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Efficient Channel State Feedback Scheme for
Opportunistic Scheduling in OFDMA Systems by

Scheduling Probability Prediction
Soomin Ko, Jungsu Lee, Byeong Gi Lee, and Daeyoung Park

Abstract: In this paper, we propose a new feedback scheme called
mode selection-based feedback by scheduling probability pre-
diction(SPP-MF) for channel state feedback in OFDMA downlink
system. We design the scheme such that it determines the more
desirable feedback mode amongselective feedback by schedul-
ing probability prediction(SPP-SF) mode andbitmap feedback
by scheduling probability prediction(SPP-BF) mode, by calcu-
lating and comparing the throughputs of the two modes. In both
feedback modes, each user first calculates thescheduling proba-
bility of each subchannel (i.e., the probability that a user wins the
scheduling competition for a subchannel) and then forms a feed-
back message based on the scheduling probability. Specifically, in
the SPP-SF mode, each user reports the modulation and coding
scheme (MCS) levels and indices of its bestS subchannelsin terms
of the scheduling probability.In the SPP-BF mode, each user de-
termines its scheduling probability threshold. Then, it forms a
bitmap for the subchannels according to the scheduling probabil-
ity threshold and sends the bitmap along with the threshold.Nu-
merical results reveal that the proposed SPP-MF scheme achieves
significant performance gain over the existing feedback schemes.

Index Terms: Feedback reduction, mode selection, OFDMA, op-
portunistic scheduling, scheduling probability, wireless communi-
cation.

I. INTRODUCTION

Downlink opportunistic schedulingcan increase system
throughput by allocating resource to the user with the most fa-
vorable channel state. In this case, since the transmitter requires
to know the channel state before scheduling, each user needsto
feed back its channel state (i.e.,modulation and coding scheme
(MCS) level) to thebase station(BS). In the wireless communi-
cation systems adoptingorthogonal frequency division multiple
access(OFDMA) which divides bandwidth into multiple sub-
carriers, feedback load for opportunistic scheduling increases in
proportion to the number of subcarriers. Since the total resource
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is limited, the amount of radio resource dedicated to the data
traffic decreases as such feedback load increases. Thus, feed-
back load reduction has been a very active research topic in the
OFDMA systems [1]–[12].

In OFDMA systems, channels in adjacent subcarriers are
likely to be highly correlated. Noting this, the OFDMA systems
can reduce feedback overhead by grouping multiple subcarriers
into subchannels and providing a single modulation and coding
scheme (MCS) report to the base station for each subchannel
[1], [2].

In the OFDMA systems which group subcarriers into sub-
channels, there are three approaches of reducing the feedback
load, namelyselective feedback(SF) [3]–[6], bitmap based
feedback(BF) [7], [8], and opportunistic feedback(OF) [9],
[10]. In SF scheme, each user sends a feedback message for
a pre-determined number of subchannels whose MCS levels are
higher than the other subchannels [3]–[6]. In BF scheme, the
BS broadcasts theMCS thresholdand users express the quality
of each subchannel with 1 bit feedback according to the MCS
threshold [7], [8]. In OF scheme, users send feedback messages
for the subchannels whose MCS levels exceed a pre-specified
threshold [9], [10]. The feedback load of the SF scheme and the
BF scheme is fixed while that of the OF scheme is time-varying.
The time-varying feedback load causes inefficient use of band-
width as the BS has to secure enough bandwidth to cover the
worst case. This precludes the OF scheme from application to
practical systems.1

Since the feedback load is determined by the quantity of feed-
back (i.e., the number of channels that are fed back) and the
quality of feedback (i.e., the accuracy of the feedback informa-
tion with respect to the real channel condition), one can reduce
the feedback load by sacrificing quantity or quality. In thispoint
of view, the SF and BF schemes behave oppositely, that is, the
SF scheme reduces the feedback load by sacrificing the quantity
while the BF scheme sacrifices the quality. However, it is ob-
viously desirable to adaptively balance between the quality and
the quantity of the feedback information according to the sub-
channel conditions of the users. Noting this, in [11], the authors
proposedmode selection-based feedback(MF) scheme that ef-
ficiently trades off the quality and the quantity of the feedback
information by selecting the more preferable feedback modebe-
tween the SF mode and the BF mode.

The existing SF and BF schemes have a common limitation:

1To keep the feedback load time-invariant, some OF schemes employ a
contention-based technique for sending feedback messages[9]. However, the
performance of such schemes is limited due to inefficient nature of the
contention-based technique.
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They can hardly achieve the desired performance goal in prac-
tical OFDMA systems in whichthe statistical characteristics
of different subchannels may be non-identical. Before we dis-
cuss the reason, we first consider anideal feedback scheme
that yields a maximum feedback efficiency. Suppose that a user
feeds back the channel state of a certain subchannel but the BS
does not allocate the particular subchannel to the user. Then, the
uplink resource that carried this feedback information will be
wasted. Thus, an ideal feedback scheme would be such a one
that makes each user feed back the state of a particular subchan-
nel that the BS will surely allocate to the user. However, this is
possible only when the user knows that the BS will allocate that
particular subchannela priori.

In order to incorporate the conception of the ideal feedback
scheme in practical design, each user should be arranged to feed
back the subchannels with highscheduling probability(i.e., the
probability that the BS will allocate the subchannel to the user).
However, the existing SF and BF schemes does not operate in
this manner. They are designed to select the subchannels to re-
port according to the MCS levels of the subchannels, assuming
that a user is likely to be scheduled on the subchannels whose
MCS levels are high. However, this assumption is not valid in
general, especially when statistical characteristics of different
subchannels are non-identical. Specifically, the subchannel with
a lower MCS level may have a higher scheduling probability in
the case of non-identical statistical characteristics. Refer to toy
example and discussion in Section I of [12] for detailed explana-
tion. The discrepancy between the rank order of the MCS levels
and that of scheduling probabilities is an essential reasonfor the
performance degradation of the existing feedback schemes.

In order to overcome the limitation of the existing feed-
back schemes, in this paper we formulate a channel state feed-
back scheme that maximizes the scheduling opportunity for sta-
tistically non-identical subchannels. As a result we develop a
new feedback scheme, calledmode selection-based feedback by
scheduling probability prediction(SPP-MF), in which the BS
determines the more desirable feedback mode by comparing the
average throughput of theSF by scheduling probability predic-
tion (SPP-SF) mode and theBF by scheduling probability pre-
diction (SPP-BF) mode. In both feedback modes, each user first
calculates thescheduling probabilityof each subchannel and
then forms the feedback message based on the scheduling prob-
ability. Specifically, in the SPP-SF mode, each user reportsthe
MCS levels and indices of its bestS subchannelsin terms of the
scheduling probability.2 In the SPP-BF mode, each user deter-
mines itsscheduling probability threshold. Then, it forms the
bitmap for the subchannels according to the scheduling proba-
bility threshold and sends the bitmap along with the threshold.

