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Research Title: Printed Thai Character Recognition Using Standard descriptor

Researcher: Asst.Prof. Dr. Kuntpong Woraratpanya

Faculty: Information Technology Department: -

ABSTRACT

A similarity of printed Thai characters is a grand challenge of optical character
recognition (OCR), especially in case of a variety of font-types, -sizes, and -styles. In general,
the framework of character recognition is composed of pre-processing, feature extraction, and
classification processes. In pre-processing process, a dataset is transformed to a standard form by
using image complementation, image zero padding, and image resizing procedures. In feature
extraction process, an adaptive histogram of oriented gradient (AHOG) is proposed for
overcoming the character similarity. This method improves the conventional histogram of
oriented gradient (HOG) in two principal aspects, which are (i) adaptive partition for gradient
images and (ii) adaptive binning for oriented histograms. The former is implemented with
quadtree partition based on gradient image variance so as to provide an effective local feature
extraction. The latter is implemented with non-uniform mapping technique, so that the AHOG
descriptor can be constructed with min{mal errors. In the last process, Euclidean distance is
applied to classify AHOG features. Based on 59,408 single character noise-free images equally
divided into training and testing samples, the experimental results show that the AHOG method
achieves 97.59% average accuracy rate which outperforms the conventional HOG and state-of-
the-art methods, including scale space histogram of oriented gradient (SSHOG), pyramid
histogram of oriented gradient (PHOG), multilevel histogram of oriented gradient (MHOG), and
HOG column encoding algorithm (HOGC).
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Eigenvectors - p = - = X 5 - - - - - -
Normal | 79.88 | 82.80 | 82.00 | 81.47{ 81,03 | 8067 | 75.27 | 68.71| 59.49 | 52.57 | 30.72 | 26.77 | 8.33
g‘ Bold | 80.94 | 79.61-|-8032-| 79.96 | 79.79 | 79.26 | 76.24 | €9.77 | 63.56-| 54.08.| a2.11 | 2083 | 833
é Italic 80.94 | 81.65 | 81.65 | 83.24 | 83.16 | 83.24 | 76.77 | 69.68. | 61.79 | 56.03 | 46.81 | 22.96 | 8.33
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< | Bold-talic | 80.31 | 82.18 | 82.62 | 82.80 | 83.07 | 83.07 | 79.96 | 74.82 | 68.71 | 6232 | 4814 | 2296 | 8.33
Average | 8052|8156 | 81.65 | 81.87 | 8176 | 81.56 | 77.06 | 7075 | 63.30.| 56.25 | 44,20 2338 | 833
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Normal 95.04 | 9397 | 93.26 | 93.26 | 9255 | 91.84 | 89.01 | 87.23 | 82.98 | 80.85 | 76.70 | 33.33 33.33
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- .
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Normal 0.00 98.23 | 0.00 | 9837 | 9790 | 9834 | 97.93 | 98.23 | 97.82 | 98.18 | 98.50

Bold 0.00 99.19 | 000 } 99.23 | 99.02 | 99.15 | 99.07 | 99.20 | 99.08 | 99.36 | 99.39

Italic 0.00 97.76 | 0.00 | 9841 | 9781 | 9817 | 97.82 | 9836 | 97.86 | 98.35 | 9877

Accuracy

Bold-Italic 0.00 99.12 | 0.00 | 99.40 99.12 1| 99311 99.15 | 99.38 | 99.10. | 99.20 | 99.50

Average 0.00 98.68 | 0.00 | 9867 | 98.46 | 98.74 | 98.49 | 9879 | 9847 | 98.77 | 99.04
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SD1 (%) SD2 (%)
Upper Middle Lower Upper Middle Lower
Level Level Level Level Level Level
Normal 80.27+1.64 83.48+0.52 99.57+0.40 94.76£0.97 97.62+0.19  99.52+0.43
Bold 78.54+1.64  87.87+0.52 98.83+0.73 96.08+0.67 98.52+0.16  98.94+0.73
Italic 82.68+1.61 85.19+0.51 100.00£0.00 | 95.37+0.71 97.14+027  99.95+0.16
Bold-Italic | 83.29+2.06 89.36+0.38 98.65+0.87 94.88+0.79  98.41+0.15  99.13+0.49
81.20 86.48 99.26 95.27 97.92 99.39
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galaunsuvesms lasvauBamuuulSumuegdmiunsadaqudnsas laoldnsdongu
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M99 4.3 wamaSenieunnugndodeenisisiues HOG, SSHOG, PHOG, MHOG,

HOGC ung SD-AHOG

Upper Level (%) Middle Level (%)
Method

Regular Bold Italic Bold- Italic Regular Bold Italic Bold- Italic

HOG 94.02 £ 0.63 92.08+0.63 94.85+0.54 9254+061 | 9628+0.22 9655+0.19 9636027 97.38+020
SSHOG 94.62 + 0.61 9331+060 9525+0.53 93.09+0.71 | 97.24+0.19 9741+0.17 9732+£022 98.05+0.16
PHOG 90.74 +0.70 9134062 9130+077 90.60+0.81 | 9290+0.27 93.89+0.25 9222+£0.32 93.67+0.25
HOGC 86.96 + 0.84 86.20+094 8687084 8565+082 | 90.16+031 9093+0.35 89.83+0.30 91.10+0.28

