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Abstract
The dynamic nature of opportunistic networks results in long delays, low rates of success for
deliveries, etc. As such user experience is limited, and the further development of
opportunistic networks is constrained. This paper proposes a prediction-based routing method
for opportunistic networks (PB-OppNet). Firstly, using an ARIMA model, PB-OppNet
describes the historical contact information between a node pair as a time series to predict the
average encounter time interval of the node pair. Secondly, using an optimal stopping rule,
PB-OppNet obtains a threshold for encounter time intervals as forwarding utility. Based on
this threshold, a node can easily make decisions of stopping observing, or delivering messages
when potential forwarding nodes enter its communication range. It can also report different
encounter time intervals to the destination node. With the threshold, PB-OppNet can achieve a
better compromise of forwarding utility and waiting delay, so that delivery delay is minimized.
The simulation experiment result presented here shows that PB-OppNet is better than existing
methods in prediction accuracy for links, delivery delays, delivery success rates, etc.
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1. Introduction

Opportunistic Networks (OppNet) [1] are new network architectures derived from Ad hoc
networks. They can transfer the packets through multiple hops while the nodes are moving
around, and can finally reach the destination node when in a separate network. Contact refers
to a connection between the nodes. When the nodes (for instance, a vehicle equipped with an
802.11p communication device or a mobile smartphone user) enter the communication range
of each other, then the link is established and the communication occurs. When leaving the
communication range, the link and the communication are disrupted. In opportunistic
networks, contact is opportunistic rather than deterministic. Due to the mobility of the user, the
end-to-end link is no longer reliable, which makes traditional routing ineffective. Instead,
opportunistic networks perform a “store-carry-forward” model to deliver messages via
multiple hops.
Opportunistic networking is low-cost and easy to deploy. These characteristics make it a
basic network architecture in Vehicular Ad Hoc Networks (VANET), mobile data offloading
[2], cooperative content sharing [3][4], mobile computing offloading [5], etc. With
opportunistic networks, message delivery, content distribution, resource sharing and other
functions can be realized regardless of the infrastructures and only need of a small number of
infrastructures in the remote highways, urban transport, mobile social networking and other
scenes. In conclusion, these opportunistic networks application systems have many prospects.
Their performance and the experience of users are largely dependent on the network
transmission service provided by opportunistic networks.
However, the dynamics of the network topology is still a key constraint of opportunistic
networks’ service quality. The NetSense dataset [6] is a collection of the Bluetooth and WiFi
connection logs of two hundred students in The University of Notre Dame. The result [6]
shows that the average encounter time interval is about 16 hours. Thirty percent of the node
pairs have an encounter time interval no more than tens of minutes, while twenty percent of the
nodes pairs have an encounter time interval over a week. From the perspective of link duration,
forty percent of node pairs have link durations no more than one minute. The dynamics make it
difficult to determine a forwarding path. Therefore, in order to improve the performance of
transmissions, most of the state-of-art methods use multiple copies of the message. Besides,
they choose suitable next hops according to the criteria of forwarding utility [7]. However,
there are still several problems. (1) The success rate of delivery is low. Messages are discarded
while transferring because of timeouts or buffer overflow. The success rate of delivery is
normally 50% [1]. (2) The delays of deliveries are long. Because of the dynamics, the
store-carry is aimless. It may take hours or days to successfully deliver the message. (3)
Multiple copies stored and transferred in the network are bound to require a lot of storage
space and consume lots of energy. (4) Due to the lack of real-time end-to-end paths in
networks, the response of network service requests is unknown and the waiting time is
unpredictable, which significantly affects the user’s experience.
In many opportunistic networks, the movement of nodes and the contacts between nodes is
a reflection of people's daily movements and activities. Individual activities always follow a
routine. Based on this assumption, we believe that it is possible to predict the dynamic changes
of links in opportunistic networks. In this paper, we propose a prediction-based routing
method in opportunistic networks. Firstly, we use the predicting algorithm to obtain the
average encounter time interval of the nodes pairs, and regard these as the forwarding utility to
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the destination node. Each node learns this forwarding utility of the nodes that it contacted in
the historical time series, and then predicts the forwarding utility of the nodes that it will
contact in the future. At last, the forwarding utility and the waiting delay are compromised to
obtain the minimum delivery delay.
The rest of the paper is organized as follows. Section 2 describes related work. Section 3 describes the
framework of the prediction based routing algorithm. Section 4 describes the optimal stopping decision
method for routing. Section 5 describes the link prediction algorithm. Section 6 is a simulation
experiment with a performance evaluation. The last part is a conclusion.

