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Low-Complexity Multiuser Channel Estimation With
Aperiodic Spreading Codes

Zhengyuan XyMember, IEEE

Abstract—Signal processing techniques for CDMA systems em- In wireless communications, the communication channel is
ploying aperiodic spreading sequences have gained significant in- ynknown and, thus, needs to be estimated by using either
terest recently. Due to the time-varying nature of users’ unknown training sequences or the channel’'s output only. Based on

signatures in a multipath communication environment, direct de- the ch | estimat the detect b v build f
sign of blind multiuser detectors is intractable. We focus on esti- '€ ¢hannel estimates, the detector can be easily bulld tor

mating the unknown multipath parameters for each active userin @ short-code CDMA system [1], [12], [17]. However, the
the system. The problem is solved in the correlation matching con- current standards for DS-CDMA systems employ aperiodic

text based on correlations of both the directly received data and spreading codes. The time-varying nature of signatures renders

the outputs of a bank of matched filters. Three typical scenarios ) ayious channel estimation and multiuser detection methods
are discussed such as quasisynchronous uplink CDMA system with - -
not directly applicable.

AWGN, with unknown interference, and downlink CDMA system . . .
with AWGN, leading to different solutions. We model the aperiodic ~ FOr those reasons, signal processing techniques for CDMA
spreading codes as random variables. For angriori-known distri- ~ systems with aperiodic spreading codes have gained interest re-

bution of the spreading codes, their statistics up to the fourth order  cently. A number of studies for such systems have appeared.
can be evaluated, resulting in extremely low computational com- Based on the finite alphabet property of the input, an itera-

plexity of the methods. The identifiability of the channel parame- . . .
ters only depends on the nonsingularity of a deterministic matrix tive method to estimate the FIR channels and the transmitted

determined by known system parameters. In the case of unknown Symbols is presented in [13]. In [11] and [18], subspace con-
code statistics, the methods can be modified to be still applicable by cepts are adopted to identify the multipath channel. The de-
estimating those code statistics from given spreading codes. How-sign of blind receivers to suppress the interference from other
ever, in such a case, more computations are needed. Comparisons;e|s s discussed in [4]. The blind uplink channel estimation
with other existing methods show that the proposed computation- . . . . . .
ally efficient approaches can provide satisfactory results while re- method using correlation mat(?hlng techniques is proposed in
quiring significantly less computations. [20] based only on the correlation of the channel’s output con-
ditioned on the long spreading codes. The algorithm for down-
link channel estimation with low computational complexity has
been reported in [23] and for uplink channel estimation in [22].
Those low-complexity algorithms typically deal with the uncon-
. INTRODUCTION ditional correlations of the output of a bank of matched filters.

IRECT sequence (DS) code-division multiple-acceé:sor the quasi-synchronous uplink CDMA system discussed in
D (CDMA) techniques have been adopted as standardsl#2], many users experience different unknown communication
the third-generation wireless communication networks [G?,hannels. For the interest of only a group of desired users, the
[24]. In DS-CDMA systems, the bandwidth of the input signaigorithm to e_stimate _thg channel has bf—:-en developed. However,
is spread by a sequence with a much higher rate in ordert® systematic description of the algorithm and proof of some
effectively suppress the interference. Two kinds of spreaditggoretical results have not been performed.
codes exist. The periodic spreading sequence (short codes) rd0 this paper, we propose novel low complexity algorithms to
peats from symbol to symbol, whereas the aperiodic spreadﬁﬁt}i_mate channel parameters for desired users in different sce-
sequence (long codes) has a much longer period compared WRAHIOS:
the symbol duration. 1) uplink CDMA system with AWGN;
In the CDMA literature, many efforts focus on the CDMA  2) uplink CDMA system with unknown interference and
systems with periodic codes. The exploitation of such short  noise;
codes implies a time-invariant structure for the interference 3) downlink CDMA system with AWGN.
and facilitates multiuser detection. Due to their analyticdlhese cases can be describedbginput/output relationship.
tractability, short-code CDMA systems have been extensivaowever, the characteristic of the interference induces different
studied. Various algorithms to detect a desired user have beetutions. The first case occurs when all users in the system
developed and theoretical results have been provided [léte known, and the background noise is modeled as AWGN.
The second case appears when there are unknown interfers, and
Manuscript received August 10, 2000; revised July 30, 2001. The associ‘él?t.e structure of the interference is not available. Different from
editor coordinating the review of this paper and approving it for publication w§22] and [23], we formulate the problem by constructing and

Index Terms—Aperiodic spreading, channel estimation, correla-
tion matching, low complexity.
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ority in complexity over higher order statistics (HOS) method:,, (n) s1(n) (n)
. . . 1 1 nin

Moment matching has been applied to various problems st 1 (k) g1(k) o(n)
as fractionally spaced channel estimation [5], and time-varyil
system identification [15]. Estimation of downlink and uplink | | C y(n)
short-code CDMA channels has been reported in [2] and [2: ; ' .
respectively.

