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computational complexity of this receiver prevents the
Abstract widespread use of this technique. Due to the high

computational complexity, most of the CDMA systems today
Multiuser detection is an important technology in wirelesgnd in the near future will continue to use the conoea
CDMA systems for improving both data rate as well as usgtatched filter with comparatively low user capacity and
capacity. However, the computational complexity of multiusétow data rate.
detection prevents the widespread use of this technique. MostVhile many multiuser detectors could achieve optimal
of the CDMA systems today and in the near future wiferformance, their relatively higher complexity prevents
continue to use the conventional matched filter with it€DMA systems from adapting this technology for signal
comparatively low user capacity and a slow data ratedetection. However, if we could lower the computational
However, if we could lower the computational complexity ¢fomplexity of multiuser detectors, most CDMA systems woul
multiuser detectors, most of the CDMA systems would likely take advantage of this technique in order to gain
likely to take advantage of this technique in order to gaiiicreased system capacity and a better data rateislpaher,
increased system capacity and a better data rate. In tiisnovel approach for reducing the asymptotic computational
paper, a novel approach for reducing the computation&lomplexity of multiuser receivers is proposed that utilthes
complexity of multiuser receivers is proposed. It utilizes trHgansformation matrix technique to improve the perforcean
transformation matrix technique to improve the performancef multiuser detectors. By using the proposed algorithm, the
of multiuser detectors. We show that the mathematicedmputational complexity of multiuser detectors can be
computations of the implementation complexity can turn #igduced by several orders of magnitude. This is done by
overall less complex system that has strong impact on tigdlizing that much of the processing performed is
system’s signal to noise ratio (SNR) and the bit error ratennecessary. Since most of the decisions are cowectan
(BER). The performance measure adopted in this paper is tiggluce the number of computations by using the
achievable bit rate for a fixed probability of error ({0and transformation matrices only on those coordinates tre

consistent values of SNR most likely to lead to an incorrect decision. By doihistwe
can greatly reduce the processing that was required to anake
1. Introduction decision about the correct region or the coordinatesTthis

reduction in the computational complexity will likely gius

Multiuser direct-sequence code division multiple access considerable improvement in the performance of mekius
(DS-CDMA) has received wide attention in the field of€Ceivers. The performance measure adopted in this FEper |
wireless communications [1, 2]. With the emergence tpe achle_vable bit rate for a fixed probability ofcer{10")
multiple access techniques, there has been an indredse  nd consistent values of SNR. _
interest in performing simultaneous estimation and detect Verdu [3] proposed and analyzed the optimum ML
over all users [4]. Multiple access interference (Médn be Sequence detector which, unfortunately, is too complex for
prevented by selecting mutually orthogonal Signatur[éractlcal _ implementation, _ since its complexity grows
waveforms for all the active users. However, ids possible €xponentially as a function of the number of users.
to ensure perfect orthogonality among received signatur@nsequently, Verdu's work has inspired researchers to
waveforms in a mobile environment, and thus MAI arise Search for suboptimal multiusers detectors, which careee
Multiuser detection is a technique to improve the capacity N€ar-optimal — performance with  comparatively  less
coverage in a CDMA system. Being a critical comporant c_omputatlonal complexity. Su_boptlmal receivers also
this technique, the maximum likelihood (ML) mu“iusermmultane_ously detect all user S|gngls. However_, instdad
receiver has received extensive study. However, thé- detection, they perform a set of linear transfatiors on



