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Abstract—In this paper, we present an approach to managing
resources in a large-scale heterogeneous wireless network that
supports reconfigurable devices. The system under study embodies internetworking concepts requiring independent wireless networks to cooperate in order to provide a unified network to users.
We propose a multi-attribute scheduling algorithm implemented
by a central Global Resource Controller (GRC) that manages
the resources of several different autonomous wireless systems.
The attributes considered by the multi-attribute optimization
function consist of system spectral efficiency, battery lifetime of
each user (or overall energy consumption), and instantaneous
and long-term fairness for each user in the system. To compute
the relative importance of each attribute, we use the Analytical
Hierarchy Process (AHP) that takes interview responses from
wireless network providers as input and generates weight assignments for each attribute in our optimization problem. Through
Matlab/CPLEX based simulations, we show an increase in a
multi-attribute system utility measure of up to 57% for our
algorithm compared to other widely studied resource allocation
algorithms including Max-Sum Rate, Proportional Fair, Max-Min
Fair and Min Power.
Index Terms—heterogeneous wireless networks, reconfigurable
radios, scheduling, resource allocation, network efficiency.

I. I NTRODUCTION

T

HE economic forces that are driving the cellular industry
are reducing the number of cellular providers but causing their wireless networks to become large, heterogeneous
systems based on numerous wireless technologies at various
lifecycle stages. Until recently, technology was the primary impediment to achieving universal, broadband wireless services
that involve multiple radio access technologies (RATs). Today,
arguably one of the most significant impediments to achieving
highly efficient unified wireless systems are the after-effects of
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antiquated spectrum allocation regulatory policies. The effect
is that in many geographic areas licensed spectrum is likely
to be underutilized even though demand is expected to exceed
current spectrum capacity as early as 2014 [1, 2]. This has
sparked renewed interest in techniques to improve spectral
efficiency, including cognitive radios and networks that can
adapt their behaviors to make efficient use of open or unused
spectrum. At the same time, environmental concerns and user
device requirements have elevated the importance of energy
efficient networks and devices. As wireless operators have
learned, a handheld device’s battery efficiency is a very visible
attribute of an operator’s services [3]. Unfortunately, in many
situations, methods for improving spectral efficiency directly
lead to an increase in energy consumption. A third conflicting
dimension to the resource allocation problem is ensuring
fair allocation across users. The wireless system design and
the subsequent performance modeling and evaluation that
are presented in this paper directly address this challenging
dilemma through the use of joint optimization.
A large amount of prior work has explored a number of
issues surrounding the delicate relationship between transmit
power and subsequent effects on competing devices [4–6].
Recent work involving heterogeneous cellular systems based
on pico-cell and femto-cell deployments also consider the
power issue to mitigate inter and intra channel interference
[7–9]. Prior joint optimization-based resource allocation approaches for wireless networks consider trade-offs between
spectral efficiency and fairness objectives subject to maximum
transmit power constraints [10–12]. Recently, due to a renewed
interest in ‘green communications’ and end-users’ increased
expectations from mobile device battery life, researchers have
started focusing on minimizing overall energy consumption
subject to fairness constraints and other network-efficiency
requirements, such as throughput and delay [13–15]. However,
to the best of our knowledge, none of these works looked at the
trade-offs surrounding power, spectral efficiency, and fairness
in large-scale heterogeneous wireless networks that involve
reconfigurable end-user devices.
Current cellular systems deploy a hierarchy of resource controllers. Each device, along with its assigned base station (BS),
independently tries to optimize the resource allocation process
within its own domain, generally ignoring impacts of colocated heterogeneous wireless networks. Localized resource
allocation decisions will usually not lead to optimal resource
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usage. In fact, [16] shows that the selfish approach can result
in non Pareto-optimal bandwidth allocation as compared to
the case where a centralized entity performs network-wide
resource allocation. Significant improvements in efficiency
result when the resource management process jointly considers
the distribution of resources across network technologies,
reaping the benefits of multi-access network diversity. At the
network level, several architectures and frameworks to support
hybrid or heterogeneous networks have been suggested, which
include IEEE 802.21, IEEE P1900.4, 3GPP’s Common Radio
Resource Management, Joint Radio Resource Management
and Multi-access Radio Resource Management, and IETF’s
‘flow mobility’ standards [17–22]. A common attribute of
all these frameworks is that the local resource managers of
different RATs interact with a centralized entity to jointly
optimize the resource allocation process.
In our prior work involving a heterogeneous wireless system
based on a global (i.e. centralized) resource controller, we
studied the spectral efficiency and energy consumption tradeoffs as the reconfiguration capabilities of devices were varied
[23]. Results from a particular scenario of this prior work
suggests that it is possible to increase spectral efficiency by
up to 75% but at the cost of twice the energy requirement
of devices. In the research presented in this paper, we extend
our prior work to include a joint optimization-based resource
allocation process that provides an operator with a ‘control
knob’ to allow the conflicting demands of spectral efficiency,
energy consumption, and fairness to be tailored to meet
specific performance goals or policies. We use utility theory,
and in particular a weighted sum multi-attribute optimization
technique, to set up our network optimization problem [24].
The operator can then use economic incentives to align user
perceived utility with an operator’s financial utility, which is
a separate problem and not addressed in the work presented
in this paper.
We introduce a multi-attribute resource allocation algorithm
that accounts for cost associated with the use of reconfigurable
devices. Based on the well-known utility-based optimization technique [25], we use the weighted sum method in
our algorithm, which maximizes utility functions related to
multiple network-efficiency attributes. To provide a concrete
illustration of the proposed algorithm, we assume the network
provides a best-effort data service with extensions to support
real-time traffic. The extensions include two components: 1)
admission control; and 2) minimum instantaneous data rate
per scheduling interval. The service definition matches the
needs of latency-sensitive applications such as ‘over-the-top’
VoIP and video conferencing that periodically require small
amounts of data to be delivered by the network with tight
delay bounds. The main contribution of the research is an
approach for managing resources in large-scale heterogeneous
wireless networks that involve reconfigurable end-user devices.
Moreover, the proposed resource allocation procedure provides
a mechanism that allows an operator to configure the relative
importance given to spectral efficiency, energy consumption,
and fairness objectives in a manner that leads to predictable
service levels.
The paper is organized as follows. Section II presents rel-

