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ABSTRACT

A similarity~of printed| Thai characters. is a. grand challenge- of optical character
recognition (OCRY), 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-minimal 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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Abstract. The variots font-types, font-sizes, and font-styles have a great impact
on recognition” performance “of “optical character recognition (OCR) systcms.
This becomes a grand challcnge-for recognition improvement. In order to en-
hance the performance, this paper proposes the printed Thai character recogni-
tion wsing a standard descriptor, The descriptor construction consists of two
principal phases—preprocessing and feature extraction. In the former phase, the
prepracessing provides a standard form for each character image. In the latter
phase, the singular value decomposition (SVD) s applied to all font-type, font-
size, and, fone-style character images to cxtract features. Then the standard
deseriptor.is constructed from the suitable order selection of the SVD feature
decomposition. Finally, the projection matrix technique is applied to the recog-
nition phase in-order-to-measure the cosine similarity between the standard de-
seriptor and test sct. ‘The experimental results show that the proposed. method
achieves a high tccognition rate and is invariant to_{ont-types, font-sizes, and
font-styles. :

Keywords: optical character recognition (OCR), standard descriptor, singular
value decomposition (SVD), featare extraction.

1 Introduction

An evolution of a varicty 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 4l. [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. Mcesad et al. (Eds.); JCT2013, AISC 209, pp. 165-173.
DO 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 recognilion 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 néural network for recognizing printed Thai characters of no-head fonts.

Therefor€, this paper proposes a standard descriptor, which is 2 modularity method,
to improve the recognition performanee of OCR systems. The standard descriptor is
raade 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 QCR systems without reengineering software.

2 /Standard Descriptor Construction

A staodard descriptor plays an important role in representative of various font-types,
font-sizes and font=styles, thus Jeading to the performance improvement of OCR. This
section describes the effective standard descriptor consiruction consisting of two prin-
cipal procedures, preprocessing and feature extraction, In addition, projection matrix
technique applicd 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.characier scgmentation images to construct the
standard desctiptor, 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_imagé 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 matcices 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.
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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).

ﬁzﬁ; ”u”=\/u,2+u§+---+u§, 1)
. =%ﬁ (X =mYx=m) @

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

Al=TU x §x VT €))

where UV, and S denote left eigenvector, right eigenvectors, and eigenvalue, respec-
tively. The left and right eigenvectors are represented as U=AA™ and V=A"A, respec-
tively. Finally, the standard descriptor-is construeted 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 oceurs when the shape of characters is similar. Tt can be demonstrat-
ed with Fig: 4. This example-shows features of four similar characters—%, %, %, ¥—
in a vector space. As mentioned in the previous section, the lower order eigenvectors
of such characters ar¢ represented by. P(v), P(4); P(%),-and P(%). On the other hand,
the higher order eigenvectors are-represented-by H(v), H(v), H(%), and H(z). 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 elassification. Supposc that
there is a test vector y(¥)-in a'vector space as depicted.in'Fig. 4 and the cosine simi-
larity is applied to measure the angle-betweenP-and y. In this case the cosine function
gives a maxinum value, since the angle is very small. This leads to the misclassifica-
tion; that is, @ can be recognized as «, v, or «1. 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.

5]
[

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

The overall recognition procedure is illnstrated in Fig. 5. The manipulation begins
with a test/ vector, y, is normalized with standard descriptor  norms—Ilsd, |,
lsdall,...,lIsdll. This Step generates n test unit vectors—y;, ¥2--5,¥n- Then-the projec-
tion matrix technique is applied. to obtain cosine similarity values—s,, s,,..., s;—
caleulated from inner product of test unit vectors and standard descriptors. Finally, the
minimum value of a set s, is selected for recognition,

5
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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 descriptor constructed by SVD me-
thod depends on the suitable feature selection. Hence, the feature selection based on
expetiments 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.ace 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, CordialPC, 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 resulls are analyzed. Hence, two standard descriptors, namely SD1 and SD2,
are constructed by selecting the fower-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 Fige 6. It yields the
good recognition accuracy, on average 87.58%, for all font styles, ‘when seven com-
ponents inlower-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. Gnthe otherhand, 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
cigenvector order to provide the high recognition aceuracy 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. 1t 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 proposed 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 SD1 and SD2

Accuracy (%)
Level SDI] SD2
Normal ~ Bold  Italic Bo'fj- Normal  Bold  lalic Bo@-
Italic Ttalic

Upper 81.03 7979 8316  83.07 96,19 9805 9796 96.80
Middle 8308 . 8928 86.09 90.74 9834  99.15 9817  99.31
Lower 92.55 89.01  90.70  86.17 99.65 9929 9929  99.29