The rest part of the paper is organized as follows. First, we
describe the system model in Section II, and develop the SPP-
MF scheme in Section III. Then, in Section IV and Section V,
we analyze the average throughput and multiuser diversity of
the SPP-MF scheme, respectively. Next, we propose some use-
ful variations of the proposed scheme in Section VI. Finally, in
Section VII, we examine the simulation results of the proposed
scheme.

2The SPP-SF mode was presented in [12] under the name of SPP-SFscheme.

Table 1. Relationship among MCS levels, SINR thresholds, and data

rates (L = 16).

MCS levell SINR threshold (dB) data rater(l)

t(l − 1) t(l) (bps/Hz)

1 −∞ -6 0

2 -6 -3.5 0.0991

3 -3.5 -1 0.1718

4 -1 1.5 0.2926

5 1.5 4 0.4853

6 4 6.5 0.7750

7 6.5 9 1.1793

8 9 11.5 1.6999

9 11.5 14 2.3216

10 14 16.5 3.0199

11 16.5 19 3.7704

12 19 21.5 4.5539

13 21.5 24 5.3572

14 24 26.5 6.1722

15 26.5 29 6.9939

16 29 ∞ 7.8194

II. SYSTEM MODEL

We consider a downlink OFDMA system with a BS serving
K users. We denote byK ≡ {1, 2, · · ·,K} the set of total users.
We assume that the total bandwidthW is divided intoN sub-
channels. We denote byN ≡ {1, 2, · · ·, N} the set of total sub-
channels. We assume that the states of the subchannels remain
constant in each time slot but vary from slot to slot [11], [13].

In each time slot, users measure the signal-to-interference-
plus-noise ratio (SINR) of the downlink subchannels and deter-
mine the MCS levels. We denote byGk,n a random variable
indicating the SINR of userk on subchanneln, assuming that
Gk,n is stationary and independent. We denote byLk,n a ran-
dom variable indicating the MCS level of userk on subchannel
n, as determined by

Lk,n = l, if t(l − 1) ≤ Gk,n < t(l) (1)

wheret(l), l = 1, 2, · · ·, L, denotes the SINR threshold which
monotonically increases withl andL denotes the number of
MCS levels. We denote bygk,n andlk,n the realization of ran-
dom variablesGk,n andLk,n, respectively. Table 1 shows an
example of the relationship among the MCS levels,l, the SINR
thresholds,t(l), and the data rates,r(l), for the case ofL = 16.3

After determining the MCS levels of the subchannels, each
user feeds them back, by using a feedback reduction scheme, to
the BS through a feedback channel dedicated to the user. We as-
sume that the transmission of the feedback message is error-free.

3The data rate in Table 1 is determined byr(l) = log2(1 + 10t(l−1)/10 ·
(−1.5/ ln(5BER))), where thebit error rate requirement, BER, is set to10−3

[14].
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However, even in the error-free case, subchannel conditions of
the users that the BS observes through the feedback informa-
tion may be different from the real MCS levels. It is because
the users report their subchannel conditions by using the feed-
back “reduction” scheme, which may possibly degrade the ac-
curacy of feedback information [11]. Noting this, we introduce
lfeed
k,n ∈ {1, 2, · · ·, L} to indicate the MCS level of subchanneln

that is fed back by userk using a feedback reduction scheme,
andLfeed

k,n to indicate a random variable oflfeed
k,n . Based on this

feedback information, the BS determines which user to serveat
each time slot.

We adopt thecumulative mass function-based scheduling
(CS) algorithm [15], [16] for user scheduling, which allocates
the resource to the user whose current rate is the highest within
the user’s own distribution. Specifically, the CS algorithmmakes
the scheduling metric for userk based on thecumulative mass
function(CMF) ofLfeed

k,n , which is given by

F feed
k,n (l) ≡ Pr[Lfeed

k,n ≤ l]

=

l
∑

l′=1

Pr[Lfeed
k,n = l′], l = 1, 2, · · ·, L.

(2)

For subchanneln, the CS algorithm performs user scheduling
in the following procedure [16].

1) Userk reports the MCS levellfeed
k,n of subchanneln.

2) The BS generates a uniform random variableUk,n in the in-

terval
[

F feed
k,n (lfeed

k,n − 1), F feed
k,n (lfeed

k,n)
)

and takes it as a scheduling

metric for userk. We defineF feed
k,n (0) ≡ 0 for notational conve-

nience.
3) The BS allocates subchanneln to the user whose scheduling
metric is the largest, i.e.,

k∗n = argmax
k∈K

Uk,n. (3)

4) The BS transmits a data to userk∗n through subchanneln at
the rater(lfeed

k∗

n,n
).

5) The BS updatesF feed
k,n (l) as follows:4

Pr[Lfeed
k,n = l] ← λPr[Lfeed

k,n = l] + (1− λ)I[lfeed
k,n = l],

F feed
k,n (l) ←

l
∑

l′=1

Pr[Lfeed
k,n = l′] (4)

whereλ ∈ (0, 1) is a forgetting factor and I[A] is an indicator
function which is 1 if conditionA is met and 0 otherwise.

The CS algorithm possesses several merits. First, it is possi-
ble to calculate exact throughput in a closed form if the channel
distribution is given. We denote byT feed

k,n the average throughput
of userk on subchanneln and byT feedthe average total through-
put associated with a specific feedback scheme. The throughput

4Since the BS can updateF feed
k,n(l) in run-time, it does not need to know

F feed
k,n(l) a priori for user scheduling.

T feed andT feed
k,n (bps) take the expressions [16]

T feed=

K
∑

k=1

N
∑

n=1

T feed
k,n ,

T feed
k,n =

W

NK

L
∑

l=1

r(l) ·
(

F feed
k,n (l)K − F feed

k,n (l − 1)K
)

.

(5)

Second, the CS algorithm renders a closed form expression on
the scheduling probability. We denote byxk,n(lk,n) the proba-
bility that userk wins the competition for subchanneln. The
scheduling probabilityxk,n(lk,n) takes the expression [16]

xk,n(lk,n) =
1

K
·
F feed
k,n (lk,n)

K − F feed
k,n (lk,n − 1)K

F feed
k,n (lk,n)− F feed

k,n (lk,n − 1)
. (6)

For notational convenience, we will usexk,n(lk,n) andxk,n in-
terchangeably.