evant background and motivations for our work. We describe
the system model, provide a detailed problem formulation and
discuss the research methodology in Section III. We present
and discuss the results in Section IV. Section V provides
conclusions and identifies possible future work.
II. BACKGROUND AND M OTIVATIONS
Network selection algorithms for optimal service delivery
over user devices capable of connecting with several RATs can
be categorized into several strategies: (i) decision functionbased strategies; (ii) user-centric strategies; (iii) multiple attribute decision making strategies; and (iv) fuzzy logic and
neural networks-based strategies. All these strategies use a set
of attributes in the decision making process which are either
related to the user or to the service provider. Some of the
user-related attributes include achieved throughput by each
individual user, battery lifetime of each mobile terminal, and
QoS parameters such as packet delay, jitter and loss. Service
provider-related attributes include load-balancing, throughput
fairness amongst users, incurred cost per transmitted data byte,
and overall revenue. The decision function-based strategies use
a weighted utility function that incorporates both user-related
and service provider-related network selection attributes [26,
27]. The user-centric strategies focus on one or more needs
of the user to decide on the choice of current access network
[28]. Multiple Attribute Decision Making (MADM) deals with
the problem of choosing from a set of alternatives that are
characterized in terms of their attributes. The most popular
classical MADM methods are Simple Additive Weighting
(SAW), Technique for Order Preference by Similarity to Ideal
Solution (TOPSIS), and Grey Relational Analysis (GRA). A
comparison of these models was established in [29] with bandwidth, delay, jitter, and BER attributes. It showed that SAW
and TOPSIS provide similar performance under all traffic
classes examined. GRA provides slightly higher bandwidth
and lower delay to interactive and background traffic classes.
Fuzzy Logic (FL) and Neural Networks (NN) concepts are applied to choose when and to which network to hand-off among
different available access networks when a decision problem
contains attributes with imprecise information [30, 31].
All the strategies for network selection algorithms described
in the previous paragraph make use of multiple user-related or
network provider-related attributes. The method to determine
the relative importance of each attribute under consideration
has significant impact on the solution space and the implementation complexity of the algorithm. Several papers have looked
at multiple weight combinations of the attributes based on
imprecise end-user preferences [27, 32, 33]. Other papers have
selected the attribute weights based on simulation results by
determining the difference in magnitude of each attribute and
then assigning each attribute equal importance [26, 31]. We
reduce the solution space of our algorithm by using responses
from network provider interviews and the Analytical Hierarchy
Process (AHP) [34] to determine the relative weights of each
attribute in our optimization function.
Game theory has also been employed to model the network
selection problem. The authors of [35] propose a network selection scheme to accommodate current demand and minimize
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Fig. 1. System Model

handoff while meeting QoS requirements in a heterogeneous
wireless network, comparing the proposed scheme to TOPSIS.
The model in [36] consists of a game between access networks
in a converged 4G environment, to decide which service
requests should be accommodated by each access network.
In [37], the authors study the dynamics of network selection
in a heterogeneous wireless environment using evolutionary
games. Game theory formulations model decision-making by
autonomous independent agents, while in this paper we focus
on a central global resource controller. Still, the extensive
literature on game theory for telecommunications (e.g., [38])
provides rich ideas on network and user utility when considering multiple attributes for optimization.
III. S YSTEM D ESCRIPTION
A. System Model
With the major network operators migrating to IP MultiMedia Service (IMS) core networks [39], we consider an
architecture based on the 3GPP IMS architecture [40] shown in
Fig. 1. In our architectural model, we consider cognitive User
Equipment (cUE) as an end-user device with reconfigurable
and cognitive capabilities, which is able to access multiple
IP Connectivity Access Networks (IP-CANs) individually or
simultaneously. Resources are managed through the Global
Resource Controller (GRC) according to the objectives of
the network operator. Through these objectives, the GRC
calculates cUE-IP-CAN mappings and the rate assignment
per mapping. The base IMS framework naturally extends to
support multi-radio, adaptive devices.
From an operational perspective, the cUE first must sense
IP-CANs and register with the GRC before transmitting any
data. We show the procedural flow example of this process in
Fig. 2. First, the cUE senses and scans for available networks
and their utilization. Selecting one of the available IP-CANs,
the cUE obtains an IP Network connection, which it uses
to communicate with external hosts. We assume that each
end-user tries to use the most efficient IP-CAN available
initially and follows the following preference order: Wi-Fi,
4G (LTE/WiMAX), 3G (HSPA/EVDO). If the user cannot
establish a connection to his/her first preference due to reasons
such as very high network load or interference, then he/she
tries to connect to his/her second preference and this procedure
continues until the cUE can establish an initial IP Network

