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Abstract

We study the integrated WiFi/WiMAX networks where users ageipped with dual-radio interfaces that can
connect to either a WiFi or a WiIMAX network. Previous reséaon integrated heterogeneous networks (e.g.,
WiFi/cellular) usually consider one network as the maind #me other as the auxiliary. The performance of the
integrated network is compared with the “main” network. Tden is apparently due to the additional resources
from the auxiliary network. In this study, we are interesiteéhtegrationgain that comes from the better utilization
of the resource rather than the increase of the resourcehdtieeogeneity of the two networks is the fundamental
reason for the integration gain. To quantify it, we desigreaagic framework that supports different performance
objectives. We focus on max-min throughput fairness inwmask. We first prove that it is NP-hard to achieve integral
max-min throughput fairness, then propose a distributedlistic algorithm, which provides 2-approximation to the
optimal fractional solution. Simulation results demoatdrsignificant integration gain from two sources, namely
spatial multiplexing and network diversity. We then analyhe integration gain following the generic framework.
We study the impact of different user distributions on thtegmation gain, and validate the analysis using numerical

simulations.

Index Terms

WiFi, WIMAX, Heterogeneous network, Integration gain, MBrdness, Approximation algorithm.

. INTRODUCTION

The IEEE 802.16 (WIMAX) is a promising technology due to iighhdata rate, wide coverage, and built-
in support for mobility and security. Given the current vdsployment of WiFi networks, the coexistence
between WiFi and WIMAX is inevitable. Major companies suchlatel and Motorola are promoting the

integrated WiFi/WIMAX interface to take advantage of suckrgrio. Users equipped with such interfaces
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can associate with a WIMAX base station (BS) or a nearby Wdéeas point (AP). Compared to the
scenario where users only connect to WiFi networks, the fileokethe integrated network is obvious:
we have additional spectrum resource from the WiIMAX netwdthwever, a closer look suggests that
we may be able to reap significant gain from the heterogeméithese two networks in addition to the
extra resource. For example, in a typical integrated WilMAX network, a WiIMAX BS may cover a
service area with up to hundreds of WiFi APs. In the WiFi nekyaisers may experience poor quality
of service (QoS) in some congested APs, while in some othey, A®pacity may not be fully utilized.
Similarly, in the WIMAX network, per-user throughput coube low if the number of WIMAX users is
large. If users have the flexibility to switch between WiFidawiMAX networks using the integrated
interface, some WiFi users can switch from congested APsitdAX, while some WIMAX users can
switch to under-utilized WiFi APs. Thus, the QoS in both natve improve. We refer to this as the
spatial multiplexing gain, which will be discussed in moretall later. In addition, a user may have a
low WiFi link capacity and a high WIMAX link capacity or viceevsa. If the user intelligently selects
its association, the network capacity improves, which ferred to as network diversity gain. These two
types of improvements come from network heterogeneity attebutilization of the resource rather than
the increase of the resource. This observation motivatesvotk. Our objective is to qualitatively and
guantitatively identify such an integration gain, whichswaot addressed in existing work on integrated
heterogeneous network (e.g., WiFi/cellular).

Our contributions are as follows. First, we propose a gerfeimework to identify the integration gain.
The framework can serve different objectives. In this sfuwgy focus on thenax-minthroughput fairness.
Second, we prove that it is NP-hard to achieve integral maxtmoughput fairness. We propose an
approximation algorithm which provides 2-approximatiorttie optimal fractional solution. The algorithm
is easy to implement due to its distributed nature, and isvehim achieve significant integration gain.
Last but not least, we analyze the integration gain follgMhe framework, and identify the impact of

different user distributions on the integration gain.

Il. RELATED WORK

In cellular networks, macro/micro cellular architectusesimilar to WiFi/WiMAX architecture in terms
of spatial heterogeneity. Much work on macro/micro ardtiee focuses on how to perform optimal
handoff [18]. The intuition is to associate low mobility usevith micro-cells, and high mobility users

with macro-cells to reduce the handoff frequency. The deciss mainly based on signal strength. The



association policies considered in our work can also be eteas handoff decisions. But instead of signal
strength, we make the decision based on network perforntaetecs, such as throughput fairness. Other
work focuses on the resource management and capacity enftys[8], [15]. In general, micro-cells
do not bring additional spectrum resources into the origimacro” network. The capacity improvement
comes from frequency reuse and intelligent allocation ef thsource between macro and micro-cells.
In our work, we do not have control over spectrum allocati@ween WiFi and WIMAX networks.
Each network has its own spectrum as well as users. Our olgastto study the integration of the two
(separate) networks. From the viewpoint of either one ofmthine other does bring additional resource as
well as its own users. But we are interested in the integnagain, which is independent of the spectrum

resource each network has.

Integrated WiFi/cellular network architecture has alserbstudied. Usually cellular network has a much
smaller bandwidth than that of WiFi network. In most of therkothe cellular network is considered
as the main network, and WiFi as the auxiliary. Most reseafébrts are put on the architecture design
and QoS support of such network [16], [11], [4]. Usually, ffre¥formance of the integrated WiFi/cellular

network is compared with the cellular network where the gainbvious due to additional resources.

There are a few recent works on the handoff and load balancingegrated WiFi/WiMAX networks
[5], [9], [17]. But none of them explicitly studies the penfisance gain due to the heterogeneity of the

two networks.

