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Abstract. In this paper, we consider Multiple-Sink Data Collection
Problem in wireless sensor networks, where a large amount of data from
sensor nodes need to be transmitted to one of multiple sinks. We design
an approximation algorithm to minimize the latency of data collection
schedule and show that it gives a constant-factor performance guarantee.
We also present a heuristic algorithm based on breadth first search for
this problem. Using simulation, we evaluate the performance of these two
algorithms, and show that the approximation algorithm outperforms the
heuristic up to 60%.
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Introduction

A wireless sensor network, which consists of an ad hoc group of small sensor
nodes communicating with one another, have a variety of applications such as
traffic monitoring, emergency medical care, battlefield surveillance, and underwater surveillance. In such applications, it is often necessary to collect the data
accumulated by each sensor node for processing. We call the operation of transmitting accumulated data from sensor nodes to the sinks data collection. In this
paper, we consider the problem to find a schedule to quickly collect a large
amount of data from sensor nodes to sinks. Data need to be collected without
merging. If the data can be merged, the operation is called data aggregation.
One of the challenges in data collection in wireless networks is radio interferences that may prevent nearby sensor nodes from transmitting packets simultaneously. Scheduling data transmissions without carefully considering such
inferences can result in significant delay in data collection.
When there is only one gateway (or sink) to collect data and the amount
of data at all sensor nodes is similar, a greedy algorithm may work well. For
example, there is a 3-approximation algorithm for general graphs and optimal
algorithms for simpler graphs in this case [5]. When there are multiple gateways
and the distribution of the data is not uniform, the problem becomes more
challenging as the amount of data to be sent to each gateway need to be balanced
to avoid congestion.
In this paper, we consider the problem of minimizing the latency of data
collection in settings where (i) data cannot be merged, (ii) there are multiple
sinks, and (iii) the amount of data accumulated at sensor nodes as well as the
capacity of links may not be uniform. We present an approximation algorithm to
find a schedule with a constant-factor guarantee. We evaluate the performance
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of this algorithm as well as a greedy heuristic algorithm using simulation in
various settings. Our simulation results show that the approximation algorithm
outperforms the naive heuristic up to 60%.
The rest of the paper is organized as follows: We present related work and
problem formulation in Sections 2 and 3, respectively. In Section 4, we introduce
an LP-based approximation algorithm and show that it gives a constant-factor
performance guarantee. We then present a greedy breadth-first-search (BFS)
based heuristic algorithm in Section 5, and the experimental results in Section
6. Conclusion is presented in Section 7.
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Related Work

Data broadcast and collection are among the most fundamental operations in
many communication networks. Algorithms for broadcasting in wireless networks, in which the objective is to transmit data from one source to all the other
nodes, have been extensively studied in the literature [1, 3, 7, 13, 12, 8]. Data collection and aggregation problem in wireless networks, on the other hand, are
relatively new but have recently received much attention [14, 15, 11, 18, 5].
Florens and McEliece [5] studied data distribution and collection problems
with a single source/sink. They present data distribution/collection schedule for
several types of graphs, and show that it provides 3-approximation for general
graphs and optimal solution for simpler graphs such as trees. Their algorithm
(and the analysis) cannot be easily extended to the case of multiple sinks. In
addition, they assume that all the links have uniform capacity, i.e., one packet
can be transmitted over a link at each time unit.
Another problem closely related data collection is the data aggregation problem (also called convergecast), in which gathered data can be merged by taking
the maximum or minimum for example. Huang et al. [14] designed a nearly constant approximation algorithm for minimum latency data aggregation problem.
Cheng et al. [4] considered large-scale data collection problem in wired networks, in which a large amount of data need to be collected from multiple hosts
to a single destination. They present coordinated data collection algorithm using a time-expanded graph to minimizes the latency. Unlike our problem, radio
interference is not an issue in their problem as they consider data collection in
wired networks.
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Problem Formulation

3.1 Network Model
A wireless sensor network can be modeled as a graph G = (V, E) in which each
node in V represents a sensor node and each link, e ∈ E, represents a wireless
communication link between two nodes. The capacity of a link, e, specifies the
amount of data that can be transmitted over e during a unit time. For any two
network nodes, u, v ∈ V , (u, v) and C(u, v) respectively denote the link from
u to v and its capacity. Finally, every link (u, v) ∈ E has an interference set,
denoted as I(u, v), which represents the set of links in E that may not be used
concurrently with (u, v) due to interference. Interference has been modeled in a
variety of ways in the literature, including protocol model [9], transmitter model
(Tx-model) [19], transmitter-receiver model (Tx-Rx model) [2, 16], and so on.

