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ABSTRACT
In many delay tolerant applications, information is oppor-
tunistically exchanged between mobile devices who encounter
each other. In order to effect such information exchange, mo-
bile devices must have knowledge of other devices in their
vicinity. We consider scenarios in which there is no infras-
tructure and devices must probe their environment to dis-
cover other devices. This can be an extremely energy con-
suming process and highlights the need for energy conscious
contact probing mechanisms. If devices probe very infre-
quently, they might miss many of their contacts. On the
other hand, frequent contact probing might be energy ineffi-
cient. In this paper, we investigate the trade-off between the
probability of missing a contact and the contact probing fre-
quency. First, via theoretical analysis, we characterize the
trade-off between the probability of a missed contact and
the contact probing interval for stationary processes. Next,
for time varying contact arrival rates, we provide an opti-
mization framework to compute the optimal contact prob-
ing interval as a function of the arrival rate. We characterize
real world contact patterns via Bluetooth phone contact log-
ging experiments and show that the contact arrival process
is self-similar. We design STAR, a contact probing algo-
rithm which adapts to the contact arrival process. Via trace
driven simulations on our experimental data, we show that
STAR consumes three times less energy when compared to
a constant contact probing interval scheme.

Categories and Subject Descriptors: C.2.1 [Network
Architecture and Design]: Wireless communication

General Terms: Measurement, Design, Algorithm.

Keywords: Delay Tolerant Networking, Bluetooth, Energy
efficiency.

1. INTRODUCTION
Since its inception, the goal of networking research has

been to provide instant, anytime, anywhere access to in-
formation. However, in recent times, research interest has
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been piqued by a new class of applications which are toler-
ant to delay. In several of these applications, information is
exchanged opportunistically between devices when they are
within communication range of each other. In other words,
information transport is governed by the mobility of infor-
mation carriers and their underlying contact patterns.

The notion of delay tolerance is useful in a variety of sce-
narios. One compelling application is providing connectivity
and network services during disasters and in rural environ-
ments, where network infrastructure is minimal or nonexis-
tent. Another example comes from software developers who
are developing dating applications for mobile phones. The
profile of an ideal partner is entered into a Bluetooth based
mobile phone, which alerts the user whenever a matching
profile is detected in the vicinity (e.g., www.bedd.com).

Current research and development efforts for delay toler-
ant applications fall broadly into two categories, Delay Tol-
erant Networking (DTN) [1] and Delay Tolerant Databases
(DTD). For DTN applications, the goal is to enable com-
munication between specific source-destination pairs in the
network. Research in this area has involved studying algo-
rithmic issues such as routing in networks [2], fundamental
issues such as scaling laws [3] and performance bounds of
routing algorithms [4] based on real world contact patterns.

Delay Tolerant Database applications have been driven
by the observation that mobile devices are becoming in-
creasingly powerful in terms of computation and storage and
have multiple radio interfaces such as Bluetooth, 3G, WiFi
etc [5]. An effort is also being made by phone manufactur-
ers to embed sensors in these phones to acquire and store
personal information (health related) and for environmental
monitoring [6]. As a consequence, these devices store large
volumes of digital information such as songs, photographs
and sensory data and constitute a distributed geographic
database. The dating application stated earlier is an ex-
ample of a DTD application. The research community has
investigated opportunistic query propagation and data ag-
gregation algorithms, based on device proximity, in [5], [7],
[8], and [9].

For both DTN and DTD applications, the common funda-
mental primitive is the opportunistic exchange of informa-
tion between mobile devices when they are in communica-
tion range of each other. In order to enable such exchanges,
devices will have to constantly probe the environment to dis-
cover other devices in the vicinity. Not surprisingly, device
discovery1 is an extremely energy consuming process. To

1
We use device discovery and contact probing interchangeably in this

paper.



understand this better, we made measurements on a Nokia
6600 mobile phone. The current drawn was (i) 38.61mA for
Bluetooth device discovery, (ii) 9.33mA for response to a
device discovery, (iii) 51.47mA for Bluetooth data transfer
and (iv) 38.68mA for making a phone call. In other words,
the device discovery process is as energy intensive as making
a phone call!

Our measurements clearly motivate the need for energy
conscious device discovery algorithms. One strategy to con-
serve energy is to increase the time between subsequent de-
vice discoveries. The consequence of this is that devices in
the vicinity may go undiscovered and opportunities to ex-
change data are lost. This points to a trade-off between
energy and missed opportunities. For strategies which use
a constant device discovery interval, the larger the prob-
ing interval, the larger the missed opportunities and vice-
versa. However, in stochastic environments, device discovery
should be done adaptively by choosing the probing interval
based on the state of the environment. For example, late
at night at home, device discovery can occur at large inter-
vals without missing many contacts, while on the subway to
work, device discovery should be done more frequently to
catch the myriad of new contacts.

In this paper, we investigate the design of energy con-
scious, adaptive contact probing algorithms which trade-off
energy consumption and the probability of missing a con-
tact. Specifically, we make the following contributions:
• Theoretical Framework: We first lay the theoretical

base to characterize the trade-off between the average con-
tact probing interval T and the contact missing probability
Pmiss. We show that if the contact duration distribution is
i.i.d. (independent and identically distributed) and the con-
tact arrival rate is constant, then for a given missing proba-
bility constraint, the optimal contact probing interval is (i)
constant and (ii) depends only on contact duration distribu-
tion, independent of the contact arrival distribution. When
the contact arrival rate is time varying, the optimal contact
probing interval is a function of the contact arrival rate. We
provide an optimization framework to compute the optimal
contact probing interval as a function of the contact arrival
rate. This theoretical base provides us with bounds on per-
formance and also aids in the investigation and design of
adaptive contact probing algorithms. See Sections 2, 3.
• Real World Contact Pattern Experiments and Anal-

ysis: To understand real world contact patterns, we con-
ducted a large scale data logging experiment [10]. Nine vol-
unteers were given Bluetooth devices equipped with a soft-
ware program which probed for contacts every 30 seconds
and logged information about other Bluetooth devices which
came within range. Our database contains the largest num-
ber of unique devices discovered, compared to existing work
[11], [12], [13]. We conduct rigorous analysis on the data.
We confirm that the contact duration is Pareto distributed.
Moreover, our data analysis indicates weak correlations in
contact patterns at 24 hour time lags. Finally, we show that
the contact process is self-similar with a Hurst parameter of
0.76. See Section 4.
• Algorithm design and validation: Finally, using insights

gleaned from the theory and the data analysis, we inves-
tigate adaptive contact probing algorithms. We compare
the performance of our algorithms against two benchmark
algorithms. The first, a non-adaptive scheme provides a
lower bound to performance, while the second is an ide-

t

Contact 1

Contact 2

Contact 3

tC(1)