2. Related Work
Routing schemes in opportunistic networks can be classified into several types. The most
typical is a flooding scheme, with or without a limited buffer size, such as the work of
Spyropoulos et al. [1]. Too many replications will greatly degrade the performance of this type
of routing method. The prediction-based routing algorithm, including algorithms that predict
forwarding utilities using historical contact information such as Prophet [7] and OPF[8], can’t
describe periodical mobility of nodes properly. Recently many social-based routing protocols
have been proposed, such as Bubble[9] and SDM[10]. Buddle builds up cumulative contact
length of time for community detection. SDM overcomes this deficiency but we can see that
many nodes in the real world like taxis do not have this societal property. Therefore,
social-based routing may become inefficient in some cases.
In a variety of routing algorithms in opportunistic networks, the key technique is about how
to take full advantage of the historical evolution of the network topology and predict the
changes of links. In the early design of routing in opportunistic networks, routing features that
do not change over time are used to indicate the probability of the next link’s establishment,
such as the average contact length of time, contact frequency, etc. There is a prediction method
based on contact length of time in history[7]. Nodes that have more frequent contacts in the
past have a larger contact probability in the future. If two nodes haven’t contacted each other
for a long time, the probability of a link establishment between them will age as time goes by.
Using average contact intervals in history is also a simple and effective link prediction
method[8]. Each node in the network dynamically maintains the average contact interval with
other nodes. The smaller the time interval is, the more frequently they meet, and the higher the
probability of a link establishment is in the future. The duration of the link is also an effective
measurement. In conclusion, this kind of link prediction method uses the historical
information of a link. They can be regarded as the simplest predicting methods based on a time
series. They do not need global information and have a low computational complexity, and it’s
easy to realize these methods. However, they lack a theoretical basis, can’t discern internal
rules of link changes, and can’t predict links that never occurred in history.
Opportunistic networks are consistent with the statistical properties of complex networks,
so we can use methods of complex networks for link prediction in opportunistic networks.
Link prediction based on similarity [11] refers to predicting the probability of links by the
similarity between nodes. If two people have the same topology features such as common
neighbors, or they have the same age, gender, profession, interests and so on, they must be
very similar. Then the probability of a link establishment between these two people is high.
Stochastic block modeling (SBM) [12] is a method based on maximum likelihood. Its basic
idea is to divide the nodes in networks into groups using the modularity characteristic of
networks. Whether there is a connected link between the two nodes or not is determined by the
groups they belong to. Link predictions based on complex networks are actually methods that
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regard the historical link information as static, known, global topological information to
predict unknown or impending links, rather than reflecting the rules of topologies evolving
over time. It also lacks a consideration of the given date, place and other known conditions.
We need to combine some methods of the time series analysis and the parameter estimation to
improve the application efficiency of link predictions based on complex networks.
Mobility prediction is also expored in VANETs [14] and mobile communication [15][16]
[17]. ERBA [14] is an energy-efficient routing protocol. It predicts movement trends and
makes routing recommendations using information including current directions, vehicular
category information, driving behavior patterns and road map information. The strategy in
Ref.[15] forecasts user mobility based on telecom calls and implements a cloud-based location
related service that can make online mobility predictions for value-added telecom services.
NextCell [16] is a novel algorithm that aims to enhance the location prediction by harnessing
the social interplay revealed in cellular call records.

3. Opportunistic Network Model and Routing Framework
3.1 Opportunistic network model
All nodes moving in a limited area, of which the number is NUM, constitute a node set V. Each
node i ∈ V is equipped with an omni-directional antenna. According to their given mobility
model, nodes belong to different kinds have different movement patterns but have the same
communication range. Nodes within each other’s transmission range can only perform
single-hop data transmission directly while indirect links of multi-hops do not exist. We
suppose that all nodes have the same constant bandwidth and can generate messages with
certain destinations. Buffers of all nodes are the same and all messages are stored in it. Assume
that the network runs in time slots with length T. Nodes in idle channels inform others of their
configuration information and detect the configuration of their neighboring nodes. We also
suppose that two nodes can replicate all the messages that satisfy the forwarding policy when
they meet with each other. Each message has two attributes: the remaining hop count H and
the time-to-live TTL. When replication occurs in two nodes, the hop counts of the copies in
these two nodes become H-1. If the H value in one replica decreases to 0, the replica cannot be
replicated by other nodes except for the destination node. TTL decreases with time slots and
the message is deleted from the buffer if TTL=0.
3.2 Routing algorithm Framework
TS j
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Fig. 1. Data structures maintained by node j

