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Abstract—Link adaptation allows a communication system to
adapt its transmission modes according to channel conditions.
Although a maximum likelihood (ML) receiver for multiple-input
multiple-output (MIMO) systems provides optimal performance,
estimating its link performance has been a difficult problem.
In this paper, we propose a new link performance abstraction
technique for MIMO orthogonal frequency-division multiplexing
systems with the ML receiver. The performance of ML detection
(MLD) is estimated by employing capacity bounds of two simple
linear receivers. Then, we give a simple parametrization to compute the desired per-stream signal-to-noise ratio (SNR) values,
which can be applied for both vertically and horizontally coded
MIMO systems. Based on the derived per-stream SNR estimates,
the block error rate is obtained using the received-bit information
rate metrics. We also examine the effect of imperfect channel
estimation as well as spatial correlations among antennas. Finally,
extensive simulation results show that the proposed method
provides superior estimation accuracy in the MIMO-MLD link
evaluation with very low computational complexity.
Index Terms—Link adaptation, PHY abstraction, MIMOOFDM, maximum-likelihood receiver.

I. I NTRODUCTION
EXT generation wireless cellular systems are expected to
support high-speed packet data services, providing users
with rapid access to high quality multimedia applications. To
satisfy this growing demand, multiple-input multiple-output
(MIMO) technologies have been extensively studied to improve spectral efficiency, which provides a linear growth of
capacity with the number of antennas without increasing bandwidth or transmit powers [1][2]. Besides, reliable wideband
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transmission becomes feasible over frequency selective fading
channels by adopting orthogonal frequency-division multiplexing (OFDM) modulation techniques which do not require
complicated equalizers [3]. Combined with bit-interleaved
coded modulation (BICM) [4], the MIMO-OFDM system
promises extremely high spectral efficiency as well as good
diversity gains for high-speed broadband applications [5]–[7],
and thus has been adopted in emerging fourth generation (4G)
cellular standards such as 3GPP long term evolution (LTE)advanced [8] and IEEE 802.16m WiMAX [9].
In order to approach the theoretical capacity limit of MIMOOFDM systems, the use of link adaptation techniques [10]–
[13] is indispensable. Among various link adaptation strategies, adaptive modulation and coding (AMC) is a physical
layer (PHY) technique for coded OFDM transmission, which
decides adequate modulation levels and/or channel code rates
according to the current channel state [14]. To choose proper
modulation and coding sets (MCSs), it is necessary to estimate
the link performance of each packet transmission accurately.
To this end, theoretical studies on the analysis of the error
performance have been carried out for a variety of MIMO
systems including diversity techniques [15]–[17] and spacetime codes [18][19], and also for bit-interleaved coded OFDM
systems [14][20].
On the other hand, estimating the link performance plays
also an important role as an interface between link level
and system level simulations in ensuring simple and accurate
performance evaluation of wireless communication systems.
This link-to-system interface is often referred to as a PHY
abstraction model and is based on an effective signal-to-noise
ratio (SNR) mapping (ESM) concept, which is a compression
of many measured SNR values to a single effective one [21].
A number of ESM methods have been introduced in order to
provide a more effective way of predicting the link quality
of coded OFDM systems in single-input single-output (SISO)
cases [21]–[23].
Since maximum likelihood detection (MLD) provides the
optimum MIMO detection performance, the MLD or nearML detectors have widely been considered to be adopted as
a powerful receiver algorithm. However, it is well recognized
that accurate link estimation becomes challenging for MIMO
systems when an ML detector is applied. Although a couple of
extensions of existing ESM methods to the MIMO-MLD have
been introduced [24][25], they require high computational
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complexity or do not provide reasonable estimation accuracy.
In [26], a new approach of the PHY abstraction for the
MIMO-MLD was proposed for horizontal encoding structures,
where each transmit antenna is connected to separate channel
encoders. The same idea was applied to the vertical encoding
case [27], where all data streams are simultaneously encoded
by a single channel encoder.
In this paper, by extending the general SISO ESM approach,
we propose an improved link error prediction technique for
MIMO-OFDM systems with ML receiver. First, utilizing
capacity upper and lower bounds, we develop a simple yet
accurate streamwise SNR representation process for both
vertical and horizontal encoding MIMO-MLD systems. After
obtaining the SNR estimates per each stream, the corresponding block error rate (BLER) performance is found for each
encoding block through the SISO ESM using the receivedbit information rate (RBIR) metrics [23]. From a practical
viewpoint, we also examine the system with imperfect channel
estimation as well as spatial correlations among transmit and
receive antennas, and study their effects on the accuracy of
our PHY abstraction. From simulation results, we confirm
that the proposed method is quite accurate in the MIMOMLD link performance evaluation while preserving very low
computational complexity. Moreover, we also show that by
applying the AMC based on the proposed link estimation
method, we can achieve high throughput performance which
is very close to the optimum in the MIMO-MLD systems.
The remainder of this paper is organized as follows: In
Section II, we describe the system model for MIMO-OFDM
with AMC. Section III reviews the ESM link abstraction
models and in Section IV, we explain the proposed link error
prediction technique for the MIMO-MLD. Section V addresses
the impact of the imperfect channel estimation and the spatial
correlation. Section VI verifies the accuracy of the proposed
method from extensive simulation results, and we finish the
paper with conclusions in Section VII.
Throughout this paper, we use the following notations.
Boldface upper-case letters and boldface lower-case letters
indicate matrices and column vectors, respectively. Also, (·)T ,
(·)H , ⊗ and Tr(·) are denoted as transpose, Hermitian transpose, Kronecker product and trace, respectively. The notation
[A]kk represents the k-th diagonal entry of a matrix A, and
vec(A) stacks the columns of A into a column vector. An
N × N identity matrix is defined by IN and the expectation
operation is given as E[·].
II. S YSTEM M ODEL
We consider MIMO-OFDM systems with AMC which
employs Nc subcarriers and Nt transmit and Nr receive
antennas. In each time slot, a receiver chooses a proper MCS
for each encoding block according to the current channel
condition and feeds back the indices to the AMC controller
at the transmitter. The MCS level determines the quadrature
amplitude modulation (QAM) size and the channel code
rate. At the transmitter, based on the BICM structure, the
information bits are encoded either vertically or horizontally,
bit-wise interleaved and mapped to symbol constellations after
the serial-to-parallel conversion. Following the bits-to-symbol
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mapping, data symbols are modulated by the Nc -size inverse
fast Fourier transform (FFT).
Assuming proper cyclic prefix (CP), the Nr -dimensional
complex baseband received signal vector at the k-th subcarrier
after the FFT demodulation is given by
yk = Hk xk + nk

