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Abstract Using constraint programming (CP), we address the task-
mapping problem in data-driven macroprogramming for wireless sensor
networks (WSNs). A task graph representing the flow of data among
tasks assists the application developer to specify the features of a WSN
at a high level of abstraction. A problem that arises in this context is how
to map the tasks to nodes in the target network before the deployment
of sensors, in order to achieve an energy-efficient WSN. We take a pub-
lished formulation of the task-mapping problem solved by mixed integer
programming (MIP) solvers, and rewrite it as a constraint program. We
minimise the maximum energy spent by each node for real-life instances
of the problem, and show that our CP model results in significantly bet-
ter runtimes than the MIP model.

1 Introduction

Wireless sensor networks (WSNs) operate as distributed systems where sensors
cooperatively monitor or control a condition in an environment, such as tem-
perature, speed, or pressure [1]. Nodes in a WSN consist of a processor, a radio
transmitter, and a battery. It is of great concern to reduce the energy consump-
tion at each node before deploying the network to the environment. The lifetime
of a WSN depends critically on the energy consumption of the nodes, especially
in cases where the battery cannot be charged once it is drained [4].

In a WSN, a node is assigned to perform several tasks. Tasks are pieces of
code implementing applications of the network. The entire network repeats the
same behaviour over a time period called a round. Nodes have an initial energy
level, which drops as the they communicate and process the assigned tasks in
each round of the network [9].

Tasks are grouped in three categories: sensing tasks, operative tasks, and
actuator tasks. Sensing tasks call a sensor to collect data at each round. For
example, invoking a sensor to measure temperature in a room is performed by a
sensing task. Operative tasks perform operations on data that has been gathered
by the sensing tasks. Taking the temperature from differently positioned sensors
in a room and computing the average is an example of such a task. Finally,



actuator tasks perform an action to affect the environment, which is based on
data processed by operative tasks. For example, consider a task that turns on a
heater to warm the room. Sensing tasks and actuator tasks can only run on nodes
with the appropriate sensors or actuators, while operative tasks are free to run on
any node with sufficient computational resources. Programming a task for each
sensor individually is a very time consuming process. We favour a methodology
that allows defining and deploying tasks regardless of WSN architecture. In
the WSN context, data-driven macroprogramming refers to an approach that
facilitates sensor network programming by specifying the features of a WSN as
a task graph representation [2,6]. Using this method, we create a task graph
based on data flow that is independent of the network topology.

Data-driven macroprogramming poses many challenges including how to map
the task graph efficiently onto the nodes in a WSN. A task mapping can be made
more efficient by reducing the energy consumption. Note that task mapping is
not only initiated at the deployment of the macroprogram, but also at any time
during the operation of the WSN if the energy level of a node drops under a
certain level.

In this paper, we optimise the task-mapping process in a multi-hop [1] hetero-
geneous [8] WSN to achieve overall minimum energy consumption by the sensors.
A multi-hop WSN allows several nodes to forward data toward their destination,
so nodes have to consider routing information. A heterogeneous WSN is a net-
work that is able to provide several wireless services simultaneously.

For the mapping process, we consider task computation costs, data rates,
node routing costs, and placement constraints with regard to a directed acyclic
graph representing a data-driven task graph. Our kind of task graph and the
general modelling framework are the same as those in [2,11]. We take the frame-
work and instance data related to two real-life applications of the problem: the
monitoring of heating, ventilation, and air conditioning [3] and highway traffic
management [7]. We implement our model as a constrained optimisation prob-
lem. Our approach follows the non-linear mathematical formulation of [11] and
rewrites it into a constraint programming (CP) model. We show that our CP
model achieves at least an order of magnitude speedup compared to the MIP
model.

