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Abstract— We propose a cross-layer approach to investigate
the impact of physical-layer infrastructure on data-link-layer
quality-of-service (QoS) performance over wireless links in mobile networks. At the physical layer, we take multiple-inputmultiple-output (MIMO) diversity schemes as well as adaptivemodulation-and-coding (AMC) techniques into account. At the
data-link layer, our focus is on how this physical-layer infrastructure influences the real-time multimedia delay-bound
QoS performance. To achieve this goal, we first model the
physical-layer service process as a finite-state Markov chain
(FSMC). Based on this FSMC model, we then characterize the
QoS performance at data-link-layer using the effective capacity
approach, which turns out to be critically important for the
statistical QoS guarantees over wireless links in mobile networks.
We also investigate the impact of physical-layer power control
and channel-state information (CSI) feedback delay on the QoS
performance. The numerical results obtained demonstrate that
our proposed cross-layer model can efficiently characterize the
interactions between the physical-layer infrastructure and datalink-layer QoS performance.
Index Terms— Cross-layer design and optimization, mobile wireless networks, quality-of-service (QoS), effective capacity, adaptive-modulation-and-coding (AMC), multiple-inputmultiple-output (MIMO), real-time multimedia delay-bound.

I. I NTRODUCTION

T

O SUPPORT the diverse quality-of-service (QoS) requirements for heterogeneous mobile users, a large number of advanced schemes are developed at physical layer to
overcome the impact of wireless fading channels. Among
them, the multiple-input-multiple-output (MIMO) infrastructure [1], [2] and adaptive-modulation-and-coding (AMC)
scheme [3], [4] are promising techniques that have received
significant research attention. While the main focus is how
to utilize those techniques to improve the spectral efficiency,
the problem of how to efficiently employ the unique nature
of such techniques for enhancing upper-layer protocol design,
and to determine what is the impact of these physical-layer
techniques on supporting the diverse QoS requirements, have
been neither well understood, nor thoroughly studied. Consequently, it becomes increasingly important to develop the
cross-layer system model to integrate the QoS provisioning
algorithms/protocols at higher network-protocol layers with
MIMO and AMC implemented at physical layer. In this paper,

Manuscript received Feb. 2, 2006; revised Dec. 12, 2006; accepted December 18, 2006. The associate editor coordinating the review of this paper and
approving it for publication was S. Hanly. The research reported in this paper
was supported in part by the U. S. National Science Foundation CAREER
Award under Grant ECS-0348694.
The authors are with the Networking and Information Systems Laboratory,
Department of Electrical and Computer Engineering, Texas A&M University,
College Station, TX 77843 USA (e-mail: {jtang, xizhang}@ece.tamu.edu).
Digital Object Identifier 10.1109/TWC.2007.06087.

our focus is on designing the cross-layer model that can
characterize the interactions across physical-layer and datalink-layer, and on mapping the physical-layer parameters to
the data-link-layer’s real-time multimedia delay-bound QoS
requirements.
There have been a variety of research works focusing on
wireless system modeling in both physical-layer and datalink-layer [5]–[8]. In [9], [10], Wu and Negi proposed a
very interesting concept termed as “effective capacity”. This
concept turns out to be the dual problem of the so-called
“effective bandwidth”, which has been extensively studied
in the early 90’s with the emphasis on wired asynchronous transfer mode (ATM) networks [11]–[15]. The effective
capacity and effective bandwidth enable us to analyze the
statistical delay-bound violation probability, which is critically important for real-time multimedia wireless networks.
In this paper we propose a cross-layer approach to investigate
the impact of physical-layer infrastructure on data-link-layer
QoS performance in mobile wireless networks. At the physical layer, we integrate the MIMO transmit/receive-diversity
with AMC and develop a unified finite-state Markov chain
(FSMC) model that characterizes the channel state variation.
At the data-link layer, our focus is on how the physicallayer infrastructure influences the real-time multimedia delaybound QoS provisioning performance. Based on our FSMC
model developed at physical-layer, we characterize the QoS
provisioning performance at data-link-layer by applying and
extending the effective capacity method [9]. We show how the
effective capacity can function as a bridge that connects the
physical-layer across to the data-link-layer. The numerical and
simulation results obtained demonstrate that our approach can
efficiently capture the interactions across different networkprotocol-layers and accurately characterizes the QoS provisioning performance. Based on our proposed cross-layer
model, the advanced mechanisms such as adaptive resourceallocation, admission control, and packet scheduling schemes
can be developed to guarantee the diverse QoS requirements
for future wireless networks.
The rest of this paper is organized as follows. Section II
describes the physical-layer system model. Section III investigates the effective capacity and its relationship with the crosslayer design. Section IV-A presents the numerical results on
effective capacity and statistical QoS guarantees. Section V
discusses the impact of power-control and feedback-delay on
the effective capacity. The paper concludes with Section VI.
II. T HE P HYSICAL -L AYER S YSTEM M ODEL
The system model is shown in Fig. 1. In this paper, we
concentrate on a point-to-point wireless downlink with Nt
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The system model. (a) Basestation transmitter. (b) Mobile wireless receiver.

