
Simultaneous Blind Equalization and Decoding of Multiple Coded 
Co-channel Signals 

J. GUNTHER AND A. SWINDLEHURST 
Dept. of Elec. & Gomp. Engineering 

Brigham Young University 
Provo, UT 84602 

Abstract 
In this paper we develop a blind recursive equalizer 

b y  exploiting space-time structure inherent in array ob- 
servations of several co-channel digital communication 
signals which we assume are encoded prior to trans- 
mission. The redundancy present in coded signals of- 
fers additional structure which can be exploited to en- 
hance recovery of the transmitted symbols. Through 
simulations, we evaluate the relative advantages of ex- 
ploiting code structure. 

1 Introduction 
This paper addresses the problem of recovering the 

transmitted symbols of several co-channel communi- 
cation signals without training sequences or knowl- 
edge of the channel. Blind equalizers have been devel- 
oped which exploit spatial structure in array outputs 
and/or temporal properties of the signals. In this pa- 
per we assume that each source encodes its informa- 
tion bearing symbol sequence prior to transmission. 
Then we show how to exploit the code structure in 
the blind equalizer yielding a single functional unit 
which equalizes, separates, and decodes several co- 
channel encoded signals. We consider convolutional 
codes and trellis-coded modulation. The method we 
propose is based upon ideas from blind symbol esti- 
mation (BSE) [I, 21 where the symbols are estimated 
directly without first, estimating the channel. In order 
to incorporate the code structure, we use a previously 
developed [3] recursive version of BSE (referred to  here 
as RBSE). 

2 Data Model 
Figure 1 illustrates the scenario where d signals ar- 

rive at an M-element antenna array through indepen- 
dent linear time-invariant channels whose temporal 
support is assumed to  span at most L symbol peri- 
ods. The channel impulse response hv ( t )  accounts for 
both the transmitter pulse shaping filter and the ac- 
tual physical channel between the j t h  source and the 

Figure 1: Multiple-input multiple-output (MIMO) 
physical channels. 
ith sensor. We consider generic &AM communication 
signals described by 

s ( t )  = snS(t - nT) 

where S ( t )  is the Dirac delta function, T = PT, is the 
symbol period, l/Ts is the sample rate assumed to 
be normalized to 1, and P is an integer oversampling 
factor. Although there are only M physical channels 
the action of oversampling has created M P  virtual 
channels. The s, are the symbols to  be transmitted 
and are assumed to  be drawn from a finite alphabet 
0. Arranging the M P  samples of the array output 
collected during the nth symbol period into a vector 
we obtain 

&=O 

where He is now the lth tap of a MIMO system ( d  
inputs and M P  outputs). Denote the elements of a 
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matrix (vector) by H(., .) ( x ( . ) ) .  Then 

Rfl(") = 

Finally, collect N consecutive data vectors into the 
columns of X, = [X,-N+l, . . . , x,]. 

r s,-N+l . . .  s, 1 

- .  . .e\. 
El. 

uses the Toeplitz structure of Sim' in order to ap- 
ply (3) at times n,n + l , . . .  ,n  + L + m - 2. Let 
C, = [ s , - N + ~ , . . .  ,s,] be the first block row of 
Sim). Then C, is also the ith block row of for 
i = 1, . . . , L+m - 1. This implies via the key equation 
(3) that CnGn+i-l = 0 for i = 1,. .. , L + m - 1 or 
more simply 

Hence, at  least when there is no noise, a section of 
the co-channel symbol sequences are orthogonal to the 
columns of G,. Next, suppose G , - N + ~ , .  . . ,&-I are 
known from previous symbol decisions. Then the sym- 
bols of interest s, (the last column of C,) can be es- 
timated by 

N+m," '  

This equation is the basis of the RBSE algorithm. Es- 
sentially, RBSE chooses the extension of the sequence 
[Gn-N+m, * .  . , Sn- l ]  which is most orthogonal to the 
columns of G, where orthogonality is measured by the 
norm in (5). Note that knowledge of the previous 
symbols allows the co-channel signals be be equalized 
and separated in a single step. One of the principle 
benefits of RBSE is that the sources separate and can 
be estimated independently of one another. In other 
words, the d-dimensional search over Rd in (5) can be 
replaced by the following d scalar searches over 0. 

for i = 1,. . . , d. Later we will show how to use this 
separation property to  jointly equalize and decode co- 
channel convolutionally encoded signals. In the fol- 
lowing the i superscript will be dropped from s;. No- 
tationally, s, simply refers to  one of the d co-channel 
source sequences. 

