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In this paper, a new observation equation of non-Gaussian frequency selective fading Bell Labs layered space time

(BLAST) architecture system is proposed, which is used for frequency selective fading channels and non-Gaussian noise

in an application environment of BLAST system. With othogonal matrix triangularization (QR decomposition) of

the channel matrix, the static observation equation of frequency selective fading BLAST system is transformed into a

dynamic state space model, and then the particle filter is used for space–time layered detection. Making the full use

of the finite alphabet of the digital modulation communication signal, the optimal proposal distribution can be chosen

to produce particle and update the weight. Incorporated with current method of reducing error propagation, a new

space–time layered detection algorithm is proposed. Simulation result shows the validity of the proposed algorithm.
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1. Introduction

Information theory shows that the multiple-input

multiple-output (MIMO) system has very high chan-

nel capacity in a Rayleigh fading environment as com-

pared with single antenna system.[1] In order to use

this advantage to increase diversity and coding gain,

a series of space–time coding (STC) technique comes

out using signal processing and coding theory. Among

those STC methods, the Bell Labs layered space time

(BLAST) architecture proposed by Foschini[2] is a

very promising one, which can achieve a high data

rate in broadband wireless communications. Because

of its high spectrum efficiency, the BLAST has been

introduced into wireless local area networks (WLAN)

and other wireless communication standards. The de-

tection algorithm, based on the maximum likelihood

(ML) or minimum mean square error (MMSE) crite-

rion, can give optimal detection result for the BLAST

system. However, the computation complexity in-

creases exponentially with the number of transmit

antennas, which limits its application in the system

with a large number of transmit antennas. In or-

der to achieve a compromise between the performance

and the computation complexity of the detection al-

gorithm, a new BLAST symbol detection algorithm

based on ordered successive interference cancellation

(OSIC) was proposed by Golden et al
[3] which is also

called V-BLAST (Vertical-BLAST) and just suitable

for the flat fading channels. For the sake of utilizing it

in frequency selective (FS) fading MIMO channels, a

decision feedback equalizer (DFE) was introduced by

Lozano and Papadias[4] to eliminate the intersymbol

interference (ISI), which is caused by frequency selec-

tive fading. But the performances of V-BLAST and

DFE are both limited by error propagation.

In this paper, a new layered space–time detec-

tion algorithm for frequency selective fading MIMO

channels based on particle filter (PF) is introduced.

Because the BLAST system is mainly applicable to

an indoor/urban environment with abundant scat-

ters, a noise and channel model corresponding to non-

Gaussianity and frequency selectivity of the environ-

ment of this kind should be set up first. And then

with othogonal matrix triangularization (QR decom-

position) of the channel matrix, the new FS-BLAST
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dynamic state space model (DSSM) is built up. Fol-

lowing that, the PF is introduced, and the optimal

proposal distribution can be chosen to produce parti-

cle and update the weight, which makes the full use

of the finite alphabet of the digital modulation com-

munication signals. In order to improve the detection

performance, the received signals should be ordered by

SNR (signal–noise ratio). And then the PF algorithm

is used for layered space–time detection. Finally, sim-

ulation and performance analysis of the proposed al-

gorithm are carried out.

In the following, (·)T and (·)H are utilized to de-

note matrix transposition and Hermitian transposi-

tion respectively. Also, the operator vec(·) denotes

vec([v1v2 . . . vk]) = [vT
1 vT

2 . . . vT
k ]T.

2. FS-BLAST system model and

detection method

2.1. FS-BLAST channel and non-

Gaussian measurement noise model

The frequency selective fading BLAST system is

shown in Fig.1. At the transmitter, data are divided

Fig.1. FS-BLAST system diagram.

into M sub-data flows, which are coded, mapped,

and parallel transmitted by M transmit antennas,

while signals are received using N parallel antennas

(N ≥ M). The received signals are sampled at a

symbol rate and, therefore, the receiver structure is

symbol-spaced. It is assumed that the channel is sta-

tionary over each burst of data, although it changes

from burst to burst. Perfect channel estimation at

the receiver is further assumed. If the number of taps

in the channel response is L, the sampled channel re-

sponse from transmitter m to receiver n, including

transmit and receive filters, is denoted by

hnm = [hnm(1) hnm(2) . . . hnm(L)]T. (1)