antennas (Tx) at the basestation transmitter and Nr antennas
(Rx) at the mobile receiver. As shown by Fig. 1, the upperprotocol-layer packets are first divided into a number of frames
at the data-link layer. The frames are stored at the transmitterbuffer and then split into bit-streams at the physical layer,
where the AMC and MIMO-diversity are employed, respectively. The reverse operations are executed at the receiver side.
Also, the channel-state information (CSI) is estimated at the
receiver and fed back to the transmitter for AMC and MIMOdiversity (if necessary, depending on the specific MIMOdiversity scheme used). The upper-protocol-layer packets have
the same packet-size, which consists of Np bits. Also, the
frame at data-link layer has the same time-duration, which
is denoted by Tf . Due to the employment of AMC, the
number of bits per frame varies depending on the modulationand-code modes selected. Therefore, each frame comprises
various portions of the packet. Furthermore, at the data-link
layer, the system integrates forward-error control (FEC) with
automatic retransmission request (ARQ) strategies, which will
be detailed in Section II-B.
We assume that the wireless channel is flat-fading with
Nakagami-m distribution, which is independent identically
distributed (i.i.d.) between each transmit/receive antennapair. Also, the channel is invariant within a frame’s timeduration Tf , but varies from one frame to another. We use
the Nakagami-m channel model because this model is very
general and often best fits the land-mobile and indoor-mobile
multipath propagations [18], [19]. We assume that the CSI is
perfectly estimated at the receiver and reliably fed back to the
transmitter. However, the CSI feedback can be delayed, which
is particularly addressed in Section V.
A. MIMO Diversity
We only focus on diversity-based MIMO systems. There exists a number of promising transmit/receive diversity schemes.
For example, when the CSI is available at both sides of
the wireless link, maximal-ratio transmission (MRT, also
known as beamforming) and maximal-ratio combining (MRC)
are known as the optimal transmit- and receive-diversity
schemes [19], respectively. When the CSI is not available at
the transmitter side, space-time block coding (STBC) is a pow-

TABLE I
PARAMETER I DENTIFICATIONS FOR U NIFIED MIMO D IVERSITY.
MIMO Diversity Schemes

M

L

β

Tx-MRT/Rx-1
Tx-STBC/Rx-MRC
Tx-SC/Rx-MRC
Tx-MRT/Rx-SC
Tx-STBC/Rx-SC
Tx-SC/Rx-SC
Performance Upper-Bound

1
1
Nt
Nr
Nr
Nt Nr
1

Nt
Nt Nr
Nr
Nt
Nt
1
Nt Nr

1
Nt
1
1
Nt
1
1

erful approach to achieve transmit diversity [2]. Moreover, the
selection combining (SC) at either the transmitter or receiver
side emerges as a good tradeoff between performance and
complexity [18]. For a variety of MIMO-diversity schemes,
we can show that the probability density function (pdf) of the
combined signal-to-noise ratio (SNR), denoted by pΓ (γ), can
be derived as a unified expression as follows:




