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Abstract

With the development of economy, estimation has gradually received attention.
Economic performance is essential to a company, that's why data analyst is very popular.
Since Dongfeng Motor Corporation is one of the magnate company in Chinese vehicle
market, estimation the data of Dongfeng could be very meaningful. There are many
methods used to estimate economic performance, in this thesis we mainly focus on
Hidden Markov Model (HMM).

First of all, the thesis introduces the basic concept of Markov Process and Hidden
Markov model, including three classes of problems, evaluation, decoding, learning
problems. Also, the thesis introduces the corresponding solution algorithms, which are
Forward-Backward algorithm, Viterbi algorithm, Baum-Welch algorithm.

Secondly, the thesis introduces a special case of HMM, named Poisson Hidden
Markov Model (PHMM), including a very clear explanation of PHMM and parameter
estimation.

Thirdly, the thesis gives an example of economic performance estimation of
Dongfeng Motor Corporation. Several data sets can be used to do the estimation and
different models should be used with the different kinds of data. The example uses sales
volume data to make estimation with continuous-time hidden Markov model.

Finally, the thesis gives future work directions. The estimation of different data
would be introduced in the last part. Potential applications of the Poisson Hidden
Markov Models to estimate economic performance are proposed.

Keywords: Hidden Markov Model, Poisson Hidden Markov Model, Estimation

viii



Estimation of Hidden Markov Model

Xuecheng Yin
May 4, 2018



1 Markov Model Theory

1.1 Markov Process

Firstly we set stochastic process {X(t),te T}.If X, means the state at time
t and the process is Markov process, the specific performance we could find is
that X; + 1 has no concern with X;_1, X;_o, X¢. It only has relationship with
Xt' Then we have Xt+1 = f(Xt)

That is, the future state has no relationship with the past state. Markov
chain belongs to Markov process, the time and the state of Markov chain are
discrete, it can be expressed as :

P(Xt+1 = Qt+1|Xt =q¢, Xy 1=q-1,", X1 = Ch) = P(thl = Qt+1)

Among which, ¢1,q2, -, gn€ {01,602, ,0,} are the value of states.

Usually, initial probability vector II and state transition matrix A are used to
describe Markov chain. The initial probability vector II = {my, 7o, -+ ,7p },m =
P(g1 =6;),1 <i,j < N. If state i at time t has k times transitions to state j,
the probability is

Pij(t,t—i-k) = P(Xt+k = 9j|Xt = 91‘),1 < j<NEk>1

If {X(t),t€ T} is homogeneous Markov chain, the transition probability is not
depend on t, and it only has relationship with i, j and k. So, P; ;(t,t + k) =
P;j(k) = P(X¢4x = 0| X = 6;) is the transition probability of k times.

Set a;; = P;;(t,t + 1), we have one-step transition matrix:

a11 a2 -+ Q1N

a a/ PR a
A— 21 22 2N

anNi anz2 -+ QGNN

P= Zjvzl a;; = 1, k times transition matrix can be acquired by Ak

1.2 Hidden Markov Model Theory

By using the example of stock market, we could understand the principle of
Hidden Markov model and then introduce the theory of discrete-time Hidden
Markov model. The stock market has three states, respectively are bull market,
steady market and bear market. According to the variation of stock’s price,
there will be three observed results, which are rise, invariant and depreciate as
shown in the table.



The observation state and hidden state of stock market
Performance 1 Perfarmance 2 Perfarmance 3
Observation state Rise Invariant Depreciate
Hidden state Bull market Steady market Bear market
Table 1.1

In Markov model, the states of Markov chain are one to one correspondence
with the observation data, which means, if the given observation data is rise-
invariant-rise, the corresponding observation state is bull market-steady market-
bull market.
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Figure 1.1

Hidden Markov( HMM) model gives a better description of the changing stock
market. At a certain state, the observation of stock price change alternately, if
the market is bull market, it has more rise states than the depreciate states. So,
the Hidden Markov model doesn’t exclude situation of invariant and depreciate,
which is a big different with Markov model.
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Figure 1.2

In HMM, each hidden state could have three observation states. For example,
the stock price of bull market could have probability a; with rise, probability
as with invariant and probability a3 with depreciate, in which a; +as 4+ a3 = 1.
For the same reason, the depreciate state could also have three observation pos-
sibility.

The observation state and hidden state have probabilistic relationship. Es-
tablish the HMM for this process, the model not only have Markov process
hidden in the base course and changing with time, but also have a observation
set, which is related with hidden state and observable.

