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Abstract. In wireless sensor networks with many-to-one transmission
mode, a multi-objective TDMA (Time Division Multiple Access) schedul-
ing model is presented, which concerns about the packet delay and the
energy consumed on node state transition. To realize the scheme, a map-
ping between the problem and evolutionary algorithm is reasonably set
up. A multi-objective particle swarm optimization based on Pareto opti-
mality (PAPSO) is then proposed to solve such multi-objective optimiza-
tion problem and find a better tradeoff between time delay and energy
consumption. The simulation results validate the effectivity of PAPSO
algorithm and also show that PAPSO outperforms other techniques in
the literature.

1 Introduction

Large-scale networks of wireless sensors are becoming a hot topic of research due
to their potential usage in defense, pervasive commercial and scientific applica-
tions. In such networks, sensors are units with sensing, processing, and wireless
networking capability. They can automatically collect information and report the
results to an access point. However, as the sensors are usually battery-powered,
saving energy becomes an essential problem in sensor networks.

The medium access control (MAC) method is a major consumer of sensor
energy [2]. Different medium access methods result in different time and energy
efficiencies. Among those proposed MAC protocols, including contention based
access and contention free access, TDMA is a suitable access method for wireless
sensor networks. First, TDMA can save energy by eliminating collisions, avoid-
ing idle listening, or entering inactive states until being allocated time slots.
Secondly, as a collision-free access method, TDMA can bound the delays of
packets and guarantee reliable communication.
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However, allocating time slots to each sensor to finish a couple of data col-
lection tasks is an NP-complete problem [3]. Additionally the energy constraint
makes the problem more difficult to solve. Therefore, in sensor networks, the
main challenge of TDMA is how to allocate time slots to each node to minimize
the energy consumption and time delay.

As to the aspect of TDMA scheduling against time performance, some refer-
ences have studied how to minimize packet delay [4], how to improve fairness
[5], how to maximize parallel operation [6], and how to shorten the total slot
cost to finish a set of transmission tasks [7]. By setting up a convex optimization
model, Cui et al. [4] adopted relaxation methods to solve the problem, and got a
pareto optimal energy-delay curves, where the power consumption on switching
was neglected. Sridharan et al. [4] developed a linear programming formulation
and presented a distributed solution, which outperformed than random MAC in
terms of fairness and delay etc. To minimize the overall transaction time, which
was modeled as a graph partitioning problem, Gandham et al. [5] proposed a
distributed edge-coloring algorithm. In order to save time for data collection,
Ergen et al. [6] proposed three algorithms based on coloring method in graph
theory. However, these two references did not consider the energy saving problem
in sensor networks.

In this paper a practical hierarchical solution approach is proposed to solve
the multi-objective TDMA scheduling problem. Given the strong search ability
in combinatorial optimization, particle swarm optimization (PSO) is introduced.
And to reach multi-objective optimality, Pareto optimization serves as evaluation
criterion of candidate solutions during the evolutionary process of PSO, by means
of which we can get Pareto optimal solutions to TDMA scheduling problem. In
this sense, the whole framework of the method can deal with several constraints
flexibly and reach a multi-objective optimal slot-allocation scheme.

The remainder of the paper is organized as follows: the problem statement
is introduced in section 2; the part of optimization algorithm, including coding
method and evaluation system of PSO solutions, is expatiated in section 3; and
the computational results are given in section 4; and section 5 gives some final
conclusions.

2 Problem Statement

2.1 Network and Scheduling Model

From a viewpoint of network, a sensor network can be represented by an undi-
rected graph G = (V, E), where V represents the set of all sensors in the net-
work and 2 C V' x V represents the set of communication links between a pair
of nodes. There is one access point (AP) in V. All traffic generated at sensors are
destined for AP, composing a routing tree. Such a network is called many-to-one
sensor network.