M−1
M −1
M 
βm
γ
pΓ (γ) =
(−1)i
exp −(i + 1)
i
Γ(mL) i=0
γ


i(mL−1)
j+mL

βm
·
ξji
γ j+mL−1
(1)
γ
j=0
where Γ(·) represents the Gamma function, γ denotes the
average SNR of the combined signal, m denotes the fading
parameter, ξji is the multinomial expansion coefficientsdeterb
mined byξji = p=aξp (i−1) /[(j −p)!] with
 a = max 0, j −
(M − 1) , b = min j, (i − 1)(M − 1) , ξj0 = ξ0i = 1,
ξj1 = 1/(j!), and ξ1i = i, and finally, the parameters M ,
L, and β are MIMO-diversity-scheme dependent, which are
specified in TABLE I. Note that in Eq. (1), M and L denote
the selection diversity order and combining diversity order,
respectively, and β only affects STBC scheme that reduces the
variation of the channel. The total diversity order is determined
by M × L (also equal to Nt × Nr ).
B. Adaptive Modulation and Coding
The AMC technique has emerged as one of the key solutions to increase the spectral-efficiency of wireless networks.
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In [4], the authors studied adaptive modulation integrated with
convolutional-code-based FEC strategy. Following the work
of [4], the specific modulation-and-coding modes for the AMC
scheme used in this paper are constructed as follows.
The entire SNR range is partitioned by, e.g., K = 7 nonoverlapping consecutive intervals, resulting in K +1 boundary
points denoted by {Γk }K+1
k=1 , where Γ1 < Γ2 < · · · < ΓK+1
with Γ1 = 0 and ΓK+1 = ∞. Correspondingly, the AMC is
selected to be in mode k if the SNR, denoted by γ, falls
into the range: Γk ≤ γ < Γk+1 , where k = 1, 2, ..., K.
More specifically, the code rates of the available modes are
0, 0.5, 0.5, 0.75, 0.5625, 0.75, and 0.75, respectively, and
their corresponding constellations are “outage”, BPSK, QPSK,
QPSK, 16-QAM, 16-QAM, and 64-QAM, respectively. As the
SNR increases, the system selects the AMC mode with higher
spectral-efficiency to transmit data. On the other hand, as the
SNR gets worse, the system decreases the transmission rate to
adapt to the degraded channel conditions. In the worst case, the
transmitter can stop transmitting data, which corresponds to
the “outage” mode of the system. The packet-error rate (PER)
when using the kth AMC mode (k = 2, 3, ..., K), denoted by
PERk (γ), can be approximated as follows [4, eq. (3)]:

1,
if 0 < γ < γk
PERk (γ) =
(2)
ak exp(−gk γ), if γ ≥ γk
where ak , gk , and γk are mode-dependent parameters [4,
TABLE II]. Accordingly, the AMC is in mode k if the SNR
γ falls into the range of Γk ≤ γ < Γk+1 . Based on the pdf
of the SNR in Eq. (1), the probability πk , that the SNR falls
into mode k is determined by
Γk+1

πk

=
Γk

⎡
= ⎣

pΓ (γ)dγ

γ mL, βm
γ Γk+1
Γ(mL)

⎤M
⎦

⎡
−⎣

γ mL, βm
γ Γk
Γ(mL)

⎤M
⎦ (3)

where k = 1, 2, ..., K and γ(·, ·) denotes the incomplete
Gamma function. We select the boundaries such that Γk ≥ γk
for all k = 2, 3, ..., K. Then, using Eq. (2), we obtain the
average PER of mode k, denoted by PERk , as follows:
PERk

=
=

1
πk

Γk+1
Γk

ak exp(−gk γ)pΓ (γ)dγ


 i(mL−1)
M−1


M −1
ak M
(−1)i
ξji
i
πk Γ(mL) i=0
j=0

j+mL  

βm
bk Γk+1
·
γ j + mL,
bk
γ


b k Γk
−γ j + mL,
(4)
γ

where bk = gk γ + (i + 1)βm. Thus, the average PER can be
expressed as follows:
K
Rk πk PERk
PER = k=2
(5)
K
k=2 Rk πk
where Rk denotes the spectral-efficiency of the kth mode. We
can numerically obtain the boundaries {Γk }K
k=2 such that the

average PER satisfies the reliability QoS requirement. When
taking the ARQ into account, the achieved spectral-efficiency
k , can be expressed as
of the kth mode, denoted by R


k = Rk 1 − PERk .
(6)
R
C. Service Process Modeling Using FSMC
In this paper, we employ the FSMC model to characterize the variations of the MIMO-diversity and AMC-based
wireless-channel service process. The state of FSMC corresponds to the mode of AMC, where the effective transmission
k . Let pi,j denote the transition
rate of the kth mode is R
probability of the FSMC from state i to state j. We assume a
slow-fading channel model such that transition only happens
between adjacent states [5][6]. Under such an assumption, we
have pij = 0 for all |i − j| > 1. The adjacent transition
probability can be approximated as [5]

