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Abstract

This paper presents and analyzes a three-tier architecture for collecting sensor data in sparse sensor networks. Our

approach exploits the presence of mobile entities (called MULEs) present in the environment. When in close range,

MULEs pick up data from the sensors, buffer it, and deliver it to wired access points. This can lead to substantial power

savings at the sensors as they only have to transmit over a short-range. This paper focuses on a simple analytical model

for understanding performance as system parameters are scaled. Our model assumes a two-dimensional random walk

for mobility and incorporates key system variables such as number of MULEs, sensors and access points. The per-

formance metrics observed are the data success rate (the fraction of generated data that reaches the access points),

latency and the required buffer capacities on the sensors and the MULEs. The modeling and simulation results can be

used for further analysis and provide certain guidelines for deployment of such systems.
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1. Introduction

Advances in device technology, radio trans-

ceiver designs and integrated circuits along with

evolution of simplified, power efficient network

stacks have enabled the production of small and

inexpensive wireless sensor devices [1–4]. These
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small devices can be networked together to enable
a variety of new applications that include envi-

ronmental monitoring, seismic structural analysis,

data collection in warehouses, traffic monitoring

etc. Such networks should collect data (typically

infrequently) from the sensors for long periods of

time without requiring human intervention. The

sensors must be low in cost and work within a

limited energy budget. Therefore, in order to
achieve network longevity, a primary concern in

such networks is power management.

Depending upon the application, sensors may

need to be spread over a large geographical area re-

sulting in a sparse network. The sensor distribution

can be homogeneous (uniform spread of sensors) or
ed.
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heterogeneous (islands of sensors separated by large

distances). Sensors at each city intersection are an

example of a homogeneous distribution while sen-

sors for habitat monitoring [5] are distributed het-

erogeneously. Possible approaches to ensure

connectivity in such sparse networks include:

• Install multiple base stations to relay the data

from sensor nodes in their coverage area.

• Deploy enough sensors to effectively form a

dense connected network [6].

The base station approach trades off high

communication power needed by the sensors with
the cost of installing additional stations. On the

other hand, deploying cheap nodes to form a

dense, fully-connected ad hoc network may not be

cost-effective either. The proposed architecture in

this paper seeks to retain the advantages of both

approaches––i.e. achieve cost-effective connectiv-

ity in sparse sensor networks while reducing the

power requirements at sensors.
The key to making this feasible is the ubiqui-

tous existence of mobile agents [7] in many of our

target scenarios that we term MULEs (Mobile

Ubiquitous LAN Extensions) [8]. In the case of

traffic monitoring application, this role is served by

vehicles (cars, buses) outfitted with transceivers; in

a habitat monitoring scenario, animals can per-

form this role. MULEs are assumed to be capable
of short-range wireless communication and can

exchange data from a nearby sensor or access

point they encounter as a result of their motion.

Thus MULEs can pick up data from sensors when

in close range, buffer it, and drop off the data to

wired access points when in proximity.

The primary advantage of our approach is the

potential of large power savings that can occur at
the sensors because communication now takes
Table 1

Performance of different approaches for data collection in sparse wir

Approaches Performance metrics

Latency Sensor power

Base stations Low High

Ad hoc network Medium Medium–low

MULE High Low
place over a short-range. Promising new radio

technologies like Ultra-Wideband (UWB) [9]

which operate at extremely low-power with large

burst data capacity are potentially suited for sen-

sor to MULE communication. The primary dis-

advantage of this approach, however, is increased
latency because sensors have to wait for a MULE

to approach before the transfer can occur. Never-

theless for many data collection applications (that

require data for analysis purposes only on the

order of hours or even a day) such increased

latency is acceptable. The proposed three-tier

MULE architecture is thus suitable for such delay-

tolerant scenarios where power budgets at the
sensor are the over-riding constraint. Note that the

above argument does not address the issue of en-

ergy consumed during radio listening. This can be

potentially high because a sensor has to continu-

ously listen to identify when a MULE passes by.

The same issue occurs in ad hoc networks also,

where a node has to continuously listen because it

may have to forward some other node�s data.
Many researchers are working on addressing this

issue for ad hoc networks [2,10]. We believe that

the ideas can be extended to our architecture also

and hope to address this more fully in future.

The relative strengths and weaknesses of vari-

ous approaches for data collection in sparse sensor

networks are qualitatively summarized in Table 1.

In the base station approach there are a few base
stations (same as access points) that cover the

entire geographical area and each sensor commu-

nicates directly with the nearest base station. In the

ad hoc network approach, enough sensor nodes

are present to form a network. The sensors then

send their data to the wired access points by multi-

hop routing over this ad hoc network. Note that

while the MULE approach suffers from higher
latency, it has both low sensor power consumption
eless sensor networks

Data success rate Infrastructure cost

High High

Medium Medium–high

Medium Low
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and low infrastructure cost; characteristics that

may be important for many applications.

The use of mobility to improve performance in

ad hoc networks has been considered previously in

different contexts [7,11–14]. The primary objective

has been to provide intermittent connectivity in a
disconnected ad hoc network. Theoretical capacity

of such networks was considered in [14] and it was

shown that mobility can provide scalable through-

put at the cost of latency. Controlling mobile nodes

to achieve connectivity and efficiency has been

discussed in [11,13]. However, the application of

mobility to the domain of sensor networks is rel-

atively new and has not been addressed in detail;
the ZebraNet project [5] and the Manatee project

[15,16] are also exploring the idea of using mobility

in sensor networks. The primary difference is that

we derive analytical results to understand the

scalability of performance metrics. Another dif-

ference is in the data delivery model. These pro-

jects focus on ensuring the data reaches all access

points, whereas the MULE architecture tries to
deliver data to only one access point.

The next section gives an overview of the MULE

architecture. The rest of the paper focuses on

modeling the system to obtain initial insights into

the performance of such an architecture. The goal

of modeling was to understand the scaling of the

system characteristics as the parameters (number

of sensors, MULEs etc.) change. The model chosen
was very simple, which enabled us to obtain closed

form analytical results for many quantities of in-

terest, including data success rate (the fraction of

generated data that reaches access points), latency

and buffer occupancies at MULEs and sensors. In

addition to detailing the analysis, system simula-

tion results are also presented. These verify the

analysis while providing some more insight into
system performance. The paper finally concludes

with the insights gained from the modeling analysis

and simulation results and outlines future research

directions based on this initial work.
Fig. 1. The MULEs three-tier architecture.
2. The MULE three-tier architecture

The MULE architecture provides wide-area

connectivity for a sparse sensor network by ex-
ploiting mobile agents such as people, animals, or

vehicles moving in the environment. These mobile

nodes act as an intermediate layer to form a packet

transport system to connect the network. This

creates a three-tier layered abstraction (Fig. 1) that

can be adjusted to different types of situations and
distribution needs:

• A top tier of WAN connected devices,

• a middle tier of mobile transport agents and

• a bottom tier made of fixed wireless sensor

nodes.

