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A Fast Recursive Algorithm for Optimum Sequential
Signal Detection in a BLAST System
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Abstract—Bell Laboratories layered space-time (BLAST) is subtracted from th& received antennas. This process repeats
wireless systems are multiple-antenna communication schemeswith the next strongest substream signal among the remaining
that can achieve very high spectral efficiencies in scattering en- undetected signals. Thus, this algorithm detects\thgymbols

vironments with no increase in bandwidth or transmitted power. . . . . . . .
The most popular and, by far, the most practical architec[zure is N M iterations, and it is proven in [3] that this decoding order

the so-called vertical BLAST (V-BLAST). The signal detection IS optimal from a performance point of view. However, as will
algorithm of a V-BLAST system is computationally very intensive. be shown later, the complexity required to achieve this perfor-
If the number of transmitters is M and is equal to the number mance is very high, which makes it difficult to be implemented
of receivers, this complexity is proportional to M* at each i, req) time systems. Hassibi proposed a square root method for
sample time. In this paper, we propose a very simple and efficient V-BLAST signal detection, which reduces the computational
algorithm that reduces the complexity by a factor of M. . ' '

complexity by an order of magnitude when the number of an-
tennas is large [4]. Thus far, however, the quite small number of
antennas (e.g., four or eight) is more interesting in practice, and
a real-time implementation cannot benefit from the square-root
method. In this paper, we are going to develop a fast V-BLAST
. INTRODUCTION algorithm that is more efficient than the existing methods for

ELATAR [1] and Foschini [2] showed that the multipath@ny number of transmitting/receiving antennas.

wireless channel is capable of huge capacities, providedThis paper is organized as follows. Section Il defines the
that the multipath scattering is sufficiently rich and is properl§ignal model and gives the channel capacity. In Section IlI, we
exploited through the use of an appropriate processing arc@xplain in detail the V-BLAST algorithm. In Section IV, we
tecture and multiple antennas (both at transmission and recépow how to derive a fast algorithm for BLAST. Section V eval-
tion). The original architecture proposed in [2], which is calleates the complexity of different algorithms. Finally, we give
the diagonal Bell Laboratories layered space-time (D-BLASTUr conclusions in Section VI.
is theoretically capable of approaching the Shannon capacity
for multiple transmitters and receivers, but it is very complex Il. SIGNAL MODEL AND CHANNEL CAPACITY

to implement. A S|mpllfled_ver5|on known as vert|pal BL,AST The BLAST architecture is a multiple-input multiple-output
(V'BLAS.T) Was_proposed in [3] gnd [5] and can still achieve ﬁ\/IIMO) channel where a single user uses a communication
substantial portion of that capacity. For example, the authqrslmk comprising M transmitting antennas anl receiving an-

[3] have demonstrated, using a laboratory prototype and in fhnasin a flat-fading environment (meaning that the signals are

indoor environment, spectral efficiencies of 20-40 b/s/Hz at a¥arrow-band). At the receivers, at sample tilpeve have
erage signal-to-noise ratios (SNRs) ranging from 24 to 34 dB. ' '

Index Terms—Antenna array processing, Bell Laboratories lay-
ered space-time (BLAST) architecture, multiple-input—-multiple-
output (MIMO) systems.

In the rest, we will focus on signal detection algorithms in the M
V-BLAST systems. X(k) = s (k) + w(k)
In a V-BLAST system, a data stream is split indd un- m=1
correlated substreams, each of which is transmitted by one of =Hs(k)+w(k), k=1,2,....K (1)

the M transmitting antennas. Thd substreams are picked up

by N receiving antennas after being perturbed by a channghere we have the equation at the bottom of the next page,
matrix H. The substream signal with the highest SNR is d&vhich is theN-dimensional received vector

tected first, and this involves the calculation of the pseudo-in-

verse ofH using the zero-forcing algorithm or the calculation (b hag -
of a minimum mean-square error filter. The effect of the de- H— har haa oo hon
tected symbol as well as the effect of the corresponding channel : : :
_th }L]\TQ }LNZM
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isan N x M complex matrix assumed to be constant for Here, we assume that the transmitter has no knowledge of the
symbol periods, vectois,. andh.,, are, respectively, of length channel. In this case, the mutual information between the inputs