N (Γ
)Tf
pk,k+1 ≈ Γ πk+1
, where k = 1, 2, ..., K − 1,
k
(7)
NΓ (Γk )Tf
, where k = 2, 3, ..., K
pk,k−1 ≈
πk
where NΓ (γ) is the level-crossing rate (LCR) calculated at
SNR value of γ [6]. Then, the remaining transition probability
can be derived as
⎧
⎨ p1,1 = 1 − p1,2
pK,K = 1 − pK,K−1
(8)
⎩
pk,k = 1 − pk,k−1 − pk,k+1 , k = 2, ..., K − 1.
Thus, applying Eqs. (7) and (8), we obtain the transition
probability matrix of the FSMC, which is denoted by P =
[pij ]K×K . Correspondingly, the stationary distribution of the
FSMC, denoted by π, is determined by π = [ π1 , π2 , ..., πK ],
where πk is given by Eq. (3) for k = 1, 2, ..., K.
In order to obtain the transition probability matrix P, it is
necessary to find the LCR NΓ (γ) in Eq. (7). We obtain the
unified closed-form expression for the LCR, NΓ (γ), which is
given as follows:
√


M−1
M −1
2πfd M 
(−1)i
NΓ (γ) =
i
Γ(mL) i=0


 i(mL−1)
j+mL− 12

βmγ
βmγ
· exp −(i + 1)
ξji
(9)
γ
γ
j=0
where fd denotes the maximum Doppler frequency of the
channel. Substituting Eq. (9) into Eq. (7), the transition matrix
P is determined for different MIMO diversity schemes.
III. T HE E FFECTIVE C APACITY AND C ROSS -L AYER
D ESIGNS
A. Statistical QoS Guarantees
The real-time multimedia services such as video and audio
require bounded delay, or equivalently, guaranteed service
bandwidth. Once a received real-time packet violates its delaybound, it is considered as useless and will be discarded. However, over the mobile wireless networks, a hard delay-bound
guarantee is not practically achieveable due to the impact
of the time-varying fading channels. For example, over the
Rayleigh or Rician fading channels, the only lower-bound of

TANG and ZHANG: CROSS-LAYER MODELING FOR QUALITY OF SERVICE GUARANTEES OVER WIRELESS LINKS

the system bandwidth that can be deterministically guaranteed
is a bandwidth of zero. Therefore, we consider an alternative
solution by providing the statistical QoS guarantees, where we
guarantee the delay-bound with a small violation probability.
During the early 90’s, the statistical QoS guarantees theories
have been extensively studied in the contexts of so-called
effective bandwidth theory, with the emphasis on wired ATM
networks [11]–[15]. The asymptotic results in [11] showed
that, for stationary arrival and service processes under sufficient conditions, the probability that the queue size Q exceeds
a certain threshold B decays exponentially fast as the threshold
B increases, i.e.,
Pr{Q > B} ≈ e

−θB

, for a large B

(10)

where θ is a certain positive constant called “QoS exponent” [9]. For a small B, the following approximation is shown
to be more accurate [9, eq. (9)]:
Pr{Q > B} ≈ εe−θB

(11)

where ε denotes the probability that the buffer is not empty,
which can be approximated by the ratio of the average arrivalrate to the average service-rate [11, eq. (9.184)]. Furthermore,
when delay-bound is the main QoS metric of interest (i.e.,
when the focus is on delay-bound violation probability), an
expression similar to Eq. (11) can be obtained as
Pr{Delay > τmax } ≈ εe−θδτmax

(12)

