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Abstract

This paper focuses on using Hidden Markov Models for
2D pattern extraction in grayscale pictures. The main ques-
tion is: can we solve pattern extraction problems thanks to
HMM ? Thanks to GHOSP algorithm, HMMs give models
for the patterns. The two-step algorithm presented here, first
looks for possible positions with a line by line seek algorith-
I, using comparisons between the probabilities of the best
slaie sequences that have been computed with Viterbi algo-
fithm. Then the second stage, based upon state durations,
verifies the positions found, in order to increase the quality
of the extraction. This algorithm was tested on both artificial
and real pictures.

| Introduction

Finding a method to extract patterns from images is an
actual problem. Many efforts are under way because there
are high stakes in many domains. Methods are numerous,
and as far as we are concerned, we meant to study what Hid-
den Markov Models can bring to the solution.

Hidden Markov Models (HMM) are widely used as
modeling tools in pattern recognition [10] [12] [6], especial-
- ly for speech recognition [10] [8] [7] and image processing
[3112] [5]. Here we tackle the problem of 2D pattern extrac-
tion in grayscale pictures.

We use the unsupervised learning algorithm GHOSP
[11] [5] to obtain HMM modeling the pattern to match. The
Forward algorithm can be used for pattern extraction. How-
ever, we have been looking for possible use of Viterbi al-
gorithm. This algorithm computes the state sequence most
probably followed by the HMM to generate the observation.
S0 this is the algorithm we adapted for pattern extraction.
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We will begin with a short explanation of fundamental
characters of the problem and will present the tools we have.
Then we will detail the originality of our approach and the
steps of the process. We will end presenting the results.

1 Hidden Markov Models

Our main tools are Hidden Markov Models. Here are
some brief explanations about HMM and basic algorithms
to work with.

1.1 Definition

A Hidden Markov Model is a model for a N s-
tate stochastic process. Each of these N states £ —
{ei,i € [1.N]} may generate any one of the M sym-
bols S = {s;,j€[1.M]}. Any observation @ =—
(01,09,...,07) is a sequence of T symbols o; € S (Vt €
[1..T]) encountered during 7' successive instants.

The Hidden Markov Model is defined as A = (4, B,TI):

1. the stochastic matrix 4 ~,n of transitions probabilities

2. the stochastic matrix Bn,m of symbols generation
probabilities

3. the stochastic vector IT (length V) of initial probabili-
ties

The observation O is generated by the HMM following
a certain state sequence. As this state sequence is unknown,
we talk about Hidden Markov Model.

We are working with 256 grey levels images, our obser-
vations are sequences of grey levels from pixels, sorted line
by line. Thus, our symbols are associated with grey levels.
No preprocessing of the image is necessary.



1.2 Fundamental problems

Three fundamental problems need to be solved in order
to use HMM efficiently.

1.2.1 Evaluation

Given an observation O = (04, 02, . ..,0r) and a HMM
A, what is the probability P(O|)) for the HMM to generate
the observation.

This problem is solved in polynomial time with For-
ward and Backward algorithms. Their time complexity is
O(N2T).

1.2.2 Most possible state path

Given an observation O = (01,0s,...,07) and a H-
MM A, what is the most possible hidden state sequence
Q* = (47,4, ..,q;) followed by the HMM to generate
the observation, thus maximizing P(Q*|O, A).

Viterbi algorithm [13] recursively compute this most
possible state sequence Q*, also known as the best state
path.

1.2.3 Optimum HMM construction

It is a learning problem. Given an observation O =
(01,02, ...,0r), what is the HMM X which can generate
this observation with the highest probability P(O|\).

There are many solutions, and the Baum-Welch algorith-
m [1] is the one of them we choose. Basically this algorithm
is the EM algorithm (Expectation Maximization), iteratively
improving an initial model. So it is a gradient algorithm, and
the result is a local optimum solution. In previous studies,
we demonstrated how the association of Baum-Welch algo-
rithm and a genetic algorithm improves learning [11] [5].

1.3 Search of the number of hidden states

The GHOSP algorithm (Genetic Hybrid Optimization
and Search of Parameters) aims at solving the problem of
the search of the best suited number of hidden states for a
HMM. GHOSP is an hybridization of a genetic algorithm
(GA) with the Baum-Welch algorithm [11] [5]. This algo-
rithm solves the problem of unsupervised HMM learning:
the number of hidden states is computed along with the pa-
rameters of the HMM (i.e. the matrix coefficients). Figure 1
is a schematic view of GHOSP algorithm.

