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ABSTRACT

Parallel interference cancellation (PIC) is a well-known multiuser detection algorithm in
direct-sequence code-division multiple-access (DS-CDMA) systems. It is typically
implemented with a multi-stage architecture. One problem associated with the PIC is
that unreliable interference cancellation may occur in the early stages and the system
performance may be degraded. Thus, the partial PIC detector was developed to control
the cancellation level by use of interference cancellation factors. Partial PIC can be
implemented with an adaptive form, in which optimal weights are derived using the
least mean square (LMS) algorithm. In this paper, we propose an algorithm improving
the conventional adaptive partial PIC. The main idea is to reduce the number of active
weights in the LMS algorithm, and to perform weight post-filtering such that the
resultant excess mean square error can be reduced. We also analyze the performance of
the proposed algorithm and derive the bit error rate of the second stage output.
Simulation results verify that the proposed algorithm outperforms the conventional

partial PIC, and derived analytical results are accurate.

© 2010 Elsevier B.V. All rights reserved.

1. Introduction

In direct-sequence code division multiple access
(CDMA) systems, multiple access interference (MAI) is
regarded as the main source limiting the system capacity.
Multiuser detection (MUD) is a well-known technique
dealing with MAI Different from the architecture of
conventional single-user receivers, MUD conducts detec-
tions for all users simultaneously and can achieve much
better performance. In [1] a maximum-likelihood multiu-
ser receiver was first proposed. Although significant
performance enhancement can be obtained, the required
computational complexity is very high, growing exponen-
tially with the user number. This adversely affects its real-
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world applications. As a consequence, many suboptimum
alternatives were then proposed [2-4].

The subtractive-type interference cancellation is a
well-known MUD algorithm. As far as the desired user is
concerned, the interference is estimated from the received
signal, regenerated, and cancelled with the interference
canceller. The canceller is usually implemented with
multiple stages to achieve its optimum performance. This
type of MUD can be classified into two categories, i.e.,
successive interference cancellation (SIC) and parallel
interference cancellation (PIC). SIC cancels interference
from other users sequentially [5,6], while PIC does it all at
one time [7,8]. SIC usually conducts signal power ranking
to determine the cancellation order. A stronger user often
has lower probability of decision errors, and cancellation
of this signal gives more reliable result than that of a
weaker user. Thus, we can expect that SIC works better
when users have unbalanced powers. However, SIC
requires extra computation for power ranking and
introduces larger delay. By contrast, PIC is more effective


www.elsevier.com/locate/sigpro
dx.doi.org/10.1016/j.sigpro.2010.06.001
mailto:ythsieh@itri.org.tw
mailto:wrwu@faculty.nctu.edu.tw
dx.doi.org/10.1016/j.sigpro.2010.06.001

2 Y.-T. Hsieh, W.-R. Wu / Signal Processing 91 (2011) 1-14

when user powers are similar and does not need to
perform the power ranking procedure.

Although the PIC approach is able to cancel inter-
ference from other users simultaneously, its interference
estimation may not be reliable in early stages. Unreliable
interference cancellation will increase interference and
degrade the detector’s performance. Partial PICs were
developed to remedy this problem [9]. In partial PIC,
cancellation factors (ranging from zero to unity) are
introduced to control the cancellation level. Since the
reliability of cancellation increases stage by stage, larger
factors can be used in later stages. Optimum cancellation
factors can be derived in adaptive or non-adaptive ways.
The result of the non-adaptive approach was reported in
[10-15], while that of the adaptive approach in [16-23].
The advantage of adaptive detectors is that it can
dynamically adjust cancellation factors to accommodate
channel variation [16]. Two well known adaptive algo-
rithms have been used in PIC detectors, i.e., the least mean
square (LMS) [17-19] and the recursive least squares
(RLS) [19,20]. The LMS algorithm enjoys its lower
complexity at the expense of slower convergence. The
adaptive filters employed in [19,20] require training
sequences, while those in [17,18] do not. Besides, the
adaptive weights can be updated with the chip or bit
rates. In [17-19], the weights are updated with the chip
rate and in [20], they are updated with the bit rate. The
structure of the proposed adaptive partial PIC detector is
similar to that in [17], which does not require training
sequences and the weights are updated with the chip rate.
This distinct feature enables the adaptive partial PIC
detector to converge fast and work well under fast-fading
environments. Conventional adaptive receivers that do
not use training sequences only require the spreading
code of the desired user [21-23]. In contrast, the adaptive
partial PIC receiver we consider requires the spreading
codes of all users, and it is more suitable for uplink
scenarios. Application of this adaptive partial PIC in
multirate systems was reported in [24].