T T

tC(2)

tD(1)

tD(2)
tD(3)

Figure 1: Illustrating the contacts for a specific user
probing at a constant interval T .

alized genie aided algorithm which utilizes non-causal in-
formation to determine the contact probing interval. We
evaluate the performance of our algorithms via trace driven
simulations on the data which we have collected. We then
design STAR, an algorithm which strives to estimate the ar-
rival rate and adapt the contact probing interval based on
this estimate. Our results indicate that for a given contact
missing probability constraint, STAR’s energy consumption
is one third of the constant non-adaptive contact probing
algorithm. We also compare STAR with an AIMD (Addi-
tive Increase/Multiplicative Decrease) algorithm. STAR can
conserve up to 20% more energy than the AIMD algorithm.
See Section 5.

2. MODELING THE CONTACT PROCESS

2.1 System Model and Assumptions
Assume that every device probes the environment gov-

erned by some contact probing algorithm. When a device
A, probes its environment, all devices which hear the probe
respond to device A with some information (e.g., identity,
services available etc.). Based on this information, A may
choose to exchange data with some of its neighbors. We
define two devices A and B, to be in contact, if they are
within communication range of each other2. The duration
over which devices A and B are continuously in contact is
called the contact duration for that contact. If neither device
probes its environment during the contact duration, then
we have a missed contact. We further assume for the sake of
analysis that each probe is an impulse and does not consume
any time.

We assume that each probe consumes equal energy so that
the energy consumption rate of the device can be converted
to the average probing frequency. With the same number
of missed contacts, the algorithm which uses fewer probes
(longer average probing interval) will be more energy effi-
cient.

For a given device, we assume that the contact durations
tD(i) are i.i.d. stationary random variables with CDF (Cu-
mulative Distribution Function) of FD(x) and mean E{tD} =
1/µ. We assume that the time between subsequent contacts,
defined as inter-contact time tC(i) are stationary random
variables with CDF of FC(x), and mean E{tC} = 1/λ. See
Fig. 1 for an illustration of contact duration tD(i) and inter-
contact time tC(i).

2
We do not assume a perfect communication region here. The imper-

fectness in communication is embedded in our contact data gathering
process which uses real devices.



2.2 Missing Probability
The missing probability Pmiss is the probability that a

contact which occurs is not detected. For the following anal-
ysis, we assume that for a device A, a contact B is missed,
if B is not discovered by A’s probes. We will relax this later
to compute the missing probability when neither A nor B’s
probes discover each other. Let us first consider the sim-
plest possible contact strategy, where each device probes for
contacts at constant intervals of T (See Fig. 1).

If tD > T , the contact will never be missed. Consider a
contact i which is initiated at time [nT − x, nT − x + dx],
where dx is an arbitrarily small value so that the time in-
terval can be treated as a time point. This contact will not
be detected by the mobile at time nT if tD(i) < x, which
happens with probability of FD(x). By Blackwell’s Theorem
in renewal theory [14], when the contact process is a gen-
eral renewal process with a nonlattice distribution function,
we can calculate the long-term average missing probability
given the probing interval of T as:

lim
n→∞

Pmiss(T ) =
1

T

Z T

0

FD(x)dx (1)

Note that we do not need to restrict the inter-contact time
distribution to be memoryless to perform the averaging pro-
cedure in Eq.(1).

Consider the mean value of tD given that tD < T , which is

E{tD|tD < T} =
R T

0
[1− FD(x)/FD(T )]dx, then Pmiss(T )

can be expressed as:

Pmiss(T ) =
T − E{tD|tD < T}

T
× FD(T ) (2)

For a fixed contact probing interval of T , any contact with
duration larger than T will always be detected. Eq.(2) shows
that for a contact with duration shorter than T , the expected

probability that the contact will be missed is T−E{tD|tD<T}
T

.
So, only contacts with duration smaller than T will be missed.
If all the contacts with tD < T have zero contact duration,
then Pmiss(T ) will be exactly FD(T ).

The key observation here is that for a constant probing
scheme, if the contact duration is stationary and i.i.d and
the inter-contact times are stationary, then the missing prob-
ability depends only on the distribution of the contact du-
ration and the contact probing interval T . It is independent
of the inter-contact time distribution.

2.3 Optimal contact probing Scheme
We will now prove the following theorem about the fixed

contact probing scheme described earlier.

Theorem 1. Consider a contact process for which the
contact duration distribution is stationary and i.i.d and the
inter-contact time distribution is stationary, with an expected
inter-contact-time of 1

λ
. Consider the class of contact prob-

ing strategies which do not exploit knowledge of the contact
process. Then, among all contact probing strategies with the
same average contact probing interval, the strategy which
probes at constant intervals achieves the minimum missing
probability.

Proof. Consider a large interval of time L. Let us con-
sider all strategies which probe the environment n times in
this interval. As shown previously, for the strategy which
probes at constant intervals T = L

n
, the missing probability

over duration L is Pmiss(T ) = 1
T

R T

0
FD(x)dx. Assume that

an arbitrary scheme probes n times at t1, t2, . . . , tn. De-
fine t0 = 0 and tn+1 = nT , then we have n + 1 intervals
of I1 = t1 − t0, I2 = t2 − t1, . . . , In+1 = tn+1 − tn. Since
the scheme selects probe time tk without knowledge of the
contact process, the expected number of missed contacts in

an interval of [tk−1, tk] is λ
R Ik

0
FD(x)dx, for k 6= n + 1. All

the contacts which occur in [tn, nT ] will be missed. The
expected missing probability is:

P̂miss =
1

λL

"
nX

k=1

λ

Z Ik

0

FD(x)dx + λIn+1

#
(3)

since the expected number of contacts arriving in duration
L is λL. For Ik ≥ T , we have