In order to run the routing algorithm, each node maintains several data structures shown in
Fig.1. Fig. 1(a) shows an encounter time interval sequence matrix noted as TS j where the i-th
row records the encounter time interval sequence between node j and node i. This interval
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sequence matrix will be used by the link prediction algorithm based on time series analysis to
deduce the next time interval between node j and other nodes. Fig. 1(b) shows a predicted time
interval matrix noted as T all where element tij represents the predicted average encounter time
interval between node i and node j. Fig. 1(c) is an observation matrix denoted by M j where one
column is added for each time slot, and each column records the predicted encounter time
interval between one reporting node and all the other nodes, so the elements of the d-th row
form a sequence, recording encounter time intervals between potential forwarding nodes in
turn and node d.
Data structures are maintained as follows. Node i ∈ V checks the channel at each time slot. If
the channel is an empty node i, it will broadcast a configuration message containing the node

ID and an vector of the average encounter time intervals Ti = (ti −>1 , ti −> 2 ,..., ti −> NUM ) , where the
variable ti −> d , ( d ∈ V ) represents the average encounter time interval between node i and
another node d. If node j ∈ V successfully receives the configuration message from node i,
node j will first update matrix TS j , adding an element recording the time interval between the
last encounter of the node pair (i, j) and the new one. Subsequently, node j will replace the i-th


row of T all ( NUM × NUM ) with vector Ti . Finally, node j adds Ti as a column to M j . Node j regards
all the ti −> d as the observed values of Td and fits a distribution of random variables Td on these
values for subsequent routing decisions.
If node j receives a configuration message from i in some time slot, it will decide which
messages to replicate to i according to the routing decision method based on the optimal
stopping theory. If node j copies the message with remaining hop H to i, the hop counts in both
i and j will become H-1. If H=0, messages can only be copied to destination node d. Thus the
maximum number of replicas of a message in the network are 2H.

4. Optimal Stopping Decision Methods for Routing
4.1 Decision problem of the minimum expected delay
As described before, when node j takes a message destined to d and receives the configuration
message from node i in slot N, it will decide whether to copy the message to i according to the
observed value ti −> d . Two cases exist in the decision process: one is that t x −> d of node x that it
observes in the following time-slots are all larger than current observed value t x −> d , thus j
should replicate the message to i immediately. The other case is that t y→d of node y that it met
in time slot N+1 satisfies t y −> d + T < t x −> d , thus delivering this message to node y in slot N+1 with
a lower delay. Therefore, node j needs to select an appropriate slot to obtain a lower delay.
This problem can be modeled as an optimization of minimizing expected delivery delays.
As messages are copied among multiple nodes, nodes holding the message m form a node
set Vm. Thus, the routing decision of node j ( j ∈ Vm ) aims to minimize the expectation of the
minimum average delay E (min s∈V {i}{Ts − > d }) in set Vm  {i} destined to d by choosing a slot N
and copying the message to i that j meets in N. We describe this problem as MED (Minimum
Expected Delay) and solve it based on the optimal stopping rule.
m

4.2 Selection of forwarding slots using optimal stopping rules
Define a sequence of random variables X1, X2, …, with a known joint distribution and reward
functions y0, y1(x1), y2(x1,x2), … , y∞(x1,x2,…). After observing X1=x1, X2=x2, … , Xn =xn, we can
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either stop and receive the reward yn(x1,x2,…,xn), or continue to observe xn+1. Optimal stopping
rules choose a stopping time N * to maximize the expected reward E[YN ] .
*

Assumption 1. The random sequence, which consists of the contact time interval between
destination node d and node i encountered in each time slot, is independent and identically
distributed.
For the MED problem, the optimal rule is to choose a slot N * to satisfy:
min


=
N * arg E 
{Ts → d | s ∈ Vm } ∪ {N ⋅ T + Ti → d } 
 N = 0,1, 2,...


