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Hidden Markov models (HMMs) have been used to model burst error sources of wireless channels. This paper

proposes a hybrid method of using genetic algorithm (GA) and simulated annealing (SA) to train HMM for discrete

channel modelling. The proposed method is compared with pure GA, and experimental results show that the HMMs

trained by the hybrid method can better describe the error sequences due to SA’s ability of facilitating hill-climbing

at the later stage of the search. The burst error statistics of the HMMs trained by the proposed method and the

corresponding error sequences are also presented to validate the proposed method.
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1. Introduction

Hidden Markov models (HMMs)!! have been used
for modelling of various systems: speech and image
recognition, telecommunications, and automatic con-
trol. The study of the HMM for real communication
channels error statistics was initiated by Gilbert.[
One of the primary limitations of Gilbert’s model is
that it lacks the ability to describe more complex bit
error state transitions due to its simple geometric dis-

tribution. Fritchman!!

improved Gilbert’s model by
proposing a state partitioned model in which there is
more than one good state and errors occurring only in
one bad state with probability of one. However, the
Fritchman model assumes that the intervals between
consecutive errors are independent and identically dis-
tributed, and it is not always true for experimental
data.[* A solution for this problem is to use a channel
model with more than one good state and bad state,
as a real communication model can be modelled by an
HMM. Several works have been devoted to model the

burst errors in radio channels by using HMM.5—7]

One of the basic problems of HMMs is to deter-
mine a method to adjust the model parameters to
maximize the probability of the observation sequence

given the model. The Baum-Welch algorithm[™ is
the classical iterative method used to estimate and
train the HMM model to best describe the training
observation sequences. However, it starts from an
initial guess and cannot achieve global optimization.
The genetic algorithm (GA)® mimics natural evolu-
tion and performs global searching within the defined
searching space, and it has been widely used in in-
formation, computer and communications field and
chaotic system.!?) Using GA to train HMM can get
better results than the Baum-Welch algorithm.['0—12]
Although there is performance improvement when ap-
plying GA to train HMM, GA still has some limita-
tions. The GA is quite poor at hill-climbing and also
has the problem of premature convergence.!*3! In order
to improve GA’s ability of hill-climbing, simulated an-
nealing (SA)!*31 is embedded in it and the resulting
hybrid method is used to train HMM in this paper.

The rest of the paper is organized as follows. In
Section 2, discrete channel modelling with HMMs is
discussed. Section 3 focuses on the detailed steps of
the hybrid method of using GA and SA to train HMM.
Some experimental results are shown in Section 4. Fi-
nally, concluding remarks are offered in Section 5.
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2. HMMs for discrete channel

modelling

The discrete channel model™® can be repre-
sented as shown in Fig.1, where the input sequence
at point A and the output sequence at point B are
discrete symbol vectors which are denoted as X =
[X1X2...X;..] and Y = [1Ys...Y,...] respec-
tively.

source |—>»| encoder —A—) modulator
discrete -
channel channel -
model

Y

sink <« decoder |« B— demodulator

Fig.1. Elements of a discrete channel model.

Between the input and the output, the perturbations
due to the physical channel, nonideal modulator and
demodulator can be considered as an introduction of
an error sequence O = [0103...0...]. As a con-
sequence the output sequence can be represented as
Y = X ® 0O, where X,0 and Y are considered as el-
ements of a vector space over Galois field GF(q) and &
as vector addition over the same field.l®! In this frame-
work the channel characterization problem becomes
that of statistically describing the error sequence gen-
erated by noise source. HMMSs have been widely used
to model such error sources. In those models the ob-
served sequence of errors is assumed to be a function of
underlying Markov chain which describes a sequence
of hidden channel states. In general, HMM is charac-
terized by the following elements:

(1) Set of HMM states @ = {q1,4¢2,---,9n},
where N is the number of states in the model. The
state at time t is denoted as S;.

(2) Set V = {v1,va...,vp} of M symbols which
can be observed. In consideration of binary channels,
M =2 and V = {vy,v2} = {0, 1}, where 0 indicates
correct reception of a symbol and 1 indicates an in-
correct reception. An observation sequence (error se-
quence) is denoted as O = 0105 ...Op, where each
observation Oy(1 <t < T) is one of the symbols from
V and T is the number of observations in the sequence.

(3) State transition probability matrix A = {a;;},
where a;; = P(Si41 = ¢St =¢i), 1 <1, j < N.

(4) Observation probability matrix B = {bjx},
where bj, = P(O; = vg|S; = ¢;),1 <j <N, 1<k<
M.