Our algorithm is applicable to any of those models by appropriately defining
interference sets I(u, v) according to the model.
3.2 Data Collection Problem
We consider the Multiple-Sink Data Collection Problem (MSDC), in which there
are multiple sinks and a large amount of data from sensor nodes need to be
transmitted to one of the sinks. Formally, we are given a wireless directed network
graph, G = (V, E). Each link (vi , vj ) in the graph from node vi ∈ V to vj ∈
V is associated with a capacity, C(vi , vj ), and an interference set, I(vi , vj ) =
{(vi0 , vj 0 ) ∈ E | link (vi0 , vj 0 ) interferes with link (vi , vj )}. A link cannot be used
when another link in its interference set is activated. We have a set of sinks
D ⊂ V . For node vi ∈ V \ D, let si denote the amount of accumulated data at
this node, and the data need to be sent to one of the nodes in D. Note that the
data can be sent to any of the sinks. We want to find a data-collection schedule
to transmit all the data to the sinks. The schedule must specify in each time
slot which links are used for data transfer. In order for the schedule to be valid,
it must not allow two interfering links to be used for data transfer at the same
time. Our objective is to find a data-collection schedule of the minimum latency.
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A constant approximation algorithm

In this section, we present an approximation algorithm with a constant-factor
guarantee. The algorithm consists of three components. The first component
constructs a time-expanded graph [10, 6], which represents the progression of the
state of the network throughout a given time period T , during which data collection occurs. The second component uses a linear programming (LP) formulation
to generate feasible flows to send data over edges in the time-expanded graph.
The first and second components need to be repeatedly run until we can find a
feasible flow with latency close enough to the optimal solution. The details of
the iterations are given in the end of Section 4.2 and Algorithm 1. Once a feasible flow solution is obtained, the third component finds an exact data collection
schedule for each time slot. We refer to this algorithm as LP-based algorithm. In
Section 4.4 we show that it gives constant factor guarantees, with the constant
depending on the interference model (e.g., it gives 5-approximation under unit
disk model). We next describe the three components in the algorithm in detail.
4.1 Generating a time-expanded graph
One core component of our algorithm is expanding the network graph, G, to
a time-expanded graph, GT = (VT , ET ), which represents the network over a
period of T time units, and in which we can compute a network flow that corresponds to a valid data collection schedule. Figure 1 depicts an example network
graph and its corresponding time-expanded flow graph.
Given a graph G and time T , the expanded time graph, GT = (VT , ET ),
can be constructed as follows. For each network node vi ∈ V , and for every
t ∈ {0...T }, we add a vertex vi,t to VT . These vertices represent vi at T + 1
points of time, where vi,t+1 is one time unit later than vi,t . To represent the
storage of data over time at a node in V , we assign an unlimited flow capacity,
CT (vi,t , vi,t+1 ) = ∞, to any vi ∈ V and t ∈ {0...T − 1}. Furthermore, we assign

∞

v1,0

v1,1

2
20
v2

v3

9

4

26

s

5
2

∞

v3,0

∞

20

26
6

v2,0

v2,1

∞

v3,1

∞

9

6

∞v

v4,0

4,1

5

v1

∞

v4
v5,0

11

v1,2

2

4

11

v5

∞

v2,2

∞

v3,2

∞

9

6

∞v
4

4,2

∞

v1,3

2

5

v5,1

∞

9

6
v3,3

∞v

d

4

4,3

5

v5,2

∞

v2,3

∞

∞

v5,3

Fig. 1. A network graph, G, and its corresponding time-expanded graph, GT , where
T = 3, and the shaded nodes represent the sinks.

