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pp. 691-700, Sept. 1994. . estimates for each state of the trellis. The quantized channel algorithm

[13] T. Chou, “Frequency-independent beamformer with low response erro . S . .
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[13]-[16].
We develop a two-layer strategy for joint optimization over channel
and data by combining the GA with the VA. At the top layer, an

Maximum Likelihood Joint Channel and efficient version of GA known as the micro-GAGA) [15] searches
Data Estimation Using Genetic Algorithms the channel parameter space to optimize the ML criterion. The bottom
layer consists of a number of VA units: one for each member of the
S. Chen and Y. Wu channel population. Each VA unit decodes data based on the given

channel model and feeds back the corresponding likelihood metric

) o ) value to the GA. The performance of this GA scheme is investigated

" Q?ﬁfﬂ?ﬁtﬁgiﬁé‘éﬂhjg’im‘iheﬁn”nae'}zgﬁgn dzf;ir:tien:;tigﬁ\./%o?rig ?fﬁgﬂe?n in a simulation study. The results obtained clearly demonstrate that
the joint maximum likelihood optimization is decomposed into a two- theé GA-based scheme has superior performance over other existing

level optimization loop. A micro genetic algorithm is employed at the methods for joint channel and data estimation.

upper level to identify the unknown channel model, and the Viterbi

algorithm is used at the lower level to provide the maximum likelihood

sequence estimation of the transmitted data sequence. As is demonstrated Il. MAXIMUM LIKELIHOOD BLIND EQUALIZATION

in simulation, the proposed method is much more accurate compared with  Throughout this study, the channel is modeled as a finite impulse
existing algorithms for joint channel and data estimation. response filter with an additive noise source [17]. Specifically, the

Index Terms—Blind equalization, genetic algorithms, maximum likeli- received signal at sample is given by
hood estimation.

ng—1

r(k) =Y ais(k —i)+ (k) 1)
|. INTRODUCTION i=0

Since the pioneering work of Sato [1], three families of blindvhere
equalization techniques have emerged. The first family of blind n.  channel length;
adaptive algorithms, which is commonly known as Bussgang al-a; channel taps;
gorithms, constructs a transversal equalizer directly to unravel thez(k) Gaussian white noise with zero mean and variarte

effects of the channel impulse response [1]-[4]. This class of blirthd the symbol sequendgs(k)} is independently identically dis-
equalizers has very low computational complexity but suffers frofibuted with a variance2. We will assume that the multilevel pulse
the drawback of slow convergence. The second family of blingmplitude modulation¥/-PAM) scheme is used. The signal-to-noise
equalization algorithms is based on higher order cumulants [5]-[8htio (SNR) of the system is defined as
This second class of blind equalizers, although very general and S
powerful, requires a large amount of received data samples and SNR= “§<Z af)/of. @)
extensive computation to estimate higher order cumulants. The third
family of blind adaptive algorithms uses some blind approximations _ . L
of the maximum likelihood sequence estimation (MLSE) to perform J0INt channel and data estimation can be performed based on the
a joint channel and data estimation [9]-[12]. The resulting blindflL criterion. Let
equalizers are therefore computationally very expensive. A major r :[,,-(1),»(2)...,,.(N)]T
advantage of this thnll’d approach is th:_:lt relat_lvel_y few signal samples s = [s(=na +2)--- 5(0)s(1) - -- s(\)]"
are required to achieve the equalization objective. T

When both the channel and transmitted data sequence are unknown, a=lapar - dn,—1] ©)

in theory, their optimal estimates can be obtained via the maximyR he yvector of v received data samples, the transmitted data
likelihood (ML) optimization over channel and data jointly. Thegeq,ence, and the vector of channel taps, respectively. The probability

computational requirement of such a joint optimization proceduggnsity function of the received data vectorconditioned on the
is, however, prohibitively large. In practice, approximations arg,annel impulse responseand the symbol vectos is
adopted. A straightforward way is to employ a batch iterative process

=0

between data decoding and channel estimation [9]. Seshadri [1Q]r|a, s) = ! N3
presented a recursive algorithm for joint channel and data estimation. (2wa)
T N — 2
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of the cost function A population size of five was suggested in [15] for th&A.
N — 2 Generally speaking, however, the more complex the search space is,