The distance d(i, j) between nodes i and j is defined as the minimum number
of edges to go from one to the other. From this definition, the topology of sensor
network can be described by an N x N symmetric connectivity matrix C, which
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is defined as C;; = 1, if d(i,j) = 1; else C;; = 0. In addition, the conflict
relationship in the network can be described by an interference matrix Iy« n,
where if d(7,j) <2, I;; = 1; else I;; = 0. As a result, node ¢ and j can transmit
data at the same time if the communication distance d(i, j) is larger than 2.

In TDMA scheduling problem, time is splitted into equal intervals called time
slots. Each time slot is designed to accommodate a single packet to be trans-
mitted and received between pairs of nodes in the network. And once the routes
are established, the allocation of time slots directly influences the performance
of transmission in network. Moreover, TDMA also ensures collision-free commu-
nication when several transmission tasks run simultaneously. So what we need
to do is to find a schedule of time slots to reach our requirements of network
transmission performances, such as energy consumption and time delay.

In many-to-one sensor networks, as the sensor data flows toward AP from
respective source nodes, the TDMA scheduling problem can be formulated as
follows. There are a set of sensor data packets, forwarding to AP, over the routing
trees, which are established using GPSR [7]. Each data-collection process that
a packet flows to AP from its source node is called a task. On the established
routes, each task consists of a sequence of transmission actions called subtasks,
where one subtask needs one slot occupation. The aim of the problem is to deter-
mine a slot-allocation sequence of subtasks so that collision would not happen,
and some optimization criteria could be satisfied.

2.2 Description of Optimization Objectives

In this paper, two optimization objectives are considered : the average energy
consumption and the average time delay of data packets of sensor nodes.

To save energy, a common idea is just to switch off the radio when it is neither
transmitting nor receiving. However, frequently turning on/off the radio also
consumes large amounts of power, especially when the packet is small. Hence, we
take into account this part of energy, which is ignored in many TDMA researches.
According to Ref. [3], the formula of average consumed energy of sensor nodes
is as follows:

1N
AvgEngy = S IPI - (H +47) + P (7 4 477)
i=1

where N denotes the number of nodes in the network, P/* (P/*) is the power
consumption of transmitter (receiver) at node 4. ti*(¢7%) is the total work time
of the transmitter (receiver) at node i . t3~ " (¢57"") is the total transition time
consumed between the sleep and active states.

As a performance index, the average time delay of data packets should be as
small as possible, which can help those sensor nodes to increase their sampling
rate to the maximum possible level. In other words, the smaller the average time
delay of data packets is, the more data those nodes can collect in every unit time
and more efficiently they can communicate with each other.
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3 PSO-Based Energy-Delay Pareto Optimization

3.1 Standard PSO

Particle swarm optimization (PSO) is a new swarm intelligence technique pro-
posed by Eberhart and Kennedy [8], inspired by social behavior of bird flocking
or fish schooling.

The main idea of PSO is as follows. There is a population of random solu-
tions. Each potential solution, called particle, flies through the problem space by
following the current optimal particle. Flying in the search space, each particle
has a velocity which is dynamically adjusted according to the experiences of its
own and its colleagues. This makes the swarm have an intelligent ability of flying
towards the optimal position.

The global model equations of PSO are:

Via(t +1) =W - Via(t) + C1 - randi () - (pia(t) — Xia(t)) +

+Cs - rands() - (pga(t) — Xia(t)) (1)
Xia(t +1) = X;q(t) + Via(t) (2)
[Via| < Vmax (3)

where V;4 and X;; are respectively the velocity and position of particle. p;q
and pyq respectively represent the best position of i¢} particle and the swarm.
W called inertia weight, is a user-specified parameter. A large inertia weight
pressures towards global exploration while a smaller inertia weight pressures
towards fine-tuning the current search area. Proper selection of the inertia weight
and acceleration coefficients can provide a balance between the global and the
local search. Cy and Cy are acceleration factors, which are usually set to 2 .
rand; and randy are random numbers between (0,1). And during the recursive
process, the selections of p;q and pyq depend on the evaluation system, which
will be expatiated later.

