2658

IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 53, NO. 8, AUGUST 2005

Offline and Online Identification of Hidden
Semi-Markov Models
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Abstract—We present a new signal model for hidden
semi-Markov models (HSMMs). Instead of constant transition
probabilities used in existing models, we use state-duration-de-
pendant transition probabilities. We show that our modeling
approach leads to easy and efficient implementation of parameter
identification algorithms. Then, we present a variant of the EM
algorithm and an adaptive algorithm for parameter identification
of HSMM:s in the offline and online cases, respectively.

Index Terms—Expectation maximization (EM) algorithm, re-
cursive maximum likelihood (RML), recursive prediction error
(RPE), semi-Markov models.

1. INTRODUCTION

ARKOVIAN signal models have proven to be a pow-

erful tool in signal modeling. Hidden Markov models
(HMMs) are the most popular class of Markovian signal models
[1], [2]. Hidden semi-Markov models (HSMMs) are a general-
ization of HMMs and are useful in many engineering applica-
tions, such as speech processing, signal estimation, queuing net-
works, and many others [3], [4]. Generally speaking, HSMMs
are more powerful than HMMs in modeling physical signals;
however, HSMMs lead to more complex parameter identifica-
tion methods. This paper addresses the parameter identification
of HSMMs in the offline and online cases.

The HSMM offline identification approaches are mainly a
generalization of the Baum—Welch algorithm for parameter
identification of HMMs [2]-[6], except that they require much
higher computational load [7].

In [8], an HSMM with N states is reformulated as an HMM
with N x D states, where D is the maximum state duration for
all states, and then the Baum—Welch algorithm is used to es-
timate the model parameters. In other approaches, which are
based on the state-duration-dependant transition probabilities
[9], the state transition matrix is replaced withan N x N x D
tensor. The drawback of the methods in [8] and [9] is the addi-
tion of a large number of extra parameters to the model, which
must also be estimated in addition to the usual HMM parame-
ters.

Online identification of HMMs has been studied in [1] and
[10]-[14]. These approaches are based on either the recursive
maximum likelihood (RML) or the recursive prediction error
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(RPE) [15] techniques. However, for HSMMs, there is no online
identification method reported.

In [16] and [17], a parameter estimation method is presented
for a more general semi-Markovian signal model. In this model,
the hidden state process is a discrete semi-Markov chain with
Poisson-distributed transition times, and the signal observations
are assumed to be filtered by a linear and casual system, mixed
with white Gaussian noise. In this case, a Viterbi algorithm
cannot be used for maximizing the likelihood function. The ap-
proach taken in [16] and [17] is to formulate this estimation
problem as a constraint optimization problem and use a combi-
nation of a maximum a posteriori and the maximum likelihood
estimation procedures. Because it is difficult to solve this op-
timization problem theoretically, a numerical procedure called
integer most likely search (IMLS) is used. However, this method
requires exponentially increasing memory. There are methods
that aim to avoid this memory problem by using suboptimal al-
gorithms such as pseudo-Baysian algorithm or interacting mul-
tiple-model (IMM) algorithm [18].

In this paper, we present a novel signal model for HSMMs,
which leads to easier and more computationally efficient
parameter identification algorithms than existing ones. We
use state-duration-dependent transition probabilities, where
the state-duration densities are modeled with parameterized
probability mass functions. Our modeling scenario can be
encapsulated as a time homogeneous first-order infinite state
Markov model. Although our approach is similar to [8] in this
regard, it differs in three ways. First, the state durations in
[8] are assumed to be bounded, and hence, the encapsulated
Markov model is finite state. Second, in [8], the state durations
are not modeled with parameterized probability mass functions,
and third, constant transition probabilities are used in [8]. This
method has the disadvantage of overparameterizing the model.
Our approach, however, does not overparameterize the model.

We then present a novel version of the Baum—Welch algo-
rithm for offline identification of HSMMs in Section III. In
Section IV, we present a method for online identification of
HSMMs. Numerical results from implementations of our algo-
rithms for offline and online identification of HSMMs are pre-
sented in Section V.

