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ABSTRACT

Handwriting recognition is a main topic of Optic@haracter Recognition (OCR), which has a very wide
application. Hidden Markov model is a popular modet handwriting recognition because of its
effectiveness and robustness. In this paper, dehidMarkov model with parameter- optimized k-means
clustering is proposed for handwriting recognitidiwo deep features of the images of characters are
explored, thus significantly boosts the effectivenef k-means clustering. The experiments show thist
model largely increases the average accura¢iMi¥l with k-means clustering to 83.5% whene th
number of clusters is 3000.
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1. INTRODUCTION An mx n matrix can be regarded as a mn-
dimension vector. In k-means, the distance is
Optical Character Recognition (OCR) is a specialsually defined as the ordinary vector distance. If
type of pattern recognition, which aims at mininghe distance between two vectors is large, it means
pattern information through computer, statisticd anthe two matrices are largely different. However,
computational mathematics methods. Handwritinguch definition is too rough. It mainly has two
recognition is a main topic of OCR. It can bedrawbacks. Firstly, it does not consider the
applied to a wide area and attract attentions bothfluence of neighbor pixels on a certain pixel.
from academia and industry. Although there hav8econdly, it does not take the weights of pixels in
been lots of works studied this topic, the problem different places into account. In this work, we
still not perfectly solved due to its complexity.improve the two shortage of k-means clustering and
Typical methods include Hidden Markov Modelpropose an HMM with parameter-optimized k-
(HMM), Markov Random Field (MRF), Support means clustering for handwriting recognition. In
Vector Machine (SVM) and Max-Margin [1-4]. our method, we consider the influence of neighbor
Among these models, HMM is a popular onegixels and different weights of pixels in different
because of its effectiveness and robustness [3].  places of the matrices, which are denoted by three
rameters. Then we optimize the three parameters
order to gain the highest accuracy rate. We
Nonduct a series of experiments to compare HMM
ith original k-means clustering and HMM with
rameter-optimized k-means clustering. Results

Typically, a handwriting character is represente&a
by an m xn binary matrix after segmented.
HMM, the real state is the character the rixat
stands for. However, because the total possib,

number of different m x n binary matrices is 2mngn o that  our parameter-optimized  k-means

which is too large compared to leaming Sa'ﬁnpleﬁustering improve the average accuracy from

we cannot directly regard every matrix as a8.0% to 83.5% when the number of clusters is
observation state. We should firstly cluster th% 00

matrices and then regard the clusters as hidden

states. Most previous works think that k-means & RELATED WORK

not a good clustering method in this problem.

However, through deeply analyzing of the problem, Many works have been done for handwriting

we find that k-means can improve to be an excellengcognition. The HMM model for handwriting

clustering method for the problem. recogniton has been exploited by many
researchers. Based on HMM, related works can be
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divided into two main categories. One regards eagirobability Q = (qil). Here pij is the probabilityf
character as a real state [7] and the other regartlansition from the character to the jth character
each word as a real state [8]. We choose the formehere 1<1i, j <'s, s is the number of characters; qil
one because it is more suitable for the entires the probability of generating the Ith observatio
language and does not require additionadtate given the real state is the ith characteergvh
information. The latter one usually requires & < | <k, k is the number of observation states.
dictionary to get the words. If the total number ofThen given the sequence of testing binary matrices,
words is large, the method will be not so efficientwe apply Viterbi algorithm, which uses the
Thus, the latter one is more suitable for domainsxpectation maximization method, to predict which
with a dictionary of small size. The former onethe real character is for each binary matrix.the
does not need such information and has a mughep of clustering, we employ a method based on k-
wider area for application. means clustering, which we call parameter-
: . optimized k-means clustering. In order to apply k-
Among numerous different clustering methods Smeans method, we should identify matrices as

k-means clustering is one of the most pOFmlaéomts in Euclidean space. A naive way is just to

because of its low cost and simplicity. K-mean dentify the binary matrix as a vector of Rmn, with
clustering is a famous method for clustering. It is
each component 0 or 1. Give two points.

