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Abstract

In this letter, a novel low-complexity optimal channel esdtor using uncorrelategeriodic com-
plementary sets of binary sequences is proposed for nmeHiplut multiple-output (MIMO) intersymbol
interference (ISI) channels. The estimator is optimal siit@ttains the minimum possible CrémRao
lower bound (CRLB). Moreover, it can be implemented withywésw complexity via ASIC/FPGA,

which makes it suitable and ready for practical MIMO systems

Index Terms
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. INTRODUCTION

For quasi-static or slowly-varying fading channels, tragabased channel estimation has been widely
used [1]. Some information theoretical guidelines for tir@gnsequence design over MIMO intersymbol
interference (ISH channels are given in [2]. However, the sequences given]imggy result in high
peak-to-average power ratios (PAPR), which normally shdnéldavoided in practice.

To overcome the above PAPR difficulty, an optimal trainingdosbshannel estimator was proposed in
[3] using uncorrelatedperiodic complementary sets of binary sequences, where the gudadi fetween
data and training symbols are padded with zeros. Neveahethe approach of [3] is not applicable to
systems where the guard period is filled in with some known syswduch as cyclic prefix (CP) of training

sequences, shown in Fig. 1, e.g., the midamble in TD-SCDMA p,3G standard proposed by China.
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We use ISI and frequency-selective interchangeably in this letter.



In order to address channel estimation in such systems,ignidtier, we propose to use uncorrelated
periodic> complementary sets of binary sequences for optimal trgint the end, comparison with
existing binary training sequences such as ZCZ sequendé$ #id impulse sequences [2] are provided
as well.

Notation: (-)™% reserved for the matrix transposg)™! for the matrix inverse(:)! for the ma-
trix Hermitian, tr[-] for the trace of a matrixdiag(oy, 02, -+ ,0n) denotes the diagonal matrix with
01,02, ,0n On the main diagonalec(:) stacks all the columns of its matrix argument into one tall
column vector[Almn is the (m,n)t" element of the matrixA, E[] is the mathematical expectation,
(-) is the sample averagéd,, denotes them x m identity matrix, 1,xn iS anm x n matrix whose
entries are 1t [Im, n] implies thatt is an integer such thanh < t < n, [rdpresents the Kronecker
product, XIik the smallest integer not less than [XICik the largest integer not greater than 1]
denotes the Frobenius norif)y is the moduludN operator[1, is the forward shift permutation matrix
of orderm [7, pp. 27], andAI!, shifts the matrixA, which hasm columns, cyclically to the right
by | columns. We also havdy For mod N circular convolution and—fbr linear convolution. Unless
otherwise mentioned, lower-case bold letters represemtvextors, whereas upper-case bold letters are

used for matrices.

Il. SYSTEM AND CHANNEL MODELS

We consider a frequency-selective block fading MIMO chdénhet H = [Hg, H1, -, H_] be the

L + 1 tap discrete-time channel impulse resm_ahnse (CIR) of the @Hfvequency-selective channel with
i) - hane (D

Nr transmitters andNr receivers, wherdd; = E; : LHI, L]. In addition, we assume
that elements oH are independent Gaussiar:]N‘r?élrggdfh h\7§'r'i\5l(all)e with zero meaheach subchannel
hn,.n. = [Pn, n(0), hn, n (1), -+, hn, n(L)] has unit power, i.e.,%‘E I|:|hnhnt(l)|2I:|= 1. Moreover,
the I taps of all the subchannels have the same pawet.e., E %n,,nt(l)FD: o, | O L], O}, n¢.
It follows that IE‘c. =1. We also definelCs = E Iﬁ,‘%{th,‘%fnt I:elﬂs the covariance matrix among the
L + 1 taps between thaf" Tx andnt" Rx antennas, given b€ = diag(ao, 01, - - - , 0 ), A}, Ne. With
h = vec(H), we haveCy, = E[hh'] = Cs [Inl n..

