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Ab\r/no-In this paper we compare two different methods for 
receiver training in flat fading channels. The first method is the 
traditional way in which periodic training sequences are sent to 
the receiver (explicit training). In the second method, recently 
proposed, the information source emits bits with unequal 
probabilities of being ‘0’ and ‘1’. This method is called implicit 
training, since the training is implied in the non-symmetrical 
source 5tructure. BPSK signaling is used as the simplest example 
of constant-envelope phase modulations. We map the phase 
component of the flat fading channel response to a simple two- 
state Markov model. Then joint iterative trellis-based maximum 
a posteriori probability (MAP) method is used for channel state 
estimation and decoding. The results of computer simulations for 
the receiver Bit Error Rate (BER) performance in various 
channel fading rates and information rates are presented. The 
results indicate superior performance of implicit training. In slow 
fading conditions, the gain is 4 dB at information rate of 0.15 
bits/channel use and 1.2 dB for information rate of 0.25 
bitdchannel use. 

ln&,\- Tenns-Flat Fading Channels, MAP Estimation. 

J. INTRODUCTION 
Receivers that are designed to work in  unknown time- 

selec ti ve correlated fading channels perform chan ne1 
estimation for reliable communications. The qualityof channel 
estimation is an important factor that affects the receiver 
perfoi-mance. Most current mobile communication systems use 
constant envelope phase inodiilations. For this class of 
modtilation schemes, estimation of the phase component of the 
channel response is essential and poses a great challenge for 
the receiver design, especially at high fading rates. Usually, to 
achieve reasonable precision in phase estimation, explicit 
periodic training bits are inserted among channel symbols. 
These bits are predetermined and convey no detectable 
information. The main advantage of this method is that during 
the training period good precision of channel estimation is 
attainable. Explicit training drawbacks are summarized as: 

The receiver does not get any supervision between the 
training periods and if the channel state changes during this 
interval, perforniance is degraded. 

Better channel estimation precision i n  the training 
period does not necessarily result in  better channel estimation 
i n  the tracking period. In fact we have recently shown that the 

precision of channel state information degrades exponentiaIly 
for two-state Markov channels as we move further from the 
last training bit [IO].  
Here we compare explicit training with a recently devised 
method in which the training is hidden or implied in the 
structure of the information source, i.e. its non-symmetrical bit 
distribution [51. The advantages of implicit training are: 

Training is present for every channel symbol. 
Since training does not take extra channel symbols. for 

tixed end-to-end channel interleaver/deinterleaver delay, 
larger blocks of data can be transmitted. Equivalently, if the 
block size is fixed, smaller end-to-end system delay is 
achievable. 

Channel symbols are used both for channel estimation 
and data decoding, allowing the two mechanisms benefit from 
each other. 

Motivated by the last feature, we investigate and compare 
these two methods in joint iterative Maximum a posteriori 
Probability (MAP) channel estimation and data decoding [6] .  
This is discussed in detail in the section TI. We have performed 
extensive computer simulations for various fading channel 
scenarios and information rates. Detailed graphic results of the 
simulations can be found in  section 111. that are also 
summarized here as: 

Joint iterative MAP channel estimation and decoding is 
an immediate improvement to the method used in 1.51. Foi- 
example, in [5] implicit training outperforms explicit training 
by 2dB at information rate of 0.15 bitskhannel use in slow 
fading channel (fdT= 0.01). Here the relative improvement is 4 
dB that also happens at 5 dB  lower Signal to Noise Ratio 
(SNR). The main reason for this is that in  (51 channel 
estimation result is passed to the decoder in hard estimation 
format. In the present work, soft estimates about the channel 
states and decoded bits are passed between the modules in an 
iterative form. Iterative method takes advantage of the implicit 
training nature, mentioned above, to the full extent. 

We have extended the results to medium speed fading 
conditions (faT = 0.05). The simulation results again indicate 
better performance of implicit training by 1.5 dB for the 
information rate of 0. I5 bitskhannel use. 

We have also extended the results to higher information 
rate of 0.25 bits/ channel use in the slow fading channel. The 
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simulation results show about I .2 dB gain in using implicit 
train i n g method . 

Joint iterative MAP channel estimation and data decoding 
is based on the Forward-Backward (BCJR) algorithm [ 13.  
Application of BCJR algorithm for channel estimation requires 
that the fading channel have finite number of Markov states. 
The mapping of flat fading channels to Finite State Markov 
Channels (FSMC) has been addressed in [3]-[4] that is also 
brietly discussed in  the following section. 

