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Abstract— Accurate estimation of MIMO frequency selective channel models and the criterion for optimal training desig
fading channels is important for reliable communication. In this  are addressed in Sec. lll and IV, respectively. The conttmic

paper, a new channel estimation scheme which relies on uncor- of optimal training symbols is stated in Sec. V. The fast
related aperiodic complementary sets of sequences is proposed. e

Theoretical analysis and Monte-Carlo simulation show that the !mplementatiqn of low hardware apd computation ComP'EX“Y
estimator achieves the minimum possible Crarer-Rao lower IS presented in Sec. VI and the simulation results are put in
bound (CRLB). Furthermore, low-complexity algorithms for both ~ Sec. VII. At last, the conclusion remarks are summarized in
ASIC/FPGA and DSP implementations are provided, using the Sec. VIII.
special structure of the uncorrelated aperiodic complementary Notation: We reserve upper bold letters for matrices, lower
sets of sequences. .

bold letters for vectors, sequences or sétg, for the matrix
transpose(-)~! for the matrix inverse for the Kronecker
product,E(-) for the ensemble average(-rfor the trace of

In general, there are two classes of methods applicablegnatrix, Iy for the N x N identity matrix, 0, for the
estimate the channel state information (CSI): blind estimg, x , zero matrix,| - || for the Frobenius norn;] for the
tion and training-based estimation. For quasi-static owl-  sample averagez] for the minimum integer greater than or
varying fading channels, training-based channel estomadt equal toz, ¢ [m,n] for the caset is an integer such that
the receiver is common in practice and offers less complexit, < ¢ < 1, and diagdo, ds,- - - ,d,,) for a diagonal matrix,
and better performance, compared to the blind approach. Wgose diagonal elements are givendyd, - , d,,.
pilot-aided transmission consumes more bandwidth forstran
mitting the training symbols, but this overhead is neglgib || DErENITION AND CONSTRUCTION OFAPERIODIC
when compared with long sequence of transmitted data. COMPLEMENTARY SETS OF SEQUENCES

Some information theoretical aspects of training sequence
design for multiple-input multiple-output (MIMO) flat fadg ~ Leta; = {a;0,ai1, - ,a; (v_1)} be a sequence ot1’s,
channels are discussed in [1]. Based on a parametric repd r,, »,(k) = zjj;ol—‘k'ai,nai,(nﬂk‘), |kl € [0,N — 1]
resentation of MIMO frequency selective fading channels,ig the aperiodic autocorrelation of the sequemge[7] [8].
lower bound on estimation error of training-based techesquA set of p sequences{al-}f;o1 is complementary if and
is derived in [2]. The design of the probing signal for systeranly if Zf;ol Ta;a;(k) = 0,k # 0. In this paper, only
identification of a single-input single-output (SISO) tedp sequences with the equal length are considered, therefore,
delay line model is addressed in [3, pp. 90-95]. The optimi[f;ol Ta;a;(0) = pN.
training design for MIMO ISI channels is given in [4], and |f another set ofp sequences{bi}f;(} is complemen-

I. INTRODUCTION

the training symbols are delta pulses. tary and 7 ra (k) = 0,Vk, where ry p, (k) =
For MIMO flat fading channels, one can easily desig ,]L_Ol_k @inbi iy, kK € [0,N — 1] and ra, p, (k) =

training sequences that satisfy the condition given in [1] (_r) k c [-N+1,-1], then we call{b;}?~] is a mate
and [5]. However, due to the block-Toeplitz structure of thgf“{;i}z_}:ol_ Of course,{a;}'—} is also a mate offb; 1=,
training matrix shown in (4), finding such sequences fQfore elaborate discussion can be found in [7]. B
MIMO frequency selective channel estimation is a difficult

task [5]. To overcome this problem, we propose a two-sided

(preamble and postamble) training structure shown in Fig.,1 T‘Pmmbl& s | Ga) Data [Gap | Postamble s, |
using uncorrelated aperiodic complementary sets of segsen
based on the SISO method of [6]. In Fig. 1, the gaps are filled: T\memble S2.1 \ Gap\ Data \Gap \Postamble $20 \
by L 0’s to separate the data and training symbols.

The rest of the paper is organized as follows. Definitiof,,, | [preamble sy, | Gap | Data [ Gap | Postamble sy,

and construction of uncorrelated aperiodic complemergaty
of sequences are given in the Sec. Il. MIMO system and Fig. 1. Frame structure in a MIMO System.