So, if we have given state( bull market, steady market, bear market), we could
formulate observation probability distribution matrix:

rise tnvariant depreciate

bullmarket ai as as
steadymarket by by b3
bearmarket 1 Co c3

The essential difference between the two models is when the observation state
is rise-invariant-depreciate, we still don’t know the corresponding status switch,
during this time, the status switch is called hidden state. However, we could



elicit the most likely hidden state that generate the observation state from the
given probability distribution.

1.3 Hidden Markov Model Structure

HMM models is described as follows: Firstly, the state of HMM are hidden
states and it is not observable; Also, the observation state and hidden state
are not one-to-one correspondence, the hidden state could only obtained by
the probability distribution matrix; Last but not least, the HMM is a double-
stochastic process, which are the Markov process and dominance random func-
tion set. The Markov process describes the transfer process between states, the
dominance random function set is a output probability function of observation
value, which describe a relationship between hidden state and observation state.

Traditional HMM divided in to discrete-time Markov model and continuous-
time Markov model. When the observation distribution is discrete, HMM be-
longs to discrete-time Markov model, when the observation distribution is con-
tinuous, HMM belongs to continuous-time hidden Markov model.

1.3.1 Hidden Markov Model Hypotheses
HMM must satisfy three hypotheses:

1. The first order Markov hypothesis. The future state X;y; only has re-
lationship with current state X;, it has no relationship with past state X;_ 1,
X2, -+, Xo.

2. Immobility hypothesis. Transition status are not related with time, which
means P(XZ+1|X1) = P(Xj+1|.13j).

3. Independent observation value hypothesis. The output of the observed
value only related with current state.

1.3.2 The fundamental form of Hidden Markov Model

HMM is a double stochastic process, which means it is a combination of
Markov process and dominant function set. For discrete-time Hidden Markov
Model, let Q be the implicit state process, namely the unobservable discrete-
time Markov chain, it is finite state, single step and homogeneous, so QQ =
(g+), (t € N), g is the hidden state at time t, O is a observable stochastic pro-
cess, 80 O = (04), (t € N). Similarly, we could let Q* = (q1, g2, ,q:) becomes



sequence of hidden states and O' = (01,02, - ,0;) becomes sequence of obser-
vation states.

HMM can be described by quintet u = (S, V, A, B,II), or u = (A, B,1I).
S is a set of n states, S = (s1,82,- -, Sp).
V is a set that contains m observation states, V = (v1,va, -+ ,Um).

A is a transition probability matrix, A = {ai;},a;; = Plg: = jlgg—1 =
i),1 <4,5 < N. aj is transition probability from state i to state j, satisfied:
N .
Qi Z O; Zj:l Qi = 1,Vl,j.

B is observation probability matrix, B = {bl(k)},zjszl bi(k) = 1,Vi =
1,2,--- N.

IT is probability distribution of original state, II = {my,ma, -+ , 7}, =
P(q1 = s;). It is the probability of choosing a state at the beginning.

1.3.3 The difference between Markov model and HMM

The difference of parameter setting of Markov model and HMM is shown in
the table as follows.

Comparison between the Markov and Hidden Markov Models

parameter 5 y A 5 n

model
Markov Madel v \" \ X v
Hidden Markov Model v V V v J

W means the paramater exists in the model, X means the parametsr doss not axist in the modal

Table 1.2

1.3.4 Continuous-time hidden Markov model

For the continuous-time hidden Markov model, the biggest difference with
discrete-time hidden Markov model is that the parameter B is not the same.
The parameter B of discrete-time hidden Markov model is a transition probabil-
ity matrix but in the continuous-time hidden Markov model, B is a observation
probability density function.



We could simulate the sample path of continuous-time Markov model first to
understand the different between these models. Let P; become the transition
probability, we assume Py = I, so P; is the standard transition matrix. Let
G becomes the generator of bivariate Markov chain, thus the generator G has
non-positive main diagonal elements, non-negative off-diagonal elements, and
each of its rows sums to zero. Under this situation, we could get:

Pt — th

Each jump of the process corresponds to a state transition, and the process
remains in each state for a random duration of time. When the chain enters a
state z, and A7 denotes the sojourn time of the chain in that state, then A7 is
exponentially distributed

P(AT > Z(0) = z) = e M)

First step is to create 4 states in this task to simulate. The first step is to
create 4 x 4 matrix I.

Then we could generate G with a reasonable rate. The diagonal of G is non-
positive and each line of G sums to zero.