(1)

or :
max
max
arg
N * arg
E (T=
E (YN )
=
s→d − T i→d − N ⋅ T )
2,...
N 0,1,
N 0,1, 2,...
=
=

(2)

In the formula,
YN= Ts −> d − Ti −> d − N ⋅ T , N= 1, 2,...

(3)

represents the reward function of MED problem. According to assumption 1, Ti −> d is also
independent and identically distributed.
As the above definitions, the contact interval Ti −> d between i and d is the random variable,
and Ts −> d , s ∈ Vm is known. For computational convenience, we consider that the node s observes
itself and Ti −> d = Ts −> d if no other node is observed in a time-slot. In addition, we believe that in
most cases a node observes only one or zero nodes in a time slot. This has been proved by the
simulation results. Therefore, we can select the best node whose Ti −> d is the smallest as the
observed value for the approximation if the node observes several nodes.
Proposition-1
For the MED problem, there exists a stopping rule N * , and:
(4)
N * = min{N ≥ 1: (Ts −> d − Ti −> d ) ≥ V *}
where

V * is

the solution of the following equation:
E[Ts −> d − Ti −> d − V * ]+ =
T

(5)

The notation [*]+ means to select only positive values.
Proposition-1 shows that messages can be replicated to the current observed node if the
observed value is within a range.
4.3 Existence proof and solutions of the optimal stopping rule
We use optimal stopping theory to prove Proposition-1.
The description in the reward function (3) indicates that every node needs to probe at least
one other node at least one time if it wants to replicate the message to others. Thus, N is a
non-zero natural number. Next, we obtain the optimal rule through a general method.
First Step: prove the existence of the optimal stopping rule.
According to Theorem 3.1[13], the optimal stopping rule exists when satisfying the
following two conditions:
A1. E{sup N YN } < ∞

(6)

A2. limsup N →∞ YN ≤ Y∞

From the definition of our reward function YN , we can easily find that
and Y∞ = −∞ . That is because − N ⋅ T − > −∞ when N − > ∞ and (T − T
s−>d

lim sup N −>∞YN = −∞

i−>d

)

has a range
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whose max(T − T ) and min(T − T ) exist and have specific values in a network.
Therefore lim sup N −>∞YN ≤ Y∞ = −∞ and A2 are proved. Also, for any N=1, 2, 3, 4, … , sup N YN < ∞
so E{sup N YN } < ∞ and A1 is proved.
In summary, the reward function satisfies both A1 and A2. Therefore optimal stopping rules
exist in our reward function.
Second step : obtain the solutions of the optimal stopping rule.
According to solutions of 4.1[13] and theorem 3.2, for the reward function YN=XNN⋅T of
the MED problem, if the distribution of XN is time-independent, then the optimal stopping rule
s−>d

i−>d

s−>d

i−>d

*

presents a threshold structure. In other words, let V denote the expected return of the optimal
*
*
stopping rule. If TN < V , the node should continue observing, and if TN ≥ V the node should
stop and replicate. In this way, combined with Assumption 1, the stopping rule becomes:
N*=min{N≥1:XN≥V*}

(7)

According to the optimality equation (3.2 in [13]), solutions to stopping rule V * are:
=
V * E max{T1 ,V *} − T
=

∞

V*

∫−∞ V * ⋅dF (t ) + ∫V * t ⋅ dF (t ) − T

(8)

Let:
=
V*

+∞

∫−∞ V

*

⋅ dF (t )

(9)