a flow capacity CT (vi,t , vj,t+1 ) = C(vi , vj ) to each edge (vi,t , vj,t+1 ) ∈ ET , which
represents the maximum amount of flow allowed on this edge in a time unit. In
addition, we associate a flow interference set, IT (vi,t , vj,t+1 ), to (vi,t , vj,t+1 ) ∈
ET , which can be inferred from the interference set of the corresponding link
in E. Specifically, for all vi , vj , vi0 , vj 0 ∈ V with (vi0 , vj 0 ) ∈ I(vi , vj ), and for all
t ∈ {1...T − 1}, (vi0 ,t , vj 0 ,t+1 ) ∈ IT (vi,t , vj,t+1 ). Last, we add a super source s and
a super sink d into the time expanded graph. We also create a link from s to
vi,0 with capacity si for any node vi ∈ V \ D. Meanwhile, for any node vj ∈ D
in the original graph, we have a link from vj,T to d with unlimited capacity.
4.2 Computing a data flow
The constructed time-expanded graph GT , along with the associated supplies,
edge capacities, and interference constraints, form an interference-bound
P network
flow problem. In this problem, if the maximum flow from s to d is vi ∈V \D si ,
then in the original graph we can collect all the data to the sink in time T . We
solve the network flow problem using a linear programming (LP) formulation
as follows. Denote fu,v as the flow along the edge from vertex u to v for any
u, v ∈ VT and (u, v) ∈ ET . In particular, fs,u represents the flow along the link
from the super source s to node u ∈ VT , and fv,d represents the flow along the
link from node v ∈ VT to the super sink d. Let Out(u) denote the set of the
endpoints of the outgoing links of u, u ∈ VT , and let In(v) denote the set of the
endpoints of the incoming links of v, v ∈ VT . Then the LP formulation is:
X
Maximize:
fs,u
u∈Out(s)

Subject to:

X

fs,u −

u∈Out(s)

X

fu,v
+
CT (u, v)

fv,d = 0

(1)

fu,v = 0, ∀ u 6= s, d

(2)

v∈In(d)

fv,u −

v∈In(u)

X
X

v∈Out(u)

X
(u0 ,v 0 )∈I(u,v)

fu0 ,v0
≤ 1, ∀ u, v ∈ VT
CT (u0 , v 0 )

fu,v ≤ CT (u, v), ∀ u, v ∈ VT

(3)
(4)

fu,v ≥ 0, ∀ u, v ∈ VT

(5)

The above LP formulation represents a network flow problem with additional
constraints to ensure interference-free property. More specifically, Constraints
(1) and (2) are for flow conservation, and Constraint (4) is for link capacity.
Constraint (3) provides a sufficient condition for interference-free schedule. In
other words, the constraints ensure that, throughout any time slot, only one
network link in each interference set can be active.
For a given timeP
T , if the resulting maximum flow from s to d after solving
the LP problem is vi ∈V \D si , then we can infer a complete schedule for all
data in the network to be collected in time at most T . By performing a standard
doubling/binary search, we can find the minimum latency Tmin necessary to
have a valid network flow solution in logarithmic time. Once Tmin is found, the
solution of network flow in the time-expanded graph GTmin can be obtained,
and will be used in the third step (see Section 4.3) to generate an exact data
collection schedule. Algorithm 1 presents a high-level description of the above
procedure.
Algorithm 1 Compute feasible data flow
1. Guess Tmin in logarithmic time, using doubling and binary search:
(a) Generate a time-expanded graph GT of length T from the given network G.
(b) Check whether there exists a valid flow in GT using the LP formulation.
2. Compute the solution of network flow in time-expanded graph GTmin .

4.3 Data collection schedule
We now present a scheduling algorithm for each time interval. We assume that
the amount of data to be collected is sufficiently large, and so we can split the
data into pieces as small as necessary. Without loss of generality, we assume the
time interval to be one second.
Consider time interval [t, t + 1]. Let Gt = (Vt , Et ) denote a subgraph of GT =
(VT , ET ), where Vt = {vi,t , vi,t+1 | vi ∈ V } and Et = {(vi,t , vj,t+1 ) | (vi , vj ) ∈
E}. We derive an link interference graph GIt = (VIt , EIt ) from Gt = (Vt , Et ),
I
where node vi,t
∈ VIt corresponds to an edge in Et , and an edge in EIt connects
I
I
I
I
two vertices, vi,t and vj,t
, if and only if vi,t
and vj,t
interfere with each other
t
I
in Gt . Let fi denote the amount of flow that is transmitted through vi,t
. Let
I
I
I
N (vi,t ) be the set of nodes in VIt that are connected to vi,t . That is, N (vi,t
)
I
t
t
I
contains all the edges that interfere with vi,t in Et . Let xi = fi /CT (vi,t ), where
I
I
∈ Et . Then xti represents the
) represents the capacity along the edge vi,t
CT (vi,t
I
amount of time that vi,t needs to occupy in interval [t, t + 1].
Algorithm 2 describes how to construct a data collection schedule for interval
I
[t, t + 1]. Basically, for each node vi,t
∈ VIt , it schedules a duration of xti as
early as possible while not causing any interference. An example illustrating
the algorithm is shown in Figure 2. In the figure, (a) shows an example of link

