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Abstract—In a data collection sensor network, how to maxi-
mize the network lifetime through topology control remains an
open research problem. Previous work has studied this problem
by aiming to build a max-lifetime data collection tree, however,
tree-based data collection does not necessarily yield maximum
network lifetime. In this paper, we consider collaborative multi-
path data delivery and formulate the lifetime maximization prob-
lem as a max-fair-flow problem, then study how to collaboratively
adjust the transmission power of sensor nodes to achieve the max-
fair-flow, thus maximizing the network lifetime. We give both
theoretical proofs and simulations to validate its correctness and
performance.

Index Terms—Collaborative Topology Control; Maximum
Lifetime; Energy Efficiency; Wireless Sensor Networks

I. INTRODUCTION

In many existing literatures, the network lifetime is usually

defined as the time from the boot of network until the first

node in the network dies. For max-lifetime data gathering with

or without data aggregation, there has been many research

focused on the tree-based protocols. One problem is that the

tree-based data collection protocols do not make use of the

multi-path for data delivery in the network, thus can not

achieve maximum lifetime. We can use an example to illustrate

this point.
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Fig. 1. Network lifetime of single spanning tree. (a) shows the topology of
the network, including 4 sensor nodes w, x, y, z and one sink node s. The
numbers in ellipses denote the initial battery energy. (b), (c) and (d) are 3
possible spanning trees T1, T2 and T3 induced from the network. Assume
T1, T2 and T3 are data collection trees, the number in each node indicates
its the energy consumption rate. The grey node is the bottleneck node, the
first node to deplete its energy, of each spanning tree. The lifetime L of
corresponding spanning trees are 9, 12 and 18 respectively.

A proper example involves a small data collection network

with four sensor nodes and one sink node as shown in Fig.

1. The figure also lists three possible spanning trees induced

from the data collection network. We assume that each sensor

node sends one unit of data per time unit and suppose that

transmitting or receiving one data unit consumes one unit of

energy. The energy consumption rate of sensor nodes depends

on both receiving and transmitting (e.g. in T1, node w receives

2 and transmits 3 data units per time unit thus consumes 5 units

of energy, i.e., the energy consumption rate of node y is 5).

Then we can see that the lifetime of listed spanning trees T1,

T2 and T3 are 9, 12 and 18 respectively. Note that in tree T2,

the lifetime of bottleneck node y is longer than 12, but after 12

time units the energy left on node y is not enough to transmit

one unit of data for every node. In this case, we consider the

lifetime of data collection tree as �EB/r� where EB and r
are the energy of bottleneck node and its energy consumption

rate. By constructing a spanning tree for data collection in Fig.

1, one can list all the spanning trees induced from the network

to get the tree with maximum lifetime. It is not hard to find

out that in the example network there is no single spanning

tree which can survive more than 18 time units, i.e., no matter

which tree is chosen, the network lifetime can not be longer

than 18.
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Fig. 2. Network lifetime of scheduling multiple trees. (a), (b) and (c) show
the topology of spanning tree T1, T2 and T3 and S(T1), S(T2) and S(T3)
indicate the scheduling time of each tree. The numbers in the ellipses are the
residual energy before scheduling the tree. (d) shows that after scheduling
done, x and y deplete their energy.

Next we will show that the network lifetime can be extended

if the sensor nodes make use of the multi-path to transmit data

to different parents for data delivery. Instead of employing a

single spanning tree as the data collection tree we can use the

strategy of scheduling multiple trees. In Fig. 2, by scheduling
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T1, T2 and T3 for 6, 7 and 7 time units the network can survive

20 time units until x and y die. Scheduling can extend the

network lifetime longer than any individual tree. Spanning tree

scheduling can be easily formulated as a linear programming

problem, and one can find the optimal solution of scheduling

by enumerating all different spanning trees (corresponding to

the constraints in LP) of a given network. The problem is

that the number of spanning trees may be prohibitively large

(e.g. exponential in number of nodes for a complete graph).