1 & 3 4
1 -0.8147 0.6638 0.1230 0.0280
& 0.8205 -0.9058 0.0773 0.0080
3 0.0161 0.0141 -0.1270 0.0968
4 .8343 0.0723 0.0069 -0.9134
Figure 1.3

Set up an axis in Matlab, horizontal axis(x) is “Time(t)” and vertical axis(y)
is “State”. Firstly, set the maximum value of x as 100. Then we set up the
beginning of y at state 1 and simulate the sample path. Here is the plot 1.
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Figure 1.4

Also, we could see the final P; after many times iteration.

1 2 3 4

1 0.2933 0.2260 0.4247 0.0560

2 02033  0.2260 0.4247 0.0560

3 02033  0.2260 0.4247 0.0560

4 02933 02260 04247 00560
Figure 1.5

From the table we know that the empirical estimates converge to the true
probabilities. For the more obvious graph, we need to add more value to = in
order to get better outcome. Changing the maximum value of x to 1000



Figure 1.6

From the outcome we know that the state jumps most frequently and mainly
remains in state 3, some times it may jumps to state 1 and 2 but shortly jump
back to state 3. Also, the state barely jumps to state 4, which corresponds to
the probability distribution matrix P;. Then we could expand the maximum
value of x to 10000 and see it more clearly.

a . . . . . .
0 1000 2000 3000 4000 5000 6000 7000 B800O0 9000 10000

Figure 1.7

So, if we add the transition probability between observation states and hidden
states, we could generate the sample path of HMM. Also, the arrival of obser-



vations could not be the same as the number of hidden states due to different
situations. Sometimes fewer hidden states could generate more observation state
and sometimes more hidden state could only lead to few observation states.
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Figure 1.8

0 1000 2000 3000 4000 5000 6000 7000 800D 9000 10000

Figure 1.9

1.4 Summary

This chapter introduces the basic theory of hidden Markov model with some
examples. It is a basic theory of hidden Markov model, it is also a basic theory



of next chapter, which introduces the algorithms of hidden Markov model.
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2 Three classical problems of HMM

2.1 Evaluation

Given the observation sequence O = (0;) and HMM model parameter p =
(A, B,1I), if we know the parameter of HMM, we could get the probability
P(O|p) of sequence O = (0;). Evaluation could verify the matching degree
of observation sequence and HMM model and it can obtain the best matched
model from models that have been trained.

Given the parameter u = (A, B, 1I), for the hidden state Q7 = (q1,q2, - ,qr),

the probability of generated observation state O = (01, 09, -+ ,o0r) is:
T
O|Q7 H P 0t|Qt, qt+1, M) = bth (Ol)bqulfz (02) T bQT—lfIT (OT)
t=1

The Transition probability of hidden states is P(Q|p) = Tq, Gqy g2 Cgags * * * Cgr 197 -

Observation states O and hidden states @ satisfy P(O, S|u) = P(O|Q, n) -
P(QIp)-

Therefore:

P(O\,u) = ZP(O|Q7M) Q'M Z Tq, Haththl qtqt+1 Ot)
q

q1-°qT+1

From this equation we could get all the possible observation states of the given
hidden states. Although this equation could get the probability of observation
states, the computational efficiency is very general when the length of observa-
tion time window increases. Usually, we use Forward-Backward algorithm to
solve this problem.

2.2 Decoding

Given the observation states OT = (01,09, -+ , or) and parameter p = (A, B, II),
decoding try to estimate hidden relationship between p = (A, B,II) and ob-
servation states Q7 = (q1,q2,--- ,qr). So given u = (A, B,II) and QT =
(¢1,42, - ,qr), the probability of hidden state 7 at time ¢ is:

wlt) = Pla = il0,p) = — 550

11



We use forward probability «;(i) and backward probability 3;(i) to express
this probability:

B
0= S s

Therefore, the best states sequence Q' is:

Q' =argmaxv;(t),1 <t<T+1,1<i<N.
1<i<N

Usually we use Viterbi algorithm to solve coding problems.

2.3 Learning

Learning is one of the main problems for Hidden Markov models, the mainly
function of learning problem is adjust the parameter of HMM given the obser-
vation states Q' = (01,092, ,or) and initial model u = (A, B,II) and make
the generated model “learn” the observation states, and then generate the max-
imum observation probability P(O|u). The optimization of related parameters
gives the best explanation of the generation of given observation states.

Learning problem could expressed as: arg max O|p). Usually we use Baum-
Welch algorithm to solve learning problems as described in the subsequent sec-
tion.