the outputs of a matched filter that significantly endemnthe a large matrix. This computation takes a relatively longe
noise component. and makes the detection process slow and expensive [10, 11].
The rest of this paper is organized as follows: Secfio Xie, Rushforth, Short and Moon [15] proposed an
describes the research that has already been donis imr¢éa. approximate MLSE solution known as the pre-survivor
Section 3 presents the ML algorithm and the proposgadocessing (PSP) type algorithm, which combined a tree
algorithm, with section 3.1 covering the ML algorithnddts search algorithm for data detection with the aid of the
corresponding computational complexity and section 3r2cursive least square (RLS) adaptive algorithm used for
covering the proposed transformation matrix algorithme Thchannel amplitude and phase estimation. MLSE receivees gi
mathematical derivations for generating consisteniesmlof optimum performance but at a cost of increased receiver
SNR and the standard formulas for BER are presented domputational complexity.
sections 3.3 and 3.4, respectively. The mathematical andn this paper, we employ a new approach using a
simulation results of SNR and BER performance are prdvidéransformation matrix algorithm that observes the dioates

in section 4. Finally, section 5 concludes the paper. of the constellation diagram to determine the locatibthe
transformation points. Since most of the decisiomescarrect,
2. Related work we can reduce the number of required computations by using

transformation matrices only on those coordinatexhwviare

Multiuser receivers can be categorized in the followimg Most likely to lead to an incorrect decision. By doihgstwe
forms: optimal ML sequence estimation (MLSE) receiwrd can greatly reduce the unnecessary processing involved in
suboptimal linear and nonlinear receivers. It has wwn Mmaking decisions about the correct region or coordinéxes.
in [9] that DS-CDMA is not fundamentally MAI limited dn Mmathematical results show that the proposed approach
can be near-far resistant. Optimal multiuser deteatoorsists successfully reduces the computational complexity of the
of a matched filter followed by a ML sequence detectd®Ptimal ML receiver. The complexity of the proposed
implemented via a dynamic parallel programming algorithnlgorithm is not polynomial with respect to the numbér
In order to mitigate the problem of MAI, Verdu [9] proposed!sers, but it still gives a comparatively reduced complexity
and analyzed the optimum multiuser detector fornd provides much better performance in terms of SNR and
asynchronous Gaussian mu|tip|e access channelghe the BER than other well known multiuser detector algons
optimum ML receiver searches all the possible demodulatgdch as ML and ND. The simulation results of the proposed
bits in order to find the decision region that maximifes @algorithm demonstrate the positive impact of the reduced
correlation metric given by [3]. The practical applioatiof ~Ccomputational complexity by means of consistent valfes o
this mechanism is limited by the complexity of theefeer SNR and the optimal BER performance.

[10]. This optimal detector outperforms the conventional

detector, but unfortunately its complexity grows expondgtial3. The computational complexity of multiuser
with a complexity of0 (2) , where K is the number of active recelvers

users.

Much research has been done to reduce this receiver'sye consider a synchronous DS-CDMA system as a linear
computational complexity. Recently, Ottosson and Agi&ll [ time invariant (LTI) channel. In an LTI channehet
proposed a ML receiver that uses the neighboring dec&)t (Nprobability of variations in the interference paraenst such
algorithm. They implemented an iterative approach usieg ths the timing of all users is extremely low. our
ND algorithm to locate the region where the actuatansformation matrix algorithm utilizes the complex
observations belong. In order to reduce the computationgoperties of the existing inverse matrix algorithms to
complexity of optimum receivers, the iterative approadhgis construct the transformation matrices and to deterrtfiee
the ND algorithm performs MAI cancellation linearlfhe |ocation of the transformation points that may ocituny
linearity of the iterative approach increases noseponents coordinates of the constellation diagram. The individual
at the receiving end. Due to the enhancement in tlige notransformation points can be used to determine theageer
components, the SNR and BER of the ND algorithm isemogomputational complexity. The system may consist asers.
affected by the MAI. Userk can transmit a signal at any given time with the powe

Several tree-search detection receivers have be@os@t of W,. With the binary phase shift keying (BPSK) modulation

in the literature [13, 14], in order to reduce the compledity technique, the transmitted bits belong to either +11pi.e.,
the original ML detection scheme proposed by Verdutlk O{+1)

