation problem in [3]. This result immediately implies the following 
theorem. 

Theorem 1. [3] CC is (l,O(logU»-competitive4 • 

4 All logarithms in this paper are base 2. 
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In the following we restate the algorithm here in a bicriteria setting, because 
we use the algorithm as a subroutine in our algorithm for the almost synchronous 
model. The algorithm is based on the following lemma. 

Lemma 1. (S} Given any interval [a,b], such that b a ~ 1. Let i* = max{i E 

N I 3k EN: k2 i E [a, b]}, then k* for which k*2i* E [a, b] is odd and unique. 

We use notation t(I) to represent the unique point in the interval I = la, b] 
which equals k*2i* with i* and k* as defined in Lemma 1. The algorithm sends 
messages j to the sink at time t(I) where interval I depends on message j and 
budget L on the latency costs. We choose as interval the interval of an L-bounded 
solution, i.e. I j . 

Algorithm:CommonClock (CC): Message j is sent from Vj at time t(Ij ) Tv; 
to arrive at s at time t(Ij) unless some other packet passes Vj in the interval 
[rj, t(Ij ) -Tv;], in which case j is aggregated and the packet is forwarded directly. 

The analysis of the competitive ratio of CC is based on the following lemma 
that will be used in the sequel. The lemma bounds the competitive ratio for 
instances in which the arrival intervals I j differ by a factor at most 2 in length. 

Lemma 2. (S} CC is (1, 3)-competitive if there exists an i E N such that 2i
-

1 < 
IIjl S; 2' vj. 

In the the CC algorithm no message incurs a delay cost which exceeds its 
budget. A simple modification of the CC algorithm which balances the com
munication and delay costs can be obtained by replacing t(Ij ) by t(Ij) where 
Ii is defined as follows. Let p. := max{l,minj(Lj - TVi )}, and let Nm = {j E 
NI(~)m-ll1 < 11·1 < (~)mfl} for mEN. The algorithm sends mes-log log U ,.. - J log log U ,.. 

sagesj E Nm to the sink at time t(Ii) where Ii = h+Tv;, rj+TVj+(lo~Fo~u )mp.]. 
We call this the balanced CC algorithm. To give a competitive analysis of bal
anced CC we first derive a bound on the competitive ratio for instances in which 
the arrival intervals Ii have the same length. 

Lemma 3. Balanced CC is (lo~f,~ U' 3)-competitive if j E N m for some mEN. 

Proof. First observe that vj E N m we have IIjl S; (lo~Fo~u)IIjl, hence the 

latency costs of each message are at most (lO~~~ u) times the budget. Also 
I j C Ij. 

We will prove that the communication cost of each arc in the SC-solution is 
at most 3 times the communication cost of this arc in the optimal solution. 

Assume that in an optimal L-bounded solution packets arrive at s at time 
tl < ... < tt. Let N;; be the packet arriving at th at s. Since th E Ij vj EN;;, 

I j C Ij, and 1111 (IO~~~U)mp. vj, we have Ij C [th - (lo~~~U)mP.,th + 
(lo~Fo~u)mp.] =: I vj EN;;. Let i = max{i E NI3k EN: k2 i E I and (k + 

1)2i E I}. Note that by definition of i and I we have (IO~~~U )mp. = 111/2 and 
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2i :::; III. If th = k2i then in the Se-solution all messages in Ni. may arrive 
at s at times th or th + 2£. If th 1:- k2i then I contains two different multiples 
of 2i, say k2 i and (k + 1)2i, such that k2i < th < (k + 1)2i. In this case, since 
11;1 = 111/22:: Vj, we have Vj E Ni. that Ij n{k2\ k2i + 2;-1, (k+ 1)2i} 1:- 0. 
Lemma 1 implies that in a SO-solution every message j E Ni. arrives at s at one 
of {k2 i ,k2i + 2i-1, (k + 1)2i}. Hence, Vh 1, ... ,e, all messages in Ni. arrive 
at s at at most 3 distinct time instants in the SO-solution. SO does not delay 
messages at intermediate nodes. This implies that the arcs used by messages in 
Ni. are traversed by these messages at most 3 times in the SO-solution, proving 
the lemma. 0 

Theorem 2. Balanced eo is (lo~r;,~U' loglogUlofo~logIOgU)-competitive. 

Proof. Let S:= {1,2, ... , rIOgIOgUIO~~loglogU n. It follows from Lemma 3 that 

balanced 00 is (lo~fo~ u ' 3 )-competitive for all messages j E N m. The proof now 
follows from the observation that the set of all messages is UmES N m • This can 
be seen as follows. Set S is a set of consecutive integers, and it is easy to see that 
the union of sets N m , for consecutive integers, contains all messages j whose 
length of arrival time interval Ij is within a specified continuous intervaL Also 
j E Nm for some positive m. Thus it remains to prove that the message with 
maximallljl is in Nrn for some m E S. Hence, we must have (lo~fo~U)k 2:: U for 

some k E S. This is equivalent to loge lol0r;,U u)k 2:: log U, thus k 2:: 1 /~) = 
g g og lag log U 

~U 0 
log log U log log log U . 