connection. Next, the cUE discovers, registers, and communicates with the GRC application server, which we assume uses
standard discovery and registration procedures as described
in [40]1 . After a connection with the GRC is established,
the cUE delivers periodic sensing information of available
networks to the GRC. Upon receiving this periodic sensing
information from the cUE, the GRC is able to calculate the
cUE-IP-CAN mappings and the rate assignment per mapping.
This information is then relayed to each cUE, which uses it
to tune its Reconfigurable Radios (RRs) to the appropriate IPCANs.
After each RR is configured according to the cUE-GRC
mapping, radio links are established with the associated IPCANs for data transmission. A pictorial representation of the
transmission plane is shown in Fig. 3. From the perspective
of the cUE applications, one TCP/IP stack is managed and
scheduled over one or more radio links. The Radio Link
Aggregation function is used for packet resequencing and
reordering data from each of the RRs. Each RR manages
its own radio link and associated protocol with the IP-CANs,
which provides a unique IP anchor through the corresponding
IP-CAN’s core network. In addition, each RR uses the rate
assignment per cUE-IP-CAN mapping information calculated
by the GRC in its resource demand requests to the corresponding IP-CAN’s BS. The IP-CAN BSs use the resource demand
requests from each cUE as guidance in coming up with their
own local scheduling decisions. Note that the GRC makes
periodic decisions on large time scales (seconds or minutes),
while the BSs of each IP-CAN make scheduling decisions
on small time scales (milliseconds) to account for short-term
fluctuations in connectivity conditions. While some of the
settings are customizable for LTE and WiMAX, generally
these IP-CANs generate a schedule every 10 milliseconds.
HSPA typically generates a schedule every 2 milliseconds and
EVDO generates a schedule every 26.67 milliseconds. Wi-Fi
typically assigns a channel to the user for 0.5 milliseconds to
send one data frame (which includes the DIFS, Data, SIFS,
ACK mechanism). The intent of the proposed solution is to let
independent schedulers of each IP-CAN work at their defined
schedule interval durations. The GRC performs global-level
optimization (re-associations) and has to operate at larger
1 Registration with an IMS application server involves a combination of
DNS lookups with Diameter authentication procedures (RFC 3588), and SIP
signaling.
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time scales to account for issues such as overhead/result
propagation delay. So, to minimize actual overhead and to
make sure that the cUEs and BSs of various IP-CANs can use
the decisions made by the GRC, a scheduling interval of 1
second is proposed for the GRC and is used throughout the
paper.
B. Optimization Attribute Utility Functions
The GRC uses a multi-attribute resource allocation algorithm to determine the cUE-IP-CAN mappings and the rate
assignment per mapping for each scheduling time step t. The
attributes considered in this algorithm are system spectral
efficiency, both instantaneous and long-term fairness in terms
of data rate allocated to each user in the system, and battery
lifetime of each user in the system. We describe the utility
function for each attribute next using system parameters presented in Table I. The notation extends the notation presented
in [16].
1) Spectral Efficiency: The achievable system spectral efficiency for time interval [t, t+1], denoted γ t , is represented
by (1) as the ratio of the aggregate rate allocated to each user
in the system at time t to the total spectrum used. The rate
allocated to user u ∈ U at time t, denoted rtu , is represented
by (2) and depends on two parameters: (i) xtua - the cUE-IPCAN assignment variable at time t, (ii) rtua - the rate allocated
to user u ∈ U by BS/AP a ∈ A at time t. For each time step t,
the multi-attribute resource allocation algorithm implemented
by the GRC computes both these parameters. Note that rtua
is a function of the resource blocks assigned to user u ∈ U
by BS/AP a ∈ A at time t and the supported modulation and
coding scheme (MCS). A resource block is a minimal resource
allocation unit. Different IP-CANs use different terminology
when defining a minimal resource allocation unit (for example,
Wi-Fi lets users compete for the wireless medium using the
CSMA/CA mechanism and lets the contention winner hold
the wireless medium for the time necessary to transmit a data
frame and ACKs plus any optional control frames associated
with virtual carrier sensing, OFMDA-based LTE and WiMAX
group twelve consecutive subcarriers in the frequency domain

Parameter

Description

A

Set of BSs/APs for all IP-CANs

U

Set of Users

BU t

Set of users that are blocked by the admission control
procedure at time t

xtua

Assignment variable - Determines whether radio a ∈ A of
user u ∈ U is on or off at time t

rtua

Rate (bits/s) allocated to user u ∈ U by BS/AP a ∈ A at
time t

rtua,max

Maximum achievable rate (bits/s) for user u ∈ U through
BS/AP a ∈ A at time t

rtua,norm

Normalized rate ∈ [0, 1] allocated to user u ∈ U by
BS/AP a ∈ A at time t

rtu

Total rate allocated to user u ∈ U at time t

γt

Achievable system spectral efficiency (bits/s/Hz) for time
interval [t, t+1]

κ

Total spectrum (Hz) used by the system

η tua

Maximum data (in bits) that can be transferred by radio
a ∈ A of user u ∈ U during time interval [t, t+1]

Tt

Vector containing minimum data rate requirement of each
user u ∈ U to support real-time traffic for time interval [t,
t+1]

ω tua

Total energy consumed (in Joules) by radio a ∈ A of user
u ∈ U during time interval [t, t+1]

ω tu

Total energy consumed (in Joules) by cUE of user u ∈ U
during time interval [t, t+1]

mu

Maximum number of usable radios for user u ∈ U for
each time step

and six or seven symbols in the time domain to form a minimal
resource allocation unit). The minimal resource allocation
unit used by 3GPP based networks (LTE, HSPA) is called
a resource block. To unify terminology across all IP-CANs,
this term is chosen to represent a minimal resource allocation
unit for all RATs in the paper.
P
rt
t
(1)
γ = u∈U u
κ
X
t
rut =
xtua ∗ rua
(2)
a∈A

Since we assume that the amount of spectrum allocated
to each IP-CAN is constant, the total spectrum, κ, used by
our system remains constant. So, to maximize the achievable
system spectral efficiency, the objective of any network optimization problem is to maximize the sum of the rates allocated
to each user subject to total resource usage constraints. This
optimization problem has been well studied as the Max-Sum
Rate (MSR) optimization problem. The idea behind the MSR
optimization objective is to assign each resource block to
the user that can make the best use of it. The drawback
of the MSR optimization objective is that it is likely that
a few users close to the BS, and hence having excellent
channels, will be allocated all the system resources. As a
result, the MSR optimization objective cannot be used as the
only objective in any resource allocation problem. Fairness of
resource distribution also has to be taken into account.
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However, since the MSR optimization objective results in
the highest achievable system spectral efficiency, it can be
used as an upper bound in computing the spectral efficiency
utility function. Let γ tmax represent the achievable system
spectral efficiency for time interval [t, t+1] obtained by
solving the MSR optimization problem. Similarly, assuming
each available resource block is allocated to some user, the
minimum achievable system spectral efficiency results when
each resource block is assigned to the user with worst connectivity conditions. Let γ tmin represent this minimum achievable
system spectral efficiency for time interval [t, t+1]. Then,
γ tmax can be used as a lower bound in computing the spectral
efficiency utility function. The normalized system utility γ tutil
is then computed using (3). If the achievable system spectral
efficiency equals γ tmax , the spectral efficiency utility function
corresponds to a value of 1, and if the achievable system
spectral efficiency equals γ tmin , the spectral efficiency utility
function corresponds to a value of 0.
t
γutil
=

t
γ t − γmin
t
− γmin

t
γmax

(3)