J(a, s) = Z [7,(k) _ Z a;s(k — i)} (5) the larger the population size shou!d be. An appropriate populapon

et e size also depends on the application problem. In our application,
) the population sizer, is given byn, = 5 X n,, wheren, is

overa ands, that is the channel length. This is still considerably smaller than a typical
population size used by standard GA’s. In @A implementation,

(2", s") = arg {Igigl J(a, S)}- (6)  the crossover rate is set to 1.0 to facilitate a high rate of information

exchange, whereas the mutation rate is set to 0.0 (no mutation) as the
Two special cases of the ML solutiga™, s™) are well known. When reinitialization of the population will keep the diversity of potential
a training sequence is available, the ML estimate of the chanieel solutions fairly well. Another consequence of small population size
the usual least squares solution. The MLSE for the data sequends the method of selection. Due to the small population size@A,
when the channel is known can be obtained using the standard e law of averages does not hold well, and the tournament selection

When neithem nors are known, in theory, the joint ML estimateis used in choosing parents for reproduction.

(a*, s*) can be obtained. However, such an optimal solution is
too expensive to compute, except for the simplest case. In practice,
suboptimal solutions are adopted for computational purposes. Th . .
aIgoriF;hm based on a blind trgllis search tepchnique [1p0] ?s such arf‘l’he propo_sg_d _sch_eme, consisting oj:&A and n,, \(A. _un_lts,_
example. In the standard VA with the known channel, one survivirl volves an initialization phase and two loops. In the initialization,

a . np .
sequence is retained for each state of the trellis. When the chann i§Et of channel modelgs; },Z, is randomly chosen, and the best

unknown, an enhanced VA is adopted that retains- 1 surviving E::ar_m_sl \llectorlfott_md lljtp.to that pOIztehc |ts rangonr‘:ly sellecte(; flro_mth
sequences for each state of the trellis. Each of thessurviving € tnitial population. 1t 1S assumed that each channel modet in the

sequences is used to adapt a channel model. This enhanced p\gRuIatlon is normalized according to

IV. GAS FORJOINT CHANNEL AND DATA ESTIMATION

decoding andm-channel estimation process can be implemented ng—1 )
recursively. > ai=1.0. (8)
The joint minimization process (6) can also be performed using i=0

an iterative loop first over the data sequeneesd then over all the This is realistic since the channel ene

ng—1 2 2
possible channela QL% ai)o. can always

be estimated, and? is known. The search range for each parameter

(a", s*) = arg {min [min I(a, s)] } ) is, there_fore,(—l, 1). The inner loop of the:GA-based scheme is
a s summarized as follows.
The inner optimization can be carried out using the VA. In order Step 1) Forl < < np, theith VA unit decodes data based on
to obtain the true optimal solution, the outer optimization must be given a; and feeds back the likelihood metric, which is
performed over all the possible channalsthe complexity of which the fitness function valug; corresponding tG;.
is generally prohibitive. Suboptimal solutions are usually sought by Step 2) Letf,... be the best fitness value of the current popula-
constraining the search to a finite set. For example, the quantized tion, and let the corresponding channel modelabe.:.
channel algorithm [11] uses a family ®f« quantized channels. GA’s If
are natural choices for performing the outer optimization in (7) since "p
they can search the channel space efficiently with a finite population. > (frest = fi) < @fpeat 9)
=1
IIl. GENETIC ALGORITHMS the inner loop is terminated, whereis a predefined small

positive constant. Otherwise, a new generatiofidf} | *,

The first step in applying GA'’s is to encode the parameters to be is produced, and the algorithm goes back to Step 1.

optimized. We use the popular binary encoding scheme [13]. A simple )
GA usually consists of three operations, namely, selection, crossover:fter the convergence of the inner loop, the convergence of the
and mutation [14], at each cycle. An “elitist” strategy [16], whictPVerall process is tested. If
_automatically copies_a few of th(_e best solutions in the population labest — aree| < 63/, (10)
into the next generation, is often incorporated. Two commonly used
methods of selection are the proportional and tournament selectiding outer loop is terminated, where the small positive scatiefines
[14], [15]. In the crossover operation, we adopt multiple crossovéie search accuracy, anfdn, is the Euclidean norm of the search
points [14], and the number of crossover points in our application $pace [as the search range for each parameterlis1)]. Otherwise,
equal to the number of the parameters. the population is reinitializedar.. is reset toar.. = ap.s+, and

