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Abstract—With advances in Internet technology and promi-
nence of mobile and smart devices in our lives, opportunistic and
pervasive networks are now ubiquitous in solving many existing
service limitations. The challenge lies in the underlying time-
varying graph of the network due to mobility and intermittent
connectivity. This introduces technical limitations in successful
realization of services and applications e.g., efficient routing,
maximal coverage with minimal latency, data offloading, and
effective dissemination over mobile networks. Efficient solution to
these inter-related problems lies in the novel prediction strategies
for most accurate future contacts (i.e., links or interactions). In
contrast to the existing strategies that consider either network
structure or regular pattern and periodic nature of contacts, we
propose novel use of seasonal autoregressive integrated moving
average model and recurrent neural network model that are
capable of capturing multi-periodic, dependent contact patterns.
We predict the number of contacts relative to a node and over all
nodes in any future interval over a given user and a pair of users.
Finally, we validate our models with three distinct empirical data
set, and compare with doubly recurrent and homogeneous Poisson
process model to demonstrate the superiority of our prediction
models.

I. INTRODUCTION

Mobile networks include ad-hoc wireless networks, mobile-

social networks, vehicular networks, as well as opportunistic

networks at large that usually fall under the domain of per-

vasive networks [1], [2], [3], [4]. The dynamic (intermittent)

nature of contacts (also called links or interactions) over

pervasive networks is caused due to mobility and disruptions

due to environment of the interacting element and studied over

temporal domain. The problem of predicting future interactions

is synonymous with determining neighbors of a node over

successive intervals with implication in maintaining connectiv-

ity, routing over the network, and information dissemination,

to mention a few. Over the mobile networks or mobility in-

duced intermittently connected dynamic networks, connectivity

among network elements is essential for successful realization

of a wide range of applications [5], [6], [7], [8], [9]. In

this context, the future connectivity among the mobile or

participating devices sheds light on the feasibility of these

applications, their efficient planning and successful execution.

Example pervasive networks, such as mobile social networks

[10], [11], [12], [13], opportunistic networks [14], vehicular

networks [15] or mobile sensor networks [16] have the ad-

hoc wireless network as its core, formed over the underlying

devices that interact using the store-carry-forward paradigm

[15], [17]. The proliferation of mobile devices, smart tech-

nology and wide scale use of the Internet paves the way

for the realization of smart city based services such as smart

health care, smart management, mobile virtual cloud, etc. The

success of these services relies on the successful collaboration

among the underlying devices. Because of the mobility factor

associated with the constituting elements, disconnection and

variable delays are an integral part of such networks. In this

context, connectivity (or contact or interaction) between nodes

is viewed as routing data closer to the destination.

The devices underlying the ad-hoc wireless networks are

being carried with humans, hence associated with human mo-

bility. Thus, not surprisingly, these participating devices exhibit

a periodic pattern of connectivity among them, owing to the

fact that human mobility pattern is proved to exhibit intrinsic

periodicity [18], [19]. The challenge in pervasive networks is to

determine whether a node can pass the data (more specifically,

when and whom to have the best possible hit rate/coverage

and minimize latency, or the set of nodes that will collaborate

to have successful realization of the application task. In other

words, the number of nodes that a node comes in contact with

at any time is the backbone of many application tasks. Thus,

predicting the future interactions are core to the success of

these applications; and thus analyzing the contact history is

an integral process in predicting future contact patterns. We

consider the mobility pattern underlying the pervasive networks

as the basis of our proposed prediction model.

To set the stage for our novel contributions, we first present

an overview of the literature on contact prediction using contact

patterns, and describe the motivation behind our work.

A. Related Work and Motivation

In order to discover significant statistical patterns of human

mobility, walk traces of humans from mobile networks have

been analyzed in the literature. For example, it is established

that individuals (hence the associated mobile devices) return

to a few highly frequented locations [20], [18]. This implies978-1-5386-2723-5/17/31.002017IEEE



that they come in contact with other mobile devices frequently;

thus inducing connectivity and collaboration, and influencing

connection times and opportunities between participants.

A common notion to model the inherently regular contact

patterns is to use the Poisson process models, as in [21]

that replicate the existing interactions and predict the future

interactions using homogeneous Poisson process (HPP) model.

Contact patterns in reality have non-uniform periods hence the

assumption of regular contact pattern and HPP model fail to

capture the associated non-homogeneity.

Further, to capture the periodic contact pattern, the authors in

[22], [23] used doubly periodic property with short (daily) and

long (weekly) duration contact events and proposed stochastic

double chain hidden Markov model (HMM) to analyze the

communication/contacts over node pairs using email and MIT

[24] and UCSD [25] data sets, respectively.

Among the statistical and soft computing based techniques

used as prediction methodology, the autoregressive integrated

moving average (ARIMA) (besides the statistical HMMs) and

artificial neural network (ANN) based models are the most

widely used. The stochastic ARIMA process models are used

in time series analysis due to Box and Jenkins [26], though

the series are assumed to be generated from linear processes

and as a result might be inappropriate for most real-world

problems that are nonlinear [27], [28]. Recall that ANNs are

known to provide competitive results for various traditional

time series models such as ARIMA [29] where the time series

data has nonlinearity. In the literature, there is widespread

use of both ARIMA and ANN models in forecasting, such

as in stock market, electricity consumption and tariff, road

traffic etc. For example, the authors in [30] used ARIMA

and genetic algorithms for short term traffic flow prediction,

whereas in [31] the authors used ANN for real time vehicle

speed prediction. The dynamic, time-varying nature of real

world problems along with the demand for prediction accuracy

is the driving force behind different prediction models.