According to our TDMA problem, some parameters in PSO are defined as
follows. There are N tasks and each task i includes M; hops. The dimension of
particles is set to M, the number of the total subtasks, i.e., zij\igl M. The border
of the searching space is defined by X, 4., which is set to NV —1. Parameter Vimax
determines the maximum change one particle can take during one iteration,
which is set as N — 1. Under this setting, Vjq is a value in the range [—(N —
1), N — 1], thus the positions of the flying particles are under control.

3.2 Pareto-Based Evaluation System of PSO Solutions

In PSO, there are concepts of individual and population. During the process of
iterations of the algorithm, the flying direction of particle derives from its own
optimal position p;q and global optimal position pyq of population. Consequently,
the selection of piq and pyq directly influences the searching performance of
PSO. Thus, the evaluation system of candidate solutions is critical to the whole
optimization algorithm.
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However, there exists confliction between time delay and energy consumption
in TDMA scheduling, i.e., pursuing the optimization of power consumption on
switching inextricably damages the performance of time delay index. It is mainly
because to lessen state transitions and thus save energy, the good working conti-
nuity of nodes is required, which means that after collecting data from its child
nodes, the sensor node better wait to transmit data packets to its own parent
node instead of switching off. As a result, the performance of time delay would
be damaged, and vice versa. Consequently, as to such multi-objective optimiza-
tion problem in which the objectives cannot be optimized simultaneously, the
concept of Pareto optimality was introduced into the evaluation system.

Least average © Non-dominated solution
O delay solution

\}‘\\\\\\\\\

Energy exhausted per node (mJ)
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O O
O
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A Y
Pareto front
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Fig. 1. Pareto frontier of candidate scheduling solutions

3.3 Pareto Optimality

In general, the multi-objective optimization problem is described as follows:

min f(z) = (fi(z), f2(2), -, fu(2))
st gi(x) <0,i=1,2,...,m

Where x € R" is the decision vector belonging to the feasible region S, which is
described as follows: S = {z € R"|g;(x) <0,i=1,2,...,m}

A decision vector z1 € S is said to dominate a decision vector x5 € S (denoted
r] < 1’2) iff:

- The decision vector x; is not worse than xs in all objectives, or fi(z1) <
fi(‘TQ) VZ:1,27,(]

- The decision vector x; is strictly better than x5 in at least one objective, or
filx1) < fi(xzo) for at least one i = 1,2,...,q.

If any of above conditions is not met, then 7 does not dominate x5. All the solu-
tions that do not dominate each other compose nondominated solution set. If the
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comparative space of picked solutions is the global space, then the nondominated
solution set is called Pareto-optimal set.
In this paper, the objective functions of our TDMA scheduling algorithm are:

f1 = AvgEngy, fo = AvgDelay (4)
which are used in the Pareto dominance comparison as Fig.1.

Crowding-Measure-Based Maintenance of Pareto Archive. Since Pareto
optimal set is often infinite, Pareto archive is used to offer available optimal
solutions representing the Pareto frontier. In order to make the nondominated
solutions in the archive uniformly distribute on the Pareto frontier, here crowding-
measure is introduced into the maintenance of archive.

d; = (d} +d?)/2 (5)

where d} and d? are the minimum two Euclidean distances between individual i
and other members of archive.

The crowding measure d; reflects the distribution of other individuals around
1. The smaller d; is, the more the number of individuals surrounding ¢ is. Con-
sequently during the evolutionary process, when the Pareto archive is full, we
filter the member with the minimum crowding measure. By means of the main-
tenance, the retained members of archive would evenly distribute on the Pareto
frontier.

Evaluation of Global Optimal Solution. The selection of global best posi-
tion pgq is crucial to the whole PSO algorithm. In multi-objective problem, the
population generates several nondominated solutions, all of which can be pgyq.
Then how to assign suitable pyq for every single particle is one important task.
Here, combined with the maintenance of Pareto archive, we select the global
best position pyq as follows:

To every newly-generated nondominated solution x;:

— If x; dominates some members of archive, then x; takes the place of all the
dominated ones, and let z; be the new pgyq of those particles whose previous
Dga are the replaced;

— Else if the current archive is full, let x; replace the least-crowding-measure
solution x; as well as its position as a pgyq.