BLAST is mainly suitable for high data rate wire-

less communication in an indoor/urban environment,

and the measurement noise in these environments is

not Gaussian noise. In this paper, measurement noise

distribution in FS-BLAST channel is modelled as the

Middleton class A noise model, which has been used

extensively to model the impulsive noise commonly

generated in an indoor/urban wireless environment.[5]

The probability density function (pdf) of this model

is given by

n(t) ∼ (1 − ε)N(0, κζ2) + εN(0, ζ2), (2)

where 0 ≤ ε ≤ 1, N(0, κζ2) represents the ambient

background noise, while N(0, ζ2) represents an impul-

sive component with probability ε. By varying the

parameters ε and κ, the total variance of noise can be

fixed as σ2 = (1 − ε)κζ2 + εζ2.

We can assemble the hnm vectors into M separate

matrices of size N × L as follows:

Hm =
[

hT
1m hT

2m . . . hT
Nm

]T
, m = 1, 2, . . . , M.

(3)

If the sequence of L symbols transmitted by the mth

antenna from time slot k − L + 1 to k denoted by

sm(k : k − L + 1) = [sm(k) sm(k − 1) . . . sm(k − L + 1)]T, m = 1, 2, . . . , M, (4)

then all the data transmitted by M transmit antennas from time slot k − L + 1 to k can be written as the

following vector:

S(k : k − L + 1) = vec([s1(k : k − L + 1) s2(k : k − L + 1) . . . sM (k : k − L + 1)]). (5)

Therefore, the N × 1 received vector y(k) at time k can be expressed as

y(k) = [H1 H2 . . . HM]S(k : k − L + 1) + n(k), (6)
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where [H1 H2 . . . HM ] is an N × LM matrix, as

usual LM > N . For the later derivation, a column

full-rank matrix is designed. Let y(k + r : k) denote

the column vector of received signals from time k to

k + r as follows:

y(k + r : k) = vec([y(k + r) y(k + r − 1) . . . y(k)]) + n(k + r : k). (7)

Therefore, the system model can be expressed as

y(k + r : k) =















H100 · · · 0H200 · · · 0 · · · HM00 · · · 0

0H100 · · · 0H200 · · · 0 · · · HM0 · · · 0
...

. . .
...

00 · · · 0H100 · · · 0H200 · · · 0 · · · HM

























s1(k + r : k − L + 1)
...

sM (k + r : k − L + 1)











+ nN(r+1)×1,

which can be simplified into

y = HS + n, (8)

where received signal y from time k to k + r is an

N(r + 1)-dimensional column vector; transmit signal

S from time k to k + r is an M(L + r)-dimensional

column vector; H is an N(r + 1) × M(L + r) ma-

trix¶measurement noise n from time k to k + r is

an N(r + 1)-dimensional column vector, the pdf of its

entries is given by the expression (2).

2.2. FS-BLAST detection algorithm

To solve the problem of the layered space–time

detection in frequency selective fading MIMO chan-

nel, Lozano and Papadias[4] introduced a modified

V-BLAST algorithm for frequency selective Rayleigh

fading channel, which is also called FS-V-BLAST al-

gorithm. Figure 2 shows the main framework of

FS-V-BLAST detector, which is concatenated by M

sub-detectors and detects the M sub-data flows in

descending order of SNR. Each detector consists of

multi-input single-output decision feedback equalizer

(MISO-DFE) and interference canceller (IC).

Fig.2. FS-V-BLAST detection scheme.

The DFE in every stage consists of Kf taps feedfor-

ward filter and Kb taps feedback filter. In fact, Gi-

nis and Cioffi[6] have proved that the detector based

on decision feedback (DF) principle for V-BLAST is

equivalent to the generalized decision feedback equal-

izer (GDFE). In the following, we consider the FS-

BLAST detection method from the aspect of DFE.