MHOG 93.75 £ 0.67 93.04+0.67 93.63+074 9184067 | 9412+029 9471+030 93.09+031 9429+022

SD-AHOG | 94.41+0.78 94.40 + 0.61 94.93+0.55 94.54+0.64 | 97.91+0.18 98.22+0.18 97.91+0.22 98.24+0.18
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AU HOG, SSHOG, PHOG, MHOG tag HOGC
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MINN 4.4 wafm'uf%erumsmnm“lumﬁﬂﬂﬂﬂmaﬂymzuazmuauamaﬂymwm HOG,

SSHOG, PHOG, MHOG, HOGC tta¢ SD-AHOG

Method HOG SSHOG PHOG MHOG HOGC  SD-AHOG
Feature Size 1,764 7,056 765 16,992 720 576
C”ﬁ:;‘é‘“g 0.008 s 0.031s 0.012's 0.111s 0.018s 0.034 s
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4.2.3 MINATOUANUNUMUYLIMIDTUILIAMANHME
mMsnadoUANUNUMUYBIAIeSUenadna Iuns i sy s uduily
2 @94 B ANUNUNIUADAINUANAINVDIYAUDUYBIAIONHT UAZAIIUNUNIUADAIIY
LANAINYOIVIIAAIBAYIAITTNT AHOG, HOG, SSHOG, PHOG, MHOG tag HOGC 1#wa
msnaaoudaansluased 4.5 Tasldmadondutoyauuuiioemss K uvu Tasfiouly
dmfumaustoyn dmiumautsdoyaammtnavosiisausazaunsoutald & ngu e
il ldnageuanunumuvesiieiuionudnymzAs YA LAULIWOYAMINYALLDVDY
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M9 4.5 vansnadeunnunumulumsinnlinnuuanasuessatl DYBIRIONYI A

YUIAYDIAIBNYIAY SD-AHOG, HOG, SSHOG, PHOG, MHOG t1ay HOGC

Robustness Font Robustness Size

Method
Upper Middle Lower Upper Middle Lower
HOG 87.14 86.86 100.00 93.48 96.97 100.00
SSHOG 87.70 88.01 100.00 94.50 97.90 100.00
PHOG 87.30 81.68 < 99.22 91.44 92.56 99.71
MHOG 86.88 83.52 100.00 92.65 93.83 100.00
HOGC 78.94 77.70 100.00 85.90 89.20 100.00
A | BB6L 8684 . 10000 | 9522 - 9837 - 100.00

NNWANITNAABIVLNYI AI0TUIAMANYULHUY SD-AHOG  UANUNUNIUAD
YUIAVDIAIBAYTNAUDY 97.93% iionSeufisuny HOG, SSHOG, PHOG, MHOG iy
HOGC &4 1dn1unumuaeyIavoIdIonysiniy 96.52%, 97.43%, 92.57%, 93.80% uag
88.98% MUAIAD UATLNUIIANUNUMUABYALDUVBIRITNYT denuTayn lunstifedIny

o Ay ¥ o 1A A v W . o Y
Audnvazh lAninmsuenesnlsznouAlfe) Aie ALDUYDIRIBNYS JasmineUPC 411 1¥e

ANUNUNURAYADYAUVUSNYIVDI SD-AHOG, SSHOG, PHOG, MHOG, HOG 118 HOGC

ANNUNAD 87.45%, 88.27%, 82.98%, 84.44%, 87.23% WAL 78.45% MUIAY
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Printed Thai Character Recognition
Using Standard Descriptor

Kuntpong Woraratpanya and Taravichet Titijaroonrog J
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King Mongkut's Institute of Technology Ladkrabang, Thailand
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Abstract, The various font-types, font-sizes, and font-styles have a great impact
on recognition performance of optical character recognition (OCR) systems.
This becomes a grand challenge for recognition improvement. In order to en-
hance the performance, this paper proposes the printed Thai character recogni-
tion using a standard descriptor. The descriptor construction consists of two
principal phases—preprocessing and feature extraction. In the former phase, the
preprocessing provides a standard form for each character image. In the latter
phase, the singular value decomposition (SVD) is applied to ail font-type, font-
size, and font-style character images to cxiract features. Then the standard
deseriptor is constructed from the suitable order selection of the SVD feature
decomposition. Finaily, the projection matrix technique is applied to the recog-
nition phase in order to measure the cosine sirilarity between the standard de-
scriptor and test set. The experimental results show that the proposed method
achieves a high recognition rate and is invariant to font-types, font-sizes, and
font-styles.

Keywords: optical character recognition (OCR), standard descriptor, singular
value decomposition (§VD), feature extraction.

