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Abstract—Significant growth in number of smartphone users
and applications running on them has been observed in recent
decade. The applications require diverse amount of data bandwidths based on their interactivities. Data hungry applications
demand huge plan whereas a background application is satisfied
with a minimum amount. Thus, smartphone applications should
be allocated their required budget in such a way that resource
wastage is minimized and user experience is maximized. In this
paper, we develop a prioritized and dynamic budget allocation
policy for ensuring optimal amount of budget allocation to each
application and improve system performance. In this regard,
we formulate a linear programming optimization function that
maximizes the utilization and minimizes resource wastage. We
also develop runtime monitoring technique for estimating future
bandwidth utilization. Experimental results confirm that system
performance goes up using proposed algorithm and proves
effectiveness of the algorithm.

I. I NTRODUCTION
The recent years have observed exponential growth in the
usage of smartphones and applications running on them. The
diversity of the applications is increasing day by day with the
rapid development of smartphone technologies as well as various wireless access technologies. smartphones are powerful
enough to run heterogeneous applications concurrently. The
unique combination of features makes smartphones extremely
usable and useful for different purposes. smartphone applications provide diverse kinds of services besides simple voice
communication. smartphones are featured with music player,
high megapixel cameras, better navigators, diverse sensors and
so on. It is being accepted that in the future smartphones will
take over all the other digital devices in next years such as
laptops, desktop computers and notebooks. It is revealed that
many people use 3/4/5G capable smartphones which allow
the users to access the Internet from almost anywhere at
anytime. The next generation telecommunication standards
provide cost efficient, high quality, wireless multimedia applications and enhanced wireless communications. It offers
greater security features and high data transmission rate at a
low cost. Today’s smartphone’s indispensable part is Internet
centric applications. These applications have heterogeneous
sensitivities to delay-deadlines to environmental changes and
different bandwidth utilization. [1], [2], [3], [4]
smartphone applications with internet accessibility are in the
heart of user’s digital life. The applications upload or download data via Wi-Fi or 3G network. When a user can access
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Wi-Fi communication, all the data packets in the applications
buffer are uploaded to the destination server through Wi-Fi
communication regardless of its priority. But, if Wi-Fi signal
is absent or too low to upload the important data packets, then
the system can autonomously switch to 3G communication.
Every application needs to be allocated limited 3G budget
according to their bandwidth utilization. A significant amount
of data from some low priority applications may easily blow
through expensive 3G data plan and cause exhaustive use of
constrained bandwidth resources. These applications can do
a large amount of downloading or updating, e.g., weather
updates, application updates, social networking application
updates, etc.. These low priority and background applications
can quickly chew up large volume of bandwidth from fixed
data plan [5]. Consequently, all important or more sensitive
applications will be deprived of uploading data or performing
their tasks properly. Another problem is that a significant
amount of data may remain unused at the end of the data
plan for lack of proper distribution of budget among the applications. Therefore, it is essential to set a proper budget plan
for smartphone applications that can apply smart policies to
reduce the wastage of bandwidth resources as well as increase
the user experiences. Resource provisioning is another key
consideration. If an application is allocated less budget than it
requires then that results in under-provisioning. On the other
hand, if an application is allocated so high amount of budget
that a significant amount of budget remains unused at the end
of data plan period, that results in over-provisioning, as shown
in Fig. 1. Our aim is to ensure efficient and systematic 3G
budget utilization for each application for avoiding penalties
incurred due to both over- and under-provisioning.
Efficient and effective utilization of bandwidth is a challenging task. Most of the state-of-the-art works [6], [7] did
not consider dynamic budget allocation for smartphone ap-

Allocated Budget

Allocated Budget

Unused
(a) Over-provisioning
Fig. 1.