AP association in WiFi networks has been extensively stiiditde association decision could be based
on the received signal strength, the existing traffic loadA&s, or a combination of several metrics [13],
[2]. Bejerano et. al. [3] proved that it is NP-complete toiagk global max-min throughput fairness under
integral association control. They proposed approxinmailgorithms to guarantee the performance ratio
to the optimal fractional association which is the fairesdaciation possible. Our problem can be viewed
as a special case of theirs (i.e., consider WIMAX BS as a apA& with a much larger transmission range
to cover the whole network). However, we exploit the spestalicture of the integrated WiFi/WiIMAX
network, and propose an algorithm that is simpler and wittiebgerformance. The algorithm is also
easier to implement because both its message exchangeeaodntiputation are distributed. The heuristic
algorithm in [3], on the other hand, requires a central calgr to gather global information, perform the

computation, and disseminate the decision to each user.



[Il. NETWORK MODEL

We consider a service area large enough to contain multipdess points (APs). For example, In
Chicago, up to 256 APs can be found in 1/2 square mile subuateEm[12]. All APs directly connect to
the Internet. Each AP has a limited transmission range, ahydserves users within its range. We assume
that there exists one WIMAX BS that covers the whole servieaalt is a reasonable assumption since a
WIMAX BS can typically reach a distance up to tens of milesclcaser is equipped with one WiFi radio
and one WIMAX radio. It can choose to connect to a nearby ARherWiMAX BS, or even both by
utilizing two radios at the same time. We uséegral association to denote the first two cases because all
traffic is sent on a single radio. We uBactional association to denote the last case because the user has
to split its traffic on two active radios. In principle, frammal association provides better performance due
to its flexibility. However, technical difficulties exist ipractice. First, the requirement for the carrying
device increases due to the excessive power consumptiorheaidwhen two radios are active at the
same time. Second, the interference between the two ctelbecadios cannot be ignored even if they are
operating on non-overlapping channels [19]. Last, the derity of the MAC layer is largely increased
because it has to deal with splitting traffic and sort outafer packets such that upper-layer protocols
such as TCP will not be affected. Thus, we use the performancer the fractional association as a
benchmark and study the integral association in practice.

We focus on the association with WiFi and WiIMAX networks fach user. When a user can associate
with multiple APs in its vicinity, we assume there exists dertio pre-determine an AP. The pre-
determination rule could be any load balancing algorithmAlhAN [13], [2] or based on the signal
strength. Whenever the user decides to switch to the Wikvorit the WiFi radio always associates
with the pre-determined AP. Given a set of users, we can méter the corresponding AP for each
user following the pre-determination rule. We call such-gegermined user-AP mapping thetual AP
association which is independent of the actual association. We will iiskater to help simplify the
presentation. We ugg, j) to denote theth user associated with APin the virtual AP association. Since
a user can only associate with a single AR;j) can be used to uniquely identify a user. We usgeto
denote the fraction of usé€i, j)’s traffic to be sent through its WiFi radio, arid— z;; as the fraction of
the traffic through its WiIMAX radio. We have;; € [0, 1] in fractional association, and;; € {0,1} in
integral association. So trectual association of usefi, j) is determined byz;;.

We assume that the transmission in one AP does not interfithetinat in adjacent APs. This can be



achieved by assigning non-overlapping channels (e.g., 8ih11b and 12 in 802.11a) to neighboring
APs. WIMAX BS does not interfere with APs because it usualpem@ates on a different frequency band.
We user;; to denote the average WiFi rate observed by @ser, and R;; to denote the average WiMAX
rate if it is associated with the WiIMAX BS.

Within each AP and WIMAX BS, we assume the bandwidtfeisly shared among all associated users.
It could be either throughput fairness or time fairness. \Wee ithat WiFi MAC evenly divides the access
opportunity among its associated user, which leads to thee ghroughput for each user. On the other
hand, WiIMAX MAC can choose to achieve either type of fairn€ssin our study, we assume throughput
fairness in an AP or the BS. We u§é to denote the throughput of each user in ARFor abbreviation,
we also call it the throughput of AR Assume we haveéV users in AP:. Denotet;; as the proportion of
time for user(z, j) in AP i. We haver;;t;; = rity, Vj # k. Given thatzj 1t;; = 1, we can obtain the

throughput for each user in APas,

1
Ti=rity = 1 1)

3=1"7s;
Similar derivation can be applied on WiIMAX BS. So in our pretl, the throughput of AR is T; =
. The throughput of WIMAX BS iST,imax

Z;Vzl ’Lj,,Z] o Z Z i (1 lB'LJ 1
in AP ¢ under virtual AP association.

, where N, is the set of users

]

We list in Table | the notations used throughout the paper.

IV. FRAMEWORK

In this section, we propose a framework to quantify the irgggn gain, which has not been considered
in prior work. We aim to make it generic so the framework cacoacmodate various performance metrics.

The framework consists of three steps:

1) Create a WiFi-only network withv,,;;; users. Measure the network performance. We denote the
performance as,,;. In this step, the network can be generated arbitrarily. \Wendt pose any
control on it. For instance, it could be a randomly deployeifFiviietwork.

