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Blind Sequence Detection Without
Channel Estimation

Xiaohua Li, Member, IEEE

Abstract—This paper proposes a new blind sequence esti-
mation method for single-input single-output (SISO) systems
utilizing an optimal trellis search, which is performed by a
channel-independent Viterbi algorithm (CIVA). In contrast to
the traditional Viterbi algorithm that requires accurate channel
estimation, CIVA does not require channel coefficients. Instead,
the metrics are calculated from a bank of test vectors designed
off-line. The proposed algorithm has outstanding performance
under most of the channel conditions. Specifically, it does not
suffer from ill-conditioned channels. In addition, it does not
depend on channel correlation estimation and, therefore, has fast
convergence. Simulations demonstrate its superior performance
over even most training-based equalization algorithms.

Index Terms—Blind equalization, blind sequence estimation,
channel identification, single-input single-output system, Viterbi
algorithm.

I. INTRODUCTION

W ITH the emergence of new communication technologies
like packet radio, fast frequency hopping, andad hoc

mobile networks, where the data packets are usually short and
channels may vary fast between packets, traditional training-
based detection (or equalization) methods greatly reduce band-
width efficiency if embedded training sequences are used in
each short packet [1]. In these cases, blind methods may be more
promising. However, most traditional blind equalization algo-
rithms suffer from problems such as ill-conditioned channels,
slow convergence, etc.

For blind methods working on single-input single-output
(SISO) channels, higher than second-order statistics, and/or
nonlinear optimization are usually required for either equalizer
coefficient estimation [2] or channel estimation followed by
Viterbi equalization [3], where the convergence is not guaran-
teed in general [4]. What’s more, there are some ill-conditioned
channels such as those with zeros on the unit circle [1], upon
which most of the traditional blind methods have limited
performances.

For blind methods working in fractional space or single-input
multiple-output (SIMO) systems, blind detection (equalization)
can be performed by second-order statistics only with global
convergence [5]–[9]. However, practical communication chan-
nels may be ill-conditioned with (near) common zeros among
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subchannels, or some systems are only SISO, where the second-
order statistics-based methods do not work. In addition, their
performances may degrade greatly on certain noisy channel con-
ditions. For example, the subspace methods [6] require rank es-
timation, whereas linear prediction methods [10] cannot deal
with channels that have small leading coefficients.

Considering the possibly ill-conditioned wireless channels,
there is a trend of research interests in diversity, such as transmit-
ting/receiving antenna arrays [11] or precoding techniques [12].
They can generally achieve better equalization performance,
however, at the cost of extra system resources. On the other
hand, information of network protocols can also be utilized to
assist channel equalization [13].

A common limitation of the traditional blind approaches is
that they are based on either second- or higher order statistics
and, therefore, require a large amount of data record for accurate
correlation estimation. The corresponding adaptive versions can
usually deal with slow time variations only [14]. However, in the
future packet radios, fast frequency hopping systems, as well as
ad hocmobile networks, etc., because the data packet is rela-
tively short while the channel may vary fast, reliable correlation
estimation may not be possible, which hinders the application
of the traditional blind approaches.

In this paper, we propose new approaches of blind detection
that do not require channel correlation estimation. They guar-
antee convergence within a short data packet and, therefore,
can work in systems with a much shorter data record and faster
time-varying channels. In addition, they have optimal perfor-
mance in most ill or good channel conditions for both SISO and
SIMO systems. Our new approaches use the blind channel inde-
pendent Viterbi algorithm (CIVA) without channel estimation.

The Viterbi algorithm (VA) has been widely used in convo-
lutional decoding. Its application in equalization was first pro-
posed in [15] as an optimal detector and has since attracted much
research interest and applications [1]. However, it requires ac-
curate channel estimation, which can be performed by either
nonblind or blind approaches. For nonblind approaches, training
sequences are used to estimate channels [1], whose typical ap-
plication is in the global system for mobile communications
(GSM) [3]. For blind approaches, channels can be estimated
blindly, or channels and symbols can be estimated jointly by
nonlinear optimization [16], where local convergence is highly
possible [4], [17]. The VA can also be applied for blind se-
quence estimation after a certain statistical preprocessing step
[18], which works only in SIMO channels and suffers from the
same problems as the fractionally spaced subspace algorithms
[5]. In spite of the computational complexity, VA-based max-
imum likelihood sequence estimation (MLSE) is promising [1],
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[4], [19] because of its optimal and robust performance. How-
ever, the requirement of channel estimation makes it vulnerable
to the same problems as other traditional approaches in perfor-
mance degradation, robustness, and convergence.