where τmax denotes the delay-bound, and δ is jointly determined by both arrival and service processes, which will be
detailed below.
From Eqs. (10)–(12) we can see that the parameter θ plays
an important role for the statistical QoS guarantees, which
indicates the decaying-rate of the QoS violation probability. A
smaller θ corresponds to a slower delaying-rate, which implies
that the system can only provide a looser QoS requirement,
while a larger θ leads to a faster delaying-rate, which means
a more stringent QoS requirement can be guaranteed. Consequently, θ is called QoS exponent [9].
B. Effective Capacity and Cross-Layer Designs
Inspired by the effective bandwidth theory, Wu and Negi
in [9] developed the concept of effective capacity, which
is a dual problem of the original effective bandwidth. The
effective capacity function, denoted by EC (θ), characterizes
the attainable service-rate as a function of the QoS exponent
θ. Specifically, in [9] the effective capacity EC (θ) is defined as
the constant arrival-rate that the channel can support in order
to guarantee a QoS requirement specified by θ.
Although the original concept of effective capacity is proposed based on constant-arrival assumption, it actually can
be generalized to investigate the QoS performance of any
stationary arrival process. Under such a condition, the arrival
process should be represented by its effective bandwidth while
the service process should be characterized by its effective
capacity, respectively. Note that for a constant arrival-process,
the corresponding effective-bandwidth is equal to its constant
arrival-rate. Thus, the problem discussed in [9] can be considered as the special case of our more general scenario addressed
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in this paper, where both arrival and service processes are
time-varying. To help demonstrate the principles and identify
the relationships between effective bandwidth and effective
capacity, let us consider the case as illustrated in Fig. 2.
For any given arrival process and service process, we
depict their effective-bandwidth function, denoted by EB (θ),
and effective-capacity function, denoted by EC (θ), in Fig. 2,
respectively. Let us define two limiting values as follows:

μA  limθ→0 EB (θ)
(13)
μC  limθ→0 EC (θ).
The effective bandwidth theory demonstrates that μA is equal
to the average arrival-rate of the traffic process [12], [15].
Also, we will show in the next section that μC is equal to the
average service-rate of the service process. Therefore, using
the approximation in [11, eq. (9.184)], the buffer non-empty
probability ε in Eqs. (11) and (12) can be expressed as
μA
.
(14)
ε≈
μC
The effective-bandwidth function EB (θ) intersects with the
effective-capacity function EC (θ) at the point where the QoSexponent is θ∗ and the rate is δ.
In general, the delay-bound violation probability can be
calculated in the following algorithm:
Algorithm 1: Calculation of the delay-bound violation
probability:
Step 1: According to the statistical characteristics of the
arrival and service processes, find the effectivebandwidth function EB (θ) and effective-capacity
function EC (θ). Determine the solution of the rate
and QoS-exponent pair (δ, θ∗ ) such that EB (θ∗ ) =
EC (θ∗ ) = δ.
Step 2: Approximate the buffer non-empty probability ε by
using Eq. (14).
Step 3: For any pre-determined delay-bound τmax and (δ, θ∗ )
obtained in Step 2, the delay-bound violation probability can be derived using Eqs. (12) and (14) as
follows:
Pr{Delay > τmax } ≈ εe−θ

∗

δτmax

.

(15)

From Fig. 2 we can gain insights about how the statistical
QoS performance changes according to the service and arrival
processes. As shown by Fig. 2, increasing the service-process
bandwidth (as shown by the arrow at the lower position)
results in higher effective capacity, which will lead to a
larger QoS-exponent solution θ∗ . This implies that the higher
bandwidth service-process can support a more stringent QoS
for a given arrival process. On the other hand, increasing
the arrival-process bandwidth (as shown by the arrow at the
upper position) makes the effective bandwidth increase, which
generates a smaller QoS-exponent solution θ∗ for a given
service process. This implies that only a looser QoS can be
guaranteed. When the bandwidth of the arrival process further
increases such that μA > μC , there is no solution for θ∗ > 0
existing. Thus, the service process cannot support any QoS for
the given arrival process, which is consistent with the queueing
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Fig. 2. The relationships between effective bandwidth and effective capacity
as a function of the QoS exponent θ.

theory that if μA > μC , both queue length and the queueing
delay will approach to infinity.
Inspired by the above analyses and observations, we propose to use the effective capacity as a bridge for the crosslayer modeling. The characterizations of the QoS performance
guarantees are equivalent to investigating the dynamics of
the effective capacity function, which turns out to be a
simple and efficient cross-layer modeling approach. In [9], the
authors employed an experimental-based method to measure
the effective capacity. In fact, it is feasible to formulate the
effective capacity problem in a more systematic manner. In
the next section, we analytically investigate the effective capacity function for our FSMC-based wireless-channel service
process.
IV. E FFECTIVE C APACITY FOR FSMC-BASED
W IRELESS -C HANNEL S ERVICE P ROCESS
Analytically, the effective capacity can be formally defined
as follows. Let the sequence {R[i], i = 1, 2, ...} denote a
discrete-time stationary
and ergodic stochastic service process
t
R[i]
be the partial sum of the service
and S[t] 
i=1
process. Assume that the Gärtner-Ellis
of S[t], expressed
  limit
exists and is a
as ΛC (θ) = limt→∞ (1/t) log E eθS[t]
convex function differentiable for all real θ [12, pp. 921].
Then, the effective capacity of the service process, denoted
by EC (θ), where θ > 0, is defined as [9, eq. (12)]