P

1 Introduction

An evolution of a variety of printed Thai fonts leads to the difficulty of retaining a
high recognition rate of optical character recognition (OCR) systems. This becomes a
grand challenge for recognition improvement. Over the last 20 years, printed Thai-
character recognitions have been continually researched. Most of the approaches
focus on an improvement of recognition rate. For instances, Kimpan et al. [1]
introduced to fine classification of printed Thai character recognition using the Kar-
hunen-Loeve expansion. This work uses a two-step approach, i.e., the lowest order of
eigenvectors for rough classification and the higher order of eigenvectors for fine
classification. It achieves the high recognition rate in testing with a standard font.
Duang-phasuk et al. [2] presented printed Thai character recognition using feature
matching and adaptive resonance theory I (ART I). This approach also requires two
steps for feature extraction and recognition, i.e., global features for rough classifica-
tion and local features for fine classification. It provides the high recognition rate

P. Mecsad et al. (Eds.): ICIT2013, AISC 209, pp. 165-173.
DOL 10.1007/978-3-642-37371-8_20  © Springer-Verlag Berlin Heidelberg 2013
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when experimented on various fonts and a few font-sizes, but takes more time-
consuming. Tangsurakit et al. [3] proposed printed Thai consonant recognition based
on character density and strip features. This approach is evaluated with only five basic
fonts of consonance characters. In addition, Kruatrachue et al. [4] presented automatic
state machine induction for string recognition that focuses on an enhancement of cha-
racter classifications. The result of recognition is rather high efficiency, but in case of
very similar characters the recognition rate is low.

However, as discussed previously, none of these papers point out the problems of a
variety of printed Thai font-types, font-sizes, and font-styles. A few papers studied on
font styles and types. For examples, Tanprasert et al {5] proposed Thai type style
recognition, and Thammano et al. [6] presented hierarchical cross-correlation
ARTMAP neural network for recognizing printed Thai characters of no-head fonts.

Therefore, this paper proposes a standard descriptor, which is 2 modularity method,
to improve the recognition performance of OCR systems. The standard descriptor is
made from all font-type, font-size, and font-style character features extracted by using
SVD. It is believed that the proposed descriptor helps improve the recognition per-
formance of OCR systems without reengineering software.

2 Standard Descriptor Construction

A standard descriptor plays an important role in representative of various font-types,
font-sizes and font-styles, thus leading to the performance improvement of OCR. This
section describes the effective standard descriptor construction consisting of two prin-
cipal procedures, preprocessing and feature extraction. In addition, projection matrix
technigue applied to a recognition procedure is presented in the last subsection,

2.1  Preprocessing Procedure

Each character segmented from a document image is usually in different sizes, In
order to provide a standard form for character segmentation images to construct the
standard descriptor, image complementation, zero padding, and resizing procedures
are applied to each character image as shown in Fig. 1(a). As a result, the character
segmentation image is in a standard form of 32x32 pixels and zero backgrounds.
Fig. 1(b) and (c) show a matrix of different font-types and font-sizes and a matrix of a
standard form, respectively.

2.2  Feature Extraction

All matrices of a standard form in Fig. 1(c) are transformed into image vectors as
depicted in Fig. 2. Then a training matrix is formed from such image vectors, which
are contained features of all font-types, font-sizes, and font-styles. The procedure to
construct a standard descriptor can be demonstrated in Fig. 3.

62



Printed Thai Character Recognition Using Standard Descsiptor 167

image Zeio ; ' N image

i >
Complementation Padding Resizing
@

o dl il i
vjdidd|d]y
TR RIRUEEY

| [o[ululuuiy

H ppypdididie
sl il |4
ajgjuiddiuil
sujuidjuiy

®) (‘3) j

Fig. 1. Preprocessing procedurcs: (a) image complementation, zero padding, and resizing pro-
cedures, (b) matrices of different font-types and font-sizes, and (c) matrices of standard forms

i

I - -

Fig. 2. A training matrix formed from image vectors

om— P
Teaining Mawix oo > Ej? o
g ) Yrgicing Natrix | Coveriance Matrix | singotar vatue Eigenvalue
P N tion Matrix ¥ Jors e s o
Generation ;
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Initially, the training matrix is normalized by using Eq. (1). The result is a norma-
lized training matrix. Then a covariance matrix is generated from the normalized
training matrix by subtracting mean and determining matrix elements by using

Eq. (2).

ﬁzﬁﬁ?%ﬂ=Jﬁﬁw§+m+xé (1
C.o= 13 (X, =M )X, = MY @

i=1

where X;, N, and M are an image vector, a number of image vectors, and a mean val-
ue, respectively. Finally, the features are extracted from the covariance matrix by
using SVD defined as Eq (3).

A=Ux8SxVvT, (3)

where U, V, and § denote left eigenvector, right eigenvectors; and eigenvalue, respec-
tively. The left and right eigenvectors are represenied as U’:{AAT and V=A7A, respec-
tively. Finally, the standard descriptor is constructed by means of the suitable range of
the higher order eigenvectors.