The computationally expensive part of RBSE is 
computing G,. Clearly, using a SVD to  compute G ,  
would be prohibitive. However, because we use a slid- 
ing N sample window, we can update/downdate the 
set of singular vectors as new data become available 
rather than recomputing them from scratch using the 
SVD. The rank-revealing ULV decomposition [4, 51 is 
a two-sided orthogonal decomposition that can be up- 
dated and downdated efficiently. It can be used to 
approximate G,. 
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possible transmitter states at time n and the set of 
possible next states at time n + 1. The Viterbi algo- 0 Q 

1 1 

2 2 

3 3 

4 4 

5 

6 6 

7 7 

rithm (VA) is a procedure for choosing the surviving 
path with lowest cost among all the paths through the 
trellis that merge in a particular state at time n + 1. 
Corresponding to  the j t h  state U;, j = 1,. . . , 2’ at 
time n is the pair 

(a) Rate 1/2 linear binary con- (b) 
volutional encoder with v = 3 
memory elements. 

Trellis. 

Figure 2: 
4 Exploiting Code Structure 

For simplicity, we consider a rate l / 2  binary con- 
volutional code with Y memory elements. Here, inter- 
dependencies between the transmitted bits are intro- 
duced at the transmitter by the pair of mappings 

[ S z n ,  SZn+l] = f (an,  a n )  

a,+1 = g(an ,an)  

where 

0 szn, SZ,+~ are the encoded bits to  be transmitted 
over the channel during the nth symbol period, 

0 on is the convolutional encoder input time n, 

0 a, = (gn-l,... ,an-”) represents the present 
state of the encoder a t  time n, and 

0 u ,+~ = (a,,... ,an-”+1) represents the next 
state of the encoder. 

The convolutional encoder is a multi-rate system. The 
outputs are produced at twice the rate of the input. 
We have referenced the time indexing with respect to 
the information source which generates the g, bits. 

The mapping f(., .) encodes input information bits 
into output channel bits. For a linear convolutional 
code (e.g., Figure 2(a)), f(., .) is linear and the map- 
ping g(., .) from present state to  next state given the 
input is simply a shift. There are a total of 2” states. 
Because of g(.,.) ,  not every transition between two 
states is possible. By exploiting this structure in the 
recursive equalizer, performance can be significantly 
improved. 

The mapping g(., .) defining the state transitions 
can be expanded graphically into a trellis (e.g., Fig- 
ure 2(b)). As time advances, the transmitter state 
traces out a single trajectory through the trellis. The 
goal of the receiver is to determine this trajectory. To 
do so, the receiver considers all possible paths through 
the trellis. Each trellis stage consists of the set of all 

where 

0 is the minimum accumulated cost associated 
with all paths leading to  state a3, at time n, and 

e {si},  i = 2n - N + m, . . ’ ,2n- is the sequence of 
channel symbols leading to the state a3, at time 
n which minimizes r3,. 

Corresponding to the branch connecting state UL 
t o  state is the triple 

Brik = ( g i k ,  (7)  

where 

0 uAk is the encoder input at time n that drives the 
transition from U; to 

j k  j k  
0 ( S ~ , , , S ~ ~ + ~ )  is the encoder output corresponding 

e hik is the cost associated with outputs 

to  aLk, and 

Below, we show how to  compute S i k .  
At time n + 1, a particular source arrived in state 

and from state ui if the encoder input was 
the pair 

was transmitted. At the receiver, we can test the va- 
lidity of this hypothesis using the pair (8) together 
with the symbol sequence that survived at state ai 
at time n. If a channel estimate were known, then the 
most likely pair (8) would minimize 

which is the branch metric in the standard approach to  
maximum likelihood sequence estimation (MLSE) [6 ] .  
However, in this paper we assume the channel is un- 
known. In this case, the RBSE cost function (6) is 
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a natural choice since it removes IS1 and can be ap- 
plied one source at a time. We propose replacing the 
standard channel dependent branch metric with the 
channel independent metric given in (6). To do this 
we must compute G2, and G2,+1 and evaluate 

(9) 

This metric measures the orthogonality between the 
hypothesized sequence and the columns of Gan+i, i = 
0 , l .  In the absence of noise, the correct sequence 
will be orthogonal to  G2,+i by (4). When noise is 
present, we measure the orthogonality between a can- 
didate source sequence and the columns of G2n+z using 
(6). The advantage of using the RBSE metric is that  
it can be evaluated without a channel estimate. If the 
branch metric in (9) is the smallest among all branches 
that merge at state uk+l, then we decide that the pair 
(8) was actually transmitted and append it to  the se- 
quence that survived at state u.7,. Note that because 
of the trellis, we don’t have to  test every possible set 
of transmitted symbols. We just consider the feasible 
ones which represent state transitions as determined 

In light of the above discussion, we propose to  re- 
place the standard metrics hik in the VA with the 
following, 

by d., .). 

hik = defined in (9) 

C+l = min {rjn + sik}, 
3 

Moving from time n to  n + 1 is thus a deterministic 
procedure using the symbols labeling each branch. We 
summarize the algorithm in Table 1. This algorithm 
is novel in the sense that it combines decoding and 
equalization of multiple convolutionally encoded co- 
channel signals all into one operation. 