It is found that the performance of the adaptive partial
PIC in [17] can be further improved. In [25], hard-decision
devices are added at the outputs of adapted weights,
resembling the full PIC operation. However, errors due to
incorrectly decided weights may limit the cancellation
performance. In this paper, we propose a new algorithm
for the performance enhancement of a multi-stage
adaptive partial PIC. The proposed algorithm is composed
of two procedures. The first procedure is called weight
pre-selection, and the second is weight post-filtering.
With these procedures, the resultant excess mean square
error (MSE) due to the adaptive algorithm can be reduced.
As a result, the performance of the canceller in [17] can be
improved. Note that the optimal results for the
two procedures in the proposed algorithm are closely
related. They have to be jointly considered to attain
the best performance. We also conduct performance
analysis for the proposed adaptive partial PIC detector
and derive its bit error rate (BER). The analysis is based on
the method in our previous work [26] in which the
performance of the original adaptive partial PIC [17] is
analyzed.

The remainder of the paper is organized as follows.
Section 2 first describes the conventional non-adaptive
and adaptive partial PIC receivers. In Section 3, we then
detail the proposed algorithm. In Section 4, we analyze
the weight behavior and the output BER of a two-stage
adaptive partial PIC with the proposed algorithm. Finally,
we report the simulation results in Section 5. Conclusions
are given in Section 6.

2. System model

Consider a synchronous CDMA system operated in an
AWGN channel. The received signal in a certain bit
interval can be expressed as

K
rm= Y abxm+vm), 0<n<N, 1
k=1

where ay, b, and x,(n) are the kth user’s amplitude, data
bit, and signature sequence, respectively, and wv(n) is
AWGN with variance ¢2. Let the processing gain be N and
the signature sequence be formed by binary chips with
amplitude 1/+/N. The matched filter output, which is the
first stage output, can then be expressed as

N-1
YO =37 rmxn) = agbe+ > b+ i 2)
n=0 j#k

where pj = qu";lo xj(n)x,(n) denotes the signature corre-
lation between user j and k, and y, = N1, v(n)x(n) the
noise term after despreading. From (2), we can see that
the output signal contains MAI. The operation of a non-
adaptive partial PIC can be described as [9]

b £ (i-1) b (i
S > P A
it

where y{) and c{? are the soft-output and the cancellation
factor for the kth user in the ith stage, respectively.
”[El)e hard-decision output for the ith stage is then
b, = sgn{yfj’}. The soft-output in (3) can be regarded as
a weighted sum of two estimates; one is the full PIC
output in the current stage multiplied by the cancellation
factor c{, while the other is the weighted soft output
estimate from the previous stage.

The partial PIC can be also obtained with an adaptive
structure as depicted in Fig. 1. Define an error signal as

ey =rm)—iPm), i>1, @)

where 7?(m) is the regenerated received signal as
expressed by

K .

i i A (i=1)

FOmy= > wmb, x(n). 5)
k=1

Here, w{(n) is the adapted weight for the kth user in the

ith stage. After convergence, wi’(N) is seen as the desired

cancellation factor. Define a mean square error (MSE) as

JOm) = El(r(m) -0 (n))?]. (6)
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Fig. 1. Block diagram of adaptive partial PIC receivers.

Using the steepest decent algorithm, we can obtain the
weight update equation as

WY+ 1) =w )+ 7 (me(m), 0<n<N, @

where ,ug) is the step size for the kth user in the ith stage.
Here, the input signal is

10my=by ). (®)

The algorithm in (7) is called the LMS algorithm. The
interference-subtracted signal for the kth user is then

Hom) =rm=>" 7w N). )

Jj#k

We then have the matched filter output as
YW= Z D mx (). (10)

Note that the optimization criteria for these two types of
partial PICs expressed in (3) and (10) are different. In the
non-adaptive type partial PIC, the optimal factor, cf?, is
determined based on the minimization of the ensemble
error averaged over all transmission bits. In other words,
optimal weights apply to all received bit signals. On the
other hand, the optimal weight for the adaptive partial
PIC, w{)(n), is obtained by minimizing the ensemble error
averaged over a certain bit interval (given the bit decision
in the previous stage). The LMS algorithm is re-initiated at
the beginning of each bit period. The input signals in (8)
take on different bit decision values for different stages.
The signature sequence is also changed bit-by-bit when
the long code is used. As a result, the optimal weights
change for each bit duration.

We then extend the signal model to multipath
channels. Denote the transfer function of the channel
impulse response for the kth user as

L-1
W@ = > ez ™, 1n
=0
where hy; and 7 are the gain and delay values for the Ith
path, respectively, and L is the number of paths. In the
receiving end, we can use the maximal ratio combining
(MRC) to demodulate the signal. Let the equivalent

baseband received signal be expressed by
-1 K

rmy=">">" baghgxe(n—ry,). 12)

I=0k=1

The first stage output signal is given by
W= Z}’“)hk,h (13)

where the branch output from the MRC can be formed as

N-1

Y= -y, (14)
n=0

Following the signal model for the AWGN channel, we can
obtain the regenerated received signal as

) = Z Z 2 (=T Wiy (n), (15)
I=0k=1
where w{f}(n) denotes the weight for the Ith path of the

kth user in the ith stage. We can then formulate the error
signal as that in (4), and have a counterpart of r}c”(n) in (5)
as