Specifically, [13] investigated a tree-search detection

algorithm, where a recursive, additive metric was d@ezlo ) )

in order to reduce the search complexity. Reduced treersea3-1. The computational complexity of The ML
algorithms, such as the well known M-algorithms and T- algorithm

algorithms were used by [14] in order to reduce the

complexity incurred by the optimum multiuser detectors. In In order to mitigate the problem of MAI, Verdu [3]
addition, an optimal MMSE receiver requires the inversib proposed and analyzed the optimum multiuser detector for



Gaussian multiple access channels. When a receivds wan ny(m) represent the minimum noise components. These
detect the signal from user-1, it first demodulates theived symbols can now be decoded using a ML Viterbi decision
signal to obtain the base-band signal. The base-bgndlss algorithm. This algorithm makes a decision over a dinit
multiplied with user-1's unique signature waveform(t). window of sampling instants rather than waiting for thi
The resulting signat,(t), is applied to the input of the data to be received [5]. The above derivation can leneed
) ) from two users toK users. The number of operations
matched filter. The outputs of the matched filter anaduer performed in the Viterbi algorithm is proportional toeth
algorithm can  be represented  byy, (m) anda (M),  pmper of decision states, and the number of decisiessis
respectively wheren is the sampling interval. The outputs ofexponential with respect to the total number of usersther
the matched filter for the first two users at thi& sampling words, the computational complexity grows exponentially
interval can be expressed as follows: with respect to the total number of users. The commutali
complexity of this algorithm can be approximated@$2) *.

(m+1)T

1
yl(m)=T{ [ swa(oat

(mT

@ 32.The computational complexity of the proposed
algorithm

2+(m+1)T

¥, (m) = T{ [ rC(rr) dt} &)

2+(m)T

According to original Verdu’s algorithm, the outputs of the
The received signal, (t) and r, (t) can be expressed asmatched filtery,(m), and y,(m) can be considered as a single

follows: outputy(m) . In order to minimize the noise components and
to maximize the received demodulated bits, we can tramsfo
L) = (Eq)“ i b (I)Cy(t - IT,) (3) the output of the matched filter, and this transfornmatan
s i;'M be expressed as foIIovws(m) =Tb+n where T represents
20 = (£ ZA:A b (G, (=1, = 75) @) the transformation matriky O{#1} and  represents the

whereE. and E_ represent the original bit energy of thehoise components. In addition, if the vectors are ckghias
1 2 points in K-dimensional space, then the vectors dustia

received signals. The received signqlét) andr, (t) can be constellation diagram that has K total points. This

treated as a single signa(t)that will be distinguished by the constellation diagram can be mathemat_lcally expr_esse(_j as
0 :{Tb} whereb D{—1,+1} . The preceding equation is

receiver with respect to its unique signature waveform.

Substitute (3) and (4) as an individual equation into (1) afgndamental to the proposed algorithm. According to the
(2), respectively, and we get detection rule, the constellation diagram can be pamgd

into 2¢ lines (where the total possible lines in the
1 [(me)T 0.5( M constellation diagram can be represented Jathat can only
y(m)= T{ I [ECJ {,_z {H(DCl(HB)}}Cl( ) d} (5) intersect each other at the following poinis: = {Tb} p o1,
(mT = l}K\f. Figure 1 shows the constellation diagram that consists
yz(m):l{(m«}m[% ]0'5{ i {bz(DCz(HB‘Tz)}}Cz(Hz) d} (6) of three different vectors (lines) with the originactor X’
Tl 72/ li=—m that represents the collective complexity of the nemei
After performing integration over the given intervale get Q, R, and S represent vectors or transformation points
the following results with the noise components as agthe within the coverage area of a cellular network (Figurelrl
cross correlation of signature waveforms. addition, Q, R, and S represent the computational
complexity of each individual transformation point. Irder
0.5 0.5 0.5 to compute the collective computational complexity of the
n (m) = ECJ ti(")*[ %ZJ y () pl*[ %zj 5( oo optimum receiver, it is essential to determine the plerity
05 of each individual transformation point. The computationa
+[E¢2] by (me1) o_y + ny () complexity of each individual transformation point is
@) represented by Xof the transformation point which is equal
05 05 05 to the collective complexity of Q R, and S. A
y, (m) = [EC J bz(n)+[ %J B m—l)pl+[ @J ol o transformation does not change the original vectatead it
2 1 .