for k = 1, · · · , Nc

(1)

N ×1

where xk = [xk,1 · · · xk,Nt ] ∈ C t
is the transmitted
N ×1
symbol vector, nk ∈ C r denotes the additive white Gaussian noise (AWGN) vector with zero mean and covariance
N ×N
matrix σn2 INr , and Hk = [h1 · · · hNt ] ∈ C r t equals the
Rayleigh fading MIMO channel matrix whose entries have
an independent and identically distributed (i.i.d.) complex
Gaussian distribution with CN (0, 1). In the absence of the
channel state information (CSI) at the transmitter, the symbol
P
vector xk satisfies E[xk xH
k ] = Nt INt with uniform power
allocation across the transmit antennas, where P is the total
transmit power. For simplicity, we assume an ideal channel
estimator such that all subchannel matrices H1 , · · · , HNc are
perfectly known at the receiver. Later in Section V, a practical
system model which includes imperfect channel estimation
and spatial correlation will be considered.
III. R EVIEW OF E FFECTIVE SNR M APPING M ODELS
In this section, we review the principle of the physical layer
link performance abstraction by focusing on existing ESM
methods. First, we start with the single antenna case and then
explain the MIMO case with MLD, which is the main scope
of this work.
A. Single-input single-output case
For SISO OFDM systems, most ESM methods calculate
the effective SNR, denoted by γ̂, in the frequency domain
according to a mapping function F as