II. SIGNAL MODELING

We consider a signal model where the state of the signal
at time ¢, 8;, t € N, is determined by a finite-state discrete-
time semi-Markov chain with IV distinct states. We assume the
initial state 8; is given or its distribution is known. Without
loss of generality, we assume 8; takes its values from the set
{e1,es,---,en}, where e; isa N x 1 vector with unity as the
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ith element and zeros elsewhere. Suppose 8; = e;, and let d(j)
denote the duration spent in the jth state prior to time ¢. Then,
we define the state-duration vector d; of size N x 1, where
all elements of d; are equal to unity, except the jth element,
which is equal to d;(j). d; is easily constructed from d;_; as
d; = 8; ®d;_1 + 1, where ® denotes the element-by-element
product, and 1 is a N X 1 vector with all unity elements.

We model the state-duration densities with a parametric prob-
ability mass function (pmf) ¢, (d). That is, the probability that s;
stays exactly for d time units in state ¢ is given by ¢;(d). ¢;(d)
should be selected such that it adequately captures the properties
of the signal under study. Hence, the selection of ¢;(d) should
be justified by some evidence from samples of the signal. Even
though state durations in a semi-Markov chain are inherently
discrete, it is noted in many studies that continuous parametric
density functions are also suitable for modeling state durations
in many applications, including speech processing [4], [5]. In
this approach, state durations are modeled with the best fitting
parametric probability density function (pdf), and then the dis-
crete counterpart of this density function is taken as the best pmf.
That is, if ¢;(z) is the continuous pdf for state duration of the
ith state, then the probability that the signal stays in state ¢ for
exactly d time units is given by |’ ;1'_1 ¢i(z)dz. Since negative
state durations are not physically meaningful, it is usually more
appropriate to select ¢;(z) from the family of exponential dis-
tributions [5]. Specifically, the family of Gamma distributions
are considered in [4] for speech processing applications. In this
paper, we assume that ¢;(x) is a Gamma distribution function
with shape parameter v; and scale parameter n;, that is,

. _ 77;/1 vi—1 _—n;d
¢i(d) (o7 d"""e

(0 < d < ). (1)
The mean and variance of ¢; are v; /n; and v;/ 771-2, respectively
[19]. Note that our signal model is applicable with minor
changes to HSMM signals whose state-duration densities
are modeled with a pdf other than Gamma. Also, let ®;(z)
denote the cumulative distribution function of ¢;(z), i.e.,
®;(d) = [ ¢i(x)da.

We construct our model for HSMMs using state-duration-de-
pendant transition probabilities. We define the state transition
matrix Aq, as Ag, = [a;;(d:)], where a;;(d;) = P(s¢41 =
ejls: = e;,di(7)). Clearly, a;;(d;)’s are not constants and do
change with time; however, we will denote a;;(d;) with a;; for
notational simplicity. It can be easily shown that for the diag-
onal elements of Ag,, a;;’s, we have

1 — @ (di(i))
1—®; (dy(i) — 1)

@

a;; =

The probability that the state process 8; stays in the ith state
for exactly d time units is given by (1 — a;;(d)) - HZ: a;; (k).
By substituting a;; from (2), it is easily shown that the pdf
of the state-space durations is actually equal to the selected

model ¢;(d). For i # j, aij = (1 — ai;)ag;, where af; =
P(si41 = ejlsy = e;,i # j). We write the matrix Aq, as

Ag, = P(d;) + (I - P(d;))A°, where A° = [ag;] is a constant

2659

matrix representing the nonrecurrent state transition probabili-
ties, and P(d;) = [p;;(d,)] is a diagonal matrix representing the
recurrent state transition probabilities. p;;’s are given as

P F ]

il 3)

0,
pis(dy) = { =4, (5)
17<I>i(di(i)71)’

Note that a; are constrained to Z;V:1 aj; = 1. Since P(d;)
is a diagonal matrix and all the diagonal elements of A° are
zero, one can show that Zj\;l a;j(d¢) = 1 for all ¢. One can
also easily show that our model reduces to an HMM if the state
transition probabilities, a;;’s, do not depend on state durations
d;. Hence, the hidden state process 8; evolves in time as

841 =Aq, - St +Viy1
Ay, =P(d;) + (I — P(d;)) - A°
dii1=8.,10d +1 4

where 1 is a NV X 1 vector with all unity elements, and v;1 is
a martingale increment.