Extra Demand
(b) Under-provisioning

Budget allocation penalties

plications. Bandwidth requirement is satisfied for constant bit
rate and variable bit rate connection and connection blocking
probability is kept low as well [7]. In [6], a heuristic solution
to the problem of allocating budgets to sensitive and nonsensitive applications has been developed. However, it did
not handle over- and under-provisioning problems while allocating budgets. Thus, they failed to make difference among
applications with much diverse budget requirements, causing
degraded performance in achieving better bandwidth utilization as well as many applications may be deprived of required
bandwidth due to poor allocation policies.
In this work, we explore dynamic budget allocation policy
which analyzes the budget usage behavior of each application
and decides how to allocate resources for each application such
as maximization of bandwidth will be ensured. Our proposed
scheme of resource allocation ensures judicious amount of
budget allocation for each application so that more important
applications are not hampered performing their tasks. It also
increases the overall bandwidth utilization for the applications.
The key contributions of this work can be summarized as
follows:
• In this paper, we develop a prioritized and dynamic 3G
budget allocation technique for smartphone applications.
• A bandwidth allocation function is formulated using
linear programming optimization that maximizes budget
utilization of all applications while minimizing allocation
error as much as possible.
• A runtime monitoring and measurement scheme for
estimating budget utilization has been developed using
Weighted Average Usage Prediction (WAUP) method.
• We also recommend the amount of budget for future data
plan using ARIMA (Autoregressive Integrated Moving
Average) model. We carry out numerical evaluations to
study the effectiveness of the proposed optimal budget
allocation policy.
• The results show that the proposed model provides better
performances than a number of state-of-the-art models.
The rest of the paper is organized as follows. Section
II describes some of the works related to our topics of
interest. The Section III presents system model. In section
IV, we formulate optimization problem and propose dynamic
budget allocation scheme. The Section V presents the result of
performance evaluation and conclusions are drawn in Section
VI.
II. R ELATED W ORKS
Allocating bandwidth among the competing users or devices
is a challenging problem and it has been studied in the
literature for many networks. In [7], the authors presented a
utility based bandwidth allocation algorithm for multiple services in the heterogeneous wireless access networks consisting
of WMAN, 3G cellular network and WLAN. Bandwidth is
allocated to a new arrival connection in heterogeneous wireless
environment depending on utility fairness. The researchers of
[8] have proposed a smart bandwidth allocation algorithm
based on smartphone users’ personality traits and channel

condition. Based on one user’s data usage, the service provider
could estimate this user’s probability of each personality trait
using diagnostic inference, and then based on predictive inference to calculate this user’s usage of bandwidth in the future.
The researchers of [9] have dealt with bandwidth disposition
problem for heterogeneous networks. Their proposed method
determines the amount of disposed bandwidth and upgraded
or downgraded sequence of bandwidth is quantified by using
Upgrade Rank or Downgrade Rank function.
The authors of [6] have introduced online 3G budget algorithm that decides which sensory data should be uploaded via
3G communication while others will be uploaded or downloaded later when Wi-Fi access point is encountered. Their
optimization scheme ensures efficient 3G budget utilization but
the algorithm causes large amount of computational overheads.
Therefore, the approach is both computational resource and
energy hungry. Also they have proposed a heuristic algorithm
and the main focus of their proposed algorithm is to split
overall 3G budget in each time cycle into two pieces: reserved
budget and flexible budget. Sensitive applications use reserved
budget and non-sensitive applications use flexible budget. If
reserved budget runs out then sensitive applications take help
from flexible budget. But this two-state classification (sensitive
and non-sensitive) of the applications decreases the dynamicity
and flexibility of bandwidth allocation. In addition to that
the budget allocation strategies for heterogenous applications
following their urgency have not been explicitly discussed and
analyzed.
III. S YSTEM M ODEL
In this section, we present the system model for 3G budget
utilization. We consider that a smartphone is connected with
the Internet either using Wi-Fi access point or by 3/4/5G mobile Internet connection. The smartphone uses 3G bandwidth
budget for urgent application usage whenever no Wi-Fi access
point is available at nearby. The smartphone applications are
allowed to buffer the data packets at local device till it is
connected with any AP. In the case, the buffer space of the
mobile phone is exhausted, it stops data collection process.
When a user is in the range of a Wi-Fi access point, all
the backlogged data packets in the buffer are uploaded to the
destination server through Wi-Fi communication regardless of
its priority. However, if Wi-Fi signal is absent or too low to
upload the important data packets, then the system switches
to 3G communication.
We assume that a user has fixed budget for 3/4/5G Internet
connection (e.g., 3GB monthly, 1GB weekly package). The
amount of the budget data plan for each of the applications
is proportional to how much important the application is.
That is, a real-time and interactive application needs more
bandwidth and it may not tolerate significant delay; on the
other hand, some low priority applications may be delayed
and reduced amount of data budget can be allocated. In this
work, we dynamically prioritize all the applications running
in the mobile device by estimating bandwidth usage behavior
of the applications. The more bandwidth an application uses,

