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Abstract—Emerging Wireless Sensor Network (WSN) applications demand considerable computation capacity for in-network

processing. To achieve the required processing capacity, cross-layer collaborative in-network processing among sensors emerges as

a promising solution: Sensors do not only process information at the application layer, but also synchronize their communication

activities to exchange partially processed data for parallel processing. However, scheduling computation and communication events is

a challenging problem in WSNs due to limited resource availability and shared communication medium. In this work, an application-

independent task mapping and scheduling solution in multihop homogeneous WSNs, Multihop Task Mapping and Scheduling (MTMS),

is presented that provides real-time guarantees. Using our proposed application model, the multihop channel model, and the

communication scheduling algorithm, computation tasks and associated communication events are scheduled simultaneously. The

Dynamic Voltage Scaling (DVS) algorithm is presented to further optimize energy consumption. Simulation results show significant

performance improvements compared with existing mechanisms in terms of minimizing energy consumption subject to delay

constraints.

Index Terms—Wireless sensor network, multihop, cross-layer, in-network processing, task mapping and scheduling.
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1 INTRODUCTION

MANY emerging applications for WSNs are associated
with real-time requirements that necessitate in-net-

work processing. As an example, mission-critical target
detection and tracking applications [1], [2] impose time
limits on the delivery of results. Processing information
locally and sending the end results to a central location is
generally more energy-efficient than sending raw data
across a multihop WSN. The reduced communication
volume also reduces the delivery latency and, hence,
improves real-time performance.

Collaborative in-network processing is a viable solution to
provide the required processing power not available in stand-
alone sensor nodes. Collaborative in-network processing
partitions applications into smaller tasks executed in parallel
on different sensor nodes. Dependencies between tasks are
maintained through the exchange of intermediate results
between sensor nodes. Hence, collaborative in-network
processing methods are inherently cross-layer solutions that
involve coordination of computation as well as communica-
tion events. Though local communication overhead is
introduced during in-network processing, the resulting
volume is significantly smaller than the raw data. Thus, the
communication load and energy consumption are reduced
for long distance communication over multiple hops.

The benefits of in-network processing are especially
pronounced in wireless camera sensor networks (WCSN)
[3], [4]. In WCSNs, applications such as image registration

[5] and distributed visual surveillance [6] involve compu-
tationally intensive operations. The inherent real-time
requirements of multimedia applications further exacerbate
this problem. For instance, distributed intelligence and
information processing for multiple-camera surveillance are
the primary methods used in Third Generation Surveillance
Systems (3GSS), where a large number of cameras are
connected with networks [6]. A real-time multicamera
surveillance system is presented in [7], where multiple
cameras collaboratively detect and classify objects. As part
of the system requirements, vision-based localization is
implemented after an object is detected and recognized [7].
Data fusion is applied in these operations to integrate data
from different cameras. Vision-based localization is a
natural solution in 3GSS to recover objects’ 3D information,
albeit with intensive processing, where images are periodi-
cally captured. Most 3GSS research proposals assume local
area network (LAN) connections. However, as envisioned
in [3], [4], camera networks equipped with wireless
connections are promising due to the ease of deployment
and the flexibility of topology adjustment. A simple visual
surveillance example is shown in Fig. 1, where four
calibrated wireless camera sensors collaboratively detect
an object’s location. Instead of sending original images, the
object’s location is calculated and delivered to the base
station: Sensors first estimate the object’s location by
themselves, then fuse the intermediate results to further
eliminate estimation errors. As such, the communicated
data volume is reduced by several orders of magnitude.

To enable collaborative in-network processing, the
following problems must be solved:

. the assignment of tasks to sensors,

. determining the execution sequence of tasks, and

. scheduling communication between sensors.
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In high-performance computing, the first problem is
referred to as task mapping and the second one as task
scheduling. Both problems have been extensively studied in
the past for interconnected processors [8], [9], [10]. How-
ever, these existing solutions cannot directly be implemen-
ted in WSNs as the wireless communication scheduling is
not addressed. Furthermore, these solutions do not ex-
plicitly consider energy consumption during communica-
tion and task execution, which is one of the major
constraints in WSNs. Though task mapping and scheduling
have recently been discussed in the literature for WSNs [11],
[12], [13], [14], [15], [16], they all consider single-hop
clustered networks without addressing communication
scheduling in multihop networks, which hinders their
generalization to arbitrary WSN scenarios. Clustering
sensors into single-hop clusters can lead to a large number
of clusters and, consequently, comes with the cost of greater
communication and routing overhead in large-scale WSNs
[17]. Thus, multihop clustering and, consequently, colla-
borative in-network processing solutions in multihop
clusters are preferable in large-scale WSNs.

In this work, we propose an application-independent
solution, Multihop Task Mapping and Scheduling (MTMS), to
provide the in-network computation capacity required by
arbitrary real-time applications in multihop WSNs. MTMS
aims to guarantee application deadlines with minimum
energy consumption. MTMS not only maps and schedules
computation tasks to sensors in parallel to accelerate
execution, but also addresses communication scheduling
among sensors to exchange intermediate results in a
multihop cluster of sensor nodes. To the best of our
knowledge, this is the first work that addresses the joint
scheduling of communication and computation in multihop
WSNs. A novel high-level application model, Hyper-DAG,
is proposed to abstract arbitrary applications. As a cross-
layer solution, MTMS schedules computation tasks at the
application layer as well as their associated communication
at Medium Access Control (MAC) and network layer. For
this purpose, a novel communication model is presented to
abstract multihop wireless channels. Based on this channel
model, the multihop communication scheduling algorithm
is integrated as a part of MTMS with the collision avoidance
feature. The resulting start and finish times of communica-
tion events constitute the schedule used by the MAC.
MTMS has two phases: task mapping and scheduling phase
and DVS phase. In the task mapping and scheduling phase,
computation tasks are scheduled at the highest processing
power to find a feasible solution. A Dynamic Voltage
Scaling (DVS) algorithm is presented to further reduce the
energy consumption.

2 RELATED WORK

Localized task mapping and scheduling problems in WSNs
have been studied in the literature recently. These solutions
consider applications executed independently within clus-
ters composed of geographically close nodes, following
locally generated schedules. In [11], an online task
scheduling mechanism (CoRAl) is proposed to allocate the
network resources between the tasks of periodic applica-
tions in WSNs in an iterative manner: The upper-bound
frequencies of applications are first evaluated according to
the bandwidth and communication requirements between
sensors. The frequencies of the tasks on each sensor are then
optimized subject to the upper-bound execution frequen-
cies. However, CoRAl assumes that the tasks are already
assigned to sensors without addressing the task mapping
problem. Furthermore, energy consumption is not explicitly
discussed in [11]. Different from CoRAl, our proposed
MTMS solution addresses task mapping and task schedul-
ing simultaneously. In addition, energy consumption is
explicitly considered in the objective function of MTMS.