III. MODE SELECTION-BASED FEEDBACK BY
SCHEDULING PROBABILITY PREDICTION

(SPP-MF) SCHEME

We define the SPP-MF scheme such that the BS selects the
better performing feedback mode between the SPP-SF mode
and the SPP-BF mode. More specifically, the BS calculates the
average total throughput of the two feedback modes, and selects
the mode with better performance.

The SPP-SF and the SPP-BF modes differ from the SF and
the BF modes in [11] in that they make each user form the feed-
back message according to the scheduling probabilities rather
than the MCS levels of the subchannels. Userk can calculate the
scheduling probability of subchanneln, xk,n, by (6). It obtains
F feed
k,n (l) in the same procedure described in (4) for calculating
xk,n.

A. The SPP-SF Mode

In the case of the SPP-SF mode, each user sorts the subchan-
nels in terms of the scheduling probability in the descending
order and reports the bestS subchannel indices and the corre-
sponding MCS levels which is the same as the scheme proposed
in [12]. Note that it differs from the existing SF schemes in that
it sorts subchannels with respect to scheduling probability, not
to MCS level.

User k calculates the scheduling probability of each sub-
channelxk,n by (6). After calculatingxk,n, userk adopts it
as thefeedback metricof subchanneln, and sends a feedback
message of its bestS subchannels in the descending order of
the feedback metric. Specifically, if we define a permutation

πk ≡
[

π
(1)
k , π

(2)
k , · · ·, π

(N)
k

]

sorting the subchannels in the de-

scending order

x
k,π

(1)
k

≥ x
k,π

(2)
k

≥ · · · ≥ x
k,π

(N)
k

(7)

then the setN SF
k of the bestS subchannels is expressed by

N SF
k ≡

{

π
(1)
k , π

(2)
k , · · ·, π

(S)
k

}

. (8)
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···

User 1 User 2 ········ User K

CH indexMCS level CH indexMCS level

Bitmap
Scheduling probability 

threshold index

B
CH bitsB

MCS bits

N bits

(a)

(b)

For the 1st highest channel For the Sth highest channel

B
SP bits

Fig. 1. Feedback frame structure of the SPP-MF scheme: (a) SPP-SF
mode and (b) SPP-BF mode.

Userk reports the subchannel indices and their corresponding
MCS levels of the subchannels belonging toN SF

k . Thus, the
MCS level of subchanneln that is fed back by userk using the
SPP-SF mode,lSF

k,n, is

lSF
k,n =

{

lk,n, if n ∈ N SF
k

1, if n /∈ N SF
k

. (9)

Fig. 1(a) depicts the feedback frame structure for the SPP-SF
mode whose length isS(BMCS + BCH) bits, whereBMCS ≡
⌈log2 L⌉ andBCH ≡ ⌈log2N⌉ denote the number of bits re-
quired to express the MCS level and the subchannel index, re-
spectively.⌈A⌉ indicates the smallest integer larger than or equal
toA.

B. The SPP-BF Mode

The SPP-BF mode operates in the following procedure: The
BS determines a rank threshold, denoted byM ∈ {1, 2, · · ·, N},
and broadcasts it. In each slot, each user sorts the subchan-
nels in terms of the scheduling probability in the descending
order and determines the probability threshold to be theM -th
largest scheduling probability. Then, the user forms the bitmap
that indicates which subchannel scheduling probability exceeds
the threshold, and sends the bitmap along with the threshold.

Specifically, userk first calculates the scheduling probability
of each subchannelxk,n by (6), and then sets the scheduling
probability threshold tox

k,π
(M)
k

. Sincex
k,π

(M)
k

is a continuous

value, userk quantizes it by

dk = max
{

d|τ(d) ≤ x
k,π

(M)
k

, d = 1, 2, · · ·, D
}

(10)

wheredk denotes the index of the quantized version ofx
k,π

(M)
k

,

τ(d) denotes the quantization level which monotonically in-
creases withd, andD denotes the number of quantization levels.
Then, userk defines a set, denoted byN BF

k , which consists of
the subchannels whose scheduling probability is larger than or
equal toτ(dk) as expressed by

N BF
k ≡ {n|xk,n ≥ τ(dk)} (11)

and forms the bitmap for the subchannels, denoted byγk ≡
[

γ
(1)
k , γ

(2)
k , · · ·, γ

(N)
k

]

, as

γ
(n)
k =

{

1, if n ∈ N BF
k

0, if n /∈ N BF
k

. (12)

1. BS calculatesT SF andT BF.
If T SF> T BF

Set the feedback mode to the SPP-SF mode.
Else

Set the feedback mode to the SPP-BF mode.
End

2. BS broadcasts the feedback mode (andM ).
In each time slot,
Each user sends the feedback message according
to the feedback mode, by taking the structure in
Fig. 1.

Fig. 2. Description of the SPP-MF scheme.

After that, userk sends the bitmapγk along with the scheduling
probability threshold indexdk. Fig. 1(b) depicts the feedback
frame structure of the SPP-BF mode, which isN+BSPbits long,
whereBSP ≡ ⌈log2D⌉ denotes the number of bits required to
express the scheduling probability threshold index.

From the feedback, the BS gets the information ofN BF
k and

dk. By using these information, the BS finds the MCS level of
userk on subchanneln as

lBF
k,n =

{

min{l|xk,n(l) ≥ τ(dk)}, if n ∈ N BF
k

1, if n /∈ N BF
k

. (13)

Note that the BS can calculatexk,n(l) by using (6).
The performance of the SPP-BF scheme depends on the value

of M . The BS computesT for all possible values ofM (i.e.,
M = 1, 2, · · ·, N ) as will be described in Subsection IV-C, and
setsM to the value yielding the maximum value ofT .

C. Selecting Feedback Mode

The BS selects the feedback mode out of the SPP-SF and the
SPP-BF modes and then broadcasts the selected mode to the
users. In each slot, each user sends the feedback message ac-
cording to the broadcasted feedback mode. Fig. 2 depicts the
whole procedure of the SPP-MF scheme, whereT SF andT BF

denote the average total throughput of the SPP-SF and the SPP-
BF modes, respectively.

As the length of the feedback frames associated with the SPP-
SF and the SPP-BF modes areS(BMCS+BCH) and(N +BSP),
respectively, the feedback load per each user ismax(S(BMCS+
BCH), N + BSP) bits per slot. In the following section, we dis-
cuss how to calculateT SF andT BF.

IV. DETERMINATION OF AVERAGE TOTAL
THROUGHPUT

We can determineT SF by applying the CMF ofLSF
k,n(l),

FSF
k,n(l), to (5) instead ofF feed

k,n (l), andT BF by applyingFBF
k,n(l).