1
ΛC (−θ)
= − lim
log E e−θS[t] . (16)
EC (θ)  −
t→∞ θt
θ
Based on our physical-layer FSMC model developed in
Section II-C, we have the following proposition:
Proposition 1: Let {μk , k = 1, 2, ..., K} be the number of bits per frame transmitted at the state k of
the 
FSMC-based service process
and define Φ(θ) 

diag e−μ1 θ , e−μ2 θ , ..., e−μK θ . Then, the effective capacity
of the FSMC-based service process is determined by




1
EC (θ) = − log ρ P Φ(θ)
(17)
θ

where P is the transition probability matrix determined by
Eqs. (7) and (8), and ρ{·} denotes the spectral radius of the
matrix.
Proof: This result follows along the lines of [12, Example 3.3]; see [16, Appendix II] for the details.
Based on our system model in Section II, the transmission
rate μk can be expressed as
k Tf W, for all k = 1, 2, ..., K
μk = R

(18)

k is
where W denotes the system spectral-bandwidth, and R
derived in Eq. (6) which takes the ARQ into consideration.
We can characterize the monotonic and asymptotic properties of the effective-capacity function by Proposition 2 that
follows below.
Proposition 2: Let μ and μmin be the average and minimum
number of bits per frame transmitted by the FSMC-based
service process, respectively. Then, the following claims hold
for the effective-capacity function EC (θ) of the FSMC-based
service process:
Claim 1.

dEC (θ)
≤ 0, for all θ > 0.
dθ

(19)

Claim 2.

sup EC (θ) = lim EC (θ) = μ.

(20)

inf EC (θ) = lim EC (θ) = μmin .

(21)

θ>0

Claim 3.

θ>0

θ→0

θ→∞

Proof: This result follows along the lines of [11], [15];
see [16, Appendix III] for the details.
A. Numerical Evaluations
We evaluate the effective capacity by numerical solutions
under different physical-layer diversity schemes and parameters, where we set the total system spectral-bandwidth W =
100 KHz, the upper-layer packet-size Np = 1080 bits, and
the data-link-layer frame time-duration Tf = 2 ms. Unless
explicitly stated on the legend of the figures, the other system
parameters are set as follows: the fading parameter m = 1,
indicating the Rayleigh fading channel, the average SNR
γ = 10 dB, the Doppler frequency fd = 5 Hz, and the average
packet-error rate PER = 10−3 . To ease comparison with the
spectral-efficiency, in the following discussions we plot the
normalized effective capacity (which is defined as the effective
capacity divided by the spectral-bandwidth W and the frame
duration Tf , and thus has the unit of “bits/sec/Hz”).
Fig. 3 plots the effective capacity against the QoS exponent
θ under different spatial diversity schemes. As shown in
Fig. 3, the physical-layer antenna infrastructures have significant impact on the effective capacity. The effective capacities
of MIMO (i.e., Tx-2/Rx-2) or multiple-input-single-output
(MISO, i.e., Tx-2/Rx-1) systems are significantly larger than
those of the SISO systems. Also, different diversity schemes
can achieve different effective capacities, depending on how
much of the CSI information is utilized.
An interesting observation is that when the QoS exponent
θ is small, the effective capacity of some MIMO systems
(e.g., STBC/SC) is lower than that of the MISO systems (e.g.,
MRT/MRC), which is because STBC/SC does not efficiently

Effective Capacity E c( ) /Tf / W (bit/sec/Hz)
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Fig. 3. The normalized effective capacity as a function of the QoS exponent
θ under different spatial diversity schemes.