A collection of uncorrelated aperiodic complementary setghere theN, (L + 1) x (N, + L) training matrixS is defined

of sequencesa, }’~ !, {b;}'=,, -+, {z;}'~) aremutuallyun- by
correlated if every two uncorrelated aperiodic complementary
sets of sequences in the collection are mates of each other. s(0) s(1) -+ s(Ns=1)Onp1--- Onpg
As an_exgmple, leb = 2. According to property _9) of [9], S Ony1 @)
the aperiodic Golay complementary sequence faijt a; } of C . N ’
length N = 2M M > 1, can be constructed by the following . : : : ' © Ongpg
recursive method [10] Onpa -- Onp s(0) s(1) -+ s(Ns—1)
2l — gm=1) | (m=1) in whichY = [y(0) y(1) --- y(Ns+ L —1)], E = [e(0)
m) _ 1) _ 1) @ e() o e(N,+L—D)] 5(n) = [s1(n) s2(n) - se(m)]”,
ay =agy = alp, n €0, N, — 1], y(n) = [1(n) ga(n) - .yn ()], e(n) =
lex(n) e2(n) -+ eng(n)]", n€[0, Ny+L—1].
with o) = al’) = 5, wheredy = 1,6, = 0,k # 0,  Clearly, s,,(n) is the training symbol transmitted by the
{Dy,1 ’S m S7M} is a permutation of{1,2,... ,2M~1}, n!" transmit antenna at time, v, (n) is the symbol received
After M iterations, we get a pair of aperiodic Golay compleby then!! receive antenna at time, polluted by the additive
mentary sequences, anda;, each of lengthV. complex Gaussian noise componept(n) of zero-mean unit
Based on property 3) of [9h, and &; are also aperiodic POWer, p is the expected received signal-noise-ratio (SNR) at

—

complementary sequences, wheke is the reverse of the each receive antennaa_r.\d is the length of the training block.
sequenceb, i.e. ‘gk — by_1_r.k € [0,N — 1]. Moreover, Moreover,H and E are independent.
according to Theorem 11 in [7], i{x,y} are a aperiodic

IV. CRITERION FOROPTIMAL TRAINING DESIGN
complementary set of two sequences of length then c ON FORO G DESIG

{y,—%X} is its mate. So{a;, —ag} is the mate of{ag, a1 }. In this paper, we consider the total mean square error
These properties will be used for optimal training sequenc€TMSE) of the estimation only as the optimal design criterio
construction in Sec. V. In addition, we treat the channel matrH in two different

For example, ifN = 16 and D,, = 2™~ !, thena, = ways. In the first approactH is an unknown deterministic
{+++-++—-++++—-———+—}anda; = {+++—++ matrix. In the second setup] is random and independent of
—+4———+++—+} are a pair of aperiodic complementanthe additive spatio-temporal white Gaussian ndis@lements
sequences, wherg denotest+1 and — for —1. of H are Gaussian and independent with zero mean, and each

subchanneh,, ,,, = [An,. 1, (0), Ay (1), -+, B, (L)] haS
I1l. SYSTEM AND CHANNEL MODELS unit power, i.e.,zfzo E(|hn, n, (1)|?) = 1. Moreover, thel™

. . .taps of all the subchannels have the same poWgri.e.,

We consider the block fading model for frequency selectl\@(‘h ()2)= P, €0, L], Yy, n ObvioustZL P—1

MIMO channels, where the channel matrix is fixed within ong, ;ngt defineC Lo IE(7h’ ’ }:; & ) as the cové\ﬁgnlce rﬁa-
H q n e

block and random changes from one block to another. This rt M :
. . ti among thel + 1 taps between the!" transmit andh" re-
a suitable model for indoor MIMO channels, due to the lo 9 + P ¢ T

" Weive antennas, given Wy = diag P, Py, - - - , Pr), V., ny.
mobility [11]. Following the terminology of [3], the best estimators for
Let H = [Hy H; --- Hj] be the discrete-time channel '

impulse response (CIR) matrix of the MIMO frequency Se‘le(icLeterministic and random channel representations are the
. . naximum likelihood estimator (MLE) and the minimum mean
tive channel, wherdl;,[ € [0, L], is the!™ tap of the MIMO ( )

. ) square error (MMSE) estimator, respectively, which are pre
CIR matrix, defined by sented in the following proposition.
hia(l) - hing(D) Propositipn 1. For the system model in (3), the MLE and
H, — : . : @ MMSE estimator ofH are given by

hga(l) - B z _ -1
V() Vi (1) fi— [ Nygr (SST—I—aNTcgl ®INT), )
p P

where Np and N are the number of receive and transmit

antenna, respectivelyh,,, ,(l) is the I tap of the CIR with the following TMSE
between thex!" receive antenna and thd" transmit antenna.