2) Create a WiMAX-only network with a controllable number uders N,;... in the same service
area. In this stepN,imn... IS carefully adjusted to make the performance of the WiMAXwuark
alsor,; . For example, if the performance metric is average throughgndr,,;;; = 0.5Mbps,

we can generate a set of WIMAX users and adjust its number &otlie average throughput is



close enough t0.5Mbps. Note that, under other metrics, it could be more complataban simply
adjusting the number of WIMAX users to achieve the same pedoce.

3) Integrate the two networks with their corresponding sisee., total number of users i8,,;; +
Nuwimaz- Based on the first two steps, if the two networks are simplyges without interactions
between them, the performance of the integrated networkldtsiill be r,,;;;. On the other hand,
there may exist metric-dependent interaction policieg thgprove the overall performance. We

choose the best policy and denote its performance,gs We define the integration gain as

M If the best policy is impractical to find (e.g., the problesnNP-hard), one may resort

Twifi

to its approximations.

The key concept is as followdy ensuring WIMAX has the same performance as WiFi before the
integration, we ensure that the gain comes from integraiimtead of additional resources.

Before we can calculate the integration gain, we need to ssh@performance objective, and derive
its optimal policy. In this study, we focus on max-min thropgt fairness. We choose max-min fairness
because it improves worst-case experience and is achigvent lmefault WiFi access scheme. In addition,
max-min fairness is more mathematically tractable, whitabdes us to focus on the essence of integration
gain. We are aware that in a single-cell scenario, a useravgihor channel condition can deteriorate the
performance of other users severely under max-min fairnedbis multi-AP WiFi/WIMAX network, the
performance is determined by many factors, including ugributions, number of users in each AP, and
network heterogeneity. Therefore, the impact of a singér ismuch smaller. Last, in our on-going work,
we are studying optimal integration policies under propod! fairness and its integration gain (although

closed-form analysis is more challenging).

V. MAX-MIN THROUGHPUTFAIRNESS AND APPROXIMATION ALGORITHM

We first prove it is NP-hard to achieve integral max-min tlgigput fairness in the integrated
WIiFi/WIMAX network. Then we propose a distributed approxition algorithm that achieves guaranteed

performance.

A. Max-Min Throughput Fairness

Let a throughput vectofl = {t1,ts,---,ty} denotes the throughput distribution of all users in the

network. Informally, max-min throughput fairness meanat tive cannotincrease the throughput of one



user without decreasing that of another user with equal s teroughput. Formally, it is defined as
follows.

Definition 1: Max-Min Throughput Fair: A throughput vectorT is called max-min fair if it has the
highest lexicographical value among all throughput vectdihat is, it 7 #+ CF there exists a position
such thatt; = t; for i < j, andt; > /.

Note that “max-min” and “maximize the minimum” are two difémt concepts. We use the former to
describe the bandwidth allocation with the best lexicogregd order, and the latter to describe those with
the maximum minimum throughput. So the former implies thigeta but the reverse usually does not

hold.

B. Proof of NP-hardness

In this section, we prove our problem, to provide max-minrfass in an integrated WiFi/WiMAX
network under integral association, is NP-hard. The idéa isduce thdartition problem to our problem.

Definition 2: Partition (decision) : Can a set of numberS, be divided into two disjoint subsets;
and S;, such that the sum of both subsets equals?

We consider a special case of our problem: each user's WiV is the same as its WiFi rate, while
different users may have different rates. We prove that spiscial case is NP-hard. The general case
where each user's WIMAX and WiFi rates are different shousib de NP-hard. Assuming there aké
APs, N users, and one WIMAX BS, we consider a related problem.

Definition 3: S(M, N, D): Can we allocate users between WiFi APs and WIMAX BS, such ¢hah
group (i.e., APs or BS) has a load less than or equd)®o

Note that, given the load, the throughputl’ = %. To prove our problem is NP-hard, it is sufficient
to show that the subproblem of finding the maximum minimunodighput in the bandwidth vector is
NP-hard. To achieve this, we can start from a lafgehen use binary search together wib\/, V, %) to
iteratively approach the maximuffi we can obtain. We need polynomial number of callsSta/, NV, %)
to find the maximum minimum throughput. So it is sufficient toye thatS (M, N, D) is NP-hard.

We then proveS(M, N, D) can be reduced frorRartition. Let A be an instance oPartition. Each
element inA has a weight associated with itself. Let the sum over all hisign A be 2D. We then
construct an instance of(M,A + M — 1,D) by addingM — 1 new elements intod. Each of the
new M — 1 elements has a weight dd. In our scenario, an element corresponds to a user, the tveigh

corresponds to the load the user contribute to the assdcidReor the WiIMAX BS.



If Ais a “yes” instance ofartition, we can divideA into two subsetsd; and A,, each has a total
weight of D. Thus,S(M,A+ M — 1, D) is also a “yes” instance. Conversely,5{M, A+ M — 1, D) is
a “yes” instance, we must have — 1 groups where only a single user with the weight/efremain in
each group. The remaining two groups must include all elésnenthe original setd, and each group
has a total weight less than or equal fo Since the sum of all elements i is 2D, the sum of each

group must be exactly. Thus, A is also a “yes” instance dPartition.