2 The Problem and Some Applications

In a task mapping problem, we need to consider the cost of routing a message
between any two nodes via a particular node, which means that on a WSN with
n nodes we will have a cost routing table of size n3. The combinatorial problem
is to map optimally the tasks with regard to such three-dimensional cost routing
matrix, as well as considering the cost of sensing and processing tasks. A current
method for optimal task mapping involves modelling and solving it uses an MIP
solver [11], which shows poor performance on moderate-size real-life instances of
the problem (up to 124 nodes and 80 tasks).
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Figure 1. Highway traffic management system

We investigate two real-life applications. In both examples we are given a
data-driven task graph and a set of nodes of different types. The data-driven
task graph is then preprocessed by the Srijan macroprogramming toolkit [11] to
provide a set of constraints for each node on which tasks can be run and what
are the possible data flows. The goal is then to find a mapping that satisfies
these constraints and minimises the energy consumption of the network.

The first application is a highway traffic management system where the aim
is to reduce the congestion of vehicles on a highway by controlling speed limits
and vehicle access to the highway. Figure 1 represents one sector of a highway.
There are uniformly distributed forwarding nodes on the edge of the highway to
let the sectors communicate. Speed sensors are randomly distributed on the four
lanes so that each is in the range of another speed sensor or a forwarding node.
The speed sensor on each lane senses the speed of passing vehicles, a presence
sensor indicates the presence of a vehicle on the ramp, and a red/green signal
on the ramp controls vehicle entry to the highway. Figure 2 depicts the specific-
ation of data-driven task graph for one sector of a highway. Nodes in this graph
represent a task and the arcs indicate flow of data between the tasks. The tasks
SpeedSampler and RampSampler call a sensor to capture the speed or presence of
a vehicle respectively. The sensing tasks send the sensed data to the operational
tasks. There are four operational tasks: AvgQueueLength takes the average num-
ber of vehicles waiting in a queue per round, AvgSpeed takes the average speed
of vehicles on the lane, RampSignal takes the average queue length from both
neighbour sectors and decides whether it is necessary to use the ramp signal or
not, and SpeedLimit takes data from the current and neighbouring sectors and
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Figure 2. Specification of data-driven task graph for one sector of a highway in the
traffic problem

calculates the speed limit, which is shown on the display. We experiment on two
instances of this problem: the first instance includes 74 nodes and 36 tasks, and
the second instance includes 124 nodes and 60 tasks.

The second application is building environment management for monitor-
ing of heating, ventilation, and air conditioning (HVAC). This is similar to the
highway traffic problem, but here the sensing tasks are humidity sampling and
temperature sampling, which are fixed to some nodes, and the actuator tasks
are fixed to selected nodes to control humidity and temperature. The operative
tasks collect the sampled data from sensors, compute averages, and respond with
a proper action for the actuator nodes. We experiment on two instances of this
problem: the first instance includes 7 nodes and 6 tasks, and the second instance
includes 106 nodes and 80 tasks.

The operative tasks defined for the two applications are free to be mapped
to any nodes. We minimise the energy consumed by each node, based on the
communication cost for gathering the collected data from all the other nodes,
processing the operations, and sending the results to the actuators. Note that,
once tasks are mapped to nodes, we can compute the energy spent by each node
in one round. The energy for a node is equal to the number of times the node
runs a task, multiplied by the size of the data being sent by the node, multiplied
by the cost of routing one unit of data by a node.

3 Model

We present a constraint model of the task mapping problem by formulating it
as the non-linear system of [11], which was linearised in [11] so that it could be
solved by MIP solvers. In our CP model, we model the non-linear equations with
binary expressions and logical operators, and solve our model using Gecode [5],
an open-source modular object-oriented programming platform for constraint-
based global search.
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3.1 The Decision Variables

Let t and n be the number of tasks and nodes respectively, and let v1 , v2 , . . . , vt
be integer decision variables in the node domain [1, . . . , n], such that vi denotes
the node that is associated with task i. Let x = {xip | 1 ≤ i ≤ t, 1 ≤ p ≤ n}
be a two-dimensional array of redundant 0/1 decision variables, such that the
value of xip is 1 if and only if node p is associated with task i (that is, vi = p). In
the MIP model, the solver directly operates on the x variables, whereas in the
CP model, we branch on the v variables and maintain the relationship between
the v and x variables with channelling constraints. Throughout this paper, the
variables always have lowercase identifiers, the constants always have uppercase
identifiers, the indices i, j always refer to a task, and the indices p, q, r always
refer to a node.

