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Blind Estimation of Output Labels of SIMO
Channels Based On a Novel Clustering Algorithm
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Abstract—This paper addresses the problem of data detection
for digital communications employing space diversity reception,
where the system model contains a single-input multiple-output
(SIMO) vector channel. The received vector corrupted by addi-
tive white Gaussian noise (AWGN) is modeled as the noisy output
of a finite state vector Markov source. Subsequently, a discretely
valued basis of minimal dimensionality is identified for the input
space. Estimation of the output labels associated with this basis
allows labeling of the state transition diagram. For this purpose,
certain identifiable characteristics of the output sequences of the
Markov source are used to classify its states and generate an

initial codebook for a vector quantizer used to restore the output
levels. Fig. 1. Example of a one input two output vector channel. The state at time
k is defined bysy = (xg_2, xp_1).

Index Terms—Blind equalization, channel estimation, cluster-
ing, fading.
are used. We assume that the received signal in different
. NTRODUCTION channels undergo uncorrelated fading. We assume that the
ACE diversity reception is known to be an excellergarrier recovery loop generates a coherent carrier used for the
ean of combatting the detrimental effects of the mobigown conversion of the RF signal. Samples of the matched
radio channel in data transmission [1]. It is of great interest fiters outputs taken at the symbol rate generate the matrix of
investigate the fruitfulness of this approach in blind sequensgfficient statistics whereby each column is a vector whose
detection (BSD) [2], [3]. Several key features of the mobileomponents are the samples of the filter outputs at the re-
radio channel that are of relevance in the paper are: 1) fegiver. The overall complex baseband equivalent model of
typical transmission rates and symbol periods the length e communication system can be modeled as a single input
the intersymbol interference (ISI) at the channel output iBultiple output system. As an example, Fig. 1 depicts a one-
relatively short (e.g., less than six symbol periods); 2) theput—two-output channel that will be used throughout the
channel is rapidly time varying; and 3) the channel magaper.
occasionally produce a null in the signal spectrum. In Fig. 1, the noise components x, nox are uncorrelated
As pointed out by Sato in [2], the mobile radio channeNhite Gaussian and each component of the received vector
should not necessarily be equalized, rather, it should be ide®-= [r1x, 72x]" has an associated signal-to-noise ratio (SNR)
tified. This is evident in light of feature 3) noted above. Givethat we assume to be constant and equal to 10 dB. For
feature 1), maximume-likelihood BSD is indeed plausible foour example, both channels have a memory of two. The
such channels. Feature 2) suggests that if channel estimatipper channel (CH-1) has the impulse response coefficients
is to be of any use, it must be accomplished in a short tim. g, ~11, h12] = [0.3, —0.54, 0.23], and the lower channel
Finally, note that, in general it is not even necessary to identifCH-2) has the impulse response coefficights, fo1, hae] =
the channel impulse response coefficients. All we really negd0.57, 0.24, 0.33] (these coefficients were chosen arbitrar-
are to identify the noiseless channel outpaltels and label ily). With this setup, the overall system resembles a vector

the state transition diagram of the overall system [4]. Markov source whose state transition diagram is depicted in
Fig 2.
System Model Simultaneous maximum-likelihood estimation of the input

Consider digital transmission over a frequency selecti\Y(?Ctor and the channel coefficients reduces to one of obtaining

slowly fading channel whereby several receiving antennH&e values of this pair that minimizes the sum of the Euclidian
norms between the received and the estimated output vectors.
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TABLE |
LENGTH TwO AND THREE PATHS IN THE STATE TRANSITION
DIAGRAM OF FIG. 2 AND THEIR RESPECTIVE PROPERTIES

Path | Starting QOutput Property
Length State Sequence
L 5
2 (1, £1) +7;, £0; pl=0
(£1,¥71) 30y, FUs p2=0

3 | (£1,41) | 5, 46,47 | p3=0
+vy, FU3, FUz | pd=0

Fig. 2. The state transition diagram of the overall system of Fig. 1. =
(£1,F1) | &0, Fo4, £03 | p5=0