So enumerating all the spanning trees itself is a hard problem

with the growth of network size. Berman et. al. [1] address the

problem of choosing an appropriate subset in the exponential

number of constraints to approximate the optimal by applying

Garg-Könemann algorithm [2].

Consider the following data collection process. Assuming

that there are n sensor nodes and one sink node s in the

network, every sensor node tries to produce and deliver one

data unit to s in each data collection round. Suppose that after

α rounds, the sink node can not collect one data unit from

each sensor node in one round. Then the network lifetime is

α rounds. Fig. 3 illustrates this process of the example network

above. It shows that each node can produce 22 data units then

transmit them to sink through the network one by one. After

22 rounds, node w and y can deliver more data to sink but

node x and z can not, so the network lifetime is 22 here.
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Fig. 3. Network lifetime and max-fair-flow. (a) shows the network topology
and initial battery energy of each sensor node, the arrows indicate the data flow
direction and the number by each link indicate the data transmitted through
it. (b) shows the residual energy of sensor nodes when not all sensor nodes
can deliver one data unit to sink in one round.

From the example in Fig. 3 we can see that 22 is actually

the data flow that each sensor node can produce and deliver to

sink. To maximize the network lifetime we need to maximize

this flow amount, i.e., the data collection rounds α.

Definition 1: Max-fair-flow. Given a data collection net-

work with n sensor nodes and one sink node s, s can collect

one data unit from each node in one round. Suppose Given a

power assignment of the sensor nodes P , the network satisfies

that the minimum dataflow (rounds) the nodes archive in the

network is maximized and the second lowest dataflow is also

maximized and so on. Let ai be the dataflow of node vi, then

we call α̃ = maxαi the max-fair-flow of the network.

Notice that, max-fair-flow assignment with topology con-

trol also maximizes network lifetime, as explained earlier.

However, network lifetime maximization can be achieved

through max-min-flow with topology control. Max-fair-flow

additionally maximizes throughput and fairness thus a ideal

goal of this paper. In this paper, we assume that the node

power level is adjustable and the capacity constraint is on

nodes, instead of links. Each node capacity is determined by

its residual energy, thus it depends on each node’s transmission

and reception energy, as well as the data rates of sending and

receiving. Then we have 1,

Lemma 1: Finding a max-fair-flow α̃ will maximize the

lifetime of a data collection network.

1 is straightforward from the previous discussion. We can

formulate the network lifetime maximization problem as a

max-fair-flow problem, and maximize the flow from the sensor

nodes that produce and deliver the minimum amount of data.

This is so-called the maxmin fairness flow of the network. We

can find such a flow by first maximizing the total flow to sink

and then adjusting the flow fairness to guarantee maxmin [3].

We have showed that computing a max-fair-flow can max-

imize the network lifetime in the network that each sensor

node has fixed transmission power. In the existing real-world

deployment of sensor networks in data collection, the sensor

nodes usually are set with their maximum power level which

is not energy efficient. Due to the positive correlation between

power level and energy consumption rate of transmission,

using maximum power level will impact the network lifetime

especially in dense network. The rest of the paper is organized

as follows. In section II, we propose an algorithm to collab-

oratively control topology and maximize the network lifetime

by adjusting the transmission power level of sensor nodes. We

evaluate the algorithm in simulation and show the results in

section III and conclude the paper in section IV.

II. SYSTEM MODEL

Consider a data collection network G with n sensor nodes

(v1, v2, ..., vn) in V and one sink node s, all sensor nodes

periodically produce data. The sensor data from all the sensor

nodes need to be delivered to the sink node. All the sensor

nodes are powered by batteries, the initial energy in battery

for node vi is Ei, Ei is finite and the battery is unchargeable,

different nodes may have different initial energies. Sink node

s is connected to an unlimited power supply where Es = +∞.

Each node can adjust its transmission power from level 0, on

which the radio of sensor node is in sleep mode, to level

P , on which the node uses maximum transmission power.