Distributed Computing Architecture (DCA) is presented
in [12], which executes low-level tasks on sensing sensors
and offloads all other high-level processing tasks to cluster
heads. However, processing high-level tasks can still exceed
the capacity of the cluster heads’ computation power.
Furthermore, the application-specific design of DCA limits
its implementation for generic applications. On the other
hand, our application-independent MTMS solution can
distribute the computation load among multiple sensors,
which provides higher computation capacity.

Localized task mapping and task scheduling have been
jointly considered for mobile computing [18] and for WSNs
[14], [15], [16] recently. Task mapping and scheduling
heuristics are presented in [18] for heterogeneous mobile
ad hoc grid environments. However, the communication
model adopted in [18] is not well-suited for WSNs, which
assumes individual channels for each node and the
concurrent data transmission and reception ability of every
node. MTMS, on the other hand, is specifically developed
for WSNs adopting a more realistic communication model.
In [15], the EcoMapS algorithm is proposed for energy-
constrained applications in single-hop clustered WSNs to
map and schedule communication and computation simul-
taneously. EcoMapS aims to schedule tasks with the
minimum schedule length subject to energy consumption
constraints. However, EcoMapS does not provide execution
deadline guarantees for applications, which is addressed in
MTMS. In [14], Energy-balanced Task Allocation (EbTA) is
introduced to minimize balanced energy consumption
subject to application deadline constraints. In [14], commu-
nications over multiple wireless channels are first modeled
as additional linear constraints of an Integer Linear
Programming (ILP) problem. Then, a heuristic algorithm
is presented to provide a practical solution. However, the
communication scheduling model in [14] does not exploit
the broadcast nature of wireless communication, which can
conserve energy and reduce schedule length. RT-MapS is
presented in [16] to provide a deadline guarantee with
minimum application energy consumption. The broadcast
nature of wireless communication is utilized in RT-MapS to
leverage energy consumption. In MTMS, broadcast and
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multicast are realized through the presented communica-
tion scheduling algorithm and the task mapping and
scheduling algorithms. Furthermore, all localized mechan-
isms, namely, CoRAl, DCA, EcoMapS, EbTA, and RT-
MapS, assume a single-hop cluster environment, which
prevents their application to general implementations.
Different from these existing works, MTMS provides a
more general solution for multihop clustered WSNs.

In summary, MTMS is a generic task mapping and
scheduling solution for multihop wireless sensor networks
with the following salient properties different from the
existing work:

. The multihop wireless channel is modeled to reflect
the broadcast nature of wireless communication.

. Based on the channel model, multihop communica-
tion events and computation tasks are jointly
scheduled.

. Task mapping and task scheduling are considered
simultaneously.

. Based on realistic energy models for computation
and communication in WSNs, MTMS aims to
guarantee application deadline constraints with
minimum energy consumption to prolong the net-
work lifetime.

3 PRELIMINARIES

3.1 Network Assumptions

Our proposed task mapping and scheduling mechanism is
designed for applications executed within a multihop
cluster of WSNs. We assume the following WSN properties:

. Homogeneous sensors are grouped into k-hop clus-
ters. In this paper, we define a k-hop network as a
connected network G with diameter diamðGÞ � k,
where k is the hop count of the longest path
connecting any two nodes.

. Each cluster executes an application which is either
assigned during the network setup time or remotely
distributed by base stations during the network
operation. Once assigned, applications are indepen-
dently executed within each cluster unless new
applications arrive. With application arrivals, cluster
heads create schedules for execution within clusters.

. Calculated schedules are used to run the asso-
ciated applications as many times as required by
applications.

. Location information is locally available within
clusters.

. Computation and communication can occur simul-
taneously on sensor nodes as supported by various
platforms including MICA2DOT running TinyOS.

. Communication within a cluster is isolated from
other clusters through time division or channel-
hopping mechanisms with appropriate hardware
support such as Chipcon CC2420.

. Sensors are equipped with DVS processors such as
StrongARM SA-1100 [19]. The CPU speed can be
changed by dynamically adjusting the supply
voltage with a finite number of levels. The delay of
speed and voltage adjustment for a DVS processor

can be on the order of 10-100 �s [20] [21]. Such DVS
adjustment overhead can be accounted for in the
adjusted task execution time. For the sake of
simplicity, we assume the DVS adjustment overhead
to be negligible.

It should be noted that, while the intracluster commu-
nications are isolated from each other, communication
across clusters is assumed to be handled over common
time slots or channels orthogonal to those used inside a
cluster. As such, information flow across the network is not
hindered by intracluster communication isolation.

3.2 Application Model

Applications can be represented by Directed Acyclic Graph
(DAG) to have an application-independent solution [14]. A
DAG T ¼ ðV ;EÞ consists of a set of vertices V representing
the tasks to be executed and a set of directed edges E
representing communication dependencies among tasks.
The edge set E contains directed edges eij for each
task vi 2 V that task vj 2 V depends on. The computation
weight of a task is represented by the number of CPU clock
cycles to execute the task. Given an edge eij, vi is called the
immediate predecessor of vj and vj is called the immediate
successor of vi. An immediate successor vj depends on its
immediate predecessors such that vj cannot start execution
before it receives results from all of its immediate
predecessors. A task without immediate predecessors is
called an entry-task and a task without immediate succes-
sors is called an exit-task. A DAG may have multiple entry-
tasks and one exit-task. If there are more than one exit-tasks,
they will be connected to a pseudo-exit-task with computa-
tion cost equal to zero. Fig. 2a shows an example of a DAG,
where V 1, V 2, and V 3 are entry-tasks, V 8 is an exit-task,
and V 5 is the immediate successor and immediate
predecessor of V 1 and V 8, respectively.

In this paper, we assume that an entry-task is a sensing-
task to detect certain physical events and its sensor
assignment is determined according to application require-
ments. This entry-task assignment requirement is referred
to as the Entry-task Assignment Constraint.

In the DAG scheduling problem, if a task vj scheduled
on one node depends on a task vi scheduled on another
node, a communication between these nodes is required.
In such a case, vj cannot start its execution until the
communication is completed and the result of vi is
received. However, if both of the tasks are assigned the
same node, the result delivery latency is considered to be
zero and vj can start to execute after vi is finished. This
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execution dependency between tasks is referred to as the
Communication Dependency Constraint.

3.3 Energy Consumption Model and Dynamic
Voltage Scaling

The energy consumption of transmitting and receiving l-bit
data over a distance d that is less than a threshold do are
defined as Etxðl; dÞ and ErxðlÞ, respectively:

Etxðl; dÞ ¼ Eelec � lþ "amp � l � d2; ð1Þ

ErxðlÞ ¼ Eelec � l; ð2Þ

where Eelec and "amp are hardware-related parameters [12].
In our communication scheduling algorithm, the energy
consumption of the sender and receivers of a packet will be
updated according to (1) and (2).