C. Max-Min Fairness under Fractional Association

Optimal fractional association provides the best possibéx-min throughput fairness and thus its
performance serves as a benchmark for that of integral Essos. While it is difficult to achieve max-
min fairness under integral association, the optimal foaell association to achieve max-min fairness can

be obtained by solving the following simple LP.

min 3 (2)
Z Lij— < 6 vV AP ¢
j=1

Tij -

1

(-

<p
i j=1 J

0<l’ij<1 V(l,j)

The objective is to minimize the maximum load among all us#rsve let 5 = é we see that it is

equivalent to maximize the minimum throughput.

We denote the solution ag. Note that (2) does not have assumptions on initial conusticso we
should always get the same output no matter what the iniiab@ation the users may have. To ease
the presentation, in the following discussion, we imagitheisers initially associate with WiFi APs (i.e.,
following the virtual AP association). We say usgrj) is switchedto WiMAX if z;; < 1. It includes
two cases: the user is in WIMAX entirely:{; = 0) or fractionally ¢;; > 0).

We useT’ to denote the throughput distribution underNow we prove that/’ is max-min fair. First,
we define the bottleneck group.

Definition 4: Bottleneck group: Under x, WiFi APs with at least one user switched to WIMAX,
together with WIMAX BS, are called the bottleneck groGi.

Lemma 1:In 7', all users in the bottleneck group have the same throughputhich is the inverse of



the objective value of (2).

Proof: DefineT as the inverse of the objective value of (2). THUss the minimum throughput iff".
Let us consider AR: in the bottleneck group. By definition, it has at least oner sgetched to WiMAX.
We useT, and T ,;... to denote the throughput of AR and WiIMAX, respectively. First we prove that
Twimaz Must equal to the minimum throughput of the network, whicll’isOtherwise, there exists an
AP with throughputT,,.;,, < Timaez- Then we can switch some users from this AP to WiIMAX until both
reach the same throughput. Thép;, will be improved, which contradicts the objective of (2).c8ed,
we provel, = Tyimaz. Otherwise, we must havg, > T.,;,.... Then WIMAX can “return” some users it
previously switched from AR until 7, and T,;... €qual. It improves the minimum throughput of the

network, contradicting (2).

The above proof can be applied to each AP in the bottleneckpgrohus, all users in the bottleneck

group have the same throughpiit [ |
Theorem 1:y leads to the max-min throughput fairness under fractiosabaiation control.

Proof: We prove by contradiction. Assume we can find a better assoeig’, which leads to a
better (in terms of lexicographical order) throughput rilisttion. Let 7" denote the throughput vector
undery’. We haveT’ > T. From Lemma 1, the lowest throughput iff must also bel’, which is the
best minimum throughput. Following the same proof as in LerimWiMAX must also have the lowest
throughput undery’ . Let G denote the group of APs whose throughput are smaller thdmefore the
load balancing. Undeyx, each AP inG must have some users switched to WIMAX and thus belongs to
the bottleneck groug-z. Under y’, each AP inG must have equal or larger throughput thAnsince
T" > T. So these APs also have users switched to WiMAX. We argueARain G under y’ cannot
have a throughput larger thah Otherwise, such AP can increase the WIMAX throughput bylteg
some original users from it. Then WiMAX can in turn help eacR wvith throughput ofl’ a little bit
by increasing the fraction of users it switches from theses.AFhe minimum throughput will be larger
thanT’, which is not possible. Thus, each AP @ and the WIMAX must also have the throughputiof
undery’. This suggests that exactly the same set of users with the &action are switched frontr to
WIMAX under bothy andy’.

The only Wayf’ can be better thai is thereforexy’ may switch some users from APs with original

throughput larger thafl”. These APs, denoted &, do not have users switched to WIMAX undgr

thus remain the original throughput. Soif4, at lease one AP i¥ has users switched to WiMAX. Then
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WiIMAX must have a throughput less than which leads tal” < 7. n

D. Approximation Algorithm

Since our problem is NP-hard, we have to use an approximatgmrithm to provide integral association
in practice. We want the approximation algorithm to guaganthe performance relative to the optimal
fractional solution, which is the fairest among all possible throughgistributions.

1) Algorithm Description: The algorithm is shown in Fig. 1. It works on the integratetvoek with
an arbitrary initial association. Each user queries theiVditd WIMAX data rates from both radios
(The WIiFi rate is from the virtually associated AP). Afterchauser reports its rate information to the
corresponding virtual AP, each AP sorts all associatediairtisers based on their WiMAX-WiFi rate
ratio in a decreasing order. It then starts a loop. Insideladbe, the AP with the smallest throughput
is selected, and its first user is marked to be switched to WiMBach AP and the WIMAX BS then
update their virtual throughput, and start the loop agaitil timée minimum throughput of the integrated
network stops increasing.

The algorithm is distributed. In practice, each AP can repsivirtual throughput to WiMAX BS. The
BS is then responsible for selecting the right AP in eaclaiten. The computation is distributed among
APs and the BS. We have two layers of information exchange, (iser-AP and AP-BS) with limited
message overhead in each layer. Due to the special strusfuhe integrated WiFi/WiMAX network,
such a simple algorithm can still provide performance gui@e In the following, we focus on the users
switched to WIMAX under optimal fractional associatign Among them, we definetegral users as the
users withz;; = 0, andfractional users as the users with< z;; < 1 in ¥.