M and N and outputs of the¥, N) flat-fading channel is given by the
familiar formula [1], [2]
s(k) = [s1(k) s2(k) - sm(k)]" b
p ps
is the M -dimensional transmitted vector ¢ =log, [det (INxN + MHHH)} [E}
w(k) =[wi(k) wa(k) -+ wy(k)]" = log, [det (IMxM + ﬁHHH)} . @)

is a zero-mean complex additive white Gaussian noise (AWGRNhe very important observation that can be made from (7) is
vector with covariance that, for rich scattering channels (meaning that the elements of

R, =E{w(k)wt (k)} the channel mqtrix are independent of one another), the MIMO

9 channel capacity grows roughly proportionally/tb [6].
=0, InxN 2

and” and” denote, respectively, transpose and conjugate trans- lll. V-BLAST A LGORITHM
pose of a matrix or a vector. In order to detect the transmitted symbols at the receivers, the

~ The transmitted vectai(k) has a total powePr. This power  complex channel matril needs to be known. In practicH, is
is held constant, regardless of the number of transmitting 8fantified by sending a training sequence (known at the recep-
tennas/, and corresponds to the trace of the covariance matfjyp) at the beginning of each burst [7]. The length of this burst

of the transmitted vector is equal toK = K; + K, symbols, where thé; symbols
Pr =tr[R,,] = Constant are used for training, and tff€, symbols are the data informa-
" tion. The propagation coefficients are assumed to be constant
_ Z o? ©) during a whole burst, after which they change to new indepen-
= s dent random values, which they maintain for anothesym-

bolts, and so on. Since channel estimation is out of the scope of
Y present paper, in the remainder, we will make no distinction
betweernH and its estimate.

Inthe rest of this paper, we suppose that all the antennas tran
with the same power

02 =02 =-..=02 =02 The first step of the V-BLAST algorithm [3] makes use of
! : M the pseudo-inverse of the channel matixor the minimum
so that mean-square error (MMSE) filte.

Define the error vector signal at tinkbetween the input(k)

Pr = Mo ™) and its estimate
We now define a parameter that relafésando?, as e(k) =s(k) — y(k)
. H (1.
p= 5_;“ ) =s(k) — G"x(k). (8)
v Now, let us define the error criterion
This parameter corresponds to the average receive SNR per an-
tenna when the average power of channel coefficients is 1 as J :E{eH(k')e(k')}
assumed in the flat-fading channel model. =tr [E{e(k)e™ (k)}] . 9)
An original information sequence for wireless transmission o ) i
is demultiplexed inta\/ data sequences, (k), m = 1,..., M The minimization of (9) leads to the Wiener-Hopf equation
(called substreams), and each one of them is sent through a GHR,, = R,, (10)

transmitting antenna. Thegd substreams are assumed to be
uncorrelated, which implies that the covariance matrix of thehere
transmitted vectos(k) is diagonal:

R, = E{x(k)x" (k)} (11)
R, =E{s(k)s" (k)}

—02Taryar. ) is the output signal covariance matrix, and
— H
We also suppose the following: R.. = E{s(k)x" (k)} (12)
* N> M. is the cross-correlation matrix between the input and output sig-
» H has full column rank, i.e., rafid] = M. nals.
x(k) =[a1(k) wao(k) --- an(k)]"

=[hfs(k) +wy(k) hFs(k)+wy(k) --- hEsk)+wy(k)]"
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From (10), we find that the MMSE filter is Step 3) Assuming that,, (k) = s,, (k), we cancel,, (k)
. . from the received vectax(k), resulting in a modi-
G=[HH" +olyxy] H (13) fied received vector
where xa(k) =x(k) — 8p, (k)hp,
2 —
osTh 14 =Y humsm(k) + w(k)
o m#py
=Hpy—1sm-1(k) + w(k) (20)