11. CHANNEL MODEL AND MAP ESTIMATION 

Here we present discrete-time signals, that are sampled at 
signaling intervals, as vectors denoted by w,, = [w f ,  w2, ..., 
w , ~ ] .  Let x( t ) ,  y ( t )  and z(t)  be the continuous-time channel 
input, output and receiver noise respectively. We consider flat 
fading channel model that is of multiplicative nature [SI 
~ ( r )  = c(t).l-(t) + z ( I ) ,  ( 1 )  

where z ( t )  is complex zero-mean white Gaussian process with 
variance per dimension equal to N,, l 2 and c(t)  is also a 
complex Gaussian process and its phase component has 
uniform distribution ( U  - [ 0, 27t 1). 
The correlation of the channel behavior at consecutive 
signaling intervals is determined by parameter A that depends 
on the speed of mobile unit v and carrier frequency,f,, as well 
;is signaling rate and is usually taken to be 

wherefd is the Doppler frequency shift and J0 is the zero-order 
Bessel function of the first kind. The relationship between 
channel coherence time TI, and fd is approximated by [9] 

(3) 

The product ,fi, I t ,  - t2 1 or equivalently the ratio c,/ 1 tl - I2 1 is 
indicative of the channel stability. 

In O L I ~  simulations, we approximate the envelope component 
of the fading channel to be constant [5], [6]. This 
simplification does not affect the relative comparison of 
implicit and explicit training methods and is also justified by 
the fact that i n  phase modulation schemes, information is 
stored i n  the signal phase. In BPSK signaling, and in the 
extreme case when noise is negligible, ambiguities in the 
amplitude of the channel response do not affect receiver 
performance. whereas phase ambiguities do. Hence the 
simplified version of ( I )  is given by 

(4) 
The joint probability of channel phase at two consecutive 

,,(,[) = ,’S”’ x( t )  + z ( t ) .  

signaling time intervals is given by [6] 

J l -B’+B(n-cos- ’B)  
Pr(B,.B,) =- 

4n’ ( l -R2)15  

where B = A cos ( Bl - 82 ). 
For BPSK signaling, there is nothing more important than to 

know whether the channel is inverting the signal phase or not. 
Therefore we propose a simple two-state Markov model for 

the mapping the phase response of fading channel at the 
receiver side and derive the FSM channel parameters. After 
channel phase is quantized and from receiver point of view, 
the channel is either in inverting state S = -1:  B E [n/ 2:3nl 
21, or non-inverting state S = 1 :  B E  [-E/ 2:nl 21. The state 
transition probabilities are computed as 

We have to emphasize here that FSM mapping of the fading 
channel is a model at the receiver side used merely for channel 
estimation purposes “that reduces infinite cardinality of 
possible channel phases to a finite number of phase states” [6].  
However, the actual phase component of the channel response 
varies in time according to (5). 

The system block diagram is shown in Fig. 1 .  We define the 
general system information rate as 

(7)  

where k / n is the coder rate, H(u)  is the information source 
entropy, kiV is the number input bits in each block, and Tis  the 
total number of training bits in each block. In our simulations, 
we compare implicit and explicit training methods at the same 
information rate. 

When the information bits are passed through the coder, 
there is no guaranty that the bit distribution at the coder 
output, Pr(x), is the same as the bit distribution at the coder 
input, Pr(u), especially when the bit distribution is not 
symmetrical. Convolutional coders add memory and 
symmetry to the coded bits. This is worst when the coder is 
recursive. In this case (parity) bits have infinite memory and 
equal bit probability, independent of the input bit distribution. 
This prevented us from using turbo codes in the system since 
non-symmetrical channel bit distribution is a key factor in 
channel estimation in implicit training. Instead, we use non- 
recursive non-systematic convolutional coders. 

The receiver applies joint MAP state estimation and 
detection. Except for a few changes, regarding modulation and 
coder structure, the algorithm is similar to the method in [6]. 
The receiver performs channel estimation and decoding on 
separate trellises. This allows the use of channel 
interleaver/deinterleaver. The branch metric used in the BCJR 
algorithm for the channel estimator (0) module is given by 
z @ ( s 1 , s )  Pr(yI ,S l  - S I S ,  , f’) 

kriH(u) 
nN T ’  

R . -  

PrjS, = s  I S, , = s’)EPr( .x , )Pr(y,  IS, = s , x , )  
1 

In this equation Pr(x) is simply channel symbol probability. 
For the first iteration, a priori knowledge about channel 
symbol distribution (or coder output distribution) is used that 
is agreed upon between the transmitter and receiver; for 
example in the case of explicit training Pr(x = 0) = Pr(x = 1) = 
1/2 for information bits and set accordingly for training bits. In 
the implicit case, Pr(x) is empirically determined from coder 
output bits (that of course depends on the information source 
probability, Pr(u), and coder structure). This needs to be done 
only once and then Pr(x) for the first iteration is assumed to be 
known at the receiver throughout the simulation runs. In the 
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next iterations. the Pr(n) is provided by the soft outputs from 
the decoder module as shown in the receiver loop in Fig. 1. 
The decoder, C module, receives deinterleaved version of the 
soft outputs from the channel state estimator module and 
computes the branch metric in BCJR algorithm as 
~ ‘ ( c ’ , c ) ) = P r ( y , , C ,  = C I C ,  I = C O =  
P r ( u , , L c ’  x c ) X P r ( s , ) P r ( y ,  S IS ,  s,x,) = (9) 

where the last equation follows from the assumption of deep 
channel interleaving so that channel phase becomes 
independent at consecutive time intervals. The common term 
i n  both (8) and (9) is given by 

- ( y r  -.rcost))’ - ( y i  -xsinQ) 

No 

(10) 
i ~r (.v I s = .r, x> c\1 j’ exp 

BE \ 

where y r  and y j  are the real and imaginary parts of received 
signal i n  (4) respectively. 