2) Proof of the Performance Bound:

Theorem 2:Algorithm 1 provides 2-approximation to the optimal fractal solution.

Proof: In the following, we outline the proof before we provide thetalls.

1) Prove that an intermediate algorithm (Algorithm 2) résin a throughput distribution with an equal
or higher lexicographical order than an existing algorititgorithm 3), which is shown to provide
2-approximation to the optimal fractional association.

2) Prove that our approximation algorithm (Algorithm 1) ukts in a throughput distribution with an

equal or higher lexicographical order than the intermedagorithm (Algorithm 2).
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a) Step 1. Reference [3] presents a 2-approximation algorithm witieghold, as shown in Fig. 3.
In the algorithm,F'ractional_Load_Balancing(A, U) consists of two LPs and a simple graph coloring
procedure. It gives the optimal fractional user assoamatio provide max-min throughput fairness.
The rounding method [14] constructs a bipartite graph basedhe optimal fractional association,
then uses maximal matching to determine the integral as$oci Since our problem can be viewed
a special case of theirs in [3], this algorithm can also beliegppon our problem after we replace
Fractional_Load_Balancing(A, U) with the LP defined in (2). Though applicable to the same bl
our algorithm is better than theirs because of two reasoirst, Four algorithm can also provide 2-
approximation to the optimal fractional solution. Numatisimulation (later in this section) shows that
our algorithm outperforms theirs in practice. Second, dgorhm is distributed, which has a better
scalability than their centralized algorithm. One impattproperty of Algorithm 3 is that it switches all

the integral users and a subset of fractional users to WiMWE.need it for the following proof.

We design an intermediate algorithm shown in Fig. 2. Aldonit2 takesy as input. It first switches
all integral users iny to WIMAX. Then it performs a similar loop as in Algorithm 1. Bit only looks
at fractional users in each AP inside the loop. We now show #&igorithm 2 performs better than

Algorithm 3 in terms of lexicographical value.

Lemma 2:Undery, within each AP, a user switched with WIMAX has a higher or@d&iMAX-WiFi

rate ratio than any user remaining in that AP.

Proof: The Lagrangian function of the LP defined in (2) is
|A] N; 1
L(ﬁaX) = ﬁ_zez 6 Z«TU ] _ZZ)\U'TU Zzwzg ng 6 ZZ 1—l’w R
=1 JEN; Tij i j=1 i j=1 i j=1
wheref, \, w, and are slack variables. According to Lagrangian Multiplierthusl and complementary

slackness, we have the following equations,

oL |Al

Zo1-Y0 -

R ; =0 3)
oL 1 1

8$ij = 926 — )\ij +wij —¢R—2J =0

)\ijxij =0 Vv User(’i,j)

wij(l — xij) =0 Vv User(’i,j)
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Within AP 4, if user j has been switched, i.ex,;; < 1, then we have

1 1
i =0, > 0;— >
wij = 0,5 > 0= o me

Similarly, if userk has not been switched, i.e:;;, = 1, then we have

1 1
wit > 0, Aip =0=0,— <o
Tik Ry,

Then we have™ > B m
(%) 2
Corollary 1: Giveny, there exists an associatigh with the same performance where an AP can have

at most one fractional user.

Proof: Under x, if AP i has two fractional usef:,j) and (¢, k), we have0 < z;;,z;, < 1. Thus

Rij
Tij

users in the same AP must have the same WiMAX-WiFi rate ratithis case, we can always “aggregate”

= f—: based on (3). Similar idea applies to the case with multi@etional users. So all fractional

multiple fractional users into some integral users and astnooe fractional user without changing the
performance. We start from a simple case by assuming A&s 2 fractional users undgr Their fractions
are x; andx,, WiFi rates arer; andry, and WIMAX rates areR; and R,, respectively. The throughput

of this AP is
1

= 1 1
L, + T+ T

T, 4)

where L, is the load contributed by other users in this AP. Similattyg throughput of the WIMAX is

1
Lwimaa: + (]- - xl)RLl + (1 - xZ)RLz

(5)

Twimam =

where L,imq. 1S the load from other users in WiIMAX. We ha\% = If—;. We consider two cases:

Case 1:2z1 + 22 < 1. We consider a new associatighwhere both fractional users have associations
of ) = 0,2}, = :—jxl + x5, and associations of other users remain unchanged. We cdy tat the
throughput of APz and WIMAX is the same iny andy’. Since the throughput of other users remain the
same,y andy’ lead to the same throughput distribution.

Case 2:2x1 + x5 > 1. We consider a new associatighwhere both fractional users have associations
of ) =x; — (1 — @)%,x’z = 1. We have0 < z7 < 1. Similarly, x and y’ lead to the same throughput

distribution.

If we have multiple fractional users, we iteratively apphetsame approach on two fractional users
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until at most one fractional user remains. [ ]

In the following, we assume each AP undehas at most one fractional user. Otherwise, we can always
use the corresponding to replacey.

Theorem 3:Algorithm 2 results in a throughput distribution with an efj@r higher lexicographical
order than Algorithm 3.