— Else if the archive is not full, directly insert z; first, and use a newly-defined
variable np(z;), the number of particles whose p,q is x;, to make every mem-
ber of Pareto archive at least be pyq of some particles, thus ensuring the
diversity of solutions:

a For all the solutions z, in the archive, define s = min{np(zx)},k =
1,2,...,M(M is the swarm size),
if s > g, then s = g and np(z;) = 0; where g = (0.025 ~ 0.05)M, an
index to prevent a solution from being pgq of too many particles;

b Define F' = {zi|np(z)) > s}, u=|F|, v =1; “||” means the size of set.
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¢ Find zj, in F', closest to x;, and let z; be pyq of one of the particles whose
previous pgq is zx. F' = F|{xk}, np(z;) = np(x;) + 1, v =v+ 1;

d If np(z;) < s and v < u, go to step ¢; If np(x;) < s and v = u, go to
step b; If np(z;) = s, then add x; to the archive.

After the process of PSO flying iterations, the Pareto solution archive represents
the Pareto-optimal solutions of the multi-objective TDMA scheduling.

Evaluation of Local Optimal Solution. As to the selection of local optimal
solution p;q in every iteration, we take the method proposed by Coello Coello
[10]:

every time the particle j gets the new position x; and the current local optimal
position pjq after the j iterations, compare the dominance between p;q and x;. If
Zj > Djd, then the updated p;q = x;; else if ; < p;q, then p;q does not change;
else if z; and p;q do not dominate each other, then randomly pick one between
them two.

3.4 PAPSO Optimization
The procedure of PAPSO optimization is as follows:

1. Initialize parameters of PSO, including max generation PSO, W, Cy, Co, M
and M’, and make Pareto archive empty;

2. Initialize Pareto solution archive:
As to all the initial solutions, calculate their fitness f1, fs,..., f; one by
one. Then according to Pareto optimality, judge their dominance with each
other, add all non-inferior solutions to P’, and form an initial Pareto solution
archive.

3. While ( max generation PSO is not reached )
{ generation=generation+1;
generate next generation of swarm by eq.(1)~(3);
evaluate the new swarm according to the evaluation system, and update
the local optimal position P4 of individual particle and the global optimal
position Pyq of swarm (i.e. Pareto solution archive) }

4. When the evolutionary process is over, output the result of Pareto
optimization.

3.5 Encoding and Decoding Scheme

To apply our evolutionary algorithm on TDMA time slot scheduling, encoding
is a key step. The aim is to express a solution as a sequence code, which is an
individual in population-based algorithms.

According to the description of the scheduling problem in section 2.1, a data col-
lection task can be divided into several hops called subtasks in sequence. Hence,
a set of data collection tasks can be viewed as a combination of all the subtasks.
Therefore, we first denote a subtask as (TaskID,HopNo.), where the TaskID points
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out which task the subtask belongs to, and the HopNo. gives the sequence number
of this subtask, showing its position in the whole task TaskID. For example, if task
1 includes 2 hops, then the two corresponding subtasks can be denoted as (1,0) and
(1,1). Observing this representation method, we take the TaskIDs out of a subtask
sequence to form an individual.

To expatiate the above encoding approach, an example shown in Fig. 2 is given.
There are three tasks, i.e., transmitting a packet from node 0 to AP, another from
node 1 to AP and the third one from 4 to AP. According to their routes, each task
contains 4 subtasks, i.e., (0,0)(0,1)(0,2)(0,3), (1,0)(1,1)(1,2)(1,3), and (4,0)(4,1)
(4,2) respectively. There is a random combination of above subtasks, such as,

(0,0)(1,0)(0,1) (4,0) (0,2) (4,1) (4,2) (0,3) (1,1) (1,2) (1, 3)

then taking the TaskIDs out, the above sequence can be encoded as follow:
01040440111

,/Q’ _____ At Q . Access Point

“AP

. source node
O routed node

O unrouted node

Fig. 2. Example of Network

To summarize the above process, the encoding rule is concluded as follows.
There are N tasks and each task i includes M; hops. An individual is a sequence
composed of all the task ID numbers from 0 to N — 1, where each task number i
appears M; times. Obviously, the length of the individual is ZZJ.V:_Ol M;. According
to this rule, an individual can be generated at random.