As explained in Section 2, a sensing task or an actuator task may be fixed to
some nodes, and therefore it cannot be mapped to any other nodes. This limit is
a placement constraint that is reflected in the model by dropping value p from
the domain of variable vi for every task i that cannot be mapped to node p (in
other words, constraining xip to be 0 for all tasks i that cannot be mapped to
node p).

Let ep be an array of integer decision variables in the domain [0, . . . ,∞], such
that ep is the total energy spent by node p according to the tasks mapped to it
by the vi variables.

3.2 The Problem Formulation

The total energy ep spent by node p in one round consists of two terms: the
communication cost and the computation cost. We can ignore the computation
cost, since it has a far smaller value in our problems than the communication
cost. The communication cost ep for each node p is the sum of the costs of
routing messages between every pair of nodes that are communicating according
to the data-driven task graph at each round in the system:

ep =
∑

(i,j)∈A

Fi · Sij ·Rvivjp ∀p (1 ≤ p ≤ n) (1)

where T is the set of tasks taken from the specification of data-driven task
graph, and A ⊆ T × T is the set of arcs in the instantiated data-driven task
graph, representing the flow of data from task i to task j. Task i is fired Fi

times at each round, and Sij is the size of the data from task i to task j. The
energy consumed by node p while routing one unit of data from node q to node
r is denoted by Rqrp. The indices vi and vj in (1) on the R matrix are decision
variables mapping arbitrary task i and task j to node q and node r, respectively.
Intuitively, ep is the cost for a particular mapping given by v and it can also
be calculated by considering all possible nodes q and r for vi and vj in (1) and
multiplying by xiq ·xjr to indicate whether there is a message routed from node
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q to which task i is assigned to node r to which task j is assigned via node p:

ep =
∑

(i,j)∈A

n∑
q=1

n∑
r=1

Fi · Sij ·Rqrp · xiq · xjr ∀p (1 ≤ p ≤ n) (2)

The optimisation metric is defined by minimising the maximum fraction of the
initial energy spent by any node in the system at a round. This metric is defined
regarding the fact that, in task-mapping for WSNs, we aim at maximising the
time to reconfiguration (TTR), which is the amount of time after which the
energy level of some node goes below a fraction of its initial energy, denoted by
Ep. By minimising the maximum fraction of energy spent by all nodes, the value
of TTR will be maximised. Thus, the objective function to be minimised is the
following:

max
1≤p≤n

1

Ep
· ep (3)

3.3 The Constraints and Objective Function

For a MIP solver, constraint (2) is non-linear and needs to be replaced by an
equivalent linear constraint. As shown in [12], an extra 4D array of binary vari-
ables yijqr can be introduced to replace xiq ·xjr and channelling constraints (not
shown here) must then be added to keep the relationship between the x variables
and the y variables.

Our CP model changes the non-linear part of (2) into a binary expression as
follows:

ep =
∑

(i,j)∈A

n∑
q=1

n∑
r=1

Fi · Sij ·Rqrp · (xiq ∧ xjr) ∀p (1 ≤ p ≤ n) (4)

The conjunction constraint for binary operator ∧ (logical and) is here more effi-
cient than the constraint mult in Gecode. This model does not require explicitly
defining a variable to replace xiq ∧xjr. We do not need to either implement con-
straint (4) by a direct use of the linear constraint, since we would then also need
to linearise the non-linear form by creating a 4D array of redundant variables to
represent xiq ∧ xjr (or xiq · xjr).