The energy consumption rate and transmission range depend

on the power level, higher power level implies higher energy

consumption rate and lager transmission range. Suppose that

all the nodes in the network have the same power setting

configuration, i.e., each node can set its own power level

from 0 to P and the transmission energy consumption rate

of different nodes is identical on the same power level, and

the energy consumption rate of receiving is fixed at any

power level. Besides, we assume that the sensor network is
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connected, i.e., there exists a path from any node to the sink

if all the sensor nodes use their maximum power level.

Let R be the amount of energy required to receive one

unit of data and Tp denote the amount of energy required

to transmit one unit of data at power level p. pi denotes the

power level of node vi. Suppose that Di is the data amount

node vi produces and delivers to sink, Mi is the data amount

which can be relayed (received and transmitted) on node vi.
Then for any power level assignment of all sensor nodes

α = minDi and there exists some power level assignment

where α is maximized, i.e., α is the max-fair-flow α̃. Then

we can formulate the network lifetime problem as following,

Problem: Given a network G, find an power level assignment

P = {pi|vi ∈ V } such that α is maximized, i.e., the network

lifetime is maximized.

To calculate α̃, we use the similar max-flow min-variance

approach proposed in [3] which calculates a maximum flow of

the network and then balance the flow among different paths.

So we need to measure how much data node vi can transmit

at its capacity Cp(vi) when it uses power level p. Note that as

a source in flow network a sensor node needs to first push its

own data flow out to maximize the total flow since relaying

data for other nodes will consume more energy. So for any

node vi, if DiTpi ≥ Ei let Cpi(vi) = Ei/Tpi . Otherwise if

DiTpi < Ei and DiTpi + Mi(R + Tpi) = Ei for some Mi,

let Cpi
(vi) = Di + Mi = Di + (Ei − DiTpi

)/(R + Tpi
) =

(Ei +DiR)/(R+ Tpi
). Then given a power level p, node vi

can not transmit more than Cp(vi) units of data.

III. ALGORITHM DESIGN AND ANALYSIS

Before applying the max-flow min-variance algorithm and

adjusting the power level of the sensor nodes, we need to

initialize the network with some power level assignment for

the sensor nodes. We employ the following scheme, firstly for

any sensor node vi ∈ V , set its power level as maximum.

Then if vi can reach sink, then use the minimum power level

that it can connect to sink node, otherwise use the minimum

power level that can keep its existing downstream neighbors.
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Fig. 4. Construction of auxiliary graph to find the max flow.

This above initialization scheme will keep the network

connected and preserve all the residual paths that can be

used to generate the max-flow. Choosing such an initialization

scheme is based on the following observation. Because all the

nodes that can reach sink are hop 1 nodes, and all the flows

sent to sink are either sent from or through hop 1 nodes,

the total flow amount through the network can not exceed

the energy constraint of all hop 1 nodes. Since every hop 1

node uses the minimum power level which allows it to reach

sink in this scheme, the node therefore has the maximum

capacity with which it can transmit data to sink directly. With

this initialization scheme, we can give an upper bound of the

network lifetime and the max-flow by upper-bounding α̃.

Let Vh be the set of sensor nodes whose hop-distance to

the sink is h, then V =
∑H

h=1 Vh (where H is the maximum

number of hops from sink to any node) and V0 = {s}. Let

E0 =
∑

vi∈V1
Ei and q be the minimum transmission power

level used by the nodes in V1, i.e., q = min{pi|vi ∈ V1}.
Lemma 2 gives the upper bound of the max-fair-flow α̃.

Lemma 2: Let α0 = E0/(nTq + (n − |V1|)R), given a

network G, α̃ ≤ α0.

Proof: Suppose that after initialization, the max-fair-flow

of the network is α̃ then we have,

E0 ≥
∑
vi∈V1

α̃Tpi
+

∑
vi∈V1

Mi(R+ Tpi
)

≥
∑
vi∈V1

α̃Tq +
∑
vi∈V1

Mi(R+ Tq)

= |V1|α̃Tq + (n− |V1|)α̃(R+ Tq)

= nα̃Tq + (n− |V1|)α̃R
which implies α̃ ≤ E0/(nTq + (n− |V1|)R) = α0.