We observe the observation process i, where the proba-
bilistic distribution of y; is determined by 8;. In this paper, we
assume that for each state 7, y; has a normal distribution. That
is, P(y:|8: = €;) = N(yi; i, 0?), where p; and o2 are the
mean and standard deviation of the observation process y; for
state 7. We denote the probability of observing ¥, in state ¢ with
bi(y:), that is,

bi(yr) = Plye|s: = ;). Q)
Therefore, y; may be written as y; = (f, 8;) + (0, 8;)w;, where
po= [p1,p2, - un), 02 = [0},03,---,0%], (.,.) denotes

inner product, and w; is Gaussian white noise with zero mean
and variance 1.

We define 6 as a vector of size N2 + 3N containing all the
model parameters

T a(])\f—l,N
nn) . (6)

2 2 2 o o
yMUN,01,02," ", 0N, G192, 013, " "

Vi, V2, 3 UN, 1,712, - -

0 = (/J'17/J'27"'

III. OFFLINE IDENTIFICATION OF HSMMSs

Given a set of observations from an HSMM signal Vr 2
{y1,92,...,yr}, we wish to estimate @, the parameters of the
HSMM model. The algorithm we use is a variant of the ex-
pectation maximization (EM) algorithm [20] and, in essence, is
very similar to the Baum—Welch algorithm for identifications
of HMMs presented in [2] and [8]. We define the “forward”
and “backward” variables ay (i) and ﬂt(iz as in [2] and [8]. Let
dt = [dt(l) dt(2) dt(N)]l, where dt(Z) = E(dt(Z)|3t =
i,0,y1,92,...,y) is our estimate of the state-duration variable
for state ¢ at time ¢. d; is initialized to [1 1 --- 1] for¢t = 1. We
reconstruct dy 1 (i) iteratively as

diy1(i) =1+ E (8:()|yrya ... 14,0) - de(i), 1<i< N
1@ G, N

iz (7)
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The state transition matrix Ag, is updated for each ¢ as
A; = P(d)+ (I- P@)) A", ®)

Our algorithm starts by initializing € to an initial guess. Each
iteration of the algorithm consists of two steps. In the F step
(see [20]), we use the readily calculated recursive formulae pre-
sented in [2], in conjunction with (7) and (8), to calculate the
forward and backward variables a;’s and ;’s. Note that aij’s
in recursion equations in [2] should be replaced with a;;(d;),
as calculated in (8). In the M step, the model parameters are
updated to the maximum-likelihood estimate of the model pa-
rameters computed from the forward—backward variables in the
FE step. The update equations for parameters ay;, p;, and o; are
similar to the equations presented in [2]. Let p1; s and o, be the
mean and variance of the state duration for state 4, respéctively.
It can be easily shown that y; , and 01-2, . are estimated as

Hi s
SR (T abi () () di )
— at(i)(z%; aijbj(yt+1)/8t+1(j))
2
g

7,8

ST aibi e s () () )
R (D aibie) B ()

)

where v; and 7);, are given in terms of p,; and Uiz_ sas v =
i o7 and i = pis /o7 . /

The algorithm stops when @ converges to a constant vector.
The forward-backward algorithm has the computational com-
plexity of O(N?T') per pass and can be shown to require a
memory of 3NT.

IV. ONLINE IDENTIFICATION OF HSMMSs

In this section, we use the state-space signal model presented
in Section II and set up the problem of online identifica-
tion of HSMMs such that the general recursive prediction
method can be applied. Let #; denote the estimate of the
model parameters at t{. We define the objective function

observations up to time ¢ given @;. £;(#;) can be rewritten as

t
(0:) = > 1ogP(yry1, ¥, -, yr—1:60:)

=1

t
=2 u(8)
=1

where u, = logP(y-|y1,v2, ..., yr—1;0) is the log-likelihood
increment. We use the recursive prediction error (RPE) method,
where the parameters are updated in the Newton—Raphson di-
rection [15]. Starting with an initial guess for 8; at ¢ = 1, 8, is
updated using

(10)

0i1 =0+ Ay - Rt__|_11 Py (11)
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where R, = 82/,(0)/06” is an estimate of the Hessian matrix,
and ), is the gradient of u; with respect to #; and determines
the search direction [15]. )\, is a step size.