. L-1 . -
P =rm=3" 3> 1 (n—)wii(N). (1%
[=0j=k

The i th-stage matched output using the MRC is then

-1 N—
W= ZZ (X (n—Ty i 1. 17)

3. Proposed algorithm

It can be seen from (6) that in the ideal condition
(without noise), #”(n) = r(n). In this case, the weights are
obtained from (1) and (5) as

£ ()
. ay, b, =by,
Wﬁ?(n>={ o (18)

£~ (D)
—day, bk #* bk

It is found that the ideal weights are determined by the bit
decision results. Note that the adaptation period is
constrained in one bit period since the ideal weight may
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be +a, or —ay for each bit. Thus the weight of each user
tends to attain the desired value bit by bit. This is also the
reason why the adaptive approach performs better than
non-adaptive methods. However, although the LMS algo-
rithm has the complexity advantage, its slow convergence
may not lead the weights to the desired values in such a
short period. In addition, the adapted weights are closely
related to the parameters used in the LMS algorithm.
Thus, when considering to improve the performance of
the LMS algorithm, we have to take several factors into
account such as the number of weights, the step size, the
number of training data, noise variance, and the weight
initials, etc. These factors may interact one another and
complicates the adaptation procedure. In this paper, we
will mainly focus on the first two factors, i.e., the weight
numbers and the step size to obtain improved perfor-
mance. We propose an algorithm that can reduce the
number of adapted weight, leading to a smaller excess
MSE (induced by the LMS algorithm). The algorithm also
allows a larger step size, accelerating the convergence.

3.1. Weight pre-selection procedure

As mentioned, the MSE of the adaptive partial PIC is
proportional to the number of weights adapted in the LMS
algorithm. One way to improve the system performance is
to reduce the number of weights updated in the LMS
algorithm. Here, we propose an algorithm to do the job.
The idea of the algorithm is described as follows. If the
magnitude of the matched output for a user exceeds a
predefined threshold, the corresponding decided bit is
deemed reliable, and the weight corresponding to this bit
is deactivated. In other words, this weight will not be
included in the training process and it is set as the channel
gain immediately. This algorithm can be easily expressed
using a two step-size scenario described below:

. i—1 #(i
if 1y V1> @&,

. 0
=9 i-1) )
,u(l) if ka | < akég )

where 5? denotes the normalized decision threshold. The
step-size decision function, denoted as As(-), is shown in
Fig. 2(a). Note that it is possible that some weights are
erroneously decided. If this does happen, it will increase
the noise variance in the LMS algorithm. Thus, the
threshold & has to be determined carefully.

19)

a b
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a, +

aké“‘

» () 4 > W“)(N)
-4 | 4 Y A ag” '
+ —a

Fig. 2. Functions used in the proposed algorithm: (a) weight pre-
selection function; (b) weight post-filtering function.

(i)

7

3.2. Weight post-filtering procedure

It is well known that the convergent weights in the
LMS algorithm are random. We can model the convergent
weights as optimum weights plus noise. Thus, if we know
the weight distribution, we can perform weight post-
filtering (estimation). This will enhance the partial PIC
performance furthermore. Fig. 3 shows a typical
probability density function for the adapted weights. As
we can see, the magnitudes of some weights are greater
than the corresponding channel gains. However, these
weights are not reasonable since a normal weight
magnitude always falls between +a, to reflect the
cancellation reliability. Thus, the performance can then
be enhanced if the mis-adapted weights can be further
filtered. Note that given a binary random variable
embedded in AWGN, the MMSE estimate corresponds to
a transformation with a hyperbolic tangent function. We
can then apply the result here, and filter the convergent
weights with the hyperbolic tangent function. Since the
function is highly nonlinear, the performance analysis is
difficult. We then use a piecewise linear function, denoted
as Ap(-), instead. The function is shown in Fig. 2(b). Note
that this function has two thresholds, denoted as {&",&"}.
If a weight is greater than the right-hand side threshold
a, &Y, it is mapped to ax. Similarly, if a trained weight is
less than the left-hand side threshold a,&}”, it is mapped
to —a;. The intermediate values between the thresholds
would be kept unchanged.

As seen from Fig. 3, the weight distribution has
different mean values for correct/erroneous decision
outputs (in the previous stage). Normally, the weight
initials for both correct and erroneous decisions are set as
the channel gain ay, and it takes more adaptation steps for
weights with erroneous decisions to attain the ideal
values around —ay. In other words, the mean value of the
adapted weights for erroneous decision bits will be closer
to —ay if N is larger. However, in a practical system, N is
usually not large enough. Thus, we have to use a large step
size u® to speed up the convergence for users with

5’(1) 5?1)
T l‘l
L

T
Correct decision |

|

| |
1/
| |
Erroneous decisi* |
|

|

Probability

[ o .l
-1 -0.5 0 0.5 1 1.5 2
Normalized amplitude

Fig. 3. Probability density function of adapted weights from the LMS
algorithm with processing gain N=31.
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erroneous decisions. However, a larger step size will
enlarge the weight variance which adversely affect the
final performance. Thus, the choice of the step size is
critical. The two procedures proposed above can reduce
the number of active weights and further filter the
adapted weights. As a result, it is possible to use a larger
step size without significantly increasing the weight
variance. Apparently, the parameters used in the proposed
algorithm are coupled one another, and their optimal
values cannot be obtained individually. With some trial-
and-errors, we can find a good compromise among
parameters {u®,¢0,&0,%) such that near optimum
performance can be achieved.