In order to encompass the real world requirements, this paper

makes the following novel contributions.

B. Summary of Contributions

First, we use seasonal ARIMA models with uncertain pa-

rameter values to reflect real world applications and consider

their effectiveness in capturing periodic contact pattern and

prediction ability over future contacts. Next, we consider a

variant of ANNs, called Recurrent Neural Networks (RNNs)

in learning the dependencies from the temporal data, capturing

the non linearities involved and predicting contacts over future

time intervals. Finally, we evaluate and compare the efficiency

of the proposed models, with existing models for contact

prediction. Here we consider both short term and long term

predictions, and use three distinct temporal data sets to validate

the effectiveness of prediction in our models.

The remainder of the paper is structured as follows. Section

II formally defines our problem. Section III gives an overview

of the ARIMA model in general along with the ARIMA model

we considered for contact prediction. Section IV presents the

general overview of ANN model along with the proposed

recurrent version. Section V discusses the three distinct data

sets used and the parameter estimation in both the proposed

models. Section VI reports the experimental results and finally

conclusions are offered in Section VII.

To the best of our knowledge, ours is the first work to

consider Seasonal ARIMA with uncertain parameter values

and Recurrent Neural Networks over time-varying graphs of

contact patterns (i.e., over time series data) in predicting future

contacts.

II. PROBLEM DEFINITION

We consider the underlying time-varying network graph over

a time interval [0, T ] as GT (V,E, [0, T ]), where V and E
represent the set of vertices and edges respectively, and [0, T ]
is the observation period. The subgraph at any time period

δt is represented as Gδt(Vδt, Eδt), where Vδt, and Eδt are

the corresponding vertices and edges. Corresponding to real

world applications, where a contact is established between a

pair of mobile devices/nodes within the communication range,

an edge is established in the underlying network graph between

a pair of nodes, i.e., (vi, vj) ∈ E at time instance t, called

contact time (or contact initiation time), where vi, vj represent

the respective mobile nodes in the application network. The

contact pattern over the set of Gδts in GT represent the time

series data of the contacts among mobile devices.

Let the contact remain active in time [t, t + δt), then δt is

called the contact period/duration for the corresponding node

pair, where t ≥ 0, δt > 0. The number of contacts that a node

vi has in time interval δt, i.e., ∀vj : (vi, vj) ∈ Eδt is called its

neighbors. In fact, for any node vi, we predict its number of

contacts during time period [t, t+ δt).

III. FORECASTING WITH ARIMA MODEL

In this section we discuss the ARIMA model in general

and the proposed variant of this ARIMA model for contact

prediction. Before proceeding further, let us define time series

data, which is equally applicable to both ARIMA and ANN

models.

Time Series Data: A set of values of a variable (observa-

tion variable outcomes) during consecutive time increments is

termed as time series data. The time increments themselves

vary over different series. In other words, time series can

be generated according to hourly, daily, weekly, monthly,

quarterly, or annually with respect to the data or according

to another time scale. Over any time series we generally

represent the observed data at any time t by Ot. Time series

modeling (or the stochastic modeling) techniques are used to

analyze time series data and provide a systematic and empirical

method for simulation and forecasting. In most time series data,

the observations exhibit significant serial correlation, which is

effectively captured by the ARIMA model. In addition, there

is also non-linear correlation, both of which are well handled

by the ANN model variants.



A. ARIMA Prediction Process: General Model

The most comprehensive of all popular statistical methods

used for time series forecasting are Box-Jenkins technique,

which is based on discrete and linear stochastic processes. The

usual statistical forecasting models in this methodology are:

autoregressive (AR), moving average (MA), autoregressive-

moving average (ARMA), and autoregressive integrated mov-

ing average (ARIMA). While AR(k), MA(m) and a combi-

nation of these ARMA(k, m) are used in stationary series,

ARIMA(k, d, m) models are used for non-stationary series,

where k is the number of autoregressive terms, d is the

number of non-seasonal differences needed for stationarity,

m is the number of lagged forecast errors in the prediction

equation. The ARIMA process model is composed of three

components: an AR model as a combination of past values, an

MA component that uses past forecast errors in a regression

like model, and an integration (I) part that refers to the reverse

process of differencing to produce the predictions. To capture

the cyclic features (seasonality) in time series, SARIMA(k,

d, m) (K, D, M )s model is used, where (k, d, m) belongs

to the non-seasonal part as before and K is the number of

seasonal autoregressive (SAR) terms, D is the number of

seasonal differences, M is the number of seasonal moving

average (SMA) terms, and s represents the number of periods

per season. In ARIMA model, it is assumed that the future

value of a variable is assumed to be a linear function of several

past observations and random errors.