2.3 Recognition Procedure

The projection matrix technique is applied to the recognition phase in order to meas-
ure the cosine similarity between the standard descriptor and test set. In general, the
misclassification occurs when the shape of characters is similar. It can be demonstrat-
ed with Fig. 4. This example shows features of four similar characters—%, %, 9, ¥—
in a vector space. As mentioned in the previous section, the lower order eigenvectors
of such characters are represented by P(v), P(%), P(%), and P(%). On the other hand,
the higher order eigenvectors are represented by H(w), H(v), H(%), and H(s). It is
evident that the lower order eigenvectors of four similar characters have the same
directions, while the higher order eigenvectors have different directions. In other
words, the higher order eigenvectors provide an evident classification. Suppose that
there is a test vector y(v) in a vector space as depicted in Fig. 4 and the cosine simi-
larity is applied to measure the angle between P and y. In this case the cosine function
gives a maximum vaiue, since the angle is very small. This leads to the misclassifica-
tion; that is, w can be recognized as v, 9, or 9. Conversely, when the cosine similari-
ty is applied to measure the angle between H and y, and the classification criteria is
minimal; it is a largest angle. In this case the test vector can be recognized properly. It
is summarized that the higher order eigenvectors provide the good features to classify
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the similar character shapes. Therefore, this paper proposes the construction of the
efficient standard descriptor based on the higher order eigenvectors and the use of the
projection matrix technique with minimal cosine similarity measure for recognition.

03
/

Fig. 4. A plot of the lower order eigenvectors versus the higher order eigenvectors

The overall recognition procedure is illustrated in Fig. 5. The manipulation begins
with a test vector, y, is normalized with standard descriptor norms—lisd,ll,
llsd,ll,...,lisdyll. This step generates n test unit vectors—y;y, Ya,...,¥o. Then the projec-
tion matrix technique is applied to obtain cosine similarity values—sy, 52,000y Sp—
calculated from inner product of test unit vectors and standard descriptors. Finally, the
minimum value of a set s, is selected for recognition.
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Fig. 5. A recognition procedure by using projection matrix technique
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3 Experimental Results

As mentioned in the subsection 2.2, the standard deseriptor constructed by SVD me-
thod depends on the suitable feature selection. Hence, the feature selection based on
experiments is analyzed in order to generate the efficient standard descriptor. Fur-
thermore, the evaluation of recognition performance is also illustrated.

3.1 Data Preparation

The test sets used in all experiments are Thai character image corpus consisting of
consonants, vowels, and tones. A resolution of such images is a 400 dpi. Font types
are composed of AngsanaUPC, BrowalliaUPC, CordiaUPC, DilleniaUPC, Eucrosia-
UPC, FreesiaUPC, IrisUPC, JasmineUPC, and unknown fonts, and font sizes are
composed of 8, 10, 12, 14, 16, 18, 20, and 22. Font styles are regular, bold, italic, and
bold-italic. There are totally 58,656 samples which are equally divided into training
set for constructing the standard descriptor and test set.

3.2 Suitable Feature Selection and Recognition Accuracy

In this subsection, the appropriate feature selection is tested with two experiments.
Then the results are analyzed. Hence, two standard descriptors, namely SD1 and SD2,
are constructed by selecting the lower-order eigenvector and the higher-order eigen-
vector of SVD, respectively. Both standard descriptors are tested with Thai character
images divided into three levels, upper, middle, and lower levels. In the first experi-
ment, SD1 provides the lower recognition rate as illustrated in Fig. 6. Tt yields the
good recognition accuracy, on average 87.58%, for all fout styles, when seven com-
ponents in lower-order eigenvectors are selected as depicted in Fig. 6(b). In addition,
this experiment also reveals that the increase of a selected number of eigenvectors
does not help improve the accuracy. In the same way, Fig. 6(a) and (c) exhibits the
low recognition accuracy of upper and lower levels, 81.87% and 93.35%, respective-
ly. On the other hand, SD2 is constructed by selecting different ranges of higher-order
eigenvectors as shown in Fig.7. The purpose of this experiment is to obtain a suitable
eigenvector order to provide the high recognition accuracy with the minimum number
of eigenvectors. The experimental results prove that the suitable range and order of
eigenvectors are from 512 to 704, 18% of total eigenvectors, and point out by a block
as shown in Fig.7. The recognition accuracy of SD2 is up to 98.74% for middle level
characters. The recognition accuracy in comparison of SD1 and SD2 is summarized in
Table 1. Tt is obvious that SD2 outperforms SD1 in terms of recognition accuracy;
however, the high accuracy of recognition rate trades off the increase of a number of
components.

Furthermore, no-head fonts of printed Thai characters cause a serious problem in
decreasing the recognition rate [6]. However, based on the experiment, SD2 can also
provide the higher recognition accuracy, 94.05%, when compared to the method in
[6], 83.77%.
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As reviewed in Introduction section, the methods propesed in [1-2] need two steps
to extract features, whereas SD2 uses only single-step to extract features. Fewer steps
lead to the reduction of computing time. Moreover, SD2 outperforms the method in

[4] in terms of misclassification, when the shape of characters is similar.
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Table 1. A comparison of accuracy of $D1 and $D2

— Acoursey (%)
Leval Spl i SRz
L S F . BG!d‘ Baid’
Normal  Bold  ltalic ; Normal  Beld  ltalic )
Ttalic Italic

Upper | 8103 7979 8316 8307 | 9619 9805 97.06 9680
Middle | 8398 8928 8609 9074 | 9834  99.15 9817 993
Lower | 9255 8901 9070 8617 | 99.65 9929 9929 9929