A typical frame structure for the signal transmitted by th Tx antenna of a MIMO system is
shown in Fig. 1, where the vectsp, contains the training sequence of lenddh, CP,, = [sn,(Ns —

L), - ,sn (Ns — 1)], the cyclic prefix ofsy,, is used to separate data and training symbols,Garg ,

2The periodicity is due to the presence of the CP.



which denoted. 0’s, is used to avoid the interframe interference [2]. The ikexxktraining signal orNg

Rx antennas, after discarding those polluted by the dataalifel, can be written as in the matrix form

[8]

L1
Y = y/NrHS+E, (1)
whereS, the Ny (L + 1) < Ns training matrix, is given by
1 1
s(0) s(1) - s(Ns— 1)

-1 s(0) e s(Ns—2) @

S(Ns—L) s(Ns—L+1) --- s(Ns—L—1)
in which s(n) = [s1(n), s2(n), -, sn, (M]5-and Y = [y(0),y(1), -, y(Ns —1)], in which y(n) =
[y1(n),y2(n), -+, yne (N)]=-The complex noise matrix in (1) is definedEs=[e(0), e(1), - - - , e(Ns—1)],
wheree(n) = [e1(n), e2(n), - - - , en, (N)]=Note thats(n), y(n) ande(n), [A] are column vectors,, (n)
is the training symbol transmitted by tm" Tx antenna at timen, y,,_(n) is the signal received by the
nt" Rx antenna at time, e, (n) is the additive noise componentyg, (n), and finallyy is the expected

signal-to-noise ratio (SNR) on each Rx antenna.

[Il. OPTIMAL TRAINING SEQUENCES
A. Criterion for Optimal Training

For channel estimation, we assume the elements of the \alditise matrixe are spatio-temporally
white Gaussian, and independent of the element$dofFollowing the terminology of [9], the best
estimator for the random channilel is the minimum mean square error (MMSE) estimator, presented b
the following proposition.

Proposition 1: For the system model in (1), the MMSE estimatorkdfis given by

1 ]
by INgYSESstyIneCH Ly, (3)
with the following total mean square error (TMSE)
IS5 -
e=y NN tr SSSYTINGCH G (4)

3To obtain a meaningful estimate, we nesig(L + 1) < Ns.



Note thate coincides with the Bayesian CREBThis proposition can be easily proved by using Theorem
11.1 of [9], combined with the definition of}, and the equalitwec(AZB) = (B=HFA)vec(Z), upon
rewriting (1) asvec(Y) = I%I\#(S‘%Iﬂf‘l,?)vec(H) + vec(E).

From (4), we can conclude that the Bayesian CRLB depends ondinéng symbol matrixS, when the
number of Tx and Rx antennas, SNR, and the fading covarianag&ni@¢ are fixed. Under the Tx power
constraint of training symbols, minimization efthroughS is achieved by the following proposition.

Proposition 2: If each training sequence has unit power, |&%’l |s.r,t(n)|2 =1, [y, the mini-
mum Bayesian CRLB is obtained if and only if the training setwes satisfy

SS™ Nolpy, (L+1)- (5)
The semi-unitary condition in (5) is derived in [2] and [8]. ¢@neral, it is hard to find such training
sequences to satisfy (5) [8, pp. 179], since it requires #ilathe training sequences have perfect
periodic autocorrelations and cross-correlations withitemporal shifts. However, by using uncorrelated
complementary sequences, we can handle this problem.tlriffae use more than one, say, two training

sequences [3], each of lenghth per frame per Tx antenhathe optimality condition in (5) reduces to
SaSA+ S8SE = 2N Iy, (L+1), (6)

by pluggingS = [Sa, Sg] into (5).

The new condition in (6) implies theBs and Sg need to be uncorrelated complementary in terms
of periodic correlations, which is the property owned by thecorrelatedperiodic complementary sets
binary sequences. Therefore we can use them for optimairtgaiin what follows, a brief description

for them is given first, then the optimal training sequencescanstructed accordingly.