λ

Z Ik

0

FD(x)dx = λ

»Z T

0

FD(x)dx +

Z Ik

T

FD(x)dx

–
≥ λ

Z T

0

FD(x)dx + λ

Z Ik

T

FD(T )dx

= λ

Z T

0

FD(x)dx + λ(Ik − T )FD(T ) (4)

Similarly, when Tk < T we have:

λ

Z Ik

0

FD(x)dx = λ

»Z T

0

FD(x)dx−
Z T

Ik

FD(x)dx

–
≥ λ

Z T

0

FD(x)dx− λ

Z T

Ik

FD(T )dx

= λ

Z T

0

FD(x)dx + λ(Ik − T )FD(T ) (5)

We also have:

λIn+1 ≥ λIn+1FD(T ) (6)

Putting all these into Eq.(3), we have:

P̂miss ≥
1

λnT

h nX
k=1

λ

„Z T

0

FD(x)dx + (Ik − T )FD(T )

«
+λIn+1FD(T )

i
=

1

nT

"
nX

k=1

Z T

0

FD(x)dx + FD(T )(

n+1X
k=1

Ik − nT )

#
= Pmiss(T ) (7)

2.4 Trade-offs in Energy Efficiency and Pmiss

Having established that a constant contact probing inter-
val is optimal under certain assumptions, we now explore the
trade-off between energy efficiency and the missing proba-
bility. When contact durations are distributed according
to a given distribution, we can analytically determine the
relationship between T and Pmiss(T ) according to Eq.(1).
Here, we demonstrate the relationship between energy effi-
ciency and missing probability for several distributions. In
section 4 we will focus on distributions obtained from real
world Bluetooth contact logs.

a). Poisson Process
For Poisson process, we have FD(x) = 1 − e−µx. Using

Eq.(1), we have:

Pmiss(T ) =
µT − 1 + e−µT

µT
(8)
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Figure 2: Trade-off between energy consumption
and missing probability on different distributions.

b). Uniform Distribution
The uniform distribution is:

FD(x) =

8<: 0 x < 0
µx
2

0 ≤ x ≤ 2/µ
1 x > 2/µ

(9)

And, we have:

Pmiss(T ) =

(
µT
4

T < 2
µ

µT−1
µT

T ≥ 2
µ

(10)

c). Pareto Distribution
We have:

FD(x) =


0 x < τ
1− (x/τ)−k x ≥ τ

(11)

In this case, we have 1/µ = kτ/(k − 1) when k > 1. The
mean is unbounded when k ≤ 1. Using Eq.(1), we have:

Pmiss(T ) = 1 +
kτ

T (1− k)
− τk

T k(1− k)
, T > τ (12)

Fig. 2 shows the trade-off between energy consumption
and missing probability for these distributions. The energy
consumption is computed as 1

µT
, which is the contact prob-

ing rate normalized by the average contact duration (i.e.,
the number of probes taken during the average contact du-
ration). We see that for Poisson and uniform distributions,
the missing probability of 5 − 10% is near the knee of the
curve which is a good trade-off point between energy con-
sumption and missing probability. This means the contact
probing interval should be around 1/6− 1/3 of the average
contact duration. However, for Pareto distribution, the con-
tact probing interval should be around τ to achieve a near
zero missing probability. In other words, for a constant ar-
rival rate and a Pareto contact duration distribution, it is
difficult to trade-off between Pmiss and T .

2.5 Double Detection
As we stated earlier, a contact between device A and

B is missed only if neither device probes the environment
during the contact. Consider the case when two users A
and B are independently probing the environment. Assume
that both users are using the same fixed contact probing
interval of T . Then, the probability that A does not dis-
cover B is Pmiss(T ). However, the probability that nei-
ther A nor B discovers the other during a contact is much
higher than P 2

miss(T ), even though their contact probing

processes are independent. Suppose one user probes at times
of T, 2T, . . . , nT , and the other probes at y, y + T, . . . , y +
(n − 1)T . Without loss of generality, we can assume that
y < T/2. Then, the probability that during a contact, nei-
ther user discovers the other is given by:

P̃miss(T, y) =
1

T

»Z y

0

FD(x)dx +

Z T−y

0

FD(x)dx

–
When y = T/2, P̃miss(T, y) has a minimum value of Pmiss(T/2),

and P̃miss(T, y) has maximum value of Pmiss(T ) when y = 0.
Since the two users are probing independently, y is uniformly
distributed in [0, T/2], and the average missing probability
is:

P̃miss(T ) =
2

T

Z T
2

0

1

T

»Z y

0

FD(x)dx +

Z T−y

0

FD(x)dx

–
dy

=
2

T 2

"Z T
2

0

Z y

0

FD(x)dxdy +

Z T
2

0

Z T−y

0

FD(x)dxdy

#

=
2

T 2

"Z T
2

0

Z y

0

FD(x)dxdy +

Z T

T
2

Z y

0

FD(x)dxdy

#

=
2

T 2

Z T

0

Z y

0

FD(x)dxdy (13)

For example, when the contact duration is uniformly dis-
tributed as shown in Eq.(9), we have P̃miss(T ) = µT

6
=

2
3
Pmiss(T ), which is smaller than the single user missing

probability only by a constant factor.

2.6 Bounding the Missing Probability
In the real world, the contact duration distributions as

seen by a given mobile device may change over time. This
could occur for a variety of reasons, e.g., relocation to a new
city or increasing Bluetooth penetration. This implies that
the mobile device will have to adapt its probing interval over
large time scales. In order to do this adaptation effectively,
it needs to estimate the missing probability. However the
mobile has no knowledge of contacts it has missed. Here
we show how a mobile device can estimate a bound on the
missing probability purely from local information. We de-
fine a contact to be a short contact if it is detected in only
one probe, but not its previous or subsequent probes. We
define Pshort(T ) as the probability that a device sees a short
contact when the contact probing interval is T .