The top tier is composed of access points that
upload the data cached on a MULE to the WAN.

These devices can be set up at convenient locations

where network connectivity and power are av-

ailable. Access points can communicate with a

central data warehouse that enables them to syn-

chronize the data that they collect, detect dupli-

cates, and return acknowledgments to the MULEs

(acks may be necessary to ensure reliability of data
for certain applications).

The middle tier is made up of mobile transport

agents that provide the network with connectivity

as well as give the system scalability and flexibility

for a relatively low cost. MULEs are assumed to

be serendipitous agents whose movements cannot

be predicted in advance. When the MULEs� mo-

tion bring them into the same vicinity as the sen-
sors, they upload the data and carry it until it can
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be delivered to an access point. MULEs have large

storage capacities (relative to sensors), renewable

power, and the ability to communicate with both

sensors and access points. To improve system

performance MULEs can exchange data with each

other, allowing a multi-hop MULE network to be
formed, thereby reducing the latency times on the

MULEs and increasing overall reliability from

replication of data.

The bottom tier of the network consists of

randomly distributed wireless sensors. Sensors

communicate using a short-range radio and are

limited in both power and memory. Work per-

formed by these sensor nodes should be minimized
as they have the most constrained resources of any

of the tiers.

Depending on the application requirements and

environment, a number of tiers in our three-tier

abstraction can be collapsed onto one device. This

expands the situations to which our architecture

view can be applied. For example, to reduce latencies

in the traffic monitoring application, the MULEs
can be equipped with an always-on connection (such

as a cellular or satellite phone) which would allow

them to act as the top and the middle tier.

Other key advantages of the MULE architec-

ture are its robustness and scalability as compared

to centralized solutions. The three-tier abstraction

allows increased reliability as the redundant access

points and multiple MULEs create a fault-tolerant
design wherein failures merely reduce throughput

and increase latency. No sensor depends on any

individual MULE, hence failure of any particular

MULE does not disconnect the sensor from the

sparse network. The MULE architecture is also

easily scalable as deployment of new sensors or

MULEs requires no network configuration and

(most importantly) obviates the need for algo-
rithmic scalability for key functions such as rout-

ing of packets. Additional MULEs and access

points can easily be deployed to increase

throughput and decrease latency.

Acknowledgments can be used to improve re-

liability. One can choose to use an end-to-end or

tier-to-tier acknowledgment system. In a ‘‘tier-to-

tier’’ acknowledgment system, the MULEs ack the
sensor and the access points ack the MULEs in

turn. It has the limitation that the MULEs may
fail at any time without delivering the data to the

access points. Another option is end-to-end ac-

knowledgments; however, the high variability in

end-to-end latency causes a challenge in deter-

mining when to retransmit data.

In summary, the benefits of our system include:

• Far less infrastructure than a fixed base station

approach. For applications with few sensors

spread over a large area, the cost savings could

be orders of magnitude.

• Sensors do not have any overhead associated

with routing packets from other sensors. For

large ad hoc networks, the routing overhead
can lead to a substantial increase in energy con-

sumption at a node.

• Given a sufficient density of MULEs, the sys-

tem is more robust than a traditional fixed net-

work. Since sensors only rely on MULEs and

MULEs are interchangeable, the failure of

any number of MULEs does not mean connec-

tivity failure. The failure merely increases the
latency and decreases the data success rate of

the network.

• System flexibility allows the same transport me-

dium to be used simultaneously by different ap-

plications. The MULE system can be viewed as

a mobile transport mechanism for connecting

heterogeneous nodes.

• Data transfers only occur at short distances
leading to power savings.

The drawbacks of our system are:

• Latency for this type of network is high and

limits the types of situations this solution would

be applicable for. Deterministic delay bound

guarantees seem feasible only if MULEs tra-
verse fixed routes.

• The system presupposes a sufficient amount of

physical movement in the environment, which is

a property in many sensor network environments.

• While no network is guaranteed to successfully

deliver data all the time, our serendipitous net-

work can encounter unexpected failures such as

loss of a MULE or inability to reach sensors be-
cause of change in terrain causing limitations in

mobility.
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3. System modeling

We now focus on a simple and fully discrete (in

time and space) model of the network that never-

theless allows us to investigate system performance
as the parameters are scaled. Fig. 2 shows a pic-

torial representation of different system compo-

nents. We make the following assumptions in our

modeling:

• The underlying topology on which sensors,

MULEs and access points are placed is as-

sumed to be a discrete and finite two-dimen-
sional grid. Further, for analytical simplicity

the planar topology is assumed to be the surface

of a torus (i.e. the grid is wrapped in both the

north–south and the east–west direction).

• Only a fraction of the grid points are occupied

by sensors and access points. The access points

are modeled to be uniformly spaced on the grid

while the sensors are randomly distributed.
• The network evolves synchronously with a glo-

bal clock. At every clock tick the following

events take place:

� Sensors generate one unit of data.

� Every MULE moves on the grid.

• The MULE motion is modeled as a simple sym-

metric random walk on the grid. At every clock

tick, a MULE moves with equal probability to
any of the four neighbors of its current grid posi-

tion.

• The MULEs communicate with the sensors or

access points only when they are co-located at

the grid points.
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Fig. 2. A two-dimensional grid with the different system com-

ponents.
• We assume sufficiently large bandwidth be-

tween the MULE and the sensor so as to trans-

fer all the data residing at the sensor in one

contact. Although over-simplistic we believe

that for certain environments with less data to
transfer this is a practical assumption.

• We ignore reliability issues and assume that the

communication is error-free.

• MULEs move independent of each other and

do not exchange any data among themselves

when they intersect (occupy the same grid point).

• Both sensors and MULEs have buffers to store

data. The sensors store generated data in its
buffer if it has space otherwise the new data is

dropped. Similarly any data transferred from

sensors to MULEs is placed in the MULE buf-

fer only if space is available, else it is dropped.

Initially all buffers are empty.

Based on this model, we analyze the performance

of the system as the grid size, number of access
points and the number of MULEs are changed. The

performance measures that we focus on are:

• Data Success Rate: It measures the fraction of

generated data at the sensors that the system

is able to transfer to the access points. In an

ideal system all the data generated by the sen-

sors would be transferred to the access points.
This would yield a data success rate of one.

• Latency: Latency has two components––the la-

tency on a sensor before a data packet is picked

up by a MULE, and the latency on a MULE

before the data is dropped off at the access

point. Ideally, we would like both components

to be as small as possible.