Nc
1 
−1
F (γk )
(2)
γ̂ = F
Nc
k=1

where γk is the received SNR of the k-th subcarrier deter2
k|
. Here, hk represents the SISO channel
mined as γk = P |h
2
σn
gain of the k-th subcarrier. Once γ̂ is computed from (2),
the BLER of the link is mapped from γ̂ by looking up the
AWGN reference curves which is generated in advance and
stored as a table for each MCS. Simply, by setting F
(x) = x,
Nc
we may choose γ̂ as the sample mean γ̂ = N1c k=1
γk .
However, this linear estimation cannot explain the effect of
forward error correction (FEC) codes, and it cannot capture
different diversity gains coming from deviations of multipath
channel delay profiles, which results in poor accuracy.
In order to accurately model the link performance, exponential ESM (EESM) has been proposed using the Chernoff
bound of the coded symbol error rate performance [21], which
computes γ̂ in (2) with the exponential function F (x) =
exp(− βx ), where β is a predetermined system parameter.
Another approach for the ESM is to define the mapping
F based on the mutual information function such as the
RBIR [23] and the mean mutual information per bit (MMIB)
[22][24]. For SISO systems, these mutual information based
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ESM methods are shown to have pretty good accuracy because
the optimization of system parameters is not required. Also
they are suitable for hybrid automatic repeat request (ARQ)
schemes [23]. Recently, in order to simplify the mapping
procedure further, a generalized-type ESM method based on
a notion of bit-wise SNR has also been proposed [28].
B. MIMO case with ML receiver
For MIMO spatial multiplexing systems which adopt a
linear receiver or a successive interference cancellation (SIC)
type receiver, the post-processing SNR of each of Nt multiplexed streams can be easily obtained [29]. Thus, the link
adaptation in this case is simply Nt repetitions of the SISO
ESM of (2), and any well-designed SISO strategy mentioned
in the previous subsection can be directly applied.
In contrast, it becomes challenging with MIMO-MLD because the link quality of each individual data stream is difficult
to estimate due to non-linear joint detection process. Although
the MMIB method was applied for the MIMO-MLD, quite
complicated operations are required for optimizing its system
parameters [24] and it does not work well with horizontal
encoding. Moreover, the RBIR procedure suggested in [25] is
found to be invalid for the MIMO-MLD even for the simplest
case of Nt = Nr = 2 [30]. Therefore, there is a need for an
improved PHY abstraction model which accurately estimates
the MLD link performance for both vertical and horizontal
encoding structures.
IV. P ROPOSED PHY A BSTRACTION M ODEL FOR
MIMO-MLD
In this section, motivated by previous discussions, we
propose a new PHY abstraction technique which provides
accurate link level performance of the MIMO ML receiver.
Moreover, we investigate a unified approach which can be
applied for both vertical and horizontal encoding systems with
an arbitrary number of antennas.
Our ultimate goal is to obtain a single or multiple estimates
on the link level performance, i.e., the effective SNR and
the corresponding BLER, depending on the employed channel
code. To achieve this goal, the proposed scheme carries out
the following three steps.
1) Per-stream SNR representation (PSSR): At each subcarrier, per-stream SNR values of the MLD are estimated
based on the ratio of upper and lower bounds of the
MLD capacity.
2) Effective SNR mapping based on RBIR: From the
estimated Nt Nc SNR values in step 1), a single or Nt
effective SNRs are obtained using the RBIR mapping
model for vertical or horizontal encoding, respectively.
3) BLER mapping: Finally, the BLER estimate for each
encoding block is one-to-one mapped from the effective
SNR by the look-up table of AWGN reference curves.
The key building block of the proposed scheme is the first
step, i.e., the PSSR process. For this step, we propose a simple
and effective parametrization which offers both low computational complexity and easy off-line search process. We start
with defining the two bounds of the MIMO-MLD capacity. For
now, we drop the subcarrier index k for notational simplicity.

A. Proposed PSSR techniques
The purpose of the PSSR method is to estimate the postML
,
detection SNR values of the MLD, denoted by γ1ML , · · · , γN
t
for a given channel matrix H. First, we define the information
rate of the n-th data stream from the SNRs as CnML  log2 (1+
γnML ). Then, the artificial capacity of the MIMO-MLD can be
written as
Nt
Nt


CML =
CnML =
log2 (1 + γnML ).
(3)
n=1

n=1

Here, CML means the maximum achievable rate when the
MLD is employed at the receiver, which must be distinguished

from the MIMO open-loop capacity Copen = log2 det INr +
ρHHH where ρ = NtPσ2 [1]. We simply conjecture that
n
CML ≤ Copen .
t
Because the true values of {γnML}N
n=1 are unknown, we
t
adopt two simple bounds for (3) to estimate {γnML}N
n=1 . First,
an upper bound of CML is derived by assuming that interference among data symbols is perfectly removed at the receiver,
which is called as perfect interference cancellation (PIC).
Also, as a lower bound, the linear minimum mean-square
error (MMSE) receiver GMMSE = (HH H + ρ−1 INt )−1 HH
is considered. The received SNR of the PIC and the signalto-interference-plus-noise ratio (SINR) of the MMSE receiver
for the n-th stream are given, respectively, as
γnPIC = ρhn 2

(4)
1

γnMMSE = 
−1
INt + ρHH H

− 1.