firstly proposed. It aims at minimizing the
differences within each clusters and maximizing th X = (zi; i<icm 1<i<n, ¥ = (B 1 <icma<i<n,
differences among different clusters. Th
2#;::?2:]?9;: d lng Eo@te?/cr?icr? l;iigg?t V\i‘irdeelyshrgre)ld The distance between X and Y can be intuitively
. . X ’ .~ ~“defined as normal Euclidean distance:

in various fields. However, for handwriting

recognition, this method is not recommended to be AX Y = | Z (s — e )2
used in HMM because some experimental results I e ke

show its performance does not meet a level of T (2)
satisfaction. In our work, we find two ways to However, if only using such definition of
improve it. The results show that k-means cadistance, the accuracy of the recognition would be
improve to an excellent clustering method folvery undesirable, as pointed out in many works [1-
HMM 2]. By further analyzing the problem, we find two
3 MODEL DESCRIPTION major shortages of the definition. Our work aims to
solve these two shortages. Our results show that
our parameter-optimized k-means clustering can
iignificantly improve the performance of original

Generally, each handwriting character i lust We di the 1 hort
represented by an m x n binary matrix. If the valu means clustering. We discuss the two shortages
and how to improve them in the following two

of a pixel is 0, it means the pixel is white; ifeth

value of a pixel is 1, it means the pixel is black.secnons'

Given a sequence of binary matrices, our proble®.2. Influencing Of Neighbor Pixelsthe.

is to recognize which characters each binary matrix The first shortage of the definition in Equation
stands for. HMM is a suitable approach for thig2) is that a slight translation of a characterain
problem. In HMM, the real states are the charactermatrix can result in a large distance from the
Intuitively, all the different m xn binary matrices original matrixXiSuppose a matrix Al denotes the
can be regarded as observatistates. However, character a. Then every pixel in matrix AL move
the total number of such matrices is 2mn, which ifrom left to right for one pixel. We denote the new
too large even with small m and n. If we do notnatrix by A2. Then although the two matrices, Al
reduce the number of observation states, it wihnd A2, both stand for the character, the distance
result in severe sparse problem. A smart soluson between Al and A2 under Equation (2) is very
to employ clustering method. We can firstly clustefarge. An efficient modification is to adopt an
the matrices and then regard the different clusters averaging method. We use the notion (i1,j1§i2,
observation states, which can largely reduce thje )if (i1,j1) and (i2, j2 ) are adjacent. Fopoint
number of observation states. After clustering, wi, we can define the average processed version of
adopt Baum-Welch algorithm to approximatelyx '

calculate the parameters of our HMM, which

includes initial distribution of characterss, 1; .= i+ A Z Tirgts
transition probability P = (pij) and generative ' T

1

3.1. Hidden M arkov M odel.

®)
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Herel is a positive constant. Whenis small, X = P,
'is close, to X, whereas a lar@gas an indication of M5
large influence of neighbor pixels. The choiceiof »y B
depends on which enjoys the best accuracy [5-8]. j=1 (8)

3.3. Weight Consideration. 4. EXPERIM ENT
There is another important shortage about thg1 £ _ tal Setti
distance definition in Equation (2). If we simply xperimental Settings.

; ; : wo Our experimental dataset consists of 52152
use the ordinary Euclidean distance, it implieg tha .
each pixel in thgm x n matrix is of equal in?pottan characters and 6877 words [6], which has removed

However, it is not the case. The weight of pixels1:,apitalized leading characters. Each character is
which is’close to the edge of the matrix is no{asterized into an image of 16 x 8 binary pixels,

necessarily same to the weight of central ones. D ich can l::e 'd?m'f'gd as "? 16 x 8 |;r11atr|x or ?128'
to this observation, without loss of generosity, w Imensional vector. Examples aré shown In Figure

assume that the weight§ of central pixel in the:
tmh&eltgipa(‘)rr?e#(i :Inr% Iteh:e weight of other pixel follows EEE
R BT IC
Where n, g are both constants which will be E“EEE

optimized through experiments.
: - Figure 1 Examples of the dataset
3.4. Calculation Of Initial Parameters. 9 P

Combining the two considerations discussed in
two previous sections, we have a transformed
version X of X:

Xij = exp @i —m2 |+ ufj —[xij + 2 X"’ - ini’é’)j
5

Then we can adopt k-means clustering on X
instead of X. Before using Baum-Welch algorithm,
we need to calculate the priori parameters of .
Hidden Markov model. We use a frequency-based Figure 2 Average Accuracy vgvs. i
method to calculate all these parameters. Sup- poséye use 10-fold cross-validation to calculate the
the number of clusters is k. For<li, j < s, 1=1=<  ayerage accuracy. The experiment is repeated for
k, suppose the ith character appears Pi timelsein 19 times. Denote the accuracy rate of the ten

training data, and the adjacent pair of the ithjmylations by AR1... AR10. Then the average
character and the jth character appears Qijesim gccuracy rate AR is