Before giving the topology control protocol, we present a

modified Push-Relabel maximum flow algorithm to be used

for calculation of max-flow in the protocol. In the standard

Push-Relabel max-flow algorithm, the capacity constraints are

on the link and the flow is from a single source to a single

sink. But in our problem, the capacity constraints are on

the nodes and there are multiple sources (all the nodes are

sources except the sink node). To facilitate the standard Push-
Relabel algorithm, we need to transform our problem into the

maximum flow problem in the original sense by constructing

an auxiliary graph from G (basically expanding V , see Fig.

4).

The auxiliary graph can be constructed as follows. Let G′

be the auxiliary graph with node set V ′ and link set L′. First

for each node vi ∈ V , create two nodes v′i, v
′′
i and one link

(v′i, v
′′
i ) with capacity Cpi

(vi), add these two nodes and one

link to G′. Second, create a virtual source s′ and connect s′

to each node v′i with capacity α0 on link (s′, v′i), add s′ and

(s′, v′i) to G′. At last, for any node u ∈ V , if (u, vi) ∈ L (the

nodes can reach vi), create an link (u′′, v′i) with capacity ∞;

if (vi, u) ∈ L (the nodes vi can reach), create an link (v′′i , u
′)

with capacity ∞. Add (u′′, v′i) and (v′′i , u
′) to G′. Then we

get the expanded network G′, the capacity constraint on the

node is removed and therefore the problem can be treated as

184184184



Algorithm 1 Max-Flow Algorithm

Auxiliary graph construction

1: G′ ← ∅
2: V ′ ← V ′ ∪ {s′}
3: for each node vi ∈ V do
4: V ′ ← V ′ ∪ {v′i, v′′i }
5: L′ ← L′ ∪ {(v′i, v′′i )}
6: c(v′i, v

′′
i ) = Cpi

(vi)
7: L′ ← L′ ∪ {(s′, v′i)}
8: c(s′, v′i) = α0

9: for each link (u, vi) ∈ L do
10: L′ ← L′ ∪ {(u, v′i)}
11: c(u, v′i) =∞
12: end for
13: for each link (vi, u) ∈ L do
14: L′ ← L′ ∪ {(v′′i , u)}
15: c(v′′i , u) =∞
16: end for
17: end for
Generic-Push-Relabel algorithm

1: Initialize-Preflow(G′, s′)
2: while there exists an applicable push or relabel operation

do
3: select an applicable push or relabel operation and per-

form it

4: end while

a standard maximum flow problem.

Based on the expanded graph G′, we apply the Push-Relabel
maximum flow algorithm on page 674 of [4]. Let c(u, v) be

the residual capacity on link (u, v) ∈ L′ the procedure is

described in Algorithm 1.

TABLE I
LIST OF NOTATIONS IN ALGORITHM 1 AND 2

c(u, v) the residual capacity of link (u, v)
Cpi (vi) the capacity of node vi with power level pi
pi power level of node vi
P maximum power level
Spi (vi) the node set which vi can reach with power level pi
α̃ max-fair-flow
α0 the upper bound of max-fair-flow
F0 the upper bound of max flow
Ei initial energy of node vi
Tp transmission energy consumption rate with power level p
R receiving energy consumption rate
f max flow of the network