. alters the components. In order to derive the valu¢ghef
original vector X, we need to perform the following
derivations. We consider the original vector with resge

(8) each transmitted symbol or bit (i.e., the numberiméd or
where coefficients,(m) and by(m) represent MAI, 0_,,,,.,  Vectors in the constellation diagram).

are cross-correlations of signature waveforms, ag(d) and

(o) n oy nld



X" Q= Xi" = ( XQ+ XR + x§)iﬂ points described i_n (10). and (11). Let the unit vectorgHer
local reference point be:

= XQii ' + XRji ' + XSki’

X R= Xjﬁ:(XQ+ XI?+ X§)_j i = |:t11i 't12j't13k]
= XQij” + XRjj " + XSk’ P70 = [taaitaai ook ] (12)
X7s= XK' =( xQ+ XR+ Xs) k= [toaiitasiitagk ]

_ XQik_' + XRjk_' + XSKR since; (i +j +k) =i , where (i +j +k) =1. The same is

The following equation can be derived from the aboveesys Y€ _Ifr the rest of the unit vectors. Therefore, (@2 be
rewritten as:

- it ki .
X-.Q - 4 . XQ i = [tllvt12~t13]
XTR| =1ij i kj XR 9 i
X"s k™ k™ kk™ XS J = [t21»t22~t23] (13)
Equation (9) represents the followin@RS with the unit K = [ta1.tss.tes]

vectors i, j, andk , and X " Q, X R, and X S with By substituting the values df", | ", andk " from (13) into

the inverse of the unit vectdrs, j 7, andk ™. The second (11), we obtain
matrix on the right hand side of (9) represdntahere as the

first matrix on the right hand side of (9) representsatteal (ugnagnas) ibdn bt i Kb g wh| [y o, 0,
transformation matrix. Therefore, the transformatinatrix T = |iltai#tod# ) it it gt ) Kl o b2 kbl =t 4 b by (14)
from the global reference points (which could®eRr, or S) to iltai*tait o) 4t ot ) kb ip 2 ) (a1t ta
a particular local reference point can now be derivech f9): SubstitutingT e from (14) into (10), yields
X7 Q
Y {Q] (10)
XS X s X7 Q 1 12 Y13/ xoq
Equation (10) can also be written as: X RISy p fpg [ ;jg‘] (15)
xS t31 '3z 33
it kT Equation (15) corresponds to the following standard
Te = |7 07 KT (11) equation used for computing the coiinputational complexity at
k™ kT kkT the receiving end :{Tb} bO{-1,+} . If the target of one

We need to compute the locations of the actual tramsfoon  transformation(U :Q - R) is the same as the source of other

transformationT: R - 9, then we can combine two or more
transformations and form the following

compositionTU: Q- § T Q=T Y 9).

This composition can be used to derive the collective
computational complexity at the receiving end using (15).
Using (15), a simple matrix addition of the received
demodulated bits can be used to approximate the number of
most correlated transformation points. The entire guoce
for computing the number of demodulated bits that need to be
searched out by the decision algorithm can be used to
approximate the number of most correlated signals for any
given set of transformation points. This is becaus@eed to
check whether or not the transformation points ameedit to
either (+1, +1) or (-1, -1). The decision regions or the
coordinates where the transformation points lie fet, (+1)
and (-1, -1) are simply the corresponding transformation
matrices that store the patterns of their occurreniethe
transformation points do not exist in the region dieit(+1,
+1) or (-1, -1), then it is just a matter of checking thiee the
transformation points are closest to (+1, -1) or 19 §1). In