In the following subsections, we discuss how the BS calcu-
latesFSF

k,n(l) andFBF
k,n(l) by using the CMF of the real MCS

level Fk,n(l), assuming thatFk,n(l) is given a priori.5 In

5Note that the “calculated”F SF
k (l) andF BF

k (l) are used only for determining
the optimal feedback mode. The user scheduling is performedbased on the “run-
time updated” CMF as described in (4).
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Subsection VI-A, we will deal with the case when this is not
availablea priori.

A. Determination ofT SF

We presented the procedure of determiningT SF in
Subsection IV-A of [12], but we briefly describe the procedure
again for completeness of the paper.

To obtainFSF
k,n(l), we first derive Pr[LSF

k,n = l] whose sum
constitutes the CMFFSF

k,n(l) as given in (2). By (9), we get

Pr[LSF
k,n = l]

= Pr[Lk,n = l, n ∈ N SF
k ]

= Pr[Lk,n = l]Pr[n ∈ N SF
k |Lk,n = l], 2 ≤ l ≤ L,

Pr[LSF
k,n = 1] = 1−

L
∑

l′=2

Pr[LSF
k,n = l′].

(14)

The term Pr[n ∈ N SF
k |Lk,n = l] in (14) depends onxk,n, the

feedback metric of subchanneln. Sincexk,n depends onFSF
k,n(l)

by (6), the process for calculatingFSF
k,n(l) happens to refer to

FSF
k,n(l) itself. To get around this self-referencing problem, we

take the approximation

xk,n ≈
1

K
·
Fk,n(lk,n)

K − Fk,n(lk,n − 1)K

Fk,n(lk,n)− Fk,n(lk,n − 1)
(15)

and use the approximatedxk,n in the analysis. We can justify
this approximation as follows. First, in the system adopting the
“opportunistic” scheduler, the performance depends mainly on
the operation in the high-MCS level regime (i.e., in the regime
with high l). Second, in the regime with highl, the difference
between (6) and (15) is negligible since the difference between
FSF
k,n(l) andFk,n(l) is very small. This is because the event of
LSF
k,n 6= Lk,n, which causes the difference betweenFSF

k,n(l) and
Fk,n(l), rarely happens in the high-MCS level regime. There-
fore, the inaccuracy caused by the approximation in (15) in the
analysis is negligibly small.

In order to simplify the analysis further, we adopt a virtual
feedback mode, calledcontinuous-SFmode, that emulates the
operation of the SPP-SF mode as follows: In each time slot, for
each subchannel, userk first generates a uniform random vari-
ableYk,n in the interval[Fk,n(lk,n − 1), Fk,n(lk,n)) and trans-
forms it into a feedback metricY K−1

k,n . Then it formsN SF
k

(i.e., the subchannel set to be reported by userk) by selecting
its bestS subchannels in terms ofY K−1

k,n . The following two
propositions support that this virtual scheme is an emulation of
the SPP-SF mode. Proofs of the propositions are presented in
Subsection IV-A of [12].

Proposition 1: Y K−1
k,n converges toFk,n(lk,n)

K−1 in proba-
bility asL→∞, under the following assumptions:
i) The cumulative density function (CDF) ofGk,n, Hk,n(g) ≡
Pr[Gk,n ≤ g] is differentiable.
ii) The number of MCS levels is infinitely large, which makes
the SINR thresholds continuous, i.e.,t(l)− t(l− 1)→ 0, ∀l, as
L→∞.

Proposition 2: xk,n converges toFk,n(lk,n)
K−1 asL→∞,

under the same assumptions in Proposition 1.

Propositions 1 and 2 proved that the continuous-SF mode and
the SPP-SF mode generate the same feedback metric and thus
exhibit the same performance when the number of MCS levels is
large enough to make the SINR thresholds continuous. Relying
on this fact, we may analyze the performance of the continuous-
SF mode and take the result as an approximated performance of
the SPP-SF mode, since it simplifies the analysis. The simplicity
comes from the facts thatYk,n is i.i.d. with respect ton and the
CDF ofYk,n is given by

Pr[Yk,n ≤ y] = y, 0 ≤ y ≤ 1. (16)

Refer to Subsection IV-A of [12] for a proof.
From the feedback metric-making rule of the continuous-SF

mode, we can rewrite the term Pr[n ∈ N SF
k |Lk,n = l] in (14) as

Pr[n ∈ N SF
k |Lk,n = l]

=

∫ Fk,n(l)

Fk,n(l−1)

Pr[n ∈ N SF
k |Yk,n = y, Lk,n = l]

· fYk,n|Lk,n
(y|l)dy

=
1

Fk,n(l)− Fk,n(l − 1)

∫ Fk,n(l)

Fk,n(l−1)

Pr[n ∈ N SF
k |Yk,n = y]dy

=
1

Pr[Lk,n = l]
·

S
∑

s=1

(

N − 1
s− 1

)

{

B(Fk,n(l);N − s+ 1, s)

−B(Fk,n(l − 1);N − s+ 1, s)
}

(17)
wherefYk,n|Lk,n

(y|l) denotes the conditionalprobability den-
sity function(PDF) ofYk,n givenLk,n = l, andB(x; a, b) ≡
∫ x

0
ta−1(1− t)b−1dt denotesincomplete beta function. Refer to

(16) of [12] for detailed derivation.
Now, we can obtainT SF by combining the above results as

follows: First, we apply (17) to (14) to get Pr[LSF
k,n = l]. Then,

from Pr[LSF
k,n = l], we determineFSF

k,n(l) and insert it to (5) to
finally obtainT SF. This procedure requires computation of the
order ofO(KNLS). SinceS ≤ N , we can rewrite the compu-
tation overhead asO(KN2L).

B. Lower Bound ofT SF with Smaller Amount of Computation

We derive a lower bound ofT SF in a more simplified form.
We presented the procedure of determining the lower bound in
Subsection IV-B of [12], but we describe the procedure again
for completeness of the paper.

To simplify (17), we adopt another virtual feedback mode
that emulates the operation of the SPP-SF mode. In each time
slot, userk randomly divides the totalN subchannels intoS
groups of sizeN/S. Then, userk formsN SF

k by selecting the
best one subchannel per each group in terms ofY K−1

k,n . Since
this paritioned-SF mode has a lower degree of freedom, it is in-
ferior to the SPP-SF mode. Therefore, its performance may be
regarded as the lower bound of the SPP-SF performance. How-
ever, as it will become clear soon, this lower bound turns out
quite tight in numerical results.