2) Fairness: The fairness metric relates to the difference
in data rates allocated to each user. The fairness metric can
be computed for each scheduling time step to ensure instantaneous fairness or it can be computed over long time-scales
to ensure long-term fairness. Since we study heterogeneous
wireless systems that support both real-time and best-effort
traffic, we analyze our algorithm’s performance for both instantaneous fairness that deals with minimum data rate support
for real-time traffic and long-term fairness that is related to
best-effort traffic.
The first step in our resource allocation procedure is an
iterative admission control procedure that satisfies the minit
mum data rate requirement, T t = [T1t ...T|U
| ], per scheduling
interval of as many users as possible to support real-time
traffic. For each GRC scheduling interval t (say, 1 second),
any user u ∈ U that is allocated resources achieves a data rate
of at least Tut bits/s and can satisfy the needs of his/her realtime applications. The users blocked by the admission control
procedure are the dissatisfied users that cannot support the
needs of their real-time applications. For each time step, the
proportion of satisfied users is used to compute the instant
taneous fairness utility function, denoted θutil
, as described
by (4). If no users are blocked, the instantaneous fairness
utility equals 1 and if all users are blocked, the instantaneous
fairness utility equals 0. The instantaneous fairness utility
helps address the needs of real-time traffic such as VoIP and
video streaming. For example, the G.729 codec used by VoIP
traffic needs to periodically send out variable-sized packet
bursts approximately every 20 ms. Since GRC operates on a 1
second interval, the GRC uses average data rate requirements
of these variable-sized packet bursts over a period of 1 second
to compute the minimum data rate requirement per scheduling
interval.
t
θutil
=1−

|BU t |
|U |

(4)
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TABLE II
E NERGY C ONSUMPTION N UMBERS FOR C URRENT ACCESS
T ECHNOLOGIES ( IN J OULES )
802.11g

802.16e

LTE

HSDPA

EVDO

0.007(x)

0.018(x)

0.018(x)

0.025(x)

0.025(x)

Prec,a

7.25

12.4

4.68

12.4

11.7

Passoc,a

5.9

3.2

3.2

3.5

3.5

13.15

15.6

7.88

15.9

15.2

Pt,a (x KB)

Po,a

The second step in the resource allocation process accounts
for long-term fairness by using mechanisms from a Proportional Fair scheduler. Let φutil represent the long-term fairness
utility function. Then we apply a direct mapping of Jain’s
Fairness Index [41] to the long-term fairness utility function
as presented in (5). In general, since best-effort traffic such
as FTP has very lenient or no delay constraints and because
the instantaneous fairness utility already computes the fairness
metric for small time-scales (or each scheduling step), the
long-term fairness utility is computed using rates allocated
to each user for all time steps under consideration for any
study (thousands of seconds). As in the previous two utility
components, the long-term fairness utility is normalized into
the interval [0,1].
P
P
2
( u∈U t rut )
(5)
φutil =
P
P
2
|U | ∗ u∈U ( t rut )
3) Battery Lifetime: The final metric in our multipleattribute resource allocation algorithm is battery lifetime. We
use two components in modeling our energy consumption,
which is similar to a linear energy consumption model proposed in [42, 43]. The energy consumption for user u ∈ U
during time interval [t, t+1], denoted as ωut , is computed using
(6). The first energy consumption component, Pt,a (x), relates
to the transfer energy component described in [43] and it det
, the maximum number of data bytes that can be
pends on ηua
transferred by radio a ∈ A of user u ∈ U during time interval
[t, t+1]. The second energy component, Po,a , represents the
overhead energy and has two sub-components. The first subcomponent, Prec,a , represents the extra energy that is spent by
RRs in reconfiguring the hardware to support a particular IPCAN. We assume an FPGA platform as our RR platform [44]
and use the reconfiguration energy numbers that we derived in
our previous work [23]. The second sub-component, Passoc,a ,
represents the extra energy that is spent associating with a
new IP-CAN and is similar to the ramp energy concept used
in [43]. We provide the energy consumption numbers used in
this study in Table II.
ωutil =

X

t
t−1
[Pt,a (ηua
) + (xtua − xt−1
ua ) ∗ (1 − xua ) ∗ Po,a ] (6)

a∈A

The goal of the battery lifetime optimization criterion is
to prolong the time each user remains active in the system.
To this end, we want to ensure that for each scheduling
interval [t, t+1], the overall energy consumed by each user
in the system is minimized. We use the same maximum
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and minimum achievable system spectral efficiency concepts
adopted in the spectral efficiency utility function in computing
t
the battery lifetime utility function. Let ωmax
represent the
t
maximum achievable overall energy consumption and let ωmin
represent the minimum achievable overall energy consumption
for time interval [t, t+1]. Then the battery lifetime utility
t
function for time t, denoted as ωutil
, is computed using (7).
t
If the achievable overall energy consumption equals ωmin
,
the battery lifetime utility function is 1 and if the achievable
t
overall energy consumption equals ωmax
, the battery lifetime
utility function is 0. Alternatively, a proportional energy consumption objective could have been used as the battery lifetime
optimization criterion in the problem formulation, allowing
users with higher battery levels to consume more energy than
users with lower battery levels. This approach would lead to
approximately equal battery levels for each user over a long
time period. However, we do not consider this approach in
this study and identify it as a part of future work.
P
t
ωut − ωmin
t
(7)
ωutil
= 1 − u∈U
t
t
ωmax − ωmin
C. Resource Allocation Procedure
In this section, we present the resource allocation procedure
that is used by the GRC to come up with cUE-IP-CAN
mappings and the rate assignment per mapping. Since our
heterogeneous wireless system supports both real-time and
best effort traffic, the resource allocation problem follows a
two-step approach. In the first step, an iterative admission
control policy is implemented to satisfy minimum data rate
requirements (for real-time traffic) of as many users in the
system as possible. In the second step, the weighted spectral
efficiency, long-term fairness, and battery lifetime utility functions (related to best-effort traffic) are maximized, subject to
minimum data rate requirements. Algorithm 1 describes the
complete resource allocation procedure that is used during
each time step t.
Each step (Step 1 and 2) in the algorithm uses a mixed
integer linear program (MILP) presented by (9) and (11)
respectively. The objective of both MILPs is to determine xtua
t
(the assignment variable) and rua
(the rates allocated to each
radio of each user). The spectral efficiency, long-term fairness
and battery lifetime utility functions are then computed using
t
these xtua and rua
variables using (3), (5) and (7) respectively.
Note that the battery lifetime utility function presented in (7)
t
depends on (6) which uses an additional variable ηua
, the
maximum amount of data (in bits) that can be transferred by
radio a ∈ A of user u ∈ U during the scheduling interval t.
t
Since the GRC scheduler operates on a 1 second basis, ηua
t
equals rua in our study.
The goal of the admission control procedure, described
by Step 1 in the algorithm, is to determine when a user
is blocked and maximize the instantaneous fairness utility
metric presented in (4) by minimizing the number of blocked
users. The admission control procedure first initializes the
list of blocked users at time t (BU t ) to null and sets z,
the variable that determines the feasibility of satisfying realtime traffic demands of each user, to be infeasible. Next, it