Combining (8) and (9):
+∞

∫−∞ V
V*

∫−∞ V
∞

∫V

*

*

*

⋅ dF (t ) =

V*

∫−∞ V

*

∞

⋅ dF (t ) + ∫ * t ⋅ dF (t ) − T ⇒

∞

V

+∞

⋅ dF (t ) + ∫ * t ⋅ dF (t ) − ∫ V * ⋅ dF (t ) =
T⇒
V

−∞

T
(t − V * )dF (t ) =

(10)
In these formulas, F represents the common distribution function of TN .
For a discrete variable=
TN Ts −> d − Ti −> d , we can deduce the following result in a similar way:
(11)
E (TN − V * ) + =
T
Therefore, Proposition1 is proved.
*
Calculation methods for the threshold value V .
There are two methods to calculate the threshold V * . The first method is to regard the TN as a
discrete variable and use the formula (11). It is necessary to sort all the possible values in
descending order and try each value interval to see if it satisfies (11). This will cost O(n)
operations. The other method is to regard the TN as a continuous variable and use (9). We
would have to fit a curve and it is a little bit complex. Thus, we adopt the first method.
4.4 Analysis for Assumptions of the Optimal Stopping Rule
When we use the optimal stopping rule to solve the MED problem, these assumptions must be
met: random variables X N (in our model=
TN Ts −> d − Ti −> d are the random variables) must be
independent and identically distributed (i.i.d). There is a strong relationship between the
validity of the assumption and the granularity of the time slot and the mobility model. If the
node movement area is uniform (there are no such different types of area like urban and
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suburb) and node velocities fluctuate narrowly, random variables TN tend to be identical. If the
node movement range is large and the time-slot granularity is big enough, TN will have less
relativity. For simplicity, we consider time-slot granularity and movement area in our network
to satisfy the i.i.d assumption. In practical applications, we can divide the area into several
sub-regions to enhance the validity of this assumption. We will illustrate satisfactory
situations with statistical data in experimental evaluations.
4.5 Analysis of Message Replication Processes
Based on the routing framework and the optimal stopping rule, PB-OppNet works as follows.
In Fig. 2, if maximum hop H is limited to 2, the forwarding process is as following. For the
case where Vm = {a} when H=2, if in some time-slot, node b satisfies formula (3) by calculation
of formula (4), a will replicate the message to b. We must add the common distribution of Ti −> d
to the message for the later calculation of V * in formulas (3) and (4). After this is done,
Vm = {a, b} and H=1. The result is shown in Fig. 2.(a). When b meets c, b will also determine
whether to replicate or not. However, this time PB-OppNet needs to update threshold V * using
the distribution of both a and b because there are two observation points (a and b) for the
message in Vm . Both of these nodes can forward the message, so we can treat them equally and
the equality lies in the Ti −> d distribution updates, which is replaced with an average on a and
b’s common distribution. If c gets the replica, the results will be like Fig. 2. (b).
a

H=2

H=1

a

b
Vm

(a)

(b)

Fig. 2. Copy messages with 2 hops

As Fig. 3 shows, if H is limited to 3, H equals 1 after two replications and c meets y in some
time slot. The following situation may exist in Fig. 3 (a). There, c knows Vm ' = {a, b, c} to be the
set that holds the message replicas, but instead the set is Vm = {a, b, c, x} . Due to inaccurate
knowledge in c, the calculation using formula (4) for the optimal stopping rule may lead to
differences. This kind of difference grows as the hop count increases. In Fig. 3 (b), Vm ' has two
fewer elements than Vm .
a

H=3

a

H=3

H=2

a

H=1

x

H=2

a

H=1

x

b

b
c
Vm
y

H=0

(a)

H=0

c
z

Vm

(b)

Fig. 3. Copy messages with 3 hops

y
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In conclusion, when H=2, we can calculate all stopping moments accurately every time the
node performs a replication according to (4), but this also limits the maximum number of
replicas to four. When H>2, the stopping rule calculation may be inaccurate due to the lack of
global knowledge of set Vm . In this process, we can see that it will cost O(n) time if nodes
dynamically calculate the threshold for every message.

5. Prediction Algorithm of Contacting Intervals
The changes of network topology over time are divided into several snapshots of equal length.
Each snapshot may include one or more slots. According to the links in each snapshot, we
obtain a weighted undirected graph and an adjacency matrix as shown in Fig. 4. The edge
weight or the elements of the matrix represents the number of link establishments in the
snapshot. Using all the link changes in the history, we can obtain a series of snapshots
represented by (G1, G2, G3,…, Gt). Thus, the link prediction refers to predicting Gt+1 according
to the given snapshots series (G1, G2, G3,…,Gt).