Proof: Note that Algorithm 3 switches all integral users and a subk&actional users to WIMAX.
From Corollary 1, Algorithm 2 also switches all integral issand a subset of fractional users fromno
WIMAX. We usel to denote all algorithms which switch all integral users arglibset of fractional users
to WIMAX. It suffices to prove that Algorithm 2 is the best Ihin terms of max-min fairness. Suppose
there exists Algorithn2’ in " with a better performance. Since they share the same setegfrath users,
they must differ in fractional users. L&t and A’ be the set of fractional users switched in Algorithm 2
and Algorithm2’, respectively. It is trivial thatA cannot be a subset ak’. Otherwise, the minimum
throughput under Algorithm” will be lower than that of Algorithm 2. So let us focus on theeavhere
some fractional users switched ik are not switched inA’. Consider one of these users, and the
corresponding AP it originally associated with. Lef*~ denote the throughput of AP beforea is
switched with WIMAX. In Algorithm 2, the minimum throughpus strictly larger thanZ?~ because it
keeps switching fractional users until the minimum thrqugihstops increasing. On the other hand, the
minimum throughput of Algorithn?’ is at most7;*~ because user is not switched. Thus, Algorithm 2
actually performs better than Algorith@i, which contradicts the assumption. [ ]

b) Step 2. Now we show that Algorithm 1 performs better than Algorithm\Ee first prove the
following lemma.

Lemma 3:The set of users switched in Algorithm 1 is a subset of thateund
Proof: We prove by contradiction, and only need to consider the vdsse Algorithm 1 switches
at least one user which is not switched ungekle consider one of such user,We have two scenarios:
Scenario 1u is from AP which has no user switched ky So AP: must have an original throughpiit
larger than the bottleneck throughpiit If Algorithm 1 switches uset at some iteration, the minimum
throughput in Algorithm 1 is larger thai;. Thus, Algorithm 1 leads to a better max-min throughput
distribution thany, which is not possible.
Scenario 2u is from AP which has users switched by Thus, the throughput of APundery is T

From Lemma 2, we know that users switched ungdrave a larger WiMAX-WiFi rate ratio than users
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stay associated with the original AP. Since Algorithm 1 sarsers based on their rate ratio, usenust
have a lower ratio than users switched ungeilhus, switching uses suggests that users switched under
x should have already been switched in Algorithm 1. TherefdPei already has a throughput at least
T beforea is switched. Then aftes is switched in Algorithm 1, the minimum throughput will berder

thanT. We face the same contradiction as in the first scenario. [ ]

Theorem 4:Algorithm 1 results in a throughput distribution with an efj@r higher lexicographical

order than Algorithm 2.

Proof: Let €2 denote the set of users Algorithm 1 switches. By Lemm& 3 a subset of all users

switched undery. We have two scenarios.

Scenario 152 includes all integral users and a subset of fractional usens y. In this case, Algorithm 1

and Algorithm 2 perform exactly the same.

Scenario 2:2 omits at least one integral users from and includes the other integral users and a
subset of fractional users. We consider one of the omittéegmal usera from AP i. Let 77"~ denote
the throughput of AR beforea is switched in Algorithm 1. We assuni'™ is the smallest throughput
among all APs containing omitted integral users. There neuit at least one fractional user which is
switched to WIMAX. Otherwise, Algorithm 1 will not stop beecse WIMAX still has a higher throughput
than the bottleneck throughpiit (no fractional user in WiMAX yet). It can therefore switcheus: to
WIMAX to achieve a better throughput distribution. We lookthe last fractional usem to be switched
to WIMAX under Algorithm 1. Assume the corresponding APjisAccording to Algorithm 1, we have
Tj" < T~. We prove by contradiction. Suppose Algorithm 2 performigdseWe argue that the fractional
userb should also be switched in Algorithm 2. Otherwise the mimmilnroughput under Algorithm 2 is
at mostTf‘ while the minimum throughput is strictly larger thﬁ?ﬁ‘ under Algorithm 1. We can argue
the same on all the fractional users switched by Algorithnefokes because the corresponding APs have
throughput less thaﬂFf‘ before their fractional users are switched. These usemsldgladso be switched
in Algorithm 2. Since Algorithm 2 switches an extra useto WiMAX, its WIMAX throughput should
be lower than that of Algorithm 1.

If WIMAX throughput is the lowest in both algorithms, we hagecontradiction that Algorithm 1
actually performs better than Algorithm 2. Otherwise, ¢henust be an AP: which has the lowest
throughput under Algorithm 1, while under Algorithm 2, APhas equal or better throughput. But it

cannot be better because it means the fractional user ishegitto WiIMAX under Algorithm 2. Since
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WIMAX throughput under Algorithm 1 is higher, it can also $@h the fractional user in AR before
the algorithm stops. We argue the same for each AP exceptRarlfecause it has a lower throughput in
Algorithm 1 than in Algorithm 2. But WIMAX throughput underlgorithm 1 has to be lower thah®~,
otherwise it can always switcthh to WiIMAX. Thus, if WIMAX is not the lowest, the throughput vers
before WIMAX must be equal under both algorithms, and thdfedirom WiMAX. Thus, we have the

same contradiction. [ ]

E. Simulations

We use simulations to compare the performance of the optinagtional solution, our heuristic
algorithm (i.e., Algorithm 1), and the algorithm in [3] (i,lgorithm 3). We implement a realistic wireless
channel model that considers the transmission power, path &and different modulation schemes of both
WiFi and WIMAX. We adopt the value suggested in the standaudl measured by other researchers [1].

