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Abstract—In this paper, we study the problem of designing
routes for source coding with explicit side information (i.e.
with side information at both the encoder and the decoder)
in sensor networks. Two difficulties in constructing such data-
centric routes [1]–[5] are the lack of reasonably practical data
aggregation models and the high computational complexity re-
sulting from the coupling of routing and in-network data fusion.
Our data aggregation model is built upon the observation that
in many physical situations the side information providing the
most coding gain comes from a small number of nearby sensors.
Based on this model, we formulate an optimization problem to
minimize the communication cost, and show that finding the
exact solution of this problem is NP-hard. Subsequently, two
suboptimal algorithms are proposed. One is inspired by the
balanced trees that have small total weights and reasonable
distance from each sensor to the fusion center [6]. The other
separately routes the explicit side information to achieve cost
minimization. Bounds on the worst-case performance ratios of
two methods to the optimal solution are derived for a special
class of rate models, and simulations are conducted to shed light
on their average behaviors.

Index Terms—Data-centric routing, source coding, NP-
hardness, shortest path tree, Steiner tree, maximum weight
branching.

I. INTRODUCTION

A. The problem and its motivation

The need to lower the communication cost in wireless
sensor networks [7] has prompted many researchers to propose
data-centric routing schemes that utilize in-network data fusion
to reduce the transmission rate. There are two major difficulties
in designing such routes. First, the lack of reasonably practical
data aggregation models has led researchers to use overly
simplified ones [1]–[5]. For example, these models generally
assume that sensors perform the same aggregation function
regardless of the origin of the fused data. As a remedy, [4]
suggests looking into models in which data aggregation is
not only a function of the number of sources but also the
identity of the sources. Second, the resulting optimization
problem is often NP-hard due to the coupling of routing
and in-network data fusion [1], [2]. Hence, algorithms that
find exact solutions in polynomial time are unlikely to exist.
In this paper, we attempt to build network models that are
computationally useful yet reasonably approximate reality and
devise heuristic algorithms for the combined routing and
source coding problem.
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Source coding in sensor networks is generally lossy. Al-
though high resolution lossy coding resembles Slepian-Wolf
coding [8], general network distortion coding remains an open
problem. Also, distributed source coding schemes with perfor-
mance near information theoretic bounds require knowledge
of the source probability distribution and often employ long
blocks of data, which results in high complexity and long
delays. While distributed source coding remains an active
research topic [9], [10], in this paper, we consider source
coding with explicit side information. In other words, only
when the side information is available at both the encoder
and the decoder, can it be used to help compress the data. In
practice, a lossy encoder (such as the DPCM encoder in [11])
can be employed at each sensor to compress its data using
incoming flows as explicit side information. Alternatively, we
can quantize the analog signal locally. Then joint entropy
coding is conducted on merged data flows using, for example,
a Lempel-Ziv encoder. The latter scheme is more flexible in
that data can be compressed at not only the node that generates
the data but relays.

Another reason why we consider the joint compression-
routing problem is that in many situations, data aggregation
is possible because the fusion center (end user) is interested
only in some fused function. For example, in [12], only the
direction of arrival estimation needs to be transmitted from
each sensor sub-array to the fusion center to locate an acoustic
source. Although in these cases, the way that data fusion
and communication is carried out is highly dependent on the
specific application, the algorithms proposed in this paper can
be useful if proper data aggregation models are available.

In this paper, two strategies are proposed. One is called the
balanced aggregation scheme (BAS), and the other designated
side information transmission (DSIT). To motivate the idea
and give a preview of the paper, consider the example depicted
in Fig. 1. The communication links between adjacent sensors
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Fig. 1. Three routing strategies (t denotes the fusion center): (a) Network
topology; (b) SPT; (c) BAS; (d) DSIT.

(circles) have the weight ce = d, and the links connecting
sensors to the fusion center (square) have the weight ce = D.
These weights indicate the cost (e.g. power) of transmitting



IEEE/ACM TRANSACTIONS ON NETWORKING, VOL. 16, NO. 4, AUGUST 2008 2

data at unit rate via corresponding communication links. The
rate at which each sensor needs to transmit to the fusion center
is R without explicit side information and r if explicit side
information from an adjacent sensor is available. Assume r ¿
R and d ¿ D. The objective is to minimize the cost C =∑

e cefe of routing all the data to the fusion center, where fe

is the rate at which data are transmitted across edge e. Consider
the three strategies described in Fig. 1. In (b), the shortest path
tree (SPT) with distance metric ce is used. In (c), an example
of BAS, before being routed to the fusion center, data are
aggregated at relays to reduce the communication cost. In (d),
an example of DSIT, each sensor except for the rightmost one
transmits its data to the sensor at its right. This transmission
provides explicit side information for data compression at the
recipient and needs not to be relayed to the fusion center. Note
that at least one sensor has to transmit at rate R to the fusion
center for all the data to be correctly recovered. The costs of
three strategies are: CSPT = 5RD; CBAS = RD+4rD+4Rd+
2rd; CDSIT = RD+4rD+4Rd. In this case, the performances
of BAS and DSIT are both superior to that of SPT.

B. Related work

There has been much recent research activity on data-centric
routing. In [13], the interdependence of routing and data com-
pression is addressed from the viewpoint of information the-
ory. Clustering methods have been used by some researchers
to aggregate data at the cluster head before transmitting them
to the fusion center [14], [15]. Since the cluster head is
responsible for data aggregation and relaying, it consumes the
most energy. Hence, dynamically electing nodes with more
residual power to be cluster heads and evenly distributing
energy consumption in the network is a major issue in these
schemes. In [5], a diffusion type routing paradigm that attaches
attribute-value pairs to data packets is proposed to facilitate the
in-network data fusion. [4] studies an optimization problem
formed for a special class of data models.

More closely related to our work are the correlated data
routing problems studied in [1]–[3]. In [1], the authors gave
a thorough comparison of data-centric and address-centric
methods and a overview of recent effort in the field. [2]
cast the data-centric routing as an optimization problem and
sought solutions to it when different source coding schemes
were used. However, with solution routes restricted to trees,
their heuristics were limited, and no performance analysis
was attempted. [3] discussed two routing algorithms, and
we will see that our DSIT scheme resembles their MEGA
method. However, both their schemes were analyzed under
the restricted contexts of compressing data at only the node
that generates the data or at only relaying nodes, which were
called self and foreign coding in [3]. Moreover, it was assumed
that all nodes produce data, so that the concept of a shallow
light tree [16] was directly applicable.

Preliminary results of this paper appeared in [17], [18].

C. Main contributions and paper organization

In this paper, we build a data rate model, which can be
extended to more complicated and practical situations, for

source coding with explicit side information. Based on this
model, an optimization problem for joint routing and source
coding is constructed, and shown to be NP-hard. This prob-
lem generalizes the formulations in [2], [3] in the following
aspects. First, not all sensors are required to generate data.
Nodes can act as pure relays or simply do not participate in
the routing or data processing activities. Second, in our data
rate model, data compression can take place at any node as
long as both the data to be compressed and the corresponding
side information are present at the node. Lastly, the routing
structure is not restricted to trees or any specific topologies.
The only requirement is that all sensing data are delivered
to the fusion center and no cyclic data dependency occurs
during conditional compression. Due to these relaxations, the
optimization problems in [2], [3] appear as subproblems of our
formulation, and consequently, their solutions are bounded by
the optimal solutions here.