It can easily be seen that (13) is equivalent to

" 1 whereH,, 1 isanN x (M — 1) matrix derived
G =H [H"H + alyxwm] from H by removing itsp; th column, ands;_; (k)
=HQ. (15) is a vector of length\/ — 1 obtained froms(k) by
] o removing itsp; th component.
The second form [see (15)] is more useful and more efficient in Steps 1-3 are then performed for components. . , pas by
practice sincel/ < N and the size of the matrix to invert in gnerating in turn on the progression of modified received vectors
(15) is smaller or equal than the size of the matrix to invert 9, (k), ..., % (k). Note that at thenth iteration, we will obtain
(13). ] ) the N x (M — m) matrix Hy,_,,,, which can be derived from
Instead of the MMSE filter, we can use directly the pseudgqg by removingm of its columnsy, . . . , prm. As shown in [3]
inverse ofH, which is this ordering (choosing the best SNR at each iteration in the
B Hae1—1 detection process) is optimal among all possible orderings.
Ger=H[H"H] . (16) “Since the MMSE filter is more advantageous than the zero-
The only difference between the expressihandGpr is that forcing algorithm from a performance_ point of view, we W_|II
the first one is “regularized” by a diagonal matad sy s, focus on only the MMSE |mplementat_|on of the V-BLAST in
whereas the second one is not. This regularization introducel§'@ rest of this paper. Table | summarizes the V-BLAST algo-
bias, but (15) gives a much more reliable result than (16) whEHim using the MMSE filter.
the matrix H¥ H is ill-conditioned and the estimation of the
channelis noisy. In practice, depending on the condition number IV. FAST V-BLAST ALGORITHM

of the matrixHI'H, we can take a different value forthan  The arithmetic complexity of the V-BLAST algorithm is very
the one given in (14). For example, if this condition number 'ﬁigh_ The complexity of computing the inverse of &h x M
very high and the SNR is also high, it will be better to take gatrix is approximately in the order af3. In addition, the ma-
higher value forx. Thus, the MMSE filter can be seen as a bigrix G is the product of a rectangular matrix of sixex M and
ased pseudo-inverse B. _ a square matrix of sizd/ x M, and the complexity of such
In the V-BLAST algorithm, the detection of the sym- product is proportional tV M? at each iteration. The algo-
bols s,,(k) is done inM iterations. The order in which the vithm requiresi iterations: therefore, the overall complexity
components ok(k) are detected is important to the overallg i, O(N M?) for each sample tim&, even if the matrices are
performance of the system. Let the ordered set deflated by 1 at each iteration. A more detailed complexity eval-
S = {prps. o pai) (17) uation will be given in Section V.

Here, the matrixG is not computed directly. Recall that
be a permutation of the integers2, . . . , M specifying the order

_ —1

in which components of the transmitted symbol veetdr) are G =HR (1)
extracted. The first iteration, which is also the initialization, i§vhere
performed in three steps (as well as the other iterations).

Step 1) Using the MMSE filter or the pseudo-inverse, we R=HH+ aly . (22)

compute
The covariance matrix of the error sigrdk) = s(k) —y (k)
y(k) = GTx(k). (18) is
Step 2) The element of (k) with the highest SNR is de- R.. =E{e(k)e (k)}

tected. This element is associated with the smallest _2R-!
diagonal entry ofQ for the MMSE filter (as ex- _012“
plained in the next section) or the column @fp; =0,Q. (23)

having the smallest norm for the pseudo—inverseI . the el Y with the high is th
(zero-forcing) [3]. If such a column is,, we get C_ear y, the element ojr(k)_ with the highest SNR is the one
with the smallest error variance so that
Spy (k) =Q [ypl(k)] (19)

with @[] indicating the slicing or quantization pro-
cedure according to the constellation in use. whereg,,,, are the diagonal elements of the maigx= R 1.

P1 = arg min ¢p,m (24)
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TABLE |
V-BLAST ALGORITHM USING THE MMSE HFLTER

Initialization: x;(k) =x(k), Hy =H= [ hya haro - hawm ]

Quy = [QM,;1 dy2 qM,:M] = [HﬁHM + aIA,[x,VIT1
fky=[12 --- M]"
ly = argmingarsi,  p1 = fi (k)
yp, (k) = qffy , Hix: ()
Move the [1-th entry of vector f(k) to the end
8p, (k) = Qlup, (K)]

Recursion: form =1,2,... M —1
@  Xmy1(k) = xXm(k) = 3p,, ()1,
(b) Determine Hp;_,, by removing the [,,,-th column of Hps—m 41
© Qu-m= [HII\-Il—mHM——m + ozl(j\,f_m)x(M—m)]~1
@ lnyr = argmingy—mi;  Pmt1 = fins (K)
©  Ypms1 (k) = Ay BR - Xms1 (K)
(f) Move the [1-th entry of vector f(k) to the position behind

the (M — m)-th entry

®  3pmsr (k) = Q [Uppys (F)]