Fig. 4. Network snapshots

If we use the link prediction algorithm based on complex networks and the snapshots series
in Fig. 4, we need to know the global topology information. Then we can grasp the
dependencies between links and predict the impending links that are absent in the history.
Another link prediction algorithm is based on time series, thus only needs the contacting
frequency in history of one pair of nodes and can predict the link establishment of this pair.
These two algorithms are conceptually orthogonal and can complement each other to improve
the link prediction accuracy. However, according to the routing algorithm framework
described in section 3.2, each node only completely stores the topology information of links
ever related to itself. Furthermore, considering the complexity of the algorithm, we choose to
use the univariate time series analysis method for link prediction.
Firstly, according to the TS matrix of node j as shown in Fig. 1, row i indicates the
historical contacting interval between node i and node j, which is represented as (M1(i,j),
M2(i,j),…, Mt(i,j)). For the next contacting interval Mt+1(i,j) must be predicted, and (M1(i,j),
M2(i,j),…, Mt(i,j)) refers to the background interval series. Then we use the general ARIMA (p,
d, q) model (Auto Regressive Integrated Moving Average Model) for time series prediction. In
the formula, p is the autoregressive order, q is the order of the moving average, and d is the
difference times in order to make the time series stable.
ARIMA(p，d，q) is represented as：
j p ( B )(1 − B ) d M t (i, j ) =
q 0 + q q ( B ) wt
(12)
j

B is back operator,

BM t (i, j ) = M t −1 (i, j )

. The operator

j p ,q q

separately represents the

polynomial function of B: j p ( B)= (1 − j1B − j2 B − ⋅ ⋅ ⋅j p B ) and q q ( B)= (1 + q1B + q 2 B 2 + ⋅ ⋅ ⋅q q B q ) .
2

p
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The average of w is zero. The variance is the white noise sequences of δ w2 . The sequences
u (1 − j1 − j 2 − ⋅ ⋅ ⋅j p ) , u is the average.
j ,j , ⋅ ⋅ ⋅j and q1 ,q 2 , ⋅ ⋅ ⋅q q are constants. By the function q=
0
In the model fitting process, we choose optimal models from spaces of p = 0,1, 2,3 , d = 0,1 ,
q = 0,1, 2,3 . We choose the minimum information criterion, AIC (Akaike Information
Criterion). Then we use its optimal model to predict the interval of the T+1
contacting M T +1 (i, j ) ' . AIC is calculated as follow:
t

1

2

p

T

∑

=t max( p , q ) +1

AIC ln(
=

( M t (i, j ) − M t (i, j ) ') 2

T − max( p, q )

)+

2( p + q + 2)
T − max( p, q )

(13)

6. Simulation and Performance Evaluation
6.1 Scenario and Parameter Settings
Simulations and evaluation of PB-OppNet are implemented in ONE (Opportunistic Network
Environment) [18], which is specially designed for opportunistic networks. In order to
simulate real life opportunistic networks, we introduce the data set provided by the
“Cab-spotting” project. This data set [19] records more than 500 taxis for 30 days in San
Francisco and each taxi reports the location every 60 seconds. We select different times in the
data set as simulation seeds to ensure simulation differences if we want to do the experiment
several times. Other parameters are set in Table 1.
Table 1. Parameters for simulations
Parameter
Value
Number of node
500
Transmit range (m)
30
Transmit speed (MBps)
10
Buffer size (MB)
5-50
Message size (KB)
500~1024
Message creation interval (s)
30
Slot time (s)
60
Message time to live (h)
333
Simulation time (h)
333

We must first verify the optimal stopping model assumptions and introduce the internal
tuning process of PBR-OppNet, covering factors including the interval prediction, the slot
length, the global information and local information, and then the optimized PBR-OppNet is
compared with several methods.
We compare PBR-OppNet with Epidemic, SprayAndWait and Prophet. Epidemic is a pure
flooding scheme where each node copies messages to any node it encounters. SprayAndWait
[1] is a flooding scheme with a limited buffer size, where each node copies messages to limited
early encounter nodes and then waits for the target node to appear. Prophet [7] is a prediction
based routing algorithm, which predicts forwarding utility using historical contact information.
Comparison metrics include delivery rate, forwarding cost, and average delay. Delivery rate is
the number of delivered messages/number of all messages. Forwarding cost (overhead ratio) =
(number of forwarding – number of delivered messages)/ number of delivered messages.
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Average delay = the mean time of the messages delivered from the source node to the
destination node.
In the comparison, the network scale and the buffering size are two most important
parameters. Other parameters may include bandwidth, moving speed and density of nodes etc.
The speed of motion is fixed by the real tracing data set. The bandwidth factor is also
simplified in our model by assuming that the bandwidth is large enough, so that the
communication time can meet the demand for all messages delivered. The density of nodes
has been reflected in the scale of the network parameter, because the fixed regions of the nodes
distribution and the number of nodes representing density change.
6.2 Contact Interval Prediction Performance
A pair of nodes i and j are chosen. Thirty previous intervals of this node pair are used to
evaluate the interval prediction process. The first 25 intervals are training data. We choose an
optimal model from spaces of p = 0,1, 2,3 , d = 0,1 , q = 0,1, 2,3 . Models with d=1 have better
stationary behavior than those with d=0. AIC values for ARIMA models with d=1 are listed in
Table 2. Therefore, ARIMA(2,1,3) is chosen as the best model to predict the interval of the
T+1 contacting M T +1 (i, j ) ' . The curve predicted by ARIMA (2, 1, 3) and the prediction
precision are shown in Fig. 5 and Table 3.
Table 2. AIC values for ARIMA models
MA(0)
MA(1)
MA(2)
MA(3)
AR(0)
60.61
61.49
62.27
64.26
AR(1)
61.26
63.25
64.27
63.44
AR(2)
63.22
64.64
64.20
57.04
AR(3)
62.97
62.45
57.53
59.97