Since finding the optimal solution in polynomial time is
unlikely, we propose two simple routing schemes, BAS and
DSIT. The worst-case performance ratios of both methods
to the optimal solution of our general optimization problem
are bounded for a special class of rate models. Simulation
results also show that these methods have appealing average
performances.

The rest of the paper is organized as follows. In Section II,
we present our network flow and data rate models, based on
which an optimization problem is formulated, and shown to
be NP-hard in Section III. The BAS and DSIT methods are
presented in Section IV. Their worst-case performance bounds
are derived for a special class of rate models in Section V. The
average performances of the two algorithms are studied and
compared to other schemes through simulations in Section VI.
Section VII concludes the paper.

II. NETWORK MODELS

A. Network flows

The topology of a sensor network is abstracted as a graph
G = (N , E). N consists of a set Ns of n sensors and a special
node t representing the fusion center. Denote by Na the set of
active sensors that generate data. Na ⊆ Ns. Both active and
non-active sensors can relay and compress data. E consists
of m communication links with infinite capacity. We assume
that all links are bi-directional and symmetric. If this is not
the case, the network can be modeled as a directed graph,
and most derivations in this paper will apply similarly. The
network is connected, so messages from any sensor can reach
t through direct transmission or relaying.

The network flow fe is defined as the rate at which data
is transmitted across e ∈ E . A data flow generated by node i
and terminating at node j is denoted by f ij . In particular,
we define f i = f it. Clearly, fe =

∑
i,j∈N f ij

e , in which
the subscript and superscript of f ij

e take their meanings from
above definitions respectively. A non-negative weight ce is
defined on each edge e ∈ E to indicate the cost (e.g. power)
of transmitting data at unit rate across e. For i, j ∈ N , the
distance from i to j along path P , denoted by dPij , is defined
as the sum of the weights of edges from i to j on P . If
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multiple routes exist between i and j (e.g. P contains a loop),
dPij assumes the smallest sum. The minimum distance from i
to j, denoted by dij , is the distance along the shortest path
(with metric ce) from i to j. As a shortcut, we write dPi = dPit
and di = dit. The objective is to minimize the communication
cost of routing all the data to the fusion center.

C =
∑

e∈E
cefe. (1)

In practice, the cost can be a more complicated function of
fe, and (1) serves as a first order approximation.

B. Source coding with explicit side information

Denote by Xi the data stream produced by i ∈ Ns.
Assume Xi satisfies the ergodic condition so that the results of
statistical probability theory can be applied. In this paper, we
consider source coding with explicit side information. In other
words, only when the side information is available at both the
encoder and the decoder can it be used to compress the data.
We decompose transmissions to t into individual data flows f i

and consider the minimum rate required such that Xi can be
recovered at the fusion center. Under lossy coding, suppose the
side information for compressing Xi is X̂k1 , · · · , X̂kj , where
k1, · · · , kj ∈ Hi. Hi is defined as the set of sensors whose
data are correlated with Xi, and X̂k denotes the coded version
of Xk. Subject to the distortion constraint d(Xi, X̂i) ≤ D, the
minimum rate is given by the conditional mutual information

f i = min
d(Xi,X̂i)≤D

I(Xi, X̂i|X̂k1 , · · · , X̂kj ). (2)

When Xj , ∀ j ∈ Ns takes values from a discrete alphabet,
entropy coding can be used, so that

f i = H(Xi|Xk1 , · · · , Xkj ). (3)

In either case, the data rate depends on what type of side
information is available, and hence is a function of Mi = |Hi|
binary variables, where | · | denotes the cardinality of the set.
For a network of n sensors, Mi can be as large as (n − 1).
Thus, this description alone has exponential complexity. To
simplify the problem, in this paper, we assume that Mi is
relatively small and side information from at most one sensor
is used. Hence,

f i =

{
bi no side information;
bi|j Xj , j ∈ Hi, is used as side information.

(4)

Note that bi ≥ bi|j ≥ 0 and bj ≥ bi − bi|j . Also, we have
bi = 0 if i ∈ Ns \ Na. When Xi and Xj are correlated,
i ∈ Hj and j ∈ Hi.

The data rate model in (4) appears rather simple. However,
there are practical reasons to assume such small values for Mi

and the number of helpers. First, in many physical situations,
high correlation occurs only in a small neighborhood. In
others, reconstruction fidelity constraints may permit thinning
the number of active sensors, so again only a small number
of sensors has high correlation. Second, due to the correlation
among side information streams, coding gain often saturates
quickly as the number of helpers increases. In addition,

determining coding gain information and processing side in-
formation incurs cost, and the gain of using additional helpers
is often not enough to be worth it. Third, using more helpers
increases the complexity of the model and optimization. On
the other hand, our study on this simpler case can serve as a
first step in dealing with more complicated problems where
multiple helpers are allowed.

In this paper, we assume that (4) is given a priori. However,
in practice, to obtain such rate functions, a training process
must take place before the route design. In most situations,
sensors in Hi are in the neighborhood of sensor i. Thus, each
active sensor needs to transmit a small set of data to nearby
sensors. Alternatively, such information can be fed back from
sensors or the fusion center that performs the data aggregation.
If neither is available, then simple indicators such as the
attribute-value pairs [5] may be used to provide information
on the correlation level of data collected at different sensors.
Although the subject is not pursued here, we recognize that
the cost and effectiveness of these various means of obtaining
data correlation information remains an essential topic in data-
centric routing.

C. Discussion

Data stream Xi can be compressed at i or any relaying
nodes en route to the fusion center as long as the side
information is present. Moreover, flows need not be bundled
in transmission. For instance, in Fig. 2, flows f2

21 and f3
31 join

one another at node 1, then split to take different paths f2
15 and

f3
14 in ensuing transmissions. As a result, the overall routing

structure is not necessarily a tree, and we point out that in
data-centric routing, trees are not necessarily optimal. (Refer
to Fig. 1 for one such example.)

2
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f 43
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1
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Fig. 2. Data flows split in the network. Subscript ij indicates the edge (i, j)
from node i to node j.

When applying conditional compression, we must avoid
cyclic data dependency. In other words, if Xj’s recovery relies
on Xi, then Xj cannot be used as side information for coding
Xi. To formalize the idea, define a directed network Gh that
consists of all active sensors. If Xi is used as side information
for coding Xj , a directed edge (i, j) is formed from sensor i
to sensor j. Then we have the following proposition:

Proposition 1: No cyclic data dependency occurs during
conditional compression iff Gh contains no directed cycles.

The proof is straightforward, and hence omitted. We state the
proposition here because it will become handy in Section IV.

We adopt an example from [11] to solidify our data rate
model. In Fig. 3, a near-field sensor array records the sound
of a tank as it moves by. This array is part of a wireless sensor
network, and their data are to be transmitted to a fusion center
(not shown in the figure). Since we are only concerned about
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Fig. 3. Near field sensor array configuration

TABLE I
DATA RATE WITH DIFFERENT SIDE INFORMATION.