B. Uncorrelated Periodic Complementary Sets of Sequences

Let aj = [aij0,ai1, " ,ajn-1)] e @ sequence atl’s, and Yy, o, (K) = ji_ol aij i (j+kyn s Kl =
N—1, is theperiodic auto-correlation of;. A set of sequence&ai}?:_&, each withN elements, iperiodic
complementary if and only if ';izoi Wa, a; (k) = 0,k B 0 [12]. If another set of sequenc{i;)i}'?;ol is
periodic complementary ano‘ %jwai,bi(k) =0, |k|=N-1, whereyg, p, (K) = Ji-;‘:_ol ai jbi +iyn s [KI=

N—1, then we call{bi}f’:_ol a mate of{ai}?;ol, and vice versa. A collection gferiodic complementary

“The concept of CRLB for random parameter estimation was introduc¢ti0in and named Bayesian CRLB later, say, in
[11].

®Now the condition in footnote 3 can be written b (L + 1) < 2N.



sets of sequence@ai}?;(}, {bi}?;ol, {zi}?:_ol are mutually uncorrelated if every two periodic
complementary sets of sequences in the collection are méteach other [13].

Since theaperiodic complementary paifag, a1} is alsoperiodic complementary [12], the recursive
method used to construct aperiodic complementary pair [3][14] can be utilized to generatgedodic

complementary pair, i.e.,

(m) _ (m-1) (m—1)
ok —ak A (k—dm)
,  m L1, M], @)
A(M — (m=1) _ _(m—1)
1K 0.k 1,(k—dm)
with agf& = afll = 0k, wheredg = 1,0k = 0,k B8 0, and{d1,dy,--- ,dm} is any permutation of
{20,21,...  2M~1} After M iterations, we get a pair of complementary sequersgeanda;, each of

lengthN = 2M,

C. Construction of Optimal Training Sequences

Based on property 3) in [158 andd; are also complementary, whele s the reverse of the sequence
b, ie., ﬁk = bn—1—k, K [JO] N —1]. Moreover, according to Theorem 11 in [1§h1, —30} is the mate of
{ap, &1}. Forp = 2, two uncorrelated sets of complementary sequences camieeaged by the procedure
described above, which are not enough when we hyve- 2. However, we can use different shifts of the
two sequences for different antennas. One possible tgaawsignment for all the Tx antennas is given in
Table I, whereNT = 2[Nr /2[and thelT’s represent the shifts. Based on Table I, we have the midambl
which containss,, A andsp, g, shown in Fig. 2, wher€P,, o = [Sn,a(N —L), - ,sn,a(N —1)] and
CPn.B = [Sn.,B(N —L), - ,sn,.8(N —1)]. Of course the training symbols will interfere with the data
However, the interference can be mitigated after chanrtghason using the known training symbols.

As a simple example, foNf = 4, N = 4, andL = 1 (two taps in each subchannel), Table | is
reproduced in Table Il, usingg = [+ + +—] anda; = [+ + —+], where +” and “—" denotes “+1”
and “—1", respectively.ag anda; can be obtained from (7) byy = 1 andd, = 2. Based on the training

symbols in Table 11S,, v A, B}, can be generated according to (2). Therefore [Sa, Sg] is given



by

1 1
++4+— | +—++
+—+ | +——— []
— 4+ | +++— [
+4++ | ——+— [
S= + 4+ | ++—+
— (8)
++— | —+—— [
+—+ | —+++ [
+—4++ | ———+
N 0 I o B O N
Sa S

From (8), it is easy to check th&S™= 2N Iy, (L +1) = 8ls.
D. MIMO IS Channel Estimator

1
For the two training sequences of Fig. 2, (1) can be rewrit®fiYa, Yg] = Y/NrH[Sa, Sg]+
[Ea, Eg]. Based on (2) and Table |, it is easy to ch&SA+ Sz S5= 2N I, (L+1), Which satisfies (6)
and demonstrates th timality of the training sym iin Table I. Furthermore, (3) reduces to
denonsirates te.pptmalfy of the trining symholsy @
H vaae}YvSy 2N N+ %Cgl 1INl , whose elements are

v 1 1
VN —
() = ot Y0 st ©)
rllt 2N o +Nr \Y
Yol VEBB} o inan,

wheren, [T, Nr], n¢ [, Nr], and! 0, L].

IV. FAST IMPLEMENTATION OF THE CHANNEL ESTIMATOR

In order to take the advantages of the filter structure in [3, a@nvert the circular convolution into
the linear one and propose a similar efficient implementatietailed as follows.