In summary, our online algorithm consists of four steps for
each time instance ¢: 1) estimate the hidden layer variables o
and d;, 2) update the gradient vector 1), 3) update our estimate
of the Hessian matrix R;, and 4) update the parameter estimate
0, using (11). To facilitate the development of the update equa-
tions, instead of using 6 as in (6), we use

0 = (#702701276137"'-,CN—l,Nauan)/ (12)

where ¢;; are simply defined as ¢;; = (afj)l/2 (see [1]). For
simplicity, we use  instead of 8, in our notations. We now de-
scribe the details of each step of our online algorithm.

Let (i) = P(y1y2 ...y, 8¢ = 4|6); then, the forward fil-
tering recursion equation is given by

o1 = BAj oy (13)

where a; = [a:(1) a4(2) -+ ar(N)]’, B is a diagonal matrix,
bii = bi(ys+1), and Afit is the transpose of the state transition
matrix (4). Let v, = E(8¢|y1, 92, - ., ¥t,0) be the conditional
estimate of the state at time ¢. It can be easily shown that v, =
a;{a;,1)~!. Given the observations up to time #, the next state
and next observation of the signal are estimated as

i, 0) = Ag, 7, (14)
Jev1 = (m Ag, e (@, 1)71) . (15)

The estimate of the state duration variable is updated similarly
to the offline case (7) as

E(8t+1]y1,y2, - --

disr =E(8ely1, 92, y0,0) O dy + 1

—a (e, 1) Ody + 1. (16)
The log-likelihood increment w1 (10) is given by
ury1 = log (1, BAy7,) - (17)

We update the gradient vector ¢, = Qusy1/060]g—g, in each
iteration using our estimates of the filtration parameters (i.e.,
a; and d;). The detailed equations for this are presented in Ap-
pendix. After finding 1);,1, the parameter vector 8 and R, are
updated recursively using (11) and

Ry = Ri—1+ M [(0)Y' () — R(t — 1)]. (18)

A discussion on choices for A; can be found in [12] and
[21]-[23].

It can be shown that our online algorithm has computational
complexity of O(NZ), where Ny is the number of parameters
employed in signal model [according to (12), Ny = N2+ 3N].

V. NUMERICAL RESULTS

Here, we present the numerical results of implementing our
offline and online algorithms for identifications of HSMMs.

In the first experiment, the parameters of an HSMM signal
with N = 3 distinct states were estimated using the offline al-
gorithm of Section III. The number of observations was T' =
10 000. The actual and initial values of the parameters are given
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TABLE I
ACTUAL AND INITIAL VALUES OF THE PARAMETERS OF HSMM MODELS USED IN OUR SIMULATIONS
Actual values Initial values Actual values Actual values Initial values
off-line (off-line) (online) (online) (online)
1<t <5x10° 5x10° <t <104
0 0.30 0.70 0.00 0.50 0.50 0 0.50 0.50 0.00 0.50 0.50 0.00 0.50 0.50
A° 0.70 0 0.30 0.10 0.00 0.90 0.50 0 0.50 0.15 0.00 0.85 0.50 0.00 0.50
0.50 0.50 0 0.50 0.50 0.00 0.30 0.70 0 0.30 0.70 0.00 0.50 0.50 0.00
© -10 0 10] [-15 3 15] [-10 0 10] [-5 0 10] [-13 4 20
a’ 10 10 10 8 8 8 [4 4 4] [4 4 4] 10 10 10
Bs 10 20 30 [10 10 10] [10 20 30] [10 20 30] 5 10 10]
n [5 10 €] [1 10 20] [5 10 15] [5 10 15] 8 10 20|
v [50 200 180] [10 100 200] [50 200 450] [50 200 450] [40 100 200]
aS [T
21 _ 3 Ha 35 S :
1 25 1 = —o—o=
] ol |
B T O SO OOPNOOS ST 1
E T OO SN 1
1 o5 1
| SR S USRS SUUDUDUUUS SUUDUUDU (R, N S SN SRS S
10 15 20 % 5 10 15 20 o 5 10 5 20
iteration iteration iteration
(a) (b) ()
Fig. 1. Parameter estimates versus the iteration number of the offline algorithm. The dotted lines show the actual value of the parameters.
al u
06 ; ; ; — ; ; ; -r o
055k .. R s TR e e e oo s SN
05 . " e ]
1
0.45} :
1
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(b)