The parameters k l ,  k2 in Step 2 are the indices of 
the next states of state a;. Similarly, the parameters 
jl , j 2  in Step 3 are the indices of the previous states of 
state a!+, . The j k  in Step 4 is the index of the previ- 
ous state which survives at st,ate k .  Finally, 77 in Step 
5 is the index of the state at time n + 1 which has the 
lowest cost I‘;+l. Symbol decisions for each source are 
made using the sequence terminating in state u : + ~ .  

Once G2, and G2n+l are computed (Step l), all the 
computations associated with each source are inde- 
pendent of one another (Steps 2-5). Therefore, they 
may be carried out on a bank of d parallel processors. 
Thus, the fact that  the sources separate gives major 

computational advantage to  our algorithm over ap- 
proaches where a single large trellis holds information 
for all the sources together. 

So far we have only considered a binary rate 112 
convolutional code. Non-binary convolutional codes of 
any rate can be accommodated in the framework we 
have presented. Additionally, trellis coded modulation 
(TCM) schemes can also be used with our recursive 
equalizer. The main difference is that  the mappings 
f(., .) and g(., .) are different (see [7]). But, the basic 
steps of the algorithm remain the same. 

5 Simulations 
To evaluate the relative performance of RBSE with 

and without exploiting the convolutional code struc- 
ture the following simulations were performed. A ran- 
dom M P  x dL matrix was used to  represent the chan- 
nel. We assumed the M = 4 array elements were 
oversampled by P = 2 and that the channel spanned 
L = 5 symbol periods. The symbols were drawn at  
random from a BPSK alphabet. In the first simula- 
tion the algorithms’ dependence on the data window 
length N is evaluated. A single source was used with 
N = 30,60,90. To test RBSE a random f l  sequences 
was passed through the channel. To test RBSE with 
the convolutional code (denoted CONV-RBSE in the 
figures), the convolutional encoder shown in Fig. 2 was 
used to  encode the information bits. The binary en- 
coder outputs were converted to  channel symbols fl. 

In all the simulations, the channel matrix was nor- 
malized to  have unit Frobenius norm. The signal to  
noise ratio is then given by S N R  = 101oglo (h) 
where g2 is the noise variance. Figure 3 gives plots of 
bit error rates (BER) verses SNR.  

A second simulation was conducted to  evaluate the 
algorithms’ performance for 1 and 2 sources. For the 
two source case, the submatrix of the channel matrix 
corresponding to  each source was normalized to have 
unit Frobenius norm so that each user had the speci- 
fied S N R .  For the 1 and 2 source simulations, we fixed 
the number of columns of G, to be 20 by changing N 
as necessary. Ford = 1, N = 29 and for d = 2 ,  N = 36. 
Figure 4 gives BER plots. 

In the simulations conducted, at all useful bit error 
rates, CONV-RBSE achieves the same BER as RBSE 
with 4 t o  6 dB less S N R .  These results suggest that  
exploiting code structure in the equalizer can give a 
significant performance improvement. 
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Let: Q = L + m - 1  
Inputs: 

Stored from previous iteration: 
0 Data matrix: X 2 , + ~ - 2  

0 Null matrix: &n-l 

e Previous decisions ,for each source and each state: 

e New data: XZn+Q-l> x2n+Q 

i&-N+m,. . . , i5n-l, for j = 1, . . . , 2 ”  

outputs: 
0 Symbol estimates for each source: 

SZn-N+m, San-N+m+l 

Steps: 
1. For i = 0 ,1  do 

(a) Shift: x2n+Q-l+i X2n+&-2+i, x2n+Q-l+i 
(b) Compute G z ~ + Q - ~ + ~  such that 

x2n+Q- l+i G z n + ~ - l + i  = 0. 
( c )  Shift: Gzn+i t Gn-1+i,  Gzn+&-l+i 

2. Compute branch metrics according to (9) for 

dAk for j = I , . . .  , 2 ” ,  k = I c I , ~ ~  

each source: 

3. Choose survivors at each next state for each 
source: 

= min. {rj,+sik} for 1 ~ = 1 , . . . , 2 ”  

= 

c + 1  j=JIrJ2 

j ,  argmin { rj, + & A k }  for k = 1,. , . ,2” 
j=j1 , j 2  

4. Update survivor sequences at each state for each 

(itn,ikn+l) = ( s ~ ~ , s ~ ~ + l )  for 

5 .  Output decisions for each source: 
7 = argmin r;+l 

source: 
= I , . . .  ,Y 

k = l ,  ... ,2”  

(;2n--N+m, ;2n--N+m+l) = (s”,:-N+m, ’2n--N+m+1) 377) 

Table 1: 
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