We consider a service area of 1500x1500. Nine APs form aaeguid in the service area, while users
are randomly and uniformly distributed. We assume thatsudetermine the initial AP association based
on the received signal strength. WIMAX BS is placed at theteenf the service area. We change the
number of users from 50 to 250. For a given number of clients,awerage the results over 20 random
instances.

In each instance, we follow the three steps in the genermodreork. We use the minimum throughput
as the performance metric because better minimum througbmufficient to indicate a better max-min
throughput distribution. We plot the throughput under ¢hadgorithms in the integrated network and that
of the original WiFi network. We consider two cases. In thstfitase, we assume users have uniform
WiFi and WIiMAX rates. Uniform rate means that all users hdwe same rate, e.g., 54Mbps in WiFi and
70Mbps in WIMAX. In the second case, users have non-unifoata dates where the rate is determined
by the received SNR, the target bit error rate (BER) and tleesponding modulation scheme. In general,
the rate decreases with the distance between the sendenhemneceiver.

Under non-uniform rate, we have difficulties to generate Wi®MAX network in step two of the
framework. In this case, the minimum throughput is deteadiby both the number of users in the group
and the minimum data rate among users. It is difficult to erdae WIMAX network with the same
minimum throughput because of the variations in the da& 136 we make a slight modification to the
framework. For both cases, we generate the WIMAX networlebam the average throughput. But the

integration gain is still calculated based on the minimunodlghput. We plot both minimum throughput
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and average throughput performance for the two cases. fj.sthows the minimum throughput under
uniform rate. In this case, Algorithm 1 performs slightlyttee than Algorithm 3. Both of them have close
to optimal performance. We observe about 65% integratiam ¢tamainly comes from the load balancing.
Users in congested WiFi APs will be switched to WIMAX to impeothe minimum throughput. But as
shown in Fig. 4(b), the total capacity of the network remdiresssame, i.e., the integrated network has the
same average throughput as the original WiFi network. We atespatial multiplexing gairto denote

this type of integration gain.

Fig. 4(c) plots the minimum throughput under non-unifornterarhe gain is about 300%, which is
much larger than that under uniform rate. In the non-unifoate case, users with low WiFi rates may
have high WIMAX rates or vice versa. By switching these usesm where it has low rate to where it
has high rate, in addition to the load balancing, the netwaagacity also improves, which is indicated
by higher average throughput in the integrated network thah of WiFi-only network (Fig. 4(d)). That

is the reason for the large improvement we observe. We retesnetwork diversity gain

In summary, we observe significant integration gain, confrogn spatial multiplexing and network
diversity. Our proposed algorithm performs close to thamogk fractional scheme, and outperforms the

algorithm in [3], especially in the presence of network dbity.

VI. ANALYSIS OF THE INTEGRATION GAIN

In the previous section, we proposed a simple algorithm Ridgpproximation ratio that can decide
network association. Numerical results show good perfaealn this section, we analyze the integration
gain assuming users have uniform WiFi and WiMAX rates defimethe previous section. That is, we
focus on the spatial multiplexing gain. This can simplifye thnalysis while still providing sufficient

insights. We will analyze the performance of non-uniforrterease in the future.

We study different user distributions and their impact oa ithtegration gain. The performance metric
is minimum throughput. We us€,,;;; andC ;... to denote the WiFi rate and WIMAX rate, respectively.
For WiFi-only network, assume we havé,,; users and\/ APs. Assume APs are regularly deployed in

the service area. Le¥; denote the number of users associated with:AP
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A. Uniform User Distribution

Assuming each user is randomly and uniformly distributedhia service area); follows a Binomial

PL(N, = k) = <N12ifz’> (1 B %)Nwifi—k’ (%)k ©

Let Y = max NNV;, the minimum throughput of the WiFi network,, s, is thus:

distribution:

Cu}i )
Twifi = Yf (7)

The number of WIMAX users is calculated @8,,,,0: = Cuimaz/Twisi- FOr the integrated network,
we haveN = Ny;iri + Nyimaee USers. We assume all users associate with WiFi APs initislllg use
N! to denote the number of users associated with: AR also follows Binomial distribution. Under the
uniform rate assumption, the approximation algorithm weved from the previous section is simplified
as switching a certain number of users from each AP to WiMAX. &éfine a threshold/r. The idea is
that N is carefully chosen such that the throughput of the WiMAXwwak is the same as the minimum
throughput of WiFi network in the integrated network. Undigegral association, we want both sides to
be as close as possible. N/ > Np, we switch N/ — Nr users from AP; to WIMAX. Otherwise, no

users from this AP will be switched. Then we will have the daling equation.

Cwifi Cwimaa:
— M / (8)
Nr i=1 (max {0, Nj — Nr})
The minimum throughput of the integrated network is thys = ng—z{" The integration gairG =
Topt —Twifi
Twifi

Since N; and N/ are both Binomial random variable, and Ny are also random variables. We
will use the results fromOrder Statisticsto obtain their expectations [6]. Order Statistics dealthwi
the distributions of a series aforted random variables of the same probability distribution tiorc
f. Specifically, for M sorted random variables, the expected value ofithelargest variable can be
approximated a¢' ! (”ﬂ—}rl‘l) where F~1(z) is the inverse of the cumulative distribution functién In
our problem,f is the Binomial distribution, and’ is known as aregularized incomplete beta function
Thus, we take expectations on both sides of the above fotionta For examplef[y] = F~! (524;).