Helped by none s0 s1 s2 s0, s1 s0, s2 s1, s2

σ2
3 5.33 .443 .973 3.43 .424 .431 .943

f3(bits) 6.19 4.40 4.96 5.87 4.36 4.38 4.94

the data correlation here, only four acoustic sensors that record
the sound are shown in Fig. 3. The variance of the observations
at s3 is listed in Table I when they are compressed alone or
with side information from other sensors using an adaptive
DPCM encoder. The data rate is estimated by 0.5 log2(σ2

3/D),
where D is set to 0.001. Notice that the coding gain provided
by different sensors varies significantly with sensor locations.
In practice, the cost of processing side information may lead
to H3 = {s0, s1} and using at most one helper.

III. COMBINED ROUTING AND SOURCE CODING

A. Problem formulation

Given the network model in Section II, the problem be-
comes how to construct transmission routes such that the total
communication cost is minimized. We formulate this as an
optimization problem, which is stated as follows.
Combined Routing and Source Coding (CRSC)
GIVEN: A graph G = (N , E) with a weight ce ≥ 0 defined
on each e ∈ E , a node t ∈ N , a set Hi ⊆ N \ {t, i}, which
satisfies i ∈ Hj iff j ∈ Hi, and the rate f i, at which data
must be transmitted from i to t, defined for each i ∈ N \{t}.

f i =

{
bi without side information;
bi|j with side information from j ∈ Hi.

(5)

Here, bi ≥ bi|j ≥ 0 and bj ≥ bi − bi|j .
FIND: A set of routes for supplying explicit side information
and transmitting data from i ∈ N \ {t} to t at required rate
such that the total communication cost,

C =
∑

e∈E
cefe =

∑

e∈E

∑

i,j∈N
cef

ij
e , (6)

is minimized and no cyclic data dependency occurs.
In our problem formulation, the total cost C includes

not only the cost of transmitting data to t but the cost of
any designated communication that supplies side information.
Therefore, the destination j in (6) can be any node in N .

B. NP-hardness

We prove the following theorem in this section.
Theorem 1: Solving CRSC is NP-hard.

Proof: To prove CRSC’s NP-hardness, it is sufficient to
show that one special case of CRSC is NP-hard [19]. We
consider the following instance, and demonstrate that it is
the minimum Steiner tree problem. Assume |Na| < |Ns| and
Hi = Na \ i for i ∈ Na, where Ns = N \ {t} and Na is the
set of nodes with nonzero data rates. Define

f i =

{
1 i ∈ Na without side information;
0 i ∈ Na with side information, or i ∈ Ns \ Na.

We first show that the cost of transmitting all the data to
the fusion center can be minimized by using a tree route.
Since all edges have unlimited capacity, there is no benefit in
splitting an individual flow. (A path with the smallest distance
among all splitting routes can be selected to carry the complete
flow without increasing the cost.) Furthermore, since the rate
function is either 1 or 0, the flow on any particular edge fe

must be an integer. Hence, the optimal route consists of a set
of edges that carry flows fe > 1, t, all active sensors, and
relaying nodes. Suppose this optimal route does not form a
tree. Since there is at least one path from each i ∈ Na to t
in the optimal route (otherwise, Xi cannot be recovered at t),
all active nodes and t are connected, and we can find at least
one tree that is embedded in the optimal route and connects
all the active sensors to t. If there is more than one such tree,
we pick the one with the minimal total of edge weights and
use this tree as the transmission route. Given our data rate
model, it is evident that the data flow fe will always be 1 on
any edge e of our tree route. Thus, the total cost is simply the
sum of the edge weights of the tree, which is less than that
of the optimal route. This contradiction shows that the set of
optimal routes must form a tree.

As fe is 1 on all edges of the routing tree, finding the
optimal route is equivalent to constructing the minimum
Steiner tree that connects all active sensors to t, which is an
NP-hard problem. Hence, CRSC is also NP-hard.

C. SPT and Clusters

Since finding the exact solution of CRSC in polynomial
time is unlikely, we turn to heuristics. Here, we present two
routing methods that our proposed schemes, BAS and DSIT,
will be compared to in Section VI.

A shortest path tree (SPT) is used to route data to t, and data
compression is performed whenever explicit side information
is available due to the mergence of flows in the network. We
establish a result regarding SPT’s worst-case performance.

Proposition 2: When the rate function is given by

f i =

{
b0 without side information;
βb0 with side information,

(7)

where i ∈ Na and 0 ≤ β ≤ 1. The costs of the SPT (CSPT)
and optimal solution (COPT) satisfy the following relation.

COPT/CSPT ≥ β + (1− β)/na, where na = |Na|. (8)
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This bound is tight in that, for any β and na, there are cases
in which the equality in (8) holds.

Proof: Denote by EST the set of edges in the Steiner tree
(ST) that connects all active sensors to t.

CSPT ≤ b0

∑

i∈Na

di ≤ b0na

∑

e∈EST

ce, (9)

where di is the minimum distance from i to t as defined in
Section II-A. The first inequality is straightforward, and the
second is due to the following relation.

max
i∈Na

di ≤
∑

e∈EST

ce.

On the other hand, we have the following for an optimal route.

COPT ≥ βb0

∑

i∈Na

di + (1− β)b0

∑

e∈EST

ce. (10)

The first term is the minimum cost of routing data from all
active sensors to the fusion center assuming side information
is available at every node. The second term represents the
extra cost of routing at least one complete set of data to t (to
avoid cyclic data dependency) and supplying side information
to active sensors, which is minimized by using a Steiner tree.
In the most fortunate situations, only the fraction (1 − β)b0

of data need to be transmitted (such an example is given in
Fig. 4 when ε → 0). (9) and (10) lead to (8).

1

t

...
n

3
2

Fig. 4. An instance that achieves the equality in (8): Na = {1, · · · , n};
Hi = Na \ i, cit = 1, i ∈ Na; ck,k+1 = ε, 1 ≤ k ≤ (n− 1).

To show that the bound is tight, consider the instance
depicted in Fig. 4. The equality in (8) is asymptotically
attained when ε → 0.

It is no surprise that the worst-case performance ratio
depends strongly on β, which indicates the level of the coding
gain. After all, the bound represents the penalty that a SPT
receives for ignoring the data correlation in designing routes.

Various clustering methods have been proposed [14], [15]
for sensor networks. In this paper, we use a clustering method
based on geographical proximity. The sensing field is divided
into rectangular cells, and sensors that fall in the same cell are
grouped into a cluster. The sensor with the smallest distance to
the fusion center is picked as the cluster head. In each group,
sensors transmit to the cluster head to have their data fused,
and subsequently sent to the fusion center.

IV. TWO HEURISTIC ALGORITHMS

A. Balanced Aggregation Scheme

In this section, we propose an approximation algorithm that
is inspired by the idea of balancing shortest path trees and trees
with small weights [6]. In this algorithm, all transmissions

terminate at t. Data are aggregated on their way to the fusion
center. Hence, the total cost of routing can be expressed as

C =
∑

e∈E

∑

i∈Na

cef
i
e. (11)

1) Motivation: To motivate the algorithm, we assume
bi|j = bi|· in (5), i.e. bi|j is the same for all j ∈ Hi. We
decompose f i

e into two parts.

f i
e = qi

e + ri
e.