The energy consumption of executing N clock cycles
with CPU clock frequency f is given as:

EcompðVdd; fÞ ¼ NCV 2
dd þ Vdd Ioe

Vdd
nVT

� � N

f

� �
; ð3Þ

f ’ KðVdd � cÞ; ð4Þ

where VT is the thermal voltage and C, Io, n, K, and c are
processor-dependent parameters [19], [12].

Due to the discrete nature of task mapping and
scheduling, a schedule that meets a deadline may do so
with slack time until the deadline. The unbalanced load of
sensors and communication scheduling also results in CPU
idle time. DVS is a technique to exploit the CPU idle time
by jointly decreasing CPU speed and supply voltage while
still meeting deadlines. According to (3) and (4), a decrease
in CPU supply voltage leads to an approximately linear
increase in execution time and an approximately quadratic
decrease in computation energy consumption. The relation-
ship of the CPU speed and the unit energy consumption is
approximately shown in Fig. 3. Assume that the execution
load of a task vi is N clock cycles and its deadline is t.
Given the CPU speed of Smax, vi can be finished at time t0

with the CPU slack time of t� t0 before the deadline. The
corresponding computational energy consumption is
N � Pmax. By reducing the CPU speed to So, vi’s execution
time is increased to t. On the other hand, the computational
energy consumption decreases to N � Po, which leads to an
energy savings of N � ðPmax � PoÞ. Here, Pmax and Po stand
for the original and adjusted computation energy con-
sumption per clock cycle of vi with CPU speeds of Smax
and So, respectively.

It should be noted that the energy consumption model
presented above only considers the energy expenditure
directly related with application execution. Thus, energy
consumption during idle time is not taken into account.
However, our communication and computation schedules
may also be used to determine the sleep schedules of
sensors, where sensors go to sleep when no communication
and computation activities are scheduled for them.

3.4 Problem Statement

The task mapping and scheduling problem is to find a set of
task assignments and their execution sequences on a
network that minimizes an objective function such as
energy consumption or schedule length. Let Hx ¼
fhx1 ; hx2 ; . . . ; hxng denote a task mapping and scheduling
solution of the application DAG T on a network G, where x
is the index of the task mapping and scheduling solution
space. Each element hxi 2 Hx is a tuple of the form
ðvi;mk; svi;mk

; fvi;mk
; tvi;mk

; cvi;mk
Þ, where mk represents the

node to which a computation task vi is assigned, svi;mk
,

fvi;mk
, and tvi;mk

represent the start time, finish time, and
execution length of vi, and cvi;mk

represents the energy
consumption of vi on node mk, respectively. It should be
noted that task start times, finish times, and application
deadlines are relative to the application execution start
time, which is the reference time to ¼ 0.

Let CommEngðmkÞ represent the communication energy
consumption of a node mk including data transmission,
reception, and forwarding. The design objective of MTMS is
to find a schedule Ho 2 fHxg that has the minimum energy
consumption under the delay constraint:

Find Ho ¼ argmin energyðHÞ; ð5Þ

where energyðHÞ ¼
X
i;k

cvi;mk
þ
X
k

CommEngðmkÞ; ð6Þ

subject to lengthðHÞ ¼ max
i;k

fvi;mk
� DL; ð7Þ

where energyðHÞ and lengthðHÞ are the overall energy
consumption and the schedule length of H, respectively,
and DL is the deadline of the application. The DAG
scheduling problem is shown to be an NP-complete
problem in general [22]. Therefore, heuristic algorithms
are needed to solve this problem in polynomial time.

Some notations are listed here for convenience:

. predðviÞ and succðviÞ denote the immediate prede-
cessors and successors of task vi, respectively,

. mðviÞ denotes the node on which vi is assigned,

. T ðmkÞ denotes the tasks assigned on node mk, and

. T ft
st ðmkÞ denotes the tasks assigned on node mk

during the time interval ½st; ft�.

4 THE PROPOSED MTMS ALGORITHM

The proposed MTMS consists of two phases: task mapping
and scheduling phase and DVS phase. In the task mapping and
scheduling phase, applications are scheduled across applica-
tion, MAC, and network layers: Computation tasks are
assigned to sensors, their execution sequence are decided,
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and communications between sensors are scheduled based
on the Communication Dependency Constraints. We extend the
Min-Min algorithm [18] as the multihop Task Schedule Search
Engine (TSSE) in this phase. The Min-Min algorithm
delivers satisfactory performance with relatively low com-
plexity [10], [18]. The objective of the TSSE algorithm is to
minimize energy consumption subject to deadline con-
straints. To guarantee deadlines, sensors are scheduled with
the maximum CPU speed fmaxcpu by the TSSE algorithm.
Then, schedules created in the first phase are further
optimized in the DVS phase by reducing CPU speeds to
exploit CPU slack times.

The MTMS algorithm is executed on cluster heads when
applications are assigned to clusters. In case of a loss of a
cluster head, a new cluster head is selected via the
clustering algorithm in use and schedules will be regener-
ated by the new cluster head.

The original Min-Min algorithm is designed for tradi-
tional parallel processing without considering wireless
communication scheduling. To solve this problem, we
developed a new multihop communication scheduling algo-
rithm based on our proposed Hyper-DAG representation of
tasks and multihop channel model. The communication
scheduling algorithm is utilized by the TSSE algorithm
during task scheduling to satisfy the Communication
Dependency Constraints. Schedules generated by the mod-
ified Min-Min algorithm are further optimized with the
DVS algorithm. The flowchart of the MTMS solution is
shown in Fig. 4. In the following sections, the main
components of our proposed MTMS algorithm, namely,
Hyper-DAG extension and multihop channel modeling, the
communication scheduling algorithm, the TSSE algorithm,
and the DVS algorithm, are presented.

4.1 Hyper-DAG Extension and Multihop Channel
Modeling

In WSNs, communication is broadcast in nature. When a
node transmits information, it is potentially received by

multiple nodes in the cluster. This property can be
leveraged to relay information generated by a task to all
its successors in a single transmission rather than multiple,
sequential transmissions. This approach reduces both the
execution time and the energy consumption. To represent
the broadcast feature of wireless communication, the DAG
representation of applications is extended as follows: For a
task vi in a DAG, we replace the edges between vi and its
immediate successors with a net Ri. The weight of Ri

equals the resulting data volume of vi. Ri represents the
communication task to send the result of vi to all its
immediate successors in the DAG. This extended DAG is a
hypergraph and is referred to as Hyper-DAG. The Hyper-
DAG representation of the DAG in Fig. 2a is shown in
Fig. 2b. A Hyper-DAG is represented as T 0 ¼ ðV 0; E0Þ,
where V 0 ¼ f�ig ¼ V [R denotes the new set of tasks
to be scheduled and E0 represents the dependencies
between tasks. Here, V ¼ fvig ¼ fComputation Tasksg
and R ¼ fRig ¼ fCommunication Taskg. With Hyper-
DAGs, communication events between computation tasks
are explicitly represented in task graphs. Based on the
Hyper-DAG representation, (6) is rephrased as follows:

energyðHÞ ¼
X
vi2V ;k

cvi;mk
þ
X
vi2R;k

cvi;mk
¼
X
vi2V 0;k

cvi;mk
; ð8Þ

where cvi;mk
of vi 2 R is the energy consumption of node mk

for sending or receiving communication task vi through the
wireless channel.