Fig. 2. Online estimation of a three-state HSMM, where the actual parameter changes at# = 5000. (a) State transition probability a3, . (b) Observation mean for
state 1, £1. The dotted lines show the actual value of the parameter. The parameter estimates follow the temporal changes in the actual value of the parameter.

in Table I. Fig. 1 illustrates that the parameter estimates con-
verge to their actual values after few iterations. We also observed
that the log-likelihood of the total observation given the param-
eters estimate [i.e., log(P()r|6))] increases in each iteration,
demonstrating that the algorithm finds the maximum-likelihood
estimate of the model parameters.

In the next experiment, we applied our online identification
method to an HSMM signal with the parameters shown in
Table I. As shown, the actual parameters of the model change

at t = 5000. Fig. 2 illustrates that the parameter estimates
converge to their actual values as ¢ becomes large. Furthermore,
the algorithm successfully tracks the temporal changes in the
model parameters.

VI. CONCLUSION

We presented a novel signal model for HSMMs. This model
results in easier parameter identification methods than the cur-



2662

IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 53, NO. 8, AUGUST 2005

D, P —ding <¢<dt ~1) = $(d) + H(d)2(d: — 1) — 4~ D) ) dt) o4
(1-o(d, — 1))
D,d,=d;_1©D,v,_1+D,di_107,_,. (25)
L= @ (dy(i);mi,vi) ) _ Dy, [® (dy(i) = D] (1 = D (du(3))) = Dy, [® (de(i))] (1 — D (da(i) — 1)
D (1 3 (d(i) - nm,m) B b

(1— @ (dy(5) — 1))°

rent signal models. We employed parameterized pdfs to model
the time that a signal spends in each state.

Based on our model, we developed methods for estimating
the model parameters of an HSMM signal for both the offline
and online cases. Our offline method uses a version of the EM
algorithm and takes advantage of our novel signal model to find
the maximum-likelihood estimate of the parameters in a timely
manner. Our online method adaptively updates the model pa-
rameters using a version of the RPE method, such that the like-
lihood of our estimate is maximized. We discussed the practical
issues involved in the implementation of our methods and pre-
sented techniques to address these issues.

APPENDIX

In this Appendix, we present equations for updating
the gradient vector in our online algorithm. Let D,(.) =
0(.)/0x denote the derivative operator with respect to
variable x. The gradient vector is written as ;41 =
(Dy;uegr, Doztirgy, Doyt gy, Dy, uig1, D2 i)' lo=s, -
We assume that the probabilities of nonrecurrent transitions
(i.e., ¢ij’s), and the parameters of the state-duration pdfs (i.e.,
v and 1) do not depend on each other. Update equations for
D, us41 are given as

Dmut+1 = <17BA:it’Yt>_l
X (<17D/M (B>A:i¢7t> + <1’BDH1 (A:it) ’Yt>

+(1,BAY, D, (1)) (19)
Duv; =Dy (a)(1,0) ™ + 0, (1,D,, ()™ (20)
D00 =Dy, (B)A:itat—l + BDM (A:it) Qi1
+BA; D, (a:—1) 1)
D, B= <y’;2ﬂ7> - B - diag(e;) (22)
g
DlLiAdf, :Dlll(P>(I - AO) (23)

where we have (24) and (25) shown at the top of the page. Up-
date equations for D, 2u.y;1 are identical to the update equa-
tions for D, us11 (19)—(25), except for D> B, which is given

by Dy2B = (((y¢ — pi)?/(207)) = (1/207))B - diag(e;). For
D,  uii1, we have

DCmn Uty1 = <17 BA:it’Yt>_1

X (<17 BDC'mn (A:ii) ’Yt>

+ (1,BA;, D, . (7,))) (26)