For many engineering problems, the goal is to find a glob#te inner loop restarts. It is possible that a reinitialization of the
optimum solution as quickly as possible rather than a good averggepulation may sample the same regions of the search space as the
performance of potential solutions. For this purpose, the so-callptkvious population did. To increase the chance of converging to a
1GA [15] seems to offer certain advantages. The population size uggdbal optimum, the outer loop test can be amended as follows: The
in a;GA is much smaller than that used in “standard” versions of GAwverall process has converged only if the test (10) has been satisfied
Simply adopting a very small population size and letting the searélr several consecutive times.
converge just once, however, is not very useful apart from quickly Convergence properties of the propose@A scheme are ex-
allocating some local optimum. Therefore, in&A, after the search tremely difficult to analyze due to the highly complex nature of
has converged, the population is reinitialized with random valuethe underlying optimization problem (7). Since GA's are global
whereas the best individual found up to that point is automaticalbptimization techniques, our method is more likely to find a global
copied to the newly generated population. The reinitialization @ptimal solution than the methods of [9] and [11]. Strictly speaking,
repeated until no further improvement can be achieved. it can only be said thabn average the ©GA converges to a global
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optimum because of the probabilistic nature of {h@&A. It does Channel 1, 2-PAM
not guarantee that, for any particular realization of the noisy signal 10 ; ¥ " ; "
r and any particular run of theGA, convergence to an optimal ) SNRoaaB

solution of the ML joint channel and data estimation can always be
ensured. In our simulation study, however, we have not encountered
a nonconvergent case.

Let Cva be the complexity of the VA required to decode a data
sequence ofV samples, and leNv, be the total number of VA calls
required for theuGA algorithm to converge. The complexity of the 0.0001 . . . . .
1GA-based scheme is obviouslyva x Cva. This is considerably 0 50 100 150 200 250 300
more than Seshadri’s algorithm. Our experimental results suggest that No. of VA Evaluations
a population size,, of around5 x n, for the uGA implementation, Fig. 1. Mean tap error as a function of VA evaluations averaged over 100
rather tham,, = 5, is appropriate for our application. This populatiorflifferent runs. Channel 1, 2-PAM and the number of data samples 50.
size is smaller than that used by the quantized channel algorithm

SNR=30dB -

[11]. For 2-PAM problems, the quantized channel algorithm requires Channel 1, 8-PAM

a family of 2"« channel models. A straightforward application of 1 ‘ " i ;

the quantized channel algorithm id-PAM problems would require 0.1 L §§§:§8§§ ]

a family of A"« channel models, which would be impractical ‘«1\\

to compute for high-ordei. Therefore, a reduced constellation m OO0 N

approach has to be adopted in order to maintain a famil"of = 0.001 e

channel models. OurGA-based method does not need to adopt a e

reduced constellation approach. 0.0001
1e-05

0 100 200 300 400 500

V. SIMULATION STUDY No. of VA Evaluations

Computer simulation was conducted to test the propgsée Fig. 2. Mean tap error as a function of VA evaluations averaged over 100

scheme using three channels taken from [17]. The impulse respoRg@rent runs. Channel 1, 8-PAM and the number of data samjles 100.
of these three channels is given by

Channel 1 a =[0.4070.8150.407]" Channel 2, 2-PAM
1 : . . .
Channel 2 a =[-0.21-0.500.720.360.21]" \\ SNR=10dB -
' SNR=20dB -

Channel 3 a =[0.2270.4600.688 0.460 0.227]" (11) 01} SNR=30dB
m
respectively. In practice, the performance of the algorithm can only E
be observed through the best estimated mean square error (MSE) 0.01 ¢
defined by
1 Y ng—1 2 0.001 : : ‘ ,
_ , _ Gl — 0 200 400 600 800 1000
MSE = N AZ r(k‘) Zo als(k L) (12) No. of VA Evaluations
=1 =

. o . T . Fig. 3. Mean tap error as a function of VA evaluations averaged over 100
whereapes; = [aodi -+ in,-1]" is the most likely c’ha\n[}e! model gitferent runs. Channel 2, 2-PAM and the number of data samiples 100.