To properly schedule communication events, we model
the multihop channel as a virtual node C on which only
communication tasks can be executed. Different from the
virtual node model in [11], [15], where only single-hop
channels are considered, our channel model takes potential
interference between simultaneous communications in
multihop networks into consideration.

Unlike in single-hop networks, there can be multiple
simultaneous communications in multihop networks. Thus,
the virtual node C in the multihop channel model should be
able to execute multiple communication tasks simulta-
neously. To avoid interference between scheduled commu-
nication tasks, a “penalty function” is introduced into the cost
function of communication scheduling. Under the unit disc
graph model, the “penalty” of scheduling a communication
task is zero if it does not cause interference; otherwise, it is
infinite. The communication scheduling algorithms will
only schedule a communication task with the minimum
finite cost. The penalty function Pft

st ðvÞ of assigning a
communication task v onto C during time interval ½st; ft� is
defined as:

Pft
st ðvÞ ¼

1; if 9� 2 Tftst ðCÞ : Sð�Þ 2 NðRðvÞÞ or Rð�Þ 2 NðSðvÞÞ
0; otherwise;

(

ð9Þ

where Sð�Þ and Rð�Þ are the sender and receivers of
communication task �, respectively, and NðmkÞ is the set of
sensor mk’s one-hop neighbors. With the penalty function
defined above, the multihop channel model is presented as
follows:
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. The wireless channel of a cluster is modeled as a
virtual node C. All cluster members are considered
to be directly connected with C.

. The channel node C executes communication tasks
only. All communication tasks exchanged between
sensor nodes must be routed through C. The
available time, start time, execution time, and finish
time of a communication task vi scheduled on C are
represented by atvi;C, svi;C, tvi;C, and fvi;C, respectively.

. A communication task assigned on C stands for an
ongoing data communication. Its execution time on
C equals its communication length via the wireless
channel. The corresponding data transmission and
reception energy consumption are accounted for by
the sender and receivers following (1) and (2),
respectively.

. There can be multiple communication tasks sched-
uled on C in time interval ½st; ft�, which are denoted
as Tftst ðCÞ.

. The cost of executing communication task vi on C in
time interval ½st; ft� is

costðvi; st; ftÞ ¼ Pft
st ðviÞ þ gðst� atvi;CÞ;

where gðxÞ, x � 0, is a monotonically increasing
function. The penalty function Pft

st ðviÞ represents the
scheduling feasibility in ½st; ft�. If a schedule causes
interference, the cost function becomes infinite since
Pft
st ðviÞ ¼ 1. For such scenarios, the communication

scheduling algorithms search for another time
interval to avoid packet collisions. Otherwise, the
cost function is determined by gðst� atvi;CÞ as
Pft
st ðviÞ ¼ 0. Since st� atvi;C denotes the delay be-

tween vi’s available time and scheduled start time,
minimizing gðst� atvi;CÞ leads to the selection of the
earliest feasible execution of vi on C.

With the Hyper-DAG representation and channel mod-
el, the Communication Dependency Constraint in Section 3.2 is
rephrased as follows: In the Hyper-DAG scheduling
problem, if a computation task vj scheduled on node mk

depends on a communication task vi scheduled on another
sensor node or C, a copy of the communication task vi
needs to be scheduled to mk, and vj cannot start to execute
until all of its immediate predecessors are available on the
same node.

It should be noted that the penalty function presented
here just takes communication interference into account.
However, the penalty function can be further extended with
factors such as link quality. We will defer the discussion of
alternative penalty functions to our future work.

4.2 Communication Scheduling Algorithms

To meet the Communication Dependency Constraint in Hyper-
DAG scheduling, communication scheduling between
nodes is required if a computation task depends on a
communication task assigned on another node. The com-
munication scheduling algorithm presented in this section
is used in conjunction with the task mapping and
scheduling algorithm described in Section 4.3.

In multihop clusters, the sender and the receivers of a
communication task can be one or more hops away from

each other. We schedule multihop communication follow-
ing the paths generated by a routing algorithm. In every
hop, we use the one-hop communication scheduling
algorithm.

We first introduce the one-hop communication schedul-
ing algorithm. With the Hyper-DAG and multihop channel
models presented in Section 4.1, unicasting communication
task vi from sensor ms to its single-hop neighbor mr

through the wireless channel can be modeled as follows: vi
is first duplicated from ms to C, which stands for originating
the data transmission. The duplicated copy vci is then
executed on C for the duration of the communication length,
which represents the data transmission. After vci is finished
on C, vci is duplicated to mr from C, which represents the end
of the data transmission. After vci is duplicated to mr, the
transmitted data is available to computation tasks assigned
to mr. Any given transmission can potentially reach
multiple receivers if they do not interfere with neighboring
communications. From the perspective of task scheduling,
broadcasting is similar to unicast communication, except
that vci will be duplicated to multiple receivers after it is
finished on C. Broadcasting may lead to significant energy
savings compared with multiple unicasts between the
sender and receivers. Thus, in communication scheduling,
we always consider the possibility of receiving broadcast
data first. The detailed description of the single-hop
communication scheduling algorithm is presented in Fig. 5.

In Fig. 5, Steps 6-23 stand for originating a new
communication from ms to mr. If a communication task
has multiple immediate successors to be scheduled on
different sensors, multiple receptions of the broadcast data
without interference can be scheduled in Steps 28-36.
Compared with originating a new communication for each
recipient, the broadcast reception method leads to an
energy savings of one data transmission for each additional
data reception.

In our multihop communication scheduling algorithm, a
routing algorithm is used to obtain the path ¼ ðm1; . . . ;mnÞ
from sender ms to receiver mr, where m1 ¼ ms and
mn ¼ mr. In this paper, we employ the low complexity
stateless geographic routing algorithm, GPSR [23]. After
obtaining the path, the communication task will be
iteratively duplicated from the source to the destination
following the OneHopScheduleðÞ algorithm.

Similar to that of the one-hop communication schedul-
ing, a communication task may be requested by several
destinations that are multiple hops away. Thus, multi-
casting is desirable to shorten communication latencies as
well as to decrease energy consumption. The first time a
communication task vi is requested from ms to mr, unicast
path is formed from the source to the destination, which is a
distribution tree with no branches. In the subsequent
scheduling steps, each time vi is requested by another
sensor mk, the distribution tree branches and expands to mk

by connecting mk with the nearest node on the existing tree.
The detailed description of the multihop communication
scheduling is presented in Fig. 6.