Effective-Capacity Gain with
Respect to SISO System

16
12
8
Average Spectral-Efficiency Gain

4

1
10
8

2

10

6

0

10

4
2
Number of Transmit Antennas (Tx)

-2

10

QoS Exponent

(1/Kbits )

Fig. 4.
The effective-capacity gain with respect to the SISO system.
MRT/MRC (Rx-1) is employed to fully utilize the CSI. The average SNR
γ = 5 dB.

utilize the CSI while MRT/MRC fully utilizes the CSI. However, this situation changes as the QoS exponent θ increases.
As shown in Fig. 3, for a large θ, the effective capacities of all
MIMO systems are larger than those of the MISO systems.
This implies that even under the condition that the MIMO
system has lower spectral-efficiency than the MISO system, it
offers more significant advantages in supporting the stringent
QoS requirement.
To further investigate the impact of antenna diversity on
the effective capacity, Fig. 4 plots the effective-capacity gain
(defined as the ratio of the effective-capacity with antennadiversity-based systems to that with SISO-based systems)
against the number of transmit antenna Nt and the QoS exponent θ, where we employ MRT/MRC (Rx-1) to fully utilize the
CSI. Notice from Proposition 2 that as the QoS-exponent θ approaches to 0, the effective-capacity converges to the average
service-rate. Furthermore, the average spectral-efficiency is
the average service-rate normalized by the spectral-bandwidth
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W . Therefore, the boldface line highlighted in Fig. 4 is actually the average spectral-efficiency gain achieved by antenna
diversity. We observe from Fig. 4 that the effective-capacity
gain with large θ is significantly higher than the average
spectral-efficiency gain (indicated by the boldface line in
Fig. 4 as θ → 0). Thus, Fig. 4 implies that the superiority/gain
of employing antenna diversity in terms of QoS-guarantees
is even more significant than that in terms of the spectralefficiency.
Fig. 5(a) plots the effective capacity of SISO system against
the QoS exponent θ with different channel distributions. From
Fig. 5(a), we can observe that as the fading parameter m increases (the channel quality gets better), the effective capacity
increases correspondingly, which is expected since the stabler
channel can support a more stringent QoS. Fig. 5(b) plots
the effective capacity against the QoS exponent θ when the
SNR varies. As shown in Fig. 5(b), increasing the SNR of the
wireless channel, or equivalently, increasing the transmission
power, can improve the effective capacity. When the SNR γ =
20 dB, we can see from Fig. 5(b) that the effective capacity
gets saturated at spectral-efficiency of 4.5 bits/sec/Hz, which is
because 4.5 bits/sec/Hz is the highest spectral-efficiency that
can be obtained by the underlying AMC scheme. Fig. 5(c)
depicts the effective capacity versus the QoS exponent θ with
different reliability-QoS requirements of PER’s, where the
more stringent reliability-QoS results in the lower effective
capacity. In summary, from Fig. 5 we can observe that the
physical-layer variations have significant impact on the effective capacity, and thus on the QoS provisioning performance
of wireless networks at higher-protocol-layers.
It is well known that there exists a diversity-multiplexing
tradeoff over fading channels [17], where high diversity is
achieved at the expense of losing throughput/rate, and vice
versa. Being consistent with the above fact, from Figs. 3
and 5 we also observe that there is a tradeoff between
throughput (effective capacity) and QoS (θ), where the channel
can support lower rate as QoS becomes more stringent. This
observation can be considered as a cross-layer assessment for
the impact of the diversity-multiplexing tradeoff on QoS at the
network layer in terms of queuing delay. From the information
theoretic point-of-view, for the fast fading channel, we can
adapt the rate and apply ergodic capacity, which essentially
assumes an infinite buffer model. On the other hand, for slow
fading channel, we cannot adapt the rate and need to apply the
outage capacity, which assumes a zero buffer model. In fact,
increasing the diversity makes the output process/rate more
deterministic, which in turn requires less buffering, implying
the more stringent QoS. This also agrees, from a different
angle, with our observation that the channel can only support
lower throughput when the delay constraint QoS is more
stringent, which is shown in Figs. 3 and 5.
V. I MPACT OF P OWER C ONTROL AND F EEDBACK D ELAY
ON THE E FFECTIVE C APACITY
A. The Impact of Power Control on the Effective Capacity
In previous sections, we employ the AMC scheme which
uses constant power. However, it is well known that the
optimal power-control, i.e., water-filling-based scheme, can
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achieve higher spectral-efficiency than the constant-power
schemes. A natural question to ask is whether the water-fillingbased power-control is still optimal when we include QoSguarantees? We will show via our effective capacity analysis
that this is not true.
In [3, eq. (5)], the authors provided the time-domain
water-filling power-control strategy for un-coded adaptive
QAM modulation. We integrate the approach in [3] with our
adaptive-modulation-based FSMC and analytically derive the
corresponding effective capacity, which is numerically plotted
against θ as shown in Fig. 6. We employ un-coded adaptive
modulation instead of coded scheme used in previous sections
because the un-coded scheme is analytically convenient for
water-filling-based power-control. We can see from Fig. 6
that the effective-capacity of the scheme with optimal powercontrol is larger than that of the constant-power scheme when
the QoS-exponent θ is small, which is due to the fact that
the water-filling scheme always has better average spectralefficiency than the constant-power scheme. However, as θ
increases, the effective-capacity of the scheme with optimal
power-control is lower than the constant-power scheme. This
implies that the optimal power-control that maximizes the
spectral-efficiency is not necessarily optimal for QoS guarantees. The reason behind this counter-intuitive observation
is because the water-filling scheme increases the variation
(instability) of the service-rate, which is undesired in terms
of QoS-guarantees.