In ARIMA model, the forecasting equation can be con-

structed as follows. Let o represents the dth difference of O,

that is:

• If d = 0: ot = Ot

• If d = 1: ot = Ot −Ot−1

• If d = 2: ot = (Ot −Ot−1)− (Ot−1 −Ot−2)
= Ot − 2Ot−1 +Ot−2

Now to simplify things, we consider stationary time series with

d = 0; thus, the underlying process that generates the time

series has the following form.

ot = θ0 + θ1ot−1 + θ2ot−2 + . . .+ θkot−k+

φ0 + φ1ǫt−1 + φ2ǫt−2 + . . .+ φmǫt−m,
(1)

where ot and ǫt are respectively the actual value and random

error at time period t; θi (i = 0, 1, . . . , k) are the non-

seasonal autoregressive coefficients corresponding to a stable

polynomial, ot−is are the associated lags to the degree of the

autoregressive polynomial k and φj (j = 0, 1, . . . ,m) are

nonseasonal moving average coefficients, with both θis and

φis being counted as the model parameters. Note that k and m
are integers and are referred as model orders. Random errors

or associated lags, ǫt are assumed to be independently and

identically distributed with mean 0 and constant variance σ2 to

the degree of the non-seasonal moving average polynomial m,

with ǫts as the past forecast error between real and predicted

ots. In fact Equation 1, becomes an AR model of order k
when m = 0 and reduces to an MA model of order m when

k = 0. Determining the appropriate model order is one of

the central task of ARIMA model building n general, which

has fundamental effect on time series analysis and forecasting

applications. It consists of three iterative steps of model identi-

fication, parameter estimation and diagnostic checking. Model

identification builds on the idea that if a time series is generated

from ARIMA process, then it should have some theoretical

autocorrelation properties. The matching of theoretical and

empirical autocorrelation patterns enables the identification of

viable models for the given time series. Once a suitable model

is specified, the next step is to estimate the model parameters so

that the overall error measure is minimized and it is done with

nonlinear optimization procedure. In the last step the model

assumptions about errors are checked for model adequacy, else

another tentative model with the above steps is repeated.

In the following subsection, we describe the class of ARIMA

model used here (a variant of fuzzy-ARIMA model) and the

steps involved with an example.

B. Proposed ARIMA Model

In formulating the variant of ARIMA model the following

steps are followed.

• Step 1: A class of models is formulated assuming certain

hypotheses.

• Step 2: A model is identified for the observed data.

• Step 3: The model parameters are estimated.

• Step 4: If model hypotheses are met: Go to Step 5.

Else continue with step 2 to refine the model.

• Step 5: The desired prediction model is generated.

Each of the above steps is described below.

Step 1:

Here a general ARIMA process is selected to model the time

series data. This selection is carried out by careful inspection of

the main characteristics of the time series data (say, hourly data

values). In most of the pervasive or opportunistic network data

sets, the respective time series present high frequency, varying

mean and variance, and multiple periodicity (corresponding to

daily, weekly, monthly) among others. If kt denotes the data

value at time t, the proposed general ARIMA formulation is

given by,

θ(B)kt = φ(B)ǫt, (2)

where θ(B) and φ(B) are functions of the backshift operator

B such that Blpt = pt−l, and ǫt is the error term. Functions

θ(B) and φ(B) have special forms. They contain factors of

polynomial functions of the form θ(B) = 1 −
∑θ

l=1 θlB
l,

φ(B) = 1 −
∑φ

l=1 φlB
l and (1 − Bs), where several values

of φl and θl can be set to 0. For example, the function θ(B)
may have the following form:

θ(B) = (1− θ1B
1 − θ2B

2)(1− θ24B
24 − θ48B

48)

× (1− θ168B
168)(1−B)(1−B24).

(3)

The above process model example does not reflect a standard

ARIMA model, rather it is sufficient to capture the main

features of the time series data over the said application



domain. Further, certain hypotheses on the error term ǫt must

be imposed. In Step 1, this term is assumed to be randomly

drawn from a normal distribution with mean 0 and constant

covariance σ2, which is a white noise process. In Step 3, a

diagnosis check is used to validate these model assumptions.

Step 2:

A tentative model as in Equation 4 below, must be identified

for the time series data. In order to make the underlying process

stationary, a transformation of original data and the inclusion

of factors of the form (1−Bs) may become necessary. In this

step a logarithmic transformation is usually applied to the time

series data to attain a more stable variance. Further, to attain

a more stable mean, factors of the form (1 − B), (1 − B24),
(1−B168) may be necessary depending on the specific appli-

cation type of time series data. After the underlying process is

accepted as being stationary, the structure of functions θ(B)
and φ(B) in Equation 4 must be detected. In the first trial,

the observation of autocorrelation and partial autocorrelation

plots of the time series data help make this selection. Over

successive trials, the observations from the difference between

observed value and predicted value obtained in Step 4 is used

to refine the structure of the functions in the proposed model.

Step 3:

Once the functions of the model have been specified, the

parameters need to be estimated. The parameter estimation is

based on maximizing a likelihood function for the available

data. A conditional likelihood function is selected in order to

get a good starting point to obtain an exact likelihood func-

tion. Further, an option to detect and adjust possible unusual

observations or outliers is selected. It is necessary to have a

procedure to detect and minimize outliers is necessary, as these

events are not known initially. A better understanding of the

data set, a better modeling and estimation, and finally a better

forecasting performance is achieved with these adjustments.