From the feedback metric-making rule of the paritioned-SF
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mode, we can rewrite the term Pr[n ∈ N SF
k |Yk,n = y] in (17) as

Pr[n ∈ N SF
k |Yk,n = y]

=
∏

n′∈Wn−{n}

Pr[Yk,n′ ≤ y]

=
∏

n′∈Wn−{n}

y = yN/S−1

(18)

whereWn denotes the group to which subchanneln belongs.
By applying (18) to (17), we get

Pr[n ∈ N SF
k |Lk,n = l]

=
1

Pr[Lk,n = l]

∫ Fk,n(l)

Fk,n(l−1)

yN/S−1dy

=
S

N
·
Fk,n(l)

N/S − Fk,n(l − 1)N/S

Pr[Lk,n = l]

(19)

and by applying (19) to (14), we get

Pr[LSF
k,n = l] =

Fk,n(l)
N/S − Fk,n(l − 1)N/S

N/S
, 2 ≤ l ≤ L,

Pr[LSF
k,n = 1] = 1−

L
∑

l′=2

Pr[LSF
k,n = l′].

(20)
Now, we can obtainT SF by using the procedure described
in Subsection IV-A, with the computation of the order of
O(KNL).

C. Determination ofT BF

To obtainFBF
k,n(l), we first need to derive Pr[LBF

k,n = l]. For
l ≥ 2, by (13) we get

Pr[LBF
k,n = l]

= Pr[n ∈ N BF
k , xk,n(l − 1) < τ(dk) ≤ xk,n(l)]

=

τ−1(xk,n(l))
∑

d=τ−1(xk,n(l−1))+1

Pr[n ∈ N BF
k , dk = d]

=

τ−1(xk,n(l))
∑

d=τ−1(xk,n(l−1))+1

N
∑

s=M

Pr[n ∈ N BF
k |dk = d, |N BF

k | = s]

· Pr[dk = d, |N BF
k | = s]

(21)
whereτ−1(x) is defined asτ−1(x) ≡ max{d|τ(d) ≤ x}. We
definexk,n(0) ≡ 0 for notational convenience.

Both terms Pr[n ∈ N BF
k |dk = d, |N BF

k | = s] and Pr[dk =
d, |N BF

k | = s] in the above equation depend on the feedback
metric,xk,n. Sincexk,n depends onFBF

k,n(lk,n) by (6), the pro-
cess of calculatingFBF

k,n(l) happens to refer toFBF
k,n(l) itself. To

get around this self-referencing problem, we take the approxi-
mation as (15) and use the approximatedxk,n in the analysis.
We can justify the approximation as discussed in SubsectionIV-
A.

In order to simplify the analysis further, we adopt a virtual
feedback mode, calledcontinuous-BFmode, that emulates the

operation of the SPP-BF mode as follows: In each time slot, for
each subchannel, userk first generates a uniform random vari-
ableYk,n in the interval[Fk,n(lk,n − 1), Fk,n(lk,n)) and trans-
forms it into a feedback metricY K−1

k,n . Then, the user operates
the remaining feedback process of the SPP-BF mode by using
Y K−1
k,n instead ofxk,n.
We may analyze the performance of the continuous-BF mode

and take the result as an approximated performance of the SPP-
BF mode, since it simplifies the analysis as described in Sub-
section IV-A. Now, we can rewrite the term Pr[n ∈ N BF

k |dk =
d, |N BF

k | = s] in (21) as

Pr[n ∈ N BF
k |dk = d, |N BF

k | = s] =
s

N
(22)

because the emulated feedback metric,Y K−1
k,n , is i.i.d. with re-

spect ton. For the term Pr[dk = d, |N BF
k | = s] in (21), we

get

Pr[dk = d, |N BF
k | = s]

=

M−1
∑

z=0

Pr[ψk(d) = s, ψk(d+ 1) = z]

=
M−1
∑

z=0

Pr[ψk(d+ 1) = z|ψk(d) = s]Pr[ψk(d) = s]

(23)

whereψk(d) denotes the number of subchannels withY K−1
k,n ≥

τ(d), i.e.,ψk(d) ≡
∑N

n=1 I[Y K−1
k,n ≥ τ(d)]. We defineψk(D+

1) ≡ 0 for notational convenience. To obtain (23), we derive the
probability Pr[Y K−1

k,n ≥ τ(d)] as

Pr[Y K−1
k,n ≥ τ(d)]

= 1− Pr[Yk,n ≤ τ(d)
1

K−1 ] = 1− τ(d)
1

K−1

(24)

where the last equality comes from (16). By using (24), we can
get the probability Pr[Y K−1

k,n ≥ τ(d+ 1)|Y K−1
k,n ≥ τ(d)] as

Pr[Y K−1
k,n ≥ τ(d+ 1)|Y K−1

k,n ≥ τ(d)]

= Pr[Yk,n ≥ τ(d + 1)
1

K−1 ]/Pr[Yk,n ≥ τ(d)
1

K−1 ]

=
1− τ(d + 1)

1
K−1

1− τ(d)
1

K−1

(25)

where we defineτ(D + 1) ≡ 1 for notational convenience. By
using (24) and (25), we can rewrite (23) as

Pr[dk = d, |N BF
k | = s]

=

M−1
∑

z=0

Pr[ψk(d+ 1) = z|ψk(d) = s]Pr[ψk(d) = s]

=

(

N
s

)

(

1− τ(d)
1

K−1

)s (

τ(d)
1

K−1

)N−s

·
M−1
∑

z=0

(

s
z

)

(

1− τ(d + 1)
1

K−1

1− τ(d)
1

K−1

)z

·

(

τ(d+ 1)
1

K−1 − τ(d)
1

K−1

1− τ(d)
1

K−1

)s−z

.

(26)
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Now, we can obtainT BF by combining the above results as
follows: First, we apply (22) and (26) to (21) to get Pr[LBF

k,n = l]

for l ≥ 2 and get Pr[LBF
k,n = 1] = 1−

∑L
l=2 Pr[LBF

k,n = l]. Then,
from Pr[LBF

k,n = l], we determineFBF
k,n(l) and insert it to (5) to

finally obtainT BF.
Now, we derive computation overhead for calculatingT BF.

Since the term
∑N

s=M Pr[n ∈ N BF
k |dk = d, |N BF

k | = s]Pr[dk =
d, |N BF

k | = s] in (21) only depends ond (i.e., does not de-
pend onk, n, or l), we can minimize the computation ef-
forts as follows: We compute the term ford = 1, 2, · · ·, D
with the computation of the order ofO(DNM) only once,
and reuse the resulting terms multiple times during the pro-
cedure of derivingT BF. Then, the overall computation over-
head is in the order ofmax(O(KNLD), O(DNM)). If we
setD similar to L, we can rewrite the computation overhead
asmax(O(KNL2), O(NML)).