4. Performance analysis for a two-stage detector

The LMS algorithm has been analyzed and developed
for over four decades. However, most results cannot be
used here. This is because the step size used in this
application is large and many assumptions required by
the conventional analysis will be violated. The other
reason is that we are most concerned about the transient
behavior (due to small training period within one bit)
while most works are only concerned about the steady-
state behavior. In [26], we have derived optimum weights,
weight error means, and weight error variances in the
second stage for a two-stage adaptive partial PIC receiver
shown in Fig. 1. Here, we extend the results to derive the
bit error rate (BER) of the proposed algorithm, i.e., the
receiver in Fig. 1 with the additional operations described
in the preceding section. The first part of this section
serves as an excerpt of the derivation in [26] where only
important steps of the derivation will be highlighted.
Interested readers can refer to [26] for more details.

4.1. Analysis of conventional algorithm

In [26], the single-user case was considered first. The
exact solution of optimal weights, weight error means,
and weight error variances for correct and erroneous
decisions (of the first stage) were derived. For the two-
user scenario, the optimal weights and weight error
means were derived exactly, while the weight error
variance were approximated from that in the single-user
scenario. When the analysis is generalized to the multi-
ple-user case (i.e., K>2), all the analytical results are
approximated from a simplified two-user model. Assume
that the first user is the desired user. We can then rewrite
the K-user model in (2) as

y(l]) z(hb] +a,b1p+y1, (20)

where we assume that a; = , /Zj#]aj2 and by € { + 1}. Here,

a; represents the equivalent amplitude of a virtual user,
and p the equivalent correlation of the desired and the
virtual user. Also note that b; is virtual and we do not need
its actual value for multiple-user cases in derivation. For
simplicity the superscript (i=2) on the adapted weights
are omitted throughout this section.

4.1.1. Optimal weight analysis

The Wiener solution for optimal weights can be
represented by w,,,=Q~'p where the correlation matrix
of input signals is expressed by Q 2E{y®(n)x@(n)'} with
1@ () = [ Pn), P m)]". The crosscorrelation vector is
given by p2E{y®(nyr(n)}. The joint probability density
function for the random vector y=[y;,y;] is jointly
Gaussian and

_ 1 1 71
fon= Wexp{—jv G 'J’}v 21)

where the covariance matrix is given as

2 2
’ pa} 22)

CLE(y) = { 05?2

Note that Q and p are functions of B(ll) and B;l), while the
both bit decision outputs are functions of y and p. Further,
we can see that y is also dependent on p. Our objective is
to derive the optimal weights with closed-form expres-
sions for first stage correct and erroneous decision
outputs under AWGN, and the final result may appear
differently from the noise-free case in (18).

The first step of the analysis work is to obtain the
conditional optimal weights given fixed y and p. Then we
remove the conditions by nested expectation operations.
We denote the optimal weight vectors for the first stage
correct and erroneous decisions by wgpt:[wgm,wgm,]T

and we, =[we, ;,we, 1", respectively. In the following,
we give the derivations for the first stage correct decision
as an example. The derivation for erroneous first-stage

decision can be also conducted in a similar way.

(a) Express the optimal weight given specific p and y.
Denote a decision pattern from a specific p and y
(represented by §) to be B =diag{by,b;}. The Wiener
solution given p and j is represented by
Wope = ABb+BR 15, (23)

where A =diag{a;,a;}, b=[by,b;]", and the correlation
matrix is given by

R=

1 p
) 1] 24

(b

N

Express the optimal weight given a specific p and
averaged y for different first stage bit decisions.
As we can see from (23), the second-stage optimal

weights depend on B. There are four decision patterns,

ie., {B(ll),fjil)} = {+ by, + b;}. Note that for each deci-

sion pattern, we have two bit patterns that b;=b; and
by #by. Let UY denote the set of $ yielding the ith
decision for the jth bit pattern. Then,

w!, =AB'Y +BRE, (7'}, (25)

where B' denotes the ith decision pattern, b’ denotes
the jth bit pattern and the noise integration is given by

Juief () dy

Sl
B = fondy

(26)
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The complete set of U for all decision and bit patterns
is shown in Table 1. The complete set for the conditional
optimal weights in (25) is presented in Table 2 (the
results for b;=1 are identical to that for b;=—1).
Express the optimal weight given a specific p and
averaged 7y for first stage correct decision.