Solutions: The estimates of the transmitted signals: [ 3,, (k) $p,(k) --- 3p,, (k) *

The decoding order: f(k) = [par prm—1 - p1)°

The matrixR. can be rewritten as follows: Qv = [HHH]_l. Before going further, it is important to
~ comment on (28). Indeed, it is well known that the computation
of any recursion introduces numerical instabilities because
R=Y h,hl +aly.y (25) y

of the finite precision of the processor units. This instability
occurs only after a very large number of iterations. Fortunately
which means thdR can be computed recursivelyMiterations in this application, the number of iterations to comp@ies
as limited by the number of receiving antenna¥)( which is
rather small; therefore, in principle, we should not expect any
particular problem here. In any case, the numerical stability can
be improved by increasing at the initialization. Furthermore,
as it will become clearer in the following, we can use any
method to comput€) and still have a very efficient algorithm.
In the proposed algorithnQy; is computed only once at
the first iteration using (28). The complexity to comp@ey;
_ _ is in O(NM?). OnceQyy is computed, it is easy to determine
Rivy =R, Ro = alar. 27) P1 frorr(1 (24).)Continuir[19]the process for this first iteration, the
Using the Sherman—Morrison formul@,can also be computed inPut estimate is computed as follows:
recursively as

n=1

l
R[l] = Z hn:hi{ + oIy

n=1

=Ry_1) + hphy! (26)

and

M
Ypr (F) = ) gpombl x (k) (29)
Q= Qy - HIDhE Qi (28) ST
1+hffQp_yjhy. and
With the initialization QO = (I/OZ)I]\/[X]\/[, we obtain §p1 (k) -0 [ym (k’)] ) (30)

Qv = HYH+ aIMxM]_l, which is Qj; of dimension
M x M. Note that if we start the process at iteratibh+ 1  The last step (Step 3) is the same as the one for the V-BLAST
with the initialization Q= Yol h,.hZ, we obtain algorithm.

n:?’
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For the following iterations, the process is different. We showhere

that the matrixQ can be deflated recursively. We have
Bp, =hZ h,, +a

T
Qw) VM-1= [hzfllh:m hgh:Pl T hﬁ/[—lhml ]
1 _
=Q=[H"H+odyxy] =R’ and
hZh,+a hfh, .- h¥hy 77! Y

hih, hZh, +a - hih., Ry—1 =Hy Hpy 1+ aliy—1yx—1)-
a : : : ' It can easily be shown that

hif by hij/h, -+ hif/hay +a . T, Vi1

(31) Tha B —
Q]\’[ = viE o -t vi "I}_1 v (35)
. . VM1 M1 1 + M—-1-mM—_1VM-1
After p; corresponding to the elemegy, (k) with the smallest Bo, Br 5z,

variance is determined, we can interchangeptfta and Mth
entries of the transmitted signglk) such that thél/th signal is
currently the best estimate. Of course, the indices of the trans- T Ry o — VM1V
mitted signals will be tracked after the reordering. Accordingly, M-t M-t Bp,

the p;th andMth columns of the channel matrl should be o
interchanged, which can be easily done by post-multiplfihg 'S the Schur complement gf, in Q;, . Furthermore, from (36),

here

(36)

with a permutation matri®,, »,, which is given by we deduce that
-1
H
r 7 _ VM1V
10 - 0 Ry, =Quo1= Ty + — M= (37)
0 /6171
' 1 and using the Sherman—Morrison formula, we obtain
0 1
: B T, varoavi (Tob
PPlZ\I = . 1 0 Qlwfl = T]\,fl_l - ML H TYI 1M1 . (38)
. Bpy + Vi1 Th_ivar—
1 0 Clearly, (38) shows that the mati@ can be deflated recursively
0 0 1 0 0 0 in O(M?) at each iteration. In the general case, we have
T M
L p1 4 s Ry— V-
M x M RZ\J—m—i—l — v%{[ m ;\3[ m (39)
Since Mo "‘ S
-1 M—mVM—m
Q . T]\,[_m - Boom
(HP,,00)" (HP,, 1) + odarar M=m+l = vl LT 1 View Ty Vaem
Bom Bom Bz
=Ppum (HHH + OlIMxM) Py, (32) i g (40)
. . ’I‘i1 Vs VH rJ:li1
it follows that the rows and columnsg andM of the matrixR. Quriem :T]—Ml_m _ T M-m ﬁim f‘_f;m M=m — (41)
should be permuted. Equivalently, we can permute the rows and R 5 v Y, 7 Vi
columnsp; and M of the matrixQ, which can be easily seen