Consider the probability that a contact i occurs between
[nT − x, nT − x + dx], which is detected by the mobile at
nT , but not at (n + 1)T . Thus, the contact duration should
be x ≤ tD(i) ≤ x+T . Averaging over [0, T ], the probability
for a contact to be a short contact is:

1

T

Z T

0

[FD(x + T )− FD(x)]dx (14)

Note that the probability a contact will be detected is 1 −
Pmiss(T ). Thus, Pshort(T ) measured by the mobile will be
the number of short contacts (note that short contacts are
always detected) divided by the total number of detected
contacts:

Pshort(T ) =
1
T

R T

0
[FD(x + T )− FD(x)]dx

1− Pmiss(T )

≥
1
T

R T

0
[FD(T )− FD(x)]dx

1− Pmiss(T )



=

FD(T )
T

R T

0
[1− FD(x)

FD(T )
]dx

1− Pmiss(T )

=
FD(T )E{tD|tD < T}

T (1− Pmiss(T ))

=
TPmiss(T )

T − E{tD|tD < T}
E{tD|tD < T}

T (1− Pmiss(T ))

=
E{tD|tD < T}

T − E{tD|tD < T}
Pmiss(T )

1− Pmiss(T )
(15)

We have:

Pmiss(T ) ≤ Pshort(T )

Pshort(T ) + E{tD|tD<T}
T−E{tD|tD<T}

(16)

When E{tD|tD < T} is small, we will have E{tD|tD<T}
T−E{tD|tD<T} ≈

0, and the bound will be close 1. To avoid trivial cases when
E{tD|tD < T} goes to zero, we assume that contacts smaller
than a duration τ can be ignored. For example, we only
consider contacts with contact duration longer than τ > 30
seconds in practice. This is reasonable in practical exam-
ples such as Bluetooth exchange, where a device discovery,
followed by a service search in the presence of several Blue-
tooth devices, is of the order of a few seconds. In this case,

we have E{tD|tD < T} ≥ τ and E{tD|tD<T}
T−E{tD|tD<T} > τ

T
. Thus:

Pmiss(T ) <
Pshort(T )

Pshort(T ) + τ
T

(17)

Note that this bound may be loose when τ � T .

2.7 Pshort for Different Distributions
We derive Pshort(T ) for several useful distributions in this

section. From the relationship between T and Pshort(T ), we
show 1

2
Pshort(T ) can be used as an accurate estimate of

Pmiss for certain distributions.
a). Poisson Process
Using Eq.(15), we have:

Pshort(T ) =
(1− e−µT )2

µT (1− Pmiss(T ))
(18)

b). Uniform Distribution
Using Eq.(15) and (9), we have:

Pshort(T ) =
2µT

4− µT
=

2Pmiss(T )

1− Pmiss(T )
(19)

when T < 1/µ.
c). Pareto Distribution
Using Eq.(15) and (11), we have:

Pshort(T ) =

8><>:
2τkT1−k−kτ−τk(2T )1−k

T (1−k)(1−Pmiss(T ))
T ≥ τ

kτ+2T (1−k)−τk(2T )1−k

T (1−k)(1−Pmiss(T ))
τ/2 ≥ T < τ

0 T < τ/2

The relationship between Pmiss(T ) and Pshort(T ) is shown
in Fig. 3. We see that for both Poisson and uniform distribu-
tion, 1

2
Pshort(T ) is quite close to Pmiss(T ). With some alge-

bra, we can also show that Pshort(T )/Pmiss(T ) converges to
2 as Pmiss goes to zero for these distributions. This shows
that 1

2
Pshort(T ) can serve as an estimate of Pmiss(T ) for

these distributions.
However, the estimation error can be quite large for the

Pareto distribution. The 1
2
Pshort(T ) and Pmiss(T ) for Pareto

distribution with different values of k are plotted in Fig. 4.
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Figure 3: Relationship between Pmiss(T ) and
Pshort(T ) for Poisson and uniform distribution.
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In this case, Pmiss(T ) can be much smaller than 1
2
Pshort(T )

so that we may unnecessarily drive Pmiss(T ) to a small value
when using 1

2
Pshort(T ) to estimate it. This may result in the

device choosing a small T and wasting energy. However, we
can still safely upper bound Pmiss by 1

2
Pshort(T ) for the

Pareto distribution.

3. TIME-VARYING INTER-CONTACT TIME
DISTRIBUTIONS

Until now, we have made the simplifying assumption that
the inter-contact-time distribution is stationary. This as-
sumption is clearly not true. For example, one would ex-
pect the inter-contact-time patterns, late at night to differ
significantly from the inter-contact-time distribution during
lunch hours or peak traffic hours. This implies that the op-
timal contact probing interval will vary with time. In the
following, we assume that the average contact arrival rate
varies with time.

We assume that the distribution is constant over a dura-
tion L. We assume that the expected inter-contact-time in
the ith interval of duration L is 1

λi
.

From Theorem 1, for the ith interval of duration L, there
exists a fixed contact probing interval Ti, which is optimal.
Then, the expected number of contacts captured during time
period i will be λi(1 − Pmiss(Ti)). Assume that we have a
constraint N , on the number of probes taken over a certain
time period (e.g. you should probe the environment not
more than 300 times in a 24 hour period). We can then



formulate the following optimization problem:

Maximize
P

i λi(1− Pmiss(Ti))

s.t.
P

i
L
Ti
≤ N

Ti ≥ 0 ∀i (20)

Defining the variable xi as 1/Ti and Ui(xi) = λi(1−Pmiss(1/xi)),
the optimization in Eq.(20) can be recast as:

Maximize
P

i Ui(xi)

s.t.
P

i Lxi ≤ N

xi ≥ 0 ∀i (21)

It can be verified that U(xi) is always a concave and increas-
ing function for the distributions we discussed above. Using
the Karush-Kuhn-Tucker (KKT) condition [15], we have:

U ′(x∗i ) = c ∀i (22)

for the optimal solution of x∗i , where c is a function of N ,
contact duration distribution and the set λi. For a given
set of λi, c is determined by N . The larger the value of N ,
the smaller the value of c. In other words c determines the
energy efficiency. The optimal T ∗

i can be solved from:

T ∗
i

2
P ′

miss(T
∗
i ) =

c

λi
(23)

for any given λi. Thus, we can just choose a fixed constant
c and use Eq.(23) to calculate the optimal T ∗

i based on the
estimate of λi for a time period i. This solution minimizes
the missing probability over all time, subject to energy con-
straints, which are determined by the constant c.

Example: Let the contact duration distribution be uni-
form, L = 1 hour, N is the number of times the device
can probe in 24 hours. Then, the optimal contact probing
interval T ∗

i for the arrival rate λi is:

T ∗
i =

r
4c

µλi
(24)

by Eq.(23). If the λi are all equal, then, clearly T ∗
i = 24

N
,∀i.