Average 8585  86.03 86.65  86.66 98.06 98.83 9847 9847

4

Conclusions

In this paper, an efficient standard descriptor for character recognition is proposed.
The main contribution of this paper is constructing the standard descriptor based on
the higher order eigenvectors and recognizing the character with the projection matrix
technique. The experiment results show that the proposed method, SD2, evidently
outperforms the traditional method, SD1, in terms of a recognition rate. It is con-
cluded that the proposed standard descriptor helps improve the performance of OCR
systems without reengineering software.
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Abstract. A similarity of printed Thai characters is a grand challenge of optical
character recognition (OCR), especially in case of a variety of font types, sizes,
and styles. This paper proposes an effective feature extraction, adaptive
histogram of oriented gradient (AHOG), for overcoming the character
similarity. The proposed method improves the conventional histogram of
oriented gradient (HOG) in two principal phases, which are (i) adaptive
partition for gradient images and (ii) adaptive binning for oriented histograms.
The former is implemented with quadtree partition based on gradient image
variance so as to provide for an effective local feature extraction. The later is
implemented with non-uniform mapping technique, so.that the AHOG
descriptor can be constructed with minimal errors. Based on 59,408 single
character images equally divided into training and tesﬁng samples, the
experimental results show that the AHOG method outperforms the conventional
HOG and state-of-the-art methods, including scale space histogram of oriented
gradient (SSHOG), pyramid histogram of oriented gradient (PHOG), multilevel
histogram of oriented gradient (MHOG), and HOG column encoding algorithm
(HOG-Column).

Keywords: Printed Thai Character Recognition, Pattern Recognition,

Histogram of Oriented Gradient (HOG), Adaptive Histogram of Oriented
Gradient (AHOG), Feature Extraction.

1 Introduction

- An evolution of printed Thai fonts has continually developed and created for a variety
“of print medias, such as magazines, books, brochures, newspapers, and so on. These
are appealing to readers, but are useless to visually impaired persons. In addition, a
variety of font types, sizes, and styles is a key factor to degrade recognition rate of
optical character recognition (OCR), which is a process of converting document
images to editable text and Braille books. Therefore, the improvement of OCR based
on a variety of print medias in Thai language is essential for visually impaired
persons.

Although the printed Thai character recognition has been continually researched
over the past two decades [1], it still requires the performance improvement for
applying to real applications [2-4]. One of the main problems is the diversity of new

S. Boonkrong et al. (eds.), Recent Advances in Information and 83
Communication Technology, Advances in Intelligent Systems and Computing 265,
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Thai character fonts, i.e, the more new fonts are created, the more recognition etrors
are increased. Furthermore, a similarity of printed Thai characters becomes a grand
challenge of the Thai OCR. In order to achieve the higher performance of character
recognition, the effective feature extraction method is required. Based on observation
regarding a Thai character structure, its shape is a significant feature. For this reason,
this paper investigates on the effective shape feature extraction. One of the successful
methods for shape recognition is the histogram of oriented gradient (HOG) introduced
by Navneet D. et al. [5]. Since then, many research papers have proposed modified
HOGs, for example, scale space histogram of oriented gradient [6), pyramid
histogram of oriented gradient [7], and multilevel histogram of oriented gradient [8]
Most of these have been successful in high efficiency for object recognition, but few
papers [9] studied on HOG for character recognition.
Even though the conventional HOG and modified HOG methods have beea
successful for object recognition, these fail to printed Thai character recognition. The
.main obstacle is the similarity of Thai characters. Therefore, this paper proposes an
AHOG method to overcome this problem. This method improves the conventional
HOG algorithm in two principal phases, (i) adaptive partition of gradient images and
(i) adaptive binning of oriented histograms. The former phase is implemented with
quadtree decomposition based on gradient image variance so as to provide for
effectively extracting local shape features. The later phase is implemented with ne
uniform quantization, so that the AHOG descriptor can be constructed with minim
errors. In this way, the recognition rate of Thai characters is significantly improved.,
The rest of this paper is organized as follows: Section 2 reviews backgrounds ¢
the conventional HOG and modified HOG algorithms, and points out their drawback
In Section 3, an AHOG methed 18 proposed. Section 4 shows experimental results and
discussions. Finally, conclusions are presented in Section 5.

2 Related Works

In this section, the important issues of conventional HOG and state-of-the-
methods, including SSHOG, PHOG, MHOG, and HOG-Column, are reviewed
pointed out their drawbacks when applied to Thai character recognition.