Note thatR,;_,, is not computed but rather easily determined

from Rys41-.» by removing its last row and column. Only

R, = R is calculated at the first iteration. Similarfgy,

is obtained without additional calculation. Table Il summarizes
. . (_33) the proposed fast V-BLAST algorithm. The complexity of this

For easy presentation and without much confusion, V\!ffgorithm is iNO(NM?2 + M?). For N = M, the complexity

stil Xse Qus to denote the matrix gfter pgrmutatlon, s reduced by a factor aff compared with the V-BLAST algo-
Qr=P, nQP, ;. These permutations will allow us tojthm.

remove the effect of the channkl,, easily. In this case, we

from

(Pp,uRPy ) =Py yR'P, 0 = Py QP 1y

have V. COMPLEXITY EVALUATION
rhflhg +« h%h., e hflh,, -1 We now look at the computational complexity of the proposed
hZh, hlh,+a - hfh,, fast V-BLAST algorithm and compare it with the traditional
Qn = . . ) V-BLAST and the square-root algorithms [4]. Since the trans-

H5 0 B : mitted and received signals as well as the channel matrix are
L hy hy h; ho o hy hy, o complex, all processing is conducted on complex values. There-
- -1 . g T . o« o .
Ry-1 vum—1 fore, unless otherwise specified, multiplications, divisions, and

- i vl B, (34) additions refer to complex operations throughout this section.
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TABLE I
FAST V-BLAST ALGORITHM

Initialization: x; (k) = x(k)

Compute R = Ry and Q = Q,, recursively using (26) and (28)
fk)y=[12 - M|"
h =argmingarii,  p1 = fi, (k)
Yp: (k) = 2y amihfxa (k)
Interchange the entries /; and M of the vector f(k)
590 (k) = Qlup (K)

Recursion: form =1,2,... M -1
@ Xms1(k) = X (k) = 3 (K,
(b) Permute the rows and columns /,, and M —m + 1 of Rasy1-m
(c) Permute the rows and columns /,, and M — m + 1 of Qpri1_p,
(d) Determine Rys_sm, Var—m, and Bp,, from Rysp1-mm
(e) Determine TXLm from Qps41_,,, by removing its last row and column
(f) Compute Qp,_,, recursively using (41)
®  lntr = argmingm-mii,  Pmt1 = fipy (K)
) Yppyi (k) = " a0ty gy X1 (K)
(i) Interchange the entries l,,41 and M — m of the vector f(k)
0 Bppss (B) = Q [Ypuy ()]

Solutions:  The estimates of the transmitted signals: [ 35, (k) 3p,(k) --- 3p,, (k) v

The decoding order: f(k) = [par par—1 -+ p1)7

The computational complexity of the traditional V-BLAST Substituting (43) into (42) yields
method can be evaluated as follows.

* Using the traditional V-BLAST algorithm, we need to di-
rectly invert the complex matrix

Rarem = Varem (B3 _me + X ar—myx(vi=m)) Vii—m
(44)
where
_ 7H .
Ryem = Hyr  Har—on + X —myx (v —m) (42) E%M_m;C :d|rslg()\?\,[_m,17 )‘%\/I—m,27 e )\%/I_WM_m)

with dimensiong M — m) x (M — m) at themth step eR(A=m)x (M=m),

of the recursion. With Gauss—Jordan, computing such an
inverse require¢M — m)?® multiplications/divisions and
(M —m)* —2(M —m)® + (M —m) additions. In spite Q,, . =V,, .. (3200 + aI(M—m)x(M—m))_l vi
of the efficiency of the Gauss—Jordan method, it is barely M ’

used especially in a fixed-point implementation because of _ Z AN iV iV (45)
its poor stability. The most numerically stable way to com- ” e
puteR;,{m is via singular value decomposition (SVD) of