We can see in (25) that the optimal weight of one user is
coupled to the other user due to R. Our objective is to
derive wg,, and wg, for individual users. Thus we have
to determine the components of W, = [Wgy. 1, Wopr /1"
user by user. For example, the optimal weight for the
first user with correct decision and a given p is

optl - P Zwoptl ij» (27)

where Py= [ sf(y)dy, C;=U"uvURUU?UU?,
and Pg, = P11+ P13+ Py +Poa.

Express the optimal weight given averaged p and
averaged v for first stage correct decision.

Taking the first user as example, we have

prgptj PpPC]
ZpPﬂPCl ’

where the distribution for the correlation coefficient is
given by a two-user model as

1 N
Po=2w\ Na+py2 ) @9)

Table 1
Sets of y for all decision and bit patterns.

(c

~—

(d

=

ngt,l = Ep{ngr,1 }= (28)

(DL Bty Range for 7, Range for y,

utt [1} V1 > —(a1+aip) Y1 >—(ar1p+ap)
1

U™ Y1 > —(@i—aip) 7 <—(@p-ap)

U [ 1 ] 71> —(@+ap) N <—(@+aip)
-1

Uz 71> —(ai—ap) Y1 > —(ap—ap

U [—1] 71 <—(@1+ap) 71 < —(ar+a1p)
-1

U 71 <—(@-ap) > —(a1p—ar)

U4 [71 ] <—(ar1+ap) V1> —(ar+aip)

1
U 71 <—(@1—ap) 71 < —(a1p—ay)
Table 2

Complete list of conditional optimal weights (a=[1,—1]" and J=di-
ag{1,-1}).

Wy =a+RE (') Wiy =a-+JRE (7'
w2, = —a+JR7E, (72" W2 = —a+R7E,(7%)
W =Ja—JRE, (7'} V?ﬁt—la RE,(7%2)
W41 7]0 JR lE (~4l} W 7](1 R lE {'}'42}

opt = opt =

4.1.2. Weight error mean analysis

Let the adapted weight of the kth user given ¥ and p
and correct fist-stage decision as Wwy(n), k=1,I. Then the
weight error vector for correct decision is expressed by
&(n) =[&5(n), ?,(n)] with &(n) = wi(n)—ws,, . From (27)
we see that w; e 1S derived from wgpt's Thus, we also
consider the condltlonal weight errors as

gy =W m)-wl,, (30)
where the conditional weights are defined as
wln) = (w(n)ly e U’). 31

After some algebraic manipulations, we can have the
weight error mean vector as

&) = (&), (.85, ()] = Ey (& ()}

:( “;V BRB) &l (0), 32)
where
&],(0) = w(0)—W),,. 33)

The weight error mean for the first user conditioned
on only the first stage correct decision and p is
represented by

&y (M =EE ()} = Ze L(M)P;. (34)
Cy C,

Then, the averaged weight error mean for correct decision

for the first user can be obtained by

81?/1,1 n)=E{ef(n)} = Ep{éX/m(n)} = S ,P,Pc
plPTC

(33

4.1.3. Weight error variance analysis

The weight error variance for correct decision is
defined as &, ,(n) = E{[é1(n)—s°M_1(n)]2}. The exact analysis
for the weight error variance is difficult for multiple users.
Thus the analytical result in the single-user case is used to
approximate that in the multiple-user scenario, which is

ey (M= 83,1(n)+ﬁ§(n), (36)

where &} | (n) is expressed as

(2)12 _2n _ o\ 2
& (n)_[u ] { . (11_o;2>702<1170;) } &7

where o = 1—u® /N. We also have 5 (n) = Ep{[?i(n)} where

By uPs: + By (mPsy

Bim = P

(38)

In the above equation, we have Ul = U U U?!, U =
U uU??, B=UuU?, and Pg =Ps; +Ps;. The term

v 5] .

B]](n) is expressed as

“W)?Ip1 > —(@+ap)h, j=1,

7W2pt,1)2‘)’1 >—(@—ap), Jj=2.
(39)

By (1—a"?E,, {(a1 +aip+7,
n
! (1=a™?E,, (@1 —ap+7;
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4.2. Analysis of proposed algorithm

We assume that each user has the same power such
that a? =a?, vk for the analysis hereafter. The general-
ization to the power-imbalanced scenario is straightfor-
ward. Substituting (9) into (10), we can have the despread
output of the second stage for the first user as

Y2 =arby+ S (@b—wi(Nb; )y, +71. (40)
j*1

Note that the stage number on the superscript of wj(N) is
omitted. Assuming that y{? is a Gaussian random variable,
we can estimate the BER in the second stage output. Note
that we have the mean of y{¥ as a;b;. If interference
cancellation is perfect with the ideal weights obtained in
(18), the variance of y{?) is just ¢2. However, since the
interference cancellation is not perfect even for the
proposed algorithm, the variance will be increased. There
are two major sources of imperfect interference cancella-
tion as demonstrated in the interference term of (40).
The first residual interference results from erroneously
selected weights (set as the channel gain) out of the pre-
selection procedure; the increased variance is denoted by
Vs. The other one is due to imperfect interference
cancellation using adapted and post-filtered weights;
the increased variance is denoted by V. Thus, the overall
interference and noise variance is