3 The asynchronous model 

For the asynchronous model we present a modification of the algorithm Spread 
Latency (SL), as proposed in [3]. The algorithm assigns to message j a total 
waiting time of 2 (TVj)>' times the allowed latency minus communication time, 
for some >., 0 < A :::; 1. SL equally divides this waiting time over the nodes: 
at each node of the Vj s path message j is assigned a waiting time of 2(L -
T"j)/(TVj )l->. time units. When messages are simultaneously at the same node 
they get aggregated into a packet, which is sent over the outgoing arc as soon 
as the waiting time of at least one of these messages has passed. 

Theorem 3. Algorithm SL is (28)', 281->. log U)-competitive for A, 0 < A :::; 1. 

Proof Oonsider algorithm SL for fixed A, 0 < A :::; 1. First note that because no 
message is delayed due to aggregation the latency of each message j is at most 

Tvj 2(L-TVj )/T;;j-A +Tvj:::; 28>'L. 

We prove that for all a E A the number of packets SL sends through a is 
at most 261->. log U times that number in an optimal L-bounded solution. This 
proves the theorem. 
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Let 1-£ := max{l, minj(L - T"j n. Consider a packet P of messages sent by 
an optimal L-bounded solution through (u, v) at t. To bound the number of 
packets sent by SL that contain at least one message from P, define Pi := {j E 

P I 2i - 11-£ ~ L - TVj < 2i I-£}, for i = 1, ... , pog Ul We charge any sent packet to 
the message that caused the packet to be sent due to its waiting time being over. 
It suffices to prove that the number of packets charged to messages in Pi is 201-,).. 
Since the waiting time of messages j E Pi at node U is at least 2· 2i- 11-£/51->., 
the delay between any two packets that are charged to messages in Pi is at least 
2il-£/61-,).. Since the optimal solution sends packet P at t through (u,v), we get 
t E lj(u) "Ij E P and thus lj(u) <;;; [t 2il-£, t + 2il-£1 "Ij E Pt. Thus, the number 
of packets charged to messages in Pi is at most 2· 2i l-£/(2i l-£/61->.) = 261-,).. 0 

SL determines the waiting time of each message at the nodes it traverses 
independently of all other messages. We call such an algorithm a memoryless 
algorithm. To be precise, in a memoryless algorithm node v determines the 
waiting time of message j based only on the message characteristics (vj,rj), 
budget L, communication time to the sink TVj and clock time. The following 
lower bound shows that the competitive ratio of SL cannot be beaten by more 
than a factor log U by any other memory less algorithm. In the derivation of 
the lower bound we restrict to memoryless algorithms that employ the same 
algorithm in all nodes with the same communication time to s. This is not a 
severe restriction, given that communication time to s is the only information 
about the network that a node has. 

Theorem 4. No deterministic asynchronous memoryless algorithm is better than 
(6,)., 61->')-competitive, for fixed A, 0 ~ A ~ L 

Proof Consider any deterministic asynchronous memoryless algorithm with la
tency costs at most 6>' times the budget on the latency costs for fixed ..\, 0 ~ 
..\ ~ 1. An adversary chooses a binary tree with root sand all leaves at distance 
6 from s. The adversary releases message 1 with latency L at time 1'1 in a leaf 
V1. There must be a node u where message 1 waits at most 6,).(L - TV1)/O. The 
adversary releases message j,j 2, ... ,61->. at time 1'1 + j(L - T"1)/61->. such 
that all messages j are sent over node u, and no two messages can be aggregated 
before reaching v. Because TVj = TVl "Ij and we assumed that any memoryless 
algorithm applies the same algorithm in nodes at equal distance, all messages 
are sent non-aggregated to and from u, whereas they are aggregated as early as 
possible in an optimal solution, in particular at u. 0 

Theorems 3 and 4 immediately imply the following corollary. 

Corollary 1. There exists a deterministic asynchronous algorithm that is 
( ..J8, ..J8U·) -competitive and no deterministic asynchronous memoryless algo
rithm is better than (..J8, ..J8)-competitive. 