The decoding method of an individual is denoted as follows. First, an indi-
vidual is transformed to a sequence of subtasks. Then, from the first subtask
to the last one, we assign slots in sequence at the same time, trying to assign
those subtasks to one slot without rousing collisions. Take an individual from
the above example network, i.e., 00001111444, the corresponding sequence of
subtasks is (0,0)(0,1)(0,2)(0,3)(1,0)(1,1)(1,2)(1,3)(4,0)(4,1)(4,2). Then the slot
allocation scheme is shown in Fig.3.

From the decoding scheme, it can be seen that an individual can finally
be decoded to a slot scheduling, which allows parallel operations. The map-
ping between an individual and a TDMA scheduling solution is now completely
established.
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SlotNo. | 1 | 2 | 3| 4| 5|6 ]| 7]|8]9
Subtask (0,3) (1,3)
Sequence (0,0){(0,1)(0,2) (1.0) (1,1((1,2) (4.0) (4,1)|(4,2)
Execution AP AP

Node 01213 |1 ]2]3]4]3]|AP

Fig. 3. Slot allocation of the example

4 Simulation Results

In the simulation, to validate the viability of our proposed method, four networks
with different numbers of nodes were deployed, randomly generating the network
topology. The access point is located in the center of the area. The capacity of the
channel is set to 500kbps and the packet lengths are 1kbits. Some parameters in
energy aspect are as follows: similar to Ref. [2], the transition time between the
sleep and active states is assumed to 470s. The power consumed in transmission
and reception of a packet is set to 81 and 180mW, respectively. The power
consumed in idle state is set as same as the reception state. In addition, we
assume that the clock drift can be ignored by lengthening the slot time slightly.

To illustrate the effectiveness and performance of our PAPSO optimization
algorithm, two other algorithms are used as comparisons: Max Degree First
coloring algorithm (MDFCA, which is a common 2-distance coloring algorithm),
and Node Based Scheduling Algorithm (NBSA) proposed by Ergen and Varaiya
[6]. In the initialization of PAPSO, the swarm size M was set as 50 and the
maximal generation was 200. And the task amount was that every sensor node
generated a data packet and sent it to the access point. For the sake of fair
comparison, all these algorithms run in energy-efficient mode, i.e. a node with
no packet to send keeps its radio off during its allocated time slots.

Table 1 to 3 respectively illustrates the results of average time delay, average
energy consumption and total time cost of three scheduling algorithms in the
four networks. Among the three algorithms, MDFCA performs the worst on all
the three indice. It is mainly because in MDFCA, many slots are allocated to
those nodes which do not have the transmission task, thus wasting a lot of slots
and decreasing the time performance of transmission. Moreover, in MDFCA,
the node could only work on one slot in each coloring period, which makes the
node have to switch its state in every single transmission. Consequently, graph
coloring is not suitable to the data collecting sensor networks.

Although NBSA is still an algorithm based on coloring idea, its optimization
performance for sensor networks is much better. This is because NBSA excludes
such empty slots assigned to those nodes without packets, which can help the
algorithm to save time and energy. However, both of the two algorithms lack the
ability to adjust energy consumption of network.