. — . Fi3, Tz, 10 p4=0
Markov source in all the permissible ways. Unfortunately, with nrm2

this technique the number of trellises that must be searched
grows in a factorial manner with the size of the branch space.Among the well-known initialization techniques, there are

In this Igtter, We propose a novel treIIis.Iabe.Ii.ng _teChniqul%e random coding, pruning, pairwise nearest neighbor, prod-
tha_lt avoids this problem. The proplem o_f |dent|f|cat|on. of'thﬁCt code, and splitting techniques [5]. None of these methods
noiseless channel output Iabelg IS equivalent to des'gn'n%ﬂ)licitly use the dynamical structure of the vectors generated
vector quant_|zer (VQ) from a training set C(_)rrespo_ndlng to théﬁ the output of the channels. In this paper, we propose to
observed noisy output vect_o_rs. l_:or the trellis labeling probleq}se the dynamical structure of the output for both the VQ
we propose a novel classification O_f the states of the veciqfyenook initialization and labeling of the trellis diagram

Markov source based on the properties of its output SequUeNGQSihe vector Markov channel. We demonstrate this for the

example used in the paper in order to present the key ideas
quickly. For this purpose, consider the labeled state transition
The fact that the input at a given symbol period cometiagram of the Markov source depicted in Fig. 2. We assume
from a constellation carved out of a lattice, induces a righat the channel input is equiprobable binary and real. The
algebraic structure on the output labels. For a channel memstgte of the system at time is the binary two tuples; =
of sizer, the components of the output vectors are of the tyge_», zx—1). The branches of Fig. 2 are labeled by the input
> r—oTn—ihix Wheren is the time index, and the value of that causes the transition, and the corresponding output vector
is assumed to be restricted to a given subset of a lattice (indenotedil/v} The following labeling is used? = [h1o +
the signal constellation). Looking at the input in blocks of sizB11 + 12, hoo+ hor +has]’, Yo = [—hio+hi1 +h12, —hoo+
v, the output labels are obtained via a generally one-to-ohe, + hao]’, ¥s = [h1o + h1i1 — P12, hog + hor — hoo’,
mapping from the inpui-tuples. Identification of a discreteand @y = [hio — 11 + hi2, hao — k21 + h22]’. Note that
and possiblyredundantbasis for the input space allows us tai; = (v] — 03 — v3).
identify a set of output labels, from which all the other output The significant observations that can be made with regards
labels may be derived via simple algebraic operations. to Fig. 2 are: 1) there are really ontjaree distinct branch
A standard technique for vector quantizer design is that bels #;, ¥», ¥3, since all the other branch labels can be
the generalized Lloyd algorithm, also referred to as the kbtained from these via simplalgebraic operations and 2)
means or the LBG algorithm [5]. A typical distortion measureertain state transitions of this Markov source haentifiable
for such designs is the Euclidian distance, which is indeguopertiesthat can be checked from the observation of the
appropriate in our problem. In our VQ designs we computautput sequencesnly.
the average distortion for simplicity. The LBG algorithm starts To determine these properties, consider any starting state
with an initial codebook and at each iteration two steps aamd the corresponding paths of different lengths through the
performed: 1) the received vectors are classified using teite transition diagram starting from paths of length two.
nearest neighbor (NN) search rule relative to the distorti®@ubsequently, we mark the output label sequences that have
measure employed and 2) after all the members of the trainisigecific algebraic properties. For instance, consider the length
set have been classified, the centroid of each class (or celljvi® and length three paths. Table | lists the paths having
generated and used to form a new codebook that can be usgecific properties that can be checked.
in the next iteration. Index & in Table | is the starting time index of the noted
Two basic problems associated with the VQ design asequences, and the propertigb—p5 are defined aspl =
the selection of a suitable initial codebook, and the emptifi+1 — 7ill, 22 = |Tasr + Tlls 23 = |Thae — Trgrl| +
cell problem. For the blind sequence detection problem We+1 — #&|| + ||Jk+2 — Fxll, P4 = ||Uk+2 + Uk||, andp5 =
generally have relatively high noise levelsda small training ||gx+2 + @+l + |1¥k+1 + Tl + [|1Grt2 — Fl]-
set dictated by the requirement imposed by a rapidly time The entries of Table | suggests that we may be able to detect
varying channel. For this problem, we would like to use asertain state transitions and consequenéytain labelsof the
many of the structural properties of the output vectors asate transition diagram by using the noted properties as tests.
possible to eliminate or alleviate the problems noted aboveCertain tests may provideedundant informatiorthat may in