For perfect separating the data and training symbols as well NgrNp
as avoiding inter-frame interference, the gaps betweem the €a = Ttr
are filled by L 0's. Using matrix notation, the signals received

by N antennas, corresponding to the training symbols tranghere « = 0 and 1 correspond to the MLE and MMSE
mitted from N7 antennas can be written as estimator, respectively. Furthermoeg,ande; are the classical

N —1
(SST+apTC;1®INT) ] (6)

p 1To obtai ingful estimate dfl d at least
Y = HS + E 3 0 obtain a meaningful estimate dff, we need at least as many
Nt T ®) measurements as unknowns [1], which impli€s + L > Np(L + 1).



TABLE |

CRLB and BayeSIan CRL% reSpeCtlvely’ since elements of ASSIGNMENT OFTRAINING SYMBOLS TO TRANSMIT ANTENNAS

E andH are Gaussian and independent.
For o = 0 in (5) and (6), they correspond to MLE, and are ’

H Snq,1 Snt,2

the same as the least square estimation (LSE), given in [5]. = >
With a = 1 in (5) and (6), we get the MMSE estimator. They - u v
can be easily proved by using Theorem 11.1 in [3], combined 2 v —u
with the equality ve€AZB) = (B'® A)vedZ), and rewriting 3 ulr’ ! VITEt!
(3) as ve€Y) = /p/Nr (ST @ Iy, )ved H) + veE), where 4 vITE+! —arrtt!
ved-) stacks all of the columns of its argument into one long
column vector. : — —
The goal is to minimize the TMSE of both MLE and MMSE Ny —1 || a5 1-DE+) (551D E+D
estimators, given by (6), under the power constraint of the Np VI ET-DEAD) | (T 1= +1)

training symbols
NgN N !
min R {[SST+C¥TCq1 ® INT:| } . are shown in Fig. 11T is the forward shift permutation matrix

N U(SST)<Nr P p of order N, [19, p. 27], andxII? shifts the sequence

It has been shown that the training sequences should satf@fglically to the right byp elements. The similar assignment
the condition ofSS” o I [1][4][5], where x means pro- appll'es' to the case wher€r is odd, which is omitted due to
portional to. If the condition is satisfied, it implies thatet the limited space. ,
training sequence from each antenna is not only orthoganal t YWNen using two training blocks, i.e., preamble and postam-
its temporal shifts withinL taps, but also orthogonal to theP!®: (3) can be written as
training sequences from other antennas and their shiftsrwit
L ta ) i q [Y17Y2] = lH[Sl?SQ] + [E17E2]7 (8)

ps, i.e. Nt

« The aperiodic auto-correlation of the training sequen%erev is set as%p by considering the power compensation

from each antenna is zero withif tap shifts, except at due to the insertions oV, — N 0O's into the original binary

the zero ".Shlf.t'rsf’si(k) =0, ‘kl € 1, L], Vi, aperiodic complementary sequences, and the estimaton in (5
« The aperiodic cross-correlation of any two sequences | plifies to

zero within L tap shifts,rs, s, (k) = 0, |[k| < L,Vi # j.

SinceS has a block-Toeplitz structure, it is hard to find such ~ Nt
training sequences [&] if only one training block is used. /7~
However, for two or more training blocks, we can build such o o
optimal training sequences to satislyST + S,ST « I by  Combining (4), (7) and Table |, it is easy to show that
using uncorrelated aperiodic complementary sets of segsenS1S1 + S283 = 2NIy,.(r+1), based on the complementary
in Sec. V, where the indices 1 and 2 refer to preamble aRkpperties presented in Sec. Il. This demonstrates thenapti
postamble, respectively. ity of our design and simplifies (9) to

2 2 -1
N
§ YtStTXE :StSf+afcq1®INT> . (9

t=1 t=1

V. CONSTRUCTION OFQPTIMAL T-RA.INING SEQUENCES A thStT o\ /lILH—i—a &Cal
Let {ap,a;} be a pair of aperiodic complementary se- =1 Np v
guences given in Sec. I, each of length It is clear that the |
complementary property will not change if we append soni&"

1
®INT )

; C : )
O's to the beginning or end or both. Therefore, we define a 5 _ PNt Syt (10)
new pair of aperiodic complementary sequences as follows i, 2 NP, + aNp t ¢ g
o t=1 np,n
u:[aOaO]v ﬁ:[%70]5 ‘
B . e (7) wheren, = I[Nt +ny, n. € [1,Ng], ny € [1, N7, I € [0, L],
v=lai0], v=[aio], and [X],, ,, is the {m,n}™ element of the matrixX.