Algorithm 1 Multi-Attribute Resource Allocation
Step 0: Initialization
1: if t == 1
∀u ∈ U
2:
Atu ← 1
3:
xt−1
∀u ∈ U, ∀a ∈ A
ua ← 0
4:
ρ ← 0.10
5: end if
Step 1: Admission Control
6: BU t ← ∅, z ← inf easible
7: while z is inf easible
8:
select any u ∈ U, u ∈
/ BU t
z ← solve P ∗ using (9)
9:
if z is inf easible
P
t
∀u ∈ U, u ∈
/ BU t
/Tut
=
rt
10:
ru,max
a∈A ua,max
t
11:
udrop ← u ∈ arg
S min{ru,max }
12:
BU t ← BU t
{udrop }
13:
end if
14: end while
Step 2: Multiple-Attribute Optimization
15: solve M A∗ using (11)
t
16: At+1
= (1 − ρ)Atu + ρru
u

recursively solves optimization problem P ∗ , using (9), in an
effort to find a feasible solution that tries to satisfy the realtime traffic demand of each user using constraint (9b). Note
t
t
in
is used rather than rua
that in formulating P ∗ , rua,norm
constraints (9c)-(9f) to avoid non-linear problem formulations.
t
t
is described by (8).
and rua,norm
The relationship between rua
This relation removes the dependence of rut on two variables,
t
xtua and rua
as presented in (2). Now, rut only depends
t
, as presented by (9a), as constraint (9d) makes sure
on rua
t
t
) is greater than zero
(and consequently rua
that rua,norm
only if xtua equals one. After solving one iteration of P ∗ ,
the admission control procedure checks whether a feasible
solution is produced. If the solution to P ∗ is infeasible, the
user with the worst achievable data rate to demand ratio is
dropped and this user is added to the list of blocked users
(BU t ) that are assigned no resource blocks (or are assigned
rate 0 as described by constraint (9e). The admission control
procedure keeps solving P ∗ and dropping the user with worst
achievable data rate to demand ratio until all users that are
to be allocated resources (u ∈ U, u ∈
/ BU t ) can achieve a
t
data rate of at least Tu bits/s. This mechanism enables the
admission control procedure to block as few users as possible.
Once a feasible solution is produced for P ∗ , the resource
allocation procedure moves to Step 2 of the algorithm.
t
rua,norm
=

P ∗ : max rut =

X

t
rua
t
rua,max

t
rua

(8)

(9a)

a∈A

s.t.

rut ≥ Tut
∀u ∈ U, u ∈
/ BU t
X
t
rua,norm
≤ 1 ∀a ∈ A
u∈U
t
rua,norm
t
rua,norm

≤ xtua
=0

∀u ∈ U, u ∈
/ BU t , ∀a ∈ A
t

∀u ∈ BU , ∀a ∈ A

(9b)
(9c)
(9d)
(9e)
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t
rua,norm
≥0
X
t
xua ≤ mu

∀u ∈ U, u ∈
/ BU t , ∀a ∈ A
∀u ∈ U, u ∈
/ BU

a∈A
xtua ∈

∀u ∈ U, u ∈
/ BU t , ∀a ∈ A

t

(9f)
(9g)

u

max

u

(9h)

min

t
t
t
M A∗ : max (α ∗ γutil
) + (β ∗ φ0util
) + (τ ∗ ωutil
)

rut

≥ Tut
X
t
rua,norm
≤
u∈U
t
rua,norm
≤ xtua
t
rua,norm
=0
t
rua,norm ≥ 0
X

xtua

a∈A
xtua ∈

TABLE III
AHP MATRICES DERIVED FROM EXPERT INTERVIEWS
Expert 1

{0, 1}

The final step (Step 2) in the algorithm comes up with
cUE-IP-CAN mappings and the rate assignment per mapping
based on an optimization function, M A∗ , described by (11),
that optimizes the weighted spectral efficiency, long-term
fairness and energy consumption utility functions subject to the
minimum data rate requirements confirmed by the admission
control procedure. The utility functions described in (3) and
(7) are used in M A∗ to maximize system spectral efficiency
and minimize overall energy consumption, respectively. For
long-term fairness, the utility function described by Jain’s
fairness index in (5) is non-linear and hard to solve for a largescale heterogeneous wireless system. As a result, an alternative
formulation that uses the ratio of instantaneous to average
data rate described in (10) is used to maximize long-term
fairness utility2 . It has been shown that allowing the user with
maximum achievable ratio of instantaneous to average data
rate to transmit during each time step results in maximizing
fairness over long time scales [45]. Again, the maximum and
minimum achievable ratios of instantaneous to average data
rate are used in (10) to scale the long-term fairness utility
between 0 and 1. The algorithm initializes the average data
rate of each user u ∈ U , denoted as Atu , to 1 during the first
time step as described in the initialization step in Algorithm 1.
After solving the M A∗ optimization problem, the algorithm
updates the average data rate of each user over a time window
that is dictated by the scalar ρ. The value of this window is
commonly set between 0.05 and 0.10 [46]. We set ρ = 0.10
in our work as noted in the initialization step in Algorithm 1.
 t 
i
h t
P
ru
ru
u∈U Atu − Atu
t
 min

i
h t 
(10)
φ0util
=P
t
ru
ru
−
t
t
u∈U
A
A

s.t.