in the population, and = [5(—n. + 2)---5(1)---5(N)]" is the

ML sequence associated with,. ;. In simulation, the performance

of the algorithm can also be assessed by the mean tap error (MTE) 1 Channel 2, 8- PAM
) 5 SNR=20dB ——
MTE = || & &pesr — al|*. (13) SNRD304B
. . L . 0.1 ]
In (13), —ap.s: is used ifas..; converges to-a. Otherwiseap.s: is @
used. This is necessary as the most likely channel model can converge E S
to eithera or —a. 001 ¥ e
Figs. 1-6 depict the MTE performance versus the number of VA “ﬁ .
evaluations for the three channels in (11) with 2-PAM and 8-PAM 0.001 ‘ ‘ T
symbols and different noise levels, respectively. These results were 0 500 1000 1500 2000
obtained assuming the correct channel lengthand were averaged No. of VA Evaluations

over ;I.OO different runs_. Compargd with the results of usmg thﬁg. 4. Mean tap error as a function of VA evaluations averaged over 100
quantized channel algorithm given in [11], QuBA scheme required ifferent runs. Channel 2, 8-PAM and the number of data samles 300.
a smaller number of VA evaluations to achieve a same level of MTE

performance. The final results obtained by #h&A method were
also more accurate, particularly for high-order PAM. Table | showaraightforward as the former is a batch algorithm and the latter a
the means and variances of the MSE and MTE over 100 runs f&cursive algorithm. Nevertheless, we compare the accuracy of the
channel 1. The convergence of quBA scheme is consistent, as istWo methods. Tables Il and Ill summarize the MTE performance
evident from the very small variances of the MSE and MTE. and the number of received data samples used for the two methods.
Seshadri’s algorithm [10] is regarded as one of the best methotlse results of Seshadri’'s algorithm were estimated from the graphs
for joint channel and data estimation. A performance compaiii [10], which were also obtained by averaging over 100 runs. Our
son between oumGA method and Seshadri's algorithm is nottGA method is clearly much more accurate, particularly for high-
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Channel 3, 2-PAM Channel 1, 4-PAM
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Fig. 5. Mean tap error as a function of VA evaluations averaged over 1@y 7, Mean square error as a function of estimated channel length averaged
different runs. Channel 3, 2-PAM and the number of data samles 100.  over 100 different runs. Channel 1, 4-PAM and the number of data samples

N = 100.
Channel 3, 8-PAM
' : ' Channel 2, 2-PAM
L SNR=20dB —— 1 5 S— . : : ‘
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Fig. 6. Mean tap error as a function of VA evaluations averaged over 100 Estimated Channel Length

different runs. Channel 3, 8-PAM and the number of data samles 200. Fig. 8. Mean square error as a function of estimated channel length averaged
over 100 different runs. Channel 2, 2-PAM and the number of data samples

TABLE | N = 100.
ResuLTs (MEANS = VARIANCES) FOR CHANNEL 1 AVERAGED OVER 100 RUNs
SNR MSE MTE versus the estimated channel length. As expected, when the estimated

2-PAM 10 dB | 9.26 x 1072 £3.20 x 107% [ 1.70 x 10~> £ 3.97 x 10~°

Nyva=300|20dB |9.54 x 1073 £3.69 x 1075 | 3.47 x 107* £ 1.99 x 1077

30 dB | 9.58 x 107* +4.22 x 107® | 1.05 x 10~* + 2.62 x 10~?
G —1 —4 —3 —
Nya=>500|30dB | 217 x 1072 £6.02 x 107° | 9.50 x 107° +1.16 x 1077

channel length is correct, the MSE curve achieves the minimum.

A batch method using the GA has been developed for blind
equalization based on the ML joint channel and data estimation. Com-

TABLE 1l pared with other batch-type methods, such as the quantized channel
PERFORMANCE COMPARISON 2-PAM AND SNR = 10 dB approach, the GA-based scheme is more accurate and computationally
Seshadn 4GA based scheme more efficient in terms of the total number of required VA evaluations.
channel || (16 survivors/state) Our simulation study has demonstrated that the GA-based scheme
MTE N MTE N requires less received data samples to achieve much more accurate
! 0.02 100 0.003 30 blind equalization results at the expense of computational complexity,
2 0.05 100 0.007 100 compared with the best recursive blind trellis search technique.
3 0.08 100 0.01 100 Simulation results have also shown that our GA-based method

converges consistently with very small estimation variances.

TABLE 1lI
PerRFORMANCE ComMPARISON 8-PAM anD SNR = 30 dB REFERENCES
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