Then we can propose the collaboratively topology control

algorithm based on the power level initialization scheme

and the upper bound of α̃. The algorithm consists of two

phases, power level initialization and power level adjust-

ment, see Algorithm 2. Table I list the notations used in

the algorithm. initialization phase, the algorithm first assigns

power level to each sensor node in the network with the

initialization scheme mentioned above. After that it initializes

α0 = (
∑

vi∈V1
Ei)/(nTq+(n−|V1|)R) and F0 = nα0 (F0 is

the upper bound of max-flow which can be delivered to sink

through the network). Then the algorithm assigns α0 to Di for

each node vi since this is the upper bound of the max-fair-flow

each sensor node can produce and send to sink. According to

the definition of the node capacity, the algorithm initializes the

capacity of each node vi as,

Cpi
(vi) =

{
Ei/Tpi

if α0Tpi
≥ Ei

(Ei + α0R)/(R+ Tpi) otherwise

After initialization, the algorithm will adjust the power level

of the sensor nodes to collaboratively control the network

topology and maximize the network lifetime. It first uses the

modified Push-Relabel algorithm similar to [3] and get the

max flow f .
Then the algorithm will initialize the flows in network by

pushing a pre-flow α0 from s′ to each v′′i through v′i without

breaking the capacity constraint on link (v′i, v
′′
i ), and find the

max flow f . If |f | is equal to F0, the algorithm terminates

and the network lifetime is determined by α0. If |f | < F0, the

algorithm will try to adjust the power level of saturated nodes

and increase the max flow. Let fm = f , then the algorithm

sorts all the saturated sensor nodes with ascending order of

hop distance, puts them in set N and starts to adjust the power

level of the nodes with lower hop distance. When adjusting

the power level of node vi, the algorithm decreases the power

level of vi by one, recalculate Cpi(vi) and the max flow f .

If |f | is equal to F0, the algorithm terminates. If |f | ≥ |fm|,
fm = f and the algorithm sorts all saturated nodes again then

starts over to adjust the power level of the first node in N .

If |f | < |fm|, then the algorithm sets back the power level

of node vi, recalculates Cpi(vi) and tries to adjust the power

level of the next node in N .
After tried all the saturated nodes, if no one can adjust

its power level we will use the Min-Variance Flow Balance

algorithm from [3], and maximize the network lifetime by

balancing the flow in network to get the max-fair-flow α̃. The

Min-Variance Flow Balance algorithm iteratively selects the

sensor nodes with maximum and minimum source flow (flow

data produced and sent from the node). Assume fu
max and

fv
min are the max and min source flows where the source node

are u and v. If there is an augmenting path between these two

nodes, then the algorithm will balance the flow between them.

This algorithm repeats this procedure until the minimum flow

can not increase and we can get α̃.
Next we discuss the rationale behind this algorithm by the

following lemmas and theorem.
Lemma 3: After initialization, for any sensor node vi ∈ V ,

increasing its power level can not generate a larger max flow

in network G.
Proof: Suppose after initialization the max flow in G is

f , then any path from virtual source s′ to sink s is saturated.

If we increase the power level of node vi and get a larger

max flow, there must exist some augmenting path. If node

vi is saturated, increasing its power level will decrease its

capacity and can not yield any augmenting path since vi is
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Algorithm 2 Power Adjustment Algorithm

Power level initialization.

1: for each node vi ∈ V do
2: pi ← P
3: if vi can reach sink s then
4: while vi can reach sink s do
5: pi ← pi − 1
6: end while
7: pi ← pi + 1
8: else
9: SP (vi) = Spi(vi)

10: while Spi
(vi) = SP (vi) do

11: pi ← pi − 1
12: Update Spi

(vi)
13: end while
14: pi ← pi + 1
15: end if
16: end for
17: α0 ← (

∑
vi∈V1

Ei)/(nTq + (n− |V1|)R)
18: F0 ← nα0

19: for each node vi ∈ V do
20: Di ← α0

21: Initialize Cpi
(vi)

22: end for
Power level adjustment

1: Find a max flow f by Algorithm 1

2: if |f | = F0 then
3: TERMINATE

4: else
5: fm ← f
6: Sort all the saturated nodes by ascending order of hop-

distance and put them in node set N .