(5)

nn

Then, the corresponding instantaneous capacities CPIC and
CMMSE are expressed by
CPIC =
CMMSE =

Nt

n=1
Nt

n=1

CnPIC =

Nt


log2 (1 + γnPIC )

n=1
Nt


CnMMSE =

log2 (1 + γnMMSE ).

n=1

From these bounds, it follows that γnML is bounded as
MMSE
γn
≤ γnML ≤ γnPIC , which leads to the same relationship
among the capacities as CMMSE ≤ CML ≤ CPIC . On the other
hand, we can easily prove that CMMSE ≤ Copen ≤ CPIC , which
is shown in Appendix A. As a consequence, we have
CMMSE ≤ CML ≤ Copen ≤ CPIC

(6)

where the equalities hold if all columns of H are orthogonal.
Note that for a given channel H, CMMSE , Copen and CPIC
are known values, while CML is unknown. From now on,
we will explain how to determine the SNR values for MLD
ML
by utilizing the relation (6) for both vertical
γ1ML , · · · , γN
t
and horizontal encoding systems.
B. Vertical encoding case
First, we introduce two parameters α and β to denote the
ratios of the capacity gaps from (6), respectively, as
Copen − CMMSE
α =
, 0≤α≤1
(7)
CPIC − CMMSE
CML − CMMSE
, 0≤β≤1
(8)
β =
Copen − CMMSE
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TABLE I
T HE OPTIMAL VALUES OF β FOR DIFFERENT MCS LEVELS
Code rate
Modulation level
4-QAM
16-QAM
64-QAM

1/2

2/3

3/4

5/6

7/8

0.6
0.4
0.2

0.8
0.6
0.4

0.9
0.7
0.5

1.0
0.8
0.6

1.0
0.8
0.6

C. Horizontal encoding case

where the ranges of α and β are obtained from Copen ≤ CPIC
and CML ≤ Copen . In order to formulate an expression of γnML ,
we also define ωn as the ratio of the capacity gaps for the n-th
data stream as
ωn =

CnML − CnMMSE
,
CnPIC − CnMMSE

for n = 1, · · · , Nt .

(9)

Naturally, ωn may be different for all Nt individual streams.
However, these different values of ω1 , · · · , ωNt cannot be
quantitatively evaluated since CnML is unknown.
Accordingly, to simplify the derivation, we assume that all
substreams have the same ratio of (9) for any H as
ωn =

CML − CMMSE
= α · β,
CPIC − CMMSE

for n = 1, · · · , Nt .

(10)

For vertical encoding systems where a single MCS is employed across streams, this approximation is true in an average
sense over all channel realizations1 . Moreover, simulations
show that ω1 , · · · , ωNt are not very distinct, even if H is
ill-conditioned.
Now, by rearranging (9) and (10), we have CnML =
αβ CnPIC + (1 − αβ)CnMMSE . Consequently, the SNR of the
n-th substream for the MIMO-MLD is finally represented as
αβ 
1−αβ

1 + γnMMSE
− 1.
γnML = 1 + γnPIC
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(11)

Note that in (11), γnPIC , γnMMSE and α are directly obtained from
(4), (5) and (7) as a function of H, respectively. Then, only β
needs to be optimized in advance via an off-line process. The
procedure of finding β is described in Appendix B.
In Table I, the optimal values of β over 15 different MCS
levels are listed. The link level simulation environments for
Table I are illustrated in Section VI. Here, we emphasize
advantages of our parametrization using a single system
parameter β. First, it turns out that β is independent of Nt
and Nr . That is, Table I is valid for any MIMO antenna
configurations. Second, we find that β is insensitive to the
channel power delay profile and depends on the employed
channel code. This is a very desirable feature for a good
PHY abstraction method as mentioned in Section III-A. These
will be verified from simulation results later. Furthermore, one
can notice from Table I that β monotonically increases with
the code rate and decreases with the modulation level. This
property ensures that by applying simple linear interpolation,
β for any other new MCS level can be readily found without
additional simulation efforts.
1 This is because all columns of H are statistically equivalent (i.i.d. random
vectors). However, this assumption may be broken if the modulation level in
each stream are not identical, which can occur in horizontal encoding systems.
The description for the horizontal encoding is provided in the next subsection.

For horizontally coded MIMO systems, different modulation levels can be allocated to each data stream unlike
the vertical encoding case. If different modulation levels are
applied in other substreams, the assumption ω1 = · · · = ωNt
of (10) is no longer valid, because the MLD performance
of each layer, represented by CnML in (9), is influenced by
different minimum Euclidean distances of the joint symbol
constellation. In this case, the accuracy in our predictions
ML
made in (11) may become reduced.
γ1ML , · · · , γN
t
For example, let us consider the Nt = 2 case where
4-QAM and 16-QAM are adopted for the first symbol x1
and the second symbol x2 , respectively, with equal power
E[|x1 |2 ] = E[|x2 |2 ] = ρσn2 . Then, compared to the case where
4-QAM is employed for both symbols, the detection accuracy
for x1 becomes less reliable, because the minimum Euclidean
distance of the joint constellation is decreased due to 16QAM constellation in the second stream. On the contrary,
compared to the case of 16-QAM signaling for both streams,
x2 experiences higher detection accuracy since 4-QAM signal
x1 improves the overall minimum distance.
In order to reflect these changes due to non-identical modulation levels, proper compensation should be made to each of
ω1 , · · · , ωNt . For this purpose, we adopt a tuning parameter
Δβn per each stream to properly adjust the value of β in (10).
By definition, α is not related to the MLD performance. By
replacing β with β + Δβn , we rewrite (10) as
ωn =

CnML − CnMMSE
= α (β + Δβn ) .
CnPIC − CnMMSE

Then, similar to the vertical encoding case in (11), we can
estimate the per-stream SNR of the MIMO-MLD γnML with
different modulation levels as
α(β+Δβn ) 
1−α(β+Δβn )

1 + γnMMSE
γnML = 1 + γnPIC
− 1.