Therefore c = µλ
4

( 24
N

)2 and P ∗
miss(T

∗
i ) = 6µ

N
.

4. REAL-WORLD CONTACT PROCESSES
Before addressing the issue of designing adaptive contact

probing algorithms, we first take a look at some real contact
pattern data which we collected.

4.1 Data Collection Experiments
In order to characterize contact distributions, we handed

Bluetooth phones to nine volunteers. We also installed static
Bluetooth probes in high traffic areas. The phones had a
J2ME program running on them which initiated a Bluetooth
device discovery every 30 seconds. If other Bluetooth de-
vices are discovered in the vicinity, then the time of contact
and Bluetooth address were captured. Since the probing
software could terminate due to lack of energy, crashes etc.,
we captured the start time and end time of each probing
session. This allowed us to capture contact duration and
inter-contact-time distributions accurately. Over all, we did
424 man days of data collection. 12,332 unique devices were
discovered in our experiment. To the best of our knowledge,
this is the largest volume of unique devices discovered com-

1 10 100

0.01

0.1

1

 

 

1-
F

D
(x

) 
  (

P
ro

ba
bi

lit
y 

fo
r 

co
nt

ac
t d

ur
at

io
n 

>
 x

)

x (contact duration in minutes)

 Buletooth Record

 Curve fitting of (2x) 0.85

Figure 5: Contact duration distribution.

pared to other comparable studies3. For the details of the
experiment, please refer to [10].

Each contiguous set of scans during which a device is dis-
covered is counted as a contact. Assume that a device (say
D) is discovered in m contiguous scans. Then the duration
of the contact with D is the difference between the time of
D’s discovery in the mth scan and the first scan. If a device
is only detected in one scan, we treat the duration of contact
as 30 seconds.

4.2 Distribution of Contact Duration
We first look at contact duration distribution of the Blue-

tooth contact data. Fig. 5 plots the 1−FD(x) curve (prob-
ability of tD > x) in log-log scale. We see that the contact
duration distribution follows a power law (Pareto distribu-
tion). By curve fitting, we can estimate FD(x) = 1−(x/τ)−k

with τ = 30 seconds and k = 0.85. Although the mean for
Pareto distribution with k ≤ 1 is unbounded, the average
contact duration is around 370 seconds in our case. This
is because the probability of long contacts decreases rapidly
when contact duration is longer than 2 hours, and in our
experiments, there were no contacts lasting longer than 5
hours. The fact that the contact duration distribution fol-
lows a power law has also been verified by other studies (see
[13] and references therein).

The fact that the contact duration distribution is Pareto
distributed is a pessimistic result. For the Pareto distribu-
tion, beyond a small threshold probing interval, the missing
probability rises sharply from close to zero as shown in Fig.
2. Fortunately, as a consequence of human mobility, contact
arrival rates are time varying. As we show in later sections,
this can be exploited to achieve significant energy savings.

4.3 Correlation Analysis
In order to see if there is any predictability in the contact

patterns, which will aid us in designing good adaptive con-
tact probing mechanisms, we investigate the autocorrelation
of the contact processes.

Here, we use the autocorrelation function [16]: Define an
aggregated measurement series f(i) as the average of certain
measurements, over a time window of [(i − 1)τ ′, iτ ′]. We
calculate the autocorrelation of the measurement as A(n) =P∞

i=1 f(i) × f(i + n). In this paper, we consider the mea-
surement of three types:

3
In the Haggle [13] studies a maximum of 41 volunteers, probing at

120 second intervals, discovered 200 unique devices over 5 days. In the
Serendipity [12] study, 100 volunteers, probing at 5 minute intervals,
discovered 2798 unique devices over a 9 month period.
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• Contact duration: The average contact duration for the
contacts occurring in a time window.
• Number of new contacts: The number of newly arrived

contacts during the time window of [(i−1)τ ′, iτ ′]. This mea-
surement determines the correlation of inter-contact-time.
• Number of contacts: The number of contacts the device

observes during the time window, including those which ar-
rived in previous windows.

As shown in Fig. 6, the number of contacts and number of
new contacts were highly correlated over short periods and
the correlation dropped faster when the correlation period
is longer than 60 minutes. The contact duration was less
correlated. This indicates that the number of contacts or
new contacts are useful metrics which can be used to design
adaptive contact probing algorithms.

4.4 Correlation at Large Time Scales
The contact processes are highly related to human behav-

ior. Therefore, we expect to see diurnal variations in the
contact patterns. Also, since most people are creatures of
habit, one might expect to see periodicity in the contact
processes over daily or weekly time scales. Fig. 7 shows the
correlation over long time periods. We clearly see the di-
urnal variations. The autocorrelation dropped to zero over
12 hours and had a period of 24 hours. Finally, we do not
see any significant correlation increase over 168 hours (one
week) period.

4.5 Self-Similar Nature
The slowly decreasing slope of the autocorrelation for the

number of new contacts hints that the contact arrival process
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Figure 8: The R/S statistic of the contact arrival
process.

is self-similar [17], [18]. We test for self-similarity over four
time scales of 10, 100, 1000 and 10,000 minutes. We use the
R/S measurement to verify this conjecture. Let Xi denote
the number of new contacts seen in one minute and Yj =Pj

i=1 Xi be the aggregated number of new contacts in j
minutes. Define,

R(t, k) = max
0≤i≤k

[Yt+i − Yt −
i

k
(Yt+k − Yt)]

− min
0≤i≤k

[Yt+i − Yt −
i

k
(Yt+k − Yt)]

and

S(t, k) =

vuut 1

k

t+kX
i=t+1

(Xi −Xt,k)2 , Xt,k =

Pt+k
i=t+1 Xi

k

If E[R(k)/S(k)] = CkH , with Hurst parameter H ∈ (0.5, 1),
then the process is self-similar [18]. From Fig. 8, we see that
our process has a Hurst parameter close to 0.76.

This implies that the contact arrivals are not only long
range dependent but also bursty. An intuitive model for
this is that arrivals follow an ON-OFF process where the
ON and OFF durations have memory. This can potentially
be exploited to achieve energy savings.