7: for i← 1 to |N | do
8: pi ← pi − 1
9: Recalculate Cpi

(vi)
10: Find a max flow f by Algorithm 1

11: if |f | = F0 then
12: TERMINATE

13: else if |f | ≥ |fm| then
14: fm ← f
15: Go to 6

16: else
17: pi ← pi + 1
18: Recalculate Cpi(vi)
19: i← i+ 1
20: end if
21: end for
22: Calculate α̃ by Min-Variance Flow Balance algorithm

and TERMINATE

23: end if

still saturated. If node vi is not saturated and vi ∈ Vh(h > 1),
according to the initialization scheme vi can not reach more

neighbors by increasing power level, so all the paths through

vi are still saturated and no augmenting path exists. If vi ∈ V1,

increasing its power level may create more paths from vi to

sink s, but any path from s′ to vi is saturated so any path

from s′ to s is saturated and no augmenting path exists. By

contradiction, no larger max flow can be generated.

Theorem 4: In algorithm 2, given a network G, if the max

flow is f and |f | = F0 then f is optimal.

Proof: Because each node in the network can generate

and deliver at most α0 data flow to sink according to the flow

initialization when we apply the Push-Relabel algorithm. If

we find a max flow f where |f | = F0, then each node exactly

produces and delivers α0 data flow to sink since F0 = nα0.

By lemma 2, f is the optimal.

From lemma 3, to increase the network max flow we only

need to consider decreasing the power level of sensor nodes

after initialization. According to theorem 4, we can also imply

that if we find a max flow f where |f | = F0, then the network

lifetime is maximum. The proof above shows that if |f | = F0

each sensor node exactly produces and delivers α0 data flow

to sink, and we have showed that α0 is the upper bound of α̃,

therefore the network lifetime is maximum and determined by

α0. Following lemma shows that we can increase the network

lifetime by increasing the network max flow.

Lemma 5: In algorithm 2, if we decrease the power level

of some sensor node and find a larger max-flow, the max-fair-

flow α̃ will not decrease.

Proof: Suppose we decrease the power level of sensor

node vi and find a larger max-flow, then there must be some

augmenting paths from virtual source s′ to sink s in the

network after power level adjustment. According to Min-

Variance Flow Balance algorithm, if the node with minimum

source flow is on some augmenting path, we can shift more

flow to it so α̃ will increase. If the minimum source flow node

is not on any augmenting path, then α̃ will not change.

According to lemma 5, the algorithm only needs to iter-

atively adjust the power level of sensor nodes and increase

the network max flow. At the end, if no sensor nodes can be

adjusted, the algorithm will balance the flow in the network

to increase lifetime. By lemma 1, 3 and 5, we conjecture that

after the algorithm done, the power level assignment of the

sensor nodes is optimal and maximizes the network lifetime.

Theorem 6 gives the worst-case time complexity of the power

level adjustment algorithm.

Theorem 6: The execution of power level adjustment in

algorithm 2 can terminate within O(P |V |4|E|) operations.

Proof: In the worst case, the algorithm needs to sort

the saturated nodes and run the for loop for O(P |V |) times

and each finds O(|V |) max flows by Push-Relabel algorithm.

Sorting all the nodes can be done in O(|V | log |V |) and the

Push-Relabel algorithm has O(|V |2|E|) operations as well as

the Min-Variance Flow Balance algorithm. Then the worst-

case time complexity of power level adjustment algorithm is

O(P |V |(|V | log |V |+|V |2|E||V |)+|V |2|E|). So the algorithm
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can terminate within O(P |V |4|E|) operations.

IV. SIMULATION AND PERFORMANCE ANALYSIS

We have evaluated the performance of our algorithm via

simulations and finished all the simulations with Java program-

ming. In the simulation, we randomly deployed the sensor

nodes in a 100 × 100 field. The base station is located in

(50, 50) where is the center of the field. Each node is randomly

assigned an initial energy between 1000 and 10000. Suppose

that the power level p for each node can be set from 1 to

10 where the transmission range is set to be 2 × p and the

transmission energy consumption rate is set to be 4 × p, the

receiving energy consumption rate is 10. In order to examine

the scalability of the algorithm, we run our algorithm on the

network which comprise 40, 60, 80, 100, 120, 140, 160, 180

and 200 nodes respectively.
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Before running the algorithm, we first check the connec-