7

≤ mu

{0, 1}

∀u ∈ U, u ∈
/ BU

t

1 ∀a ∈ A

(11a)
(11b)
(11c)

∀u ∈ U, u ∈
/ BU t , ∀a ∈ A (11d)
∀u ∈ BU t , ∀a ∈ A

(11e)

t

∀u ∈ U, u ∈
/ BU , ∀a ∈ A (11f)
∀u ∈ U, u ∈
/ BU t

(11g)

∀u ∈ U, u ∈
/ BU t , ∀a ∈ A (11h)

Note that as stated earlier, we assume a cUE can use
multiple radios concurrently. The maximum number of radios
that a cUE can concurrently use is limited by the mu variable
presented in (9g) and (11g). In our problem formulation, we
2 Note that φ0 t
∗
util presented in (10) is only used in solving M A . φutil
representing Jain’s fairness index in (5) is still used in computing long-term
fairness utility.

Battery
Life
(BL)

Long-Term
Fairness
(LTF)

Spectral
Efficiency
(SE)

Weights

Battery Life

1.0

5.0

0.333

0.279

Long-Term Fairness

0.2

1.0

0.143

0.072

Spectral Efficiency

3.0

7.0

1.0

0.649

Battery
Life

Long-Term
Fairness

Spectral
Efficiency

Weights

Battery Life

1.0

5.0

0.500

0.333

Long-Term Fairness

0.2

1.0

0.143

0.075

Spectral Efficiency

2.0

7.0

1.0

0.592

Expert 2

assume mu to be the same for each user. There might be
cases where the value of mu can vary for different users. For
example, if a user does not have enough power to support
more than one physical link (i.e. the user is operating at a low
battery level), then a policy-based addition can be included
in the algorithm that limits such a user to use only one of
its radios. These policy-based decisions represent a possible
extension to our current model.
The scalars α, β and τ provide the relative importance of
each optimization attribute in M A∗ and act as ‘control knobs’
that allow network operators to achieve the desired performance objectives. The values for these scalars are obtained
through AHP [34]. AHP is a decision analysis technique to
determine weights of different utility attributes from decision
stakeholders through pairwise comparisons and ratings. Using
AHP, we interviewed two experts from the cellular industry to
perform pairwise comparisons between our utility attributes3 .
After determining which attribute is more important, the more
important attribute receives a score from 1-9, with 1 indicating
that the two attributes are equally important. These pairwise
comparisons are placed in matrix A, with aji = 1/aij ,
where each row and column represents a specific attribute.
Using the following equation: Aw = λmax w, and solving
for λmax , the principal eigenvalue of A, and w, the principal
right eigenvector of A, we can normalize the entries of w by
dividing by their sum and recover the weighted values for our
utility function.
We asked each expert to compare the relative importance
of battery life, fairness, and efficiency [49]. The results of the
interview are placed in a comparison matrix, from which the
principal eigenvector is calculated. The results from this calculation and resulting weight values are shown in Table III. From
Table III, we note that results of AHP show that both experts
had relatively similar weight preferences. Consequently, we
use results derived from Expert 1’s responses in the remainder
of the paper.
Since the weight used for each attribute in this paper is
based on responses from only two experts, we performed
3 While in this paper we only examine two viewpoints, we also note that
group decision-making and viewpoint aggregation has been studied in [47, 48].
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TABLE IV
W EIGHT S ENSITIVITY A NALYSIS
Criterion k

BL

LTF

Carrier 1:
EVDO

Carrier 2:
HSPA

SE

Criteria Pair

Carrier 1:
WiFi

BL-LTF

0.834

0.516

1.234

BL-SE

0.918

2.842

0.968

LTF-SE

0.894

1.291

1.027

Original Weights

0.279

0.072

0.649

Carrier 2:
LTE

Carrier 1:
WiMAX

Carrier 2:
WiFi

Carrier 1:
WiFi

Carrier 2:
WiFi

Carrier 1:
WiFi

Carrier 2:
WiFi

TABLE V
C RITERIA P REFERENCE VALUES
Fig. 4. Coverage of the simulation topology
Preference Range
BL

LTF

SE

BL-LTF

[0.227,
0.310]

[0.053,
0.095]

[0.608,
0.711]

BL-SE

[0.227,
0.369]

[0.053,
0.095]

[0.552,
0.711]

LTF-SE

[0.227,
0.310]

[0.053,
0.095]

[0.608,
0.711]

Criteria Pair

D. Simulation Description

sensitivity analysis to determine how much change in weights
is required to change the relative criticality of our three
optimization criteria (BL, LTF, SE). The criticality degree of a
criterion is the smallest percent amount by which the current
value of weights must change, such that the existing preference ranking of the criteria will change [50]. The sensitivity
coefficient of a criterion is the reciprocal of its criticality
degree. Using the methodology in [50] and Expert 1’s data
presented in Table III, the preference, P , of each criterion is
obtained as follows: P [BL] = 0.2405, P [LT F ] = 0.0817,
P [SE] = 0.6778. So the preference ranking follows the
order: P [SE] > P [BL] > P [LT F ]. The minimum required
change in weight of the kth criterion to reverse the criticality
(preference order) of two criteria Ai − Aj is defined as δk,i,j
such that δk,i,j = (Pj − Pi )/(ajk − aik ). The results of this
calculation are presented in Table IV. In order to state that a
certain criterion is sensitive to weight change, the change in
the weight of the k th criterion, wk , should satisfy δk,i,j ≤ wk .
However, the results obtained in Table IV show that none of
δk,i,j is smaller than the corresponding weights (presented in
the last row of Table IV), which means that the three criteria
are robust and not sensitive to weight change. In other words,
any change in the weights will maintain the criticality (or
preference order) of each criteria pair. This claim has been
verified by changing wk , for each criterion k, in the range
[wk − δk,i,j , wk + δk,i,j ] for each Ai − Aj criteria pair and the
corresponding results are presented in Table V. As seen from
Table V, there is no overlapping between the preference values
of the different criteria, and so the criticality is preserved.
This result is as expected intuitively as each network expert
clearly distinguishes the relative importance of each criterion,
as presented in Table III.