Contrary to the traditional VA-based MLSE that requires
channel estimation, in this paper, we show that the VA can
be performed blindly without channel estimation, where the
optimal trellis search is performed by CIVA.

The organization of this paper is as follows. In Section II,
we introduce the communication system model. In Section III,
we propose the new blind method and then examine identifia-
bility under known channel length and high signal-to-noise ratio
(SNR). In Section IV, we develop the CIVA for general cases
with an overestimated channel length. Simulations are shown in
Section V, and conclusions are presented in Section VI.

II. PROBLEM FORMULATION

Consider the baseband digital communication system model

(1)

where
received sample at time instant;
symbol emitted by the digital source;
baseband channel coefficient;
additive white Gaussian noise.

The channel is of order with . For simplicity,
we use the SISO model, although our proposed approaches can
be similarly applied in SIMO cases. Define the channel vector
and the symbol vector as

...
... (2)

where denotes complex conjugate. Then, (1) can be written
as

(3)

where denotes Hermitian.
For simplicity, we assume that the noiseis stationary white

Gaussian with zero mean and varianceand is uncorrelated
with the symbol . The input symbol is independent and
identically distributed (i.i.d.) and chosen from a finite alphabet
with different values. Note that the proposed approaches may
similarly be used in cases where and have colored distri-
butions, as discussed later in Section IV-D.

Traditional MLSE is performed on (3) with known channel
coefficients . For a data sequence consisting ofsym-
bols , it searches through all possible symbol sequences
to find the one with the smallest metric

(4)

Although there are altogether possible symbol sequences,
this exhaustive search can be simplified without any loss of op-

timality by the VA [1], whose complexity is exponential in the
length of the channel impulse responsebut grows only lin-
early in the length of the symbol sequence. The corresponding
trellis contains states. In practice, the channelcan be
estimated either by training sequences or through some blind
methods [4], [20].

III. B LIND SEQUENCEESTIMATION

In this section, we present the new idea of channel-inde-
pendent blind sequence estimation, which utilizes test vectors
during the optimal trellis search. It will be shown that the new
blind method can uniquely determine the transmitted symbols
up to some scalar phase ambiguity. We assume that the channel
length is known and that the SNR is high. The extension to
general cases with unknown channel length and low SNR will
be discussed in Section IV, where the practical algorithms will
be derived.

A. Optimization by Test Vectors

From the SISO model (3), we construct the
received data vector

(5)

Then, we have

(6)

where

...
... (7)

is the symbol matrix, and
is the noise vector.

If the channel length is known, we can choose such that

(8)

Then, for the symbol matrix in (7), there exists an
vector such that

...
... (9)

where . We denote as thetest vector. Since the
symbol matrix is Hankel with

(10)

symbols, there are altogether different symbol matrices,
which are denoted as , . For each , we can
find some test vector such that . The total number
of different test vectors is also determined by the constraint
length of the symbol matrix . We denote all the test vectors
by the set .

For a sequence of noiseless sampled data vectors
corresponding to a sequence of symbols or symbol ma-



LI: BLIND SEQUENCE DETECTION WITHOUT CHANNEL ESTIMATION 1737

trices , there exists a sequence of test vectors
such that

(11)

where each belongs to the set . That is, for each data
vector , we can evaluate all the test vectors to
find one vector such that , where
equals for some . In this way, we can find a sequence of test
vectors to satisfy (11) from

(12)
The test vector sequence can be determined from

(12). If the symbol matrix sequence and, hence, the
symbols can be uniquely determined from the thus ob-
tained test vector sequence , then we can detect the sym-
bols from . In the following, it is shown that by
carefully designing the test vector setand using thetest vector
group(or probe [21]) concept, this objective can be obtained.

B. Test Vector Group Construction

Let us consider the noiseless case first. From (9) and (10),
there are different symbol matrices . Remove those with
scalar phase ambiguity, i.e., if with some complex
number , then remove one of them. We have
symbol matrices. From (9), the test vectorfor should sat-
isfy

(13)

According to (8), every symbol matrix (hence ) has
more columns than rows. Therefore, we can use singular value
decomposition (SVD) on to find the right null subspace
from which can be found. On the other hand, in order to
uniquely determine from , the ideal case is that also
satisfies

(14)

However, this is not always satisfied.
First, if each of the other symbol matrices, ,

has the right null subspace differently from , i.e.,
, then we can choose the appropriate test vectors

such that both (13) and (14) are satisfied, although we
may need more than one.

Second, if there are some symbol matrices such that
, i.e., the right null subspace of is included in

the right null subspace of , then it is impossible to find to
satisfy both (13) and (14). In this case, we can randomly select

to satisfy (13) only. The discrimination of and
requires the information of the right null subspace of, which
we denote as . This can be further classified into two cases.