In our communication scheduling algorithm, collision
avoidance is achieved by implementing the penalty func-
tion. In WSNs, packet losses may also occur due to channel
conditions. Such packet losses can be handled by retrans-
mitting the erroneous packets. As packet retransmission
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may delay application finish time, sensors should compen-
sate the retransmission time by speeding up the subsequent
task executions. Such speedup is a reverse procedure of our
DVS algorithm, which is to be introduced in Section 4.4 to
reduce CPU speed. Further discussion of the adaptive
communication failure handling algorithm is deferred to
our future work.

4.3 Merging Communication Scheduling with the
TSSE Algorithm

In the Task Mapping and Scheduling Phase, tasks of a Hyper-

DAG are assigned to sensor nodes and C. During task

mapping, several constraints must be satisfied. These

constraints, together with the Communication Dependency

Constraint, are represented as follows:

. A computation task can be assigned only to sensor
nodes.

. A communication task can be assigned to sensors
or C.

. A communication task assigned to a sensor denotes
data stored in sensor memory and is ready to be

processed on the same node. Thus, its execution time
and energy consumption are zero.

. A nonentry computation task assigned to a sensor
must have all its immediate predecessors available
before its execution, i.e., if vi 2 V and predðviÞ 6¼ ;,
then predðviÞ� T ðmðviÞÞ and svi;mðviÞ �max fpredðviÞ;mðviÞ.

With the Hyper-DAG representation, multihop channel

model, Communication Scheduling Algorithm, and the task
mapping constraints presented above, task mapping and
scheduling in multihop wireless networks can be tackled as
a generic task mapping and scheduling problem with
additional constraints. This problem is NP-complete in
general [22] and heuristic algorithms are needed to obtain
practical solutions. Due to its satisfactory performance at a
relatively low complexity, the Min-Min algorithm [18] is
modified and implemented in MTMS. The modified Min-
Min algorithm is based on Hyper-DAG scheduling and is
referred to as the TSSE algorithm.

The core of the TSSE algorithm is the fitness function. For
each task-node combination ðvi;mkÞ, the fitness function
fitðvi;mk; �Þ indicates the combined cost in time and energy
domain of assigning task vi to node mk, where � is the
weight parameter trading off the time cost for the energy
consumption cost. At each step of the TSSE algorithm, the
task-node combination that gives the minimum fitness value
among all combinations is always assigned first. To extend
and describe the fitness function of the Min-Min Algorithm
in [18], the following notations are introduced first:

. DL is the application deadline relative to the
application start time.

. fvi;mk
is the scheduled finish time of vi on mk relative

to the application start time. fvi;mk
denotes the partial

schedule length of the application after assigning vi.
. EPAðviÞ is the amount of energy consumption on all

nodes for the application so far before the assign-
ment of vi.
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Fig. 6. The communication task scheduling algorithm.

Fig. 5. The single-hop communication task scheduling algorithm.



. PEðvi;mkÞ represents the application energy con-
sumption increase for assigning vi to mk. A computa-
tion task vi cannot be executed on mk unless all of its
immediate predecessors (which are communication
tasks) are available on mk. Thus, a copy of all vi’s
immediate predecessors that are not stored inmk must
be scheduled to mk. PEðvi;mkÞ is the sum of
communication energy consumption of sending all
missing data to mk and the computation energy
consumption associated with vi’s execution on mk.

. The trade-off between schedule length and energy
consumption is achieved by taking a weighted sum
of two unitless entities. The first one is the normal-
ized partial schedule length NPT ðvi;mkÞ ¼

fvi;mk
DL .

We also normalize PEðvi;mkÞ by EPAðviÞ and use
it as the second contributor to the fitness function:
NPEðvi;mkÞ ¼ PEðvi;mkÞ

EPAðviÞ .

Thus, the fitness function of assigning vi to mk is
defined as:

fitðvi;mk; �Þ ¼ � �NPT ðvi;mkÞ þ ð1� �Þ �NPEðvi;mkÞ:
ð10Þ

The TSSE Algorithm is presented in Fig. 7. In the
description of TSSE, a “mappable” task is either an entry-
task or a task that has all immediate predecessors already
scheduled and the “mappable task list” is the list that
contains currently mappable tasks of the Hyper-DAG.
During the initial scheduling, sensors are scheduled with
full speed fmaxcpu . For each application, we compare sche-
dules with different � values ranging from 0 to 1 in 0.1
increments. The schedule with the minimum energy
consumption under the deadline constraint is chosen as

the optimal solution among these candidate schedules. If
none of the candidate schedules meets the deadline, the one
with the shortest schedule is chosen. Since different values
of � represent different trade-offs between scheduling cost
in time and energy domains, the � value is kept unchanged
in Steps 3-21. However, different applications may find
optimal schedules with different � values.

In WSNs, sensors are prone to failures. In case of sensor
failures, the former schedule will not be a feasible solution.
For such a situation, rescheduling with MTMS is needed to
recover the functionality. Adjusting the previous schedule
is also a viable solution to quickly recover sensor failures,
which will be part of our future work.

4.4 The DVS Algorithm

Due to the discrete nature of task mapping and scheduling,
a schedule that meets a deadline may do so with some more
CPU idle time until the deadline, which is referred to as
“slack time.” The unbalanced load of sensors and the
communication scheduling also result in CPU idle time
between computation and communication tasks, which is
referred to as a “schedule hole.” In the DVS Phase, the CPU
idle time is exploited by decreasing the CPU speed to
reduce computation energy consumption.

Our DVS algorithm is composed of two stages: the

Schedule Length Extension (SLE) Stage and the Schedule

Hole Elimination (SHE) Stage. In the SLE stage, the slack time

between schedule length lengthðHÞ and application deadline

DL is eliminated by proportionally slowing down all

sensors’ CPU speed. Let � be defined as � ¼ lengthðHÞ
DL < 1

and the rescale factor � as � ¼ d� � fmaxcpu e=fmaxcpu . Here, the

function dfe is the ceiling function that returns the minimum

available CPU speed greater than or equal to f . All processors

are slowed down to � � fmaxcpu , which increases computation

tasks’ execution lengths. To accomplish this, a computation

task’s start time, execution time, and finish time are multi-

plied by ��1. To match the start time of its immediate

successors, a communication task vi’s finish time fvi;mk
is also

multiplied by ��1. Since a communication task vi’s execution

length tvi;mk
is assumed to be independent of the CPU

operation, its start time svi;mk
is adjusted to ��1fvi;mk

� tvi;mk
.