4.6 Contact Arrival Rate vs. Time of Day
The contact arrival rate distribution varies with time of

day. In Fig. 9, we plot the average rate at which new con-
tacts are seen at different hours of the day. The contact
arrival rate during the early morning was quite small. This
implies that we can use longer contact probing intervals dur-
ing the early morning to save energy as described in section
3. The variance of the contact arrival rate over time of day
is also plotted in Fig. 9. We see that the variance was quite
large. This shows the contact arrival rate at the same time
period in different days may vary drastically. Therefore, we
can not simply use the time of day to infer the contact ar-
rival rate. As we show in section 5, estimation of arrival
rate will be the key to the contact probing interval selection
problem.

5. ADAPTIVE PROBING ALGORITHMS

5.1 Assumptions and Methodology
In this section we investigate the design of adaptive con-

tact probing algorithms which achieve a good trade-off be-
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Figure 9: Contact arrival rate and its variance over
time of day.

tween the probability of a missed contact and energy con-
sumption. As described in section 2.1, the energy consump-
tion rate is inversely proportional to the average probing
interval, e.g., a device with average probing interval of 30
seconds will consume two times energy than a device with
average probing interval of 60 seconds. From our earlier
analysis in section 3, we see that in order to compute the
optimal contact probing interval, we require k, the power
law exponent for the contact duration distribution and the
arrival rate. From the analysis of our logging data in section
4, we see that arrival rates vary over very short time scales.
On the other hand, we contend that variations in the con-
tact duration distribution, if any, will occur over large time
scales. It is reasonable to hypothesize that contact dura-
tion distribution will always follow a power law, but with
different decay coefficients k over large time scales. This is
validated by the fact that experiments at widely differing ge-
ographical locations have all displayed a power law contact
duration distribution, but with different decay coefficients
k [13], [11], [19]. For the rest of this section, we assume
that the contact duration distribution is known, and focus
on the problem of adapting the contact probing interval to
variations in arrival rates.

We compare the performance of different adaptive contact
probing algorithms by running trace driven simulations on
the data that we have collected. Our data set consists of
contacts logged at a time granularity of 30 seconds.

When calculating the missing probability, we use the Blue-
tooth contact logs, which are based on a 30 second contact
probing interval as the baseline. We apply different adap-
tive contact probing algorithms to filter the contact log data.
Assume that a device D has been logged in our experiments
from time t to t + τ . Then, for a specific adaptive contact
probing algorithm, we say that the contact has been missed,
if the algorithm does not initiate any probe in the interval
[t, t + τ ]. The contact missing probability is computed as
the ratio of the number of contacts missed by the adaptive
contact probing algorithm to the total number of contacts
made in our data logging experiments.

5.2 Performance Bounds
First, for a constant contact probing interval T , we ver-

ify that the relationship between T and Pmiss derived in
equation (12) is correct. From our logging data, we have
computed the decay exponent of the contact distribution
k = 0.85. Since the granularity of our logging experiments
was over 30 second intervals, we set τ = 30. The compar-
ison between the trace driven simulations and the analyti-
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Figure 10: Comparing the missing probability of the
Bluetooth log to theory results.

cal results are shown in Fig. 10. We see that the results
of the simulation are quite close to the theoretical results.
Since the constant contact probing interval algorithm does
not adapt to the changes in the contact arrival rate, we will
use this as the lower bound for the average contact probing
interval to achieve a given missing probability.

We now turn our attention to algorithms which can adapt
to the arrival rate. As shown in section 5, if the arrival
rate is known, we can find the optimal value of the contact
probing interval by solving (23). Since our contact duration
is Pareto distributed, we have:

T ∗
i = τ

„
c(1− k)

λikτ
+ 1

« 1
1−k

, (25)

where k = 0.85 and τ = 30 seconds for our logging data. By
changing the constant c, we can achieve different trade-off
points between Pmiss and T .

We first consider an idealized genie aided algorithm. In
this algorithm, the adaptation is done over one hour blocks,
i.e., the contact probing interval remains constant for one
hour (e.g., T = 5 minutes from 1000 - 1059hrs, T = 7 min-
utes from 1100 - 1159hrs etc.). Furthermore, we assume that
a genie provides the mobile device with an accurate forecast
of the contact arrival rate λi for the subsequent hour i. The
mobile device then sets the arrival rate to T ∗

i computed from
equation (25) for the next hour. The result of this ideal al-
gorithm is compared to the fixed contact probing interval
algorithm in Fig. 11. For the same missing probability of
10%, the ideal scheme uses an average contact probing in-
terval of 300 seconds while the fixed contact probing interval
scheme uses 50 seconds. This indicates that adaptation to
the arrival rate can result in significant energy savings for a
given missing probability constraint.

The improvement in energy consumption comes from the
fact that human behavior is highly dynamic so that the con-
tact arrival rate varies substantially over small time scales.
Therefore, schemes which adapt their contact probing inter-
val to the contact arrival rate can save significant amounts of
energy. Unfortunately, the ideal algorithm is noncausal since
it uses the future arrival rate in selecting the contact prob-
ing interval. This motivates us to design algorithms which
adapt their contact probing interval based on estimates of
the contact arrival rate.

5.3 Heuristic Algorithms
In this section, we discuss heuristic algorithms to estimate

the optimal contact probing interval based on historical con-
tact records. We first study the relationship between the
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Figure 12: Relationship between optimal contact
probing interval and the arrival rate.

optimal T ∗
i and λi to guide our design of heuristics. Fig.

12 shows the optimal contact probing interval for different
arrival rates. We see that when the arrival rate is high the
optimal T ∗

i quickly converges to 30 seconds. This means
we can tolerate a certain amount of estimation error in λi

when the contact arrival rate is high. However, when the
contact rate is small, we need to estimate it accurately so
that we will not underestimate the rate and use extremely
long contact probing intervals.