The seven PAPSO solutions were continuous 7 members of the Pareto archive,
which size is set as 7 to make data table succinct. According to Pareto optimal-
ity, the results of NBSA and PAPSO dominated the ones of MDFCA obviously
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Table 1. Performance of average delay (slot)

No. of Nodes 25 49 121 169
MDFCA 16.67 44.06 136.13 198
NBSA 12.21 28.58 76.68 108.25

PAPSO(1) 9.08 24.38 70.32 100.75
PAPSO(2) 9.11 24.57 71.18 101.32
PAPSO(3) 9.53 24.77 71.92 101.92
PAPSO(4) 10.28 25.52 73.15 103.25
PAPSO(5) 11.8226.65 74.82 105.38
PAPSO(6) 13.50 27.95 76.80 107.98
PAPSO(7) 14.58 29.35 78.82 110.91

Table 2. Performance of average energy consumption (mJ)

No. of Nodes 25 49 121 169
MDFCA  0.419 1.211 4.656 7.353
NBSA 0.378 1.057 4.186 6.624

PAPSO(1) 0.394 1.069 4.194 6.565
PAPSO(2) 0.387 1.049 4.138 6.520
PAPSO(3) 0.374 1.035 4.075 6.483
PAPSO(4) 0.365 1.023 4.030 6.450
PAPSO(5) 0.361 1.015 3.990 6.432
PAPSO(6) 0.357 1.009 3.982 6.426
PAPSO(7) 0.355 1.005 3.975 6.425

as table 1 and 2 showed. To illustrate the advantage of PAPSO over NBSA, we
picked data in the 121-node network and compared the two algorithms as Fig. 4
showed. The solution of NBSA was dominated by solution (2)(3)(4)(5) of PAPSO.
Furthermore, since during the maintenance of archive, we fixed two extreme cases
as the border of archive and solutions are evenly distributed, so we can easily find
a tradeoff by picking the middle one, i.e. PAPSO(4). , the performance of total
time cost was not sacrificed. From table 3, we can see that the performance of to-
tal time cost of PAPSO was comparative to NBSA. Even when a tradeoff is met,
the performance of total time cost was not sacrificed.

In a whole, the optimization effect of PAPSO outperforms the other two algo-
rithms. It is mainly because: 1. Effective idea of solving the scheduling problem.
As to the scheduling of TDMA time slots, we assigned time slots to subtasks
sequentially, which avoids generating idle slots and thus ensures the good time
performance. And time slots of subtasks can be flexibly adjusted, which leads
to good working continuity of sensor nodes and decreases the energy consump-
tion. 2. Good search algorithm. As an efficient evolutionary algorithm, PSO not
only owns good search ability in the solution space but also is good at solving
multi-objective optimization problem. Combined with Pareto optimality, PSO
can search the solution space more thoroughly and find out a better tradeoff
between energy consumption and time delay.
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Solution Comparison for 121-node network
4.25 T T T T

Least -o- PSOTPareto
average NBSA Solutions
(O dela
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Average Delay (slot)

Fig. 4. Comparison of results of NBSA and PAPSO in 121-node network

Table 3. Performance of total time cost(slot)

No. of Nodes 25 49 121 169
MDFCA 46 123 397 602
NBSA 30 62 154 212

PAPSO(1) 28 59 149 205
PAPSO(2) 31 61 155 207
PAPSO(3) 29 59 151 210
PAPSO(4) 31 62 153 209
PAPSO(5) 31 61 153 213
PAPSO(6) 30 60 155 209
PAPSO(7) 32 61 156 215

5 Conclusions

In this paper, according to the characteristics of many-to-one data transmission
in wireless sensor networks, we combined Pareto optimality with PSO and pro-
posed an effective PAPSO optimization to solve the TDMA scheduling problem.
And the optimization has the following advantages: 1. Under the framework of
evolutionary search algorithm, it is easy to deal with multi-objective optimiza-
tion problem and set up the model of multi-objective optimization; 2. We can
make the best of the problem-solving ability of evolutionary search algorithm
over NP problem; 3. The introduction of Pareto optimality makes the evalua-
tion system of multi-objective PSO solutions more reasonable and effective, thus
offering more choices of network performance to decision-makers.

In wireless sensor networks, multi-objective optimization problem widely ex-
ists and there is usually confliction among such objectives. Consequently, our
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proposed multi-objective optimization algorithm can serve as a good idea to
such kind of problem.
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