GHOSP works on a HMM population divided in sub-
populations, each defined by the number of hidden states
of its HMM. The numbers of hidden states allowed are in-
cluded between a minimum and a maximum limits the user
gives before running the algorithm. For each iteration, the
population comprises two classes, parents and children. The
children are optimized with the Baum-Welch algorithm and
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Figure 1: Scematic view of GHOSP algorithm




then evaluated with the Forward algorithm. The two classes
are then merged and sorted according to their probability of
generating the observation. A certain ratio (parameter cho-
sen by user before running the algorithm) of HMM s is kept,
the other part is discarded. The remaining HMMs are the
new parents and they are crossed to produce new children.
The last ones are eventually mutated. We developed specific
crossing operators to cross and generate HMM with differ-
ent numbers of hidden states.

14 Viterbi algorithm

The method presented here uses results from Viterbi al-
gorithm. This algorithm computes the best state sequence,
Le. the state path most probably followed by the HMM to
generate the observation.

14.1 How it works

Given a HMM ) and an observation O, Viterbi algorith-
m computes the state sequence Q* such as P(Q*|\, 0) is
maximum.

For each partial observation O, = (01,09,
(length ¢ < T') from observation O = (01,09, --
the algorithm computes the probability or(e;)
glta}l( {P(Q1,qt = €;|O:A)} of the best partial state

,Ot)
,or),

path Q; leading to state ¢; = e¢; guided with partial
observation ;.

The sequence giving the best state path to e; in ¢ steps
iskept in the array ¥ = [wt(ei)]VtE[I.AT],ViE[l..N]: i (e;) is
the state e; such as ¢, = e; and P |, Oy) is maximum
among the partial state paths of length ¢ leading to state g, =
€;.

142 Results from Viterbi algorithm

Thanks to this computation process, we obtain two im-
portant results:

. the best state path Q* recursively defined by:

{ ar
g

2. the probability P* of the best state path Q*:

arg (max;e(1. v {07 (i)})

¢t+1(qt*+1) Vte[1.T — 1]

P* = P(Q*,0) = iefﬁ{{)}(w{h(i)}

143 Probabilities of sub-paths

The different calculus needed to obtain the best state path
0" and its probability P*, allow to know the probability of
tach partial path Q7 :

P(QF|X, 0) = 8:(q;) Vt € [1..7]
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We can then deduce the probability of each sub-path of
the best state path. The partial paths begin at the first s-
tate of the whole state path, while sub-path may begin any-
where. From the definition of s, there is a relation between
P(Q*(t1)A, 0), P(Q*(t2)|A, O) and P(Q* (1, 12)|A, 0).
The probability of sub-path Q(t;,%5) is then M
(Sil (QI:,k 1 )
4, bug, (01,)

However, this theorical result is almost always useless.
Actually, if any 6,(q}) is 0, the relation above is either 0 or
undefined. So we will use P(O|\, Q*(¢;, 1)) expression.

2 Pattern extraction

The goal of extraction is to point out every possible po-
sition of the object in the image.

To reduce computing time, we propose a two-step
method. We first study the image line by line to select points,
with a certain confidence rate, that might be part of the ob-
Ject. Then we verify that the object is actually present.

Recognition with state path relies on the following as-
sumption: if the best state sequence from the unknown ob-
servation doesn’t have a probability at least as high as the
one of the learned pattern, this unknown observation is very
unlikely to be the pattern to match.

2.1 Observations

The learned object is a 256 grey level image, with Ly x
Hy, pixels. We call V the observation that comes from this
image. It is a unique observation vector we give to GHOSP.
Finally we get a HMM, ), to model this image.

The image where we seek the pattern is also a 256 grey
level image, but with Lo x He pixels. We divide it into
lines, the He of them are transformed into an observation
called O. It is composed of the He observation vectors (),
(k € [1..Hp], length Le). This sampling of the image en-
ables to use M symbols corresponding to grey levels.

2.2 State paths

We call Qy, the best state sequence followed by the HM-
M A to generate the observation V. We also call Q. the best
state sequences for each of the H, observation vectors (.

2.3 Sub-paths study

The first step relies on partial paths and sub-paths study.
We do it line by line: we compare the probabilities of each
partial path of each Ly, long sub-path of 9}, with the proba-
bilities of the partial paths of the Ly, long partial path Q Ly
of Qv.



The unknown image is scrutated line by line thanks
to the sampling used. Then the pixel by pixel scrutation
is a consequence of the evolution of the starting point i
(i € [1..Lo)]) of the sub-path Ly. Moreover, when i is
greater than Lo — Ly the sub-path studied begin at ¢ and
has a length of Ly — .

As a result, each and every pixel is evaluated as a start
position of the pattern to match.

Probabilities of partial paths of the sub-paths of Qy; di-
rectly come from the computing of d,(g; ), the d;s and the ¢
sequence used in Viterbi algorithm.

Probabilities of sub-paths are computed as
P(O(t1,t2)|Qk,A). This also gives the probabilities
associated with each partial path of sub-path O (¢;,15).