Taking the inverse of (44) produces

i=1

Hj;_,,, which is given by where
1
HM—m = UM—sz—mkajfm (43) YM—m,i = m
whereUj/_,,, € CV*N andVy,_,,, € CAM—m)x(M=m) andv s, .; is theith column vector of matri®V a7 _,,.
are unitary matrices, antly—,, € RN *(~™) has the Using the Golub—Reinsch algorithm, the complexity of
form performing an SVD offl;;_,, to compute onlyZa;_,,

andV/_p, is4N(M — m)? + 8(M — m)3, which im-
Yp—m = diagArr—m.1, AM—m.2s-- s AM—m, M—m)- plies approximately equal numbers of multiplications and



additions [8]. AfterX,,_,, andV,_,, are determined,

forming Qas_.» according to (45) require§Vl — m)3 +
(M —m)? multiplications and M —m)3— (M —m)? addi-
tions. Therefore, computin@ ;_,, needH(M —m)? +
(4N + 1)(M — m)? multiplications and)(M — m)* +
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tions and additions ae/ N (M +1)/2 and(M?N +
MN — M?)/2, respectively.

On the other hand, it is efficient to compu@,,
recursively using (28). At each step of the recur-
sion, at least2 (M?+ M) multiplications and

(4N — 1)(M — m)? additions.

* In order to computey,, ., following Step (e) in Table I,
(M —m)(N +1) multiplicationsand M —m)(N +1) —1
additions are necessary.

(3M? + M) /2 additions are necessary. Since there
are N steps to determin€),,, the total numbers
of multiplications and additions a@V/ N (M + 1)
andM N (3M + 1)/2, respectively.

* Nulling out the effect of source,  on the received signal » Computing y,, (k) according to (29) requires
requiresN multiplications andV additions. M(N + 1) multiplications and (MN — 1)
Collecting these results, since there is a one-step initialization additions.  Thus, the initialization takes

and (M —1) steps in the recursion with the traditional V-BLAST (5M?N/2 + TMN/2 + M) multiplications and
algorithm, the total number of multiplications is as shown in the (2M?N +2MN — M?/2 — 1) additions.
first equation at the bottom of the page, and the total number ¢ Consider thenth (m = 1, 2,..., M — 1) step of the
of additions is as shown in the second equation at the bottom of recursion.
the page. If the numbers of transmitting and receiving antennas « It takes N multiplications andN additions to null
are the same, i.el = N, then the total numbers of multipli- out the effect of the sourcg,, on the received sig-
cations and additions afé3/12)M* + (22/3)M?3 + O (M?) nals.
and(43/12)M* + (20/3)M? + O (M?), respectively. « Computing Qa7 Using (41) need2(M — m)

In the square-root algorithm for V-BLAST decoding, the (M — m + 1) multiplications and M — m)(3M —
square-root matriQ}/*  of Qu_,n is recursively computed 3m + 1)/2 additions.
by using Householder transformations. Applying a House- + To estimatey,, ., (k) according to Step (h) in
holder transformation to a given matrix with respect to one of Table Il, (M — m)(N + 1) multiplications and
its column/row vector requires equal numbers of multiplica- (MN —mN — 1) additions are necessary.
tions and additions. As given in [4], the square-root algorithm Hence, in the recursion, the number of multiplications is
requires (2/3)M* + TM?N + 2MN?* + O (M?+ MN) e
multiplications and additions. I#/ = N, then these numbers '
turn to (29/3)M® + O (M?). Indeed, square-root operationsz [N +2(M —m)(M —m +1) + (M —m)(N +1)]
were omitted in the evaluation. m=t 9 1 1 1 7

Let us compute the computational complexity of the proposed = M3+ _M?’N+_-M?*+_MN—-_-M~—-N
fast V-BLAST algorithm: 3 2 2 2 6

« In the initialization, we need to determidRe,;, Qas, and and the number of additions is

yp, (k). The computational cost of these operations are
given as follows. OZ N+ (M —m)(3M —3m +1) +(MN = mN - 1)
« DeterminingR, using the recursive method has no‘ = 2

computational advantage over the direct matrix mul- 1. 1, 1, 1
tiplication. The numbers of necessary multiplica- = §M + §M N - §M + gMN -M-N+1
M-1 M—-1
> [9M —m)® + (AN + 1)(M —m)* + (M —m)(N +1)] + Y N
m=0 m=1
9 4 29 ) 13 13 2
=-M*+ -M*N + =M*+ -M?’N+ —M*+ —MN+-M—-N
4 + 3 * 6 + 2 + 4 * 6 * 3