02, =02+ Vs+ V. 41)

Without loss of generality, we let b;=1. Assuming that the
interference in (2) is Gaussian distributed, we can have
the first stage BER as

a,

———"
\/ 62+ﬁzj#lajz

where Q(.) is the Q-function. Then the probability that the
user has correct decision in the first stage and its output is
greater than the weight-selection threshold (b;=1 and
yW>Payp)is

PV =09 (42)

01(522)—1)

/ 1
02 +sz¢1aj2

In other worlds, Psc is the probability of correct weight

pre-selection. In a similar way, the probability of

erroneous weight pre-selection (b;=1and y{" < —&a) s

Psc=0Q (43)

a1 (¢ +1)

— e |,
\/o° +NZj¢laj2

For the users whose first-stage outputs are greater than
&?q,, the corresponding weights will not be adapted
during the LMS algorithm. The interference power due to
erroneous cancellation of the jth interference in (40) is

calculated by

Pgg=0 (44)

Vi =E{(a;b;p,;~Wi(N)b;p;j)*) = 4a? /N, (45)

where E{p%j} =1/N is used, and we have v~vj°(N)=aj and
bj=—b; in this case. The effective weight number in the
LMS algorithm is reduced from K to K.y where Ky is
approximated by K.z=K(1—Psc—Psg). Note that K.y may
not be an integer since it represents an estimate of the
averaged weight number. Then we have

Vs = KPsg V. (46)

The enlarged effective noise variance can be obtained as
offf = 02 +Vs. The mean and variance values of W;(N) and
Wf(N) can be approximated by the analytic results in (35)
and (36), respectively. Note that when applying the
analytic results in the last subsection to the weight
outputs of the pre-selection module, we have to change
the weight number from K to K, the noise variance from
02 to 6%, and let a; = a1 /K —1.

Now we calculate Vi We treat Vr as the sum of two
contributors from the interference cancellation: one is Vg
contributed from ijc(N) and the other one, Vg from
va(N). We denote their corresponding probability density
functions as f(Wj(N)) and f(Wj(N)), respectively. Fig. 3
gives an example of the simulated distribution outputs.
When W$(N) > ¢a;, no cancellation error will be intro-
duced. Rather, the weights falling on regions ‘A’ and ‘B’ in
the figure will introduce residual errors and the corre-
sponding interference is represented by

@q

Vie =Elpj) |, " OV N)—a) W5 N) i)

g,

V[ FOR) dwEN), (47)

where V; is obtained in (45). Under the assumption of the
Gaussian distribution, the cumulative density function of
regions ‘A’ and ‘B’ can be found to be

aj(f?ﬂq))

48
= (48)

PFC,j—l_Q<

where 7¢; and o¢; are the analytical weight mean and
standard deviation for correct decision output of the jth
interference as given in (35) and (36), respectively. As to
va(N). erroneous weight decision occurs when Wf(N) >
&, e, Ap(W;(N))=a; and E{(ajbj—va(N)Bj)z} =
E{(ajbj—aj(—bj))z} =4a]?, as denoted by the region ‘C’ in
the figure. Thus, we have

Viey =i [, SO ARTN-+EWR) [, 50
+@)’f (W} (N)) dw§ (N), (49)

where the second term in (49) corresponds to the
interference level resulting from weights in region ‘D’ of
the figure. The cumulative density function of regions ‘C’
and ‘D’ is expressed by

af(é§2)_77£,j))

50
o (50)

PFE,j=Q<

where 7g; and og; are the counterparts of 7¢; and o,
respectively, for erroneous decision outputs. Then, Vic;
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and Vg; can be combined as

Vec,jiPrcj+ Vre,iPre,
VF - = o e T (5])
; Prc j+ Prg j
Finally, we can express the BER in the second stage output
from (41), (46) and (51) as

PR — Q(a—]> (52)

Oout

5. Simulation results

In this section, we report simulation results to
demonstrate the effectiveness of the proposed algorithm.
We use random codes with N=31 as spreading sequences,
and first consider parameter optimization in the proposed
algorithm. As described, there are two new operations in
the proposed algorithm, i.e., weight pre-selection and
post-filtering. In the first set of simulations, we only
consider the operation of weight post-filtering. We let
¢® < —ay, and do not conduct weight pre-selection. The
user number is 20 and E,/No=7 dB (E,=a?, and Ny = 2062).
Fig. 4 shows the performance comparison for different
and é(rz) values. In the figure the optimal step size is
normalized such that ©® = u®/N. It can be noted that
when 552’ is set higher (e.g., 0.7), the enlarged step size
from 0.036 to 0.048 does not provide significant
performance gain. However, when the post-filtering is
reinforced by setting that ¢ <0.3, the performance
improvement for larger step sizes can be observed. This
is because the over-adapted weights due to faster
adaptation from a larger step size can be effectively
corrected by the post-filtering procedure and thus the
error rate decreases. We then incorporate the weight pre-