DCnln’Y't :DCmn (at)<17at>71 + oy <17Dcmn (at»_l (27)

D.,.a;=BD., (Ay)aw_1+BAg D, (a;—1) (28)
D.,, A4 = —P-D., (A% (29)
0, ifm #1
D.,, . af; = { 2¢i4, ifm=in=j (30)
—2Cmn, fm=1i,n+#j.

Update equations for Dy, u.; are similar to (26)—(28), except
for D, Aq,, which is given by D, Aq, = D,,(P)(I — A°).
D, (P) is a matrix with all zero elements, except the element
in row ¢ and column ¢, which is given by (31), shown at the
top of the page. D,,, ®(d;n;,v;) is obtained by differentiating
®(d;n;, v;) as defined in (1)

Dy ®(di i, ) = = (@(ds i, i) -

K2

O(dyni,vi +1)). (32)

Update equations for D, u;,1 are identical to the update equa-
tions for D, us41. However, differentiating ®(d; n, v) with re-
spect to v does not result in a simple form, as in (32). Fortu-
nately, we can easily find the numerical value of D,,, ®(d; n;, v;).
We have

D, (®(d;n,v)) = (log(n) — ¥ (v)) ®(d;n,v)

d
4 / log(a) (s m, v)dz  (33)
0

where U is the digamma function [24], [25]. The numerical
value of the digamma function at any point can be easily com-
puted using the method presented in [4] and [24].

REFERENCES

[1] R.Elliott, L. Aggoun, and J. Moore, Hidden Markov Models: Estimation
and Control. New York: Springer-Verlag, 1995.

[2] L.R. Rabiner, “A tutorial on hidden Markov models and selected appli-
cations in speech recognition,” Proc. IEEE, vol. 77, no. 4, pp. 257-286,
Feb. 1989.

[3] M. J. Russel and R. K. Moore, “Explicit modeling of state occupancy
in hidden Markov models for automatic speech recognition,” in Proc.
IEEE Int. Conf. Acoust., Speech, Signal Process., Mar. 1985, pp. 5-8.

[4] S.E.Levinson, “Continuously variable duration hidden Markov models
for automatic speech recognition,” Comput. Speech Lang., vol. 1, pp.
29-45, 1986.

[5] L. H. Jamieson and C. D. Mitchell, “Modeling duration in a hidden
Markov model with the exponential family,” in Proc. IEEE Int. Conf.
Acoust., Speech, Signal Process., vol. 2, 1993, pp. 331-334.

[6] B. Sin and J. H. Kim, “Nonstationary hidden Markov model,” Signal
Process., vol. 46, pp. 31-46, 1995.

[7] C.Mitchell, M. Harper, and L. Jamieson, “On the complexity of explicit
duration HMMSs,” IEEE Trans. Speech Audio Process., vol. 3, no. 3, pp.
213-217, May 1995.



AZIMI et al.: OFFLINE AND ONLINE IDENTIFICATION OF HIDDEN SEMI-MARKOV MODELS

[8] V.Krishnamurthy, J. B. Moore, and S. H. Chung, “Hidden fractal model
signal processing,” Signal Process., vol. 24, no. 2, pp. 177-192, 1991.

[9] S. V. Vaseghi, “State duration modeling in hidden Markov models,”

Signal Process., vol. 41, no. 1, pp. 3141, 1995.

V. Krishnamurthy and G. Yin, “Recursive algorithms for estimation of

hidden Markov models and autoregressive models with Markov regime,”

IEEE Trans. Inf. Theory, vol. 48, no. 2, pp. 458-476, Feb. 2002.

U. Holst and G. Lindgren, “Recursive estimation in mixture models with

Markov regime,” [EEE Trans. Inf. Theory, vol. 37, no. 6, pp. 1683-1690,

Nov. 1991.