Step 4:

Here, a diagnostic check is used to validate the model

assumption in Step 1. The diagnosis ensure that the difference

between the predicted and actual values satisfy zero mean,

constant variance, uncorrelated process and normal distribution

with the help of autocorrelation and partial autocorrelation

plots.

Step 5:

In this step, the model from Step 3 is used to predict future

values over the time series. As an outcome of these five steps,

the resulting functions in the prediction model will be given

by:

(1− θ1B
1 − θ2B

2 − θ3B
3 − θ4B

4 − θ5B
5)

× (1− θ23B
23 − θ24B

24 − θ47B
47 − θ48B

48−

θ72B
72 − θ96B

96 − θ120B
120 − θ144B

144)

× (1− θ168B
168 − θ336B

336 − θ504B
504)logpt

= c+ (1− φ1B
1 − φ2B

2)(1− φ24B
24)

(1− φ168B
168 − φ336B

336 − φ504B
504)ǫt

(4)

Equation 4 reflects the use of last five hours for prediction

over the subsequent hour and does not include the differenti-

ation over hourly, daily, weekly time periods. Including these

factors ((1−B)(1−B24)(1−B168)) into the above will give

us the following:

(1− θ1B
1 − θ2B

2 − θ3B
3 − θ4B

4 − θ5B
5)

× (1− θ23B
23 − θ24B

24 − θ47B
47 − θ48B

48−

θ72B
72 − θ96B

96 − θ120B
120 − θ144B

144)

(1− θ167B
167 − θ168B

168 − θ169B
169 − θ192B

192)

× (1−B)(1−B24)(1−B168)logpt

= c+ (1− φ1B
1 − φ2B

2)

× (1− φ24B
24 − φ48B

48 − φ72B
72 − φ96B

96)

× (1− φ144B
144)

× (1− φ168B
168 − φ336B

336 − φ504B
504)ǫt

(5)

The above can be generalized over to the Seasonal

ARIMA version to capture the multi periodicity with

SARIMA (k, d,m)(K,D,M)s with parameters θ1, . . . , θk,

φ1, φ2, . . . , φm, Θ1, . . . ,Θk, Φ1, . . . ,Φm, which have exact

values. In real world we often have to predict future with

limited amount of data over short period of time and the above

model addresses the limitations of real world applications. As

described above, the model uses the concept of measurement

error to handle the difference between predicted and observed

data values. But these data values are correct and do not include

measurement errors. Instead of exact values, we propose using

fuzzy parameter values and define the new set of parame-

ters in the form of triangular fuzzy numbers as: θ̃1, . . . , θ̃k,

φ̃1, . . . , φ̃m, Θ̃1, . . . , Θ̃k, Φ̃1, . . . , Φ̃m.

Thus the resulting fuzzy functions for the SARIMA model

will be as follows.

θ̃(B)Θ̃(Bs)Wt = β̃0 + φ̃(B)Φ̃(Bs)at, (6)

where at has fuzzy parameter γ and Wt = (1 − B)d(1 −
Bs)DZt.

Thus, we can derive W̃t as:

W̃t = β̃0 +

k
∑

i=1

φ̃iWt−i +
∑

i = 1KΦ̃iWt− is

−

p
∑

i=1

φiΦ1Wt−s−i −

K
∑

i=1

φiΦ2Wt−i−2s

− . . .−

k
∑

i=1

φiΦKWt−Ks−i + γ̃at

−

m
∑

i=1

θ̃iat−i −

Q
∑

i=1

Θiat−is

+

m
∑

i=1

θ̃iΘ1at−s−i +

m
∑

i=1

θ̃iΘ2at−2s−i

+ . . .+

m
∑

i=1

θ̃iΘQat−Ms−i,

(7)



where Zt are observations and the center value of γ is 1.

Now we rewrite Equation 7 with fuzzy parameters in the form

of triangular fuzzy numbers as follows.

W̃t = β̃0 +

k
∑

i=1

β̃iWt−i +

K
∑

i=1

β̃k+iWt−is

−
K
∑

j=1

k
∑

i=1

β̃iβ̃k+jWt−js−i + β̃k+K+1at

−

m
∑

i=1

β̃k+K+1+iat−i

−

M
∑

i=1

β̃k+K+m+1+iat−is +

M
∑

j=1

m
∑

i=1

β̃k+K+1+iβ̃k+K+m+1+jat−js−i.

(8)

The membership function of the fuzzy set represented by

parameter βi, αi. The center of the fuzzy number given by,

µB̃i
(βi) =

{

1− |αi − βi|/ci if αi − ci ≤ βi ≤ αi + ci
0 otherwise,

where ci is the spread around the fuzzy number.

Using approximation formula from Dubois et al. [32], we

get fuzzy multiplication Ai ⊗ Aj
∼= (cicj , aiaj , bibj), where

Ai = (ci, ai, bi) and Aj = (cj , aj , bj) are triangular fuzzy

numbers. In Equation 8 the fuzzy multiplication is given by

β̃iβ̃p+j = (cicp+j , αiαp+j , cicp+j).