Case 1) If , we can choose a test vectorfor
that satisfies both and . Then,

and can be discriminated by considering
and together

. (15)

Considering all possible symbol matrices, ,
and , we may need to consider more
test vectors to determine the symbol matrix ,
where . All these test vectors form a test
vector group for the determination of

satisfies (13) satisfies (15) (16)

Case 2) If some symbol matrices have the same right null
subspace as , specifically, spans , then
and cannot be discriminated by only the test vec-
tors and . We can then let and share the
same test vector group. Under mild conditions, with
the information of the neighboring symbol matrices
within a sequence of symbol matrices,and can
still be uniquely determined from the test vector se-
quences, as shown later in Proposition 2.

In summary, the test vector groups can be constructed as
follows.

i) For each symbol matrix , , use SVD to
select a test vector from its right null subspace so that

for as many as possible.
ii) For each such that , , find

its right null subspace from which a test vector is
selected, if available, such that .

iii) Let the test vector group for include and all
available .

Finally, let all symbol matrices with the same right null sub-
spaces share the same test vector group. In this way, each symbol
matrix corresponds to a unique test vector group. A sequence of
symbol matrices also corresponds to a unique sequence of test
vector groups. Note that this procedure may not be economic in
the number of test vectors. Simplified practical approaches will
be given in Section IV.

C. Sequence Identifiability

In order to show that the symbol sequence can be identified,
we assume the following.

Assumption A.1:All possible symbol matrix sequences have
the same initial symbol matrix or the same terminal symbol
matrix, which may, however, be unknown.

Note that this assumption is reasonable, considering that
many transmissions involve some initial or terminal guard
periods or, sometimes, some known symbols from training,
other (e.g., network protocol) knowledge, or even from the
previous blind or nonblind symbol estimations, etc.

Proposition 1: If two different symbol matrix sequences
and have the same symbol matrices

and at
time and , respectively, then either or the two
sequences are identical fromto .
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Proof: From (7) and (10), contains symbols
. For the two symbol matrix sequences

and with the same symbol matrix at
time , if, at the time instant , there is a different symbol
between them, specifically, in and
in , then these two different symbols will not
disappear until the symbol matrices and
at the time instant . The smallest value
for to satisfy is when

, and there is only one different symbol in the symbol
sequences involved.

Define the phase ambiguous versions of a symbol matrix
sequence as the sequences , such that

for all , where is some complex constant.
Proposition 2: With Assumption A.1, each symbol matrix

sequence uniquely determines a sequence of test vector
groups and can be determined by uniquely up
to some scalar phase ambiguity.

Proof: See the Appendix.
After the design of the test vector groups, we apply them

to the data sequence . From this procedure, we get a
sequence of test vector groups . In order to show, from
the thus obtained , that the correct symbol sequence can
be determined, we assume the following.

Assumption A.2:If , then for all
and .

Proposition 3: With Assumptions A.1 and A.2, in noiseless
systems, the symbols can be determined uniquely up to some
scalar phase ambiguity by the data samples and the test
vector groups.

Proof: In the noiseless systems, since ,
if we evaluate each test vector group on , it has the
same result as when we evaluate eachon . Therefore,
similarly to the proof of Proposition 2, we can find a unique se-
quence of test vector groups from . According to Propo-
sition 2, the correct symbol matrix sequence can then be deter-
mined up to some phase ambiguity.

In the noisy case with high enough SNR, we can use some
threshold value to decide whether the output of
is completely noise or not. Let denote probability. At
each time instant , we need to decide whether

is greater than [for ]
or less than [for ]. If the noise is so small that

, then the case of can
be determined correctly with probability close to 1. Similarly,
it is easy to verify that for high enough SNR, the other case
can also be determined correctly with probability approaching
1. Hence, the sequence of test vector groups as well as the
sequence of symbol matrices can both be determined from
the data sequence .

Note that assumption A.1 can be relaxed in practice because
it is rare that long symbol matrix sequences have identical right
null subspaces between each pair of the corresponding symbol
matrices. It happens if some special symbol sequences appear
periodically, which, however, is rare and is usually avoided in
practice by the randomization.

On the other hand, assumption A.2 can also be relaxed,
considering that the existence of some symbol matrices with

common test vector groups does not affect symbol detection. In
practice, A.2 may be violated for a few symbol matrices only,
which gives some more symbol matrices that have common
test vector groups.