Average | B85.85 86.03  86.65  86.66 98.06 98.83 9847 9847

4

Conclusions

In this paper, an efficient standard descriptor for character recognition s 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 (he proposed method, SD2, evidently
outperforms-the wraditional method, SD1, in terms of a recognition rate."It is con-
cluded that the proposed standard descriptor helps improve the performance of QCR
systems without reengineering software.
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Abstract. A similarity’6f printed Thal charactersis.a. grand.challenge of optical
character recognition(OCR), especially in case of a varitysof font types, sizes,
and styles,~This paper proposes an effgctiye feature extraetion; adaptive
histogram 6f oriented™gradient\ (AHOG),” for avercoming thes character
similarity. The_proposed-method improves-the corventional histogram, of
odented gradient (HOG) in two principal-phases, Swhich are (i) adaptive
pastition for gradient images-and (ii) adaptive binning for oriented histograms.
The former-is-implemented with  quadtree partition bdsed on gradient- image.
Variance so as to-provide for.an efféctive local featurs extraélion..The later is
implemented with - fion-uriiform_ mapping technique, so that. the AHQG
descriptor can e corstructed with minimal errors,” Based on 59,408 single
character images - equally” divided into \training @nd testing, samples, the
experimental results show that the AHOG methed outperfofims the conventioral
HOG and state-of-the-art. methods, including scale spacé-histogram-of oriénted
gradient (SSHOG); pyraniid histogram of oriented gradient (PHOG), ‘multilevel
histogram of oriented-gradient (MHOG); 4nd HOG column encoding algorithm
(HOG-Column).

Keywords: Printed,, Thai) | Character 'Recognition, Pattern Recogaition;
Histogram of-Oriented Gradient (HQG), Adaptive Histogram~of _ Oriented
Gradient (AHOG); Feature Extraction.

1 Introduction

An evolution of pristed Thai fonis-has continually developed and created fora variety
of print medias, such as‘magazines, books, brochures, newspdpers, and s6 on. These
are appealing to'readers, but, are,useless to visually impaired personsi'In addition, a
variety of font typesysizes, and styles'is a key factor to degrade-fecognition rate of
optical character recognitien (®ER), which is a process-of converting document
images to editable text and Braillé"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,
DOI: 10.1007/978-3-319-06538-0_9, © Springer International Publishing Switzerland 2014
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Thai character fonts, i.e., the more new fonts are created, the more recognition errors
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], pyramxd i
histogram of oriented gradient [7], and multilevel histogram of oriented gradient [8].

Most of these have been successful in hxgh efﬁc1ency for object recognition, but few
papers [9] studied on HO : iti
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procedures, (11) gradient computation, (iii) spatial =
and oriented ] esefiptor blocks, and (v) detector
window and context. "Then.the feature acted from the HOG algorithm ar=

classified by a linear support vector machine (SVM) to identify persons or nor-
persons. Although the HOG method achieves in human detection with high =
performance, it is not suitable for Thai characters with high similarity, The maiz
reason is that the HOG approach was designed for coarse scale of object recognitior.
thus making it difficult to classify similar shape objects.
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(o) () (s

Fig. 1. An example of three groups of printed Thai characters with high similarity

a0t

(a)o=0

Fig. 2. An effect of applying'two scale spaces, o"=0.and ¢ = 1, to gradient images

SSHOG was.intreduced by Ning H.\et al [6] to solve complex objects and human
detections which can be better-to.perceive av/different scales. The ‘main idea of this
method is“applying Gaussian kernel with/ multipl€ seales as demonstrated in Fig. 2.
The conventional HOG differs-from SSHOG inthat it has only uni-scale (o = 0). The
=xperimental results show! thatthe-SSHOG method outperforms the conyentional
HOG/method~Nonetheless, the higher scale of‘the. SSHOG riethod filters out fine
shape information.=This I¢adsto-the misclassification when .the SSHOG, method
N plies to-Thai characters. Furthermore, the moreiincreased-scales construct the larger
cature size,thus consuming the-computational rime:

Representing shape with ,a spatial'pyramid_kerncl 'was:introduced by~Anna B.

al-{7], Its main idea is to.extend a resolution-ofthe conventional HOG method to
ulti-resolutions. In-this method, the. resolution-implies a numiber of sub-region

ages divided from 'the originall image. The\ descriptor ‘made from the multi-
esolutions is.called PHOG, Its ‘efficiency isbetter than the traditional HOG-method.
However, each resolution.of the- PHOG method is allocated with a fixed size. This
technique, works well ‘with coarse shape objects, but it leads to-the less recognition
k te when pplied.to That charactets with high! similarity.

B

'MHOG was praposed by SubhransuMe.et at.{8]. Dué to this-method derived from
'\'ie PHOG algorithm, jt cannot extract:thefine shape.information to generate effective
features. Furthermore, feature vectors are‘increasingly larger size.