(12)

If all modulation levels are identical, we have Δβ1 = · · · =
ΔβNt = 0 and (12) reduces to (11). Also, it is found that
the values of Δβn are independent of the code rate since
the detection performance is not affected by channel coding,
which was confirmed by simulations. As a result, the total
number of combinations for different modulation levels are
only 3, 7 and 12 for Nt = 2, 3 and 4, respectively, assuming
4, 16 and 64-QAM.
Table II lists the optimal values of Δβn found by simulations for Nt = 2 and 3. Note that Δβn is also easily
obtained off-line in the same way as β. Therefore, for both
the vertical and the horizontal encoding, the proposed PSSR
technique avoids prohibitive off-line search process such as
in the conventional ESM methods [24] and [25], where one
should search the optimal parameters for a variety of different
SNRs and channel condition numbers.
D. Effective SNR and BLER mapping based on RBIR
So far, we have investigated how to estimate the postt
processing SNR values {γnML}N
n=1 of MIMO-MLD for each
subcarrier from the proposed PSSR techniques. The next step
is to map those SNR estimates to the effective SNRs and
BLERs, as many as the number of FEC encoding blocks.
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TABLE II
T UNING PARAMETERS Δβn FOR NON - IDENTICAL MODULATION LEVELS WITH Nt = 2 AND 3
Nt = 2
Nt = 3

Modulation levels
(4, 16), (4, 64), (16, 64)
(4, 4, 16), (4, 4, 64), (4, 16, 16), (4, 16, 64),
(4, 64, 64), (16, 16, 64), (16, 64, 64)

t
{Δβn }N
n=1
(−0.3, 0.7), (−0.4, 1.2), (−0.2, 0.6)
(−0.3, −0.3, 0.6), (−0.3, −0.3, 1.5), (−0.6, 0.3, 0.3), (−0.8, 0.3, 1.2),
(−0.4, 0.8, 0.8), (−0.2, −0.2, 0.6), (−0.2, 0.4, 0.4)

Among existing ESM models, we adopt the RBIR approach
[23] since it is simple and has a couple of advantages as stated
in Section III-A2 .
For the horizontal encoding, the RBIR of each substream
can be represented by
Nc SI γ ML , m

k,n
k,n

 , for n = 1, · · · , Nt , (13)
log2 mk,n
k=1


where log2 mk,n denotes the number of bits allocated to the
k-th subcarrier at the n-th stream and SI(γ, m) is the symbol
mutual information (SI) with the modulation level m derived
as [23]

RBIRn =

m

SI(γ, m) =

1 
m j=1

l

fLLRj (γ) (l) log2

m
dl.
1 + e−l

(14)

Here, fLLRj (γ) represents the probability density function
of the symbol level log-likelihood ratio (LLR) of the jth constellation point with SNR equal to γ [23]. To avoid
repeated complex calculations, (14) is computed once for
a wide range of SNRs and saved in a lookup table after
scaling to [0, 1] [25, Table 25]. According to (13) and the
SNR-to-SI mapping table, RBIRn for each stream is obtained
ML Nc
}k=1 . Then, RBIRn is inversely mapped after
based on {γk,n
normalization by N1c to get the effective SNR γ̂n .
In the vertical encoding case, we only need a single effective
SNR estimate γ̂. This can be simply resolved by averaging Nt
RBIR values obtained from (13) over the spatial domain as
RBIR =

Nt
1 
RBIRn .
Nt n=1

(15)

Then, in the same way, RBIR is inversely mapped to the
effective SNR γ̂.
Finally, as the last step, the BLER of each encoding block
t
can be directly mapped from {γ̂n }N
n=1 for the horizontal
encoding and from γ̂ for the vertical encoding by looking up
the AWGN reference curves, i.e., the AWGN look-up table.
V. E FFECT OF C HANNEL M ISMATCH AND S PATIAL
C ORRELATION
In the previous sections, we have described a link error
prediction technique under the i.i.d. channel matrix Hk according to the model in Section II. However, it is important
to examine the behavior of our scheme in more realistic
channel models which include spatially correlated links and
the channel estimation error at the receiver. In this section,
we model these non-ideal channel conditions and discuss their
2 Note that other SISO ESM methods such as the EESM and the MMIB
can also be applied at this step in a similar way.