For the CDMA system with aperiodic spreading codes, it
shown in [20] that the channel parameters for all active users crnlk) 2s(n) gs(k) w(n)
a single user can be estimated from the conditional autocorre
tion matrix of the channel’s output conditioned on the spreading
codes. When all users are considered, the computational com-
plexity is significant since inversion of a large matrix has to be
performed many times. In this work, complexity will be signifi-USers in the system are known. In the case of the presence of
cantly reduced. Witl priori-known up to fourth-order statistics unidentified interfers, it is reasonable to model it as a zero-mean
of the spreading codes, some code-related matrices can be [Radom variable with unknown second-order statistics.
computed instead of being estimated online. The identifiability With quasisynchronization, it is possible to eliminate the in-
of the channel parameters only depends on the nonsingulaf{symbol interference in the received data. We collect dnty
of a deterministic matrix in each case. It is derived in a closdd — # Samples around theth bit interval in a vectoy(n) =
form and determined by known system parameters. In the c&@?’ + o), ..., y(n + P — D]* with p = max(q + ;)

Fig. 1. CDMA system with aperiodic spreading.

of unknown code statistics, the methods can be modified to ffe = 1, -- -, J). Similarly, let tf;e noise vector be(n) =
still applicable by estimating those code statistics from giva#i(f + 1), ..., vo(nP + P — 1)]T and the channel vector for
spreading codes. However, in such a case, more computatidfg’s beg; = [g;(0), ..., g;(¢)]". Then, according to (1), a

are involved. Simulation results are provided for typical sc&imple matrix representation follows (see also [20]):
narios. Comparisons with other existing methods show that the
proposed computationally efficient methods can provide satis- y(n) = Z C;(n)g;w;(n) +v(n) ©)
factory results while requiring significantly fewer computations.
The rest of the paper has the following structure. The problem
is first formulated for three different scenarios in Section II. Seghere thel x (g + 1) code matrixC;(n) is a truncated version
tion 111 describes in detail our low-complexity multiuser channe?f the following filtering matrix from the(z: + 1)th row to the
estimation methods corresponding to those three cases. An idBfh row

i=L

tifiability issue is studied, and expressions of some deterministic T ¢jn(0) 0 7
guantities are derived in Section IV. Simulation results and com- ’
parisons with other methods are shown in Section V. Finally, : cjn(0)
some conclusions are drawn in Section VI. Oj (n) = . 4)
cjn(P—1)
Il. PROBLEM FORMULATION
0 Loeia(P—1) ]

First, consider a quasi-synchronous uplink CDMA system [9] -
that employs.random spreading code_s. Assu_me itis knowr_1 tril_@'g, C;(n) = [éj(n)]p-i—l:l’, 1+ 441 Their relationship can thus
J mopllg stations (od users) c_ommumpate ywth a base statioryo expressed by using a selection mafFix
Userj ( =1, ..., J) has the information bit stream;(n) to
transmit through a mu_Itipath chanr@l_(m). All cha_nnels_ are C;(n) =TC;(n), T =1[0rx,Ip_,0Lx,]- (5)
assumed to have maximum orderDuring thenth bit period,
user; is assigned a random spreading cege (k) for thekth ~ The vector form input/output model (3) can be used to de-
chip ¢ = 0, ..., P — 1) with spreading facto. The signal scribe different COMA communication scenarios as discussed
from user;j arrives at the base station with delgy(0 < §; < before, depending on the modeling of the noise. It can also be
P) in chip period. Then, the received discrete-time signal catsed to describe the downlink communication if gllare the
be written as (see Fig. 1 and [20]). same. For these cases, we will discuss them respectively. Be-

sides the directly received data vecign ), we will further ex-

J q . ‘ .
ploit the outputs from théth matched filter, which correlates
y(n) = Z > gilm)si(n—m—&;) +u(n) (1) y(n) with code matrice€ ()

j=1 m=0
where yi(n) éC'z{?[(”)y(”)
=) J
sin)= Y wi(k)eju(n —kP) @) =Y Gl (n)Cj(n)g;wi(n) + C (n)u(n)  (6)
k=—co j=1
w,;(n) has powero—,fuj = E{|Jw;(n)|*}, andv(n) is modeled fork =1, ..., J. Before we derive our solutions, the following

as zero-mean AWGN with varianee® = E{|v(n)|?} if all common assumptions for these cases are first explicitly made.
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1) w;(n) is ii.d. random inj andn with zero-mean and C. Downlink with.J Users and AWGN