4 The almost synchronous model 

Typically in sensor networks clocks have a small drift. The CC-algorithm is not 
robust in the sense that its competitive ratio may be much worse if we assume 
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existence of such clock drifts. However, the idea underlying the CC-algorithm 
gives rise to algorithms which have good competitive ratio even in the almost 
synchronous modeL In this section we present such an algorithm. We assume 
that the difference between any two clocks is at most Ll. We also divide nodes 
into classes; a node v is of class p if p is the maximal integer such that Tv = h2P + 1 
for some integer h, and v is of class 0 if Tv 1. Note that p E {O, ... , rlog6l}. 
The algorithm is the following: 

Algorithm:AlmostSynchronousClock (ASC) Message j incurs 3 kinds 
of delay: 
1. a delay of t(Ij ) - Tv; - rj at its release node Vj; 

2. a delay of Ll at each node it traverses; 
3. a delay which sums to 2p+l Ll at the first node of class p, p > 0, it 

traverses. 

The waiting time of message j at a node v is the sum of the delays. A message 
is sent from a node v once its waiting time is over, unless some other message 
(packet) is sent from v earlier in which case j is aggregated with this packet. 

Note that if Ll = ° the algorithm is identical to the CC-algorithm. To illus
trate delay of the third kind we give an example: if a message traverses nodes 
of classes 1-4 in order 1,2,3,4 then its delay of the third kind of these nodes is 
respectively 4Ll, 4Ll, 8Ll, 16Ll. If the order is 4,1,2,3 then its delay of the third 
kind is 32Ll at the node of class 4 and ° elsewhere. 

Now we analyze the competitive ratio of ASC. Let Vk := {vI2k - 1 < Tv :::; 2k} 
for some kEN, for k 1, ... , rlog61. First, we analyze the behavior of the 
algorithm for instances in which the release nodes of all messages is in Vk for 
some kEN. 

Lemma 4. If the CC-solution sends a packet from v, the ASC-solution sends 
at most (k + 1) packets from v which contain a message of the CC-packet, ifVj 
Vj E Vk for some kEN. 

Proof Each packet, either CC or ASC, contains at least one message whose 
waiting time is completely over when the packet is forwarded. Hence without 
loss of generality we only consider messages whose waiting time is completely 
over when counting packets. 

Consider a packet Pcc sent by the CC-solution from some node v at time 
t. In the remainder of the proof we only consider the messages in this packet. 
We analyze the number of ASC-packets which contain a message of Pcc. The 
delays of messages in Pcc are chosen such that all messages in this packet which 
traverse v, i.e. v is not the release node, arrive at this node at time t. As the 
delay of the first kind in the ASC-algorithm is identical to the delay incurred 
by the CC-algorithm we focus on the deviation from this time to analyze the 
number of packets ASC sends. This deviation may be caused either by delay of 
kind 2 and 3, or by the clock drift. 

If k = 0 the lemma trivially holds, because all messages which are sent over 
some node v E Vo have this node v as release node. Hence, if they are sent in 

9 



a single packet by the CC-solution they are also sent in a single packet in the 
ASC-solution. 

For k :2: 1 we introduce the following notation: Vp,k = {v E Vk Iv is of class p, 
"Iv' E Vic of class p, Tv :5 Tv'} for p E {O, ... , k - I}. Vp,1c is the set of nodes in 
Vic of class p with minimal communication time to the sink. Define T(Vp,lc) := Tv 
for some v E Vp,k' The nodes of Vk are partitioned into layers Up,1c for p E 
{a, ... , k I} as follows: 

Up,k := {v E VkIT(Vp,k) :5 T1) < T(Vp+l,k)} for p E {I, ... , k 3}, 

Uk-2,k {v E Vlc lT(Vk-2,k):5 Tv}, 

Note that Vp,k ~ Up,k for all p. Further, each message j with Vj E Up,lc traverses 
some node in Vp,Ic' See Figure 1 for a sketch of the layer structure. 

Vs Vol V3 I V2 IVlIVO 
I I I 

I UO,5 I UO,4 I UO,3 {iO,2 VO,! 

: U3,5 UZ,5 Ul,5 U4,S: U2A U1,4 Ua,4: U1,3 U2.3: U1,2: : 

i 
I: 
I I I I I I 

PIO 1 0 2 0 1 0 3 0 1 0 2 0 1 0 410 1 0 2 0 1 0 310 1 0 210 11010 
T.h2 17116 9 18 5 14 3 1211 

Fig. 1. Node set Vk and layers UO,k>"" Uk-l,k for k = 1, ... ,5. 

We characterize a set of nodes 8 by its depth, which is maxveS Tv -minvEs T" 

and the class string. The class string is an ordered string representing the class 
of nodes in 8 by increasing communication time to the sink. I.e. Va has depth 4 
and class string {201O}. In general, set Vic has depth 2k-l. Node sets 8 and 8' 
are equivalent if they have the same depth and class string. 