2.4 Algorithms of HMM
2.4.1 Forward-backward algorithm

Given the observation states OT = (01,09, - - - , or) and parameter p = (A, B, II),
the Forward-backward algorithm is used to calculate the output probability
P(O|u) of HMM.

Forward-backward algorithm defines the forward variable and backward vari-
able:

Given the HMM, the forward variable ay () is the probability of observation
states sequence and hidden state s; at time ¢:

12



at(i):P(017027"' 70t>qt:Si|M);i:1727"' aNat:1727 7T'

Calculate P(OT|u) by forward recursion algorithm:

(1) Initialization:
a1(t) = P(o1,q1 = si|p) = mbi(01).

(2) Recursion formula:
i1 (j 7{2 ar(D)aij]}bj(op +1);5 =1,2,--- ,N;t =1,2,--- (T —1).

(3) End:

P(OT|p) = ZaT(i)-

Analogously, given parameter y = (A, B,II) and hidden state s;, backward
variable 3; is the contingent probability of having time 7'+ 1 to final time 7T if
observation is OT = (0441,0¢12,- -+ ,or), that is:

5t(2) = P(0t+170t+27"' »OT)|Qt = 5i>M)~

Calculate P(OT|u) by backward recursion algorithm:

(1) Initialization:
Br(i)=1,i=1,2,--- /N.

(2) Recursion formula:
N
= [aijbi (0i4))Bia ()t = (T = 1),(T = 2),-++ , ;i = 1,2, , N,
j=1

(3) End:
P(O"|n) = Zﬁl 01).

13



2.4.2 Viterbi algorithm

Given the observation sequence O7 and parameter u = (A, B,II), based on
the dynamic programming algorithm, Viterbi algorithm is used to solve the
problem of state sequence Q7. Viterbi algorithm could get state transition
path and outcome probability of the path. It is the best algorithm for solving
decoding problems and the complexity of Viterbi algorithm is O(M?2T), M is
the number of states, T  is the length of observation sequence.

Given the parameter u = (A, B,II), all the hidden Markov state sequence
with state s; at time ¢ and the highest possibility of (0441, 0¢42, - ,or). Viterbi
algorithm could find best hidden states. Denote variable d;(4):

0e(1) = max P(g1,q2,  ,@—1,q = 84,01,02,- -+, O¢|p);
{q1,92,-,qe—1}

The calculation is as follows:

(1) Initialization:

01(@) = mibi(01);¢1(i) =0;4 =1,2,--- , N.

(2) Recursion formula:

6t(]) = [{12355\[}(6t—1(Z)a/l])]bl(ot)’.7 = 1727' o aN7t = 1a27 e aT'

wt(.j) = a‘rgma‘x[ét—l(i)aij];j = 1a27 e aNat = 172a e 7T'
{1<i<N}

(3) End:

P* = max [0)r(i)];¢r = argmax|[or(7)].
(%, D07 = wgmas(o i)

(4) Deduce the best states sequence:

4 = Yeri(gi)it = (T —1),(T —2),---, 1.

14



2.4.3 Baum-Welch algorithm

Learning problem also called parameter evaluation problem, the calculation
process is more complex than the first two problems. Baum-Welch algorithm
is widely used in learning problem. The theory of this algorithm is that given
the observation states OT = (01,09, - ,07), calculate the corresponding given
parameter p = (A, B,II) that makes the max value of P(O|u). Baum-Welch al-
gorithm is an iteration based on the EM algorithm, at the beginning the values
are the empirical estimates of parameters, the algorithm iterate parameter and
finally obtain the best parameter of the models. The Baum-Welch algorithm
can be described as follows:

(1) Initialization:
7; = v1(2) means the expected value of s; when t = 1, u = (4o, By, II);

(2) Recursion formula:
Given the parameter and observation states, the conditional probability that
HMM is s; at time ¢ and then become s; at time ¢t + 1 is (¢, ) :

P(gr = 8i,qe41 = 85, Olp a4 (1)aijb;(0141)Be11 ()
PO NN :
(Ol 3 3 aulagty(ors1)ia ()

Jj=

§t(i7j) =

=

The probability of being s; at time t is: (i) = (7, 7).

1

J

T-1
The expected number of transitions from s;: Y (4).
t=1

T-1
The expected number of transitions from s; to sj: > (4, ).
=1

The formulation can be described as follows:

T-1 T
t; st(i,7) > nld)

Gij = G bj = —5—
> () > 7))
t—1 t=1

Terminal condition:

| log P(Olp) —log P(O|po)| < e.