Fig. 5. predicted curve of ARIMA(2,1,3)

Time
26
27
28
29
30

Table 3. prediction precision
Real
Predicted
Error
12
7
42%
180
358
98%
24
13
46%
96
84
12%
9696
5716
41%

6.3 I.I.d Assumption Explanation of Random Variable XN in Each Time Slot
Firstly, using the assumption 1, we illustrate the random variables Ti→d in each slot satisfy an
identical distribution. We set the time-slot to 60s to be consistent with performance evaluating
experiments. We run 20 slots each time and repeat the experiment 10000 times. Fig. 6 shows
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the cumulative distribution of Ti→d in the first three slots of node 1. We can conclude that Ti→d
substantially has the same distribution in the first three slots.

1.0

0.08
correlation coefficient

0.8
0.6
0.4

slot 1
slot 2
slot 3

0.2
0.0
0

200

400 600
time(1000s)

0.04
0.00

-0.04

800

60

120
180
time-slot(s)

240

Fig. 7. Correlation of TN .

Fig. 6. Distribution of TN

According to probability theory, when the joint distribution of a two-dimensional random
variable (X, Y) is a two-dimensional normal distribution, the independence and irrelevance of
X and Y are equivalent. Therefore, we can measure their independence by the correlation of
two random variables. Fig. 7 gives the relationship between the correlation of two adjacent
slots and slot lengths. The figure indicates that when the slot length is 60s, the correlation is
lower than 0.1. As the slot length increases, the correlation substantially decreases. When the
slot length is over 120s, the correlation will be nearly zero.
6.4 Performance Comparison under Conditions of Global Information and
Local Information
As above, if the node makes a decision only according to the partial information, there may be
unnecessary information duplication and storage, thus forming some second best paths besides
the theoretical optimal path in the network. It may cause a waste of storage and transmission
resources.
Fig. 8 assesses the extent of this problem. The abscissa is the hop count limit, which is the
limit of the number of copies. Among them, the overhead ratio is defined as (number of copies
- number of messages) / number of messages. It shows that these two cases have very similar
results in delay, delivery rate and overhead. Local information will cause deviation of the
optimal stopping rule’s result, but the deviation is constrained by two factors: the real number
of hops to forward the message and the distribution of the average contacting time Ti→d of the
nodes.
First, the real number of hops is small when considering factors such as the lifetime of the
message, cache space, and network scale. The results of the experiment show that if the upper
limit of the number of hops is larger than 4, it will cause a significant increase in the number of
copies, the load of transmission and storage. Therefore, the cost of message delivery increases
while the success rate decreases. In the case where the overall number of hops is small, the
difference between the local and global information collection is limited.
Second, since Ti→d is approximately normally distributed, the optimal stopping rule is
actually to reduce the value of E (min
{T
}) after adding a new node. With the increase in
the number of hops, the probability of contacting a better node is reduced, and therefore, the
s∈Vm ∪{i }

s→d
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number of second best paths is limited. Taking into account the stochastic nature of the
optimization method, the cost of the second best path is not completely wasted, which can be
used to reduce the delivery delay. Therefore, using local information to approximate global
information has only a small effect on the overall performance of the network.
PBR
Global