A similarity of printed Thai characters becomes a critical issue in recognition
shown in Fig. 1. In this case, one way to classify similar characters effectively
using local shape features, This paper investigates on an improvement of featu
extractions based on shape recognition. One of the effective methods for shag
recognition is HOG, which was first proposed by Navneet D. et al. [5] and w
successfully applied to human detection. The HOG algorithm is composed of fix
procedures, (i) gamma and color normalization, (ii) gradient computation, (iii) spati
and oriented binning, (iv) normalization and descriptor blocks, and (v) detect
window and context. Then the features extracted from the HOG algorithm ar
classified by a linear support vector machine (SVM) to identify persons or no
persons. Although the HOG method achieves in human detection with hig
performance, it is not suitable for Thai characters with high similarity, The mas
reason is that the HOG approach was designed for coarse scale of object recognitio:
thus making it difficult to classify similar shape objects.
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Fig. 1. An example of three groups of printed Thai characters with high similarity
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Fig. 2. An effect of applying two scale spaces, =0 and ¢ = 1, to gradient images

SSHOG was introduced by Ning H. et al. [6] to solve complex objects and human
atections which can be better to perceive at different scales. The main idea of this
ethod is applying Gaussian kernel with multiple scales as demonstrated in Fig. 2.
1e conventional HOG differs from SSHOG in that it has only uni-scale (¢ = 0). The
perimental results show that the SSHOG method outperforms the conventional
OG method. Nonetheless, the higher scale of the SSHOG method filters out fine
ape information. This leads to the misclassification when the SSHOG method
plies to Thai characters. Furthermore, the more increased scales construct the larger
ature size, thus consuming the computational time., f

Representing shape with a spatial pyramid kernel was introduced by Anna B.
c al. [7]. Its main idea is to extend a resolution of the conventional HOG method to
ulti-resolutions. In this method, the resolution implies a number of sub-region

mages divided from the original image. The descriptor made from the multi-
solutions is called PHOG. Its efficiency is better than the traditional HOG method.
owever, each resolution of the PHOG method is allocated with a fixed size. This
hnique works well with coarse shape objects, but it leads to the less recognition
te when applied to Thai characters with high similarity.
MHOG was proposed by Subhransu M, et al. [8]. Due to this method derived from
e PHOG algorithm, it cannot extract the fine shape information to generate effective
eatures. Furthermore, feature vectors are increasingly larger size.

Andrew J.N. et al. [9] introduced HOG column encoding algorithm (HOG-
olumn) and showed that the descriptor constructed from this algorithm is robust to
aracter recognition. This approach is an extension of the conventional HOG
escriptor by including features extracted from multiple scales, a base scale, Gpases and
coarser scale, 10, Where 1 is a scale ratio. It is successful to recognize imperfect

haracters acquired from natural scenes. However, in case of a higher scale, there is
difference when compared to the SSHOG method.

Based on an analysis of Thai character patterns and conventional HOG algori-
ms, it can be summarized into two issues, (i) The Thai characters require fine shape

zatures for classification, whereas (ii) the conventional HOG method needs to be

mproved for fine shape recognition. In order to meet the requirements, the critical
sue of the HOG algorithm is regarded as three factors, (i) a fixed partitioning, (ii) a
xed binning, and (iii) a scalar magnitude sum. Fortunately, such an issue can be
lved by the proposed method which is described in details in the next section.
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Fig. 3. A framework of AHOG for printed Thai character recognition

3 Proposed Method

In this paper, AHOG, which is an effective feature extraction. is proposed f
overwhelming Thai character recognition with high similarity. A framework of
proposed method is schematically depicted in Fig. 3 and the manipulation details ©
each phase are described as follows.

3.1 Adaptive Partition

In general, printed Thai character recognition can be viewed as object recognitios
Features extracted from printed Thai characters are represented in shape, which has
certain pose with a single view point. The best way to achieve in extracting tt
effective descriptor is using adaptive partition. In this procedure, there are two
important phases, gradient coiputation and quaduwee partition, to extract effectiv:
features.

Gradient Computation, Gradient images can be calculated by several methods.
The mostly used technique is the first order derivative of Gaussian filters, such that
Sy=[-101]and S, =[-10 117, where superscript T is a matrix transpose operator.
After that, two features, magnitude, M, and orientation, &, of the gradient images are
calculated by using equations (1) and (2) for each pixel, respectively, and the results

are illustrated in Fig. 4.
M= I} +1; (1)

X

where I, and J, are gradient images,
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4. (a) gradient image convolved by S,, (b) gradient image convolved by S,, and (¢) a
“s=mhination of gradient images from (a) and (b)

Juadtree Partition. In this phase, magnitudes of an image gradient are divided into
images or cells whose sizes are a square. The conventional HOG algorithm uses a
2d partition technique, i.e., all cells are equal sizes. Nevertheless, this technique has
disadvantage. As illustrated in Fig. 5, two similar shape character images are
«titioned by means of an adaptive decomposition based on variance of the gradient
ages and are partitioned by means of a fixed partition. It is noticed that in the
sddle-left side of Fig. 5(a) and 5(b), the fixed partition does not provide an effective
-zl shape feature to distinguish between two similar characters. In order to improve
is, the AHOG algorithm makes use of adaptive partition based on gradient image
riance as depicted in Fig. 5(c) and 5(d). It is evident that the adaptive partition is
le to provide a better local shape feature.

(b) (d)

Fig. 5. A comparison of fixed and adaptive partitions

-

This paper implements the cell size with two levels, 4x4 pixels and 8x8 pixels,
since the template of printed Thai characters is designed with size 32x32 pixels. If
cell size is smaller than 4x4 pixels, some bins have zero data. This leads to those bins
Baving no vectors in orientation, On the other hand, it is impossible to use cell size
zreater than 8x8 pixels, because the cell's data is coarser for classification.

3.2 Adaptive Binning

An adaptive binning is an important procedure to minimize error of feature extraction.
This procedure is composed of three phases as explained in the following subsections.