Il. CODEBOOK INITIALIZATION AND DATA CLUSTERING
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fact be used to discard or accept certain labels obtained in 2
this manner. Note that there is always a sign ambiguity in
the labels of the state transition diagram even when all areis
detected correctly.

In the presence of noise, the calculation of the norms sug- 1
gested by various tests for recognizable properties in Table |
produce nonzero results. However, the maximum-likelihood o
detection rule suggests that we may use the minimum norm
criterion to rank the outcomes of the tests conducted at the ¢
output.

0.5

Codebook Initialization

In our simulations, we used an observation length of 100 1 : :
symbols and the following codebook initialization technique |, ; ;
was used: 1) propertigd , p4, p2 of Table | were used astests 2 S output label
of the output channel symbols and the corresponding vector of ) o )
test results were generated and 2) for each test vector, the .ir.‘glﬁf)ﬁs (T::rk%%sﬁ;vjf;‘ g‘r’]’j’{h‘;";pc‘t‘fal(nmoai‘;'éfgssb%ht%iﬁgq?%e:rkg‘é'sgg‘ss
producing the minimum element was used to identify the initia} the vector quantizer after three iterations.
codebook vectors. In particular, test far was used to obtain
an initial estimate ofi} (the sign was assigned arbitrarily). Tesflrellis Labeling

for p4 was used to obtain the initial estimates@fand vs; In the process of data clustering and initial codebook design,
here, we not only have a sign ambiguity, but we also have @ explicitly labeled the state transition diagram. The problem
order ambiguity. Tesp2 was used as a check on the results G§ that the resulting labeling may in fact be incorrect. If we
the previous two tests while simultaneously providing an initigfeat the vector quantizer so designed as a nonlinearity placed
estimate ofvy. Subsequently, vectors;, —v1, v2, =02, -+ at the receiver filters outputs to restore the noiseless output
were used to generate the initial VQ codeboGk. The yectors, we expect the output of this nonlinearity to maintain
initial VQ codebook obtained from a sample simulation rughe dynamical properties of the overall system. In particular,
is 71 = [—0.0673, —0.1548]', v = [-0.4440, 0.8662]', Us = the sequence of observed outputs of this nonlineaityuld
[-0.4174, —0.4979]', and @, = [1.1186, —0.5705]'. represent a valid trajectory in the trellis diagram of the
underlying Markov source. If in fact, excessive spurious and
disallowed state transitions are observed at the VQ output,

. " most likely the trellis labeling is incorrect. In our simulation
Using the initial codebook noted above, the partition of th(lglOSt ely the trellis labeling is incorrect nours ulations
thus far, we have not encountered a labeling problem.

100 received vectors generates eight cells. The cells by design
contain different elements of the training set. The following "
merges are performed at each iteration: 1) the cells containing ’
codevectors o€, differing in their signs are pairwise merged. In this paper, we have presented a novel clustering algorithm
This process generates four cells and 2) the centroids of faeblind estimation of the noiseless channel output labels in a
four cells obtained from step 1) are obtained. SIMO communication system model. The proposed approach
As noted earlier, there are really only three codevectodlizes the dynamic properties of the output sequences of the
whose knowledge allows complete determination of all th8IMO system which may be viewed as a vector Markov source
output labels. Hence, one more merging step is possible tM4tose outputs are corrupted by noise.
would reduce the total number of cells to three. More specifi-
cally v = v1—v3—v3. To eliminate theelativesign ambiguity
and the order ambiguity iz and v3, the centroids of the [1] J. G. ProakisDigital Communications3rd ed. New York: McGraw-
respective cells were examined. Subsequently, the elements of Hill, 1995.
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