V. MULTIUSER DIVERSITY ANALYSIS

We analyze the multiuser diversity that can be achieved by
the opportunistic scheduling when the channel state information
is fed back by using the SPP-MF scheme. We first analyze the
multiuser diversity of the SPP-SF mode. For the analysis we
assume the following:
i) K →∞.
ii) Hk,n(g) is differentiable and strictly increasing.
iii) t(l)− t(l − 1)→ 0, ∀l, asL→∞.
Also, we modify the scheduling procedure 2) of the CS al-
gorithm described in Section II as follows. The BS gener-

atesUk,n in the interval
[

Fk,n(l
SF
k,n − 1), Fk,n(l

SF
k,n)

)

instead

of
[

FSF
k,n(l

SF
k,n − 1), FSF

k,n(l
SF
k,n)

)

.6 Then, the BS takes it as a

scheduling metric for userk.

Proposition 3: In the system adopting the SPP-SF mode, un-
der the above assumptions and modification, the CS algorithm
is equivalent to a scheduler that selects the user with the largest
Hk,n(gk,n) among∀k ∈ KSF

n , i.e.,

argmax
k∈K

Uk,n = arg max
k∈KSF

n

Hk,n(gk,n) (27)

whereKSF
n denotes the set of the users who reported the MCS

level of subchanneln by using the SPP-SF mode.

Proof: We prove the proposition in two steps.
Step 1: A scheduler selecting the best user among∀k ∈ K is

equivalent to that selecting the best user among∀k ∈ KSF
n , i.e.,

argmax
k∈K

Uk,n = arg max
k∈KSF

n

Uk,n. (28)

Step 2: ∀k ∈ KSF
n , Uk,n → Hk,n(gk,n) in probability asL→

∞.
By Assumption i), we get Pr[|KSF

n | = 0] → 0 asK → ∞
(Refer to Proposition 4 for a rigorous proof.). Since no scheduler
allocates subchanneln to userk /∈ KSF

n unless|KSF
n | = 0, it

6This modification causes inaccuracy in the analysis but its effect is negligible
as addressed in Subsection IV-A.

is clear that the former and the latter schedulers in Step 1 are
equivalent.

Now, we prove Step 2. It is clear thatlSF
k,n = lk,n because

k ∈ KSF
n . By this fact and the modified scheduling proce-

dure of the CS algorithm,Uk,n is a uniform random variable
in the interval[Fk,n(lk,n − 1), Fk,n(lk,n)). We can derive that
Uk,n → Fk,n(lk,n) = Hk,n(t(lk,n)) in probability asL → ∞,
in a way similar to that in the proof of Proposition 1. By As-
sumption iii), it is clear thatt(lk,n) → gk,n asL → ∞. This
results thatUk,n → Hk,n(gk,n) in probability asL→∞. 2

Relying on Proposition 3, we perform analysis by using
the scheduler that selects the user with the largestHk,n(gk,n)
among∀k ∈ KSF

n . Before analyzing the multiuser diversity
of the SPP-SF mode, we first analyze that of the Full-feedback
scheme in which users report the MCS levels of all the subchan-
nels. Since the Full-feedback scheme is a special case of the
SPP-SF mode withKSF

n = K, the scheduling metric of the se-
lected user,HFull

k∗

n,n
(gk∗

n,n), is given by

HFull
k∗

n,n
(gk∗

n,n) = max
k∈K

Hk,n(gk,n). (29)

Then, the CDF ofHFull
k∗

n,n
(gk∗

n,n) is

Pr[HFull
k∗

n,n
(Gk∗

n,n) ≤ q]

= Pr

[

max
k∈K

Hk,n(Gk,n) ≤ q

]

=
∏

k∈K

Pr[Hk,n(Gk,n) ≤ q] =
∏

k∈K

Pr[Gk,n ≤ H
−1
k,n(q)]

=
∏

k∈K

Hk,n(H
−1
k,n(q)) = qK , 0 ≤ q ≤ 1.

(30)

The second equality is valid since each subchannel is indepen-
dent. From (30) we may considerK as the multiuser diversity
order, since the probability of not exceeding some threshold ex-
ponentially decays withK.

Now, we analyze the multiuser diversity of the SPP-SF mode.
The scheduling metric of the selected user,HSF

k∗

n,n
(gk∗

n,n), is

HSF
k∗

n,n
(gk∗

n,n) = max
k∈KSF

n

Hk,n(gk,n). (31)

Then, the CDF ofHSF
k∗

n,n
(Gk∗

n,n) is

Pr[HSF
k∗

n,n
(Gk∗

n,n) ≤ q]

= Pr

[

max
k∈KSF

n

Hk,n(Gk,n)|k∈KSF
n
≤ q

]

=
∏

k∈KSF
n

Pr[Hk,n(Gk,n) ≤ q|k ∈ K
SF
n ]

=
∏

k∈KSF
n

Pr[n ∈ N SF
k , Gk,n ≤ H

−1
k,n(q)]

Pr[n ∈ N SF
k ]

=
∏

k∈KSF
n

1

Pr[n ∈ N SF
k ]

·

∫ H−1
k,n

(q)

0

Pr[n ∈ N SF
k |Gk,n = g]fGk,n

(g)dg, 0 ≤ q ≤ 1

(32)
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wherefGk,n
(g) denotes the PDF ofGk,n. For the term Pr[n ∈

N SF
k ], we get

Pr[n ∈ N SF
k ] =

L
∑

l=1

Pr[n ∈ N SF
k |Lk,n = l]Pr[Lk,n = l] =

S

N

(33)
where the last equality is derived by (19). For the term Pr[n ∈
N SF

k |Gk,n = g] in (32), we get

Pr[n ∈ N SF
k |Gk,n = g]

= Pr[n ∈ N SF
k |Lk,n = l] (l s.t.g ∈ [t(l − 1), t(l)))

=
1

N/S
·
Fk,n(l)

N/S − Fk,n(l − 1)N/S

Fk,n(l)− Fk,n(l − 1)

= Fk,n(l)
N/S−1 = Hk,n(g)

N/S−1

(34)

where the second equality is derived by using (19), the third
equality by a way similar to that in the proof of Proposition 2,
and the last equality by a way similar to that in the Step 2 of
Proposition 3.

Then, by inserting (33) and (34) to (32), we get

Pr[HSF
k∗

n,n
(Gk∗

n,n) ≤ q]

=
∏

k∈KSF
n

N

S

∫ H−1
k,n

(q)

0

Hk,n(g)
N/S−1fGk,n

(g)dg

=
∏

k∈KSF
n

Hk,n(H
−1
k,n(q))

N/S

=
∏

k∈KSF
n

qN/S , 0 ≤ q ≤ 1

(35)

and we get

lim
K→∞

logPr[HSF
k∗

n,n
(Gk∗

n,n) ≤ q]

log qK

= lim
K→∞

log
∏

k∈KSF
n
qN/S

K log q
= lim

K→∞

N |KSF
n |

SK
.