We let the cost c (0 ≤ c ≤ 1) be a floating-point decision variable that holds
the maximum fraction of the initial energy Ep spent by every node p in the
network at each round. To perform the minimisation of (3), we constrain the
total energy ep of each node p to be at most equal to the cost c, subject to
minimising c. This contributes to better propagation by relating the cost c to a
single decision variable ep for each node p. The cost c takes the maximum value
for the energy spent by any node, so by minimising c we actually minimise the
objective function (3). As a result, the following constraints are posted:

1

Ep
· ep ≤ c ∀p (1 ≤ p ≤ n) (5)
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We assume that the initial energy Ep for all nodes p is the same. Therefore, Ep

does not affect the resulting cost c in the model, so we can avoid the fraction
in (5) and revise the domain of c to [0, . . . , Ep], which is an integer domain:

ep ≤ c ∀p (1 ≤ p ≤ n) (6)

A constraint is necessary to enforce that each task is mapped to exactly one
node:

n∑
p=1

xip = 1 ∀i (1 ≤ i ≤ t) (7)

Finally, we maintain the relationship between the node decision variables vi and
the binary variables xip by channelling between them as follows:

vi = p⇐⇒ xip = 1 ∀i, p (1 ≤ i ≤ t, 1 ≤ p ≤ n) (8)

We can implement the channelling constraint (8) by either the element con-
straint, reification, or the channel constraint of Gecode. In the reification imple-
mentation, the constraints (7) are implied and we can ignore them, as they slow
down propagation, whereas for the other cases we need to keep (7), since further
propagation is required to prune the domain of xip to 0 if and only if vi 6= p.
In our CP model, reification both with and without implied constraints (7) per-
forms faster than the element constraint, but reification performs slower than
the channel constraint. In this paper, we only present the results based on the
channelling implementation of (8).

The search procedure branches on the vi variables only. It uses the first-
fail strategy for variable selection, and selects values greater than the mean of
smallest and largest values in the domain of the selected variable.

4 Experiments

We experimented with two representative instances (chosen from [11]) each for
the two applications mentioned in Section 2, the HVAC and highway traffic
management problems. We chose the smallest size (HVAC 〈7, 6〉), medium size
(highway traffic 〈74, 36〉), and largest size (HVAC 〈106, 80〉 and highway traffic
〈124, 60〉). Our CP model is implemented in Gecode (revision 3.2.2) and runs
under Mac OS X 10.6.3 64 bit on an Intel Core 2 Duo 2.53 GHz with 3MB L2
cache and 4GB RAM. We set a timeout of one hour for each instance, recording
the best minimum cost achieved and the time at which it has been reached, if
solving times out.

We also solved our instances using the MIP solvers Gurobi (revision 2.0.2),1

SCIP (revision 1.2.0),2 and lpsolve (revision 5.5)3, taking the linearised formu-
lation of (2) to solve under the same system configuration and experimental

1 available from http://gurobi.com
2 available from http://scip.zib.de
3 available from http://lpsolve.sourceforge.net
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HVAC Highway Traffic

〈nodes, tasks〉 〈7, 6〉 〈106, 80〉 〈74, 36〉 〈124, 60〉
time and cost time cost time cost time cost time cost

Gecode 0.01 10.00 0.73 12960 1.74 300 13.35 300

Gurobi 0.29 10.00 0.01 12960 44.00 300 212.00 300

SCIP 0.14 10.00 3.22 12960 ≤3600.00 320 ≤3600.00 300

lpsolve 0.04 10.00 ≤3600.00 12960 ≤3600.00 320 ≤3600.00 360

Table 1. Optimisation results of different solvers for four instances of the HVAC and
highway traffic management task mapping problems. The time unit is seconds. The
boldface values indicate best costs achieved before a one-hour timeout.

set-up. We chose lpsolve only since it is the solver used in [11]. We also chose
to experiment with Gurobi and SCIP, as these two solvers are among the fast-
est commercial and non-commercial MIP solvers respectively (according to the
SCIP home page).

The instance data is stored both in an internal format used by our CP model
and in the MPS file format [10]. MPS is a standard column-oriented format for
storing linear programming models for MIP solvers.

In Table 1, we present the results of our CP model compared to the model
solved by the three MIP solvers. The problem was optimally solved for the two
instances of the HVAC problem (except for HVAC 〈106, 80〉 using lpsolve), and
the runtimes indicate the total time to optimally solve the two instances of the
HVAC problem. For the highway traffic management instances, the boldface
values indicate a best cost achieved before timeout, and the runtime to arrive
at this cost. Note that lpsolve and SCIP only report the best cost after timing
out, and we do not know when this cost was first found.