In an FS-BLAST receiver, the channel matrix is

decomposed according to the Gram–Schmidt QR de-

composition as[7]

H = (Q Q̄)





R

0



 , (9)

where Q and Q̄ are N(r + 1) × M(L + r) and

N(r+1)× (N(r+1)−M(L+ r)) unitary matrices, R

is an M(L + r) × M(L + r) lower triangular matrix,

and 0 is an (N(r +1)−M(L+ r))×M(L+ r) matrix

with all entries equal to 0. And then we left multiply

QH on each side of Eq.(8) and obtain

ȳ = QHy = RS + n̄ (10)

or

ȳm = rm1s1 + rm2s2 + · · · + rmmsm + n̄m, (11)

where ȳm, rij , and si are the mth, ijth and ith entry

of the vector ȳ, matrix R and vector S, respectively,

and n̄ is still an independent identically distributed

(i.i.d.) random vector with the pdf given by the ex-

pression (2). From Eq.(10), a DF scheme can be read-

ily carried out according to[7,8]

ŝ1 = Q

(

ȳ1

r11

)

,
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ŝm = Q

((

ȳm −

m−1
∑

i=1

rmisi

)/

rmm

)

, m = 2, 3, . . . .

The implementation using DF principle is computa-

tionally more efficient, but its performance is limited

by error propagation. A prevalent approach to reduc-

ing this effect is to reorder the data streams according

to their SNRs, and then the data streams are detected

in descending order of their SNRs. It should be noted,

however, that reordering can only decrease the effect

of error propagation but not eliminate it.

We approach the problem from a Bayesian per-

spective, in which the detecting of the transmit se-

quence S from the observation signal y polluted by

noise is equivalent to the resolving of the marginal-

ized posterior distribution (MPD) of each transmit

symbol sm, and make the soft decision using marginal-

ized minimum mean square error (MMMSE) principle.

According to MMMSE, the decision statistic for sm is

expressed as

zm = E[sm|y] =
∑

s∈A

smp(s|y), (12)

where A = {a1, a2, . . . aK} is the alphabet set of

the constellation in use and p(s|y) is the full posterior

distribution. A final decision on sm can be obtained

by mapping zm to the nearest constellation point in

A.[7]

MMMSE decision criterion can eliminate the er-

ror propagation and obtain the optimal solution, but

its complexity is the same as that of ML receiver since

KML terms must be evaluated on the posterior distri-

bution, which makes the MMMSE method prohibitive

for practical use. In the following section, PF detec-

tion algorithm based on MMMSE for FS-BLAST sys-

tems is deduced.

3. PF detection algorithm in FS-

BLAST systems

3.1.Monte Carlo sampling

Monte Carlo (MC) sampling is a powerful method

of approximating desired distribution and calculat-

ing high-dimensional integral.[9−14] It has been inten-

sively studied by the statistics community in the past

decade and has aroused great interest of researchers

in the area of statistical signal processing and com-

munications in recent years.[15−17] Using MC to ob-

tain the MMMSE estimation (12), random sample

{

s(j)
}J

j=1
based on posterior distribution p(s|y) is re-

quired, where J denotes the size of the sample. Hence,

the expression (12) can be approximated to

zm ≈
1

J

J
∑

j=1

s(j)
m . (13)

Along with the increase of J , the expression (13) con-

verges to zm gained by true posterior distribution

p(sm|y). About the detection problem of FS-BLAST,

the expression (13) is feasible, since the sample size J

is much less than KML.[7]

One difficulty associated with the MC method is

the direct sampling from posterior distribution p(s|y).

Therefore, lots of sampling methods are introduced.

One of the most common sampling methods is impor-

tance sampling algorithm. In implementing the im-

portance sampling, one first draws samples
{

s(j)
}J

j=1

from a proposal distribution π(s|y), which must be

easy of sampling. Then, the weights of the samples

are calculated by

w(j) =
p
(

s(j)|y
)

π
(

s(j)|y
)∀j, (14)

and normalized as w̄(j) = w(j)/
∑J

j=1 w(j). It should

be noted that this normalization process eliminates

the necessity of knowing the normalizing constants

of p(s|y) and π(s|y) in computing the weights (14).