(36)

Proposition 4: In the SPP-SF mode,|KSF
n | → KS/N in

probability asK →∞.

Proof: We define a random variableZk,n to indicate
whether or not userk belongs toKSF

n ,

Zk,n =

{

1, if k ∈ KSF
n

0, otherwise
. (37)

By the definition ofZk,n and the weak law of large numbers, we
get

|KSF
n | =

K
∑

k=1

Zk,n → KE[Zk,n] in probability asK →∞

(38)
and we get

E[Zk,n] = Pr[k ∈ KSF
n ] = Pr[n ∈ N SF

k ] =
S

N
(39)

where the last equality comes from (33). Thus, we can derive

|KSF
n | →

KS

N
in probability asK →∞. (40)

2

By applying Proposition 4 to (36), the CDF of the scheduling
metric of the selected user is asymptotically expressed as

Pr[HSF
k∗

n,n
(Gk∗

n,n) ≤ q] ∼ q
K , 0 ≤ q ≤ 1. (41)

This implies that the probability of not exceeding some thresh-
old exponentially decays withK. In other words, the SPP-SF
mode can obtain the multiuser diversity ofK, which is the same
to that of the Full-feedback scheme.

Now, we derive the multiuser diversity of the SPP-BF mode.
Considering that the SPP-BF mode can adjust the value ofM
from 1 toN , we may setM to 1. Then, the SPP-BF mode with
M = 1 yields the same feedback result as that of the SPP-SF
mode withS = 1. As shown in the above, the multiuser diver-
sity of the SPP-SF mode isK regardless of the value ofS, so it
is clear that the SPP-BF mode can obtain the multiuser diversity
of K.

By using the above discussions we can conclude that the mul-
tiuser diversity order of the SPP-MF scheme is equal to the
total number of usersK, as is the case of the Full-feedback
scheme. Since the multiuser diversity is the major factor that
determines the average throughput in the large-K regime, the
SPP-MF scheme yields the average throughput close to that of
the Full-feedback scheme asK increases, even with reduced
feedback amount. We will confirm this through numerical re-
sults in Section VII.

VI. USEFUL VARIATIONS OF THE SPP-MF SCHEME

In this section, we consider some useful variations of the SPP-
MF scheme. In Subsection VI-A, we discuss how to extend the
SPP-MF scheme to the case that the BS does not know the global
CMF’s of usersa priori. In Subsection VI-B, we modify the
SPP-MF scheme such that the system manager can adjust the
feedback load to satisfy a given target feedback load.

A. Extension to the Case without A Priori Knowledge

In the previous sections we have discussed how to deter-
mine the optimal feedback mode by calculating the average total
throughput under the assumption thatFk,n(l) is givena priori.
We can extend the SPP-MF scheme to the case thatFk,n(l) is
not available to the BSa priori.

The procedure of the extended SPP-MF scheme is similar to
that discussed in Section III except that each user sends thereal
MCS levels of all its subchannels once in everyV1(> 1) slots. In
such “special” time slots, the BS estimatesFk,n(l) by recording
lfeed
k,n in a way similar to that described in (4). Sincelfeed

k,n = lk,n
for all k andn in those slots, the estimated CMF converges
to the trueFk,n(l) almost surely by the law of large numbers
[16]. In everyV2(> V1) slots, the BS determines the feedback
mode based on the estimatedFk,n(l) in the procedure described
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Fig. 3. Multi-cell structure and an example user drop (K = 15).

in Section IV, and broadcasts it. By this operation, the SPP-
MF scheme can adaptively set the feedback mode in the system
where a new user enters or an existing user exits dynamically.

B. Modification of SPP-MF Scheme for Adjusting Feedback
Load

In Section III, we showed that the feedback load of the SPP-
MF scheme ismax(S(BMCS + BCH), N + BSP) bits per slot.
In this subsection, we modify the SPP-MF scheme such that the
system manager can adjust the feedback load to satisfy a given
target feedback load ofBtarget bits. In the case of the SPP-SF
mode, the system manager needs to determine the largest value
of S to satisfy the conditionS(BMCS +BCH) ≤ Btarget.

In the case of the SPP-BF mode, the modified SPP-MF
scheme lets each user exclude some of the subchannels when
making the bitmap. If each user forms a bitmap of sizeNbit(≡
Btarget−BSP) bits by excludingN−Nbit subchannels, the feed-
back load of the BF mode becomesBtarget bits which satisfies
the target load.

Specifically, the BS and userk share a pseudo-randomN bit-
sequence consisting ofNbit ‘1’s and (N − Nbit) ‘0’s, which is
denoted byσk. The pattern ofσk is different from user to user
and varies from slot to slot. In each slot, userk first makes a
subchannel set, denoted byN bit

k , with cardinalityNbit by select-
ing the subchannels marked as ‘1’ byσk. Then, userk makes
the bitmap of sizeNbit for the selected subchannel setN bit

k as
described in Subsection III-B, while excluding the other sub-
channels. Sinceσk is shared by both userk and the BS, the BS
can decode the feedback message.

VII. NUMERICAL RESULTS

We conducted computer simulations to verify the perfor-
mance of the SPP-MF scheme over the downlink OFDMA sys-
tem. Table 2 lists a summary of the simulation parameters. We
generated 25 cells and placed users in cell 13, and evaluatedthe
performance focusing only on that cell. Fig. 3 depicts the multi-
cell structure and an example user drop whenK = 15. We as-
sumed in the simulations that short-term fading of subchannel is
independent one another, unless specified otherwise.

Table 2. Simulation parameters.

Parameters Values

Total bandwidth,W 10 MHz

Number of subchannels,N 40

Number of MCS levels,L 16

MCS levels and data rates Values in Table 1

Cellular layout
Hexagonal, 25 cell sites,

1 sector per site
(Refer to Fig. 3)

Inter-site distance 500 m

Distance-dependent path
loss

128.1 + 37.6log10(d) dB

Shadowing Std. Dev. 8 dB

Correlation distance of
shadowing

50 m

Shadowing correlation
between cells

0.5

Short-term fading
Complex Gaussian R.V.
(mean 0 and variance 1)

Tx. power per subchannel 30 dBm

Noise power density -174 dBm/Hz

Traffic model Fully backlogged

We took a simple model of the OFDMA system that applies
different reuse factors to different subchannels as follows: [17]

1) Subchannels1 ∼ 20 are used by all cells, that model the
subchannels with reuse factor 1.

2) Subchannels21 ∼ 40 are used by cells 2, 5, 6, 9, 17, 20,
21, 24, and 13, that model the subchannels with reuse factor 3.

Then, the users in cell 13 experience high interference in sub-
channels1 ∼ 20 and low interference in subchannels21 ∼ 40.
This results in non-identical statistical characteristics of the sub-
channel SINRs.