An example of DVS adjustment is shown in Fig. 8. For
the sake of simplicity, we only consider a partial schedule of
a sensor S1 with two data receptions R1 and R2 from C and
one data transmission R3 to C. It should be noted that R1,
R2, and R3 are assigned to S1 with zero execution times,
while their execution times on C are all 1 time units (tu).
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Assuming that the original schedule length is 8 tu with CPU

speed fmaxcpu , the deadline DL = 12 tu and the calculated re-

scale factor ��1 ¼ 1:5. In the SLE Stage of Fig. 8, the CPU

speed is reduced to fmaxcpu =1:5. Consequently, v4’s start time

and finish time are adjusted from 5 tu and 8 tu to 7.5 tu and

12 tu, respectively. Therefore, the slack time before the

deadline is eliminated. On the other hand, v3’s start time

and finish time are adjusted from 2 tu and 4 tu to 3 tu and

6 tu, respectively. Thus, the schedule hole between v3 and v4

still exists, which is eliminated in the SHE stage. The time

interval ½ds; df� that contains the schedule hole is first

decided as follows: v3 cannot start execution before R1

reception finishes at 3 tu, which makes ds ¼ 3 tu. v3 must be

finished before v4 starts at 7.5 ut and R3 is transmitted at

8 tu. Thus, df ¼ minð7:5; 8Þ ¼ 7:5 tu. The CPU speed in

½ds; df � is further reduced. The schedule of v3 is conse-

quently adjusted to finish at 7.5 tu, and the schedule hole is

eliminated. It should be noted that, due to the discrete

nature of DVS, smaller slack time and schedule holes may

still exist after adjustment in general.
The SHE algorithm is presented in Fig. 9. The SHE

algorithm iteratively scans each sensor’s schedule to detect
time intervals ½ds; df � that contain schedule holes. As
demonstrated in Fig. 8, a communication tasks’ reception
finish time is taken as the lower bound of calculating ds, as
a computation task cannot be executed before all of its
immediate predecessors (which are communication tasks)
are available. df equals the minimum of the start times of
the following computation task and transmission event
launched by mk. Once a time interval ½ds; df � that contains a
schedule hole is found, SpeedAdjustðÞ is executed to
eliminate the schedule hole by reducing the CPU speed in
½ds; df �. The SpeedAdjustðÞ algorithm is presented in Fig. 10.
In SpeedAdjustðÞ, the CPU utility � during a time interval
½ds; df � is defined as:

� ¼ edfds=ðdf � dsÞ; ð11Þ

where edfds is the overall CPU execution time during ½ds; df �.
We first reduce the CPU speed in ½ds; df � to dfcpu � �e. In

Steps 10-15, execution times of computation tasks in ½ds; df �
are increased according to the updated CPU speed. Note

that SpeedAdjust() does not change the communication

schedule on C.

4.5 Computational Complexity Analysis

We first assume that there are s sensors in a k-hop network,

and the DAG has n tasks with e edges. Thus, the extended

Hyper-DAG has n computation tasks, n communication

tasks, and the average in-degree of computation tasks is e=n.

In the TSSE Algorithm, the loop from Step 12 to Step 13 is

executed in OðenÞ time, the loop from Step 9 to Step 14 is

executed in OðsÞ time, and the loops starting from Step 8

and Step 6 are both executed in OðnÞ time. The commu-

nication scheduling algorithm has a complexity determined

by a routing algorithm. The geographic algorithm GPSR has

a complexity of OðkÞ. Thus, the complexity of the task

mapping and scheduling phase is Oðen � s � n2 � kÞ ¼ OðenskÞ.
Regarding the DVS algorithm, the SLE stage needs to

adjust all tasks once. Thus, it has a complexity of OðvÞ. The

SpeedAjust Algorithm of the SHE stage scans and adjusts

tasks assigned on each sensors with a complexity of OðnsÞ.
The SHE Algorithm scans and adjusts all unadjusted tasks

at most once with a complexity of Oðn � nsÞ ¼ Oðn
2

s Þ. Thus, the

complexity of the DVS algorithm is Oðnþ n2=sÞ.
Taking both the task mapping and scheduling phase and

the DVS phase into account, the overall complexity is

Oðenskþ nþ n2

s Þ. If we assume that sensors are uniformly

distributed in a network, we have s ¼ Oðk2Þ and the

overall complexity is Oðenk3 þ n2

k2Þ.
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Fig. 9. The SHE algorithm.

Fig. 10. The CPU speed adjust algorithm in a given time interval ½ds; df �.



5 SIMULATION RESULTS

The performance of the MTMS algorithm with DVS adjust-
ment is evaluated through simulations. The performance of
an extended version of DCA with DVS is also evaluated as a
benchmark. DCA is extended with our proposed commu-
nication scheduling algorithm to deliver the intermediate
results of entry-tasks to the cluster head for further proces-
sing. We first simulate the application in Fig. 1 and compare
with DCA and EbTA algorithms. To further evaluate MTMS
performance, simulations are run on arbitrary applications
with randomly generated DAGs and WSN topologies. Our
simulations study the following scenarios:

. effects of the application deadline constraints and
DVS adjustment,

. effect of the number of tasks in applications,

. effect of the cluster size,

. effect of the communication load, and

. comparison with EbTA [14] in single-hop clustered
networks.

In these simulations, we observe schedule length, energy
consumption, and deadline missing ratio. The schedule
length is defined as the finish time of the exit-task of an
application. The energy consumption includes the compu-
tation and communication energy expenditure of all
sensors. The deadline missing ratio is defined as the ratio
of the number of the schedules with lengths larger than the
deadline to all schedules generated. To evaluate energy
balance, we also observe the maximum energy consump-
tion per node (MECpN) when compared with EbTA. As
indicated in [14], MECpN can serve as a measurement of
energy consumption balance and network lifetime.

5.1 Simulation Parameters

In our simulation study, the bandwidth of the channel is set
to 1 Mb/s and the transmission range r ¼ 10 meters.
Sensors are equipped with the StrongARM SA-1100 micro-
processor, whose speed ranges from 59 MHz to 206 MHz
with 30 discrete levels. The parameters of (1) through (4)
are in coherence with [19], [12] as follows: Eelec ¼ 50 nJ=b,
"amp ¼ 10 pJ=b=m2, VT ¼ 26 mV, C ¼ 0:67 nF, Io ¼ 1:196 mA,
n ¼ 21:26, K ¼ 239:28 MHz=V, and c ¼ 0:5 V.

5.2 The Real-Life Example of Distributed Visual
Surveillance

To demonstrate in-network processing in WCSNs, we
consider the simplified intrusion detection system in
Fig. 1. Rather than sending large volumes of data to a base
station for processing, we locally process the data and send
the location information of the object. The in-network
processing application is abstracted as the DAG in Fig. 11,

where tasks V0 � V3 represent background subtracting and
bounding box abstracting [6]. After these steps, detected
moving objects are approximated with rectangles (bound-
ing boxes) in images from each camera and represented by
the vertices of their bounding boxes. The vertice coordinates
and camera calibration data are passed to the next
localization stage. Object locations can be estimated by
“passing a viewing ray through the bottom of the object in
the image and intersecting it with a model representing the
terrain” [24] with data from each camera. To evaluate the
estimation error range, the locations of the points on the
bounding boxes’ bottom lines are calculated, which are
represented by tasks V4 � V7. Then, the location estimation
results from different cameras are fused to eliminate
estimation errors in tasks V8 � V10. The edges E04 � E37

stand for the communication of bounding box coordinates
and camera calibration data, and E46 �E9;10 denote the
communication of the estimated object locations with
estimation error ranges. After V10, the object’s location is
recovered from 2D images and sent to a base station. As we
can expect, the data volume to be delivered is much smaller
than that of original images.