Using fuzzy parameters βi in the form of triangular fuzzy

numbers, the membership of W in Equation 8 is given by,

µw̃(Wt) =

{

1− |Wt − Et|/Ft for Wt 6= 0, at 6= 0,
0 otherwise,

where

Et = α0 +

k
∑

i=1

αiWt−i +

K
∑

i=1

αk+iWt−is

−

K
∑

j=1

k
∑

i=1

αiαk+jWt−js−i + at

−
m
∑

i=1

αk+K+iat−i −
∑

i=1

Mαk+K+m+iat−is

+

M
∑

j=1

m
∑

i=1

αp+P+iα̃p+P+q+jat−js−i

(9)

Ft = c0 +

k
∑

i=1

ci|Wt−i|+

K
∑

i=1

ck+i|Wt−is|

+

K
∑

j=1

k
∑

i=1

cick+j |Wt−js−i|+ ck+K+1|at|

+

m
∑

i=1

ck+K+1+i|at−i|+
M
∑

i=1

ck +K +m+ 1 + i|at−is|

+

M
∑

j=1

∑

i=1m

ck+K+1+ick+K+m+1+j |at − js− i|

(10)

Here, Zt represents the tth observation and h-level is the

threshold value representing the degree to which the model

should satisfy all the data points Z1, Z2, . . . , Zt. The choice

of h value influences the width c of the fuzzy parameters, i.e.,

Zt ≥ h for t = 1, 2, . . . k. The index t refers to the number of

non fuzzy data used for constructing the model. Whereas, the

fuzziness S included in the model is defined by Equation 10.

To evaluate the parameters of the proposed model, we

propose the approach comprising of two basic phases that let

the number of constraint functions remain the same as the

number of observations. The two phases are as follows:

Phase I: Determining the type of model using observations.

Fitting the periodic ARIMA model with the available informa-

tion about the center points of the observations, i.e., the input

data are considered precise. The results of Phase I, the optimum

solution of the parameter α∗ = (α1, α2, . . . , αk+K+m+M ), is

used as one of the data sets in Phase II.

Phase II: Determining the minimal fuzziness by using the

above criterion of Z(Zt) ≥ h, but without α being a vector of

decision variables. The proposed model is in fact an interval

prediction model. The model given by: W̃t, as a combination of

Equation 9 and Equation 10. In order for the model to include

all conditions, when data include a significant difference, the

data is processed to produce cj with wide spread.

IV. FORECASTING WITH ARTIFICIAL NEURAL NETWORK

Reflecting the functioning of human brain, Artificial Neural

Network (ANN), a nonlinear modeling technique is a combina-

tion of layers made of neurons, with the multi-layer perceptron

(MLP) being widely used for forecasting. When the MLP

used for time series forecasting, determining the input, output

and hidden neurons or variables is important, although these

parameters are problem dependent. Below we present a variant

of ANN that very well captures the recurrent patterns and is

call Recurrent Neural Network (RNN) model.

A. RNN Prediction Process: General Model

The number of input neurons is one of the most important

parameters of an MLP for forecasting. It is not easy to deter-

mine the suitable number of input neurons when dealing with a

time series forecasting problem. The proper number of neurons

is usually achieved through heuristic approaches. The number



of hidden layers and neurons are significant to the efficiency

of ANN, as they bring out the defining properties within data

and help establish the non-linear relationship between the input

and output, in order to help achieve better accuracy. Though

there can be more than one hidden layers in ANN, usually

one hidden layer structure is used for forecasting purpose [27].

Though determining the number of hidden neurons is also a

critical task, fewest neurons are preferred, as generalization

is more attainable with this, rather than memorization which

happens with the network having more hidden neurons. In addi-

tion, the number of output neurons also affect the performance

of MLP. The number of output neurons is directly dependent

on the problem and is determined based on the length of the

forecast period. For example, if the forecasting horizon is one

period, then the number of output neuron is one. Whereas, in a

multi-periodic forecast, the suitable number of output neurons

depend on the underlying approach. For example, in an iterative

forecast, the number of output neurons is one, where as for a

direct forecast, the number of output neurons is equal to the

number of forecast periods. In fact, an iterative method is used

to forecast only one period at a time, and the value of the next

period is predicted using the predicted value as an input. The

disadvantage is the decrease in accuracy when the number of

forecasting period is large, where the estimated values rather

than the observed data are used as inputs. On the other hand,

the direct method only utilizes past data to forecast the future.

For time series forecasting tasks, the prediction model has the

general form as follows:

Xt = f(Xt−1, Xt−2, . . . , Xt−p) + et, (11)

where Xis are the set of time series data with Xt as the

forecasted value for subsequent time and et is the error term. A

variant of the ANN are the Recurrent Neural Networks (RNN)

that has the ability to learn sequences as time evolves with the

help of feed back loops, thus the network state over previous

time step playing an important role in the network output in

the current time step [33], [34], [35]. More so, as events from

the past can be retained and used in current computation, the

resulting network is able to produce complex, time-varying

outputs in response to static inputs. In fact RNNs rarely settle

in local minima without even precautions.

The general block diagram representation of RNN, with β
as the damped feedback in the range of 0 to 1.