impact on the estimation accuracy of the proposed method.
Again we omit the subcarrier index k.
A general form of the spatial correlation for H is exH
pressed by the covariance matrix R = E[h h ] where
Nt Nr ×1
h = vec(H) ∈ C
. However, due to its complicated
nature, other simple structured representations for R have
been proposed as an alternative. One widely adopted model
is the Kronecker model, which assumes the separability in
correlation induced by the transmit and the receive antennas [31][32]. By employing this model, R is structured by
N ×N
R = Rt ⊗ Rr where Rt = E[HH H] ∈ C t t and
Nr ×Nr
H
Rr = E[HH ] ∈ C
refer to the covariance matrices
among the transmit and receive antennas. Then, the channel
matrix H can be decomposed as
1

1

H = Rr2 Hw Rt2

(16)

Nr ×Nt

consists of i.i.d. entries with CN (0, 1).
where Hw ∈ C
Next, we model the effect of imperfect channel estimation.
We assume that the receiver performs the MMSE estimation
for Hw in the presence of antenna correlations in (16) with
the perfect knowledge of Rt and Rr . Denoting the estimated
channel as H̃w , Hw can be represented by
Hw = H̃w + Ew

(17)

where Ew  Hw − H̃w denotes the estimation error matrix.
From well known properties of the MMSE estimator, entries
of Ew are i.i.d. zero mean complex Gaussian and uncorrelated
with H̃w . We define the variance of the entries of Ew as σe2 .
Then, the variance of the entries of H̃w is given by 1 − σe2
from the orthogonality principle. By inserting (17) into (16),
the actual channel in the presence of channel mismatch and
spatial correlation becomes
1
 1
(18)
H = Rr2 H̃w + Ew Rt2  H̃ + E
where H̃ and E 1indicate1 the total estimated channel H̃ =
[h̃1 · · · h̃Nt ] = Rr2 H̃w Rt2 and the total estimation error E =
1
1
Rr2 Ew Rt2 , respectively.
By substituting (18), the system model in (1) is written as


y = H̃ + E x + n = H̃x + w
(19)
where w  Ex + n is the effective noise vector which is also
zero mean Gaussian due to linearity. While the covariance
matrix of w, defined as Qw = E[wwH ], is calculated as
 1
1
1
1
H
2
Qw = Rr2 EEw ,x Ew Rt2 xxH Rt2 EH
w Rr + En [nn ]
1
 1

= σe2 Rr2 Tr Rt Ex [xxH ]INr Rr2 + σn2 INr
(20)
= P σe2 Rr + σn2 INr

(21)

EEw [Ew AEH
w]

where (20) comes from the fact that
=
σe2 Tr(A)INr for any deterministic A. As a result, our new
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3 This may not look intuitive because in general, channel estimation errors
degrade the system performance. However, regardless of whether the receiver
performance is degraded or not, the proposed scheme is able to maintain the
estimation accuracy.

10

Fig. 1. Link prediction accuracy for 4 × 4 vertical and horizontal encoding
systems with identical MCSs.
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VI. S IMULATION R ESULTS
In this section, we provide the link level simulation results
to demonstrate the BLER estimation accuracy of the proposed
link error prediction technique for the MIMO-MLD. We consider an OFDM system with Nc = 64 and the CP length of 16
samples. Also, an encoding block is set to one OFDM symbol,
and thus the block length becomes Nc for horizontal encoding
and Nt Nc for vertical encoding. We assume block Rayleigh
fading channels with a 5-tap exponentially decaying delay
profile, if not specified otherwise. For the channel code, the
rate-compatible punctured convolutional (RCPC) code with
polynomials (133, 171) in octal is employed [33].
In Figures 1 and 2, we compare the BLER estimates from
the proposed scheme (circle) with the AWGN reference curves
(solid line) for both vertical and horizontal encoding systems
with the identical MCS across the streams. For each MCS,
20 independent spatially uncorrelated channel realizations are
simulated assuming ideal channel estimation and each channel
is averaged over 3, 000 noise samples. Also, we utilize Table
I for the optimal values of the parameter b. Figure 1 shows
the fitting results for 4 × 4 MIMO systems over 4-QAM
modulation with the code rate r = 1/2 and 7/8. We emphasize
that for both the vertical and the horizontal encoding, almost

0
5
eff. SNR [dB]