D. Direct Trellis Search Without Channel Estimation

When the system is noisy and the SNR does not satisfy the
conditions indicated previously, we need to utilize the overall
optimization information to determine the test vector sequence
as well as symbols. This task can be performed utilizing the
trellis search technique, which also reduces the computational
complexity.

Since our objective is to evaluate (12) from the analysis in
Section III-B [cf. (15) and (16)], we need to apply the test vector
group instead of the single test vector in (12). For each received
data vector , we examine all the test vector groups ,
which includes both such that and those such
that . Because, for the group corresponding to

, we have already known whether is a zero-testing
vector or not, we can utilize the following formula to calculate
the trellis metrics:

if

if .
(17)

First, assume . If , then
(17) has an output as small as the noise, i.e.,

. On the other hand, if , then
, where

(18)

By properly selecting , for example, , then
. The metrics of the test vector group

can be calculated by

(19)

Note that is assumed normalized. Therefore, if
equals or one of its phase ambiguous versions, we have

. For all other test vector groups , it
is obvious from (17)–(19) that [note that the
switch in (17) is now ]. As long as the SNR is relatively
high and is relatively large, the trellis search is reliable.

The optimization (12) is then changed to

(20)

which is also the cost function for the trellis search. Note that
(20) may be suboptimal because of the coloring filter effect
of . From Propositions 1– 3, there is a unique sequence
of test vector groups such that (20) results in approximately

. For all other sequences of test vector groups, (20) is
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much greater than since the output may contain
many items. Then, we can determine the transmitted symbol
sequence up to some scalar phase ambiguity. This procedure
can be implemented by the VA-like trellis search technique [1].

When optimizing (20) by trellis search, from (9) and (10),
the trellis state at time is defined by the symbols

, whereas each symbol matrix
determines a state transition path from time to . The
number of trellis states is . Each path in the trellis
corresponds to a unique test vector group.

Fig. 1 illustrates an example of the trellis diagram and the
associated test vector groups, where , , ;
hence . There are states. For binary symbols,
the state at time is defined by symbols .
There is one test vector group corresponding to each state
transition path. The left test vector group corresponds to the
upper branch arriving at the current state, whereas the right one
corresponds to the lower branch. Note that there may be eight
or fewer different test vector groups since some symbol ma-
trices may have identical right null subspaces.

The metric for the State , where ,
at time , where , is calculated from

(21)

where includes the metrics of all the states at time
that have a transitional path to the Stateat time . The

corresponding test vector group is denoted by. The surviving
paths from to are the paths that minimize of (21).
After all the data sample vectors are processed by (21), we
can find the minimum metric among all the states and trace back
along the trellis to find the optimal trellis path that achieves the
minimum metric, which minimizes (20). Then, from the anal-
ysis in Section III-B, symbols can be detected from the obtained
test vector group sequence. The details of this procedure are
similar to those of the classical channel-based VA, as shown in
[1], except that we use the test vectors for metric calculation
and, therefore, do not require channel estimation.

The test vector groups and the trellis diagram are deter-
mined as long as the system signaling scheme has been designed
and, thus, can be precomputed. Symbol estimation is then per-
formed blindly without channel estimation.

Note that just like all other blind equalization (detection) al-
gorithms, there is a phase ambiguity for symbol detection. If
is in phase ambiguity with , i.e., for some constant
scalar , then they cannot be discriminated by the test vectors.
This phase ambiguity is inherent to all blind detection (equaliza-
tion) methods. It can be resolved by, for example, training sym-
bols or differential encoding. Therefore, we do not give special
consideration to phase ambiguity in this paper.

IV. CHANNEL-INDEPENDENTVA

In Section III, we developed a blind sequence detection
method based on test vectors and channel-independent trellis
search, with the assumption of known channel length and high
SNR. However, in practice, the channel length may not be
known, or the SNR may be low so that the effective channel

Fig. 1. Example of the trellis diagram and the test vector groups forK = 2,
L = 4.

length becomes shorter because of the small tail and head
coefficients. In this section, we first show that we can use an
overestimated channel lengthin the system design and trellis
search. Then, we develop practical algorithms for designing the
test vectors. Based on the test vectors, we develop the CIVA.

A. Using an Over-Estimated Channel Length

For an overestimated channel length, the metric calculation
utilizes

...
...

(22)

If the leading coefficient is zero or small enough such that
is comparable to noise values, although

, then the performance will degrade
due to the ambiguity of the symbol , which means that in
the trellis diagram (cf. Fig. 1), there are some states that may
have similar metrics. Specifically, in each symbol detection re-
cursion, is unreliably determined with the transitional path
if is zero or small, whereas the noise is large. Similar degra-
dation happens if the last channel coefficientis zero or very
small, whereas the noise is considerably large.