Where ¢ is a pre-set tolerance threshold.

15



3 Poisson Hidden Markov Model

3.1 Poisson Hidden Markov Model Hypotheses

Poisson hidden Markov models( PHMM) are special hidden Markov models.
It is discrete-time stochastic process {(X;;Y;)}. They also have unobservable
finite state Markov chain {X;} and observation sequence {Y;}, which are ran-
dom variables and depending on {X;};cny. The PHMM have all the character
that HMM have. Furthermore, {Y;} is different from HMM. It is a sequence of
conditionally independent random variables. So, we could assume that,Y; given
a state of X; is a Poisson random variable for every t. That’s why we call them
Poisson hidden Markov models, in this situation, X; determines the Poisson
parameter that used to generate Y;.

For the Poisson hidden Markov models, we could have following assump-
tions. First of all, the hidden states X; is a discrete Markov chain, which is
homogeneous, irreducible, periodic and it has a finite state space. For Sx =
{1,2,---,m}, we could have the transition probability from state ¢ at time ¢t — 1
to state j at time ¢ as:

vij = P(Xy = j|Xi—1 = i) = P(Xy = j| X1 = i)

Also, we could get transition probability matrix I' = [v;;]. For any ¢ € Sy,

the matrix is (m x m) and > 40; = 1. The most important parameter of Pois-
i€ESx

son hidden Markov model is the observation sequence {Y;}. In Poisson hidden
Markov models, any observed variable Y; conditioned on X; is Poisson process
for any ¢, which means, when X; is in state 7, the conditional distribution of
Y; is a Poisson random variable and the parameter of PHMM can be denoted
as A;. The biggest difference between Poisson Markov models and classic one is
the emission probability matrix between hidden states and observation states.
That is, given any y € N, the state-dependent probabilities are given by:

N
e ML

M= PV = ylXp = i) = e

Since ZyeN Ty = 1 for every i € Sx is true, hidden states X; and obser-
vation states Y; are strongly stationary, for every t, Y; has the same marginal
distribution:

PYi=y) = 3 Pli=u, X =)= 3 PG = ylX, = )P(Xe =) = 3 dimye
i€Sx i€Sx i€Sx

16



This is a finite mixture of Poisson distributions, and we could easily get the
expected value of Y; for every t, that is:

E(Y;) = Z 03 ;.

i€ESx

Usually we do not know the underlying chain and the Poisson rate )\, we need
to estimate the related parameters to build the models. That’s why usually peo-
ple need to build their own model when they try to estimate data with Poisson
hidden Markov models.

3.2 Parameter Estimation of Poisson Hidden Markov Model

In order to estimate the parameters of Poisson Markov model, we first need
to create initial distribution, denote § = (1, d2, -+ , 0, ), also we need transition
probabilities v;; and state dependent probabilities my;.

Also, we need to find the estimators of these parameters. In particular, we
need maximum likelihood estimators of the m? — m transition probabilities 7;;
with ¢ # j. Because the row of I' sum to one, the diagonal elements could

obtained by vi; =1 — > ;. So we could estimate off-diagonal elements
JESx ,j#i

and maximum likelihood estimator of the m Poisson parameters \; entering the

state-dependent probabilities m,;. The estimated matrix I' could help us get the

estimator of the initial distribution § by equality ' = §'T".

Denote ¢ as the unknown parameters to be estimated by the maximum like-
lihood method, we have:

d) = (’71277137 sy Ymm—1, )\lu )\27 Tty )‘m)
Let ® be the parameter space.

Since we don’t know the unobservable states X; = (21,2, -+ ,2T), the vec-
tor y of the observation states Y = (y1,y2, - ,¥:) is incomplete. So under
this situation, if i denotes the times, the vector of complete data should be

(ihylviQayQa e aiTayT)'

Denote the likelihood function of complete data of joint probability of T
unobservable states and observable states as L5.(¢). Because of the Markov
characteristic, we could get:

T
LCT = P(Y1 =y, Y=y, X1 =1d1, -, Xy = it) = 57517Ty1i1 H%t,liﬂytit~

t=2
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If we sum over i1, 4o, - - - ,4; both sides, we could obtain the likelihood function
of incomplete data:

T
Lr(¢)=PY1=y1,Y2=y2,- -, Yr =yr) = Z Z Z Oiy Tyyiy H%,,_li,,ﬂym.
t=2

11E€Sx 12€SX iT€Sx

Where : ,
t
D ¥H /\it

Ty,i, = € T

Yt

Since the function is very complex, it is hard to estimate ¢. However, we
have EM algorithm for the Poisson Hidden Markov Model. It is based on the
iteration of two steps: the first step, E step, which means the Expectation, and
the second step, M step, means the Maximization.