1. B. Collings, V. Krishnamurthy, and J. B. Moore, “Online identifica-

tion of hidden Markov models via recursive prediction error techniques,”

IEEE Trans. Signal Process., vol. 42, no. 12, pp. 3535-3539, Dec. 1994.

I. B. Collings and T. Ryden, “A new maximum likelihood gradient

algorithm for online hidden Markov model identification,” in Proc.

IEEE Int. Conf. Acoust., Speech, Signal Process., vol. 4, May 1998, pp.

2261-2264.

E. Weinstein, M. Feder, and A. V. Oppenheim, “Sequential algorithms

for parameter estimation based on the kullback-leibler information mea-

sure,” IEEE Trans. Acoust., Speech, Signal Process., vol. 38, no. 9, pp.

16521654, Sep. 1990.

L. Ljung and T. Soderstrom, Theory and Practice of Recursive Identifi-

cation. Cambridge, MA: MIT Press, 1983.

J. Goutsias and J. Mendel, “Optimal simultaneous detection and estima-

tion of filtered discrete semi-Markov chains,” IEEE Trans. Inf. Theory,

vol. 34, no. 3, pp. 551-568, Mar. 1988.

L. Campo, P. Mookerjee, and Y. Bar-Shalom, “State estimation for

systems with sojourn-time-dependent Markov model switching,” IEEE

Trans. Autom. Control, vol. 36, no. 2, pp. 238-243, Feb. 1991.

H. Blom and Y. Bar-Shalom, “The interacting multiple model algorithm

for systems with Markovian switching coefficients,” IEEE Trans. Autom.

Control, vol. 33, no. 8, pp. 780-783, Aug. 1988.

R. S. Burington, Handbook of Probability and Statistics With Ta-

bles. New York: McGraw-Hill, 1970.

T. K. Moon, “The expectation-maximization algorithm,” IEEE Signal

Process. Mag., vol. 13, no. 6, pp. 47-60, Nov. 1996.

L. Ljung, System Identification: Theory for the User.

Cliffs, NJ: Prentice-Hall, 1999.

B. T. Polyak, “New method of stochastic approximation type,” Autom.

Remote Control, vol. 51, pp. 937-946, 1990.

D. Ruppert, “Stochastic approximation,” in Handbook in Sequential

Analysis, B. K. Ghosh and P. K. Sen, Eds. New York: Marcel-Dekker,

1991, pp. 503-529.

M. Abramowitz and 1. Stegun, Handbook of Mathematical Func-

tions. Washington, DC: National Bureau of Standards, 1964.

G. E. Andrews, R. Askey, and R. Roy, Special Functions. Cambridge,

U.K.: Cambridge Univ. Press, 1999.

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]
[20]
[21] Englewood
[22]

[23]

[24]

[25]

Mehran Azimi was born in Mashad, Iran. He received the B.Sc. degree in elec-
trical engineering from Amir Kabir University of Technology, Tehran, Iran, in
1994, the M.Sc. degree in biomedical engineering from Sharif University of
Technology, Tehran, in 1997, and the Ph.D. degree in electrical engineering from
the University of British Columbia, Vancouver, BC, Canada, in 2004.

His research interest areas include interactive multimedia systems, video pro-
cessing and communication, and statistical signal processing.

2663

Panos Nasiopoulos received the bachelor’s degree
in physics from the Aristotle University of Thessa-
loniki, Thessaloniki, Greece, in 1980 and the bach-
elor’s, master’s, and Ph.D. degrees in electrical and
computer engineering from the University of British
Columbia (UBC), Vancouver, BC, Canada, in 1985,
1988, and 1994, respectively.

He is an Associate Professor with the UBC De-
partment of Electrical and Computer Engineering,
‘ // the holder of the MidNet Professorship in Digital

Multimedia, and the current Director of the Master of
Software Systems Program at UBC. Before joining UBC, he was the President
of Daikin Comtec US, San Francisco, CA. Daikin had worked together with
Toshiba to introduce the first complete DVD solution to the world in 1996 and
developed all the software components of the DVD system. In March 2001,
Daikin merged with Sonic Solutions, a US-based company, and he became
the Executive Vice President. He was voted as one of the most influential
DVD executives in the world. He is recognized as a leading authority on DVD
and multimedia and has published numerous papers on the subjects of digital
video compression and communications. He organized and chaired numerous
conferences and seminars, and he is a featured speaker at multimedia/DVD
conferences worldwide.