Fig. 1: Block Diagram of RNN

B. Proposed RNN Model

Here we propose a variant of RNN with recurrent back

propagation. Let us describe its training methodology with a

Fig. 2: Structure (Architecture) of RNN

simple example. For example, small network with two input

neurons, one hidden layer having three neurons, and one output

neuron. For back propagation, a neuron takes input from the

output layer and connected to hidden layer. The corresponding

diagram is presented in Figure 2.

Initially weights are assigned to the propagators as small

random numbers. The inputs are fed to the input units and

the output from the network is calculated as in a feed forward

(artificial) neural network. The process is repeated over all the

input. After finding the system error, the network is trained

based on the steepest gradient method using ordered partial

derivatives explained below. Ordered partial derivatives are

derived from the concept of ordered set of equations. Let

[X1, X2, . . . , Xn] be a set of n variables, whose values are

determined by a set of n equations. This set of equations is

ordered if each variable Xi is a function of the previous i− 1
variables [X1, X2, . . . , Xi−1]. For example, X1 = 1, X2 =
3X1, X3 = X1+2X2. When calculating a partial derivative it

is necessary to specify which of the variables are held constant

and which ones are allowed to vary. In an ordered partial

derivative, the constant and varying terms are determined

using an ordered set of equations, denoted as ∂+Xj/∂Xi,

with constant terms [X1, X2, . . . , Xi−1] and varying terms

[Xi, Xi+1, . . . , Xn]. Thus, if j ≤ i,
∂+Xj

∂Xi
= 0; if j = i + 1,

∂+Xj

∂Xi
=

∂Xj

∂Xi
; if j > i + 1,

∂+Xj

∂Xi
=

∂Xj

∂Xi
+

∑j−1
k=i+1

(∂+Xj

∂XK
∗

∂Xk

∂Xi

)

, or
∂+Xj

∂Xi
=

∂Xj

∂Xi
=

∑j−1
k=i+1

( ∂Xj

∂XK
∗ ∂+Xk

∂Xi

)

. Thus, for

the above example, ∂X3

∂X1
= ∂X3

∂X1
+ ∂X3

∂X2
∗ ∂X2

∂X1
= 1+2 ∗ 3 = 7.

For training the network, once the system error is calculated,

the weights are computed as per Equation 12.

w(k + 1) = w(k)− µ ∗
∂+E

∂w(k)
, (12)

where w(k) : the weight in the current iteration k; w(k + 1) :
the corresponding weight to be used for next iteration k + 1;

and δ+E
δw(k) : the gradient of the system error with respect to the

weight w(k). Now, the procedure for computing the system

error is described in the following.

∂+E

∂w(k)
=

∂E

∂w(k)
+

Np∑

k=1

(

∂E

∂fout(k)
∗

∂+fout(k)

∂w(k)
+

∂E

∂w(k)
∗

∂+w(k)

∂w(k)

)

,

(13)

where the terms ∂E
∂w(k) = 0, because E is not a direct



function of the weights. Therefore, the equation reduces to the

following.

∂+E

∂w(k)
=

Np
∑

k=1

( ∂E

∂fout(k)
∗
∂+fout(k)

∂w(k)

)

, (14)

where ∂E
∂fout(k)

= (−2) ∗ (aout(k)− fout(k)). Now,

∂+fout(k)

∂w(k)
=

∂fout(k)

∂w(k)
+

k−1
∑

j=0

(∂fout(k)

∂Wj(k)
∗
∂+Wj(k)

∂w(k)

)

+

k−1
∑

j=0

(∂fout(k)

∂fout(j)
∗
∂+fout(j)

∂w(k)

)

(15)

The second term of Equation 15 is calculated using chain

rule. Here, W indicates the weight vector. The term
∂fout(k)
∂wj(k)

of

the first summation is non-zero only when k = j. As a result,

the first summation can be written as
∂fout(k)
∂w(k) . In addition,

the first term of the second summation,
∂fout(k)
∂fout(j)

is non-zero

only when (k − j) < L, where L is the number of previous

output values which are sent as inputs to the hidden layer.

Thus, Equation 15 can be simplified as:

∂+fout(k)

∂w(k)
=

∂fout(k)

∂w(k)
+

L
∑

j=1

( ∂fout(k)

∂fout(k − j)
∗
∂+fout(k − j)

δw(k)

)

.

(16)

This equation is used recursively to calculate the out-

put gradient for all the patterns, which is initialized using
∂+fout(1)

∂w(k) = . . . ∂+fout(L)
∂W (k) = 0.

The gradient of the error for a neuron j in the hidden layer

and the neuron k in the output layer is calculated as follows.

∂+fout(k)

∂w(j, k)
= out1j ∗

( expinp2k

(1 + expinp2k)2

)

, (17)

where inp2k is the total input received by the neuron k for

the particular pattern and out1j is the output of the neuron j

for that pattern and
∂fout(k)
∂fout(j)

=
(

expinp2k

(1+expinp2k )2)

)

∗ wrj , where

wrj is the weight which transfers the output of pattern j to

the hidden layer. Once the values of the above two equations

are known, the weights can be changed accordingly.

The gradient of the weights between the input layer neuron

i and the hidden layer neuron j is calculated as follows.