(5) Initial state probability vector II =
{7‘1’1,7T2,...7 7TN}, where T, = P(Sl = Qi)a 1 S ) S N.

Elements in A, B and IT must satisfy the following

two conditions:

0<a; <1, 0<bjp <1, 0<m <1,

Vi7j7k7 (1)
N M

Z%‘ =1(1<i<N), Zb‘jk =1(1<j<N),
Jj=1 k=1

N
> om=1. (2)
i=1

For convenience, the compact notation A = {A, B, IT}
is used to indicate the complete parameters of HMM.

Training problem is one of the three basic prob-
lems for HMMs: how can the HMM parameters A =
{A, B, II'} be adjusted to maximize P(O|\) the prob-
ability of the observed sequence given the model? A
hybrid algorithm using GA and SA is used to solve
this problem in this paper.

Given appropriate values of A\, the HMM can be
used as a generator to produce an error sequence
O = 0,0, ...0r as follows:[1]

(1) Set t = 1 and choose an initial state S1 = ¢;
according to the initial state distribution II.

(2) Choose Oy = v, according to the observation
probability distribution at state ¢;, i.e., b;x.

(3) Transit to a new state S;41 = ¢; according to
the transition probability distribution of state g;, i.e.,
aij.

(4) Set t = t + 1, and go back to 2 if t < T}
otherwise, terminate the procedure.

3. A hybrid method for training
HMM

A GA is applied to search for the best HMM, and
a SA is also embedded in the GA search in order to
improve GA’s ability of hill-climbing and converge to
the globally optimal solution or a better locally op-
timal solution. The detailed implementation of the
proposed method is described as follows.

3.1. Genetic algorithm

The fundamental of the GA structure is the en-
coding mechanism for representing the optimization
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problem’s variables. A HMM with N states has
N? + N + NM parameters to be trained. All of the
parameters are encoded into a string of real numbers

which range from 0 to 1 to construct a chromosome
as shown in Fig.2.

[ar [ara |~ Jarw] om |
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Fig.2. The structure of chromosome.

The initial population is randomly generated in
which every individual has the structure as shown in
Fig.2. Note that the parameters of each chromosome
must be normalized to satisfy Eq.(2).

The objective function P(OJ\) provides the
mechanism for evaluating each chromosome. However,
the values of P(O|)\) vary largely in a population and
a few chromosomes with relatively high values cause
the proportionate selection scheme to allocate a large
number of offspring to these chromosomes and they
take over the population, causing premature conver-
gence. To overcome this problem, a scaling mechanism
is proposed as follows:

[ =1g[P(O)]; (3)
ffo=f—min{f} +1, (4)

where f’ is the finally used fitness function, and

P(O|)) is calculated by forward procedure.!]

Selection models nature’s survival-of-the-fittest
mechanism. Fitter solutions have more chances to sur-
vive while weaker ones eliminate generally. Crossover
and mutation are two traditional genetic operators of
GA. They simulate natural genetic recombination and
variation respectively. The roulette wheel selection

8 are

scheme 8] and the two-point crossover scheme !
used in the proposed method. To carry out the mu-
tation operation, a parameter is randomly chosen and
replaced by a real number which ranges from 0 to 1 if
the condition of mutation is positive. Note that after
crossover and mutation, the parameters in chromo-

some are changed and must be normalized to satisfy
Eq.(2).

After selection, crossover and mutation, the al-
gorithm creates the subsequent generation from the
strings of the current population. This generational
cycle is terminated when the number of generation

reaches the maximum generation.

3.2. Embedded simulated annealing al-
gorithm

After crossover, SA is applied to decide whether
to accept the new individuals or not. Suppose
f1o1d; foolds finew, and fonew are the log likelihood
Iro1a,

and the new chromosomes after crossover Iinew and

probabilities of the old chromosomes I1q4,

Ionew respectively, then I1o14(l201a) is replaced with
@Inew(I2new) based on the following acceptance prob-

ability:
L (Af <0),
e {exp (7). @r=o0, “
where
Af = JioaF froia + finew & fanew (Fanew),

4

and Ty is a control parameter which is generally called
temperature, where g is the number of the generation.
Note that the log likelihood probabilities are calcu-
lated by using Eq.(3). In the proposed method, T} is
decreased as Ty = To(a9™ '), where o € (0,1) and Tp
is the initial temperature. Similarly, SA is also applied
to accept the new individual after mutation. The ac-
ceptance probability has the same format as Eq.(5).
The only difference is that Af = folg — fuew, Where
fola is the log likelihood probability of the chromosome
before mutation and fyew after mutation.