Denote:
Q(¢,¢") = Ey (In L7 () |y).
Suppose we have k" iteration:

k k k k
¢(K) = (752)v7§3)7"' ’77(n2n—17A§ )7"' 7/\1(75))'

At the (k + 1)!" iteration:
E step, compute:

Q(;0™)) = By (In LG(8)]y).-

M step, find ¢**+1) that maximize Q(¢; ¢*)):
Qo™ ;00 > Q(¢:6).

We should repeat EM steps until the sequence of log-likelihood values{In Lz (o))}
converges, which means In Ly (¢*+1)) — In L1 (¢®*)) is less than or equal to a
very small arbitrary value.

The estimation is very complex, in order to implement the algorithm, the EM
algorithm could be simplified by using forward and backward algorithm, so the
forward probability could be shown as:

ay(i)=PY1i=y1,--, Y =y, Xy = 9).
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Usually we could estimate the parameters by:

a1 (i) = 6;myi,0=1,2,--- ,m.

:(Z at—l(i)r}/ij)ﬂ-ytj7t = 27 aTaj = 1a27"' , M
1€Sx

Also, we could have backward probability:
Bi(i) = P(Yiq1 = Yeq1, -+, Yo = yr| Xy = 0).

The probabilities of §;(i) could be obtained recursively as follows:

7’) = Z 7Tyt+1jﬁt+1(j)7ij7t =T — 17 717i = 1727"' , M.
JESXx

The maximum likelihood estimator of ;5 at (k + 1) iteration of EM algo-
rithm can be shown as:

T-1

— k k
. X a o™ @)y Pyl B ()
Y T2 (k) o) '
PORIGER0

Also, we could get the estimator of \; for any different states i and j:

T
o™ ()85 (i)y,

A1) _ =1

T
k) o(k) /.
X a5 )

The EM algorithm considers m number of states as known and fixed. How-
ever, in the application, we usually don’t know the exact value of m, the es-
timation of m is difficult. Fortunately, we could use log-likelihood to estimate
m. Two algorithm are used to measure m, the Akaike’s Information Criterion
(AIC) and Bayesian Information Criterion (BIC). We use following versions of
AIC and BIC as model selection criteria for Poisson hidden Markov model, that
is, AIC(m) = —2I(m) + 2m? and BIC(m) = —2l(m) + m?log T, I(m) denotes
the maximized log-likelihood for a model with m components; T was defined

above. In the algorithms, we select number of components to be the number
that minimizes AIC(m) and BIC(m).
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4 Estimating the Economic Performance of
Dongfeng Motor Corporation

Here we have the Data from Dongfeng Motor Corporation, according to their
sales from 2009-2017, we found a very interesting fact:

2016-2017 Dongfeng Motor Corporation Sales
Unit: 10 thousands
Month China automobile sales Dongfeng sales Market share
9 1727 459 0.27
10 1548 435 0.28
11 1726 554 032
12 2311 6.94 0.3
1 2468 6.43 0.26
2 2665 722 027
3 1844 576 031
4 1754 586 033
5 17.78 542 0.3
6 1255 325 026
7 1157 298 0.26
8 1286 279 022

Table 4.1

We cut out the data from 2016 September to 2017 August, because the data
is very representative. We hypothesis that the sales volume exhibits seasonality:
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We found that, the sales of every 3 months is relatively stable, but is different
with others. In the previous introduction of continuous-time hidden Markov
model, we assume that the transition rate matrix G is not influenced by other
factors. However, in the real situation, some factors may influence the changing
rate of G. We made a market study and found that in the second half of the
year the cars manufacture introduces new models, which would make the sales
in a very considerable state. Also, at the end of the year, there are many sales
promotion and makes the sales reaching the summit, then the infrastructure
boom slows down and goes into underestimate. However, this explanation is
only hypothetical.

According to the table, we made a assumption that the sales of Dongfeng
Motor Corporation has some rules to follow, it is medium-good-medium-bad in
each fiscal year. The sales of each season may affect the transition rate G. In
this situation, we change the model in to a regulating process, if the sales is
good, we will increase the value of G, on the contrary, if the sales is bad, we will
decrease the value of G.