∂fout(k)

∂w1i,j
=

( expinp2k

(1 + expinp2k)2

)

∗ w2j,k∗

( expinp1j

(1 + expinp1j )2
∗ inpk,i

)

(18)

Once the gradient of the error for all the weights is evaluated,

the weights are changed and the process repeated until the

errors converge to a pre-specified value or for a specified

maximum number of iterations.

V. DATASETS AND PARAMETER ESTIMATION

To validate the efficacy of our proposed models we consider

a distinct set of datasets. First, we consider the widely cited

reality mining dataset from the MIT media laboratory [36] for

our experiments. It is a data set collected over 94 subjects,

provided with Nokia 6600 mobile phones, over time period

from September 2004 to June 2005. Since, Bluetooth devices

respond to each other within 5-10 meters, it resembles the

contact establishment process. The scans performed over 5

minute intervals create logs with starting time of contact,

duration of contact, the two phone numbers involved, i.e., the

source and destination of contact.

Another data set [37] we consider is based on mobility traces

over vehicular network. The data set consider two large GPS-

based mobility traces. The data set contains mobility traces of

taxi cabs in San Francisco, USA. It contains GPS co-ordinates

of approximately 500 taxis collected over 30 days in the San

Francisco bay area. Each taxi is equipped with a GPS receiver

and sends a time stamped location update to a central server.

The location updates are quite fine grained, with average time

interval between two consecutive location updates being less

than 10 sec, allowing us to accurately interpolate node positions

between location updates. From this we obtain the connectivity

graph of mobile nodes over temporal domain.

In addition, we use the data set [38], that collect wireless

contacts traces. The tracing experiment lasted for 65 days, in

March-May 2012 and has taken place at the Faculty of Auto-

matic Control and Computer Science, University Politehnica

of Bucharest. A total of 66 volunteers participated varying

in terms of year and specialization: one first year Bachelor

student, one third year Bachelor student, 53 fourth year Bach-

elor students, three Master students, two faculty members and

six external participants (only from office environments). The

experiment implied an initial start-up phase, also called pairing

session, when all attendants were asked to meet and pair all de-

vices for Bluetooth interactions, with the purpose of collecting

contextual data from Android smartphones. The participants

were asked to start the HYCCUPS Tracer (The HYCCUPS

Tracer is an Android application designed to collect contextual

data from smartphones. The application runs in background

and collects multiple features pertaining to availability and

mobile interaction.) each weekday between 10AM-18PM as

the this time period is assumed as the interval in which most

participating members are attending classes or work.

To estimate the parameters, we divide the datasets into

training and test data sets. We estimate the parameters over

the training data set. In Section VI we show the prediction

outcomes over the test data sets.

Below we give explanation of fitting the seasonal ARIMA

model with uncertainty over the MIT reality mining [36] data

set (with 10 months of temporal data, of which 9 months data

is used for training). We use both R and SAS package software

to acquire the best model with most accurate parameter set.

In fitting the model, we have Wt = 0.269Wt−1 + at −
0.7398at−10 and Wt = Zt − Zt−1 − Zt−9 + Zt−10. Thus, we



get the resulting model as:

Wt = 〈α1, c1〉Wt−1 + 〈1, c2〉at + 〈α2, c2〉at−10 (19)

Wt = Zt − Zt−1 − Zt−9 + Zt−10 (20)

Setting (α0, α1) = (−0.259,−0.74) and h = 0, we obtain the

linear interval model.

Wt = 〈−0.26, 0.553〉Wt−1 + 〈1, 0〉at + 〈−0.76, 1.64〉at−9

(21)

Wt = Zt − Zt−1 − Zt−9 + Zt−10 (22)

With Equation 21 and 22, we present the prediction out-

comes in Section VI for MIT reality mining [36] data set. In

a similar manner we also produce the empirical results in case

of the other two data sets.

Now with RNN model over the MIT reality mining [36]

data set, out of the 10 months data, 9 months data is used

for training and the remaining months data is used for testing.

We consider monthly contact data, with subtraction of monthly

mean and dividing it by standard deviation to remove the

periodicity present in the data. As the activation function is

a sigmoidal function, the data sets are scaled between 0 and 1
and the resulting data sets are used for training. To start with we

consider three layers, i.e. one input, one hidden and one output

layer and use MATLAB and R neural network packages. For

the RNN model, number of previous output values to the first

hidden layer varied from 3 to 5. The number of hidden layer

neurons varied from 5 to 20 and the number of output neurons

was fixed as 1. From the experiment we find that instead of a

model with one hidden layer of 20 neurons, a model with four

layers with two hidden layer with 10 neurons per hidden layer

is better suited for training. We fix the number of iterations

at 5, 000, as above this the mean pattern error is fluctuating

instead of converging further in the experiments. To train the

RNN the inputs were fed to the input neurons and the final

values are obtained after training. The output values from the

trained network are then back transformed to get the predicted

data for the desired time interval.