tivity for each randomly deployed network since the network

lifetime will be zero if some node can not connect to the

network. Then with the same network deployment, we evaluate

the network lifetime for case (1) the network uses the power

assignment derived from the initialization scheme, and (2) the

network uses the power assignment calculated by algorithm

2. To illustrate the lifetime performance of the algorithm we

also evaluate the network lifetime for case (3) each node uses

its max power level for transmitting, and (4) each node uses

the same power level p′ which is the minimum one to keep

the network connected.

The simulation runs 10 times for each network size and

we take the average as the result which is shown in Fig.

5. Init, Final, Max and Min denote the network lifetime for

case (1), (2), (3) and (4) respectively. We can see that our

algorithm initialization already improved the network lifetime

compared with case (3) and (4) (e.g. network of size 100,

120 and 140). The power level adjustment fairly increases the

network lifetime compared with all other cases. The result

varies with network size because we deploy the network and

initial energies of sensor nodes randomly. Compared with

the best in all 3 other power assignment, the power level

adjustment algorithm increases the network lifetime by at least
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Fig. 6. Best and Worst Cases

7.5%, in network of size 60, up to 57%, in network of size

160.
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Fig. 7. Network topology with Maximum Power Level
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Fig. 8. Network Topology after Initialization Done

As we mentioned above, since the deployment and energy

initialization is randomized, the network topology and size

may influence the algorithm performance. To further evaluate

how bad and how good the performance can be, we run the

simulation on selected size of network with different network

deployment and sink location for 40 times, then take the

best and worst result showing in Fig. 6 where 40W and 40B

denote the worst and best result of case (3) (the results from

algorithm 2) in all experiments for the network with 40 nodes.
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Fig. 9. Network topology after Power Control Done
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Fig. 10. Network topology with Minimum Power Level

We can see in the worst cases, the algorithm hardly increase

the network lifetime for network of size 40 compared with

the result of Min. The reason is that in sparse networks the

distribution of sensor nodes and sink nodes may cause much

fewer chances to send data on multi-path. The algorithm can

increase the network lifetime between 5% and 11% for other

network size in worst cases. In the best cases, the algorithm

increases the network lifetime by at least 60% for network of

size 200 and at most 112% for network with 160 nodes.

Next, we use an example to show the density change of the

network while applying the power control protocol. Fig. 7 -

10 give the simulation result of the topology change of the

network Max, Init, Final and Min case of power assignment

mentioned above respectively. In this experiment, we run our

algorithm on a network with 80 randomizedly deployed nodes

in the area and the sink is at (50, 50), x and y axis in the figures

indicate the x and y coordinates of the sensor nodes in the

network. The lifetime of the network before and after power

control are 26 (Init) and 53 (Final) respectively. Fig. 7 shows

the network topology with maximum power level for all nodes.

In this topology, there are totally 1871 links and the average

degree of the nodes is 23.4. Once the initialization done, the

total number of links and the average degree reduce to 1384

and 17.3 8, about 26%. After applying our power control

protocol, we can see that the topology in Fig. 9 becomes

more sparser, the network has 1143 links which is around

17% less than Init case. Fig. 10 shows the topology of the

network where each node uses the same power level which is

the minimum one to keep the network connected. The topology

of Min case is much more sparser than others, but in this case

the network lifetime is only 23, since in this case some nodes

may need to transfer more data for other nodes because of the

lack of links, and these nodes will deplete their energy faster.

 0

 10

 20

 30

 40

 50

1 2 3 4 5 6 7 8 9 10

N
um

be
r o

f N
od

es

Power Level

Init
Final

Fig. 11. Network Power Level

In the same test setup above, we also count the nodes with

different power levels and show the result in Fig. 11. to see

how much energy the network can save with the power control

protocol. The x and y axis indicate the power level and the

number of nodes with specified power level in the network.