One possible way to resolve the ambiguity introduced by the
overestimated channel length is to combine the corresponding
trellis states with the same ambiguous symbol value during
symbol decision. In this paper, however, we use another ap-
proach, i.e., we use a stack of the received data vectors instead
of a single data vector for the metric calculations. Specifically,
we calculate , where

...
...

...

(23)
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The data matrix is related to the symbols by

...
...

... (24)

where is an block Toeplitz matrix

...
... (25)

and is a smoothing factor. For the system (24), the constraint
length of the symbol matrix is

(26)

Intuitively, for the preselected and the overestimated, the
in (10) is fixed for . If the trellis and the test vectors are

designed with and , from (26), we can vary the smoothing
factor to match the effective channel length.

To explain the above in detail, since we use the constraint
length in (10) with an overestimated channel length, which
is equivalent to in (26) with , to design the test vector
and the trellis diagram, the test vector still has dimension

based on the symbol matrix . If we
apply the test vector on the data matrix , by partitioning the
channel matrix and the symbol matrix into three parts

(27)

where consists of the first rows of , con-
sists of the middle rows. The test vector will only give

instead of . Since the channel matrix
is divided into three corresponding parts in (27), we require

that and have small norms, where contains all the ef-
fective channel coefficients and, thus, has larger norm. Let the
effective channel length be . Because the sub-matrix has
dimension , there exists a best smoothing
factor

(28)

such that is , which means that
contains all the effective channel coefficients, and at the same
time, its first and last columns have sufficiently large norms.

For the overestimated and the unknown , the optimal
in (28) can be obtained by varying the smoothing factorand

test the thus-obtained data matrix by the test vectors .
We begin with a smaller such that . In this case

(29)

results in small values comparable with the noise variance be-
cause, according to (27), all effective channel coefficients are
in and, thus, can be cancelled by for some
. Then, we gradually increase. When is large enough so

that , some effective channel coefficients will be
in either or so that (29) is large. Hence, there is a sig-
nificant magnitude change in (29) with the increase of. The
optimal smoothing factor can be obtained as thevalue just
before this significant change. This detection procedure can be
implemented by comparing the ratio of magnitudes for
and with some threshold values, which can be determined by
the popular information theoretical criteria [22].

In summary, the test vectors and the trellis diagram can be de-
signed off-line with an overestimated channel lengthwithout
considering the smoothing factor . The optimal smoothing
factor can be obtained during the trellis updating.

B. Practical Algorithm for Test Vector Design

Let , and choose to be an exact or overestimated
channel length. For the symbol matrix with constraint length
(10), there are different symbol matrices, from which we
have symbol matrices , without
phase ambiguity.

First, we need to find a test vectorfor each from its right
null subspace such that and for as
many , , , as possible, where is some
preselected threshold value. The larger is, the more robust
the symbol detection algorithm is against noise. This step can
be performed recursively as an optimization procedure. From
the SVD of , we find its right null subspace . Let the test
vector be

(30)

for some vector . In the beginning, we randomly choose ,
say, to be and apply on all the
symbol matrices , , to find the set

(31)
Then, we form the matrix

(32)

Perform SVD on to find

(33)

The procedure from (31) and (33) can be repeated several times
until a satisfactory is obtained. Note that if the desired is
not available, we may reduce to optimize again.
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Second, we need to resolve the problem thathappens to
satisfy , , when and have dif-
ferent right null subspaces. What we need is another test vector

that satisfies either

(34)
or

(35)

If such a vector is not available, then and have identical
null subspaces and, therefore, can be discriminated only from
the context of symbol sequences.

A possible method for implementing this second step is to see
whether (which is obtained in the first step) satisfies (35) or
not. If yes, then add it into the group as a test vector for .
However, it is necessary to compare each pair (or even every
combination) of symbol matrices, which is too complex if
is large. Fortunately, from the trellis diagram, we have a much
simpler and, thus, more practical approach.

From the trellis diagram, we simply consider the two cases
as illustrated in Fig. 2, where the symbol matrices and the cor-
responding test vectors selected from their null subspaces (after
the first step) are shown. In Fig. 2(a), a decision has to be made
during the trellis update to select the path with the minimum
metric as the survivor. If, for example, but ,
then a wrong decision is possible when the input is. If

for any nonzero scalar factor, we can construct

(36)

Note that when applying (17) to calculate the metrics, we can
use the correct formula because we know whetherand are
zero test or not. Therefore, if the input is, then

. On the other hand, if the input is , we have
. The metrics match the input sym-

bols. If , we can optimize all branches similarly.
In Fig. 2(b), trellis transitional paths from the same state are

illustrated. Similarly, if , whereas , we can
construct

(37)

which can be extended obviously to cases.