• Buffer Sizing: As mentioned earlier both sensors
and MULEs have buffers. While small buffers

could lead to high packet drop rates, reducing

the data success rate, large buffers have an asso-

ciated penalty in terms of energy consumption,

physical size and manufacturing costs. Thus we

would like to determine minimum buffer sizes

that would ensure high data success rate while

being cost-effective.

The model presented above is very simple and

excludes many real-world aspects such as radio
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propagation, link failure and bandwidth con-

straints. Another major concern is the choice of

mobility model for analysis. We realize that a

discrete random walk is not an accurate repre-

sentation of the motion of vehicles, people etc.

However, the simplicity of this model enables us to
obtain closed-form results for the quantities of

interest, giving us insight into system scalability.

Also as mentioned in a recent survey [17], random

walk is a widely used mobility model which is

useful in modeling the unpredictable motion of

entities. We hope to develop a more sophisticated

stochastic model which can incorporate more

generalized mobility models such as Smooth Ran-
dom Mobility Model [18] or Brownian motion with

drift [19,20]. However, note that with the increas-

ing complexity of mobility models the hope of

closed form analysis diminishes and one has to rely

primarily on simulation. Thus we believe that a first

order analysis with our simple model provides us

with a useful base.
4. Glossary of notation and symbols

This section lists all the commonly used sym-
bols and notation in this paper:

ðXnÞn P 0 a discrete-time Markov chain

S state space of the Markov chain

pij the transition probability

PfXnþ1 ¼ jjXn ¼ ig 8i; j 2 S
p ¼ ðpi : i 2SÞ stationary distribution for the

Markov chain

jAj the cardinality of a set A
N the number of points on the grid, i.e. the

grid is
ffiffiffiffi
N

p
on a side

Nmules the number of MULEs in the system

NAP the number of access points (AP) in the

system

Nsensors the number of sensors in the system

qmules the ratio of the number of MULEs to the

grid size (Nmules=N ); (06 qmules 6 1)
qAP the ratio of the number of access points to

the grid size (NAP=N ); (06 qAP 6 1)

qsensors the ratio of the number of sensors to the

grid size (Nsensors=N ); (06 qsensors 6 1)

MB the total buffer capacity on a MULE (in

number of packets)
SB the total buffer capacity on a sensor (in

number of packets)

AP access point

Hi the hitting time to a sensor i in the grid,

i.e. the time taken by a MULE starting
from the stationary distribution to first hit

i when there is only one MULE in the

system

Ri the inter-arrival time to a sensor i in the

grid, i.e. the time between consecutive

MULE arrivals to i when there is only one

MULE in the system

HNmules
i the hitting time to a sensor i in the grid by

any mule when there are Nmules in the

system

RNmules
i the inter-arrival time at a sensor i in the

grid by any mule when there are Nmules in

the system

RAP the time taken by a particular MULE to

start from the set of access points and

return back to it
Zi the buffer occupancy for a sensor i with

SB ¼ 1 when a MULE visits it

M ðkÞ the buffer occupancy for MULE k on one

excursion from the set of access points

back to the set. If there is only one

MULE, then we will drop the superscript

for convenience

S the data success rate of the system, which
is the fraction of generated data that

reaches the access points

Ds the latency experienced by the data packet

at the sensor

Dm the latency experienced by the data packet

on a MULE
5. Basic results

The simplest scenario consists of one access

point (NAP ¼ 1) and one MULE (Nmules ¼ 1) in the

system. We assume that the MULE and the sen-

sors have infinite buffer capacity. The AP is at

some position (the exact position is not critical) in

the grid of size
ffiffiffiffi
N

p
on a side. The MULE is as-

sumed to perform a simple symmetric random

walk on the grid. The state space S consists of the

points on the grid scanned in any order to form
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a vector of length N (i.e., jSj ¼ N ). This simple

model allows us to apply the large body of relevant

results from discrete-time, finite state Markov

chains. We rely on the stationary distribution

p ¼ ðpi: i 2 SÞ to estimate average values of the

quantities of interest.
The transition probabilities for the Markov

chain with state space S are:

pij ¼
1
4

if ði; jÞ has an edge;

0 otherwise:

�
ð1Þ

Since
P

i2S pi ¼ 1 and all states are equiprobable
(i.e. pi ¼ pj 8i; j 2 S), we get,

pi ¼
1

N
: ð2Þ

We next compute the following:

• average inter-arrival time at a sensor node i,
E½Ri�,

• average length that the MULE traverses before

it returns to the AP, E½RAP�,
• average number of data samples the MULE

picks up during one traversal, E½M �.

The average time it takes for the MULE to
return to the same sensor node i is the inverse of

the stationary probability by Markov chain the-

ory. Therefore,

E½Ri� ¼
1

pi
¼ N : ð3Þ

Since a unit data is generated every clock tick, this

is also the average value of the buffer occupancy at
the sensor E½Zi� when the MULE visits it (because

SB ¼ 1, so the buffer occupancy is the same as

the amount data generated). Note that this is the

average value of the sensor buffer occupancy ob-

served only when the MULE visits the sensor, not

over all instants of time (the second quantity is not

of much use in analyzing the system and is also

harder to characterize).
Similarly, the average number of steps the

MULE takes before returning to the access

point is
E½RAP� ¼
1

pAP

¼ N : ð4Þ

The number of data samples the MULE picks up

during one traversal depends on three things––the

length of the traversal RAP, number of sensors

encountered which depends on qsensors and the
buffer occupancy at the sensors Zi. Since the three

quantities are independent, the average is simply

given by (since MB ¼ 1),

E½M � ¼ E½RAP� � qsensors � E½Zi�
¼ E½RAP� � qsensors � E½Ri� ¼ qsensorsN

2: ð5Þ

The above results provide useful preliminary in-

sights into the performance of the system as the

grid is scaled. Clearly, the time between MULE

visits to a sensor grows linearly with the grid size

as shown in (3). This has two implications. Firstly,

the required buffer at the sensor needs to scale with

the grid size to prevent loss of data. 3 Secondly, the

latency for data samples also increases with the
grid size. Both these problems can be mitigated by

having multiple MULEs in the system, a case

considered in Section 7.

The second insight is that with only one access

point in the system, the length of MULE ex-

cursions that begin and end at the AP grows

linearly as shown in (4). Similar to the case

above, there are two implications. The first is
that the required MULE buffer needs to be large

to prevent loss of data. In fact, the required

buffer size grows as the square of the grid size as

shown by (5) above (again we use E½M � to get an

idea of the buffer sizes needed to avoid packet

drops). The second implication is that the latency

for the data when traveling from the sensor to

the access points grows linearly. This means that
the number of access points in the system needs

to scale with the grid size, a case considered in

Section 6.
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Fig. 4. Folded version of the two-dimensional grid to form a

smaller grid (the types of nodes and their transition probabili-

ties are also shown).
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6. Scaling with number of access points

In this section, we analyze the effect of multiple

access points in the system. We assume that the

access points are spaced at a distance of
ffiffiffiffi
K

p
points

on the grid in both the x and y directions. There-

fore, K ¼ N=NAP ¼ 1=qAP. We still assume that

only one MULE is present in the system.