We developed a MATLAB-based simulation model with
sufficient fidelity to demonstrate the properties of our multiattribute resource allocation algorithm for a heterogeneous
wireless system. We consider the presence of two major
cellular carriers that operate multiple IP-CANs in a 2 x 2
km2 area. Carrier 1 operates EVDO (3G), WiMAX (4G), and
IEEE 802.11g (Wi-Fi) IP-CANs and Carrier 2 operates HSPA
(3G), LTE (4G) and IEEE 802.11g (Wi-Fi) IP-CANs in our
experiments. For the cellular based IP-CANs (EVDO, HSPA,
WiMAX, LTE), we assume that a single base station serves
all users in the simulation topology. These base stations are
located near the center of the 2 x 2 km2 grid. The EVDO and
HSPA base stations have a coverage radius of 1.50 km and
the WiMAX and LTE base stations have a coverage radius
of 1.0 km. The IEEE 802.11g APs are spread throughout
the topology and have a coverage radius of 0.15 km each.
There are 6 802.11g APs in the topology, with 3 belonging to
each carrier. We assume that the IEEE 802.11g APs that the
cellular carriers deploy are specialized to participate in the
centralized global resource allocation process by using centralized controller mechanisms proposed in the IEEE 802.11e
MAC. To account for the overhead associated with the transfer
of messages between BSs/APs and the centralized GRC, we
deduct 25% resource blocks from each IP-CAN compared to
their corresponding theoretical maximum. While we do not
model the exact delay and signaling overhead for the log-on
process each time the access network changes, our overhead
estimate captures the reduction in efficiency that would result
from frequent changes in the selection of an access network.
The overall simulation topology is presented in Fig. 4.
For the proposed heterogeneous wireless system, we study
two different use cases: 1) Use case 1 involves users that can
connect only to their own carrier’s cellular and Wi-Fi network.
2) Use case 2 allows any user to make use of both carriers’
cellular and Wi-Fi networks. While there are economic and
public policy obstacles surrounding use case 2, we assume
these obstacles will eventually be overcome. For both use
cases, the simulation involves 100 nomadic users, 50 of which
subscribe to Carrier 1 and the other 50 to Carrier 2. All
users are equipped with 3 reconfigurable radios (using notation
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presented in Table I, mu = 3) to support up to 3 IP-CANs
for use case 1 and 5 IP-CANs for use case 2. They move in
the simulation topology using a random walk mobility model
at a constant speed of 2 mph. Based on the location of a
user in the topology, the user can connect to any available
IP-CAN using one of the corresponding MCSs provided in
our prior work [51]. The closer the user is to a BS/AP, the
better the signal reception the user experiences at that location.
This translates into a better MCS mapping for the specific
IP-CAN under consideration, and this governs the maximum
achievable rate for each user via the corresponding BS/AP. The
different color shades in Fig. 4 represent an example MCS
mapping for various IP-CANs, where the darker the MCS,
the higher the order of MCS any user can use in a given
location. Furthermore, since we do not use a detailed channel
model in our studies to determine the MCS, we model the
fluctuations in connectivity conditions by randomly turning off
each reconfigurable radio of each user for 5% of the simulation
time.
In our simulation, each use case scenario is simulated for
10,000 seconds. The GRC implements a scheduler that comes
up with cUE-IP-CAN mappings and the corresponding rate assignment per mapping every one second. The GRC scheduler
follows the two-step approach described in Algorithm 1. In
the second step, while solving the M A∗ optimization problem
described by (11), the weights used for spectral efficiency
utility (α), long-term fairness utility (β) and battery life utility
(τ ) are 0.649, 0.072 and 0.279, respectively, which correspond
to the weights derived from Expert 1’s interview responses
presented in Table III.
IV. R ESULTS A ND A NALYSIS
We first present results for when wireless data networks
only support best-effort traffic. For this case, there is no
minimum data rate requirement for any user. In other words,
Tut =0 for all users in the system. Since Tut =0, the admission
control procedure does not block any user for any scheduling
time step and is not needed. As a result, the instantaneous
fairness utility metric is not computed for this case. The
overall utility function only depends on the spectral efficiency
utility (γutil ), long-term fairness utility (φutil ) and energy
consumption utility (ωutil ), averaged over the entire simulation
run, and is calculated using (12) where α = 0.649, β = 0.072,
and τ = 0.279. We provide the overall utility results with each
of the three utility components for use case 1 in Fig. 5. Since
the overall utility is a normalized value in range [0,1], the
results for use case 2 are very similar to the results for use case
1 and are thus omitted in this paper. Optimization problems
presented in (9) and (11), which are parts of the proposed
algorithm, are solved using AMPL modeling language and
CPLEX optimization solver [52, 53].
Overallutil,BE = (α ∗ γutil ) + (β ∗ φutil ) + (τ ∗ ωutil )

(12)

In addition to the utility results for our multi-attribute
resource allocation algorithm, we provide results for four commonly used scheduling algorithms for wireless data networks:
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Fig. 5. Overall Utility for Use Case 1, Tut = 0