When f i
e = 0, qi

e = ri
e = 0. Otherwise, we define

qi
e = bi|·.

ri
e =

{
bi − bi|· no side information;
0 with side information.

Thus, qi
e is the portion that is independent of side information,

and ri
e represents the part that is compressible by the helper’s

data. Accordingly, (11) can be decomposed into two parts.

C = Cq + Cr ,
∑

e∈E

∑

i∈Na

ceq
i
e +

∑

e∈E

∑

i∈Na

cer
i
e.

Consider, for a moment, minimizing Cq and Cr separately.
Cq is minimized when the route is a set of shortest paths. On
the other hand, to obtain a small Cr, we should try to jointly
code Xi and Xj , j ∈ Hi, and merge flows using routes of
small weights. Accordingly, when coding gain is small (bi|· À
bi − bi|·), the route is expected to be close to a SPT. When
there is substantial coding gain (bi|· ¿ bi−bi|·), the focus is on
achieving aggregation with minimal cost. For the general case
of varying coding gains, we speculate that an approximation to
the optimal solution can be obtained by constructing balanced
aggregation routes, and the balance is struck based on the
relative magnitudes of bi and bi|·.

2) Constructing balanced paths: We first examine how
to route a sensor’s data to t using an existing path while
taking into account the data compression. In Fig. 5, there
is a path connecting the active sensor k to t. Define Pk =
{k, (k, v1), v1, · · · , vp, (vp, t), t} the sequence of nodes and
edges on the path, and dPk

uv (u, v ∈ Pk) the distance from
u to v along Pk as in Section II-A. Set dPk

u = dPk
ut . We

want to find a path to route the data of i to t such that the
resulting cost is minimized. This amounts to determining an

i

k

t

j

ijd

kP

kjd
kP

jd

Fig. 5. Construct a balanced path for i.

aggregation node j ∈ Pk where fk and f i join one another.
Note that once aggregation takes place, we require flows to
be bundled in subsequent transmission such that compressed
data can be recovered properly at all relays to be potential side
information for other flows. There are two possibilities.
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(1) Xi and Xk are uncorrelated. The optimal route is the
shortest path from i to t, and the cost is:

Ci|k = bidi.

(2) Xi and Xk are correlated. Assuming the two flows
merge at node j ∈ Pk, the cost of routing f i to t is

Cj
i|k = bidij + bi|kdPk

j .

We choose arg{minj∈Pk
Cj

i|k} as the aggregation node
and set Ci|k = minj∈Pk

Cj
i|k.

Balanced paths do not necessarily constitute a tree. For
example, in Fig. 5, the path from i to j may have used nodes
in Pk as relays. The aggregation does not take place at the first
node where f i encounters Pk because Pk is not necessarily a
shortest path, and it may be more advantageous to delay the
mergence of flows until j. One such scenario is depicted in
Fig. 6, where fk runs through {k, a, b, j, t} to aggregate with
f l at b. The route for f i consists of {i, a, j, t}, which bypasses
b and merges with fk at j. It is easy to come up with rate
functions and edge weights to result in such a scenario.

k

i

l

t

j

a

b

Fig. 6. A balanced path that is not a tree.

3) Balanced aggregation scheme: The complete algorithm
involves successive steps of adding balanced paths of active
sensors to the solution route. Each time, the newly routed
sensor incurs the smallest routing cost among all the remaining
sensors. We state our algorithm as follows.

Balanced Aggregation Scheme (BAS)
Given a graph G with edge weights and data rate models

properly defined, set U = Na and C = 0. Carry out the
following steps.

(1) Find the shortest path from each active sensor to t.
Denote by I the sensor that has the minimum routing
cost Ci = bidi, i ∈ Na.

(2) C = C + CI . Remove I from U , and add I’s path to
the solution route. If U is empty, stop the algorithm.

(3) For each sensor i ∈ U , compute Ci|k resulting from
merging f i with fk, k ∈ Na \ U . Determine

Ci = min
k∈Na\U

Ci|k.

(4) Find I = arg{mini∈U Ci}. Return to step (2).

Since exactly one active sensor is removed from U during
each iteration, we can number sensors according to the order
that they are removed. If we construct the directed graph Gh

in Proposition 1 for the route built from BAS, a directed edge
(i, j) is possible only when sensor i has been marked with
a smaller number than j. It is easy to show that such a Gh

contains no directed loops. Thus, no cyclic data dependency
results from BAS.

B. Designated Side Information Transmission

1) Motivation: In this section, we take up the approach
in Fig. 1 (d). Data flows from active sensors to t are routed
independently and do not aggregate with one another. Side
information transmissions are carried out on designated routes.
These transmissions are uncoded and need not to be relayed
to the fusion center. The total routing cost can be decomposed
into the cost of routing explicit side information Cs and the
cost of transmitting data to the fusion center Ct:

C = Cs + Ct ,
∑

i,j∈Na

∑

e∈E
cef

ij
e +

∑

i∈Na

∑

e∈E
cef

i
e. (12)

Note that the destination of f i
e in Ct is t, while f ij

e in Cs

always terminates at an active sensor (j ∈ Na) since it is for
side information transmission only.

In addition to achieving good performance when there is
high data correlation in the network, DSIT offers greater
flexibilities than strategies that bundle flows terminating at the
fusion center and flows carrying side information. Here, f i

can be routed to t through any path. As a result, traditional
address-centric routing schemes that are designed to evenly
distribute the traffic load in the network and maximize node
lifetime [20], [21] can be applied.

2) Maximum weight branching: We first consider con-
structing routes for transmissions to the fusion center. These
routes affect only Ct. In addition, as f i, i ∈ Na does not
provide any side information, its routing is decoupled from
the data aggregation process. Hence, shortest paths should be
used to achieve the minimum Ct.

Ct =
∑

i∈Na

dif
i, (13)

where f i is a function of the side information transmission.
Designing routes for side information transmission is more

complicated. First, it is NP-hard. Consider an instance where
a node needs to transmit side information to multiple active
sensors. This is a multi-cast problem with Steiner trees as its
optimal solution. Second, we need to ensure that no cyclic
data dependency results while routing the side information.
This amounts to avoiding directed cycles in Gh according to
Proposition 1.

For the moment, we ignore the Steiner tree part, and use
shortest paths to route all the side information. This leads to
constructing a network Ga as follows. Ga consists of the set of
active sensors Na. In addition, for each ordered pair of nodes
i, j ∈ Na, create a directed edge (i, j) from sensor i to j and
assign the weight wij to represent the net gain of routing side
information from i to j. We have

wij =

{
(bj − bj|i)dj − dijbi if i ∈ Hj ;
−dijbi otherwise.