selection step and the result is shown in Fig. 5. In the
figure we can observe that the optimal parameter set
given 7 =0048 can be determined as ¢?=12.
Comparing these figures we also find that the
performance becomes less sensitive to the variation of
post-filtering setting for £’ > 0.4 when the weight pre-
selection is utilized. This may be attributed to the fact
that, for most users with high reliability, their adapted
weights are usually close to the channel gain if no pre-
selection is applied. When weight pre-selection is
incorporated, most of the weights with large magnitudes
will be deactivated. Therefore the influence of gy(rz) on the
performance is reduced. The optimization procedure for
@ is similar to that of & and is set as &” = —0.2 in the
remaining simulations.

Now we report the performance comparison for
various multiuser receivers. We consider partial PIC
receivers which include the conventional matched filter,
the non-adaptive partial PIC (referred to as PPIC) de-
scribed in (3), the conventional adaptive partial PIC
(referred to as the APPIC) described in (4)-(10), and the
proposed algorithm. Optimum parameters in each algo-
rithm are obtained empirically (such as cf? for PPIC, i for
APPIC, as well as the 7 and thresholds for Ag(-) and Az(-)
in the proposed algorithm). We first compare the
performance of the proposed algorithm and other meth-
ods for different user numbers with E,/No=7 dB. We let
the maximum stage number be five. The optimal c}”
(same for all users) from Stage two to five are determined
as {0.6,0.65,0.7,0.75}. The optimal s for APPIC are
{0.02,0.009,0.004,0.002}. The optimal 7 for the proposed
algorithm are set as {0.055,0.05,0.045,0.04}, and the
thresholds as {&,&",é9) ={1.2,-0.2,0.4) for all stages.
Fig. 6 shows the BER performance of the second stage

0.02 T T

0.018

0.016

0.012

0.01

—+— 1®=0.036

—e— ®=0.042 i
—— 1®=0.048
—&— 1®=0.055

0.008 L L
0.1 0.2 0.3

0.4 0.5 0.6 0.7
2
&

Fig. 4. Second-stage performance of the proposed algorithm (only weight post-filtering is activated).
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0.006 : : : :

——&@=06
—o— =038 |
=10
—P=12

—8— £(2)=
£@=14 | |

——t@=16

01 015 02 025 03

035 04 045 05 055 0.6
(2)
g

Fig. 5. Second-stage performance of the proposed algorithm (both weight pre-selection and post-filtering are activated).
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10~ . .
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Fig. 6. Second-stage performance comparison for different user numbers (E,/No=7 dB).

output. We can find that the conventional matched filter
receiver gives the worst result due to MAIL The proposed
algorithm performs better than APPIC in all cases. In the
figure, the theoretical result in (52) is also shown for
comparison. It can be seen that the analysis is accurate
when the number of users is small while deviates from
the simulated result gradually as the user number grows.

This is reasonable since the weight behavior analysis of
the LMS algorithm is approximated from that of the
single-user and two-user cases under the assumption of
power balance. We also show the performance for the
outputs of the fifth stage in Fig. 7. As we can see, the
performance of all adaptive partial PIC receivers are close
to the single-user bound when the number of users is
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Fig. 7. Fifth-stage performance comparison for different user numbers (E,/No=7 dB).

100 - -
10—1 L
x
-2 L
lé 10
1073 4
1074 : :
5 10 15
100 T T T T
107" 4
1072
o
-3
% 10
—+— Conventional
104 F | —— PPIC
—e— APPIC
—&— Proposed (Simulated)
10°° F 4 Proposed (Theoretical)
Single—user bound
10_6 1 1 1 1

Ey/No

Fig. 8. Second stage performance comparison for different E,/Ny ratios (K=10).

small. Also note that, from the empirical parameter
setting stated above, the optimal step sizes in the
proposed algorithm are larger than those in the conven-
tional APPIC approach. Thus, the convergence can be
accelerated, and then the performance can be improved
accordingly. We then conduct the performance compa-
rison under different E,/Ng's (10 users). Figs. 8 and 9 show
the performance comparison for the second and fifth
stage outputs, respectively. The parameters used here are
the same as those in Fig. 6. We can observe that the

performance of the proposed algorithm is close to the
single-user bound for low to median E,/Ny values. The
analytic result for the proposed algorithm at the second
stage output is also shown in Fig. 8. From the figure, we
can see that the behavior of the analytic result is quite
similar to that of simulations for low to moderate E,/Ng
values. We also compare the system performance under a
power-imbalanced scenario. The user powers are equally
distributed in linear scale and the power ratio between
the strongest and weakest users is set as 15dB. The
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Fig. 9. Fifth-stage performance comparison for different E,/Ny ratios (K=10).
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Fig. 10. Second stage performance comparison for the weakest user under power imbalance (E,/No=7 dB for the weakest user).