These samples and weights approximate p(sm|y), and

using them, zm in the expression (12) can be estimated

by

zm ≈

J
∑

j=1

w̄(j)s(j)
m . (15)

The effectiveness of importance sampling is affected

by the choice of proposal distribution. In general, the

more similar to p(s|y) the π(s|y) is, the less the sam-

ples are needed to achieve the same performance.[18]

3.2. PF detection algorithm in FS-

BLAST systems

PF is a sequential Monte Carlo (SMC) method,

which is usually realized using sequential importance

sampling. The PF is basically applied to resolving the

dynamic system described by the DSSM. Recently, it

has also been used as an alternative importance sam-

pling method for static systems.[19] In the following,

the detection for FS-BLAST system is resolved ac-

cording to Refs.[7] and [8].
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The FS-BLAST system described in Eq.(10) is

essentially a static system. If s is considered to be a

vector of static state variables and ȳ1 . . . ȳm that are

the output of feedforward filter considered to be the

space update, then the recursive relation between ȳ

and s can be regarded as a dynamic system. There-

fore, the decision of sm is equivalent to resolving the

posterior distribution p(sm|ȳ1:m). According to the

Markovian property of DSSM, p(sm|ȳ1:m) can be cal-

culated recursively as follows:

p(s1:m|ȳ1:m) =
p(ȳm|s1:m−1, ȳ1:m−1)p(s1:m|ȳ1:m−1)

p(ȳm|ȳ1:m−1)

∝ p(ȳm|s1:m)p(sm)p(s1:m−1|ȳ1:m−1).

(16)

The formula (16) is obtained by using

p(sm|s1:m−1, ȳ1:m−1) = p(sm), i.e. sm is independent

of data from other antennas and previous observa-

tions. Recursively calculating the posterior distribu-

tion p(s|ȳ) needs recursively importance sampling,

hence the proposal distribution can be chosen as

π(s1:m|ȳ1:m) = p(sm|s1:m−1, ȳ1:m)π(s1:m−1|ȳ1:m−1).

(17)

The associated importance weight for the jth sample

is then calculated as[7]

w(j)
m =

p
(

s
(j)
1:m|ȳ1:m

)

π
(

s
(j)
1:m|ȳ1:m

)

∝ p(ȳm|s
(j)
1:m−1, ȳ1:m−1)w

(j)
m−1

∝ u(j)
m w

(j)
m−1, (18)

where u
(j)
m is called the incremental weight. The pro-

posal distribution given by the expression (17) is usu-

ally called optimal proposal distribution in the PF

literature because it produces weights with minimal

variance conditional on s
(j)
1:m−1 and ȳ1:m.[20] From the

expressions (17) and (18), it is clear that the sam-

ples and weights can be obtained recursively based on

those acquired at step m − 1, and this recursive im-

plementation of importance sampling is known as SIS.

In the jargon of PF, s
(j)
m and s

(j)
1:m are named particle

and trajectory, respectively.

The above implementation procedure of PF re-

quires drawing samples from proposal distribution

p
(

sm|s
(j)
1:m−1, ȳ1:m

)

and calculating the weight incre-

ment u
(j)
m . The two requirements amount to the cal-

culation of the likelihood function for each symbol in

symbol space, which is easily obtained as

λ
(j)
k = p

(

ȳm

∣

∣

∣sm = ak, s
(j)
1:m−1

)

, (19)

where the distribution of

(

ȳm − rm,mak −
m−1
∑

i=1

rm,is
(j)
i

)

is given by the expression (2). Then, a sample ak from

proposal distribution p
(

sm|s
(j)
1:m−1, ȳ1:m

)

is drawn

with a probability of λk/
k
∑

i=1

λi.
[7] The weight incre-

ment can be readily obtained as

u(j)
m =

∑

sk∈A

p
(

ȳm

∣

∣

∣sm, s
(j)
1:m−1

)

p(sm) =
1

K

K
∑

k=1

λ
(j)
k .

(20)

Using the above formulae to obtain the trajecto-

ries
{

s
(j)
1:m

}J

j=1
and their weights

{

w
(j)
m

}J

j=1
of step

m, the desired posterior distribution p(s|ȳ) (equal to

p(s|y)) can be fitted by weighted samples. Finally,

the decision can be made using these weighted sam-

ples according to the MMSE. It is worth stressing

that the weighted samples are essentially probabil-

ity masses that represent the posterior distribution.