(14)

Denote by Aa the set of directed edges with wij > 0, and
define Ga = (Na,Aa). A branching on the directed graph Ga

is a set of directed edges B ⊆ Aa satisfying the conditions
that no two edges in B enter the same node, and B has no
directed cycle. It is evident that a branching on Ga represents
a feasible set of routes for side information transmission. No
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two directed edges in B pointing to the same node ensures that
a sensor uses side information from at most one helper, and no
directed cycle avoids the cyclic data dependency. The problem
of minimizing the total cost is equivalent to maximizing the
weight sum of the branching B, which is stated as follows.
Maximum Weight Branching (MWB)
GIVEN: A directed graph Ga = (Na,Aa) with a weight we

defined on each directed edge e ∈ Aa.
FIND: A branching B ⊆ Aa that maximizes

∑
e∈B we.

A polynomial time algorithm for solving this problem has
been discovered independently by [22] and [23].

3) Designated side information transmission: Once the
optimal branching B is determined, we revert to using Steiner
trees. Define Si as the set of sensors that receive side in-
formation from i ∈ Na based on the optimal branching
B. We use the shortest path heuristic [24] to construct the
subtree that connects i and Si. Our heuristic algorithm is a
combination of the maximum weight branching and the Steiner
tree approximation. We state it as follows:

Designated Side Information Transmission (DSIT Heuristic)
Given a network G = (N ,A) with edge weights and rate

functions properly defined, carry out the following steps.
(1) Find the shortest path from each active sensor to the

fusion center. These are the routes for transmitting data
to the fusion center.

(2) Construct a directed graph Ga = (Na,Aa), where Na

are the set of active sensors and Aa is the set of directed
edges from i to j (i, j ∈ Na and i 6= j) whose edge
weights wij defined as in (14) are greater than zero.

(3) Find the maximum weight branching B on Ga. Based
on B, determine the set of sensors Si that each active
sensor i ∈ Na transmits side information to.

(4) Run a shortest path heuristic for the Steiner tree problem
to find the subtree for transmitting side information from
i ∈ Na to the sensors in Si.

It is easy to see the similarity between DSIT and the
MEGA method in [3]. Instead of transmitting side information,
MEGA transmits data to other nodes to seek aggregation. The
benefit of this approach is that data can be relayed toward
the fusion center while being compressed. On the other hand,
DSIT offers the opportunity of multicasting side information
to multiple receivers, and thus reducing the cost. In [3], the
MEGA method is evaluated in the context of foreign coding
and shown to be optimal. In this paper, the performance of
DSIT will be bounded against the optimal solution of CRSC.

V. PERFORMANCE ANALYSIS

The performance analysis for arbitrary data correlation is
very difficult. Instead, most of our derivation in this section
will be based on a special class of data rate model:Hi = Na\i,
i ∈ Na, and the rate function is given by (7).

A. Balanced Aggregation Scheme

BAS completes in na iterations. During each round, there
is no need to compute Ci, i ∈ U in step (3) all over. It
suffices to update Ci such that the newly added path in

the previous iteration is accounted for. The bottleneck of
BAS is on constructing shortest paths to each active sensor.
Using Dijkstra’s algorithm, it runs in O(nam log n) time. The
distributed implementation of BAS relies on efficient parallel
algorithms for constructing shortest paths between pairs of
sensors, which is a well-researched topic. We refer readers to,
for example, [25] for discussions of the subject.

For a set of sensors with uncorrelated data, BAS builds
the shortest path from each active sensor to the fusion center.
For the special instance that results in the minimum Steiner
tree problem in Section III-B, BAS collapses to the shortest
path heuristic [24], which has a worst-case performance ratio
of CBAS/COPT = 2na/(na + 1). For more general cases, we
begin our analysis by proving the following lemma.

Lemma 1: Denote by dBAS
i the distance from i to t along

the BAS path constructed for i ∈ Na. Given Hi = Na \ i,
i ∈ Na and the rate function in (7), we have

∑

i∈Na

dBAS
i ≤ κ1

∑

i∈Na

di, (15)

where
κ1 =

1
β
− (1− β)[1− (1− β)na ]

naβ2
.

This bound is tight in that, for any β and na, there are network
instances that attain the equality in (15).

Proof: We label all the nodes in Na according to the
order that they are added to the BAS route. In other words,
node i is the ith active node connected to t. Denote by Ji

the aggregation node for flow f i, and Ki the corresponding
helper. When no aggregation takes place, we set Ji = Ki = t.
To obtain an upper bound for

∑
i∈Na

dBAS
i , we try to maximize

dBAS
i for i = 1, 2, · · · , na in successive steps.
For i = 1,

dBAS
1 = d1 = min

i∈Na

di. (16)

For i = 2, since the BAS path constructed for node 2 is the
one that incurs minimum cost among all {j | 2 ≤ j ≤ na},

b0d2J2 + βb0d
PK2
J2

≤ b0 min
2≤j≤na

dj .

Otherwise, the node with the smallest distance to t will have
lower routing cost than node 2. On the other hand,

d
PK2
J2

≤ dBAS
1 = min

i∈Na

di.

Therefore,

dBAS
2 = d2J2 + d

PK2
J2

≤ θ2 + (1− β)θ1, (17)

where we have defined θi = mini≤j≤na dj . Continuing in the
same fashion, we can show that, at iteration i,

d
PKi

Ji
≤ max

1≤j≤i−1
dBAS

j ≤
i−1∑

j=1

(1− β)i−1−jθj , (18)

and

dBAS
i = diJi + d

PKi

Ji
≤ θi + (1− β)dPKi

Ji

≤
i∑

j=1

(1− β)i−jθj . (19)
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Define

aj =
na−j∑

k=0

(1− β)k = [1− (1− β)na+1−j ]/β.

Sum (19) over all 1 ≤ i ≤ na.

na∑

i=1

dBAS
i ≤

na∑

i=1

i∑

j=1

(1− β)i−jθj
(a)
=

na∑

j=1

ajθj

(b)

≤



na∑

j=1

θj







na∑

j=1

aj




/
na

(c)

≤



na∑

j=1

dj







na∑

j=1

aj




/
na.

Step (a) is obtained by defining k = i − j to replace i. Step
(b) uses Proposition 3 proved in the Appendix. Step (c) comes
from the fact that θj ≤ dj . From this, (15) is easily derived.

1 n

n-1

3
2

t

. . .

Fig. 7. An instance that attains the equality in (15): Na = {1, 2, · · · , n};
c1t = 1; cit = 1 + ε, ci−1,i = (1− β)i−1, 2 ≤ i ≤ n.

The network instance depicted in Fig. 7 achieves the equal-
ity in (15) asymptotically when ε → 0.

We proceed to prove the following lemma.

Lemma 2: Denote by Ji the aggregation node for flow f i.
(Ji = t when there is no helper.) Given Hi = Na \ i, i ∈ Na

and the rate function in (7), we have
∑

i∈Na

diJi ≤ κ2

∑

e∈EST

ce + βκ3

∑

i∈Na

di, (20)

where

κ2 =
2na

na + 1
, κ3 =

1
β
− 1− (1− β)na

naβ2
.