where Iν (·) denotes the modified Bessel function of the first
kind with order ν and ρ represents the correlation coefficient
between γ
 and γ, which is given by ρ = J02 (2πfd τ ) [19]
with J0 (·) denoting the zero-th-order Bessel function of the
first kind.
In order to guarantee the reliability QoS requirement, the
system needs to maintain the same PER or bit-error-rate
(BER) as the case without feedback delay. As a result, the
boundary points for the AMC should be re-calculated. In [3],
the authors analyzed the impact of CSI feedback delay on
BER performance for the adaptive modulation. In [18], we
also investigated the feedback delay issue for SC/MRC scheme
from BER perspective. Using the similar approach to [3]
and [18], we derive analytical expressions for the effective
capacity when considering CSI feedback delays, where the
normalized effective capacity of the AMC-based SISO system
is numerically plotted as a function of θ and fd τ in Fig. 7.
We can observe from Fig. 7 that as long as the normalized
feedback delay, measured by fd τ , is within certain threshold (e.g., fd τ ≤ 10−2 ), the effective capacity is virtually
unchanged with fd τ . When the normalized feedback delay
further increases, the effective capacity decreases accordingly.
Note that in our system model, we have Tf ×fd = 10−2 . Thus,
over the Rayleigh fading channel with Doppler frequency
of fd = 5 Hz, our system can tolerant CSI feedbackdelay with approximately one frame’s time-duration while still
maintaining virtually the same statistical QoS performance.

B. The Impact of Feedback Delay on the Effective Capacity

VI. C ONCLUSIONS

In previous sections, we assume that the CSI is reliably fed
back to the transmitter without error and delay. However, in
practical wireless networks, this assumption does not hold. In
particular, the CSI feedback delay is un-avoidable in most of
the situations.
Denote the feedback delay by τ . After the delay τ , the
original SNR γ changes to a new value denoted by γ
. Given
γ, the pdf of γ
 can be expressed as
    m−1
2
m
γ

1
γ |γ) =
pΓ|Γ (
(1 − ρ) γ
ργ

 


γ
m(ργ + γ
)
2m ργ
(22)
· exp −
Im−1
(1 − ρ)γ
(1 − ρ)γ

We proposed the cross-layer design approach to study
the interactions between physical-layer AMC and MIMOdiversity and higher-protocol-layer on the statistical QoS
performance of the mobile wireless networks. We identified
the critical relationships between effective bandwidth and
effective capacity. Our numerical results showed that the
AMC and MIMO-diversity employed at physical-layer have
significant impact on the statistical QoS performance at upperprotocol-layers. The proposed cross-layer modeling accurately
characterize the influence of physical-layer infrastructure on
statistical QoS performance at higher-protocol layers.
While in this paper, we only investigate the single user QoS
provisioning, our developed cross-layer modeling technique
can be readily extended to the scenarios with multiple users
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sharing the wireless media in, e.g., dynamic TDMA-based
wireless networks. More importantly, our developed crosslayer modeling technique also offers a practical and effective
approach to develop highly-efficient admission-control, packet
scheduling, and adaptive resource-allocation schemes to guarantee the QoS for real-time multimedia traffics over mobile
wireless networks.
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