(i) Min Power (ii) Max-Sum Rate (iii) Proportional Fair and
(iv) Max-Min Fair. Note that the first three algorithms reduce
to our M A∗ optimization problem if we set (i) α = 0, β = 0,
τ = 1 (ii) α = 1, β = 0, τ = 0 and (iii) α = 0, β = 1, τ = 0
respectively in (11a). The Max-Min Fair results are obtained
using the progressive filling algorithm [54]. Furthermore, the
Max-Sum Rate algorithm always achieves the highest system
spectral efficiency and as a result its γutil = 1. However, because of more connectivity options for use case 2, the average
spectral efficiency for use case 2 is 4.35 bits/s/Hz compared
to 3.52 bits/s/Hz for use case 1. Similar to the Max-Sum
Rate algorithm, the Min Power algorithm always produces the
minimum possible energy consumption and therefore its ωutil
= 1. But the average energy consumption per user is 9.6 mJ/s
for use case 1 compared to 10.4 mJ/s for use case 2. All other
algorithms compute their spectral efficiency utility relative to
the Max-Sum Rate algorithm’s spectral efficiency utility as
described by (3) and their energy consumption utility relative
to the Min Power algorithm’s energy consumption utility as
described by (7).
The overall utility of our multi-attribute resource allocation
algorithm is very similar to the overall utility of the MaxSum Rate algorithm (0.967 compared to 0.948) as seen from
Fig. 5. Since the spectral efficiency utility is given the highest
weight in our overall utility function, this result follows
expectations. In comparison to the Max-Sum Rate algorithm,
our algorithm improves the energy consumption utility (0.269
compared to 0.247) at the cost of a slight degradation in
spectral efficiency utility (0.648 compared to 0.649). The longterm fairness utility is almost the same for our algorithm
and the Max-Sum Rate algorithm (approximately 0.050). All
other algorithms (Min Power, Proportional Fair, Max-Min
Fair) sacrifice spectral efficiency in trying to achieve other
objectives, as seen in Fig. 5, and as a result their overall utility
is much lower than the one obtained by our algorithm.
We now consider the case of next-generation heterogeneous
wireless networks that are expected to support both realtime and best-effort traffic. In this case, the overall utility
function depends on utility attributes that apply to real-time
traffic and the attributes that apply to best-effort traffic. We
equally weigh the utilities of both traffic types to compute the
overall utility function. The best-effort traffic utility, denoted
Overallutil,BE , depends on spectral efficiency, long-term fair-
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ness and energy consumption utilities as presented in (12). The
real-time traffic depends on the instantaneous fairness utility
averaged over the entire simulation run, denoted θutil , and
is calculated using (4). Hence, the overall utility function is
computed using (13).
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For the mix of real-time and non-real-time traffic, we
present results for both use case 1 and use case 2 for
varying levels of minimum data rate requirement of each
user to support real-time traffic, Tut , using Fig. 6 and Fig. 7
respectively. Considering the case when Tut = 512K, the overall
utility of our algorithm for both use cases is significantly
higher than that of any other algorithm. For both use cases,
the overall energy consumption utility and long-term fairness
utility of all algorithms are similar. But the difference in
overall utility is obtained due to instantaneous fairness and
spectral efficiency utilities. For use case 1, in terms of overall
utility performance, our algorithm outperforms the next closest
algorithm, Max-Sum Rate, by 56.7% (0.818 compared to
0.522). The spectral efficiency utility of our algorithm for besteffort traffic decreases compared to Max-Sum Rate algorithm
(0.224 compared to 0.325). But this happens as a result
of satisfying more real-time traffic users. The instantaneous
fairness utility of our algorithm is significantly higher than that
of the Max-Sum Rate algorithm (0.437 compared to 0.048).
For use case 2, our algorithm outperforms the next closest
algorithm, Max-Min Fair, in terms of overall utility by 24.0%
(0.975 compared to 0.786). The instantaneous fairness utility
of both algorithms is 0.5. But the spectral efficiency utility of
our algorithm is significantly higher compared to the Max-Min
Fair algorithm’s spectral efficiency utility (0.310 compared
to 0.115). The result suggests that for future heterogeneous
wireless systems that must support both real-time and besteffort traffic, our algorithm obtains the best of both worlds
by applying the right trade-offs in terms of achieved spectral
efficiency and instantaneous fairness.
Also note that for all different levels of Tut for both use
cases, our algorithm outperforms any other algorithm. None
of the other algorithms is suited to support both best-effort
and real-time traffic. While Max-Sum Rate and Proportional
Fair algorithms are well suited for achieving good spectral
efficiency for best-effort traffic, they do not provide acceptable
levels of instantaneous fairness. On the other hand, the MaxMin Fair algorithm provides good instantaneous fairness,
but its spectral efficiency suffers significantly. Our algorithm
achieves a balance in both instantaneous fairness and spectral
efficiency utilities. Apart from this, there are two additional
observations of interest in Fig. 6 and Fig. 7. First, while most
traditional algorithms provide constant overall utility levels
and then possibly experience sudden drops in performance
(for example, Max-Min Fair algorithm for use case 2), our
algorithm degrades gradually as the available resources cannot
satisfy the demands. Second, since use case 2 represents more
connectivity options for each user, the resulting overall utility
of our algorithm is considerably higher (by up to 39.4%)
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Fig. 6. Overall Utility for Use Case 1, Variable Tut
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)

Overallutil,BE+RT

1
1
= ∗ Overallutil,BE + ∗ θutil
2
2

Fig. 7. Overall utility for Use Case 2, Variable Tut

compared to use case 1 for higher levels of Tut (Tut ≥
512 kbps). So increasing the number of connectivity options
(possibly through peering agreements among several network
service providers) has significant performance benefits.
V. C ONCLUSIONS AND F UTURE W ORK
We presented an approach to managing resources in a
heterogeneous wireless network based on the 3GPP IMS
architecture that supports reconfigurable devices. We analyzed
our multi-attribute scheduling algorithm implemented by a
centralized GRC that considered the network-efficiency measures of system spectral efficiency, both instantaneous and
long-term fairness in terms of data rate allocated to each user
in the system, and battery lifetime of each user in the system.
Through Matlab/CPLEX based simulations, we showed an
increase in overall utility of up to 57% for our algorithm
compared to the next best algorithm. By following a twostep resource allocation procedure, depending on the situation,
our algorithm improves the overall system performance by
achieving the right trade-offs in terms of system spectral
efficiency and energy consumption (for best-effort traffic) or
by achieving the best trade-offs in terms of system spectral
efficiency and instantaneous fairness (for real-time traffic).
As a part of future work, we intend to look at various
incentive and economic models that foster network provider
cooperation to achieve an increase in overall system performance using the same amount of resources that are used
today. Also note that the Prec,a numbers used in this study
were based on the assumption that the reconfigurable radio
is completely manufactured using the Field Programmable
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Gate Array (FPGA) technology. As described in our previous
works [23, 55], these numbers are not absolute and can vary,
perhaps due to hardware technology advancements or different
Application Specific Integrated Circuit (ASIC) vs. FPGA implementation percentages for the reconfigurable radio. A scalar
λ ∈ [0, 1], which we termed as ‘impact of reconfiguration’ in
our previous works, can be multiplied to Prec,a to capture
the effects of this variation. Evaluating differences in energy
consumption as a result of the introduction of ‘impact of
reconfiguration’ scalar in our model also remains a part of our
future work. In addition, we are extending the work described
in this paper by considering more sophisticated mobility and
channel models.
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