From 11, we can see that when initialization done, there 48

nodes which use the maximum power level. After applying the

power control protocol, the number of nodes with maximum

power level reduces to 27 and the power level distribution in

the network is more average. From our setup of parameters

for the simulation, in this example, the power control protocol

can help the network save about 24.5% of energy in one round

of data collection.

V. RELATED WORK

For data collection problem in continuous monitoring ap-

plications, several tree-based topology control protocols were

proposed in [5], [6], [7], [8], [9], [10] and [11]. Some works

focused on tree construction for data gathering. Goel et. al.

[12] studied the problem of finding efficient trees to send

information from multiple sources to a single sink with data

aggregation. They proposed a randomized tree construction

algorithm that approximates a tree which is a good approx-

imation simultaneously to the optimum trees for all concave

cost functions. In [13] Enachescu et. al. considered a grid of

sensors that satisfies the appropriate collision time condition,

and proposed a simple randomized tree construction scheme

that achieves a constant factor approximation to optimum

aggregation tree.

Beside theoretical work, some other research focused on

the empirical studies and several practical topology control

protocols are proposed. These research are mainly about

making the local topology control decisions based on models

from the studies of practical experiments. In [14], Son et. al.

experimentally investigated the impact of variable transmission
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power on link quality, and proposed variable power link

quality control techniques to enhance the performance of data

delivery in wireless sensor networks. [15] addressed the issue

that the quality of radio communication between low power

sensor devices varies significantly with time and environment.

A lightweight algorithm of Adaptive Transmission Power

Control for wireless sensor networks was proposed where each

node adjust the transmission power based on its neighbors

information. Gregory et. al. presented an adaptive and robust

topology control protocol in [16]. This protocol uses the packet

reception rate instead of received signal strength or link quality

indicator to indicate the link quality for robustness. All these

empirical work utilized the transmission power adjustment to

control topology.

To maximize the network lifetime, several works have been

done on the construction of data collection tree. Yan et. al. [17]

proposed an algorithm which arbitrarily selects a spanning tree

of the network and iteratively reduces the load on bottleneck

nodes (nodes likely to soon deplete their energy due to high

degree or low remaining energy) in order to maximize the

network lifetime. Another research work in [18] extended

this by exploiting the concept of the bottleneck nodes but

without the data aggregation assumption. In these works, the

transmission power and range are fixed, i.e., the network

physical connection is determined and they assume data is

delivered through a tree structure. As shown in the examples

of introduction, a tree-based topology may not achieve the

optimum. Inspired by the empirical work in topology control,

we try to maximize the network lifetime by using the transmis-

sion power control and utilizing the multi-path of the sensor

network in our research.

In the process of constructing maximum lifetime data col-

lection tree, some other research involve the MDST (Minimum

Degree Spanning Tree) problem. Blin et al. [19] focused on

the problem of finding a distributed approximated algorithm

for a MDST. This research presented the first distributed

algorithm on general graphs for the MDST. The algorithm

is asynchronous and works for named asynchronous arbitrary

networks. [20] proposed a self-stabilizing algorithm for con-

structing a MDST in undirected networks. Starting from an

arbitrary state, the algorithm is guaranteed to converge to a

legitimate state describing a spanning tree whose maximum

node degree is bounded. This algorithm was the first self-

stabilizing solution for the construction of a minimum-degree

spanning tree in undirected graphs.

VI. CONCLUSIONS

In this paper, we studied the problem of lifetime max-

imization in data collection network by considering topol-

ogy control with transmission power adjustment of sensor

nodes. A novel transmission power level initialization and

adjustment algorithm is proposed to collaboratively control

the topology and maximize the network lifetime. Simulation

results shows that our algorithm can fairly prolong the network

lifetime compared with existing power assignment schemes.

Since the Push-Relabel algorithm can be easily implemented

as a distributed one, the future work involves proposing a

distributed flow balance algorithm and designing a distributed

collaborative topology control system to maximize the sensor

network lifetime.
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