(b) horizontal encoding

BLER

Similarly, the MIMO open-loop capacity for (19) is computed

H
by C̃open = log2 det INr + ρσn2 H̃Q−1
. Then, we can
w H̃
obtain the SNR estimates of the MIMO-MLD in the same
manner from (11) or (12). We will show in the simulation
section that the proposed scheme provides acceptable accuracy
even in the presence of the spatial correlation and channel
estimation errors.
As a special case, if the channel is uncorrelated (H = Hw ),
the covariance matrix (21) reduces to Qw = (P σe2 + σn2 )INr ,
which suggests that w is preserved to be white with the scaled
variance. Consequently, under a Gaussian approximation of
w, (19) becomes equivalent to the ideal model of (1) with
2
(1−σe2 )σn
the scaled SNR ρ̃ = P σ2 +σ
2 ρ. This fact indicates that
e
n
with no spatial correlation, the channel estimation error does
not influence the estimation accuracy of the proposed PHY
abstraction method3. This feature will also be confirmed in
the next section.

BLER

γ̃nPIC = ρσn2 Qw 2 h̃n 2
1
γ̃nMMSE = 
−1
H
2
INt + ρσn H̃ Q−1
w H̃

0

10

BLER

model (19) includes a doubly correlated MIMO channel H̃ as
well as the colored Gaussian noise w. Thus, the optimal MLD
for (19) after noise whitening becomes equivalent to finding
x̃ which minimizes (y − H̃x̃)H Q−1
w (y − H̃x̃).
In order for the proposed PSSR technique to be applied
in this model, the changes in H̃ and w should be taken into
account in the computation of (4), (5) and (7). Based on the
MMSE criterion, the post-detection SNR or the SINR in (4)
and (5) can be evaluated as
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Fig. 2. Link prediction accuracy for 2 × 2 and 3 × 3 horizontal encoding
systems with non-identical MCSs.

all the estimated γ̂ in the graphs are very close to the reference
curves.
In Figure 2, the horizontal encoding with different MCS levels over streams are plotted in 2×2 and 3×3 systems. In these
simulations, the offset parameters (Δβ1 , Δβ2 ) = (−0.3, 0.7)
and (Δβ1 , Δβ2 , Δβ3 ) = (−0.8, 0.3, 1.2) are applied to each
stream for Nt = 2 and 3, respectively, according to Table II.
Similar to Figure 1, we find that high prediction accuracy is
achieved at all data streams. From the figures, we can conclude
that the proposed link error prediction method is very suitable
for MIMO MLD systems.
Next, we examine the property of the system parameter
β discussed in Section IV-B. Since the vertical encoding
systems exhibit better estimation accuracy overall as can be
seen in Figure 1, only the results with the horizontal encoding
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MCS TABLE FOR SIMULATIONS
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Code rate
1/2
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1/2
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Modulation
4-QAM
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Index
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14

Code rate
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Fig. 3. Link prediction accuracy with horizontal encoding in terms of (a)
the number of receive antennas with Nt = 2 (b) the number of channel taps
for 2 × 2 systems.
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Fig. 4. Link prediction accuracy with different transmit and receive antenna
correlation for 2 × 2 horizontal encoding systems with the channel estimation
1
error σe2 = 1+P
.
s

will be given in the following. In Figure 3, we show the
PHY abstraction performance for various numbers of receive
antennas and channel taps, respectively. As a representative
example, we plot the results for Nt = 2 systems with 4-QAM
and 16-QAM modulations. From the results, we observe that
for each MCS, a single fixed value of β in Table I is well fitted
for all cases of Nr = 2, 3 and 4 and 1-tap, 5-tap and 10-tap
delay channels. Although not shown here, we have confirmed
that Δβ in Table II also does not depend on the number of
channel taps. This robustness is certainly a great merit for
implementation of practical AMC schemes.
In what follows, we present the simulation results under
the realistic channel model (19) addressed in Section V. We
adopt the exponential correlation model where the (i, j)-th

|i−j|

component of Rt and Rr equals δt
and δr
with δt
and δr denoting the correlation coefficient, respectively [31].
Figure 4 shows the estimation performance of the proposed
scheme for 2 × 2 horizontal MIMO-MLD systems in the
presence of the receive and the transmit antenna correlation,
respectively. In both two plots, the variance of the channel
1
so as to be inversely
estimation error is modeled as σe2 = 1+P
s
proportional to the SNR [34]. First, comparing Figure 4 (a)
with the same case in Figure 3 (a), we learn that the channel
estimation error without spatial correlation (δr = 0) does not
affect our estimation accuracy. This result is consistent with
the previous discussion in Section V. Furthermore, the overall
graphs in Figure 4 confirm that the proposed method is highly
robust to both the transmit and the receive antenna correlation.
Lastly, we observe the throughput performance of adaptive
MIMO-OFDM systems with the AMC scheme based on
the proposed PHY abstraction technique. Here we adopt the
“goodput” [35] to measure the actual data rate of a link. The
goodput G is evaluated by counting the information bits in
decoded frames with correct cyclic redundancy check (CRC)
as
G=