Figurel. A constellation diagram consisting of three different
parameters



other words, the second matrix on the right hand siq@5%)f users’ signals at the receiving end, each user experiances
requires a comprehensive search of at mbsti§nodulated ayverage ofy/K SNR. In order to achieve maximum positive

b't.s. that |nd|recrtlly co;respc:jndb tothone d or more Iuse[:ze T_values of SNR for most of the valueskgfwe propose that the
minimum search performed by the decision algorthim iy erse of the computational complexity should equal the
conducted if the transformation points exist within th

. . . . Qifference between the inverse-normalization factod the
incorrect region. Since the minimum search sav

eijsroduct of inverse-normalization factor and SNR witbpest

compEtat;oln bi/k‘%ne d;:glreiea tg_f d_T_ﬂsmn algorithm glas %‘F) the collective computational complexity of the syst&his
search at least ademodulated bits. The average number Spothesis leads us to the following equation:

computations required by a system on any given set alwa)y

exists between the maximum and the minimum number of

computations performed in each operational cycle [16]s Thi 5 =C'- C—lz = 1[1_1} (16)

implies that the total number of demodulated bits thatirte O g C U

be searched out by the decision algorithm can not exmneed . o

5%.4%, Thus, the to'?lal number of mo%t correlated pairs)blrﬁs }/ivhere C in (16) represents the normalization fact&/D

upper bound of'54¥. is the inverse of the computational complexity, amﬂD
Since most of the decisions are correct, we can retfigce represents the SNR with respect to the collective

number of computations by using the transformation wegri computational complexity. The main objective of (16) as t

only on those coordinates that are most likely tal l@aan ensure that we get maximum positive values of SNR fot mos

incorrect decision. Therefore, this greatly reduces thsf the values of K. Using the complexity and the user-doma

unnecessary processing required to make a decision about\teecan make an argument that the inverse of an aveidBe

correct region. Thus, the number of received demodulateHould be at least greater than zero. This argument gaasan

bits that need to be searched out can be approximatéij asthat the system does not work with a non-positive value

4X, SNR. In other words, the inverse of the average Shirld
The computational complexity of any multiuser receivegqual to the difference of the normalization factod dahe

can be quantified by its time complexity per bit [12]. Thénverse of the average computational complexity. Theveabo

collective computational complexity of the proposed albanit equation can be written as:

is achieved after performing the transformation masum

using the complex properties of the existing inverse matrix y=0-CK 17)

algorithms. This implies that both quantiti@&sandb from Equation (17) can also be used to compute the values of
our fundamental equation can be computed together and gﬁR in an ideal situation only if MAI does not affette

generation of all the values of the demodulated receiited b received signals by K-1 users. However, in a practica} D

can be done through the sum of the actual transformati@bMA system, this assumption can not be made. Therefo
matrix T that approximately takas (5/4)" operations with an we should consider that the variations in the netwoakl ffor

a_symp_totic constant. Using t_he Newton approximatior_1 mb_th an AWGN channel introduces the presence of varianee (w

given in MATLAB, we can directly come to an approximatio ) )

of O (5/4). The computational complexity of the propose&epresent varlance{ bﬁ) that represents MAI. The selection

algorithm is not polynomial in the number of userstéad of variance is entirely dependent on the _network lodn.

the number of operations required to maximize thgrder to compute the values of SNR in decibels (dB), eezin

demodulation of the transmitted bits and to choose amapt [0 change the linear quantity into decibels (dB) by mlyling

value ofb is O (5/4) and therefore the time complexity perlt With the base-10 logarithmic function as well astwibe

bit is O (5/4). Even though the computational complexity of@riance. Since MAI is a multiplicative property of SNRe

the proposed algorithm is not polynomial in terms oftgtal  'esultant approximation of SNR in dB is always a product of

number of users, it still gives significantly reducedh_e base-10 logarithmic function and the possible vagianc

computational complexity and provides much bettefith respect to the number of users.