PBR
Global

0.66

30

12
11
10

0.65

20
15

0.64

10

0.63

9
2

3

4

PBR
Global

25
overhead-ratio

13

delivery-rate

average-delay(1000s)

14

2

5

3

4

5
0

5

2

hops

hops

3

4

5

hops

(a) delay
(b) delivery ratio
(c) delivery cost
Fig. 8. Performance comparison under conditions of global information and local information

6.5 Slot Length Influence on PBR-OppNet Performance
We then evaluate the influence of slot length on PBR-OppNet performance. We can see in Fig.
9 that these three metrics perform better as the slot length decreases, since a smaller slot means
a sharper routing decision. However, considering that the data gathering cycle is 60s, a short
slot leads to an increase in the decision frequency and calculation costs, and short slots also
makes the frequency of contacting no nodes higher, so we choose a length of 60 seconds as the
time-slot length in PBR-OppNet algorithm.
10.0

delivery-rate

average-delay(1000s)

7
6

overhead-ratio

0.60

8

0.56
0.52

9.6
9.2
8.8
8.4

5

0.48
40

80

120
160
time-slot(s)

(a) delay

200

240

40

80

120
160
time-slot(s)

(b) delivery ratio

200

240

40

80

120
160
time-slot(s)

200

240

(c) delivery cost

Fig. 9. Performance comparison of PBR-OppNet with different length of slots

6.6 Buffer Size Influence on Performance
We evaluate the performance of PBR-OppNet with different buffer limitations according to
the protocols such as SprayAndWait. Fig. 10 clearly shows that PBR-OppNet performs better
than the three other algorithms in all three metrics. SprayAndWait is near to PBR-OppNet in
delay and overhead but has a delivery rate lower than PBR-OppNet between 10~20% because
it adopts a greedy strategy to replicate as soon as it meets other nodes. This leads to fast
replication and relatively short delay, but the probability of buffer overflow and deleting
messages increases, resulting in an increase in costs and a decrease in delivery success rate.
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Fig. 10. Performance comparison of PBR-OppNet with different size of buffers

6.7 Network Size Influence on Performance
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Finally, we evaluate performances in different network sizes. From Fig. 11, with the nodes
increasing, network performances degrade in Epidemic and Prophet, which both have no
limitation of copies. SprayAndWait and PBR-OppNet use the same copy limitation, so when
the network scale expands and the node density increases, their performances are promoted.
The delivery rate of PBR-OppNet is obviously higher than that of SprayAndWait, because
PBR-OppNet avoids copying messages blindly. Furthermore, this advantage increases with
network size expansion, since it increases the probability of waiting until meeting a node with
better forwarding utility.
By the message delivery process, delivery delay is composed of the waiting delay for
optimal forwarding nodes and the delay from the optimal forwarding node to the target node.
This is the forwarding utility in our model. By comparing results of several methods, we can
see that the PBR-OppNet and SprayAndWait have relatively small delivery delays, while the
former not only has a smaller delivery delay but also has a higher delivery ratio and a lower
delivery cost.
In Fig. 11 (d), we examined the overhead introduced by control messages in the PBR OppNet. When the number of nodes increases, the node density and meeting frequency
increased, and the number of messages exchanged between encountered nodes also increases.
There is a non-linear relationship between the overhead and node number. However, because
of the prediction to reduce the blindness of moving forward, the average total cost to
successfully deliver a message is low, as can be in Fig. 11 (c).
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Fig. 11. Performance comparison of PBR-OppNet under conditions of different scale of networks

7. Conclusion
This paper proposes PBR-OppNet, a prediction-based routing method in opportunistic
networks. According to the ARIMA model, we first predicted the historical contacting interval
of the nodes using a time series to obtain the contact time in the future as the forwarding utility.
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Then we used the routing algorithm based on an optimal stopping rule to calculate the
forwarding utility’s threshold when observation is ceased and the message is delivered. This
algorithm actually predicts the future forwarding utility according to the observed distribution
of the past forwarding utility. Using a prediction model, PBR-OppNet alleviates the dynamics
in opportunistic networks and the blindness when duplicating messages. It reduces the delay,
improves the delivery success rate and obtains a relatively good comprehensive performance.
From the perspective of predicting forwarding utility, the direction of future work is the time
series analysis method, which considers the dependency between multiple links, and the
method based on a complex network, which is about the network topology, and to mix various
methods to improve prediction accuracy.
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