2 . .
varianceo, In the downlink, assume all users have equal transmitted

2) ¢ (k) isi. i d random inj, n and k, with zero-mean, 2 . A :
n poweroy, --- oz = of,. They also experience the same
variances? = E{|c; »(k)|*} and fourth-order moment IA o
mae = B{|c; n(k)[*} for Vj; if ¢; (k) is complex, its channeb1 = g; =g. The background noise is assumed to
real and ima(::;inary parts are alsd iid. be AWGN W|th zero mean and varianeg. Then, we obtain the
3) wj(n), c; n(k) anduv(n) are mutually independent. output power and the autocorrelation matrix of the received data
4) P,q,andy(n) are knownp; ande; (k) (i =1, ..., J) J
are also known. n=Y_ E{rC;(n)GC} (n)]} + olL (11)
j=1
A. Uplink withJ Users and Unknown Interference ;
In this case, there aré users in the system communicating R, = Z E{C,t’(n)Cj(n)GCf(n)Ck(n)}
with the base station. Assume that other unknown interfers con- =1
tribute stationary interferenceirgn). Its autocorrelation matrix y -
is denoted byR;..;. The methods to be presented are all based + o, E{C} (n)Ci(n)} (12)

on the SOS of the data. From (3), the autocorrelation matrix of

the data vectog(n) is whereG = o2 gg'’. Therefore, there are only two unknown

argumentG ando2. The method will be possibly simplified.
H .
R= E{y n)k= Z EAC (MG, CF (n)} + Rins [ll. CHANNEL ESTIMATION WITH Low COMPLEXITY
) " _ (7 As explained earlier, our unknowns are embedded in the SOS
whereG; = o7, g,g;", and superscriphl represents conjugate of y(;,). These SOS can be matched with their estimate from the
transpose. Sincl;,, andG; are unknown, to guarantee identigata, and the resulting error can be minimized. Corresponding
fiability, we will further exploit the outputs of matched filters. to three cases in Section 1I-A-C, we will derive our solutions,
The correlations of their outputs can be computed from (6) respectively. In particular, we will discuss the first case in more
N . o
Ry, 2 E{y, (n)yl (n)} detail, whereas the other two can be similarly treated.

A. Uplink withJ Users and Unknown Interference

- Z E{CY (n)C,(n)@;CY (n)Ci(n))

Assume all SOS ofy(n) are known or estimated. To solve

G; and R;,,;, we start from (7) and (8). In order to obtain a
+ E{Ck (n) Rins Ci(n)}. (®)  closed-form solution, we introduce thec operation that stacks

Notice that channel information is embedded in those correll# columns of a matrix into a vector [10]. It has the following
tions in (7) and (8) that are linearly parameterizedby If G;  property:
is estimated, then the estimate #gris obtained by performing
SVD on this rank one matrix within a complex scalar ambiguity.
The approach can be pursued after those correlations are eamiflis property shows th&X , can be extracted from the middle of
estimated from the received data. Thag, can be estimated the matrix product to its outside. If we defimg,, 2 vec( Rin)

based on the correlation matching idea. andd; = vec( ), then aftervec operation on (7) and (8), we

UGC(X1X2X3) = (Xg X Xl)UGC(XQ).

B. Uplink withJ Users and AWGN can obtain
J
Assume there are no other users excegctive users in the A
= R) = E{Q, d; +1in 13
system. The unknown interference is only from background r SvedR) ; (@)} d; +7ins (13)
noise. Thus,u(n) can be modeled as AWGN with power !
E{|v(n)|?} = o2. Then,R;,; becomess2I. The number of T évec(Rk)
unknowns significantly decreases. Instead of employingve J
use the power of the received signal =E{Q (n Z Q;(n)d;} + E{Q[ (n)}rine  (14)
j=1
n= E{y n)} = Z E{tr[C;(n)G; CH( N} +oiL where
9) 2 Ci(n) © Cy 15
where “tr” represents the trace of a matrix. Corresponding to @u(n) #(n) k(n) (19)
(8), we obtain where superscript denotes complex conjugate, ang™ de-
notes the Kronecker product. Considerihgossible values for
Ry = Z E{C}] (n)C;(n)G; C”( YCr(n)} k, the number of equations (13) and (14) is sufficient to solve
J=1 our unknownsi; andr;,,.. To see it clearly, first stacking (14)
+o,§E{Cf(n)Ck(n)}. (10) fork =1, ..., Jtogether, we have