performance in_terms of SNR and_the BER than therothe y=100" |0910(D _CK) (18)

well-known multiuser detection algorithms. ) ) ) _

We use the precomputed values of variance, given in [6], in

3.3.Computing SNR based on the reduced complexity our simulation that represents MAI for a range of users.
o Furthermore, the normalization factor represents rgirvg

) ) ] ) ) guantity that can be used to approximate the different salue
Consider the following points: (8) is a computational ¢ SNR with respect to the difference between average

complexity that belongs to a certain coverage areasK}  computational complexity and average SNR. It should be

(we represent SNR Hy) is uniformly distributed among all noted that (18) only gives approximate values that can be

the active users’ signals with respect to the computatio closed to the actual values of SNR depending on both the

complexity, and (c) a certain cellular coverage areaKiasvariance and the normalization factor.

users. Since SNR is uniformly distributed among all the



3.4.Computing BER based on the reduce complexity 4. Performance analysis of the proposed
algorithm
We modeled the cellular network as a LTI synchronous DS-
CDMA system in which users utilize an AWGN multipath g section analyzes the computational complexity, SNR
channel. Due to the AWGN channel and the linearity, e BER performance of the proposed algorithm and
property, the different signal components do not eXperientgmnares it to the ND and the ML algorithms. Theesysis

deep fades. In other words, if the signal changes during th\jeled as a synchronous DS-CDMA system in a Gaussian
transition, the receiver receives the following signa channel.

D(t) =pe 19+ s(t)+/7(t)

. _ _ _ . 4.1 Complexity analysis
where A is an attenuation factod is a phase shlfts(t) is

the desired signal, ang (t) is the additive Gaussian noise. The order of growth of a function is an important crde
Due to LTI characteristics, the proposed algorithm " @nalyzing the complexity and efficiency of an algum. It

independent of the phase shift, which permits us to igitored!VeS @ simple characterization of the algorithm'scieficy

. . and also allows us to compare the relative performafice
by simply setting the value of) to zero. Therefore, the ; ; : : . -
receiver receives the following signal: algorithms with given input sizes. The original computadio

complexity of the ML optimal receiver is (8)3]. The ND

algorithm [8] reduced the complexity from (8o (3/2)
0(t) =s(t) +n (1) + A whereas the proposed algorithm reduced the complexity by
Since the attenuation factd is uncorrelated with (t) , (5/4_)k' ] o
_ ) Figure 2 shows the computational complexities for a

we can use the value of SNR directly in the BER formulganyork that consists of 100 users. As we can see tihegeo
Consider (19) that can be used to determine th_e BER in 8Rjorithm for a network of 100 users requires fewer
AWGN channel for a system where the transmitted &t  computations as compared to the ML and the ND algorithms.
modulated using the BPSK modulation technique. In addition, the proposed algorithm greatly reduces the
unnecessary computations involved in signal detection by

BER= Q[]/«/]/SNR} (19) storing the pattern of occurrence of the demodulatedirbits

. the transformation matrix and uses it only on thosésnec
It should be noted that the signals from all the usess a y

. . regions which are most likely to lead to an incordatision.
synchronized with each other and the power of eachisus 9 y

signal is equal to the energy per bit with respect te.ti&ince eAISO’ from the subsequent sections, we see that these
. . . ) significant computational savings do not come at the en
the attenuation factor and the white noise are unlebed 9 P 9 &P

. . ) of performance. It should be noted that the computational
the SNR can be directly placed in (19) as follows: complexity curve for the proposed algorithm is growing in a
B linear order rather than in an exponential order. As th
BER =Q[]/10(8N® +02} % (20) number of users increases in the system, the commaatio

complexity differences among the three approaches will be
Where Q(x) is the GaussiarQ function [7]. For simplicity, obvious.