Proof: We label all the active nodes the same way as we
did in the proof of Lemma 1, and label t as node 0. Assume
that we are at iteration i of the BAS algorithm, and node i is
picked to be connected to t via aggregation node Ji, helped
by node Ki. The cost of this step is

Ci = b0diJi + βb0d
PKi

Ji
, (21)

which is the minimum routing cost among all un-routed active
nodes, {j | i ≤ j ≤ na}. Suppose instead of node i, we choose
another node among un-routed active nodes to be connected
to t according to the following procedure. We temporarily set
β = 0, and find the node î that yield the minimum routing
cost b0dîĴi

via aggregation node Ĵi helped by K̂i. Then we
revert β to its original value, and observe that

b0diJi + βb0d
PKi

Ji
≤ b0dîĴi

+ βb0d
PK̂i

Ĵi
. (22)

This comes from the fact that when β is at its original value, Ĵi

is a suboptimal aggregation node for î, and hence the resulting
cost is no less than the minimum cost in (21). Moreover,

dîĴi
≤ dpq, (23)

for any 0 ≤ p, q ≤ na that satisfies min(p, q) ≤ i − 1 and
max(p, q) ≥ i. (Recall that t is labelled as node 0). Otherwise,
we could have set î = max(p, q) and Ĵi = K̂i = min(p, q) to
yield a cost lower than b0dîĴi

when β was temporarily set to
0. Sum (22) over all i ∈ Na.

na∑

i=1

[
diJi

+ βb0d
PKi

Ji

]
≤

na∑

i=1

dîĴi
+ β

na∑

i=1

d
PK̂i

Ĵi

(a)

≤ 2na

na + 1

∑

e∈EST

ce + β

na∑

i=1

d
PK̂i

Ĵi

(b)

≤ κ2

∑

e∈EST

ce + βκ3

∑

i∈Na

di. (24)

Step (a) is justified because (23) is the same inequality
satisfied by the shortest path heuristic of Steiner tree problem.
(The full proof can be found in [24].) Step (b) comes from (18)
and the same derivation in the proof of Lemma 1.

The equality in (20) can be achieved when β = 0, but the
bound is not tight for the general case of β > 0. With Lemma 1
and 2 at hand, we are now ready to provide a bound on the
performance of BAS.

Theorem 2: Given Hi = Na \ i, i ∈ Na and the rate
function in (7), the routing costs resulting from CRSC’s
optimal solution (COPT) and BAS scheme (CBAS) satisfy

COPT

CBAS
≥ max

[
β +

(1− β)
ξ

,
βξ + (1− β)
κ3βξ + κ2

,

βξ + (1− β)
(2κ1 − 1)βξ + κ2(1− β)

]
. (25)

Here, we have defined

ξ =
∑

i∈Na

di

/ ∑

e∈EST

ce,

and κ1, κ2, and κ3 are parameters defined in Lemma 1 and 2.
Proof: We observe that the performance bound given in

Proposition 2 is attained by a SPT without in-network data
aggregation. On the other hand, BAS is no worse than a SPT
without in-network data aggregation. Therefore, the first term
on the right hand side of (25) is a result of (9) and (10). The
second term comes from (24) and (10).

In addition, from Lemma 1 and 2, we have

CBAS = βb0

∑

i∈Na

dBAS
i + (1− β)b0

∑

i∈Na

diJi

≤
[
β(2κ1 − 1)

∑

i∈Na

di + (1− β)κ2

∑

e∈EST

ce

]
b0.

The third term on the right hand side of (25) can be obtained
from above inequality and (10).

Note that ξ is a parameter that depends on the specific
network topology, and it satisfies 1 ≤ ξ ≤ na. Similar to
Lemma 2, (25) is generally not tight. An example of the bound
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is depicted in Fig. 8, where COPT/CBAS is confined in the
shaded region. We can see that BAS prevents the worst-case
performance ratio from continuously dropping as β decreases.
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Fig. 8. The performance bound in Theorem 2 given na = 10, ξ = 5.

Although the rate model in Theorem 2 appears oversim-
plified, in practice, we may be able to approximately divide
a sensor network into groups of active sensors, and within
each group, sensors produce highly correlated data and have
similar data rates. Hence, the bound in (25) can be applied to
each group and a coarse bound on the overall network can be
obtained by summing the results from all groups. However,
we do not pursue this idea in this paper.

B. Designated side information transmission

Finding the maximum weight branching takes O(ma log na)
time, where ma = |Aa|. The shortest path heuristic for a
Steiner tree requires O(nam log n) time for a sparse network.
(The actual running time of the shortest path heuristic is in
general much less because the number of nodes involved in
constructing the shortest path is |Si|, which is often much
smaller than na.) Hence, the computational cost of DSIT and
BAS are of the same order. The distributed implementation
of DSIT requires efficient parallel algorithms for constructing
not only shortest paths but also optimal branchings. For the
latter, we refer readers to [26], which discusses a distributed
version of the Edmonds’ method [23].

Regarding the performance of our heuristic algorithm com-
paring to that of the optimal solution attainable using a DSIT
strategy, we prove the following theorem.

Theorem 3: Given the rate model in CRSC problem, the cost
resulting from our DSIT heuristic (CDSIT) and the minimum
cost using the DSIT strategy (CMIN) satisfy

CDSIT/CMIN ≤ N, (26)

where N = max{1, maxi∈Na |Sopt
i |}, the greater of one and

the maximum number of sensors that one sensor needs to
transmit side information to in the optimal solution. The bound
is tight in that there are instances that attain the equality in (26)
for any value of N .

Proof: It is first noted that Sopt
i is in general not the same

as the Si in our heuristic algorithm, and CMIN is the optimal
result achievable by the DSIT approach, which may be greater
than COPT, the minimum cost of the CRSC problem.

When maxi∈Na
|Sopt

i | = 0, a SPT without in-network data
aggregation is used. Hence, CDSIT/CMIN = 1.

Suppose maxi∈Na |Sopt
i | ≥ 1. In the optimal DSIT solution,

side information is routed from i to Sopt
i using the minimum

Steiner tree, and data is transmitted from active sensors to t
through shortest paths. Denote by EST(i) the set of edges of
the Steiner tree for circulating side information supplied by
sensor i ∈ Na. EST(i) = ∅, if Sopt

i = ∅. Hence,

CMIN =
∑

i∈Na

f idi +
∑

i∈Na

bi

∑

e∈EST(i)

ce.

Instead of the Steiner tree, consider relying on a shortest path
tree to route the side information from i to the sensors in Sopt

i .
The corresponding cost C ′ will be

C ′ =
∑

i∈Na

f idi +
∑

i∈Na

bi

∑

j∈Sopt
i

dij .

Since

Ni

∑

e∈EST(i)

ce ≥
∑

j∈Sopt
i

dij , where Ni = |Sopt
i |, (27)

we have
C ′/CMIN ≤ max

i∈Na

Ni.

On the other hand, CDSIT is at least as good as the optimal
result of using the shortest path tree to route the side informa-
tion. Therefore, CDSIT ≤ C ′. Together with above inequality,
this gives rise to the bound in (26).