VI. EXPERIMENTAL RESULTS

In order to predict number of contacts and future contact

time, we analyze the statistical features over our experimental

data set. For brevity, only weekly and monthly overall contact

distributions are shown for MIT reality mining [36] data set
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Fig. 3: Weekly nandd Monthly contacts: MIT Data Set

data set [37] we show daily contact

distribution in first graph of Figure 4, where as 2nd graph shows

the weekly contact distribution of 3rddata set in [38]. Over the

MIT reality mining [36] data set, we see there is a sudden

Fig. 4: Daily and Weekly contacts: 2nd and 3rd Data Set

drop of contacts over the month of September and February.

Similarly, for dataset in [37] we see much less contacts over

the first 6 days; where as, for data set in [38] the total number

of contacts over the week 10 is lowest owing to only two

remaining days.

We structure the data as groups corresponding to all users,

per user and pair of users relative to hour, day, week and month.

Once we have the estimated parameters over the respective

organized training data set, we validate the model of its

prediction accuracy over the respective test data sets. We then

predict the total number of contacts, future contact time over

respective time frames. Over MIT reality mining [36] data set

we use 9 months data as training and the rest one month

as test set; for second data set in [37] we use data over 21
days as training and predict over the remaining 9 days of test

set, and over third data set [38] we train the models with

45 days of data and predict over 20 days of test set. We

use the F - score to validate the test (prediction) accuracy.

We also use two statistical measure i.e. R2 values and root

mean square error (RMSE) to compare the forecasts obtained

from RNN with actual data values. If the observed value is

Oi and predicted value Ôi in ith time step, then RMSE=
√

1
n

∑n
i=1(Oi − Ôi)2 and R2 = 1 −

∑n
i=1

(Oi−Ôi)
2

∑
n
i=1

(Oi−1/n
∑

n
i=1

Oi)2
.

RMSE gives us more information by measuring the average

deviation of the estimates from the observed values. The lower

the RMSE values the better fit the model is.

Figure 5, shows the accuracy of prediction for total number

of contacts relative to a single participant and all participant,

over hourly, daily, weekly, monthly periods for our proposed

seasonal ARIMA model with uncertainty. Figure 6 shows the

prediction outcome with proposed RNN model over the same

data sets. From the F-score it is evident that accuracy over

single participant is higher, owing to less variability or unpre-

dictability, than that with multiple participants/users. Similarly,

the accuracy decreases with higher prediction interval. More

so, prediction accuracy with RNN model is higher than the

SARIMA model (along with uncertainty), as it better captures

the nonlinearity, dependency and the periodicity.

Similarly, we show the prediction outcome over second and

third data set [37], [38] respectively, in Figures 7, 8, 9 and 10.

We make similar observation as before in these cases as well.

Finally, we compare the effectiveness of our two prediction

model (SARIMA (with uncertainty) and RNN) relative to the

doubly recurrent model and HPP model, both our models

outperforms the other two over each data set. For brevity, we

predict only the total contacts per user and over all users, . In

all four models the prediction accuracy is better in case of per



user evaluation, than over all users; owing to the less variability

in case of single user. We show prediction outcome in terms

of F-score over the three distinct data sets over distinct time

intervals (for brevity, showing outcome for daily and weekly

intervals only). The prediction accuracy per day is higher for

all the models than its counterpart over weekly intervals. In

all cases RNN superseded in prediction accuracy over all the

models. More so it is also capturing the periodicity in data,

with accuracy over 0.75 in all cases.

Fig. 5: Prediction Accuracy - MIT Data Set: Model SARIMA

Fig. 6: Prediction Accuracy over MIT Data Set: Model RNN

Fig. 7: Prediction Accuracy-2nd Data Set: Model SARIMA

Fig. 8: Prediction Accuracy-2nd Data Set: Model RNN

Fig. 9: Prediction Accuracy over 3rd Data Set: Model SARIMA

Over First Data Set

Measure SARIMA RNN

RMSE 163 103

R2 0.831 0.983

Fig. 10: Prediction Accuracy over 3rd Data Set: Model RNN

Fig. 11: Model Comparison: 1st Data Set

Fig. 12: Model Comparison: 2nd Data Set

Fig. 13: Model Comparison: 3rd Data Set

Over Second Data Set

Measure SARIMA RNN

RMSE 113 63

R2 0.4613 0.6753

Over Third Data Set

Measure SARIMA RNN

RMSE 134 84

R2 0.6615 0.8413

In Table I, Table II, and Table III we present the RMSE and

R2 values, for the two proposed models over the three distinct

data sets. The lower the RMSE value the better the prediction

accuracy of the model. Thus, RNN model over the second data

set has highest accuracy and the RNN model is better than the

SARIMA model (with uncertainty).

VII. CONCLUSION

In an era of mobile social networks, and opportunistic net-

works, the prediction of future contacts is vital to the success of

many applications. In this regard, we propose use of statistical

models like seasonal autoregressive integrated moving average

(with uncertainty) and recurrent neural network models to



evaluate the contact prediction efficacy. We observe that both

these models outperforms the existing doubly recurrent model

and HPP model, thus showing better ability to capture the

underlying periodicity associated with human mobility and

hence in contact patterns. More so, RNN is the most efficient

model, owing to its ability to capture nonlinearity, dependency

and hence multi-periodicity.

We propose to formulate models to evaluate prediction

accuracy over contact time and contact duration, and also

construct a more effective model to capture the randomness

that also occurs in these type of time series data to improve

the prediction accuracy further.
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