the higher it’s priority is. We exploit autogregressive integrated
moving average (ARIMA) formulae for estimating the runtime
usage of resources by different applications and recommend a
user the most appropriate amount of monthly data plan (to be
discussed in detail in section IV-D).
We also assume that the budget allocation algorithm periodically runs every after t time. It tries to avoid overprovisioning
as well as underprovisioning so as to maximize the resource
utilization and application performance. Each application falls
in one of the n application types with different priorities
p1 , p2 , p3 , . . . , pn . In this case, we use higher values for higher
priority applications.

We observe from Eq. (5) that the system performance
decreases with the increasing usage of flexible budget yi,t
and the Eq. (6) states that penalty increases with the gap
between the amount of reserved budget ri,t and used reserved
budget xi,t . In summary, the more approriate amount of budget
that we can allocate which just meets the requirement of an
application, the more the system performance is increased and
vice-versa. The constraints (2) and (3) are corresponding to
bandwidth usage constraints for reserved and flexible budgets,
i.e., usage must be bounded by the proportionately allocated
amount for an application i. The constraint (4) states that the
constraints (2) and (3) follow additive rule.

IV. P ROPOSED M ODEL
In this section, we present the proposed dynamic budget
allocation strategy for heterogeneous applications running in
a smartphone. The proposed budget allocation policy dynamically expands or shrinks the amount of bandwidth allocated to
different applications over time based on the usage behavior of
the data plan. Our budget allocation optimizes the bandwidth
resource utilization as well as reduces the penalties incurred
due to over- and under-provisioning. We exploit Weighted
Average Usage Prediction (WAUP) method to more accurately
infer the bandwidth usage in future time intervals. We use
Autogressive Integrated Moving Average (ARIMA) model for
recommending appropriate amount of monthly data plan for a
user.

B. Budget Allocation Policy

A. Optimization Problem Formulation
The problem of optimal allocation of bandwidth to the
mobile applications is translated as maximizing the utilization
of resources while minimizing the penalties incurred due
to over- and under-provisioning. And, this policy needs to
be maintained for all applications in all allocation intervals.
Therefore, the optimization function is a linear programming
(LP) problem, defined as follows:
Maximize:
n ∑
T
∑
Z=
(Ui,t − Ci,t )
(1)
i=1 t=1

subject to:
xi,t
yi,t
xi,t + yi,t

≤ ri,t ,

(2)

≤ fi,t ,
≤ ri,t + fi,t

(3)
(4)

Here, Ui,t is the resource utilization of application i at time
interval t and Ci,t is the corresponding over-provisioning
penalty, if there is any. Given that the ri,t , xi,t and yi,t are
the amount of reserved budget, used reserved budget and
used flexible budget for application i at time interval t, the
utilization and penalties are defined as follows:
{
x +y
0
if i,tri,t i,t > 1
(5)
Ui,t =
x +y
1
if i,tri,t i,t ≤ 1
{
x +y
0
if i,tri,t i,t > 1
Ci,t =
(6)
(ri,t −xi,t )
x +y
if i,tri,t i,t ≤ 1
ri,t

The overall 3G budget B is split into two parts in each time
cycle: reserved budget (B1 ) and flexible budget (B2 ). Initially
(t = 0), their values are determined as follows:
B1 = α × B,

(7)