Algorithm 1. Design of Test Vector Groups

1) Select , , , and find symbol
matrices to remove ambiguity.

2) For each , , calculate and
optimize the test vector (30)–(33).

3) For State , optimize the
test vectors for all the transitional
paths arriving at this state, as per
(36) and Fig. 2(a).

4) For State , optimize the
test vectors for all the trellis paths
leaving this state, as per (37) and
Fig. 2(b).

5) Combine the test vectors obtained in
Steps 2–4 to construct test vector

Fig. 2. Illustration of test vector design.

groups , , as per (36)
and (37).

A variation of the last step with further simplifications is to
reduce the number of test vectors in each group to at most three

(38)

where is obtained from Step 3, and is obtained from
Step 4. Note that either or can be omitted if not avail-
able or if for .

Another variation for simplification is to include in only
some or all of those test vectors such that . In
this case, metric calculations (17), (19), and (21) do not require
noise variance, which offers convenience with some tradeoff in
performance. Note that the approximations and simplifications
result in suboptimal detectors.

C. Blind Sequence Detection Algorithm

The new algorithm for blind sequence estimation utilizing the
CIVA is outlined.

Algorithm 2. CIVA

1) Design the test vector groups and
trellis diagram by Algorithm 1 in Sec-
tion IV-B.

2) For each received datum , construct
the data matrix (23), beginning
with a small . Calculate ,
from which to find the optimal in
(28) and (29).

3) Update the metrics by in (17)
and (19) for each trellis state, except
for the surviving path.

4) After all the data samples are pro-
cessed, find the smallest metric in the
last stage, trace back to find the op-
timal path in the trellis, and detect
the symbols.

The noise variance can be adaptively estimated online from
in Step 2.

Similar to the classical channel-based VA, we do not have to
defer symbol decisions until all the received datahas been
processed. Instead, a truncated trellis can be used with a trellis
depth of approximately . In addition, the newly de-
tected symbol during each recursion has the same phase ambi-
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guity as the previously detected symbols because both are re-
lated to the same trellis state. Therefore, phase ambiguity can
be finally resolved by differential encoding or by somea priori
knowledge such as training symbols, just as in all other blind
methods.

D. Properties and Computational Complexity

As shown in Section III, the blind CIVA is able to uniquely
determine the symbol sequences up to some phase ambiguity.
Because it searches through all possible sequences to find the
best one, it can also be applied in this sense in systems where
symbols and noise have colored distributions.

The proposed CIVA has fast (finite sample) convergence.
Using this technique, symbols can be detected within a finite
number of data samples, which is a great advantage over
most of the other second- or higher order statistics-based
blind algorithms. Since the CIVA searches the trellis with a
constraint length , symbol estimation can be obtained in
as few as data samples. In contrast, even second-order
correlations require many more (hundreds of) data samples
for reliable estimation. Moreover, for time-varying channels,
the new algorithm calculates metrics based on each group
of symbols. As long as the channel variation is not large
during the period of symbol intervals, metric calculation, as
well as the trellis searching, are reliable. On the contrary, for
traditional methods applying correlation estimation, channel
variation should be small over the entire period of hundreds
of symbol intervals during correlation estimation. Hence, our
new algorithm can work in relatively much faster time-varying
environments, which makes it especially suitable for fast
time-varying channels, fast frequency hopping systems, packet
radios,ad hocmobile networks, etc, where data packets are
relatively short, and channels vary fast between packets.

The computational complexity of the new algorithm is high.
With a constraint length , the complexity is
on the order of , whereas the traditional MLSE is .
Hence, the former is at least the square of the latter and, thus,
requires complexity reduction.

Since the test vectors can be designed off-line, they are
fixed for a specific system and can be implemented in parallel
by either hardwired VLSI technology or by DSP utilizing
software code. In addition, for each, only a single output

needs calculating for every . It can be
implemented in parallel as a filterbank where the filters are

. Furthermore, for trellis searching, the techniques for com-
plexity reduction of the classical VA [1] may also be similarly
applied in CIVA.

Another interesting way for complexity reduction is to uti-
lize the channel coding information [23]. The optimal ways for
simplifying implementation and reducing computational com-
plexity will be reported elsewhere.