Similarly, we can obtain expectations of other random \@eis. and calculate the integration gain.
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B. Clustering User Distribution

In practice, users may tend to gather in some specific lataitiather than uniformly distributed in the
service area. For example, it is more likely for people ty stathe meeting room and office room than
the corridor inside a building. We use Preferential Attaehin(PA) to model such a clustering-like user
distribution. PA means the more users an AP has, the morly ikean attract additional users. In our
implementation, the probability of an AP to attract a useprigportional to the ratio between its current
number of users and all users currently in the network. Teatiinew user associates with ARvith
probability p = d;/ >>M, d;, whered; is the number of users in AR We assume that each AP has one
user at the beginning.

We follow the same idea as in uniform user distribution ca3es only difference is thaf is not the
Binomial distribution under the PA assumption. We assuneupin the network one at a time. When
the tth user joins the network, taking into account the initldl users,p = d;/(t + M). Let P, denote

the probability density function that an AP hasusers after users have joined the network. We have,

k k—1
Ppip1 = Py <1 - m) + Pk_l’tm 9)

With the initial conditionP; =1 and P, =0 Vk > 1, we have the closed-form solution féi; ;

(M = DIt — i)

P, =
o [Ty (M +t — i)

(10)

We then use the same approach as in the uniform distribuiea to calculate the gain.

C. Validation of the Analysis

We use numerical simulations to validate our analysis in phevious section. Fig. 5 shows the
integration gain under uniform user distribution. Undernaeg number of APs, integration gain decreases
with the number of users. On the other hand, under a given aumibusers, integration gain increases
with the number of APs. In general, the larger the ratio betwhe number of users and the number of
APs, the smaller the integration gain. The idea is, largéo teads to smaller “relative” difference in the
number of associated users among APs, which leaves lessfaydoad balancing.

Note that, the difference between the analysis and sinomldtecomes smaller when the number of APs
is larger (i.e., 100 APs). In the analysis, the expectedevalutheith variable is an approximation. This

approximation is more accurate when the number of sortedblas (number of APs in our scenario) is
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larger.

Fig. 6 shows the performance gain under clustering userildision. The integration gain is about
65%, much higher than that in the uniform user distributidhis is reasonable because we have some
congested “hotspots” under clustering user distributtbe, benefit of load balancing is more significant
than the uniform distribution. Furthermore, the gain is @tindependent of the number of users and
number of APs. Note that PA approximates a scale-free n&twioisuch a network, the relative difference

among APs is stable, which leads to the flat gain.

VIlI. CONCLUSIONS

In this paper, we study the integration gain of integrateds¥WiMAX network. Previous work on
integrated heterogeneous networks usually assumes ortee afetworks is the main, and compare the
performance of the integrated network with the main netwdihus the performance gain comes from
the additional resources brought by the auxiliary netwoskwaell as the network integration. To our
knowledge, we are the first to propose a framework to explicitentify the integration gain, which is
separated from the impact of additional resources. In atloeds, we quantify the gain from the network
heterogeneity and better resource utilization. The fraonkvgupports different performance metrics. In
this study, we focus on max-min throughput fairness.

We prove that it is NP-hard to achieve integral max-min e We propose a heuristic algorithm
that provides 2-approximation to the optimal fractionadasation policy. The algorithm is simple and
intuitive. It is also easy to implement due to its distrimiteature. Numerical simulations show significant
gain under both uniform and non-uniform rate scenarios. Wémtify two sources of integration gain,
namely the spatial multiplexing and network diversity.

To provide more insights, we analyze the integration gaomfrspatial multiplexing following the
framework. We study the gain under different user distidng, the uniform and clustering user

distribution. The analysis is validated by numerical siatians.
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TABLE |

NOTATIONS
Notations| Comments
A Set of WiFi APs in the service area
U Set of all users
N; Set of users virtually associated with AP,
T; Throughput of both AR and its member
Toimaz Throughput of WIMAX and its member
Tij WiFi rate of user(i, j)
R;; WIMAX rate of user (i, j)
Tij Fraction of user(z, j) with its AP
X Optimal fractional association from the LP

Algorithm 1 Approximation

Each user queries WiF1 and WiMAX rates from its two radios, and report to its virtual AP
AP i sorts virtual users based on their WIMAX-WiFi rate ratio R?;;/r;; in decreasing order
while The minimum virtual throughput improves do

Find the AP with the minimum virtual throughput

Re-associate the first user to WiMAX

Check the virtual throughput of WiMAX and APs
end while
Output the association

Fig. 1. Proposed approximation algorithm

Algorithm 2 Intermediate

Y + Solve LP (5)

Include integral users in y into WiMAX

For fractional users in y

while The minimum throughput improves do
Find the AP with the mimimum throughput
switch its fractional user to WiMAX
Check the throughput of WiMAX and APs

end while

Fig. 2. An intermediate algorithm

Algorithm 3 Reference paper

/"% «— Fractional_Load_Balancing( A, U)
'™ — Rounding(y7m)
return "

Fig. 3. Approximation algorithm in [3]
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