In the simulation, we evaluate the performance of
MTMS, DCA, and EbTA algorithms. Since EbTA is
designed for single-hop clusters, we do not obtain re-
sults for multihop clusters. We assume a single object,
256� 256 gray-scale images, the task computation load of
200 KCC for V0 � V7, computation load of 10 KCC for
V8 � V10, communication volume of 20 bytes for E04 � E37,
and the communication volume of 40 bytes for E48 � E9;10.
We present two sets of results in Table 1 for deadlines DL
= 3 ms and DL = 8 ms. For the shorter deadline, DCA fails
to meet the deadline since it does not leverage the parallel
processing potential of the cluster. For the larger deadline,
all algorithms satisfy deadline requirements, and DVS
decreases energy consumption. In both cases, MTMS can
exploit more slack time before the deadlines than DCA,
which leads to smaller energy consumption. Regarding
the energy consumption of MTMS and EbTA, MTMS
has smaller application energy consumption than EbTA
because EbTA distributes computation tasks to more
sensors to lower down MECpN, which leads to more
communication events scheduled on the channel and
higher overall energy consumption. In this specific
application, where all communications are unicast, the
MECpN of EbTA is lower than MTMS.

It should be noted that, in the example above, sending
these four 64 KByte images will consume about 0.2 J per
hop. According to Table 1, with the smaller deadline DL =
3 ms, the energy consumption of MTMS is 2194 uJ, which is
much smaller than transmitting all images over one hop.
After the in-network processing, the resulting data volume
is reduced to 40 bytes, which consumes only 32.32 uJ to be
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Fig. 11. The DAG of the visual surveillance example.

TABLE 1
Simulation with the Visual Surveillance Example



delivered over one hop. Thus, the overall energy consump-
tion of processing information and transmitting the result is
drastically reduced when compared with directly deliver-
ing original images over one hop. In large-scale WSNs
where base stations are located multiple hops away, energy
savings through in-network processing become more
pronounced.

5.3 Simulation with Random DAGs

To evaluate MTMS performance for arbitrary applications,
simulations are run on randomly generated DAGs which
are scheduled on randomly created multihop clusters.
Random DAGs are created based on three parameters: the
number of tasks numTask, the number of entry-tasks
numEntry, and the maximum number of predecessors
maxPred. Unless specifically stated, the number of each
nonentry task’s predecessors, the computation load (in units
of kilo-clock-cycle (KCC)), and the communication data
volume (in units of bit) of a task are uniformly distributed
over [1, maxPred], [300K CC 	 10 percent], and [800 bits
	 10 percent], respectively. The sensors are uniformly
distributed on disc of radius k � r to form a k-hop connected
cluster. We assume that there are n ¼ 5 sensors in a single-
hop cluster. Thus, there are 5k2 sensors in a k-hop cluster.
During simulations, the entry-tasks are randomly assigned
to sensors. The simulation results presented in this section
correspond to the average of 250 random (DAG, cluster)
combinations. For each pair of DAG and cluster, different
deadlines are imposed to evaluate performances.

5.3.1 Effect of the Application Deadlines and DVS

Adjustment

We investigate the effect of application deadlines and DVS
adjustment with 250 pairs of randomly created DAGs and
3-hop clusters. The parameters of DAGs considered for this
set of simulations are numTask = 40, numEntry = 10, and
maxPred = 10. To evaluate the effect of DVS, the schedule
length, energy consumption, and deadline missing ratio of
DCA and MTMS before the voltage adjustment (denoted as
DCA* and MTMS*, respectively) are also investigated.

As shown in Fig. 12a and Fig. 12c, MTMS has a better
capability to meet deadlines compared with DCA. When
deadlines are very small, even though the deadline missing
ratio of MTMS and DCA are both high, the average
schedule length of MTMS is much smaller and closer to
deadlines compared with DCA. The reason is that DCA has
only one sensor for high-level data processing while MTMS

can have more sensors involved in parallel, which speeds
up execution.

Regarding energy consumption, DCA* has better energy
consumption performance than MTMS* for most scenarios
according to Fig. 12b. However, by implementing the DVS
algorithm, this energy consumption difference is signifi-
cantly reduced. The DVS adjustment is a promising
technique to optimize energy consumption, as shown in
Fig. 12. Even when deadlines are relatively small and there
is very little slack time before application deadlines, the
DVS adjustment of MTMS can still save about 15 percent
energy compared with the scenarios without the DVS
adjustment (MTMS*). This energy saving stems from
exploiting the slack time caused by the unbalanced load
of sensors and communication scheduling. Though the DVS
adjustment may increase schedule lengths (Fig. 12a), the
deadline missing ratio is not affected (Fig. 12c) for any of the
simulated deadline values.

5.3.2 Effect of the Number of Tasks

To investigate the effect of number of tasks in applications,
simulations are run on randomly generated DAGs with 40,
45, and 50 tasks (numEntry = 10, maxPred = 10). For fair
comparison, each set of 40, 45, and 50 task DAGs are
scheduled on the same randomly created 3-hop cluster. The
presented results are the average of 250 simulation runs,
and each simulation corresponds to one set of randomly
generated 3-hop cluster and DAG.

According to the simulation results in Fig. 13b, energy
consumption is dominated by the number of tasks. When
the number of tasks increases, the energy consumption of
DCA and MTMS both increase proportionally, and MTMS
has higher energy consumption. However, when deadline
is increasing, the energy consumption of MTMS decrease
faster than DCA by exploiting the available CPU slack time
due to its better capacity to meet deadlines. Regarding the
deadline missing ratio, DCA is dramatically affected with
task volume increment while MTMS is less affected
(Fig. 13c). This property is also reflected with schedule
length presented in Fig. 13a. Thus, MTMS has a better
scalability compared with DCA regarding schedule length
and deadline missing ratio.

5.3.3 Effect of the Cluster Size

In this section, the effect of the cluster size is evaluated with
random DAGs scheduled on 2-hop, 3-hop, and 4-hop
random clusters. Each result represents the average of
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Fig. 12. Effect of application deadlines. (a) Schedule length. (b) Energy consumption. (c) Deadline missing ratio.



250 simulation runs. In each simulation run, one random

DAG with numTask = 40, numEntry = 10, maxPred = 10, and

one set of 2-hop, 3-hop, and 4-hop random clusters are

generated.
The simulation results are shown in Fig. 14. As the cluster

size increases, the performance of DCA degrades corre-
spondingly. With regard to MTMS, the energy consumption
proportionally increases with increasing cluster size. How-
ever, an interesting observation is that, when the cluster size
increases from 3-hop to 4-hop, the deadline missing ratio
slightly decreases around the deadline of 30 ms. This
deadline missing ratio improvement stems from the better
parallelism achieved with larger network sizes. When the
cluster size increases, there can be more communication
scheduled simultaneously, which may lead to more compu-
tation tasks executed in parallel. Thus, MTMS has a better
capacity to adapt to larger cluster sizes.