B2 = B − B1 ,

(8)

where, α is a control parameter that determines how much of
the total budget is to be kept in reserved portion. When the
data plan period starts every application is allocated a certain
amount of reserved budget based on their priority assuming
all the applications have equal bandwidth usage for k time
cycles. If n applications are running then,
pi × b̄i,t
× B1 ,
i=1 (pi × b̄i,t )

ri,t = ∑n

(9)

where, pi , ri,t and b̄i,t are the priority, reserved budget and
the estimated bandwidth usage of i’th application, respectively,
within the time cycle. The detail estimation process of b̄i,t is
presented in Section IV-C. We assume that in the first time
cycle t1 , an application i has used xi,t amount of data from
the
∑n reserved budget. So, remaining reserved budget is B1 −
i=1 xi,t .
In the case, an application is run out of it’s reserved budget
within the current time cycle, then flexible budget is allocated
to it from B2 . If fi,t denotes the extra budget requirement for
i’th application in t time cycle then,
′

fi,t

pi × T
∑n
=
× B2
T × i=1 pi

(10)

If each application uploads or downloads yi,t amount of
data using
∑n flexible budget then remaining flexible budget is
B2 − i=1 yi,t . So remaining total budget after t1 time cycle,
B = (B1 −

n
∑
i=1

xi,t ) + (B2 −

n
∑

yi,t )

(11)

i=1

This is the budget for next time cycle that means the
assignment is additive. We now calculate total budget by
adding remaining flexible and reserved budgets for the current
time cycle. From the second time cycle, the reserved budget
is calculated according to following equation:

′

′

T + α × (T − T )
B1 =
×B
(12)
T
′
where, T is the budget validation time and T is present
time. The Eq. 12 helps us to dynamically update the reserved
budget amount B1 following the historical usages. It also
minimizes the wastage of bandwidth later at the end of the
data plan period. The control parameter α plays an important
role to start with minimum reserved amount from the first
day of data plan and to increase gradually. Therefore, it
minimizes both the over- and under-provisioning penalties.
The value of α depends on execution frequency of the budget
allocation algorithm compared to the total data plan period.
For performance evalution, we have set α = Tt , where, t is
the time interval of executing allocation algorithm.
C. Estimation of Budget Usage
We calculate budget usage ratio bi,t after each usage interval, t, as follows,
xi,t + yi,t
bi,t =
(13)
ri,t + fi,t
Thus, the Eq. 13 refers to how much of the allocated budget
is used by an application i. We need to predict the allocated
bandwidth budget usage of each application so as to infer the
judicious amount of budget to be allocated in the upcoming
time cycle. The possible amount of usage of the budget by
an application in the next time cycle typically depends on its
historical usage patterns. And the most recent usage behavior
puts more impact on the future usage estimations. In this
work, we exploit Weighted Average Usage Prediction (WAUP)
method similar to WALI model [10], [11] that works as
follows. The WAUP measures the average bandwidth usage
of i’th application in the current time cycle as a weighted
average of last m time cycles as follows:
∑m
j=1 (wj × bi,j )
∑m
b̄i,t =
(14)
j=1 wj
For weights wj :
{
wj =

1
j− m
2
1 − m +1
2

if 1 ≤ j ≤ m
2
if m
2 <j ≤m

(15)

For m = 8, this gives weights of 1, 1, 1, 1, 0.8, 0.6, 0.4,
0.2 for w1 through w8 , respectively where the most recent four
samples are equally weighted.
D. Budget Recommendation using ARIMA
ARIMA(Autoregrassive Integrated Moving Average) is a
common and effective method as one kind of time series prediction method. ARIMA(p, d, q) models are first introduced
by Box and Jenkins in 1970 [12] for purposes of modeling time
series data. The model is the combination of autoregression
and a moving average models. The full form of ARIMA can
be written as [13], [14]
′

′

′

Bl = c + ϕ1 Bl−1 + · · · + ϕp Bl−p + θ1 el−1 + · · · + θq el−q + el
(16)