(20) can also be written as:

BER =Q[\/1OSN R V1+ 1072 SN% 21)

The second term in (20) represents the SNR degradat 10°) xé 4
due to MAI. This term depends on the cross-correlatic ~ 7 Proposed e
between the spreading code as well as the number of Ursers > 10°7 e 7
other words, an increase causes an increase in the secon g o
term of (20) which causes a decrease in the overall BE § T ]
performance. Furthermore, the possibility of variarnce § 105 i
network load can not be ignored while calculating the BE H e
performance, since our numerical calculations for BER a ® 10 o R
based on SNR which itself contains a small randomuartnaf , gl I
variance, as shown in (20). Since, in a synchronosiersy T e T - 1
the value of variance also depends on the value ofrthes c IR IEACE T Ly

correlation, we assume a constant cross correlaatme for 0 10 2 % 4 S0 6070 80 %0 100

the entire computation of BER. Figure 2. Computational complexities ver sususers



4.2. Performance analysis of SNR

Three detection algorithms are investigated, whichtlaee
original ML algorithm, ND algorithm, and the proposec
algorithm. The values of SNR are approximated using (1
from Section 3.3. In order to compare the SNR performan
of the proposed algorithm with the other multiuser degacti
algorithms, we use a same constant value with the
computational complexities that does not make an excepti
for any one of the investigated algorithms. In our satiah,
we use one (i.eC = 1) as a normalization factor that remains
same for all investigated algorithms. The choice airall

value of 0° is entirely based on the load of the coverage ar:
(K) and it is selected through a random process for tainer
range of users. For a lightly loaded network, we expedt th
the value of variance may vary from 0.6 to 0.9 and for
heavily-loaded network, the value of variance may Weomn
0.1to 1.
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Figure 4. Approximate value of SNR (dB) ver sus number of

users (K =42) with a random amount of variance for a
synchronous DS-CDM A system in a Gaussian channel

Figure 3 shows a network where 22 users are active with.. )
the coverage area of a cellular network. For a sradtlevof K~ 21901thm is always better than the ML and the ND
such as 2 or 4, the proposed algorithm offers approximat@@0'ithms as shown in figure 5. For the first few valoé

6.5 dB of SNR where as the ND and the ML algorithms giv% R, the ND algorithm almo_st appr_oachgs the ML algorith
5.8 and 5.5 dB respectively. A slight increase in the vafue Whereas the proposed algorithm still maintains a ressen

K forces the proposed algorithm to give an acceptableafl Performance difference. It can be seen in figure 5 that
the SNR that can be used to achieve a satisfactofy BE'OP0OSed algorithm achieves less tharf BER for SNR = 8
performance for a voice communication network. Fomals 9B Which is quite closed to the required reasonable BER
network, the three algorithms behave almost exactiyséme. performance for a voice communication syst_em. Fprllsma
When the system becomes heavily loaded such as K a2, Yalues of SNR, the BER for these three algorithmalrisost
divergence rate for the proposed algorithm increases.cam  €dual. but as we increase the value of SNR, typicallyemo

be seen in figure 4, where the proposed algorithm has mélf'@n 10 dB, one can clearly observe the differencherBER

rapid divergence with respect to the number of users whBfrformance. . . :
compared with the ND and the ML algorithms. The The BER curve in figure 6 is calculated using (21). The

divergence for SNR is an essential element in aahiee former result demonstrat_es a slight improvement over th
minimum amount of BER. In other words, the divergence iﬁER performance shown in figure 5 for all SNR valueS/ak_Jo
SNR is directly proportional to the convergence in BEI:g_dB. Even for small values of SNR, the proposed alg(_)rlthm
performance. In addition, it can be clearly observesmmfr gives better performance than the ML and the ND algmist

figure 4 that the linear increase in SNR for the proposé'S the value of SNR increases, the BER performandeef
algorithm is smoother and more uniform than the NDted ProPosed algorithm over the ND and the ML algorithms

18 1
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