9 4 29 5
= M* 4 SMPN + M+ %MQN +0O (M?+ MN)

M—1 M-—1

> 9(M —m)*+ (AN = 1)(M —=m)® + (M —m)(N+1)—1] + > N

m=0 m=1

9 4 25 5 9 13 2
=~M*4+-M3N+=M3+-M>’N+-M?*>+MN—-=-M—-N

TR 5 *3 S 3

9 4 5

25
=M*+ —M3N + —=M3+ ZM?>N +0O (M?>+ MN) .
M3 + M+ 3 + O (M?+ MN)
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the algorithm’s computational complexity, independent of what
machine it runs on. Although the absolute number of flops for
the studied algorithms are not particularly meaningful, their rel-
ative values illustrate the great efficiency of the proposed fast
V-BLAST method. The result is shown in Fig. 1. As can be
clearly seen, the square-root V-BLAST algorithm is more ef-
ficient than the traditional V-BLAST only when the number of
antennas is large, in particular whahis greater than 10, but so
far, only four or eight antennas are interesting in practice, and
the square-root V-BLAST algorithm is not advantageous. The
proposed fast V-BLAST has the least flops for all numbers of
transmitting/receiving antennas.

VI. CONCLUSIONS

A general V-BLAST system withV/ transmitting antennas
and N receiving antennas was studied, and an efficient al-
gorithm with low computational complexity was developed

Fig. 1. Comparison of computational complexity among the V-BLAST, théor optimum sequential nulling and cancellation detection
square-root V-BLAST, and the proposed fast V-BLAST algorithms for differerdcheme. The proposed algorithm avoids directly inverting

numbers of antennas.

a matrix and finds the minimum mean-square error filter
coefficients via induction with the help of the inverse of a

Summing up the complexity in the initialization and recurblock partitioned matrix and the Sherman—Morrison formula.

sion, we get the total number of multiplications

2 1 1
3M3 +3M?2N + 5M2 +4MN — 8M— N
2

= SM* +3M?N + O (M + MN)

and the total number of additions

1 = =
§M3+%M2N—M2+%MN—M—N

_13§2 2
__2A1-+2A1JV4—O(A1-+A4N).

Compared withO (M* + M3N) complex operations that
are required to determine the optimum detection order and
estimate the transmitted signals using the traditional direct
matrix-inversion method, the proposed algorithm requires
O (M®+ M*N) operations, which is a complexity reduction
by a factor of M. To be exact, whetV = M, the proposed
algorithm reduces the flop counts over the traditional method
by a factor of M + 2. A comparison between the proposed
algorithm and the square-root method whose computational
complexity is also on the order 6f (M* + M?2N) reveals that
the proposed algorithm is still more efficient with a speedup
of 2.76 in flops whenM = N. This paper addressed the
computational complexity of V-BLAST algorithms in a rather

If M = N, then the proposed fast V-BLAST algorithm requiregjmple flat-fading environment. Further work will extend to the

(11/3)M?3 + O (M?) multiplications angM? + O (M?) ad-

spatio-temporal BLAST systems with more practical and more

ditions. Therefore, the speedups of the proposed algorithm %ﬁ%fneral frequency-selective wireless channels.

the traditional V-BLAST in the number of multiplications an
additions aret3M /44 + 2 ~ M + 2 and43M /36 + 20/9 =
1.2M + 2.2, respectively. Compared with the square-root al-
gorithm, the proposed algorithm is also more efficient, and them
speedups in the number of multiplications and additions are[2]
29/11 = 2.6 and29/6 ~ 4.8, respectively.

Note that one complex multiplication/division takes six (4
floating-point operations (flops) and one complex addi-
tion/subtraction needs two flops. Therefore, the flop counts
of the traditional V-BLAST and the square-root algorithms
are approximately(43/42)M + 43/21 =~ M + 2 times
and58/21 =~ 2.76 times, respectively, more than that of the [5]
proposed algorithm in the case df = N.

In order to justify the complexity analysis presented in this
section, we carried out some numerical experiments to count thé?l
floating-point operations (flops) per data sample for the studied
V-BLAST algorithms for different numbers of transmitting/re- [7]
ceiving antennas. It is well known that for a common floating-
point implementation of an algorithm, the flops dominate the g
calculation, and the number of flops is a consistent measure o%

(4]
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