ARIMA(p, d, q) can also be written as
′

Bl = c +

p
∑

′

ϕi Bl−i +

i=1

q
∑

θi el−i

(17)

i=1

or by using lag polynomial operator:
′

▽d Bl ϕ(L) = θ(L)el

(18)

where,
ϕ(L) = 1 − ϕ1 L − ϕ2 L2 − ϕ3 L3 − · · · − ϕp Lp
θ(L) = 1 − θ1 L − θ2 L2 − θ3 L3 − · · · − θp Lq
′
Bl is correlated normally distributed random variable, el
is an uncorrelated Gaussian noise, θl is moving average
coefficient and L is the lag operator.
For predicting data plan period, ARIMA model is the better
′
option for forcasting the data. Here, Bl is the estimated data
budget for lth data plan period. If the data is not stationary,
′
then Bl = Bl − Bl−1 .
V. N UMERICAL E VALUATION
In this section, we study the effectiveness of the proposed
dynamic budget allocation policy compared to an online 3G
budget algorithm [6] through numerical evaluations. We have
implemented both the budget allocation algorithms using C++
programming language. We assume many applications are
running in a mobile device and they have diverse bandwidth
requirements. The number of applications that are active on a
mobile device and it’s monthly data plan are randomly chosen
from a wide range of 2 ∼ 12 and 3 ∼ 10GB, respectively, with
uniform distribution. The arrival and departures of applications
are exponentially distributed. As a result, the duration for
which an application keeps it active varies greatly from others.
We also emulate that the mobile user does not use 3G data
plan continuously for Internet accessibilities, rather sometimes
it uses Wi-Fi access points for data transfer. The total data
plan period is assumed to be 720 hours (i.e., 30 days) and
the budget allocation algorithm execution time interval t is
chosen 4-6 hours. For each of the graph data points, we run
the program 20 times for different random inputs and take the
average of the results.
We have studied the following two metrics: average system
performance and penalty for varying number of applications
running on the smartphone. Eq. (1) defines system performance denoting the difference between resource utilization
and over-provisioning penalty of each application in all time
cycles. Our aim is to upgrade system performance by maximizing utilization and minimizing penalty. The average system
performance is measured using Eq. (1) for all applications and
then the average is taken for graph data points. The penalty
is measured as the percentage of applications that could not
be run due to shortage of bandwidth during the experiments.
The average is taken for all time periods and all applications.
As shown in Fig. 2(a), the average system performance
linearly increases with the number of applications in both
the studied budget allocation algorithms. However, the performance of online 3G budget allocation algorithm starts
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decreasing when the number of applications is 8 and above. On
the other hand, the proposed optimal budget allocation policy
offers as high as almost 80% performance for higher number
of applications. This happens because of its higher capability
of accommodating diverse applications with different priorities
and dynamically adjusting the bandwidth allocation to the
applications following their historical usage pattern.

depicts that underprovisioning penalty decreases with larger
amount of allocated budget as the applications are allocated
judicious amount of budget. Fig. 3(c) depicts that underprovisioning penalty decreases with larger amount of allocated
budget for both higher and lower priority applications.

The graphs of Fig. 2(b) depict that the percentage of
penalty increases with increasing number of applications but
the penalty offered by proposed algorithm remains relatively
low comparing to online 3G budget algorithm.

In this paper, we proposed dynamic bandwidth allocation
algorithm for heterogeneous smartphone applications. The proposed data plan usage policy maximizes the utilization of all
applications while minimizing over- and under-provisioning.
We exploit the application’s behavior and recommend future
data plan after long term analysis. Experimental results confirmed that our proposed scheme gives optimal solution and
potentially brings benefits to users. Our model also gives
the better performance to distribute the budget among the
applications where penalty will be minimized.

The graphs of Fig. 2(c) depict that the percentage of applications that are deprived of required amount of bandwidth allocation increases exponentially for lower priority applications. In
this case, the results are caused by excessive underprovisioning
penalty. However, for the higher priority applications, the
percentage is significantly low, which is expected theoretically
as well.
Fig. 3(a) shows that the average system performance offered
by proposed algorithm grows with larger amount of budget
but starts decreasing due to over-provisioning penalty when
the allocated budget is 7 and above. However, the average
performance offered by online algorithm remains low because
of their incapability of proper distribution of budget among applications and handling over- and under-provisioning. Fig. 3(b)

VI. C ONCLUSION
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