V. SIMULATIONS

In this section, we present simulation results for the per-
formance of the CIVA. We compare it with the theoretically
optimal MLSE (which is obtained by the VA with known
channel), VA with channel estimated from training or blind

TABLE I
TRELLIS STATES AND TEST VECTORS FOR

EXPERIMENT 1

TABLE II
THREE SCHEMES FOR THECONSTRUCTION OFTEST VECTORGROUPS(SEE

SECTION IV-B). EACH NUMBER i, 1 � i � 8 DENOTESg . NEGATIVE SIGN

MEANS NONZEROTEST, i.e.,S g 6= 0

methods, training-based MMSE linear equalizer, and the joint
data and channel estimation method [16], which is a special
case of per-survivor processing (PSP) methods [17]. We eval-
uated the bit-error-rate (BER) performance for either BPSK
or QPSK signaling schemes with differential encoding, where
symbols were generated as i.i.d. sequences. Each comparison
uses 200 Monte Carlo runs. The signal-to-noise ratio (SNR) is
defined as ; see (1).

Experiment 1—Performance of the New Algorithm:In this
experiment, we used a BPSK signaling scheme, and the channel
was . The trellis diagram is shown in Fig. 1 with ,

, and . For the design of the test vectors, there are
eight symbol matrices without phase ambiguity. Let .
After Step 2 of Algorithm 1, the eight corresponding test vectors
were obtained as listed in Table I, where the ambiguous states
are omitted. Note that some test vectors are shared by more than
one symbol matrix. In the right column, the first test vector is
the nominal one for the corresponding symbol matrix or trellis
path.

We applied three different methods as introduced in Sec-
tion IV-B to construct three sets of test vector groups, which
are shown in Table II. For simplicity, we used the number
to denote and the negative sign to denote nonzero testings,
i.e., [cf. (15) and (16)]. For Scheme 2, we used the
construction method of Algorithm 1. Scheme 3 is the variation
that each includes at most three test vectors. Scheme 1 is
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Fig. 3. Performance of the new algorithms on a two-tap channel. Solid line: Scheme 1. Dashed line: Scheme 2. Dash-dotted line: Scheme 3. (a) Performance
versus SNR. 1000 samples. (b) Performance versus truncated trellis depths. 2000 samples. SNR= 12 dB.

the simplification that no noise variance is required in metric
calculations, as discussed in Section IV-B.

The simulation results utilizing the above three sets of test
vector groups are shown in Fig. 3. We compare these three
schemes as a function of SNR and trellis truncation depth.
In Fig. 3(a), the algorithms show good sequence detection
results with an exponential decrease of BER with increasing
SNR. Fig. 3(b) shows that the implementation of the algorithm
with varying truncated trellis depths (decision length) does
not severely affect performance. This means that the CIVA
can be implemented as a truncated trellis with short depth.
Furthermore, it means that the CIVA has fast convergence
and works on short data packets. In summary, Scheme 2 has
the best performance because it considers more test vector
information. Scheme 3 is only slightly worse with reduced
complexity because of the reduction of the number of test vec-
tors. Therefore, Scheme 3 has a better tradeoff of complexity
with performances. In the following, we consider only Scheme
3 in constructing test vector groups.

Experiment 2—Performance Comparison With Other Algo-
rithms: In this experiment, the channel had three taps, which
were generated randomly in each Monte Carlo run, i.e., we used
a different channel during each run, and the effective channel
length could randomly be 0, 1, or 2. Note specifically that
channels with zeros on or near the unit circle were among the
experiments. BPSK was used.

For CIVA, we used an overestimated channel length
and ; thus, . The optimal MLSE was ob-

tained by VA with known channel [1]. We also compared CIVA
with channel estimation-based VA [1] in which 100 training
data samples were used for channel estimation, and the channel
length was assumed known. For the “blind” method, the chan-
nels were estimated blindly through higher order statistics [20]
and then used in VA. In addition, for the blind PSP [16], adap-
tive LMS with zero initial condition and step size 0.02 was ap-
plied. The MMSE utilizes a training-based linear equalizer with
two taps [1], where 500 training symbols were used to estimate
the correlation matrix on which SVD with known rank was per-
formed to find the MMSE equalizer.

First, we examine the determination of the optimal smoothing
factor by calculating the ratio

where 1, 2, 3, and 4. Hence, denotes the data
matrix with smoothing factor . We calculated the mean value

as the ratio when is the optimal smoothing factor, the
mean value as the ratio when is below the optimal factor,
and the mean value as the ratio when is greater than the
optimal factor. Then, we plotted all three cases versus SNR in
Fig. 4(a). In addition, we compared the ratio with the optimal
(denoted as mismatch 0) and the ratios with other (denoted
as mismatch ) in Fig. 4(b). We see that the optimal can be
chosen simply by comparing with some threshold value. In
this experiment, we simply compared it with 2.5 for SNR greater
than 10 dB and with 2 for SNR less than 10 dB to determine the
smoothing factor .