Andrew JN. et-al. \[9] listroduced HOG column_eneeding algorithm (HOG-
Column) and<showed that the-descriptorConstructed from this algerithm is robust to
character, recognition. This“approach~is:-an’ extension of the ‘conventional HOG
descriptor by includingfeatures extracted from multiple scales, a base’scale, Opase, and
a coarser scalénIOpe, Wherer is,a scale ratig, ltis successfultorécognize imperfect
characters acquired«from.natural scenes. However, in cas€ of‘a higher scale, there is
20 difference when compared to-the.SSHOG.method,

Based on an analysis of Thai“character-pattcrns and conventional HOG algori-
thms, it can be summarized into two issues. (i) The Thai characters require fine shape
features for classification, whereas (ii) the conventional HOG method needs to be
improved for fine shape recognition. In order to meet the requirements, the critical
issue of the HOG algorithm is regarded as three factors, (i) a fixed partitioning, (ii) a
fixed binning, and (iii) a scalar magnitude sum. Fortunately, such an issue can be
solved by the proposed method which is described in details in the next section.
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Adaptive Partition Adaptive Binning
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(@ ) (©

T

#iz. 4. (a) gradient image convolved by S,. (b) gradient image convolved by S, and (c) a
~~hination of gradient images from (a) and (b)

i

g

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
x2d partition technique, i.e., alleelS are equaksizes. Nevertheless, this technique has
sisadvantage. As illuswafedsif Fig. 5, two similar sHape Character images are

| semitioned by means,of an"adaptive decompasition based on varfancewf the gradient
| —ages and are paftisioned by meahs of\a fixed /pdpttion, Jt is notieeduthat in the
—ddle-left sidgofFig. 5(a) and™5¢b), the fixed pariition-doecs-not providetan‘effective
-2l shape féaufre to_distinguish between-two simifay charaCters. Tn order tosimprove
5. the AFIQG algorithm make§ useliof, adaptive partitiog based on gradientiimage

-iance As/depicted T Fig. 5(c)-and S(d) Mt is evident thatthe adaptive.partitioniis
w1z 1o provide a bettei-loeal shape feature,

9
Fig. 30A comparisen(¢ffixed and adaptive partitions

This paper implements thE cell size /with-twa,_ levels, dx4pixels and.8x8 pixels,
<nce the teniplatesdf printéd Thal chatacters is-designed with/size 32%32 pixels. If
211 size is sthaller thdfiddx4 pixelspsofiie Bids-fiavezero data. This leads toghose bins
~aving no vectors ‘in oriéfitaiion. On the Sther Fand, it is impossibke togse’cell size
sreater than 8x8 pixelSnbecdtse the cell's data is coarser forclassification

=<

312 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 significant
features. On the other hand, in case of adaptive binning. the bin width is adaptively
defined for those features with regarding the density of the oriented histogram. The
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 2.5c, where ¢ is &
standard deviation of oriented histograms of a training set.
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o et ¥

() () () (d)

Fig. 7. (a) a sub-image of “v’, (b) a sub-image of ‘a’, (c) a vector addition. and (d) a scalz
addition :
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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 zer
padding, and image resizing. These are applied to each character image as shown in
Fig. 9. The standard form of images can be described as follows: the image size 1
32x32 pixels, character color is white, and background color is black.

Resizing

procedure: image complementati® age zero padding, and image

iz
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gni u&h 10 i

when compare 0 alic style, the maximum and
minimum recognition ratés ats#are 6.56% and 0.10% when compared tc
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. 4
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%,
cespectively, when compared to the HOG-Column method. Simultaneously, when
compared to the SSHOG method, the AHOG method outperforms with the better
recognition rate, 0.50%, 0.64%, 0.59%, and 0.28% for regular, bold, italic, and bold-
ialic styles, respectively.

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

Table 2. A comparison of recognition accuracy of HOG, SSHOG. PHOG, MHOG, HOG-
Column, and AHOG methods
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Method e, s
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v /2 N2 i\ i
54 @%\\U% z}dﬂf 10000 100 :oo 100:00
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97.07_ 9566 97.9309s: 858 9877 2 100.00 100.00
94.24 9459 _04.33 193 gy 5.§ 100.00 1 100.00
- \
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olunmn 90, 79096 43 | 793, g 1 00
G/ 167 97, 9}24 gx » 100001
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, th ue
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ng Time 8 s 1 .0 0.1Ks 018 s 0.034's
S

Lég«perime t n ofeéompitid time
and foat @The e 3. The'pro method
has the mini , 576 e comp@ ti proposed
method is™ ave; 0.034 sec, n pared yith h ased on the
experimenta ls Q?l.%marized that the pr cthod, OG. achieves
the higher recogniti e n %mgs\a%o -t thods. In addition,
the AHOG descriptor with the smalles € Vectors.

3 Conclusions

~ In this paper, an AHOG method has been proposed to improve the efficiency of
extracting local shape features and to increase recognition rate of printed Thai
- characters with high similarity. In order to achieve these purposes, the proposed
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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 lo
shape feature extraction, and (ii) applying an adaptive binning for oriented histograms
to reduce the error of the local shape feature extraction. Based on the
improvements, the AHOG descriptor is minimal, 576 features, when compared wi
baseline methods, whereas the computing time of feature extraction is in an averag
0.034 sec. Furthermore, the AHOG algorithm is evaluated in terms of recognition
accuracy. Based on 59,408 single character images equally divided into training anc
testing samples, the experimental results show that the AHOG algorithm outperforms
the conventional HOG and state-of-the-art algorithms, including SSHOG, PHOG.
MHOG, and HOG-column.
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