whereay anda; are generated by the recursion in (1) and
— _ N-

o= 01,(r¥%1)(L+1)’ thenN, = N + ([ 5£| — 1)L +1).
Based on the properties discussed in Sec{dl,v} and

{v,—u} are mutually uncorrelated. V7 is even, the training

symbols assignment is given in Table I, wherge ; ands,,, - a1 — |:hnr72q_1(0) P, 2q—1(1) -+ hmwgq_l(L)] (11)

wr hnﬁ2q (O) hnT,Zq(l) e hnr,Qq(L)
2The concept was introduced in [12], and named later in [13] 443 e
3Note that ZCZ [15][16], Frank [17] and Chu [18] sequences mairsatisfy whereq = [7]’ and
the above condition, since they are developed based on tioeljgecorrelation Ny
properties_. Moreover,_their structures are not suitabtefdst hardware and ZH= I 2H ... 2 H , (12)
software implementations. T v nr r

VI. FAST IMPLEMENTATION OF THE ESTIMATOR

Without loss of generality, we assume the number of trans-
mit antennas is even, i.elNt is even. By defining



whose dimension i€ x % (L + 1). Based on (11) and (12), all subchannels is multiplied by the factgeZ X2~ . Note:

the estimator in (10) that corresponds to @ antenna, can some ‘@’ units have one 4" branch anaj\(f)ﬁ; (i‘IXTbranch,
be written as while some have two+" branches.
2 About the hardware complexity, the total number of addition
nrﬁ = (Z Xtan,t>(INT ® @) , (13) units on each receive antennaditg, N + 2 [21]. However,
=1 2 upon the straightforward implementation of (13) with non-

N - ) Por/7RE binary symbols by 4 different correlators are usagl, @, a,
whereX; = [30], X2 = {_é—o and® = d'ag(zyz\?a)%7 and —4&;), the total number of required units for addition and

2V11?/1P\/11]\(17;VT"” 7 2VZLP\/L11\;TNT . Furthermore,Y,, , is a multiplication are4(N — 1) + 2 and 4N, respectively.

Hankel matrix whose dimension ¥ x %(L + 1) with the B, Software (DSP) Implementation

(i, j}™ element given by, (i +J). i.e. In Subsec. VI-A, the fast filter structure is introduced, ghi

Yo t(0) Y, t(1) - Yo, o(NAL-N) is suitable for the AISC or FPGA implementation. Nowadays,
DSP processors have enough power to implement complex

Y, .= Yn,t(1) - " Yt (NotL=N+) ,  estimation and detection algorithms, and are widely used in
: : both base stations and mobile terminals. In this subseatien
Yn, t(N=1) g o(N) -y o (NoAL-1) introduce the fast DSP implementation of (13).
14) First, we focus on computing,Y,, ; in an efficient way.
wheret € {1, 2}. Without loss of the generality, we assunig,, = 2!,
based on (1) in Sec. Il. In addition, we S¥t, ; = g%; ,

A. Hardware (ASC/FPGA) Implementation v . M1 M
, , , , whereP M) contains the firse”~* rows of Y,,, ;, andQ™)
F|r§t we consider the fast mplt_amentatlon of the pr_e"’}mb&ntains the lasz? ~! rows of Y,,, ;. Furthermore, we define
part, i.e.X;Y,, 1. From the definition ofX; and (14), it is o) PO ) Q™) .
easy to see thaX,Y,, ; does the correlation between thé® "’ = [sz} andQ'*/ = {Qim} Now XY, 1 in (13)
received signaly,,. 1 and the training sequences anda;, can be written as
respectively, with different delays. The same reasoningiep

X . (M)

to X»Y,, 2, Which does the correlation betwegp, » andag, XY, 1= a P

— U " nr, (M) | | QM) |
—ay, respectively. KBS

It is well known that the correlation can be implemented [ (M—1) (M—1) M

. . . a a P(M)
by the convolution, so we can put a filter structure shown in ="y v [Q(M)} ,
Fig. 2 for each receive antenna and do the parallel proagssin a !
to boost the estimation speed with low complexity. The fast PgM )
Golay correlator (FGC) in Fig. 2, which is introduced in [10] [a(M=2) ((M=2) (M=2) __(M-2)] | p(M)
can be obtained by taking the& transform of (1) with respect = ?M_z) %M—Q) O(M_z) (Jlu—z) %M) 5
to k | 20 ay 4y ay Q
Q"
(m) _ 4(m-=1) (m—1) —Do B
AO (Z) = AO ) (Z) + A1 ) (Z)Z (15) aéNI—Q)P(M,1)+ + a(lM—Q)Q(]w,l),
Agm)(z) _ A(()m— )(Z) . Agm— )(Z)ZiD"” = agM72)P(]\4_1)_ +ag]\/[72)Q(1u_1)+ s

with A”(z) = A®(z) = 1. And the Efficient Golay (16)
Correlator (EGC) in Fig. 2 is described in [20]. where