5.3.4 Effect of the Communication Load

In task mapping and scheduling, the relationship between

communication and computation load may affect the

performance. This factor is evaluated by changing the

average result data volume with fixed average compu-

tation load. Simulations are run with randomly generated

DAGs with numTask = 40, numEntry = 10, and maxPred = 10

on 3-hop random clusters. The three different settings of

DAGs have communication data volume uniformly dis-

tributed in [600 bit, 	10 percent], [800 bit, 	10 percent], and

[1,000 bit, 	10 percent] with the task computation load

uniformly distributed in [300 KCC, 	10 percent]. For each

random network, there are 10 sets of DAGs scheduled. The
simulation results are the average with 25 random networks.

As shown in Fig. 15, the performance of DCA and MTMS
are both affected by the communication load: As commu-
nication load increases, the energy consumption, schedule
lengths, and deadline missing ratio increase as well.
Compared to MTMS, the performance of DCA degrades
less with increased communication load. DCA’s robustness
against communication load increase stems from the fact
that DCA has most of its tasks executed on cluster heads.
Since the execution time and energy consumption of a
communication task on the same sensor node is zero,
increasing the communication load will not affect these
tasks’ execution. On the other hand, the MTMS algorithm
assigns tasks on different sensors to speed up execution,
which leads to more communication tasks scheduled on C.
Thus, the MTMS algorithm is affected more by the
communication load changes. However, it can be observed
that, even when the communication load increases, MTMS
still significantly outperforms DCA in terms of meeting
deadline constraints, and its energy consumption decreases
faster when deadline increases.

5.3.5 Comparison with EbTA [14]

To further evaluate our proposed solution, we compare the
performance of MTMS with EbTA [14]. Since EbTA is not
designed for multihop networks, we run simulations for
single-hop, single-channel clusters. Due to the small scale of
a single-hop cluster (five sensors as assumed in Section 5.1),
performances are evaluated with applications of less
computation load. The presented results are the average
of 250 simulation runs of random DAGs with numTask = 20,
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Fig. 13. Effect of number of tasks (40 tasks versus 45 tasks versus 50 tasks). (a) Schedule length. (b) Energy consumption. (c) Deadline
missing ratio.

Fig. 14. Effect of cluster size. (a) Schedule length. (b) Energy consumption. (c) Deadline missing ratio.



numEntry = 5, and maxPred = 5. The metrics we observe are
schedule length, application energy consumption, deadline
missing ratio, and MECpN.

As shown in Fig. 16, MTMS outperforms the energy-
balanced solution, EbTA, with smaller application energy
consumption, MECpN, schedule length, and deadline
missing ratio for all simulated scenarios. The superior
performance of MTMS mainly stems from the fact that
MTMS exploits the broadcast feature of wireless channel
when scheduling communication events, while a task in
EbTA must send information individually to its immediate
successors. Another factor is that EbTA aims to balance
sensor energy consumption by evenly distributing compu-
tation tasks, which leads to more communication tasks
scheduled on the channel and higher energy consumption.
Thus, MTMS is less affected by the communication load
between computation tasks of an application compared
with EbTA.

6 CONCLUSIONS AND FUTURE WORK

In this paper, we propose an application-independent task

mapping and scheduling solution for multihop WSNs—

Multihop Task Mapping and Scheduling (MTMS). We

consider applications executed in multihop clusters of a

WSN with delay constraints. The design objective of MTMS

is to map and schedule the tasks of an application with the

minimum energy consumption subject to delay constraints.

The multihop wireless channel is modeled as a virtual node

to execute communication tasks, and a penalty function is

proposed to avoid communication interference. Incorporat-

ing our communication scheduling algorithm, the task

scheduling algorithm schedules tasks with minimum

energy consumption subject to deadline constraints. Simu-

lations with randomly generated DAGs and networks show

significant performance improvements compared with
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Fig. 15. Effect of communication load. (a) Schedule length. (b) Energy consumption. (c) Deadline missing ratio.

Fig. 16. Comparison with EbTA. (a) Schedule length. (b) Application energy consumption. (c) Deadline missing ratio. (d) Max energy consumption
per node.



DCA and EbTA in terms of minimizing energy consump-

tion subject to delay constrains.
In our future work, we plan to develop a low

complexity algorithm to quickly recover functionality

when sensor failures occur. Furthermore, our future work

will address the handling of communication failures by

retransmitting erroneous packets and adaptively adjusting

sensor schedules to meet deadlines. We will also extend

the penalty function to reflect factors such as link quality

and develop an adaptive routing algorithm. With this

approach, the communication scheduling will choose

reliable links and balance communication load among

cluster nodes, which will increase the communication

reliability and the network lifetime.

ACKNOWLEDGMENTS

The authors would like to thank Yang Yu for providing the

simulator of EbTA [14].

REFERENCES

[1] J. Liu, J. Reich, and F. Zhao, “Collaborative In-Network Processing
for Target Tracking,” EURASIP J. Applied Signal Processing, no. 4,
pp. 378-391, Mar. 2003.

[2] T. Vercauteren, D. Guo, and X. Wang, “Joint Multiple Target
Tracking and Classification in Collaborative Sensor Networks,”
IEEE J. Selected Areas in Comm., vol. 23, no. 4, pp. 714-723, Apr.
2005.

[3] P. Kulkarni, D. Ganesan, and P. Shenoy, “Multimedia Sensing:
The Case For Multitier Camera Sensor Networks,” Proc. 15th Int’l
Workshop Network and Operating Systems Support for Digital Audio
and Video (NOSSDAV ’05), pp. 141-146, June 2005.

[4] W.-C. Feng, E. Kaiser, W.C. Feng, and M.L. Baillif, “Panoptes:
Scalable Low-Power Video Sensor Networking Technologies,”
ACM Trans. Multimedia Computing, Comm., and Applications, vol. 1,
no. 2, pp. 151-167, May 2005.

[5] B. Zitova and J. Flusser, “Image Registration Methods: A Survey,”
Elsevier Image and Vision Computing, vol. 21, no. 11, pp. 977-1000,
Oct. 2003.

[6] M. Valera and S.A. Velastin, “Intelligent Distributed Surveillance
Systems: A Review,” IEE Proc. Vision, Image and Signal Processing,
vol. 152, no. 2, pp. 192-204, Apr. 2005.

[7] D. Thirde, M. Borg, J. Aguilera, H. Wildenauer, J. Ferryman, and
M. Kampe, “Robust Real-Time Tracking for Visual Surveillance,”
J. Applied Signal Processing, 2006.

[8] L.D. de Cerio, M. Valero-Garcia, and A. Gonzalez, “Hypercube
Algorithms on Mesh Connected Multicomputers,” IEEE Trans.
Parallel and Distributed Systems, vol. 13, no. 12, pp. 1247-1260, Dec.
2002.
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