In such a case, unknowns becofigando?. u=E{Q"(n)Q(n)}d + E{Q" (n)}rin: (16)
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where B. Uplink with./ Users and AWGN
w2, d2[dE, ... dY)T Similar steps can be taken on (9) and (10) to obdafirst, (9)
A can be expressed explicitly by unknowns based on the property
Q=[Q,....Q,) (A7) of “tr
Under the previous definitions, (13) can also be rewritten as n = E{vec [H(n)|} d + oL (23)
r= E{Q(?’L)}d + Tint. (18) where

In the current estimation problem,,,, is a nuisance parameter. A ' A H '

From (16) and (18);, is eliminated, to obtain an equation of (n) = [Ha(n), .. Hy(n)] Hj(n) = C5(n)C;(n). (24)

d After the vec operation on both sides of (10) and stackihg
equations, we have

Sld =21 (19) H 2
u = E{Q" (n)Q(n)}d + o2 E{vec[H(n)]}.  (25)
where Eliminating nuisance parametef from (23) and (25), we ob-
1 SE{Q"(n)Q(n)} - B{Q" (m)}E{Q(n)}, tain
2 Su-— E{Q" (n)}r. (20) Syd =z (26)

Equation (19) is fundamental to our correlation-basaghere
channel estimation method. Assume that the estimate for

from N data vectors i . As a common practice, it is obtained © SLE{Q" (m)Q(n)} — E{veclH(n)]} E{vee” [H(n)]}
by its sample average based on the sample averagesfulr 23 2w — nE{vecH(n)]}. (27)
~ 1 al Similarly, E{Q" (n)Q(n)} andE{vec[H(n)]} can be precom-
TN Z z1(n), puted. Assume thad is an estimate fog,
N
z1(n) =[Q" (n) — E{Q" (n) uecly(n)y" (n)] (21) % :% Z 22(n),
whereQ™ (n)vecly(n)y" (n)] is the instantaneous estimate for n=1
u, which is obtained by using the fact thatcy; (n )y (n)] = 22(n) = LQY (n)vecly(n)y" (n)]
Qf(n)vec[y(n)yH(n)]. In the expressions & andz;(n), the
code-related matrice8{Q" (n)Q(n)} and E{Q(n)} are data =y (n)y(n) E{veclH (n)]} (28)

irrelevant and can be precomputed. This will be discussed laighereQ” (n)vec[y(n )y (n)] is the instantaneous estimate for
Motivated by (19)d can be solved by minimizing the following 4, as discussed before. According to (26), we mininjiige d —
matching error|S:d — #i||?. The solution to this problem is %>||? and obtain
easily found to be

d=($1'5,)7'58 5. (22)

In obtaining (22), we have assumed ttgat has full column C. Downlink with.J Users and AWGN
rank. This topic will be discussed in detail in Section IV. Some | et us definer 2 vee(@G). In the downlink, it is reasonable
preliminary observation can be made about this deterministigfocus only on thé:th mobile user. Rewriting (11) and taking
matrix. It depends on the statistics of code matrices and, thy$e vec on (12), we get
can be theoretically precomputed if the statistics are derived
from the distribution of the sprea}din.g cp.dgysk (n). Therefore, _ Z E{vec [H;(n)]}z + oL (30)
the complexity to perform (22) is significantly reduced. How-
ever, in the case of unknown code statistics, the expected value
in (20) should be estimated from its sample average. Thus, the
inversion of the corresponding matrix has to be either performed”* = Z E{Qk
or updated, based on the matrix inversion lemma to estimate
(878,)~1SH for different number of available data vectorsBy eliminatings? from these two equations, we obtain
Adaptive implementation is very straightforward (e.g., [23]) and Sax = 23 32)
is thus omitted.