Result 1. If the access points are regularly spaced at
a distance of

ffiffiffiffi
K

p
points on the grid in both the x and

the y directions, then the expected length of excur-
sion for the MULE starting from the set of access
points till it reaches the set again (could be the same
AP or another one),

E½RAP� ¼ K

¼ 1

qAP

: ð6Þ
Proof. Looking at the symmetry of the grid in Fig.
3, we can reduce the state space to a smaller grid of

size
ffiffiffiffi
K

p
�

ffiffiffiffi
K

p
as shown in Fig. 4. This can be seen

to be the result of folding the entire grid onto the

smaller box containing only one access point A

(which represents all the access points). This is

possible because from the perspective of a MULE,

all access points are equivalent. The resultant grid

also remains a torus (wraps around in the north–
south and east–west directions).

As in Section 5 the stationary distribution for a

node i in this reduced grid (size
ffiffiffiffi
K

p
�

ffiffiffiffi
K

p
) can be

shown to be

pi ¼
1

K
: ð7Þ
Fig. 3. A two-dimensional grid with the squares representing

the positions of the access points.
Using this stationary distribution, the return time

to the point ‘‘A’’ can be calculated. This is also the

required excursion time of the MULE from the AP

set to the AP set since the point ‘‘A’’ represents all

the access points of the original grid.

E½RAP� ¼
1

pA

¼ K ¼ 1

qAP

: �

Thus we see that the MULE excursion length
between the access point set is independent of the

grid size as long as the number of access points

scale as a fraction of the grid size.
7. Scaling with number of MULEs

In this section, we analyze the case when there
are multiple MULEs in the system. The fraction of

MULEs in the system is kept constant as the size

of the grid is increased, i.e., Nmules=N ¼ qmules. We

first calculate the average number of visits ob-

served at a sensor per unit time. We then calculate

the expected inter-arrival times for MULEs to a

sensor. That will extend the result (3) obtained in

Section 5. As mentioned before, we assume that all
the MULEs are performing independent random

walks, with no communication among each other.

Also, note that every MULE starts in the sta-

tionary distribution, and subsequently performs a

random walk, thus remaining in the stationary

distribution.

Now consider a sensor and a particular MULE

M0. Then the probability that M0 intersects the
sensor is given by

PfM0 intersects sensorg ¼ 1

N
: ð8Þ
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Define:

Yk ¼

1 if one or more MULEs intersects

the sensor at time k;
0 if no MULE intersects the

sensor at time k:

8>><
>>:

ð9Þ

Hence the probability that no MULE intersects

with the sensor is given by

PfYk ¼ 0g ¼ 1

�
� 1

N

	Nmules

) PfYk ¼ 1g ¼ 1 � 1

�
� 1

N

	Nmules

: ð10Þ

Therefore the expected number of MULE visits to

a sensor per unit time is, 4

lim
n!1

1

n
E
Xn�1

k¼0

1fYk¼1g

" #
¼ lim

n!1

1

n

Xn�1

k¼0

PfYk ¼ 1g

� 1 � 1

�
� 1

N

	Nmules

� 1 � e�qmules ðlarge NÞ ð11Þ
� qmules ðsmall qmulesÞ: ð12Þ
Result 2. The average inter-arrival time between
MULE visits to a sensor i when there are Nmules in
the system is given by

E½RNmules
i � ¼ 1

1 � 1 � 1
N

 �Nmules
ð13Þ

� 1

1 � e�qmules
ðlarge NÞ ð14Þ

� 1

qmules

ðsmall qmulesÞ: ð15Þ
Proof. To find the average inter-arrival time at a

sensor i, we consider the Markov chain composed

of the product of the Markov chains of each of the

MULEs. Thus the new state space is given by
4 Multiple MULEs intersecting the sensor at the same time is

considered to be just one intersection.
S0 ¼ S � S � � � � � S|fflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflffl}
Nmulestimes

:

In the modified state space S0, we are interested in

the set of states A which represent one or more

MULEs intersecting i. Since all the states are

equally likely, the stationary distribution for the

set A can be calculated as

pðAÞ ¼ jAj
jS0j ¼

jS0j � jS0 � Aj
jS0j

¼ NNmules � ðN � 1ÞNmules

NNmules

¼ 1 � 1

�
� 1

N

	Nmules

: ð16Þ

Thus, using Kac�s formula [21], the average inter-
arrival time between MULE visits to a sensor i is

E½RNmules
i � ¼ 1

pðAÞ ¼
1

1 � ð1 � 1
NÞ

Nmules
: �
Corollary 3. Average buffer occupancy on a sensor
(with sufficiently large buffer capacity) can now be
calculated as:

E½Sensor Buffer� ¼ E½RNmules
i � � 1

qmules

: ð17Þ

Here we have used the observation that the sensor
buffer occupancy at the times of MULE visits is
exactly the same as the inter-arrival times between
MULEs. Hence the average values are also the
same. Also note that this is just the average buffer
occupancy seen at the times of MULE arrivals at
the sensor; not at all times.

Corollary 4. Average buffer occupancy on a MULE
(with sufficiently large buffer capacity) can also be
calculated as:

E½Mule Buffer� ¼ qsensorsE½RAP�E½RNmules
i �

� qsensors

qAPqmules

: ð18Þ

Similar to the previous corollary, we use the ex-
pected value of the inter-arrival times at a sensor as
the expected value of the sensor buffer occupancy
when a MULE visits it. Again similar to the sensor
buffer occupancy, this is the average buffer occupancy
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on the MULE as seen at the times of MULE in-
tersections with an AP; not at all times. Thus this is
the average amount of data that is picked up by the
MULE during one excursion between the AP set.

It is interesting to note that the problem of in-

creasing buffer requirements at the sensor as the

grid increases which we encountered in Section 5 is

eliminated. As long as qmules remains constant, the

buffer requirements remain the same. So far we

have just found the average value of the inter-

arrival times for MULEs to a sensor. We next need

to obtain the probability distribution. However,
we first find the probability distribution for the

hitting time at a sensor as that is needed for the

result on the inter-arrival times.