In Fig. 2, hy, ¢ t € {1,2}, is the t" row of ,, H. The pI—1+ _ p(n | g
“Extractor” unit discards the firstvV — 1 values, takes the -1 1o
following % (L +1) values, and discards the remainiNg- 1 pM-1- — pM) _ (M)
values, the Q)" unit after “Extractor” means thé" CIR of an

QM-+ — PgM) + QgM)
[—1)— M M
Q(M - _ Pé ) Q(2 )’

9

[oamo]— i, The number of additions (including substractions) in (17)
is 2(Ng + L — 2M-1) = N + 2(L' — 1), where L' =
npN. - Nr (L + 1). In addition, aMA P+ 5 (M2) (M)

N, ZyNP,Jra.NT _ o
Vo &P % A o]t and aM PP -D- 4 q(M= QM-+ can be calculated
} Ve N in a recursive way [22] witf2 {2 Zn]‘f;g’@m +L-1)+ L’}
additions. The total number of additions for ea®¥hY,,, 1

Fig. 2. Filter structure of the fast MLE and MMSE estimatorstba n{ andX, Yy, 2 is (4log, N__ 5)? “2‘ 2(N - 2108;_2 N +1). So,
receive antenna. the total number of additions iv;_, X,Y,, ¢ is 8(log, N —




1)L’ +4(N —2log, N + 1) and the number of multiplications
is L.

VIII. CONCLUSION

In this paper we have constructed optimal training sequence

If we calculate (13) directly, the number of additions igising uncorrelated aperiodic complementary sets of segsen

2L'(2N —1) and the number of multiplications i&'. Clearly,

for estimating block-fading MIMO frequency selective chan

direct computation of (13) requires much more operations. fels. Theoretical and simulation results are provided toate
example, if N = 128, L = 31, and Ny = 4, then the total strate the optimality of the proposed estimator. Compariéid w
number of additions in our fast recursive method is 3532, bgi{e one-side training scheme, the proposed two-sided schem

is 32640 in the direct computation of (13).

needs one more gap of lengthfor separating training and

data symbols. However, this overhead is negligiblelifis

VII. SIMULATION RESULTS

much smaller than the frame length, which is generally true

in practice. Most importantly, both fast hardware and saftw
In the simulations, we také = 15, which means 16 taps implementations of the proposed estimators are also pesen

in each subchannel, ang,

711, 7l. The two scenarios in this paper, which make them suitable and ready for real-

considered aréV; = 4, Np = 4 and N = 64, as well as world MIMO applications.

Nr =4, Np =4 and N = 128.

Fig. 3 shows the theoretical minimum classical CRLB
(when the channel is treated as unknown deterministic) arldl
minimum Bayesian CRLB (when the channel is treated as
random), given by% and Ny Efzom, re- [2
spectively, which are normalized W/[||H||%] = NgNr, and
the simulated TMSEs of both the MLE and MMSE estimatorsj3]
|H — H||2./|[H]|/%, versus different SNR levels. Note that all n
the simulation and theoretical results perfectly matctanir
Fig. 3, it is easy to see that the longer the training, theebett
the estimation performance. Also, MMSE performs betten thal®!
MLE in low-SNR region as it takes advantage of the priorg
statistical information of the channel.

Although the end-to-end bit-error-rate (BER) performanc%]
is the final result we care about, it is generally true thatéise
the estimation error, the better the BER performance, ag lori8]
as other system aspects are fixed. Fig. 3 shows the propo
schemes achieve the minimum possible CRLB, which is the
best we can do for the channel estimation. Therefore, thé]
proposed scheme will achieve the best BER performanfl:ﬁ,]
compared with other channel estimators.

[12]
. Normalized TMSE of Channel Estimation (Np =4, Ng =4, L = 15)
10 : . : ; ; [13]
——MLE(Simulation)
——MMSE(Simulation) [14]
—Minimum Classical CRLB
Minimum Bayesian CRLB
[15]

4 [16]

z

: [17]
(18]
[19]
[20]

10’ L L L L L [2 l]
-10 5 10 15
p (dB)

20

[22]
Fig. 3. The normalized TMSE of the MLE and MMSE estimatakg: = 4,
Nr =4, L =15, andN = 64, 128.
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