We will proceed to discuss two other cases mentioned befavbere
in a much similar way. Similar arguments will be applied to two A
more deterministic matrice$, andSs, which will appear in the S3=L Z E{Qil(n)Q;(n)}
next two subsections. j=1

d=(8¥S,)7'8H 7. (29)

)}z—i—a E{vec[Hy(n)]}. (31)
j=1

IHere, subscript-); means the first (current) case. Subscripjs and(-)s
will be similarly used in the corresponding equations for other two cases in the - E{UGC Hk ]} Z E{UGC J(ﬂ)]} (33)

subsequent subsections. j=1
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23 éer — nE{vec[H(n)]}. (34) Lemma 1: Under our assumptions in Section$;, S», and
S have the following expressions:
Code-related quantities are precomputed from given statistics of
the codeszs is estimated from data as

L X S1=1;,9 B“’?JZOUII,IZ,II,IZ (37)
5= ~ Z z3(n) v
= B, By, --- B
z3(n) = LQy, (nvecly(n)y" (n)] Be e
5 . T
— g (m)y(n) E{vecH(n)]}.  (35) S:=| (38)
T : »
By minimizing || Ssx — #3||%, z can be estimated as B, - B, B,
&= (S5 Ss) 184 73, (36)
S3 —LB + 0 Z Ull,lz,ll,lz
D. Brief Summary ft2=0
— ot JL?vec(I j41)vect (Iy41) (39)

In all these three cases, the low computational complexity
of the proposed method is achieved by precomputing some d(?1
terministic matrices involved in the equations. In the first twd
cases, the complexity is abot(J?(g + 1)*), and in the third
case, it is only abouP((g + 1)*). However, if those code-re-

ereB; and B, are constant matrices

By 2LB — ot LPvec(I g1 yvec” (Iy41) (40)

lated matrices§, S2, andS; are estimated from given codes by N P-1
sample averages (e.g., [20]), the involved matrix inversion will B, =0t Z Ui oty ts
require extra complexity abo@(.73(¢+1)¢) andO((¢+1)°%), I ,la=0

respectively. Therefore, the proposed precomputation approach
requires much less computation. In order to achieve low com-

plexity, the next section will be devoted to the evaluation of suéH!

quantities from thepriori knowledge about the statistics of the Uy, 1, 1,1, = (MX’ITTXIZM)
spreading codes.

— ot LPvec(I 11 )vect (L,41) (41)

® (MX ISTTXI“M) . (42)
IV. EVALUATION OF DETERMINISTIC QUANTITIES
B depends on whether the spreading codes are real or complex.

Our estimator exists only i, (or S; or S3) has full column - . . .
y 8, (or 5, ) gh real spreading code® has the following expression:

rank. These are deterministic matrices. Under our assumptiélx
in Section I, it can be observed that they are only determined by P1

system parameters, irrespective of channels. Before we presentp — ;4 Z Wi ot UL i, UL t)
the results, let us define some matrices for notational conve- T T T
nience in the followingX is a(P + ¢) x (P + ¢) Jordan ma-

{1,12=0

trix whose first subdiagonal entries below the main diagonal are 3 o U 43
unity while all remaining entries are zeros: (mae =307 lz% LiLL (43)
0 . .
With complex spreading codeB, becomes
X2 ! r—1
B=o0! Y Uitwn+Uns00)
0 1 0 =0
r—1
Matrix M has dimensio P + ¢) x (g + 1) with an identity +(mye — 207) Ui (44)
matrix as a subblock =0
M2 [I(H_IO]T' Proof. See Appendix A. |

In order to achieve low complexity, in addition to matrices
Transposes ok, T [which are defined in (5)], an@/ are de- S1, S2, andS3, other matrices also need to be precomputed
noted by in z1(n) [in (21)], z2(n) [in (28)], andzs(n) [in (35)], respec-
tively. These matrices até{Q(n)}, E{H(n)} andE{H(n)}.
X2xT, T2TT, M2 M~ From (A.1), (A.4), and (A.5) in the Appendix, we can directly
obtain them. For clarity, we present these results in the following
1. lemma.

o
(1L

The Oth power ofX andX are defined aX® 2 X
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(@) User 1

with precomputation
1 B on F

(b} User 2

Lemma 2: Under our assumptions in Section B{Q(n)}, 10°
E{H(n)} and E{H(n)} have the following expressions:

: with precomputation

)
-

E{Qi(n)} =02 ) (TX'M) @ (TX'M)
i

E{Q(n)} =[E{@i(n)}, ..., E{Qx(n)}]  (45) .l '
0 1000 200_0 _3000 4000 5000 [} 1000 200_0 ?000 4000 5000
E{Hk (n)} — O—ELI(]-FI Bit period Bit period
(c) User 3 (d) User 4
B{H(} =Ly, o, Ty, (46) S