Hence, they can be used for resolving other problems

related to posterior distribution. For example, we can

compute the maximum a posteriori (MAP) estimate

by choosing the trajectory with the largest cumulative

weight.[8]

An important issue of PF is in need of resam-

pling. In the process of PF, the initialized J samples

can cover the objective space, while the corresponding

weights represent the objective distribution effectively.

But after several iterations, most of the particles have

no effect on the whole estimate because their weights

are close to zero. Therefore, resampling is required to

replace the negligible weight particles by those from

the high-density area of the desired posterior distribu-

tion. The use of resampling can move the mass of the

samples closer to the true state and therefore yields a

more effective representation of the distribution than

the generic importance sampling. Nonetheless, exces-

sive use of resampling may increase computation com-

plexity and impoverish the sample diversity. It means

that the particle with large weight might be chosen

many times, and there would be a large number of

repeated particles in the sampling result. Then the

diversity of particles might be lost. There are lots of

resampling methods, and the system resampling,[21]

which has the minimum sampling variance, is chosen

in this paper. To reduce the number of resampling, we

use the effective number of samples to decide whether

to utilize the resampling or not. The effective num-

ber of samples at step m can be approximated as

Neff = 1/
∑

j

(

w
(j)
n

)2

using its sample weight. Re-



2486 Du Zheng-Cong et al Vol. 15

sampling is carried out only if Neff < Nth, where the

Nth is defined as a threshold.

As has been pointed out, the advantage of PF

over the DF principle is its ability to reduce and even

prevent error propagation. Approximated by PF de-

tector, the solution of MMMSE approaches the true

solution with the increase of the sample size J . Be-

cause that the solution of MMMSE is based on MPD

that is independent of the decision on symbol from

other antennas, the MMMSE decision on the symbol

of interest is immune to decision errors on other sym-

bols. Consequently, the PF can be very effective in

reducing and eventually preventing error propagation.

However, when the sample size is limited, there would

appear error propagation to a certain degree. There

are several methods to solve this problem: augment-

ing the sample size, choosing an appropriate proposal

distribution and resampling algorithm, and incorpo-

rating the reducing error propagation algorithm.

4. Simulation results and perfor-

mance analysis

In order to estimate the performance of the pro-

posed PF detector, simulation is carried out in the fol-

lowing aspects: the performance comparison among

the FS-BLAST based on PF, the FS-V-BLAST and

the ML detection algorithm; the impact of different

particle numbers on the performance of PF detector;

the improvement by using the ordering of the detec-

tion performance compared with no ordering; the ef-

fect of Gaussian and non-Gaussian noise models on de-

tection performance, etc. Let the number of symbol-

spaced taps in the channel response be 6, the fading

coefficient of Rayleigh fading channel H be 0.5, and

the quasi-static channel matrix H be constant in the

data block with its length of 256, where the relation

between the blocks is treated as i.i.d. The system with

Quadrature Phase Shift Keying (QPSK) modulation

has M = 4 transmit antennas and N = 6 receive

antennas, and the length of observation data for con-

structing matrix H is r = 16. The measurement noise

is produced using the model given by the expression

(2), where the coefficients ε and κ that represent the

non-Gaussianity are modifiable. But the total vari-

ance σ2 of noise is invariant, and the modification

of SNR is achieved through the change of transmit

power. All the following symbol error rate (SER) per-

formance curves are obtained by performing the MC

simulation 1000 times.

First of all, the simulation for the impact of noise

model on detection performance is carried out. Let

ζ2 = 1.2 in the expression (2). When the probabilities

ε of impulsive noise components is 0.1, 0.2 or 0.3, the

corresponding κ values should be 0.81, 0.79 or 0.76

to make the total noise variance σ2 = 1, respectively.

Based on the previous three groups of ε and κ, the

measurement noises are produced by the expression

(2), and three groups of received data are produced

by the expression (8). Whereafter, the layered space–

time detection is processed according to the proposed

algorithm, using the practical distribution of noise and

the Gaussian distribution that has the same mean and

variance (equivalent to standard normal distribution).

The ‘SER–SNR’ curves of detection result are shown

in Fig.3.