From (9), it is clear that the computations for all thNx Rx antennas take the same procedure.
Therefore, in what follows we focus on the implementation lué thannel estimator on thaf‘ Rx
antenna. First we define two row vectdng, , of length N, = [Nt/2[(L + 1) and hp, . of length
Ne = /2L + 1). These row vectors include the CIRs of all the subchannelsdmst the odd- and

even-numbered Tx antennas and rlﬂé Rx antenna, respectively, as follows

(| 1
hnr,o = hnr,l hnr,3 Tt hnr,ZDSIT/ZEIl )
O O (10)

hn,e = hn.2 bna - hp ome20;



where hn, n, = [hn, n.(0) bn, 1, (1) -+ hn, n(L)], as defined previously. Moreover, we define four
circulant matrices

Co.a = circ(ap, Ny), Cia =circ(as, Ne),
(11)
Co,s =circ(az, No), Ci,g = circ(—&p, Ne),

with circ(c), ¢ = [co,C1, -+ ,Cn—1], @S ann x n circulant matrix, whos€i, j)™" element ISC(j—i),,» and
circ(c, m) includes the firstn rows ofcirc(c) such thaim < n. Based on Table | and (9)-(11), estimators

for the channel coefficients specified in (10) can be written as

Cg— [T -
brio =  vap}YnwCoy lm2 i,
g o ] (12)
brle = L aag)YnvCiy' T2,
whereyn, v =[yn, v(0), yn, (1), - Y v(N-1)], v HA,B}, y y y
Q = diag(f) andf is a1 (L+1) row vector, and defined ds= R L SRERR < Lo

Since Iy, Ql and Iy QI in (12) serve as scaling factors only for channel estimatian
ignore them in the following discussion. Let us focus the fiesttar-matrix multiplication in (12), where
thek™ element of the resulting row vector can be writtedm,ACc‘,’%]l,kﬂ = I%[ynnA(j)ao,(j_k)N]
= IEol[ynhA((k —1-—n)n)@0n], k D, Ny — 1], which implies thatynnAC(')%' is the circular
convolution ofy,, A anddy, i.e.,ynnAC(‘)%'z Yn, A [ndo. With the same reasoning we m{r,BC(‘%'z
Yn.8 [nR1, Yn, ACTA'= Yn,.a [nA&i andyn, 8CIg'= Yn, B [n(—a0).

We define two new row vectorg, a andyn, g, each of lengttN + Ny, —1, asyn, v = [¥n, v(0), - -,

Yo v (N = 1), ¥, (0), -+ ,¥n, v(No — 2)], L.€., ¥n, v(N) = Yn (M), Wherev LA, B} andn [
[0,N + N, — 2]. Using yn, A andyn, g, we can convert four circular convolutions of (12) into Bme
convolutions. For exampléyn, AC§ al1k+1 = I%[Y/nr,A(N +k—1—n)&on], k CJO,N, — 1], and
hence all the elements (yfnr,AC(',%'can be computed by the linear convolutionigf A and 3o, i.e.,
VieA L.

Based on the linear convolutions and according to [3, Sec.(3d) can be implemented using the
efficient filter structure shown in Fig. 3 on tmd" Rx antenna, where “Rep” generaigs, , from yn, y,

! I%‘the complex adder, Aﬁ’—_relpresents the complex multiplier with one real input amg @omplex
input, “z~P” is the delay unit of lengttD, {d1,d,,--- ,dm} is defined in Sec. IlI-B, “Ext 1” discards
the firstN — 1 values, keeps the nei, elements and throws away the rest, whereas “Ext 2" discards
the firstN — 1 values, keeps the ned, elements and discards the rest. “MUX” multiplexes inputs in
groups ofL + 1 elements, with the first group coming frogI the upper bra%h; 1ixn, [CTds the

scaling vector, derived from® according to (12), anths! = hxl1, - ksl N, is the estimated CIR.



EGC stands for efficient Golay correlator and serves as thehmatilters of{ap, a;}, FGC denotes fast

Golay correlator and is functioned as the matched filtefdf, —&p} [3].