- Adaptive Bin Width. A bin width is an important factor having an impact on the quality
of an AHOG descriptor. In this paper, the bin width assignment makes use of a non-
uniform quantization technique. Such a technique is a many-to-few mapping, thus the bin
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width becomes a key factor to maintain the significant feature as well as possible. The ;
main idea of an adaptive method is assigning the suitable bin width for the high density
of information. Fig. 6 shows a comparison of fixed and adaptive bin-ning of oriented
histograms. In case of fixed binning, the bin width is equally defined for the oriented
histogram without regarding their density. Hence, it is difficult to maintain the significan
features. On the other hand, in case of adaptive binning, the bin width is adaptivel
defined for those features with regarding the density of the oriented histogram. Th
higher density of features, the finer bin width is defined to preserve significant features
Here, the suitable bin width can be obtained by using this criterion 2.56, where o is
standard deviation of oriented histograms of a training set.

et
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Fig. 6. A comparison of bin width assignments: (a) fixed bi;&ning of oriented histogram and
(b) adaptive binning of oriented histogram

Vector Magnitude Sum. In the second phase, magnitudes of each partitioned
histograms of orientated gradient, which are vector forms, are summed so as to gen,

a feature vector. The traditional HOG algorithm uses scalar magnitude sum, whi
cannot provide a more accurate feature veetor. Hence, in this paper, the AHOG algorit
makes use of a vector magnitude sum to improve the efficiency of the feature vector. Fi
7(a) and 7(b) show two similar characters with a fine shape feature located at the head
such characters (lefi-top sub-images). Fig. 7(c) and 7(d) graphically illustrate results
the fine shape feature by using: vector and scalar magnitude sums, respectively, The
results {from both techniques are different. The vector magnitude sum presents a more
accurate result; therefore, it is more appropriate for printed Thai characters. The outco
of this phase is a two-level AHOG descriptor as depicted in Fig: 8(a).

(a) (b) (c) (d)

Fig. 7. (a) a sub-image of *v’, (b) a sub-image of ‘a’, (¢) a vector addition, and (d) a scal
addition
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i, M| M By By H;\; e It L] Byl Ryl o)t
Hal Mol Mo oo Hyp M| By | Bl Bt Haol el By,
s He Hyl Hysl B Hie Bl #, it ] B o1, iyl iy
Hy | Bial Myl Heo Ha |y | He b el Byl st by,
#, Hy | Hyd ol My s Hy | b 1 By | gl eyl Hyg Hywl Hyl
Hop iBis it e 3| Hy Foa 1,0 | B e Binel B
H, Hyy s (s (M ;?‘0 By | My M o By iHyy | Hae Hyq
Bz Hap Mg 1y Hy | Hy Moz Was Hog Mss | Bl 8,
(a) (b)

. 8. Standard form histogram construction: (a) two-level AHOG and (b) one-level AHOG,
~zndard form histogram

indard Form Histogram. In the last phase, the standard form histogram is formed
splitting the larger cell size into smaller cell size, so that the AHOG deseriptor has
»e same dimensionality of features. Fig. 8 demonstrates that a two-level AHOG with
8 and 4x4 pixels is decomposed into a one-level AHOG with 4x4 pixels. For
ance, one Hyg,g) feature cell is separated into four Hiwxg cells. The standard form
ogram is the AHOG descriptor as shown in Fig. 8(b).

- Experimental Results

- order to evaluate the efficiency of the proposed method;. AHOG, in terms of
ognition aceuracy and computing time, the experiments are set up as follows.

Dataset Preparation

e dataset used in all experiments is a printed Thai character image corpus made

1a variety of Thai medias. It is composed of consonants, vowels, and tonal marks.
resofution of such an image dataset is a 400 dpi. Font types are composed of
ngsanaUPC, BrowalliaUPC, CordiaUPC, DilleniaUPC, EuncrosiaUPC, FreesiaUPC,
1sUPC, and JasmineUPC, and font sizes are composed of 8, 10, 12, 14, 16, 18, 20,
i 22. Font styles are regular, bold, italie, and bold-italic. There are totally 59,408
mples equally divided into training and testing sets. All of font types, sizes, and
styles have three levels: upper, middle, and lower levels. Each level contains a
.umber of characters as shown in Table 1.

i

Table 1. Printed Thai characters divided into three levels

Member

Ay
=
O
5

& o'0%
Middlelevel | nyanauivasoagggimanaaonsuududwdnugs
fIABFNNIToobaedbwaazililinn gy

Lower level QQ

78
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4.2 Pre-processing

Pre-processing is the first procedure to transform all images in a dataset to a standard
form. The procedure has three parts consisting of image complementation, image zerc
padding, and image resizing. These are applied to each character image as shown ir
Fig. 9. The standard form of images can be described as follows: the image size is
32x32 pixels, character color is white, and background color is black.

N — il il
[usite

Image i & i Image Insage
3 Complementation | ) | ZeroPadding

ial
o

Resizing

Fig. 9. Pre-processing procedure: image complementation, image zero padding, and image
resizing

4.3  Performance Evaluation

This paper focuses on the feature extraction for constructing the effective descriptor
Thus, the deseriptor performance is evaluated by means of the simple measurement
Euclidean distance, for classification.