Suppose the sales volume situation is medium-good-medium-bad, respec-
tively. We made a simulation of the states in the continuous-time Markov model.
Firstly we made G increasing and decreasing prominently. If sales volume is in
good regime, G would expand 1.8 times, if sales volume is in bad regime, G
would reduce to 0.2 times. The graph is shown below:
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Figure 4.2
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In the graph the 0 — 100 means medium, 100 — 200 means good, 200 — 300
means medium and 300 — 400 means bad, respectively. The graph shows that
the state is very unstable in good stage and its too stable in bad stage. We found
that it is not very conform to the real model. Then we change the changing
rate of G. If the sales is in good stage, G would expand 1.05 times, if the sales
is in bad stage, G would reduce to 0.95 times.
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Figure 4.3

From the graph we can see that the difference between the good stage and bad
stage is not very prominent, but we still can found the difference between them.
Since the observation sequence has 4 states, which are high, little high, little
low, low, we basically divided hidden states into two parts, good and bad. Using
the new adjusted continuous-time hidden Markov model, we made a simulation
of the economic performance of Dongfeng Motor Corporation on the monthly
sales part:
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The model and parameter are very basic, we could have more detailed esti-
mation by using some complex factors and considering other situations.
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5 Future Work

Here is the brief introduction of our future work on the estimation. Since we
got many kinds of data, different models can be used in the estimation.

Here is the data of market share of Dongfeng Motor Corporation.

2005-2016 Dongfeng Market Share
Unit: 10 thousands
Year China automobile sales Dongfeng sales Market share
2005 7266 19.07 26.25
2006 98.35 2491 2533
2007 12453 40.06 3717
2008 130.82 4351 3326
2009 21173 62.55 2954
2010 29333 12377 3147
2011 294.64 8238 2796
2012 304.96 6261 2053
2013 33061 65.03 1967
2014 27749 8142 29.34
2015 243.03 531 2185
2016 234 £9.33 2963
Table 5.1

From the data we know that both Donfeng and Chinese market grow every
year. But the market share of Dongfeng Motor Corporation fluctuates. Under
this situation, we could use Hidden Markov model to estimate the market share

of Dongfeng.
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Although the variance is not large, for the economic performance, the gap is
significant. Also, we should set a very sensitive boundary between each hidden
stage to make estimation.

What is more, we could use the stock market of Dongfeng Motor Corporation
to estimate its economic performance.

1.Sample selection:
Choosing the observation sequence of the model, including the opening price,
closing price, top price and minimum price, showing as:
observation sequence = [openning price, closing price, top price, minimum price]

2.Confirming the number of hidden states:
Choosing 2, 3, 4, 5 as the number of hidden states and using Odd-Even-Half-
Sampling method to do the simulation test, finding the exact number of hidden
states. Divide the observation in to two part, one for odd numbers and another
for even numbers. For the odd numbers, randomly generate 15 initial distribu-
tion, transition probability matrix and mix normal distribution, implementing
EM algorithm for training parameters estimation for 100 times iteration.

3.Parameters estimation: Implementing hmmtrain model in Matlab to es-
timate the initial probability distribution, transition probability matrix and
approximate probability density function for mixed normal distribution. After
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iterations the training parameters could be obtained.

4.Forecasting: After all the preparation work finished, the logarithmic likeli-
hood value of historical data is obtained by implementing the function mhmm;ogprob
in Matlab to find the closest likelihood value to the same day, and forecast the
stock price by single day and multi day weighted forecasting, respectively.
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Appendix

% The first code is used to generate the most probable path between
% states given the observation sequences, transition probability between
% states and observations and transition probability between states.

%Firstly, we set up the transition probabilities between states and
% emission probabilities between observations and states. Here we have
% 2 states and the initial probability of them are both 0.5.

trans = [0.5,0.5;
0.4,0.6];
emis = [1/5 1/5 1/5 1/5 1/5;

1/8 1/8 1/8 1/8 1/2];

start= [0.5, 0.5];

[seq,states] = hmmgenerate(10,trans,emis);

% Now we have obervation sequences, transition probability between states
and

% observations, transition probablity between states.The task is using

Verterbi

% algorithm to compute probable path between states.

% 1. The probability of most probable path ending in state X with
observation

% Y is: P_I(i,x)=p_I(i)*max_k(p_k(j,x-1)*p_kI)

% Where:

% p_I(i) = probablity to observe element i in state I.

% p_k(j,x-1) = probability of the most probable path ending at position x-
1 in state k with element j.