We made the BS performs user scheduling by using the CS
algorithm as described in Section II. We varied the value ofK
from 10 to 30, and made the simulation run consist of 10 user
drops whereK users are randomly uniform-distributed within
the area of cell 13. For each user drop, we conducted a simula-
tion for 20,000 time slots to evaluate the average total through-
put of the SPP-MF scheme, applying the technique described in
Subsection VI-A.

For performance comparison, we considered other reference
schemes as well, namely, theXue’sscheme [8], theOpt-MCS-
BF scheme, the MF scheme [11], and the Full-feedback scheme.
In the case of Xue’s scheme, the BS broadcasts a threshold and
then each user makes and sends the bitmap for its subchannels,
setting a bit for a subchannel to 1 if the ratio of the subchannel’s
instantaneous SINR to the average SINR exceeds the threshold
and to 0 otherwise. We designed the Opt-MCS-BF scheme to
exhibit the performance upper bound of BF schemes with fixed
MCS threshold. In the case of the Opt-MCS-BF scheme, for
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Fig. 4. Normalized average total throughput of the BF schemes with
respect to the number of users (simulation).

each user, the BS determines the MCS threshold vector of sub-
channels and each user makes the bitmap according to the MCS
threshold vector. By an exhaustive search, the MCS threshold
vectors of users are optimized to maximize the average total
throughput. The feedback load isN bits for both schemes. The
MF scheme is similar to the SPP-MF scheme except that it
forms the feedback message based on the MCS level, not on the
scheduling probability. In the case of the Full-feedback scheme,
users feed back the MCS levels of all the subchannels, so the
feedback load amounts toNBMCS bits.

We first examined which of the four BF schemes (i.e., the
SPP-BF mode, the Xue’s scheme, the Opt-MCS-BF scheme,
and the BF mode of the MF scheme [11]) offers the best
performance. For the SPP-BF mode, we setD = 8 and
[τ(1), τ(2), · · ·, τ(8)] = [0, 0.001, 0.1, 0.3, 0.4, 0.5, 0.6, 0.7].
For a fair comparison, we arranged each user of the SPP-BF
mode to exclude3 subchannels when making the feedback mes-
sage as described in Subsection VI-B such that all the four
schemes yield the same feedback load of40 bits. Fig. 4 depicts
the resulting average total throughput, normalized by thatof the
Full-feedback scheme. From the figure we can make the fol-
lowing observations: 1) The SPP-BF mode performs better than
the other reference schemes for different number of users. This
justifies why the SPP-MF scheme adopts the SPP-BF mode as a
candidate for selecting the feedback mode. 2) The BF mode of
the MF scheme [11] performs even worse than the Xue’s and the
Opt-MCS-BF scheme. We may interpret this result as follows:
To perform well in the statistically non-identical subchannel en-
vironment, a BF scheme needs to set the MCS thresholds dif-
ferently, subchannel to subchannel. In the BF mode of the MF
scheme, however, users cannot set the MCS threshold of each
subchannel differently, which causes performance degradation.

We examined the average total throughput of various
schemes. We setBtarget = 40 for the SPP-MF and MF scheme,
which is 25% of that of the Full-feedback scheme. Fig. 5 de-
picts the average total throughput, normalized by that of the
Full-feedback scheme. From the figure we can make three ob-
servations as follows:

1) The SPP-MF scheme performs better than the other refer-
ence schemes for different number of users. The gain over the
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Fig. 5. Normalized average total throughput of various feedback
schemes with respect to the number of users.

SPP-SF and the SPP-BF modes happens because the SPP-MF
scheme determines the feedback mode by calculating and com-
paring the performance of the two modes. The gain over the
MF scheme originates from the improved feedback efficiency
of reporting the subchannels based on scheduling probability.

2) The SPP-MF scheme yields the throughput close to that of
the Full-feedback scheme asK increases, which is consistent
with the expectation in the last paragraph of Section V.

3) The SPP-SF performance is quite close to the lower bound
derived in Subsection IV-B. This confirms that the lower bound
is very tight.

So far, we assumed that the channel estimation at the user
side is perfect, but the channel estimation may be imperfectin
practice. We extended simulation to practical environment, re-
flecting the inaccuracy in the channel estimation. To model the
imperfect channel estimation, we used the model proposed in
[18], which expresses the estimated short-term fadingf̂

(b)
k,n by

f̂
(b)
k,n =

√

1− ρ2f
(b)
k,n + ρe

(b)
k,n (42)

wheref (b)
k,n is the short term fading of subchannels ande(b)k,n is

a complex Gaussian random variable with zero-mean and unit
variance. We setρ to 0.222 and 0.312, for which themean
square errors (MSE) between the true fading and its estimate be-
come 0.05 and 0.1, respectively. Fig. 6 depicts the resulting av-
erage total throughput, normalized by that of the Full-feedback
scheme with perfect channel estimation. The solid lines arethe
results with perfect channel estimation and the dashed linede-
notes the performance with imperfect channel estimation. From
the figure we can observe that the performance of the SPP-MF
scheme degrades as the accuracy of channel estimation drops,
but the it maintains a throughput gain over the MF scheme.

VIII. CONCLUSIONS

In this paper, we have presented a new feedback scheme,
named SPP-MF, to reduce the feedback load needed for oppor-
tunistic scheduling in the OFDMA downlink system with statis-
tically non-identical subchannels. The SPP-MF scheme makes
the BS determine the more desirable feedback mode between
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Fig. 6. Normalized average total throughput of various feedback
schemes in the case of imperfect channel estimation (simulation).

the SPP-SF and the SPP-BF modes by comparing their average
total throughputs. In both feedback modes, each user first cal-
culates the scheduling probability of each subchannel and then
forms the feedback message based on the scheduling probabil-
ity. It differs from the existing feedback schemes in that ituses
scheduling probability, instead of the MCS levels, as the criteria
of forming the feedback message. Such a behavior of the SPP-
MF scheme turned out to improve feedback efficiency, there by
enhancing the average total throughput significantly over that of
the existing feedback reduction schemes.

The SPP-MF scheme may be practically applied to vari-
ous environments. It is suitable to apply to practical OFDMA
systems where the statistical characteristics of different sub-
channels are not identical. It will also fit well to the environ-
ment where the number of users changes dynamically as fol-
lows: The feedback quantity is important for the case of a
small user group while the feedback quality is important for
the case of a large user group, and the SPP-MF scheme can
perform well in both cases by setting the optimal feedback
mode adaptively. Since the computation overhead associated
with the performance estimation of each mode is in the order of
max(O(KN2L), O(KNL2)), which is polynomial to the num-
ber of users, subchannels, and MCS levels, the mode selection
delay is quite small.
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