parameters are kept unchanged except that the optimal
71" values for APPIC are set as {0.034,0.01,0.005,0.002}. In
Figs. 10 and 11, we show the BER performance for the
weakest user in the second and fifth stage outputs,
respectively. It can be seen that the proposed algorithm
provides a significant performance gain, especially when
the user number is large. Note that the proposed
algorithm can make the performance of the weakest
user indistinguishable from the single-user bound when
the user number is smaller than 20. The reason for this
superior performance is due to the fact that stronger users

have lower probability of errors. As a result, the weight
pre-selection function tends to set the cancellation
weights of stronger users as their channel gains, and the
effective user number in the LMS algorithm is then
decreased stage-by-stage. This behavior is very similar
to that in the SIC approach. In addition, the interference is
further reduced with the filtered weights. Thus the
proposed algorithm can approach the single user bound,
just like what SIC performs, but with fewer stages. The
performance comparison for the second stage output as
depicted in Fig. 10 shows that the gap between the
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Fig. 11. Fifth-stage performance comparison of the weakest user under power imbalance (E,/No=7 dB for the weakest user).
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Fig. 12. Fifth-stage performance comparison under a two-ray multipath fading channel (E,/No=17 dB).

analytic and simulated results is larger when the number
of users is smaller. This may be due to the fact that the
theoretical results are derived with the approximation of
the equal-power two-user scenario. When the number of
users is smaller and the power is imbalanced, the
approximation is less valid and analytic results are less
accurate.

In the following, we consider the performance of the
proposed algorithm under the multipath fading channel.

We use a two-path fading channel where the second path
is one chip delay with respect to the main path, and each
path gain is Gaussian distributed with zero mean
and equal variance. The optimal weights for PPIC
are determined as {0.7,0.8,0.85,0.9}. The optimal r®
are set as {0.012,0.007,0.003,0.001} for APPIC and
{0.025,0.023,0.021,0.02} for the proposed algorithm. The
thresholds are given as & =2.4,&" = —0.5, and & =0.5
for all stages. The result is shown in Fig. 12, and we can



Y.-T. Hsieh, W.-R. Wu / Signal Processing 91 (2011) 1-14

107"

1072 ¢

BER

—6— K=30
—a— K=20

Snngle—usr bound

104 1 1 1 1
30 40 50 60 70

80 90 100 110 120 130
N

Fig. 13. Second-stage performance comparison for different spreading factors (E,/No=7 dB).
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Fig. 14. Fifth-stage performance comparison for different channel estimation errors (K=20, Ep/No=7 dB).

see that the proposed algorithm still performs better than
other approaches.

An attractive feature for the proposed algorithm is that
the adaptation is conducted chip-by-chip and conver-
gence is fast. Each time when a new bit is received, the
weight values are reset and then adjusted. The larger the
value of N, the more data we can have and the better
performance we can expect. To conform this assertion, we
then conduct simulations with the scenario of varied N.

Fig. 13 shows the performance comparison for the second
stage output. The simulation configuration is the same as
that of Fig. 6 except that the stepsize is kept constant
(1@ =0.048 % 31 for all N values). From the figure, we can
observe that the system performance will approach the
single-user bound when N is large.

In the adaptive PPIC receiver scenario, the channel
information is required for the determination of initial
values. When the proposed algorithm is utilized, the
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channel information is further used to determine the
optimal parameters. All of the simulations conducted
above have assumed perfect channel estimation. How-
ever, in a practical system, the channel estimation error
always exists, and its effect has to be taken into account.
To have an idea how multiuser detection algorithms are
affected by the error, we model the error as a Gaussian
random variable with a standard deviation of ¢, and
conduct simulations for different ¢,’s. Fig. 14 shows the
simulation result. It can be seen in the figure that the
proposed algorithm always performs better than PPIC
under different levels of channel estimation error.

6. Conclusions

Multiuser detection is one of the key techniques for
enhancing the capacity of DS-CDMA systems. Due to its
simplicity and effectiveness, the adaptive partial PIC
receivers has been considered as a promising approach
in multiuser detection. In this paper, we propose an
enhanced algorithm for the adaptive partial PIC. The main
idea is to use a weight pre-selection procedure and a post-
filtering scheme to reduce the weight error variance.
Simulation results show that the proposed algorithm
outperforms the conventional adaptive approach in all
scenarios. In power-imbalanced systems, the proposed
algorithm can even approach the single-user bound. We
also conduct performance analysis and derive the output
BER in the second stage. Simulations confirm that the
analytic results are accurate. In addition to dealing with
MAI in single-carrier CDMA systems, the proposed
algorithm can also be extended to inter-code interference
(ICI) problem in multicarrier CDMA (MC-CDMA) systems
[27-29]. Note that the MC-CDMA system has been
considered as a candidate for advanced wireless commu-
nication. Research on this subject is now underway.
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