Il
=

100 i

—_— :With precomputation
— : without precomputation |

: with precomputation |
without precomputation

According to these lemmas, the ranksf, S5, or.S; depends N 107
on the system parameters suchods my., P, ¢, J, and the £
delay relevant parametgr. However, they are independent of '
the channel coefficients. For a large range of given parameters . : s
is observed from our numerical test that these matrices have 1 20 a0 4090 5000 10 oo 2000 3000 4000 5000
rank. The rank 0B, S», or S; can always be priori checked. Bit period Bit period
However, it is intractable for a general proof [20] since several
parameters are involved. In addition to the rank conditiof;of Fig. 2. _Uplink channel _estimation errors for four out of five known users with

. . . . ten additional unknown interfers and AWGN.
(¢ = 1, 2, 3), our solutions also depend a@h. Since it can be
easily found that; is a consistent estimate ef, asN — oo,
we have Then, the vector is normalized to have unit norm. A 15-dB white
Gaussian noise is added to the system. In total, 50 independent
lim 7 = 2. (47) realizations are performed to obtain the average results.
Nmee In the first case, there are totally 15 active synchronous users
Therefore, we can obtain (delays are assumed to be equal) and 15 dB AWGN. Users’
) channel coefficients are independently generated. Among all
Ahféo d=d, Ahféo =z (48) users, only five users are known by the receiver. Another ten
users act as unknown interfers. With these parameters, the
This shows that our estimators asymptotically converge to thematricesS; and E{Q(n)} can be precomputed based on the

true values respectively. lemmas, resulting in low complexity of the method. They
can also be estimated on-line (without precomputation) from
V. SIMULATIONS given spreading codes known to the receiver. The effect of

We simulate a CDMA system with random spreading codt?ata length on the channel MSE is plotied in Fig. 2(a)~(d)

. or four out of five users. Solid lines represent the results
and multipath effect. The mean square error (MSE) of trQ/%th precomputation, whereas dashed lines represent without

channel estimate is adopted as the performance measure thﬁéﬁomputation. It is observed that both methods provide

P 2 ~ - .
E{llg — (g/ll91)] "}, whereg is an estimate for thg normallzecisatisfactory channel estimate, as indicated by the small errors
channel vectog/||g||. For the current proposed blind methods

v b timated aé®e. The oh bigui A in the figure after 5000 bit periods (about210~?). However,
g can only be estimated a&”¢. The phase ambiguity cannot 4, e gitterence exists between them. WHenand E{Q(n)}

be av0|defl. |[';IS assume(%tl(?rnave ? een rlesolvedcjpr the agqu@ estimated from the spreading codes, the channel estimation
measure to be meaningrilinree typical cases discUussed Myyror is smaller at the expense of much higher computational

the text are tested complexity. The difference may vary from user to user, but in a

1) uplink with unknown interference; very small amount, because of power control. The superiority
2) uplink with AWGN; of the method without precomputation is due to the fact that
3) downlink with AWGN. with estimated matrices, the method captures the variation of

In each case, the result from the proposed method with precaife codes, whereas with precomputed matrices, it only employs
putation is compared with that of the method without precongtatistical property of the codes.
putation (instead, itis compared by on-line estimation of related\ye also test two other cases. In the second case, there are
quantities). Each user transmits binary bftal} with equal only five active users and 15 dB AWGN. The receiver has exact
power. The spreading factor is setto be 16. The spreadlng cogﬁ§W|edge about all users’ spreading codgsand E{H (n)}
for all users are randomly generated and take va{glelsiy} are precomputed. The result is presented in Fig. 3. Similar con-
with equal probability. Thereforeny, = 4, andoi = 2. ¢ysjon can be made. However, the convergence level of MSE
Channel vectors for all users are complex and have four Ge-much lower than that in Fig. 2 (aboutd10~4) since the re-
efficients ¢ = 3). Both the real and imaginary parts of eaclgejver has the code information of all users in the system, and the
coefficient are randomly selected from an inter¢all, +1).  problem is not overmodeled. In the third case, all five users ex-
2For example, one may constrain the first coefficieng ito be real and pos- penence a Common multipath Char.mel with 15 dB AWGN' Th_e
itive. MSE is shown in Fig. 4. The MSE is comparable with those in
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o (a) User 1 s {b) User 2 o Comparison of data length effect on downlink channel estimation error
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Fig. 3. Uplink channel estimation errors for four out of five known users onlffig. 5. Effect of data length on downlink channel estimation errors for
with AWGN. different methods.