It is worthwhile pointing out that as the gener-
ation increases, T,; decreases and hence the probabil-
ity of accepting the new individual which has less log
likelihood probability than the desired decrease. This
means that at the early stage of the genetic algorithm
when ¢ is small, the proposed method accepts most
new individuals in order to enlarge the search space,
while when g gets close to the maximum generation,
the proposed method tends to accept the ‘better’ in-
dividuals and discard most ‘worse’ individuals after
crossover or mutation. So the proposed method not
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only preserves the advantages of GA but also strength-
ens the ability of hill-climbing at the later stages of the
search.

4. Experimental results

The results trained by the hybrid method are
compared with the results of pure GA. The HMM has
N = 8 states and M = 2 to represent binary val-
ues. The GA uses a 30 chromosome population with
a crossover rate of 0.8 and a mutation rate of 0.05. The
maximum generation is set 3000. Note that different
crossover rate or mutation rate may lead to different
training results. High crossover rate can help the algo-
rithm converge to the expected optimal region quickly,
but may result in premature convergence. The higher
the mutation rate, the more variable the individuals
and the less stable the algorithm. The crossover rate
is normally between 0.4 and 0.9, and the mutation
rate normally ranges from 0.001 to 0.1.['6] The ini-
tial temperature of the SA Ty must be large enough
to ensure that the algorithm converges to a better

17 and it is set 100 in the simulation. An-

solution,
other parameter of the embedded SA is set relatively
high (o = 0.995) to ensure that at the early stage of
the search, the SA can accept most new individuals
to enlarge the searching space. Four error sequences
are used and 50 experiments are conducted to each
error sequence by using the hybrid method and pure

GA respectively. The average log likelihood probabil-
_ 50

ities P = {Z 1g[P(O;€|)\i)]} /50, the maximum log
i=1

likelihood probabilities Ppax = 1r<n_zi)§0{lg[P(Ok|)\i)]}

and the minimum log likelihood I;robabilities Pain =
12111<n50{1g[P(0k|)\i)]} of the 50 experiments are shown

in Table 1, where Oy, denotes the kth error sequence
and \; denotes the HMM trained in the i¢th exper-
iment which has the maximum log likelihood prob-
ability when the algorithm is terminated, 1 < k <
4,1 < ¢ < 50. Table 1 illustrates that the HMMs
trained by the hybrid method have higher average log
likelihood probabilities than HMMs trained by pure
GA and hence they can better describe the error se-
quences and obtain more accurate models for discrete
channels.

Table 1. Experimental results of the hybrid method and pure GA.

error P Prax Prin
sequence pure GA hybrid pure GA hybrid pure GA hybrid
O, —33.7550 —31.2426 —33.3346 —29.2991 —34.2747 —32.6349
(0 —52.0830 —49.3836 —51.3035 —47.0644 —53.1278 —50.6780
O3 —87.0068 —84.4051 —86.7821 —81.6327 —87.2206 —86.0729
Oy —143.3300 —140.0541 —142.1388 —137.4340 —144.3852 —142.0406

In order to evaluate the impact of the crossover
rate to the training result, Fig.3 shows the average log
likelihood probabilities trained by the hybrid method
and pure GA when different value of crossover rate is
set. The other parameters of the algorithm are kept
steady as above. The error sequence used here is O;.
Slight difference of the average log likelihood proba-
bility is obtained when the crossover rate is changed.
So it seems that both the hybrid method and pure GA
are robust to the changing crossover rate.

Figure 4 shows the burst error statistics of the
HMMs trained by the hybrid method and the corre-
sponding error sequences. How to simulate the burst
error statistics of the HMM please refer to Ref.[15].
Close similarities between the histograms of the length
of error bursts indicate that the HMMs trained by

the proposed method can well describe the burst er-
ror statistics of the channels.
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Fig.3. Average log likelihood probability with different

crossover rate.
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Fig.4. Burst error statistics of the HMMs versus the error sequences.

5. Conclusions

The method of hybridizing GA with SA to train
HMM for discrete channel modelling is presented. The
hybrid method is compared with pure GA and ex-
perimental results show that the HMMs trained by
the proposed method have higher average log likeli-
hood probabilities and thus they can better describe

the error sequences due to SA’s ability of facilitating
hill-climbing in the later stage of the search. Close
continuity between the burst error length statistics of
the HMMs trained by the hybrid method and the cor-
responding error sequences indicates that the HMMs
trained by the proposed method can well describe the
burst error statistics of the channels.
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