10

Modulation
16-QAM
16-QAM
16-QAM
64-QAM
64-QAM
64-QAM
64-QAM

T
1  Nb,i
T i=1 Ns,i

where T denotes the number of transmissions, and Nb,i and
Ns,i represent the number of information bits in a frame with
correct CRC and the number of symbols per frame at the i-th
transmission, respectively. The MCS table used in simulations
is listed in Table III.
Figure 5 presents the average goodput of 2 × 2 vertical and
horizontal MIMO-MLD systems under the realistic channel
1
. The results for
model with δt = δr = 0.5 and σe2 = 1+P
s
other configurations are not included due to space limitations.
The goodput results of the ideal AMC are obtained by
exhaustive search where the receiver selects the best MCS
which yields the highest goodput by simulations over all
possible combinations (14 cases for vertical encoding and
14Nt cases for horizontal encoding), which is too complex
to be implemented in practice. In contrast, by applying the
proposed PSSR technique, the MCS levels proper to the
channel condition can be easily chosen at each transmission.
Moreover, from the figure, we can see that the performance
based on the proposed AMC scheme is very close to the
optimum performance obtained by the exhaustive search for
both encoding structures. Therefore, we can conclude that
the proposed link error prediction for MIMO-MLD is quite
effective in achieving the optimum throughput performance
with much reduced complexity.
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VII. C ONCLUSIONS
In this paper, we have proposed an accurate link abstraction
technique for MIMO-OFDM systems with ML receiver. By
employing our proposed PSSR method, exact link error prediction has been made for both vertical and horizontal MIMOMLD systems. The proposed scheme is computationally efficient and also allows simple parameter search compared to
conventional MIMO ESM methods. From simulations, we
have confirmed that the proposed method provides superior
accuracy with various antenna configurations and channel
environments, and also exhibits robust performance over a
practical channel model including the channel estimation error
and the spatial correlation.
A PPENDIX
A. Proof for the inequality CMMSE ≤ Copen ≤ CPIC
Since HH H is non-negative definite, applying Hadamard’s
inequality directly proves
Copen = log2 det INt + ρHH H
Nt



1 + ρhn 2 = CPIC
n=1

where the equality holds when HH H is diagonal, i.e., all
columns of H are orthogonal.
On the other hand, it is known that the optimal MMSE-SIC
receiver assuming no error propagation achieves the MIMO
channel capacity Copen regardless of its decoder order. Letting
the decoding order be πn = n for ∀n, the effective channel
model for the n-th decoding stage is given by
Nt


−1
−1
hn  hH
hn .
nB

(24)

by applying the matrix inversion lemma to (24), we can show
that γnMMSE ≤ γnMMSE-SIC . Therefore, we have

(b) horizontal encoding

y(n) = hn xn +

1
+ INr
ρ

i=1

Fig. 5. Average goodput for 2 × 2 systems with the antenna correlation
1
δt = δr = 0.5 and the channel estimation error σe2 = 1+P
.

≤ log2

hj hH
j
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N
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Nt
1
where we define B  j>n
hj hH
j + ρ INr .
Since (5) is alternatively represented as

−1
n−1

MMSE
H
H
γn
= hn B +
hi hi
hn ,
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10

=

hH
n

j>n

8
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hj xj + nn ,

j>n

and the resultant SINR for the n-th stream is

≥

Nt

n=1
Nt




log2 1 + γnMMSE-SIC


log2 1 + γnMMSE = CMMSE

n=1

where the equality holds also when h1 , · · · , hNt are orthogonal to each other.
B. Procedure of finding β
The search for the optimal values of β is based on the
link level simulation of the proposed PHY abstraction model.
For each MCS, the optimal β is chosen to provide the best
fitting accuracy between the measured BLER vs. effective
SNR curves and the AWGN reference curve within its range
0 ≤ β ≤ 1. The curve fitting accuracy can be mathematically
written in a mean-square error sense similar to [23] and [25]
as
β̂ = arg min

0≤β≤1

T



γAWGN − γ̂(β, Hk (t))2

(25)

t=1

where γ̂(β, Hk (t)) represents the effective SNR in dB provided by the proposed algorithm in Section IV-D for channel
realization Hk (t) at time slot t when the parameter β is
applied in (11), and γAWGN denotes the corresponding SNR
in dB to meet the same target BLER at the AWGN channel.
We can choose β̂ which satisfies (25) over a sufficiently large
number of channel realizations T . Note that since β has a
small range of 0 ≤ β ≤ 1, the search is quite simple.
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