111. SIMULATION RESULTS 

The detail of the system parameters is as follows: 
A rate k / 17 = 1/2 non-recursive non-systematic 

convolutional coder with memory degree equal m = 6 (go = 
133, g /  = 17 I )  is used for all simulations. 

Modulation type is BPSK. 
Total channel input block length, / IN + T, is fixed to be 

3500. Therefore the overall delay in both training methods is 
the same. This results in larger N in the case of implicit 
training (T is smaller for implicit training). A channel block 
interleaver of size 50 by 70 is used. 

The only channel parameter is fading rate that is eitherh 
I r )  - f 2 1  = 0.01 (slow fading) orfa It, - t21 = 0.05 (medium-speed 
fading). 

Two system rates are considered. R = 0.15 bits/ channel 
use and R = 0.25 bitskhannel use. Table I shows how coder 
input block length and information source entropy are chosen 
to achieve these rates. 

Fig. 2 shows the receiver BER performance in slow fading 
channel at information rate of 0.15 bitskhannel use. The 
number of iterations is 3. For reference, the BER performance 
when the receiver has perfect knowledge of the channel phase 
is shown for two different cases. In the first case, information 
source emits bits with probability Pr(u=O) = 0.92755, as it  is 
the case in implicit training, and in the second case 
information source is symmetrical. This explains why implicit 
training has the potential of outperforming explicit training: If 
the precision of channel phase estimations is the same for both 
symmetrical and non-symmetrical in,formation sources (as it  is 
the case when the receiver has perfect phase knowledge), non- 
symmetrical information source achieves better results due to 
stronger a priori knowledge about information bits. 

In short, the key points observed from Fig. 2 are: 

Implicit training results in performance gain of around 4 
dB as compared to explicit training. 

Compared to the hard estimation method in [5], the 
same receiver performance (Ph = 3-’) occurs at 5 dB lower 
S N R .  This is due the use of joint iterative soft channel 
estimation and decoding. 

Fig. 3 shows the BER results for the medium-speed fading 
channel at information rate of 0.15 bitdchannel use. The 
number of iterations is 5. From the figure we observe that 

Implicit training still outperforms explicit training 
especially at high BER region but as the SNR increases the 
gap becomes smaller and reaches 1.5 dB. It seems that BER 
saturation occurs in implicit training. 

The gap between the performance of two-state Markov 
model and perfect phase situation is wider in  the faster fading 
condition. This indicates the need for more number of states in 
the FSM model. This is consistent with the results obtained in 
[4], where moving from 2-state to 4 and 8-state Markov 
channel results in noticeable capacity improvement. 

Fig. 4 presents the simulation results for information rate of 
0.25 bitskhannel use in slow fading channel. From this figure 
we observe that 

Implicit training achieves a gain of more than 1.2 dB 

Explicit training BER tends to saturate at high SNR 

’ 

compared to explicit training. 

conditions. 

IV. CONCLUSIONS 

In this paper we presented and compared two different 
methods of receiver training in flat fading channels. We used 
joint MAP channel estimation and decoding and showed 
through computer simulations the superior performance of 
implicit training method. We also presented the receiver 
performance in the case of perfect phase knowledge; this 
revealed that if the same precision of channel estimation is 
obtained from both training methods, implicit training will 
result in overall superior receiver performance, because it still 
can benefit from non-symmetrical bit distribution of the 
information source in the decoding process. Implicit training 
method is a new topic and there are many issues still to be 
addressed such as comparison of the receiver performance at 
higher information rates. This is challenging since information 
source entropy is a nonlinear function of the bit distribution 
and also the coder affects the input bit distribution in  a 
nonlinear fashion. Another issue to be addressed is the 
generalization of this method to realistic fading channels with 
amplitude distortions. 

Up to now much effort has been spent on the informaGo% 
source compression and then adding redundancies either in 
coding or in adding training bits. Here we showed how 
redundancies in the information source could be used to 
perform superior channel estimation. 
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Figure 2 .  BER performance of implicit and explicit training. Slow fading channel, Information rate = 0. IS bitskhannel use. 
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Figure 3. BER performance of iniplicit and explicit training. Medium-speed fading channel, Information rate = 0. IS bits/channel L I S ~ .  
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Figure 4. BER performance of implicit and explicit training. Slow fading channel, Information rate = 0.25 bitdchannel use 
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