To show that the bound is tight, we consider the instance
in Fig. 9. The edge weights between sensors vk and uk

1
v

3
v

2
v

1
u

2
u
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u

t

δ

1 11

1
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v
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1
u

2
u

3
u

t

1
v

3
v

2
v

1
u

2
u

3
u

t

(a) (c)(b)

δδ

δδ

Fig. 9. An instance that attains the equality in (26): (a) network setup;
(b) routes of side information transmission using DSIT heuristic; (c) routes
of side information transmission in the optimal DSIT solution.

(k = 1, 2, 3) is 1. Other edges have weight δ. All the sensors
are active with data rate R without side information and 0
when side information is available. Denote U = {u1, u2, u3},
and V = {v1, v2, v3}. We assume Hi is U when i ∈ V ,
and V when i ∈ U . In Fig. 9, (b) and (c) illustrate how
side information is transmitted in the DSIT heuristic and
optimal DSIT solution. Accordingly, CDSIT = 3R + 3Rδ and
CMIN = R + 5Rδ. When δ → 0, the ratio CDSIT/CMIN
approaches N = 3 asymptotically. In a similar fashion,
problem instances with arbitrary values of N can be devised.
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It is easy to show that the worst-case scenario in Fig. 9
applies to the MEGA scheme in [3] as well. Hence, its
performance will be at least bounded by (26). We now proceed
to prove the following theorem, which bounds the ratio of
COPT to CDSIT for a special class of rate models.

Theorem 4: Given Hi = Na\i, i ∈ Na and the rate function
in (7), the routing costs of CRSC’s optimal solution (COPT)
and DSIT heuristic (CDSIT) satisfy

COPT

CDSIT
≥

max
[
β +

(1− β)
ξ

,
1 + β(ξ − 1)

1 + β(ξ − 1) + 2N/(N + 1)

]
, (28)

where ξ and N are defined as in Theorem 2 and 3 respectively.
Proof: As in Theorem 2, the first term on the right hand

side of (28) comes from Proposition 2 since DSIT is no worse
than a SPT without in-network data aggregation.

Define O to be the set of active sensors that receive no side
information in the optimal DSIT solution. To avoid cyclic data
dependence, we must have |O| ≥ 1. We construct a viable
DSIT solution as follows. First, build the Steiner tree that
connects all active sensors to t, and denote by EST the set
of edges on this tree. Then, pick a node I ∈ O. Through the
Steiner tree constructed above, the data of I are distributed to
all other active sensors to be used as side information. Shortest
paths are used for transmissions from active sensors to t. The
total cost of this DSIT solution (C ′′) satisfies

C ′′ ≤ b0dI + βb0

∑

i∈Na\{I}
di + b0

∑

e∈EST

ce.

The inequality comes from the fact that side information only
needs to be transmitted to active sensors while EST reaches t
as well. Then, we have

CMIN = b0

∑

i∈O
di + βb0

∑

i∈Na\O
di + b0

∑

i∈Na

∑

e∈EST(i)

ce

(a)

≤ b0dI + βb0

∑

i∈Na\{I}
di + b0

∑

e∈EST

ce (29)

(b)

≤ b0

∑

i∈O
di + βb0

∑

i∈Na\O
di + b0

∑

e∈EST

ce,

where EST(i) has the same meaning as in the proof of Theo-
rem 3. Step (a) is because CMIN ≤ C ′′, and step (b) comes
from I ⊆ O and β ≤ 1. Therefore,

∑

i∈Na

∑

e∈EST(i)

ce ≤
∑

e∈EST

ce (30)

As in the proof of Theorem 3, consider circulating side
information within the group of nodes Vi = {i}∪Sopt

i using a
shortest path tree. Since Hj = Na \ j, j ∈ Na, a bound better
than (27) can be obtained by allowing sensors other than i to
transmit side information within the group. Let Gi = (Vi, Ei)
be a complete graph, and the cost cuv of edge (u, v) ∈ Ei be
the length of a shortest path between u and v, (u, v ∈ Vi).
Denote by EMST(i) the set of edges of the minimum spanning

tree on Gi. Then, it is known [27]
∑

e∈EMST(i)

ce ≤ 2Ni

Ni + 1

∑

e∈EST(i)

ce. (31)

Now, we make (Vi, EMST(i)) a directed tree by setting all its
edges pointing away from i, and for any (u, v) ∈ EMST(i),
which points from u to v, node u transmits its data to v as
side information via (u, v). It is easy to show that this results
in no cyclic data dependency.

Since the DSIT heuristic is no worse than any solution that
uses shortest paths to transmit side information, we have the
following sequence of inequalities.

CDSIT ≤ b0

∑

i∈O
di + βb0

∑

i∈Na\O
di + b0

∑

i∈Na

∑

e∈EMST(i)

ce

(a)

≤ b0dI + βb0

∑

i∈Na\{I}
di + b0

∑

e∈EST

ce

−b0

∑

i∈Na

∑

e∈EST(i)

ce + b0

∑

i∈Na

∑

e∈EMST(i)

ce

(b)

≤ βb0

∑

i∈Na

di + (2− β)b0

∑

e∈EST

ce

+b0

∑

i∈Na

(
Ni − 1
Ni + 1

) ∑

e∈EST(i)

ce

(c)

≤ βb0

∑

i∈Na

di +
(

2N

N + 1
+ 1− β

)
b0

∑

e∈EST

ce

Step (a) uses (29). Step (b) comes from dI ≤ ∑
e∈EST

ce

and (31). Step (c) is a result of (30) and note that EST(i) = ∅
when maxi∈Na Ni = 0. The second term on the right hand
side of (28) is easily obtained from the above and (10).

In general, (28) is not tight. An example of this bound is
depicted in Fig. 10. Again, the worst-case routing performance
is improved under high gain situations comparing to SPT.
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Fig. 10. The performance bound in Theorem 4 given na = 10, ξ = 5, and
N = 2.

The worst-case scenario in Fig. 9 can be avoided by
running multiple maximum weight branching and shortest path
heuristic iterations in the DSIT heuristic. At each iteration,
only one sensor is added to Si, i ∈ Na. However, this greatly
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increases the computational cost. Moreover, the pathological
case in Fig. 9, where high correlation exists between sensors
that are far away from one another but zero correlation among
nearby sensors, is rarely a physical reality. The value of N
is expected to be small as one’s data help mostly nearby
sensors. Also since side information is often circulated within
one’s neighborhood, using shortest paths to approximate a
Steiner tree introduces a moderate amount of error. In the
next section, the average behavior of different algorithms is
examined through simulations.

VI. SIMULATIONS

A. Simulation setup

In our simulations, we place (n + 1) nodes including the
fusion center and n sensors in an nd×nd square, where nd =
d√n + 1e. Denote by dze the smallest integer such that dze ≤
z, and bzc the largest integer such that bzc ≥ z. Supposing
x̃i and ỹi, i = 1, · · · , n + 1, are random variables that are
uniformly distributed in [0, 1], the coordinates of node i is
given by

xi = [(i mod nd)− 1] + x̃i,

yi = b(i− 1)/ndc+ ỹi.