V. COMPARISON WITHEXISTING SEQUENCES

By the following comparisons with ZCZ sequences [5][6] andtalsequences [2, Table I], we can
conclude that the proposed scheme outperforms them in trbmth low PAPR and low implementation

complexity.

A. Comparison with ZCZ Sequences

ZCZ sequences [5][6] satisfy (5), therefore, can be usedgtnmal training. Compared to the scenario
where each Tx antenna uses one ZCZ sequence per transmissia) dur scheme contains only an extra
guard period of length_ (see Fig. 2, where th2"d CP is used to separate the two training sequences).
However, this loss in spectrum efficiency is negligible, doghte large frame length.

Regarding to the hardware complexity, according to Fig. 3sach Rx antenna, onl/log,N + 2 I?I
[3] and one I%elz needed. However, for ZCZ sequences, they mn&€@N — 1) %‘nd one I%’me
Ny finite impulse response filters are required, each Wih= 2N coefficients. This is more complex
than the proposed scheme of Fig. 3.

The PAPR of a sequence = [x1, X, - ,Xn] is defined aPAPR(X) = . Hence the

:1 [Xn|?

PAPR is1 for the training sequences given in Table | and ZCZ sequences.

B. Comparison with Impulse Sequences

Similar to the above comparison, when one compares our mettibdhe impulse sequences [2, Table
I], our scheme only needs an extra guard period of lehgth

Regarding to the complexity, the impulse sequences onlyireepne %’ scaling, which has less
complexity. However, the PAPR of the impulse sequencdsrifl+1), much greater tha, and not

desired in practice.

VI. SIMULATION RESULTS AND CONCLUSION

In the simulation we také = 7, Nt = 4, Nr = 4, andN = 16, 32, 64. Moreover, each subchannel has

the same exponential power delay profile such that (11__‘%3_6:' | ] L]. Fig. 4 shows the normalized

theoretical minimum Bayesian CRLB, given by,E:0 m’;‘gﬁ derived from (4) and (5) witiNs = 2N,
normalized byNrNr. The simulated normalized TMSER-- HIZYHIZ] is plotted as well, which

perfectly matches the minimum Bayesian CRLB.



The numerical results of ZCZ sequenc€432, 4, 4), G(64, 4,8) and G(128, 4, 16) [6], and impulse
sequences of lengthls = 2N, N = 16, 32,64 [2], are also plotted in Fig. 4, where we can see that, for
all the considered cases, all of them attain the minimum BiayeCRLB since they satisfy the condition
in (5).
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TABLE |

ASSIGNMENT OFTRAINING SEQUENCES TOTX ANTENNAS

Tx Sne, A Sne.B
1 ao &
2 a1 —-&
3 aolng™* &ng+t
4 ar Mg —& N5+t
Nt —1 || a I"If\,mrlz =1)(L+1) arll'lf\,mrlz [=1)(L+1)
NT alnf\‘ENr/ZEl)(Lﬂ) _fol—lf\l[ﬁlr/ZEl)(L+1)

TABLE 1l

TRAINING EXAMPLE WITH Nr =4, N =4 AND L = 1.

T smen | s

1 [+++—] | [+—++]

2 || [++—+] | [+——]

3 [+—++] | [+++-]

vl ks A e
Midamble

N

Txn, [ Data [Cn5n, 0 B, 00155, (Ns O] Data 0y

Fig. 1. A typical frame structure on thei" Tx antenna using midamble.

Midamble
AN
TXnt Data Cpnt,A Sp,.a O [Snt,A(O)'D ’Snt,A(N 0 1)]CPntB Snee 0 [5n,(0).0,5, s (N OD] Data ‘OlD\J
L N L N

Fig. 2. The proposed entire frame structure on & Tx antenna.
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ynr,A

Ext 1

Ynn54+nﬂﬂ§%ﬁa

q
M
U — An,
X

Ext 2

Fig. 3. The proposed fast hardware implementation of the channelagstimn thent" Rx antenna.
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Fig. 4. The normalized TMSE of the proposed estimator for diffeféfst (Note thatN = 16 is the minimum length of our
scheme for a meaningful estimateand comparison with ZCZ and impulse sequences.