Two experiments are set up in order to evaluate the performance of the AHOG
algorithm. The first experiment aims to test the accuracy of the proposed method in
terms of recognition rate. There are four state-of-the-art ‘methods—including SSHOG
PHOG, MHOG, and HOG-column—and one conventional HOG, which are
implemented as baseline algorithms. For all algorithms, the number of bins of
oriented histograms is set to 9 as recommended in [5]. The experimental results are
shown in Table 2. It is found that the recognition rate of the AHOG algorithm
outperforms all of state-of-the-art algorithms.

In upper level, there are totally 1,128 character images for test. 1.00% of upper
level characters are approximately 11 images. In this case, the maximum am
minimum improvements of recognition rate in regular style are 7.10% and 0.09%
when compared to the HOG-Column and SSHOG methods. That is, the number ¢
characters correctly recognized in the maximum improvement case is increasing
about 80 character images. On the other hand, at least one character is correctly
recognized in the minimum improvement case. In bold style, the maximum and
minimum improvements of the recognition rate are 5.67% and 1.41%, whet
compared to the HOG-Column and SSHOG methods, respectively. It means that ther
are 64 characters greatly improved for recognition when compared to the HOG
Column method whereas there are at least 16 characters improved for recognitio
when compared to SSHOG. In the same way, in italic style, the maximum an
minimum recognition rates of improvements are 6.56% and 0.10% when compared t
the HOG-Column and SSHOG methods, respectively. In bold-italic style, the
maximum and minimum recognition rates of improvements are 7.62% and 1.06%
when compared to the HOG-Column and MHOG methods, respectively.

Middle level has 6,110 character images for test. 1.00% of middle level is
approximate 61 character images. The great improvements of recognition rate in
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regular, bold, italic, and bold-italic styles are 5.61%, 4.91%, 5.06%, and 4.13%,
espectively, when compared to the HOG-Column method. Simultanecusly, when
compared to the SSHOG method, the AHOG method outperforms with the better
cognition rate, 0.50%, 0.64%, 0.59%, and 0.28% for regular, bold, italic, and bold-
ualic styles, respectively.

~ In lower level, there are 188 characters for test. The experimental results illustrate
:hat all methods yield the same results, 100%.

able 2. A comparison of recognition accuracy of HOG, SSHOG, PHOG, MHOG, HOG-
umn, and AHOG methods

Upper Level Middie Level Lower Level

Method

14~ Bold- Bold-
Regular Bold Ttalic BO, Regular Bold  Talic Ofi Regular  Bold  Italic
Ttalic falic Tralic

96.54 9477 9690 9548| 97.50 98.67  98.28 98.89| 100.00 100.00 100.00 100.00
97.07  95.66 97.42 9592 98.58 9897 9879 99.25| 10000 100.00 100.00 100.00
94.24  94.59 9433 9344 9501 9599 9552 9645| 10000 100.00 100.00 100,00
96.19  95.66 96.63 96,011 97.07 9723 ~ 9673  96.87| 10000 10000  100.00 10000
90.06 9140 9096 89.45| 9347 9450 9432  95.40 100.00  100.00 100.00 100.00
97.16  97.07 97.52 97.07] 99.08 9941 9938 99.53 1{5@0@ 100.00 100,00 100.00

Table 3. A comparison of feature size and computing time of HOG, SSHOG, PHOG, MHOG,
HOG-Column, and AHOG methods

Method HOG ~ SSHOG PHOG MHOG HOG Column — AHOG
Feature Size 1,764 7,056 765 16,992 720 576
Computing Time 0.008s 0.031s 0012s 0.111s 0.018's 0.034 s

*

The second experiment aims to test the proposed method in terms of computing time
and feature size. The experimental results are shown in Table 3. The proposed method
‘has the minimal feature, 576 feature vectors. However, the computing time of proposed
~method is in an average, 0.034 sec, when compared with all methods. Based on the
experimental results, it is summarized that the proposed method, AHOG, achieves
the higher recognition rate in comparison with the state-of-the-art methods. In addition,
‘the AHOG descriptor is constructed with the smallest size of feature vectors.

5 Conclusions

n this paper, an AHOG method has been proposed to improve the efficiency of
xtracting local shape features and to increase recognition rate of printed Thai
haracters with high similarity. In order to achieve these purposes, the proposed

80
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method enhances the conventional HOG algorithm in two principal phases, i.e., &
using an adaptive partition for gradient images to increase the efficiency of a loca
shape feature extraction, and (if) applying an adaptive binning for oriented histog

to reduce the error of the local shape feature extraction. Based on th
improvements, the AHOG descriptor is minimal, 576 features, when compared wit
baseline methods, whereas the computing time of feature extraction is in an average
0.034 sec. Furthermore, the AHOG algorithm is evaluated in terms of recogniti
accuracy. Based on 59,408 single character images equally divided into training ané
testing samples, the experimental results show that the AHOG algorithm outperforn
the conventional HOG and state-of-the-art algorithms, including SSHOG, PHOG
MHOG, and HOG-column,
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