Fig.3. The SER–SNR curves of proposed detection algo-

rithm using Gaussian and non-Gaussian noise models.

The number of particles used in simulation is 150. In

the figure, ‘Gau’ and ‘Nongau’ denote the Gaussian

and non-Gaussian noise models, respectively. And

‘0.1’, ‘0.2’, ‘0.3’ denote the probabilities ε of impulsive

noise appearing during the noise measurement. As

shown in Fig.3, the performance of the non-Gaussian

noise detection algorithm is much better than that of

the Gaussian noise detection algorithm. The perfor-

mance of non-Gaussian noise detection algorithm does

not vary much when ε has different values. However,

the performance of the detection algorithm under the

Gaussian noise model becomes worse when ε becomes

larger. This is because that if ε is larger, the probabil-

ity of impulsive noise becomes greater, and the non-

Gaussianity of measurement noise is more prominent.

Then the error of simulating the measurement noise

using Gaussian distribution is larger, too. The PF is

very capable of processing the non-Gaussian signal,

while the measurement noise in an indoor/urban en-
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vironment, which is suitable for the BLAST system,

is non-Gaussian. Therefore, the algorithm proposed

in this paper is very practical.

As shown in Fig.4, the performances of non-

Gaussian layered space–time detection algorithm

based on the PF with ε = 0.1 and different parti-

cle numbers are compared with those of FS-V-BLAST

method and ML detection method. In Fig.4, the ‘PF’

Fig.4. The SER–SNR curves of several kinds of detection

algorithms.

denotes particle filter, the ‘ORD’ represents the intro-

duced ordering, ‘100’ and ‘150’ refer to the particle

numbers. The SER performance of the proposed de-

tection algorithm is better than that of FS-V-BLAST

method as shown in Fig.4 especially with high SNR.

The reason is that when the SNR is high, the imperfect

interference cancellation is the main cause that affects

the performance of layered space–time detection. The

PF detector based on MMMSE solves the MPD prob-

lem to realize the layered space–time detection, which

can theoretically eliminate the interference between

antennas. This is similar to the ML detection algo-

rithm. However, since the QR decomposition reduces

the degree of freedom of the elements on the diago-

nal of the triangular matrix,[22] the layered space–time

detection algorithm based on PF is a little bit worse

than the ML detection method in SER performance.

The computation complexity of algorithm proposed in

this paper is O(KMLJ), and the computation com-

plexity of ML detection method is O(KML). As to

the frequency selective fading BLAST communication

system, the value of K cannot be 1, which should be

2 at least, normally 4 or 8, and the product of ML

is relatively large (usually larger than 12, at least 6).

The value of J is determined by the choice of proposal

distribution. Usually, the better the proposal distribu-

tion is chosen, the less the particles are needed. Nor-

mally, the J does not exceed 500. Therefore, the KML

is far larger than KMLJ , which means that the com-

putation complexity of the algorithm proposed in this

paper is much less than that of ML algorithm. For ex-

ample, in this paper K = M = 4, L = 6, even if when

J = 150, the KML = 424 = 281474976710656 is far

larger than KMLJ = 4 × 4 × 6 × 150 = 14400. The

introduction of ordering and the increase in particle

number can both improve the detection performance

and reduce the SER, but the computation complexity

would increase correspondingly.

5. Conclusions

In this paper, the layered space–time detection

problem of frequency selective fading MIMO channel

in a non-Gaussian noise environment is studied. Since

the existing methods have the problems of error prop-

agation, regarding the non-Gaussian noise as Gaussian

noise, the layered space–time detection algorithm for

frequency selective fading MIMO channel based on

PF is proposed, which is launched on by construct-

ing the channel matrix and measurement noise model.

And in that process, the DSSM is formed by QR de-

composition. Theoretical analysis and computer sim-

ulation show that the proposed algorithm has advan-

tages of processing the non-Gaussian noise, eliminat-

ing the error propagation, reducing the SER§etc. Its

SER performance is close to that of ML detection

algorithm. The computation complexity of the pro-

posed algorithm is less than that of ML method, but

it still requires the real-time detection of broadband

BLAST system. Therefore, reducing the computation

complexity and improving the detection speed of the

proposed algorithm will be subjects of our future re-

searches.
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