Furthermore, Ril denotes the number of the ith 10

character with the Ith observation states in the > AR
training data. Therefore, it is reasonable to ket t AR=%2L___,
transition probability matrix as 10 (9)
. Q;; 4.2. Choice of optimal parameters.
Pij = 5 In this section, our job is to find the tiopal
5 Qi triple A0 , 10 , pO ) with highest prediction
i=1 (6) accuracy. An immediate way to find the most
Priori generative probability distribution is desired triple is to calculate the average accucdcy
all such possible triples. However, it is too time
. Ry Ry consuming since there are too many such pairs.
Gl = - B Therefore, we make an assumption that the
> Ra effectiveness of. is independent of, 4. In this
= (7) case, it is justifiably to sef = 0, p = 0, and p
And the priori initial distribution is obtaining the optimak’ which enjoys the highest

average accuracy. On the other hand, selting0,
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we vary the value of( W) to catch the opfimal pair  2) Find the optimal.. In the secpnd group of
(', K). Then we usel(, i, W) as an approximation experiments, we fixn, p) = (0, 0) and vary to

of (A0, 10, n0). Finding the optimajand p: In the find its optimal value. Intuitively, no matter how
first group of experiments, we set 0 and cluster much influence the neighbor pixels have on a
number k = 100. We vary and p in the ranges certain pixel, the influence cannot overwhelm the
[-0.25, 0.5] and [-0.5, 1] respectively. The resultvalue of the pixel itself. So the optimal value)of
are shown in Figure 2. From Figure2, we observehould be no larger than 1. Therefore, we seareh th
that when «, p) is around (-0.1, 0.1); the averageoptimal value forh within the interval [0, 1]. The
accuracy is the highest. However, if werelationship between average accuracy amnehen
immediately take(-0.1, 0.1) as the optimal pair ofn, u) = (0, 0) is shown in Figure 5. From the
(M, W), the estimation will be too rough. In order tdfigure, we can see that the average accuracy
find the more precise pair, firstly we fix= -0.1, increases along witih. when is around 1; the
and let yu vary near 0.1. The relationship betweeawverage accuracy achieves the maximum value.
average accuracy and p wher —0.1 is shown in  Therefore we choose = 1 as our optimized value.
Figure 3. From Figure 3, we find that whenp =0 it

achieves the maximum accuracy 61.12% o7 - - - - - - - -
Therefore, we choos€ p= 0. Then we fix p = 0.1 ori} .
and varyn near —0.1. The result is shown in Figure  __| P
4. From the figure, we can easily see thatithe P e +
-0.15. When the average accuracy achieves tl " B
maximum value is 58.87%. Therefore, we choos j ==&} #
n'= -0.15. So we set (-0.15, 0) as optimal pafy (  Fas} "
1). Remark: The above discussion implies that fc £ __| ;S
vertical direction, central part of the pixel matis S
more important, while there is no significant "= [
difference in horizontal direction. maep
né I: l:I I:Ii-1 IS l::E I:II" IB IZI 1
[1E-2] 1
ey . . 1 Figure 5 Average Accuracy vs.
. + S
. i . W 3) Short Conclusion: From these experiments,
R — - we finally find the optimal tripleX(, v/, i). When
‘E.u:s‘j' ) (A, W) is (1, -0.15, 0), our HMM with parameter-
i optimized k-means clustering can achieve highest
ns| . average accuracy.
ns2 ] Weights of pixels are in different places. We
. , conduct a series of experiments to compare our
e ' : o . optimized model and original model. Results show
. that our optimized model improves the
Figure 3 Average Accuracy vs. U o
4.3 Results of our optimized model.
= : : : : : : After we have got the optimal value for the
o= A ] parameters we need, we conduct experiments to
o= N ™. ] evaluate the performance of our model and
ns # - ] compare our model with HMM with original k-
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means clustering. The number of clusters k in k-
means is very important. Since we have no solid
background about how many clusters is best for
prediction, we vary k in our experiments and get
the average accuracy under different value of k. We
set the steps from 100 to 6000. The results are
shown in Table | and Figure 6.

From the results, we can see that when k is below
1000, the average accuracy of both original model
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and our optimized model increases along with th®larkov Prediction Model (2009SQRZ123)"which
number of clusters are increasing. However, whenik supported by the University Excellent Youth
is larger than 1000, the average accuracy of boffalent Foundation of Anhui Province of China
the two models are no longer increase. When k isnder Grant.

3000, the average accuracy of the original model is

78.0% and our optimized model is 83.5%. OUREFERENCES
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