Downlink Channel Estimation Error method [18]. These notations will be consistent in all the fol-
R S e e iﬁ?:ﬂo‘ffﬁf£ﬁﬂféﬂ?§ion| lowing figures. Among all methods, the proposed method with
R precomputation requires significantly low complexity. It can be
seen that the proposed methods are better than other two in
terms of MSE. With on-line estimation of deterministic quan-
tities, the code variation can be captured, and thus, the method
without precomputation gives smaller errors in channel estima-
tion. The MU method assumes that different users have indi-
vidual channels. Therefore, ten virtual channel vectors are es-
timated at the same time. However, the channel is common in
the downlink. This overparameterization induces some perfor-
mance loss (about 18). In such a system, the subspace method
converges to a much higher error level after 1000 bit periods (5
x 10~2). The reason is explained in [20] since the severe inter-
; ference exists with many users in the system.
| o o;oo 4;00 _ Motivated by the previous figure, the effect of the system load
Bit period is further investigated. We plot the MSE after 1000 bit periods
with a large range of number of users in the system in Fig. 6.
Group 1 always has single user in testing the subspace method.
If we focus on this method, it is found that the MSE changes
Fig. 3 (about 3x 10~*) based on the accurate modeling. Howdramatically with the number of users. It increases from>0.3
ever, the complexity is much lower than that required to obtail0=* to 0.8 x 10~! when.J increases from 1 to 16. This shows
Fig. 3. that the method is sensitive to the actual load of the system. The
To gain an insight of how well the proposed methods pecurrently and previously proposed methods are less sensitive
form, we compare them with the previously proposed multiuser the load based on this figure. When there are 16 users, the
(MU) method [20] and the subspace method [18] for a downlinldSEs of the proposed methods can still achieve a level below
CDMA system. We experimented with different effects such @5 x 1072, With many users, the discrepancy of the proposed
data length, system load (in terms of the number of users), andthod with precomputation from the proposed method without
background noise. The channel vector is chosen {@ be25 + precomputation is negligible, as indicated by closeness of the
0.1255 0.1111 + 0.03704]*, which is same as in [18]. First, thesolid line and the dashed line. However, the MU method deviates
data length effect on the channel MSE is studied for a ten-ugesm currently proposed methods with more number of users.
CDMA system. The spreading factor is still set to be 16. In ord@aking into account the computational cost and the performance
to apply [18], ten users are divided into two groups, with thiagether, the proposed low complexity method is more desired.
first group of four users based on the given parameters. TheThe background noise also affects the channel estimation er-
channel estimation errors are shown in Fig. 5. The solid limers of different estimators. All parameters in the experiment
and dashed line are for the proposed methods with precompre set as those to obtain Fig. 5, except that we obtain the re-
tation and without precomputation, respectively. The circles asalts for different noise levels (SNR) after 1000 bit periods.
for the MU method [20], and the crosses are for the subspabiee results are presented in Fig. 7. For a large range of SNRs

MSE

Fig. 4. Downlink channel estimation errors with AWGN.
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Comparison of load effect on downlink channel estimation error Channel Order Mismatch Effect
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Fig. 6. Effect of system load on downlink channel estimation errors ferrror

different methods.

line, dashed-dotted line, and dashed line, respectively. It can be
seen that when the order is overestimated, the performance loss
is negligible. However, if the order is underestimated, the esti-
mator yields unsatisfactory results. This suggests that overesti-
mated channel order is preferred when exact channel order is
not available.

Comparison of noise effect on downlink channel estimation error

VI. CONCLUSIONS

| MSE

In this paper, low complexity in multiuser channel estimation

is achieved by precomputing some deterministic code-related
guantities. The multipath parameters are then estimated based
on the correlation matching idea. Compared with the previously
proposed method based on on-line estimation of those quanti-
TSTSE RSP RYSUSRS NP ties, the currently proposed channel estimators show negligible
: proposed with precomputation . . A

: proposed without precomputat performance loss but significantly reduce the computational

x :subspace method

O _: previously proposed MU method cost. Their performance is also comparable with the subspace
° 2 4 e 8 e P ™ ™ ® method when the system is lightly loaded. However, fewer
computations are required. Moreover, the proposed methods

Fig. 7. Effect of background noise on downlink channel estimation errors fautperform the subspace method for a heavy load system.
different methods.