We define a transmission radius rc. If two nodes are no more
than rc away from each other, direct communication between
the two nodes is allowed. Otherwise, relays have to be used.
Denote by de the Euclidean length of edge e. When de ≤ rc,
the edge weight ce is proportional to dα

e , where α = 2 is the
path loss factor. When the number of sensors increases, the
network covers a larger area while maintaining the communi-
cation range and sensor to sensor spacing. A typical 100 node
network constructed in this manner is depicted in Fig. 11(a).
The node in the lower left corner is the fusion center.

In our simulation, we assume that all sensors are active. The
helping set Hi of sensor i is defined as follows. Any pair of
sensors that are no more than rd away from one another have
the probability of ph to be in the helping sets of one another.
Fig. 11(b) shows the resulting data correlation in the network.
For simplicity, the data rate function in (7) is used.

tt

(a)

tt

(b)

Fig. 11. Simulation setup: rc =
√

5, rd = 1.8, ph = 0.5. Two nodes are
connected if (a) direct transmission is allowed; (b) their data are correlated.

B. Simulation results

Denote by CSPT, CCLU, CBAS, and CDSIT the routing cost
of SPT, cluster, BAS and DSIT heuristics. The cluster method

is described in Section III-C. Define CASP to be the cost of
routing data when an address centric SPT, in which no data
aggregation is performed, is used. The performance ratios of
heuristic algorithms to address centric SPT are computed:

µs =
CSPT

CASP
, µc =

CCLU

CASP
, µd =

CDSIT

CASP
, µb =

CBAS

CASP
.

We simulate for different network sizes and vary the values of
β and ph. In each case, the performance ratios are computed
by averaging over 20 randomized network setups.

The simulation results under high coding gain, β = 0.1,
are plotted in Fig. 12, where ph = 0.5. The wiggling of
curves is mainly due to the irregular sensor distribution when√

n + 1 is not a integer. It has a more pronounced effect
on the clustering method as it results in an uneven number
of sensors in different clusters. It is apparent that all data-
centric algorithms provide significant gains over the address-
centric SPT, and performance ratios improve as the network
size increases. The latter is because the data rate reduction
affects the total cost more as the average distance to the fusion
center increases. The ratios will eventually saturate before
reaching β. Both BAS and DSIT are superior to SPT. However,
the clustering method performs worse than SPT. This is not
surprising considering that we group sensors based solely on
geographical proximity. Possible improvements include taking
into account data correlation in forming clusters, varying
cluster size, and using data-centric routing for intra-cluster
data transmission etc. The performance ratios are plotted under
small coding gain, β = 0.8, in Fig. 13. The DSIT method
suffers the most from the decrease of data correlation. It
performs worse than the SPT algorithm. However, BAS still
produces the best result.
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Fig. 12. Performance ratios plotted against network size when coding gain
is high, β = 0.1, ph = 0.5.

We also varied the value of ph, and observed significant
performance improvement for the clustering method and SPT
when ph was raised from 0.5 to 1. In contrast, the improvement
on µb and µd were much smaller. It appears that the benefit of
data correlation has been exploited fully in these two methods.
Hence, increasing the size ofHi produces little additional gain.
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Fig. 13. Performance ratios plotted against network size when coding gain
is low, β = 0.8, ph = 0.5.

To better illustrate the effect of coding gain, we fix the
network size at 100, and plot µ as a function of β in Fig. 14.
It is observed that all ratios increase monotonically with β,
which is expected. BAS has the smallest ratio under almost all
coding gain conditions. DSIT has about the same performance
as BAS when β is small, but µd surpasses µs at moderate
coding gain and converges to 1 with µs and µb when β tends
to 1. We also observe that µd, µs, µb ≤ 1 since these methods
never perform worse than the address-centric SPT. In contrast,
µc becomes greater than 1 when β is close to 1.
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Fig. 14. Performance ratios plotted against β, ph = 0.5.

C. Discussion

Our simulations highlight the importance of coding gain
information in designing data-centric routes. The clustering
method based on geographical proximity illustrates that seri-
ous performance loss may occur when routing is ill-advised.

The SPT fares fairly well when ph = 1. In a SPT, sensors
in neighborhoods have good chances of quickly merging their
flows, which leads to data compression and cost reduction.
However, in practice, sensors in a network may carry out

different tasks and collect various types of data, so it is more
common that ph is less than 1. In addition, our simulations are
conducted on networks where sensors are evenly distributed,
and cases similar to the worst scenario in Fig. 4 rarely occur.

BAS and DSIT methods yield good results under high cod-
ing gain and converge to SPT when coding gain diminishes.
The two schemes’ ability to take advantage of data correlation
is evident when ph drops from 1 to 0.5. While decreasing
the number of potential helpers gives rise to significant per-
formance loss for SPT and clustering methods, µb and µd

only dip slightly. Although our simulations show that the
performance of DSIT deteriorates when β becomes greater
than 0.5, the performance loss is relatively benign due to the
low coding gain and the convergence of µd to 1. Although
we only presented centralized algorithms for BAS and DSIT,
distributed implementations are not difficult to devise given
the extensive research that have been conducted on SPT and
MWB.

VII. CONCLUSION

Our study continues the recent development of data-centric
routing. The data transmissions are decomposed into in-
dividual flows originating at different sensors to build a
simplified first order rate model. Based on this model, we
formulate an optimization problem and show it to be NP-
hard. Subsequently, two heuristic algorithms, BAS and DSIT,
are proposed. Our analysis and simulations show that both
methods are amenable to distributed implementation, have
moderate complexity, and provide good performance under
both high and low coding gains.

The algorithms proposed in this paper rely heavily on our
assumed network model. In particular, we assume that data
streams are highly correlated only when they are generated by
a small group of sensors close to one another, and the coding
gain of side information saturates when the number of helpers
exceeds one. Hence, these methods may not be as effective
in cases that deviate from these assumptions. Nonetheless, as
we discussed in Section II-B, there are practical reasons to
consider this simplified case. Furthermore, if more than one
helper has to be considered, we speculate that the problem
can be approached in a multi-step procedure. At each step, the
number of helpers is restricted to at most one, and algorithms
similar to our heuristic schemes are used. This is an area that
needs further research.
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APPENDIX

In this appendix, we prove the following proposition.
Proposition 3: Given real numbers a1, a2, · · · , an and

variables θ1, θ2, · · · , θn that satisfies the following conditions

a1 ≥ a2 ≥ · · · ≥ an ≥ 0,

θn ≥ · · · ≥ θ2 ≥ θ1 > 0, (32)

we have the inequality

r(θ1, · · · , θn) =
∑n

i=1 aiθi∑n
i=1 θi

≤
∑n

i=1 ai

n
, (33)

and the equality is achieved when θ1 = θ2 = · · · = θn.
Proof: We first show that the value of r(θ1, · · · , θn) can

be increased if θi 6= θi+1 for any 1 ≤ i ≤ n − 1. Due to
condition (32), we have θi < θi+1, if θi 6= θi+1. Construct a
new sequence as follows

θ′j =

{
(θi + θi+1)/2 j = i or i + 1;
θj otherwise.

It is an easy matter to show that

r(θ1, · · · , θn) ≤ r(θ′1, · · · , θ′n)

Keep performing this action as long as there are unequal pairs
of (θi, θi+1), eventually θi will converge to

∑n
j=1 θj/n, and

we obtain (33).
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