7.1. Hitting time distribution at a sensor

For our purposes, the hitting time for a sensor i is

defined as the first time a MULE hits i when all the
MULEs start from the stationary distribution. We

first find the probability distribution of the hitting

time for a system with a single MULE before eval-

uating the general case of multiple MULEs. [21]

shows that the mean of the hitting time for a single

MULE is HðN log NÞ for a simple symmetric ran-

dom walk on the surface of a torus. Furthermore, the

distribution of hitting times for an ergodic Markov
chain can be approximated by an exponential dis-

tribution of the same mean [21]. Therefore,

PfHi > tg � exp
�t

cN log N

� 	
; ð19Þ

where the constant c � 0:34 as N ! 1 (valid for

N P 25) [22]. Note that this result uses the con-

tinuous time version of the discrete-time Markov

chain, but the result is still correct for the discrete-

time case [21]. However, writing in continuous

time simplifies the analysis considerably, thus all
the hitting and return time probability distribution

results will be for the continuous time chain. Using

this we can now extend the result for the case when

there are Nmulesð> 1Þ in the system.

Result 5. The hitting time for a sensor i when there
are Nmules in the system, all of which start in the
stationary distribution is given by
PfHNmules
i > tg � exp

�t
0:34 N

Nmules
logðNÞ

 !
: ð20Þ
Proof. Let H ðkÞ
i denote the hitting time to sensor i

for a single MULE k. Then

HNmules
i ¼ min

k2MULEs
H ðkÞ

i : ð21Þ

Thus, we obtain

PfHNmules
i > tg ¼ ½PfHi > tg�Nmules

� exp
�t

0:34N logðNÞ

� 	� �Nmules

¼ exp
�t

0:34 N
Nmules

logðNÞ

 !
: �
7.2. Inter-arrival time distribution at a sensor

To find the inter-arrival time distribution at a

sensor i, we first consider the case when there is
only one MULE in the system. In that case, the

inter-arrival time at i is the same as the return time

Ri for the MULE. Unfortunately, there is no

closed form result for the distribution, but can

only be approximated as p= log t for t ! 1 for an

infinite grid [23]. For smaller times and for finite

grid sizes, this only provides a very loose upper

bound on the tail probability.
To obtain a better characterization we derive a

recursive equation to compute PfRi ¼ tg (inter-

arrival time distribution for a single MULE). Let

the initial position of the MULE be at the grid

position 0. Define Li;jðtÞ to be the number of paths

starting from i and ending at j of length t, avoiding

the point 0 at all the intermediate steps. Also, let

the neighbors of a node k in the torus be denoted
by the set NðkÞ. Then, without loss of generality,

for any sensor node i,

PfRi ¼ tg ¼ L0;0ðtÞ=4t: ð22Þ

In the above equation, L0;0ðtÞ denotes the total

number of valid paths that return to 0 in t steps
and 4t denotes the total number of possible paths

of t steps. The following recursive equation can

now be used to compute L0;0ðtÞ:
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Li;jðtÞ ¼
X

k2NðiÞ^k 6¼0

Lk;jðt � 1Þ; t > 1;

Li;jð1Þ ¼
1 if j 2 NðiÞ;
0 otherwise:

�

Result 6. If the number of MULEs in a system is
Nmules, the inter-arrival time at a sensor i can be
written as

PfRNmules
i > tg � PfHNmules�1

i > tg � PfRi > tg: ð23Þ
Proof. To find the inter-arrival time distribution at

a sensor i, we consider only the moments at which

one MULE intersects the sensor. We ignore mul-

tiple MULEs at the sensor which is a very unlikely
event for low mule densities. At this instant in

time, the rest of the MULEs are in the stationary

distribution. Thus,

RNmules
i ¼ minðRi;H

Nmules�1
i Þ;

since the MULE at the sensor has to return to the

sensor, but for the (Nmules � 1) remaining MULEs,

it is identical to hitting the sensors starting from

stationarity. The result follows from this obser-
vation. �

7.3. Return time distribution to the access points set

We now compute the distribution of the ex-

cursion times of a MULE between the access point

set. As in Section 6 we consider the folded torus

(Fig. 4) in which all the access points are repre-
sented as a single grid point. Since this point rep-

resents the set of all access points, we need to

compute the return time distribution to this single

grid point. For this we can apply (22) to the folded

torus to obtain the required return time distribu-

tion. Thus,

PfRAP ¼ tg ¼ L0;0ðtÞ=4t ð24Þ
with L0;0ðnÞ defined on the surface of the folded

grid of Fig. 4.
8. Data success rate

We now have the pieces in place to calculate the

data success rate. We define the data success rate
as the ratio of the average amount of data deliv-

ered to the access points by time t to the total data

generated by time t as t ! 1.

Result 7. The data success rate of the system is
given by

S ¼

X
k2MULEs

E minðqsensors

PRAP

i¼1 minðRNmules
i ;SBÞ;MBÞ

� �
E½RAP�Nsensors

:

ð25Þ
Proof.We use renewal reward theory [24] to derive

data success rate. One excursion of the MULE

from the access point set back to the set is con-

sidered a cycle. Therefore RAP is the length of a

cycle. Recall that the sensors generate data at the

constant rate of one packet per unit time therefore

the average data generated in the system per unit
time is Nsensors. We now get the data success rate S
as

S ¼
E
P

k2MULEs M ðkÞ� �
E½RAP�Nsensors

:

Here,

M ðkÞ ¼ Data picked up by the MULE kin time RAP

¼ min qsensors

XRAP

i¼1

Y ðkÞ
i ;MB

 !
:

The min-function is included because the buffer

capacity of the MULE bounds the total amount of

data a MULE can carry. Now, Y ðkÞ
i is the amount

of data at a sensor visited by MULE k at time i.
This is given by

Y ðkÞ
i ¼ minðZi;SBÞ:
Similar to the previous step, the sensor buffer ca-

pacity bounds the amount of data that can be

present at a sensor, hence the min-function. Also,

since Zi is the amount of data generated and not

yet picked up at the sensor, it has the same dis-

tribution as the inter-arrival time at a sensor.
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Hence, putting this all together,

S ¼X
k2MULEs

E minðqsensors

PRAP

i¼1 minðRNmules
i ;SBÞ;MBÞ

� �
E½RAP�Nsensors

:

�

9. Latency

Latency is an important performance metric of

the MULE architecture. It has two components––

latency at the sensor before data is picked up by a

MULE and the latency on the MULE before it is

delivered to an access point. We now consider each

of these components in more detail.

9.1. Latency at sensor (Ds)

The latency at the sensor is the queueing delay

experienced by a data packet once it is generated

till the time a MULE picks up the packet. To

calculate the latency, we just consider the packets

that are picked up by the MULE; i.e., we do not

consider the packets that are dropped due to the

sensor buffer getting full before a MULE arrives.
Depending on the queueing discipline followed at

the sensor buffer, the latency would be different

9.1.1. Droptail queuing discipline

In this protocol, the sensor node stops gener-

ating any more data once the sensor buffer gets

filled up. Thus this is similar to the droptail

queueing discipline where new data is dropped at
the end of the queue if it is full; hence the name.