In the second HVAC instance, an MIP solver, namely Gurobi, is faster than
Gecode; that is because Gurobi managed to solve the problem in one simplex
iteration. We observe that, in the rest of the instances, Gecode can reach the
same solution about 90% faster than the fastest MIP solver we used, Gurobi.
The CP model is also always faster than the MIP approach in [11]. These results
show that constraint programming can efficiently solve the problems introduced
in task mapping for WSNs. It is also worth mentioning that MIP solvers use
a pre-solve phase to eliminate as many variables and constraints as possible
before solving the actual problem. For example, pre-solve in the hardest instance
(highway traffic 〈124, 60〉) using Gurobi is taking 22 seconds, which is included
in the runtime of 212 seconds in Table 1, and this is already longer than the
total time spent by Gecode to find the same solution.

Table 2 presents the complexity of the MIP model in terms of the numbers of
variables and constraints according to Gurobi. The second row shows the same
numbers after the pre-solve phase.
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HVAC Highway Traffic

〈nodes, tasks〉 〈7, 6〉 〈106, 80〉 〈74, 36〉 〈124, 60〉
#vars #cons #vars #cons #vars #cons #vars #cons

MIP size 78 118 16855 25308 21449 56462 50737 130072

presolved size 43 2 8481 88 20857 54662 49745 127056

Table 2. Complexity of the MIP model in terms of the numbers of variables and
constraints according to Gurobi

HVAC Highway Traffic

〈nodes, tasks〉 〈7, 6〉 〈106, 80〉 〈74, 36〉 〈124, 60〉
number of propagators 64 62395 294952 1164526

memory (KB) 19 17610 89734 641871

runtime 0.01 0.73 1.74 13.35

Table 3. Complexity of the CP model in terms of the number of propagators as well
as the memory (in KB) and runtime (in seconds) taken by Gecode

Table 3 presents the complexity of the CP model in terms of the numbers
of propagators and the memory allocated by Gecode (in KB). It also includes
the runtimes according to Table 1, indicating that an increase in the number of
propagators is proportional to the runtime increase of the solver.

5 Conclusion

Macroprogramming for WSNs is an evolving area, where efficiency of a WSN
can benefit considerably by task mapping in a configuration phase, as well as in
reconfiguration when the energy level of a node drops below a certain amount.

5.1 Summary

We presented a CP model for the task mapping problem in a multi-hop het-
erogeneous WSN. Our model involves placement constraints and the cost of
routing. The optimisation is done by minimising the maximum energy spent by
each node. We model the non-linear formulation of [11] effectively using binary
expressions and show that it is competitive with a published MIP model.

5.2 Related Work

To the best of our knowledge, there has been no work addressing a CP ap-
proach for a general case of task mapping in a multi-hop WSN achieving energy
optimisation under routing costs.
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The main related work to ours is [11], where the problem specification and
formulation are taken from; we took the real-life instances from that work to
compare with MIP solvers. However, we use CP to capture directly the non-
linear constraints. In [11], two objectives are used: minimising the maximum
energy spent by all nodes, namely energy balance, and minimising the sum of the
energy spent by all nodes. Energy balance is a better metric, since it maximises
the time to reconfiguration. Minimising the total energy spent is the classical
metric.

In [13], the authors only investigate single-hop homogeneous WSNs. We con-
sider multi -hop heterogeneous networks including the routing costs. That work,
unlike ours, also considers the minimum schedule length subject to energy con-
sumption constraints.

5.3 Future work

We believe it is possible to model the problem using a pure CP approach and
without considering the MIP formulation.

We expected that a simple and fast heuristic such as first-fail would give a
better result in a shorter runtime. On the other hand, a more advanced branching
that takes the task graph and the target network features into account may result
in a faster solution or a better cost under the one hour timeout.

The computation cost of tasks was ignored both in our CP model and in
experiments with the MIP model of [11], since the computation cost for invoking
a task by a node, in our data set, is far smaller than the communication cost of
routing the message. However, it might be of interest to investigate the impact
of computational cost presented in the model.
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