We observe that all messages j with Vj E Vic are sent to a node in VIc - l from 
some node in VIc- l ,k, i.e. a node of class k -1. Also, there are no nodes of higher 
class in Vic and this is the only node of class k 1 a node traverses in Vic. From 
these observations we may derive that all messages j with Vj E Vic which are sent 
over the same node v E VIc- l ,k are sent from this node in a single packet. This 
can be seen as follows. The total accumulated delay of kind 2 and 3 that any 
message has incurred when sent from v is at least 2k Ll + Ll because v is of class 
k -1. The total accumulated delay of kind 2 and 3 that any message has incurred 
when it arrives at v is at most 21c- 1 Ll + 2k - 1 ..1, because the maximum class of 
any other node in Vk is k-2 and each message has traversed at most 2k - 1 nodes. 
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As the clock drift is bounded by ,1 and the difference between the minimum and 
maximum delay of any two messages is at most (2k Ll+Ll)-(2k- 1 Ll+2k- 1 .1) ,1 
all messages j with Vj E Vk which are sent over v in Pee must be sent from this 
node in a single ASC-packet. 

Now we are in position to prove our lemma using induction on k. Suppose 
the lemma holds for Vo, ... , Vk. Consider set Vk+1; this set is partitioned into 
layers UO,k+l," . ,Uk,k+1. For l = 0, ... , k - 1 layer Ul,k+1 is equivalent to set 
Vi+1, hence all messages j with Vj E Ut,k+1 which are sent from the same node 
in Ul,k+1 are sent in a single packet. Thus there are at most k packets which 
arrive at any node v E Uk,k+1' As Uk,k+1 has depth 1, all messages which have 
v as their release node, are sent from this node in a single packet. Hence, the 
total number of packets sent from any node in Vk+1 is bounded by k + L This 
proves the lemma. 0 

Theorem 5. ASC is (1 + 4,16/ L, log2 6)-competitive. 

Proof. Consider a packet P sent by the optimal solution. Let P ASC be the set 
of packets sent by the ASC-algorithm which contain at least one message from 
P. Let Ni,k = {j E Ni ITvj E Vk}, for i, kEN, 1 :s; i :s; flog Ul, 1 :s; k :s; pog t5l 
Observe that for any choice of budget on the latency L, there are at most 2 log 6 
nonempty sets Ni,k' Using this, it follows from Lemma 2 and Lemma 4 that 
\1~ ASC I 0(log2 6). Hence, the communication costs of the ASC-solution are at 
most 0(log2 6) times the cost of an optimal L-bounded solution. 

The latency of any message j is at most L + L1TVj + 2LlTVj + ,1, where the 
sum consists of the delay of kind 1,2,3 and the clock drift. Thus, the latency of 
message j is at most (1 + 4,16/ L) times the budget on the latency. 0 

If the drift is very small, competitiveness of ASC approaches the lower bound 
of (1, log 6) of the synchronous case, which we proved in [3]. If the drift is of the 
same order as the latency, i.e . .1 O(L), then the SL algorithm, with A = 1, 
has strictly better «(3, a)-competitive ratio, than the ASC algorithm. In case of 
such drifts, it is not plausible anymore to consider the clocks to be synchronized 
in any sense. 

Remark: In practice the allowed latency is typically not too small. If we assume 
L ;::: 26, i.e. the latency is at least twice the maximum communication time for 
a message to reach the sink, then we may obtain better competitive bounds on 
the algorithms we presented in the previous sections. The reason is, that in this 
case the length of the arrival time intervals of any two messages differs at most 
a factor of two. I.e. we may consider U a constant. 

In this case, Theorem 3 gives (26).,261-). )-competitiveness. Thus, when L ;::: 
26, SL is a best possible on-line algorithm up to a constant multiplicative factor. 
Also, ASC is in this case (1 + 4.16/ L, log 6)-competitive. 
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5 Conclusions and open problems 

We presented on-line distributed algorithms for data aggregation in sensor net
works. We considered algorithms under two different models for sensor clocks. 
For the almost synchronous time model we presented an algorithm which mini
mizes communication costs under a small excess of the latency budget. As far as 
we know our analysis is the first for this model, and we believe that our model 
is more realistic than synchronous time models. We emphasize that the results 
depend linearly on the drift, and that if the drift is very small our algorithms 
approach best possible competitive ratios. 

For the asynchronous time model we presented an algorithm which balances 
the communication and latency costs up to a factor logU, where U is the ratio 
between maximum and minimum allowed delay. We showed that no memoryless 
algorithm can have a competitive ratio which is more than a factor log U better 
than ours, and in case the latency budget is not too small our algorithm is best 
possible within the class of memoryless algorithms. 

The competitive ratio of our asynchronous algorithm is almost balanced; it 
would be interesting to find an algorithm with balanced ratios, equal to the 
lower bounds we presented in this paper. Another path for future research is to 
make a more careful analysis of the almost synchronous time model, in order 
to determine the maximum clock drift for which almost synchronous algorithms 
have better competitive ratio than asynchronous algorithms. 
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