Result 8. For the droptail protocol, the distribution
of the latency at a sensor is given by

PfDs ¼ tg ¼ PfHNmules
i ¼ tg: ð26Þ
1 � e 1 � e
Proof. When a data packet is generated, the

MULEs are in stationary distribution around the

grid. Also, once data is added to the queue, it is
never dropped, hence the time the packet is in the

sensor queue is equal to the time taken by the

MULEs to hit the sensor. �
Corollary 9. The average latency at the sensor for
the droptail protocol is given by

E½Ds� ¼ E½HNmules
i � ¼ 0:34N log N

Nmules

: ð27Þ

This result follows directly from the mean of the
exponential distribution.
9.1.2. Drophead queueing discipline

Unlike the previous queueing discipline, in this

protocol, new data pushes out old data if the

sensor buffer gets full. Thus the oldest data is the

first to get dropped when new data is generated.

This behavior may be suitable in cases where older
data has less relevance than newer data. In this

protocol, it is obvious that the maximum latency

experienced by a data packet is equal to the sensor

buffer size (after which it gets dropped).

Result 10. For the drophead protocol, the distribu-
tion of the latency at a sensor is given by

PfDs ¼ tg ¼
PfH

Nmules
i ¼tg

PfH
Nmules
i 6SBg

; t6 SB ;

0; t > SB:

8<
: ð28Þ
Proof. We first note that when a data packet gets

generated, the MULEs are in stationary distribu-

tion around the grid. However, if a MULE does
not pick up the data within SB ticks, the data

packet gets pushed out of the buffer. Hence we get

PfDs ¼ tg ¼ PfHNmules
i ¼ tjHNmules

i 6 SBg

¼ PffHNmules
i ¼ tg ^ fHNmules

i 6 SBgg
PfHNmules

i 6 SBg

which gives us the required result. �

Corollary 11. The average latency at the sensor for
the drophead protocol is given by

E½Ds� ¼
XSB

t¼1

t � PfHNmules
i ¼ tg

PfHNmules
i 6 SBg

ð29Þ

¼ 1
�1=H

� SB � e�SB=H

�SB=H
; ð30Þ



Table 2

Input parameters to the simulator

Parameter Description

Grid size Number of points on the grid N
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where

H ¼ E½HNmules
i � ¼ 0:34N logðNÞ

Nmules

:

# of sensors ¼ Nqsensors

# of MULEs ¼ NqMULEs

# of access points ¼ NqAP

Sensor buffer size Number of data samples each

sensor can hold

MULE buffer size Number of data samples each

MULE can hold

Table 3

Events defined by the simulator

Event Action

MULE motion Changes grid position of the

MULE

Data generation Generates new data at the sensor

and stores it in the buffer. If the

sensor buffer is full data is

dropped

MULE–sensor

interaction

Transfers all data from the sensor

to the MULE. If the MULE
9.2. Latency on MULE (Dm)

Once a data packet is picked up by a MULE

from a sensor, it experiences a delay before the

MULE encounters an access point and drops off
the data. This delay depends on the motion of the

MULE as well as the proximity of the sensor to an

access point. However, the next result gives the

average distribution of latency on a MULE for

data packets from all sensors.

Result 12. The distribution of latency on a MULE
for data picked up at a random sensor is given by

PfDm > tg � exp
�t

0:34 N
NAP

logðNÞ

 !
: ð31Þ
buffer is full, all the extra data is

dropped

MULE–AP interaction Transfers all data from the

MULE to the AP
Proof. As done earlier, we consider the folded to-

rus (Fig. 4) in which all the access points are rep-

resented as a single grid point. Since data is picked

up from all sensors, the latency is identical to

starting in the equilibrium distribution and finding

the time taken to hit the access point. Hence the

result. �

Corollary 13. The average latency on a MULE is
given by

E½Dm� ¼
0:34N log N

NAP

: ð32Þ

This result follows directly from the mean of the

exponential distribution.
5 Interestingly, simulations showed similar results for both

uniform and random placement of access points.
10. Simulation setup

A custom event driven simulator was written to

verify the preceding analysis and also explore the

conditions under which it holds. In this section we

present a brief description of the simulator.

The simulator is a discrete event driven simu-

lator where time is measured in abstract units of
clock-ticks. The underlying grid structure is the
surface of a torus with the size N specified during

initialization. Depending on the values of qsensors

and qmules, appropriate number of sensors and

MULEs are placed randomly on the grid in the

beginning. Buffer sizes on both the sensors and the

MULEs can also be specified and are completely

empty when the simulation is started. Finally, the

APs can be either randomly placed on the grid or
regularly spaced, 5 with the number of APs de-

pending on the value of qAP. All the input pa-

rameters to the simulator are shown in Table 2. A

summary of the various events handled by the

simulator is given in Table 3.

The simulator also assumes a perfect radio

channel, i.e., there is no loss of packets during

transmission. The only way packets can be lost is if
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the sensor or MULE buffers overflow. However,

the sensors do not maintain any state (such as acks

etc.) to implement reliability. Also there is no

MULE to MULE interaction, even though they

may occupy the same grid point.
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Fig. 6. E½Ri� while scaling the grid size with qmules ¼ 1%, 5%,
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11. Simulation results

In this section, simulation results are presented

which verify all the major results of the analysis

and also provide certain insights.

To verify scaling with access points, E½RAP� was

measured for a variety of grid sizes from 25� 25 to
200� 200. As expected, E½RAP� remained constant

across all grid sizes (Fig. 5) when qAP was kept

constant, verifying (6).

Fig. 6 shows the effect of scaling the number of

MULEs on the average inter-arrival time to a

sensor. As expected E½Ri� remained constant for

different grid sizes as long as the value of qmules did

not change, in accordance with (15).
Fig. 7 plots the cumulative distribution function

of the hitting time HNmules
i for qmules ¼ 1%, 10% and

20% on a 20� 20 grid. The figure verifies that us-

ing the hitting time result for the continuized chain

is valid for the discrete-time case also. Similarly,

Fig. 8 plots the cdf of RNmules
i for a 20� 20 grid with

the same values of qmules. Finally, Fig. 9 plots the
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Fig. 7. Cdf of the hitting times (HNmules
i ) at a sensor (20� 20

grid).
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cdf of RAP for a mule on a 20� 20 grid where

qAP ¼ 0:25%, 1% and 4%.

Figs. 10 and 11 plot the data success against the

normalized MULE and sensor buffers respectively.