APPENDIX
(from 0 dB to 20 dB), the MSE based on the subspace method is PROOF OFLEMMA 1
again observ_ed to be much higher. The proposed m_ethods Wit|’By examining definitions ofS;, S», and Ss, typically,
precomputation and without precomputation show similar PEELQH (n)Q, (n)}, E{Q,(n)}, andE{H (n)} are required to

formance. Since the MSEs of all these methods only changg,| ate these matrices. For notational convenience, we denote
slightly with SNRs according to this figure, we can conclude

that background noise is not a dominant factor in determining E{Q,(n)} 24, E{QI(n)Q,(n)} 2B
the performance of all these methods for this simulation sce- N
nario. E{H;(n)} =D (A.1)

We also test the effect of channel order mismatch on the per-
formance of the proposed low complexity channel estimatd¥hereQ;.(n) andH(n) are determined by code matii¥, (n)
CDMA downlink with five users is simulated. The true channdh (5), which is related t&y(n) in (4). Based on its Toeplitz
order is set to be 3. Channel coefficients are similarly generat@uctureC(n) can be expressed by a series of shift operations
as before. Four different cases are tested when channel ordéiSis
assumed to be 2 to 5 (underestimate, exactly estimate, overesti- 1
mate by 1, and overestimate by 2). Correspondingly, the average C = ckjn(l)XlM. (A.2)
MSEs from 50 realizations are plotted in Fig. 8 by “x,” solid 7
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From (5) and (15), we obtain and using (A.4), we can expregd! A in a compact form
r—1 r—1
Quin) = Y chal)en(la)(TXMM) @ (TX" M), AMA=ol > Ui (A7)
{1,l5=0 11,l,=0

(A.3)
According to our assumption&{c;, ,,(I1)ck, n(l2)} = 6(lx —
I3), whered(-) is the Kronecker delta function. Then

Therefore,S; in (37) is proven.
S, is given by (27). It is a block Toeplitz matrix. Its diagonal

subblocks can be easily found to be equalBg in (40).

r—1
A=) (TX'M)o (TX'M).
=0

The
(A.4)

off-diagonal subblocks are equal A”A — o4L?

vec(d 41)vect (I,41), which is By in (41) after (A.7) is
applied.

Matrix D can be similarly evaluated. However, there is a simpler S is given by (33). Under definitions in (A.1), this matrix is

way to achieve it. If we expresS;(n) explicitly by its ¢ + 1
columnsey, ..., €z41

Cl(TL) = [Cl, ey Cq+1]

easily observed to satisfy

S3 = LB+ L(J — 1) A" A — Jvee(D)vec? (D).

From (A.4), (A.5), and (A.7), (39) is much straightforward to

whereg; is its ith column vector of length.. Then, based on obtain.

our assumptions on the spreading codes, it can be verified that
E{cfc;} = 02L8(i — j). Therefore

D=0o2LI, ;. a5 M
To derive an expression fa@#, we use (A.3) and obtain 2]
r—1
B= Y E{aa)d . (ls)ckn)ennla)} (3]
11,12,13,14=0
: Ull,lz,lz,h;' (A.6) [4]

Next, we evaluaté {cy, »(l1)c} ,(la)ck ,,(I2)exn, n(ls)} based
on the statistics of the spreading codes. Two cases need to be difs]
ferentiated: 1) Spreading codes are real, and 2) spreading codes
are complex.

6
Case 1—Real Spreading Codel§:codes are real, then 2
Efck,n(ly)ck, n(s)ck, n(l2)ck, n(la)} -
= E{ck,n(ll)ck,n(lfi)ck,n,(ZQ)ck,n,(l4)}~ (8]
This term survives ifly =z, I3 = L4}, {l1 = I3, 2 = l4}, or (9]
{ll = 14, Iy = lg} Since
E{cy, n(li)er, n(li)er, n(l2)er, n(12)} [10]
{m4c, Whenll = 12 [11]
Lot whenly # s
12
Hence, from (A.6), (43) follows. 2]
Case 2—Complex Spreading Code&similarly, when
spreading codes are complex, E{ck .(l1)cs ,.(I3) [13]
. n(l2)ek,n(la)} survives if {li = I, I3 = U}, or
{ly = I3, o = l4}. Therefore, (44) is proven.
Now, with these results fad, B, andD, we are able to eval- [14]
uateS,, S», andSs. First, S, is defined in (20). If we expand [15]

it and use the independent assumption on spreading codes for
different users, then it can be found th#t becomes a block [16]
diagonal matrix with the same subblok— A A in the diag-
onal position. By using the following property of the Kronecker [17]
product [10] (18]

(X10X)" =X] 0 X7

O
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