Probabilities of partial paths are compared rank by rank.
Scoring is achieved incrementing each time the probabilty
in the unknown image is greater than or equal to the one of
the learned image. Then the score is normalized between 0
and 1 according to the width L,.

This score gives an (incremental) response better suited
than the whole path probability itself.

Thus, this line by line seeking algorithm computes for
each position the probability that it is the beginning of the
first line of the seeked object.

2.4 Selection and verification

The second step selects the interesting points amid those
obtained from the line by line algorithm. This verification
step uses state durations [9]. This step creates an observa-
tion the same size of the learned image at each position with
a non zero score from the previous step. Then the state du-
rations of this new observation are computed and compared
to those of the pattern to match.

State durations are pair sequences, the first indicates
each state transition, the second states how long the HMM
staies in the corresponding state.

State durations comparison takes into account possible
noise: while the learned image stay in a state, the unknown
image is mostly (i.e. more than a given time) in the same
state.

Moreover, relative state durations are rather independent
of the size of the object in the unknown image, at least pro-
vided that proportions are the same. The durations are kept
relative to the size of the state path, not absolute. This way,
we can stay in the unknown image for the sufficient time and
then deduce the height from its width.

At the end, our method gives for each pixel of the un-
known image the probability that it is the first pixel (usually
the upper left one) of an occurrence of the pattern to match.
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posed of various faces. Figure 2 is a collection of thumb-
nailed pictures of faces. The one we are looking for is actu-
ally present.

Figure 2: Image constructed from patterns. The pattem to
match is one of them

tions in the collection.

3 Results

Here we present results coming from two kinds of im-

ages. The first image is constructed from patterns, one of
them is the one we are looking for. The second image is a
picture from which the pattern to match is a part.

To point out the two steps of the method proposed here,

the results are given as two 256 grey level images. The first
one presents the intermediate results (i.e. the probabilities
from the line by line study), the second one the final result.

In these figures, each grey level is a representation of

a probability between 0 (level 0, black) and 1 (level 255,
white). This way, the brighter the pixel, the greater the like-
lihood.

|
\
3.1 Constructed image 4

Our first test is to find out a specific face in a picture com-

Figure 3 shows the face we are looking for, and its posi-

o &
i

Figure 3: Thumbnail of the face to seek, and its positions in
the constructed image



Figure 4 shows a second view of the same face and where
itis in the collection. The point of view is slightly different
in this thumbnail.

Figure 6: Results of the second stage of the extraction for
the first thumbnail

Figure 4: Thumbnail of an other view of the same face, and
its positions in the constructed image

GHOSP algorithm gives a HMM to model the first

oopa ey
thumbnail. Then, we use the method proposed here to ex- M ea
tract this thumbnail from the collection. Figure 5, figure 6, i’-‘g
and figure 7 shows the results.
. 1 4
s ki
i |
o f:’

Figure 7: Reconstructed results of the extraction of the first
thumbnail

Figure 5: Results of the first stage of the extraction for the
first thumbnail

At first glance, we can see that the first step (figure 5)
dlready found out every position of the seeked thumbnail
with the highest probability of 1. The second thumbnail is
also greatly considered, with a probability of 0.77. The final
result (figure 6) is coherent, the seeked faces are found out
everywhere they were with the maximum probability. On
lhe other hand, the second view of the same face is still the
$econd best result, but only with a probability of 0.30: it is
{he same face, but actually it is not the same thumbnail. The
mage of figure 7 was reconstructed to focus on these resuls.

32 Real picture Figure 8: Picture where the extraction will take place

The unknown image is now the photography in figure 8
(320 X 240 pixels).
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The seeked objet is a pencil cutter and its image (13 X
17 pixels) is taken from the picture. It is approximatively
centered in the picture. Figure 9 shows the object learned
and then extracted from the picture.

Figure 9: Object learned, to be extracted

Figure 10, figure 11, and figure 12 present the results.

Figure 12: Reconstructed results for the pencil cutter extrac-
tion from the picture

occur in the first example). This highlights the importance of
the second step (figure 11): the pattern to match is found out,
and it is the only one with a probability of 1. The image of
figure 12 was reconstructed to point out where the extraction
algorithm found the object.

Conclusion

3 The extraction algorithm we have presented here uses
Figure 10: Results.of the first stage for the pencil cutter ex-  (he probabilities of the best state paths computed by Viterbi
traction from the picture algorithm to perform its task. This method appeared to be
simple and efficient. It is especially very efficient on con-
structed images, but it also works rather fine on real pic-
tures. However, the first step of the method may be easily
confused if background color and the color of the first pixels
of the seeked object are the same. The use of state durations
is a good answer to this problem. And it provides some kind
of protection against noise and scale change.

We can now answer our main question: we can actually
use HMM and Viterbi algorithm for pattern extraction.
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