% p_kl = probability of the transition from stake | to state k.

% So we can compute recursively the probability of the most probable path
% (from the first to the last element of our sequence).

% step 1 do log 2 to trans and emission matrix trans
= log2(trans);
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emis = log2(emis);

P51 = -1 + emis(1,5);
P52 = -1 + emis(2,5);

path = zeros(2,10); esstate
= zeros(10,1); path(1,1) =
P51; path(2,1) = P52;
if path(1,1)>path(2,1)
esstate(l) = 1;
else
esstate(1l) = 2;
end

for i = 2:10
path(1,i) =
1),1)+emis(1,seq(i));
path(2,i) =
1),2)+emis(2,seq(i));
if path(1,i)>path(2,i)
esstate(i) = 1,
else
esstate(i) = 2;
end
end

path(esstate(i-1),i-1)+trans(esstate(i-

path(esstate(i-1),i-1)+trans(esstate(i-
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% The second code is used to simulate the continuous-time Hidden Markov
Model with the change of transition rate matrix G.

% Firstly we generate the transition probability matrix, transition rate matrix.

Pt = zeros(X,2);
P_0 = eye(X,2);
G = zeros(X,2);
lambda = ones(1,4);
lambda = lambda/5;

detel_tao = 0;
fori = 1.Z
sm = -1*rand();
temp = -sm;
for j = 1.2
if j ==
G(i,j) = sm;
else
ifi==2&& j==21
continue;
end
if j ==
G(i,j) = temp;
else
G(i,j) = temp*(-sm);
temp = temp - G(i,));
end
end
end
if i ==
G(i,Z-1) = temp;
end
end
tmax = 10000;
dt = 0.1;
x= dt:dt:tmax;
m = 1/dt;
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y = ones(1,tmax*m);
i =1

flag = 0;

P_a = zeros(Z,2);

% Initial the variable to compute the hidden states emis =

[1/4 1/4 1/4 1/4
1/3 1/8 7/24 1/4];

transl = log2(Pt);
emis = log2(emis);

P1
P2

-1 + emis(1,1);
-1 + emis(2,1);

path = zeros(2,tmax*m);
esstate = zeros(tmax*m,1);

path(1,1) = P1;
path(2,1) = P2;
if path(1,1)>path(2,1)
esstate(1) = 1;
else
esstate(1l) = 2;
end

% According to the different situation, we change the transition rate matrix G.

while i <= tmax*m
Pt = expm(G*i*dt);
Pt
period111 = floor(mod(i,4000)/1000);
switch period111
case 0
G
case 1
G
case 2
G
case 3
G
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end
period111

% Generate delta_tao.

delta_tao = round(m*exprnd(1/-G(y(i),y(i))));

transl = log2(Pt);
for j = 1:Z
sm = 0;
for k = 1.Z
sm = sm + Pt(j,k);
P_a(j,k) = sm;
end
end

trans = P_a;
for j = iii + delta_tao y(j)
= y(i);
esstate(j) = esstate(i);
if j>=tmax*m
flag = 1;
break;
end
end

if flag ==
break;
end
i =i + delta_tao;
check = rand();
for j = 1.Z
if check <= trans(y(i).)
y(i+l) = j;
break;
end
end

%compute the hidden states by trans and emission matrix

if i>=2

path(1,i) = path(esstate(i-delta_tao),i-
delta_tao)+transl(esstate(i-delta_tao),1)+emis(1,y(i));

path(2,i) = path(esstate(i-delta_tao),i-
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delta_tao)+transl(esstate(i-delta_tao),2)+emis(2,y(i));
if path(1,i)>path(2,i)
esstate(i) = 1;
else
esstate(i) = 2;
end
end

i=i+l;
path(1,i) = path(1,i-1); path(2,i)
= path(2,i-1); esstate(i) =
esstate(i-1);

end

plot(x,y); hold on;
plot(x,esstate+5);
ylim([0 8]);

34



Biography

Xuecheng Yin received the B.Eng. degree in mechanical engineering from Huaiin
Institute of Technology(HIT), Huaian, China, in 2015. He would finish the M.S degree
within the Department of Industrial Systems Engineering at Lehigh University at May
2018 and will going to New Jersey Institute of Technology studies for his doctor degree.

35



	Lehigh University
	Lehigh Preserve
	3-1-2018

	Estimation of Hidden Markov Model
	Xuecheng Yin
	Recommended Citation


	tmp.1537219812.pdf.847H4