Dr. Nasiopoulos has been an active member of the DVD Association and
SPMTE as well as the ISO/ITU and In-Flight-Entertainment committees.

Rabab Kreidieh Ward (S’71-M’72-SM’85-F’99)
was born in Beirut, Lebanon. She received the B.Eng.
degree from the University of Cairo, Cairo, Egypt,
and the master’s and Ph.D. degrees in electrical engi-
neering from the University of California, Berkeley,
CA, in 1969 and 1972, respectively.

She is a Professor in the Department of Electrical
and Computer Engineering and the Director of the
Institute for Computing, Information, and Cognitive
Systems, University of British Columbia, Vancouver,
BC, Canada. Her expertise lies in digital signal pro-
cessing and applications to cable TV, high-definition TV, video compression,
and medical images, including mammography, microscopy, and cell images.
She holds six patents, and many of her research ideas have been transferred to
industry. She has published well over 200 journal and conference papers and
chapters in scientific books.

She is a fellow of the Royal Society of Canada, a fellow of the Engineering
Institute of Canada, and a fellow of the Canadian Academy of Engineers. She
is also a recipient of a UBC Killam Research Prize.



	toc
	Offline and Online Identification of Hidden Semi-Markov Models
	Mehran Azimi, Panos Nasiopoulos, and Rabab Kreidieh Ward, Fellow
	I. I NTRODUCTION
	II. S IGNAL M ODELING
	III. O FFline I DENTIFICATION OF HSMM S
	IV. O NLINE I DENTIFICATION OF HSMM S
	V. N UMERICAL R ESULTS

	TABLE€I A CTUAL AND I NITIAL V ALUES OF THE P ARAMETERS OF HSMM
	Fig.€1. Parameter estimates versus the iteration number of the o
	Fig.€2. Online estimation of a three-state HSMM, where the actua
	VI. C ONCLUSION
	R. Elliott, L. Aggoun, and J. Moore, Hidden Markov Models: Estim
	L. R. Rabiner, A tutorial on hidden Markov models and selected a
	M. J. Russel and R. K. Moore, Explicit modeling of state occupan
	S. E. Levinson, Continuously variable duration hidden Markov mod
	L. H. Jamieson and C. D. Mitchell, Modeling duration in a hidden
	B. Sin and J. H. Kim, Nonstationary hidden Markov model, Signal 
	C. Mitchell, M. Harper, and L. Jamieson, On the complexity of ex
	V. Krishnamurthy, J. B. Moore, and S. H. Chung, Hidden fractal m
	S. V. Vaseghi, State duration modeling in hidden Markov models, 
	V. Krishnamurthy and G. Yin, Recursive algorithms for estimation
	U. Holst and G. Lindgren, Recursive estimation in mixture models
	I. B. Collings, V. Krishnamurthy, and J. B. Moore, Online identi
	I. B. Collings and T. Ryden, A new maximum likelihood gradient a
	E. Weinstein, M. Feder, and A. V. Oppenheim, Sequential algorith
	L. Ljung and T. Soderstrom, Theory and Practice of Recursive Ide
	J. Goutsias and J. Mendel, Optimal simultaneous detection and es
	L. Campo, P. Mookerjee, and Y. Bar-Shalom, State estimation for 
	H. Blom and Y. Bar-Shalom, The interacting multiple model algori
	R. S. Burington, Handbook of Probability and Statistics With Tab
	T. K. Moon, The expectation-maximization algorithm, IEEE Signal 
	L. Ljung, System Identification: Theory for the User . Englewood
	B. T. Polyak, New method of stochastic approximation type, Autom
	D. Ruppert, Stochastic approximation, in Handbook in Sequential 
	M. Abramowitz and I. Stegun, Handbook of Mathematical Functions 
	G. E. Andrews, R. Askey, and R. Roy, Special Functions . Cambrid