Normalized MULE Buffer

¼ Actual value of the MULE Buffer

E½MULE Buffer� ; ð33Þ

Normalized Sensor Buffer

¼ Actual value of the Sensor Buffer

E½Sensor Buffer� : ð34Þ
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Fig. 10. Data success rate vs. normalized MULE buffer size for

qmules ¼ 0:25%, 1% and 10% (20� 20 grid).
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For Fig. 10, the sensor buffer size was infinitely

large. Note the steep drop-off of the data success

rate with the MULE buffer size. Also, more than

95% data success rate is achieved when each

MULE buffer is greater than 10E½M �. Interest-

ingly, the plot also shows that one can trade off the
number of MULEs in the system with the amount

of buffer capacity on each MULE. This is evident

from the fact that the data success rate curves are

roughly the same for different MULE densities,

but reducing the number of MULEs by a factor k
increases the expected MULE buffer size by k (and
vice versa). This will obviously impact latency, as
the sensors will have to wait longer (or shorter as

the case may be) before a MULE comes by to pick

up the data.

Similarly, for Fig. 11 the MULE buffer size was

infinitely large. Again, a steep curve was obtained

for the data success rate. Also, the data success

rate saturates for each MULE density when the

sensor buffer capacity reaches roughly 10E½RNmules
i �.

However, the figure shows that we cannot trade off

a decrease in MULE density by increasing the



Table 4

Sample values of MULE and sensor buffer sizes for 50% and 90% data success rates

qmules MULE buffer

50% data success rate 90% data success rate

Sensor buffer ¼ 1 0.25% 43,800 163,000

1% 4280 14,800

10% 480 1660

Sensor buffer

MULE buffer ¼ 1 0.25% 2030 7410

1% 152 630

10% 10 47
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Fig. 12. Cdf of the latency at a sensor with droptail protocol

for SB ¼ 1000, 500 and 100 (20� 20 grid).
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Fig. 13. Cdf of the latency at a sensor with drophead protocol
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buffers at each sensor. Higher MULE densities

lead to higher data success rates, in general, until

the sensor buffers are sufficiently large.

The reason for the difference lies in the Law of

Large Numbers. When MB ¼ 1, the drop in the

data success rate is due to packets getting dropped
at the sensors. Now as Nmules reduces, the inter-

arrival time at a sensor grows larger, and conse-

quently, there are larger amounts of data that are

dropped due to sensor buffer overflow. On the

other hand, when SB ¼ 1, data overflow occurs

at the MULEs when the amount of data it picks

up from all the sensors exceeds the MULE buffer

capacity. However, due to the Law of Large
Numbers, the probability of the total amount of

data on the MULE exceeding the buffer threshold

is smaller than in the finite sensor buffer case.

Table 4 shows the actual values of the buffer

sizes needed to achieve data success rates of 50%

and 90%. These are shown for both the cases of

infinite MULE and infinite sensor buffers.

Figs. 12 and 13 show the cdf of the latency at a
sensor for the droptail and drophead protocols

respectively. The expected value of sensor buffer

occupancy was 100 by (17). The simulations verify

the results obtained by (26) and (28). The effect of

the number of MULEs on the latency can also be

seen in Fig. 14 where the average latency for the

drophead protocol is shown against the number of

MULEs. For large sensor buffer sizes, the reduc-
tion in latency is very steep initially as the inter-

arrival time of MULEs reduces exponentially.

However, for small sensor buffer sizes, the buffer

tends to be nearly full for a small number of
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MULEs, hence the average latency does not de-

crease dramatically. Fig. 15 plots the cdf of the

latency on a MULE as the number of access points

are varied. As expected, the simulations results

follow (31).
12. Conclusion and future work

In this paper we have presented an architecture

to connect sparse sensor networks at the cost of
higher latencies. The main idea is to utilize the

motion of the entities that are already present in an

environment to provide a low-power transport

medium for sensor data. After introducing the

architecture, the focus of the paper was on pre-

senting a simple analytical model based upon two-
dimensional random walks to provide insight into

various performance metrics (data success rate,

latency and buffer sizes). Our key observations are:

• The sensor buffer requirement is inversely pro-

portional to qmules.
• The MULE buffer requirement is inversely pro-

portional to both qmules and qAP.

• When the sensor buffer is large, the buffer ca-

pacity on each MULE can be traded off with

the number of MULEs to maintain the same

data success rate.

• The change in the buffer capacity on each sen-

sor needs to be greater than the change in the
number of MULEs to keep the same data suc-

cess rate.

• The average latency at a sensor for the droptail

protocol is inversely proportional to the num-

ber of MULEs.

• For a large sensor buffer, the average latency at

the sensor (drophead protocol) drops dramati-

cally with increase in the number of MULEs;
for small sensor buffers, the decrease is linear.

• The average latency on a MULE is inversely propor-

tional to the number of access points in the system.

We plan to expand our work in a couple of

directions. One is to develop a more complete

stochastic model to address some of the current

simplifications such as infinite bandwidth, ran-
dom-walk mobility model and error-free commu-

nication. Here we plan to use ideas from queuing

theory and renewal processes.

From the protocol point of view, MULE-to-

MULE communication and reliability using ac-

knowledgments are issues of interest. Another

limitation of the current work is the assumption

that the sensors have to continuously listen in or-
der to identify a MULE�s presence. Approaches to

increase the sleep time for sensors, such as reduced

duty cycle, need to be explored along with their

effect on system performance.



232 R.C. Shah et al. / Ad Hoc Networks 1 (2003) 215–233
Acknowledgements

We would like to thank Jason Jenks (University

of Washington) and Anthony LaMarca (Intel

Research, Seattle) for their active participation in
defining the system architecture. We are thankful

to Prof. Krzysztof Burdzy (Department of Math-

ematics, University of Washington, Seattle) and

Prof. David Aldous (Department of Statistics,

University of California, Berkeley) for providing

us with information and references on non-inter-

acting particle theory of Markov chains. Finally

we are grateful to the reviewers for their com-
ments. The work was partially supported by

DARPA grant N66001-99-2-8924.
References

[1] D. Estrin et al., Embedded, everywhere: A research agenda

for networked systems of embedded computers, Computer

Science and Telecommunications Board (CSTB) Report,

2001.

[2] J. Rabaey et al., Picoradio supports ad hoc ultra-low power

wireless networking, IEEE Computer 33 (7) (2000) 42–

48.

[3] J. Kahn, R. Katz, K. Pister, Next century challenges:

Mobile networking for smart dust, in: ACM/IEEE Mobi-

Com, 1999.

[4] UC Berkeley TinyOS. Available from <http://webs.cs.

berkeley.edu/tos/>.

[5] P. Juang et al., Energy-efficient computing for wildlife

tracking: Design tradeoffs and early experiences with

zebranet, in: International Conference on Architectural

Support for Programming Languages and Operating

Systems (ASPLOS), 2002.

[6] O. Dousse, P. Thiran, M. Hasler, Connectivity in ad hoc

and hybrid networks, in: IEEE Infocom, 2002.

[7] A. Vahdat, D. Becker, Epidemic routing for partially-

connected ad hoc networks, Technical report, Duke

University, Durham, NC, 2000.