We compare the performance of three heuristics:
• TOD (Estimation based on time of day): This heuristic

is motivated by two facts, first people are creatures of habit
and Fig. 7, which shows that the auto-correlation peaks at
24 hour lags. The goals is to see whether maintaining long
term history of arrival statistics, will be useful in adaptation.
For this heuristic, we adapt the contact probing interval over
one hour blocks just as in the ideal genie aided algorithm.
We assume that perfect knowledge of the average arrival
rate at different hours in the past is available to the mobile
device (e.g., average arrival rate between 1000hrs – 1059hrs
in the past). The contact probing interval for any hour is
then determined by Eq.(25).
• AIMD (Additive Increase / Multiplicative Decrease):

We test this algorithm for two reasons. First, it is a robust
adaptive algorithm used commonly in networking protocols
such as TCP. Second, our observation that the contact ar-
rival process is self-similar and consequently bursty, implies
that the contact probing interval should decrease sharply
when a new contact is seen. The algorithm adjusts the con-
tact probing interval based on the presence or absence of
new contacts seen in previous probes. If no new contacts

Calculating the contact probing interval Ti in probe i at

time ti
01: if ni new contacts detected in this probe

02: Set estimated new contacts in (ti − Ti−1, ti] as

n̂i = ni/(1− Pmiss(Ti−1)),

/*Pmiss(Ti−1) computed from Eq.(12) */

03: endif

04: if At least one new contact detected in last m minutes

05: Set λi = 60
m

P
tj∈[ti−m,ti]

n̂j

06: Set w = 1

07: else

08: w = w + 1.

09: λi = λi−1 × (w − 1)/w.

10: endif

11: if Time of day is 8 o’clock and λi < 1;

12: Increase λi by 1.

13: endif

14: Set Ti based on Eq.(25).

Figure 13: STAR: Short Term Arrival Rate estima-
tion algorithm

appear, it linearly increases the contact probing interval.
Otherwise, it decreases the contact probing interval by a
factor of 2. Therefore, the contact probing interval quickly
decreases when new contacts arrive, while it slowly increases
when the device sees no new contacts. We also use time of
day information explicitly by setting Ti = 90 seconds at 8
AM in the morning. This is to adapt effectively to the sharp
change in arrival rate from night to day. The actual time for
resetting Ti can be either 8 AM or 9 AM, which has minor
effects on the algorithm performance.
• STAR (Short Term Arrival Rate): STAR uses what we

have learned earlier from the theoretical and data analysis.
If the arrival rate can be estimated accurately over a short
time interval, then the optimal contact probing interval can
be chosen based on Eq.(25). The design of the algorithm is
motivated by the self-similar observation. This implies that
when a new contact is seen, then the estimate of the arrival
rate must rise sharply. Similarly since the OFF duration
(duration when there are no arrivals) also has memory, one
might argue that when no arrivals are seen, one should de-
crease the estimate of the arrival rate sharply. However from
Fig. 12, we see that when λ decreases, the contact probing
interval T increases dramatically. Therefore, decreasing the
estimate of the arrival rate too quickly, will result in large
contact probing intervals and possibly several missed con-
tacts. Therefore, we argue that the arrival estimate should
decay slowly. The description of the STAR algorithm is
given in Fig. 13. Note that, as in AIMD, we increase the
arrival rate estimate at 8 AM. We estimate the arrival rate
over a short time window of m minutes. If no arrivals are
seen in the last m minutes, then the estimated arrival rate
decays as a power law with exponent 1. If a new contact is
seen during a probe, the number of potential new contacts
since the last probe is estimated and used to estimate the
arrival rate. For the results shown in this paper, we use
m = 5.

For all algorithms, we only allow Ti to vary between 30 –
1800 seconds. Fig. 11 shows the relationship of the missing
probability versus the average probing intervals. Recall that
a algorithm is more energy efficient when it can achieve the
same missing probability with longer probing interval. We
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Figure 14: The figure shows the arrival rate estimate
of STAR averaged over one hour blocks vs. the true
arrival rate over the same one hour block

see that the TOD heuristic performs much poorer than the
STAR and AIMD algorithms. For the same missing prob-
ability, the average contact probing interval for the TOD
heuristic is at most 1.5 times larger than the non-adaptive
scheme. This implies that there is no benefit to maintaining
long term history about arrival rates.

The other two heuristics, AIMD and STAR, use the fact
that the contact arrival rate is highly correlated in the short
term (Fig. 6). The performance is much better since the
estimation of arrival rates is more accurate. For example,
at a missing probability of 20%, the average contact prob-
ing interval used by AIMD can be nearly 3 times larger
than non-adaptive scheme and 2 times larger than TOD. In
other words, the AIMD can use one third contact probes to
achieve the same missing probability. The STAR algorithm
is the best among the three heuristics and its average con-
tact probing interval is around 20% larger than the AIMD
heuristic for the same missing probability.

5.4 Analysis of the Heuristics
To better understand the performance of the STAR heuris-

tic, we plot the arrival rate estimates of STAR in Fig. 14.
We see that the estimated arrival rate is quite close to the
real value except that it sometimes overestimates the arrival
rate. As in our previous discussion, overestimation will not
greatly impact the contact probing interval when λi is large.
However, when λi is small, we will use a much smaller con-
tact probing interval than the ideal algorithm. As shown
in Fig. 15, although we only slightly overestimate the ar-
rival rate during the night periods (e.g., time periods from
48-51 hours), the contact probing interval is much smaller
than the ideal algorithm. This explains the gap between our
heuristics and the ideal algorithm. Compared to the AIMD
heuristic, the STAR algorithm increases the contact probing
interval faster when the arrival rate is low and gives quicker
response when the arrival rate increases, as shown in Fig.
15(b).

Fig. 16 shows the short term missing probability of STAR.
We see that the short term missing probability can some
times reach 100%. This is due to the fact that the STAR
algorithm uses long contact probing intervals when the es-
timated arrival rate is low. However, as we see in Fig. 16,
the missing probability is high only in time periods where
contact arrival rate increases rapidly. The number of con-
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Figure 15: Comparison of the estimated contact
probing interval of STAR and AIMD versus the ideal
algorithm

tacts in time periods when there is a big difference between
the actual arrival rate and estimated arrival rate is small.
Therefore, even though the missing probabilities in these
time intervals are large, the average missing probability over
time is small. As shown in section 2, the constant probing
interval scheme is optimal if the application requires a hard
guarantee on the missing probability over every time period.
However, this scheme consumes more energy than adaptive
schemes as shown in Fig. 11.