Algorithm 2 Construct data collection schedule for interval [t, t + 1]
for i = 1 to |VIt | do
I
1. In interval [t, t + 1], find the earliest slot, [t0 , t0 + xti ], for vi,t
while not causing any
interference (i.e., this slot has no overlap with the slots already allocated to nodes
I
in N (vi,t
)).
2. If no consecutive slot of duration xti is found, split xti into shorter durations and
schedule each duration separately.
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Fig. 2. An example illustrates Algorithm 2

interference graph GIt where the number beside each node shows the amount
of flow to be sent over the link. A valid data collection schedule for the link
interference graph can be constructed as shown in (b). That is, the flows for
x1 and x2 can be scheduled starting from time t. Transmission for x3 can be
scheduled only after t + 0.3 due to the interference with x2 which is already
scheduled. For x4 , 0.1 is scheduled after x1 is finished and before x3 starts
sending, and the remaining is scheduled after t + 0.7. x5 can be scheduled in
a similar way.
In Section 4.4, we prove that this algorithm produces a schedule of length
at most 1 for time interval [t, t + 1]. Therefore, we can concatenate the T unit
schedules to produce a complete schedule of length at most T . In practice, the
length of the schedule for each interval may be substantially less than one, leading
to a complete schedule substantially less than T . In our experiments, we found
that a computed complete schedule is often below T (it is often less than 0.7T ).
4.4 Analysis
Theorem 1. The data collection schedule ultimately produced by our algorithm
is valid and satisfies the interference constraints.
Proof. We only sketch the proof due to space limit. First, it is easy to see that,
I
I
∈ VIt , that interfere with each other
, vj,t
in Algorithm 2, any two nodes, vi,t
will not be scheduled during the same time slot in [t, t +P1]. Secondly, since
Constraint (3) in the LP formulation is equivalent to xti + vI ∈N (vI ) xtk ≤ 1,
k,t

i,t

in each unit time interval, an amount of xti for vit will be completely scheduled.

Last, Constraints (1) in the LP formulation guarantee that all the data from the
sources will be delivered to the sinks at the end of the schedule. Therefore, the
above claim holds.
u
t
We next establish that, under several network models, our algorithm approximates an optimal schedule within a constant factor. In particular, under a unit
disk model, it approximates the optimal schedule within a factor of five. To prove
the approximation guarantee, we use the following lemma from [17].
Lemma 2. [17] For every edge (u, v) ∈ E, there are at most c edges in I(u, v)
that can transfer data at the same time, where c is a constant depending on the
model used to determine the network’s interference constraints. Under a unit
disk model, c = 5.
Theorem 3. The LP-based algorithm gives c-approximation for Multi-sink Data
Collection problem.
Proof. Let LPk refer to a linear programming formulation, which differs from
that in Section 4.2 in that the interference constraint (3) is replaced by
fu,v
+
CT (u, v)

X
(u0 ,v 0 )∈I(u,v)

fu0 ,v0
≤ k, ∀ u, v ∈ VT .
CT (u0 , v 0 )

(6)

That is, LPk allows using k edges simultaneously in each interference set (our
original LP formulation is LP1 ).
By Lemma 2, an optimal data collection schedule may use no more than
c edges in a given interference group simultaneously. It has been shown that
Constraints (6) provide a necessary condition to obtain a valid flow without
interferences when k is set to c (c depends on the interference model) [17].
Therefore, the optimal solution is lower bounded by the solution to LPc . We
can also see that, at any point in time, the schedule produced by LPc allows c
edges in each interference group to be active. If the amount of time available is
multiplied by c, then each of these potentially interfering transmissions can be
placed in its own time period. The resulting schedule satisfies the constraints
imposed in LP1 . Let OP T refer to an optimal algorithm, and let T (X) denote
the latency of the schedule produced by an algorithm, X. Therefore, T (LP1 ) ≤
c · dT (LPc )e ≤ c · dT (OP T )e.
u
t
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A Greedy BFS-based Algorithm

In this section, we design a heuristic algorithm for the special case where all the
links have the same capacity. This heuristic algorithm is greedy in nature and
uses breadth first search. Therefore, we call it Greedy BFS-based Algorithm.
The main idea of the algorithm is to divide nodes into layers according to
their distance to the set of sinks, and let nodes far away from the sinks transmit
data to nodes close to the sinks, which in turn forward the data to the sinks.
More specifically, let Dist(u, v) denote the distance between u and v in graph G,
which is the length (in hop counts) of the shortest path connecting u and v in G.