[8] W. Brunette, D. Hoke, J. Jenks, Mule. Available from

<http://www.cs.washington.edu/education/courses/cse476/

02wi/projectwebs/476mule/>.

[9] D.G. Leeper, A long term view of short range wireless,

IEEE Computer 34 (6) 39–44.

[10] W. Ye, J. Heidemann, D. Estrin, An energy-efficient MAC

protocol for wireless sensor networks, in: IEEE INFO-

COM 2002, New York, June 23–27, 2002.

[11] I. Chatzigiannakis, S. Nikoletseas, P. Spirakis, An efficient

communication strategy for ad hoc mobile networks, in:

Proceedings of the Twentieth Annual ACM Symposium on

Principles of Distributed Computing, ACM Press, New

York, 2001, pp. 320–322.
[12] Z.D. Chen, H.T. Kung, D. Vah, Ad hoc relay wireless

networks over moving vehicles on highways, in: MobiHoC,

2001.

[13] Q. Li, D. Rus, Sending messages to mobile users in

disconnected ad hoc wireless networks, in: Proceedings of

the Sixth Annual International Conference on Mobile

Computing and Networking, ACM Press, New York,

2000, pp. 44–55.

[14] M. Grossglauser, D. Tse, Mobility increases the capacity of

ad hoc wireless networks, IEEE/ACM Trans. Network. 10

(4) (2002) 477–486.

[15] Manatee web page. Available from <http://distlab.dk/

manatee/>.

[16] A. Beafour, M. Leopold, P. Bonnet, Smart tag based data

dissemination, in: ACM Workshop on Wireless Sensor

Networks and Applications, 2002.

[17] T. Camp, J. Boleng, V. Davies, A survey of mobility models

for ad hoc network research, Wireless Communications &

Mobile Computing 2 (5) (2002) 483–502, Special Issue

on Mobile Ad Hoc Networking: Research, Trends and

Applications.

[18] C. Bettstetter, Smooth is better than sharp: a random

mobility model for simulation of wireless networks, in:

Proceedings of the 4th ACM International Workshop on

Modeling, Analysis and Simulation of Wireless and Mobile

Systems, 2001, pp. 19–27.

[19] Z. Lei, C. Rose, Probability criterion based location

tracking approach for mobility management of personal

communications systems, in: Proceedings of the IEEE

GLOBECOM, 1997, pp. 977–981.

[20] Z. Lei, C. Rose, Wireless subscriber mobility manage-

ment using adaptive individual location areas for pcs

systems, in: Proceedings of the IEEE International Confer-

ence on Communications (ICC�98), 1998, pp. 1390–1394.

[21] D.J. Aldous, J.A. Fill, Reversible markov chains and

random walks on graphs, manuscript under preparation.

Available from <http://stat-www.berkeley.edu/users/al-

dous/book.html>.

[22] R. Ellis, Torus hitting times from green�s functions.

Available from <http://www.math.ucsd. edu/rellis/comb/

torus/torus.html>.

[23] F. Spitzer, Principles of Random Walk, Springer, Berlin,

2001.

[24] S.M. Ross, Introduction to Probability Models, Academic

Press, New York, 2000.
Rahul C. Shah completed the B.Tech.
(Hons) degree from the Indian Insti-
tute of Technology, Kharagpur in
1999 majoring in Electronics and Elec-
trical Communication Engineering. He
is currently pursuing his Ph.D. in
Electrical Engineering at the Univer-
sity of California, Berkeley. His re-
search interests are in energy-efficient
protocol design for wireless sensor/ad
hoc networks, design methodology for
protocols and next generation cellular
networks.

http://webs.cs.berkeley.edu/tos/
http://webs.cs.berkeley.edu/tos/
http://www.cs.washington.edu/education/courses/cse476/02wi/projectwebs/476mule/
http://www.cs.washington.edu/education/courses/cse476/02wi/projectwebs/476mule/
http://distlab.dk/manatee/
http://distlab.dk/manatee/
http://stat-www.berkeley.edu/users/aldous/book.html
http://stat-www.berkeley.edu/users/aldous/book.html
http://www.math.ucsd.edu/rellis/comb/torus/torus.html
http://www.math.ucsd.edu/rellis/comb/torus/torus.html


R.C. Shah et al. / Ad Hoc Networks 1 (2003) 215–233 233
Sumit Roy received the B.Tech. degree
from the Indian Institute of Technol-
ogy (Kanpur) in 1983, and the M.S.
and Ph.D. degrees from the University
of California (Santa Barbara), all in
Electrical Engineering in 1985 and
1988 respectively, as well as an M.A. in
Statistics and Applied Probability in
1988. His previous academic appoint-
ments were at the Moore School of
Electrical Engineering, University of
Pennsylvania, and at the University
of Texas, San Antonio. He is presently
Professor of Electrical Engineering,
University of Washington where his research interests center
around analysis/design of communication systems/networks,
with a topical emphasis on next generation mobile/wireless
networks. He is currently on academic leave at Intel Wireless
Technology Lab working on high speed UWB radios and next
generation Wireless LANs. His activities for the IEEE Com-
munications Society includes membership of several technical
committees and TPC for conferences, and he serves as an Ed-
itor for the IEEE Transactions on Wireless Communications.

Sushant Jain is a Ph.D. candidate in
the Department of Computer Science
and Engineering at the University of
Washington. His research interests are
in design and analysis of networking
systems. He is currently investigating
energy efficiency issues in sensor net-
works. In the past he has worked in
overlay networks, ad hoc networks
and multicast. He received a M.S. in
Computer Science from the University
of Washington in 2001 and a B.Tech.
degree in Computer Science from IIT
Delhi in 1999.
Waylon Brunette is a Research Engi-
neer in the Department of Computer
Science and Engineering at the Uni-
versity of Washington. His research
interests include mobile and ubiqui-
tous computing, wireless sensor net-
works, and personal area networks.
Currently, he is engaged in collabora-
tive work with Intel Research Seattle
to develop new uses for embedded
devices and RFID technologies in
ubiquitous computing. He received a
BS in Computer Engineering from the
University of Washington in 2002.


	Data MULEs: modeling and analysis of a three-tier architecture for sparse sensor networks
	Introduction
	The MULE three-tier architecture
	System modeling
	Glossary of notation and symbols
	Basic results
	Scaling with number of access points
	Scaling with number of MULEs
	Hitting time distribution at a sensor
	Inter-arrival time distribution at a sensor
	Return time distribution to the access points set

	Data success rate
	Latency
	Latency at sensor (Ds)
	Droptail queuing discipline
	Drophead queueing discipline

	Latency on MULE (Dm)

	Simulation setup
	Simulation results
	Conclusion and future work
	Acknowledgements
	References