Finally, we discuss the relative performance of STAR ver-
sus AIMD. Note that although STAR tracks the ideal algo-
rithm much more closely, its average contact probing inter-
vals is only 20% better than AIMD. This is because when
the contact arrival rate is large, the contact probing interval
for both STAR and AIMD is small. However, the number
of occasions when STAR’s contact probing interval is much
larger than AIMD (i.e. 1800 seconds for STAR), is relatively
small. Consequently, upon averaging, STAR’s average con-
tact probing interval is only 20% larger than AIMD. An im-
portant fact to note that AIMD is much simpler than STAR
and requires no prior knowledge of the contact distribution
and yet uses only around 20% more energy than STAR.
However, we see that the performance of STAR is not very
sensitive to the parameters of contact duration distribution.
Fig. 17 shows STAR running with different k values from
0.7–1.2. We see that the performance with inaccurate distri-
bution parameters are very close to the one with k = 0.85.
This significantly simplifies implementation of STAR, since
exact knowledge of the parameters of the contact duration
distributions is not required.
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Figure 16: Short term missing probability of the
STAR algorithm.
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Figure 17: Performance of STAR with inaccurate k
estimations.

5.5 Proof of Concept
To demonstrate that STAR is implementable and feasible

in real world situations, we implemented the STAR algo-
rithm in Symbian C++ and installed on Bluetooth mobile
phones. The parameters were chosen based on the trace
driven simulations for a missing probability of 0.1. The
complied SIS file is only 12kB in size, illustrating that it
can easily be deployed on a variety of wireless devices. Fig.
18 shows the probing interval for STAR for one mobile phone
carried by a volunteer over a 24 hour period and the num-
ber of contacts detected during that period. It is difficult to
do comparative studies of the algorithms in the real world.
This is because multiple devices running the different prob-
ing algorithms will have to be carried by the same person
over long durations. Moreover, the device discoveries from
the different devices can interfere with each other, resulting
in inaccurate statistics.

6. RELATED WORK
User mobility has profound impact on the performance of

wireless networks. It has been shown that the capacity of
wireless networks can be improved by random [3] or con-
trolled [20] mobility. The impact of user mobility in delay
performance and forwarding algorithm design has also been
widely studied in DTNs which use Bluetooth or WLAN [4,
21, 22, 19]. In this paper, we study how user mobility will
effect energy efficiency in device discovery for Delay Toler-
ant Applications. Our protocol provides a energy conscious
device discovery service, which can be used by many delay
tolerant applications.
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Figure 18: Number of new contacts and the probing
interval for a given day.

In [23], the authors observe that existing mobility models
are too simple and do not accurately reflect user mobility.
Based on WLAN traces from various universities, they ob-
serve that people have location preferences, which they visit
periodically. They then propose an empirical model to sim-
ulate user mobility and validate it with WLAN data traces.
The goal of this paper is modeling user mobility and contact
patterns and not to derive contact probing algorithms.

In [24], the authors again consider WLAN traces from
UCSD and Dartmouth. They analyze the statistics of inter-
pair contact time distribution, i.e., the time between subse-
quent meetings of a specific pair of nodes. This metric is
especially useful for DTNs. They show that the inter-pair
contact time distribution is self-similar. In our work, we con-
sider traces of a different process, namely the set of contacts
made as a user moves around. This contact process is signif-
icantly different from that obtained from WLAN traces. In
WLAN traces, contacts between users can be inferred only
if two users associate with the same access point at the same
time. Contacts between users at locations where there are
no access points cannot be inferred. Also, we characterize
the inter-contact time, i.e., the time between the discovery
of two new contacts. This metric is useful for both DTN
and DTD applications.

Energy efficient Bluetooth device discovery has been stud-
ied in [25, 26]. However, they focus on the Bluetooth pro-
tocol stack. Our algorithms are independent of the com-
munication protocol and adapt to user mobility to conserve
energy for device discovery, making them applicable to many
communication systems.

Stochastic event capturing schemes are studied in wireless
sensor networks [27]. In [27], optimal visiting routes are de-
vised for mobile sensors to capture events which randomly
happen in different Points of Interest. The event process is
assumed to be memoryless and the parameters of the pro-
cess are known in advance. In our study, we investigate
real-world contact process which are more complicated than
memoryless arrival and departure process. The analysis in
this paper can be applied to a general renewal process and
our algorithm can dynamically adapt to unknown parame-
ters in the process.

7. REFLECTIONS
In this paper, we have identified that contact probing

mechanisms play a critical role in certain mobile delay tol-
erant applications. In these applications, mobile devices pe-



riodically probe their environment for the presence of new
contacts. We investigated the design of energy conscious,
adaptive contact probing algorithms which trade-off energy
consumption and the probability of missing a contact. Our
key contributions were (i) a theoretical foundation which
aids in the design of adaptive contact probing algorithms,
(ii) real-world experiments and characterization of empirical
contact patterns, (iii) design and validation of an adaptive
probing algorithm (called STAR) via trace driven simula-
tions. We demonstrate that STAR is three times more en-
ergy efficient than a naive constant probing algorithm. We
now reflect on what we have done:
• Exploiting contact bursts: Our empirical data shows

that contact duration is Pareto distributed and the new con-
tact arrivals are self-similar, meaning they are bursty. Not
surprisingly, it is advantageous to exploit the bursty nature
to find a good trade-off between missing probability and en-
ergy. This is what STAR implicitly does.
• Sensitivity to contact duration distribution: We note

that STAR, which uses knowledge of the contact duration
distribution, has an average contact probing interval that is
only 20% larger than AIMD, which requires no such prior
knowledge. However, we observe that the performance of
STAR is not sensitive to the exact parameters of the con-
tact duration distribution. This implies that individuals do
not have to learn their personal contact duration statistics
and greatly simplifies implementation.
• Maintaining short term Pmiss: From Fig. 16, we see

that even though STAR maintains a low missing probability
over large time scales, it can miss a relatively large fraction
of contacts in the short term. This is because we have so
far assumed that when a device is not probing, it has no
way of knowing if new contacts have arrived even if those
new contacts are probing. However, if devices are cognizant
of the fact that they have been probed, this information
can clearly be used to better adapt the probing interval and
thereby reduce the short term contact missing probability.
We point out that our analysis and simulations were moti-
vated by current Bluetooth implementations, which do not
expose the fact that a device has been probed, to the appli-
cation. However, this constraint is not fundamental and can
easily be relaxed.
• Synthetic Contact Models: Our empirical data set for

contact patterns is much larger than any comparable data
set. We have learned quite a bit about mobile device contact
patterns and are certain that there is much more that can
be gleaned. In addition, we believe that our data set and
analysis can be used to develop synthetic models for real
world contact patterns, as done in [28] (for modeling Internet
traffic) and [23] (for modeling association with WiFi access
point).
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