Let Dist(v, U ) denote the distance from u to a set of nodes U , which is defined to
be minu∈U Dist(u, v). We divide nodes into layers according to their distance to
the sink set, D. More specifically, let Li denote the set of nodes whose distance
to D is i. Let lmax denote the index of the layer that is farthest away from
D. We can obtain Li using breadth first search, i = 1, . . . , lmax . Let Data(u, t)
denote the
P amount of data at node u at time t. Consider a heuristic function,
F (t) = u∈V Dist(u, D)Data(u, t). At the end of the schedule (i.e., after all
data have been transmitted to the sinks), this function equals zero. Our heuristic
takes a greedy approach to reduce F (t) as fast as possible by maximizing the
number of nodes that transmit data at every time t, while ensuring that (i) the
transmissions do not create any interference, and (ii) nodes in Li+1 transmit to
nodes in Li (so that F (t) decreases over time). We repeat the above procedure
until F (t) goes to zero. The pseudo-code of the algorithm is given in Algorithm
3.
Algorithm 3 Greedy BFS-based Algorithm
1: Classify nodes into layers using breadth first search
2: t ← 0
3: while F (t) > 0 do
X ← ∅ /* the set of transmitting links at time t */
4:
5:
for i = lmax to 1 do
6:
sort Data(u, t) in decreasing order, u ∈ Li
for each u ∈ Li such that Data(u, t) > 0 do
7:
8:
if u has neighbor v ∈ Li−1 such that the link (u, v) does not interfere with
any link in X then
9:
X ← X ∪ {(u, v)}
end if
10:
11:
end for
end for
12:
13:
Transmit data on every link in X
14:
Update Data(u, t) for all u ∈ V
t←t+1
15:
16: end while
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Experimental Results

Network setting: We generate a unit disk
√ graph
√ by placing n nodes uniformly
at random over a square region of size 2n × 2n, where n is the number of
nodes. The area of the network, as a result, increases in proportion to the number
of nodes, maintaining an approximately constant network density. We vary the
number of nodes n in the random network from 30 to 70 with increments of
five. There is an edge between two nodes if their geometric distance is no more
than one. The capacities of all the links are the same. For convenience, we set all
capacities to be 1. A random subset of the nodes is chosen as sinks. The number
of sinks is set to be 1, 2, 4 and 8. We consider two distributions for the initial

amount of data at non-sink nodes: uniform distribution, where the initial data
at each non-sink node is set to be 1, and skewed distribution, where the initial
data si at node i is 1/i.
Interference model: Our algorithm is applicable to any interference model.
In our experiments, we use two-hop interference model, in which two edges can
interfere with each other if they are within two-hop distance [16].
Performance comparison. For each setting, we generate ten independent inputs and compare the average latencies of the two algorithms over the ten inputs. Figure 3(a) and (b) depict the ratio between average latencies of Greedy
BFS-based Algorithm and LP-based Algorithm for uniform and skewed distribution, respectively (the results using 8 sinks are similar and omitted for clarity).
The confidence intervals are tight and hence omitted. We observe that the latency of LP-based Algorithm is around 20% to 70% shorter than that of Greedy
BFS-based Algorithm. For uniform distribution, the gain of LP-based Algorithm
increases from 1.1 to 1.5 as the number of nodes increases. For skewed distribution, LP-based algorithm outperforms Greedy Algorithm by 40%-60%, even for
small networks. Last, we observe similar results for different number of sinks.
1.6

1.8

1.4

1.6
1.4

1.2

1.2

BAP 1
L/
yd 0.8
ee
r 0.6
G

m=1
m=2
m=4

0.4

BAP
L/ 1
yd
ee 0.8
r
G

m=1
m=2

0.6

m=4

0.4

0.2

0.2

0

0
30

35

40

45

50

55

60

65

70

30

35

40

45

50

55

60

65

70

Number of nodes

Number of nodes

(a) Uniform distribution

(b) Skewed distribution

Fig. 3. Ratio between average latencies of Greedy BFS-based Algorithm and LP-based
Algorithm. m is the number of sinks

7

Conclusion

We proposed a constant approximation algorithm and a heuristic for MultipleSink Data Collection Problem in wireless sensor networks. The constant approximation algorithm first constructs a time-expanded graph, then generates feasible
flows in the expanded graph, and finally finds an exact data collection schedule.
The heuristic algorithm is based on greedy breadth first search. Our experimental results show that the approximation algorithm can significantly outperform
the simple heuristic (up to 60%).
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