The comparison results are shown in Fig. 5, which shows that
CIVA is only about 3 dB worse than the optimal MLSE and
is only slightly inferior to VA with training. However, CIVA
is much better than the training-based linear MMSE equalizer,
whose performance is limited because of some ill-conditioned
channels. The blind method and PSP generally gave the worst
performance because of the inaccuracy in blindly estimating a
random SISO channel using a short data record.

Experiment 3—Performance Comparisons for Short Data
Packets: In this experiment, channels were randomly gen-
erated during each run from a two-ray channel model with
random attenuation and random delay

where the windowing function is
for
for
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Fig. 4. Index for evaluating the robustness of smoothing factor estimation. (a) Index versus SNR.�: r ,4: r � r ,�: r . (b) Index versus mismatch.
Mismatch 0 means optimalN . SNR= 13 dB.

Fig. 5. Performance comparison on a three-tap random channel. BPSK. 500
data samples.+: optimal MLSE,4: VA with training, �: proposed CIVA,�:
MMSE with training,r: PSP, : Blind channel estimation with VA.

and is the raised cosine function with roll-off factor 0.11,
and have Gaussian distribution, andand have uniform
distribution over . In each Monte Carlo run, 150 QPSK
symbols were transmitted through the thus obtained channels.
Then, the CIVA used and to model chan-
nels with three taps considering that the energy of the above
channels concentrates in three symbol intervals. The VA used
30 symbols for channel estimation. The MMSE used 30 sym-
bols for linear equalizer estimation. From the simulation results
shown in Fig. 6, the proposed CIVA is seen to outperform both
the training-based VA and MMSE, which have degraded perfor-
mances because of insufficient training.

VI. CONCLUSIONS

In this paper, a new blind algorithm for sequence estimation
is proposed, which is based on the techniques of test vectors and
results in the channel-independent Viterbi algorithm (CIVA).
Compared with other VA-based MLSE algorithms, the CIVA
does not require channel estimation. Compared with most of

Fig. 6. Performance comparison for short data packets. QPSK. 150 data
samples.4: VA with training, �: proposed CIVA,�: MMSE with training.

the other correlation-based blind equalization algorithms, CIVA
does not require channel correlation. CIVA has faster conver-
gence as well as optimal performance for even ill-conditioned
SISO channels. Simulations demonstrate robustness and good
performance of the CIVA.

The new CIVA algorithm requires a computationally complex
trellis search. Although this is practical for some wireless sys-
tems with short channel length and simple symbol alphabets,
for longer channels or more complex symbol alphabets, com-
plexity-reduction techniques should be applied, which is left for
future investigations.

APPENDIX

A. Proof of Proposition 2

From Proposition 1 and the assumptions, we need only con-
sider two cases, as illustrated in Fig. 7.

First, for two different symbol matrix sequences and
in Fig. 7(a), if at some time instant, say, and

have different right null subspaces, then according to the
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Fig. 7. Two example cases of the symbol matrix sequences for the proof of Proposition 2.

procedure for the test vector group constructions, there are test
vectors for and for

such that

Thus, and are different, considering their func-
tions in the above equations. Hence, the two symbol matrix se-
quences correspond to different sequences of test vector groups
from which the correct symbol sequences can also be deter-
mined.

Second, for the two different symbol sequences and
, as illustrated in Fig. 7(a), if at some time instant

the right null subspace of completely includes the right
null subspace of , then according to the construction of
test vector groups, there are test vectors and

such that

Hence, the assertion is also true in this case.
Third, if at every time instant , has the same right

null subspace as , we need to utilize the information with
which that they begin (or with which they terminate) and, thus,
have the same symbol matrix. Because of the symmetry, we
need only consider the first case without loss of generality, as
illustrated in Fig. 7(b), where may be unknown. Let us
first assume , i.e., there is one more column than
rows in the symbol matrix [cf. (7)]. From

...
...

the symbol is not equal to , i.e., .
Then, at time , the corresponding two symbol matrices
are

...
...

If and have the same right null
subspace , then

...
...

Because , for some
nonzero scalar, which, however, is contrary to the assumption
that is the right null subspace of

whose last column is clearly nonzero. On the other hand, if
, the same conclusion also holds since the right null

subspace vectors of the case form a subset (with
zeros pending) of the right null subspace of the
cases.

Therefore, all symbol matrix sequences beginning with (or
terminating with) the same symbol matrix have different right
null subspaces between the corresponding symbol matrices at
some time , as long as the length of the sequence is greater
than , which is assured by Proposition 1. Therefore, from the
above analysis, the proposition is true.
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