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Abstract

The use of k-Nearest Neighbors (kNN) algorithm for recognizing handwritten character scripts is presented in this
survey paper. The kNN algorithm, the simple and well-known algorithm for machine learning, is suitable for classification
scheme. According to the kNN algorithm, unknown data is firstly compared with the training samples to compute the
similarity function. The most similar k neighbors, which have the smallest distance values, are subsequently
selected by using the majority vote. The unknown data is then assigned by determining the number of its
occurrences in each class. The most frequent class in k neighbors is finally selected as the output of the classifier. In

this survey, it is found that the handwritten character datasets are collected from the different types of handwriting,
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including different character sets with the similar structure, a variety of the handwriting styles, incomplete

handwritten characters and insufficient number of handwritten character samples. These factors have a directl impact

on the performance of the handwritten character recognition. Thus, the robust feature extraction techniques for hand-

written recognition can be combined with the kNN algorithm in order to obtain the effective recognition performance.

Keywords: Handwritten Character Recognition, k-Nearest Neighbors Algorithm, Classifier, Feature Extraction,
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Some examples of the historical manuscripts: manuscript from (a) MLS dataset (Cabinet of the King, KdK

1893), (b) Saint Gall dataset (page 4, 9th century) and (c) Parzival dataset (page 124).
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An illustration of Thai handwritten text which is written by (a) the same person and (b) two different per-

The similarities of structure between different character sets of Thai handwriting.
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Table 1 Overview of Handwritten Character Datasets.

Handwritten Character Recognition Using k-Nearest Neighbors Classifier — A Survey 121

FILUN ATUE1OY
ﬁ’mﬁq@mﬁa ﬁagaﬁﬁadmsﬁhLLungnﬁmm
Iweglunguiimanzan TasasAienin “&osdnlng’
(Majority Vote: MV) %ams’maaumﬂﬁaga xiiﬂﬂﬁ i=1,
. k Faiu ﬂsjmadﬁa%mﬁﬂswngﬂaﬂﬁqm:gﬂﬁmu@iﬁ
Hunadnirasiuneuds kNN (28) sansadwiasldann
auMIn (2)

y|d|=argmax, Y, S(d.,x;|y(x;,

x; EkNN

2

Toon  d

X AatayanyalTouih j

favay aﬁﬁaamsaﬁLLuﬂﬁﬁ]zﬁmﬁ@mju

s, x) a0 Warduildmenenalndidosves
maua (Similarity Function) 3¥%314 d Wae X ‘ﬁ\‘l”sﬁﬂ’liﬂl“ﬁ
AuagIuNIRaenfanIITEe mwuuuqmm AIRUNT
@ (1)

y(x, ¢) Wusandnvas {0 1} feudw 0 o X
aaluﬂamaa c, uazddnilu 1 LNE]X "Luayluﬂaumaa c,
R X ’%"‘ﬂﬂ’ﬂ(ﬂlﬁaﬂ%ﬂau c, mmmumnm@

Madhamsduunnguuad kNN Wxad69 Figure
4 mﬂéhaamLLa@ﬂﬁLﬁuﬁaﬁaga"g@w@aam‘humﬁy’mm
3 ngu ﬂszﬂau"l,ﬂﬁ'mmjw a, b U8Y ¢ SINaEIWEVEINT
%’mmaﬂéjmﬁa k dandu 1, 3 uar 5 swvarinle
Fedoluil

n3ii 1) Warmual k=1 §Fangldi ndudeya
a i i d. ﬁmizﬁzmaszmwﬁagaﬁﬁaamsﬁhLLuﬂ
ﬁayﬁq@ o lunsdiil °1Tagaﬁﬁaanwﬁmungn%’mlﬁ
aglundu a

Dataset Language Year Color Number of Number of Train Data Test Data
Format Writers Classes
USPS digit 1990 Binary Multi 10 7,291 2,007
MNIST digit 1998 Grayscale 250 10 60,000 10,000
NECTEC Thai and digit 2003 Binary 63 77 9,702 4,851
ThaiCAM Thai and digit 2006 Binary 20 77 4,620 4,955
LATIN Latin and digit 2009 Grayscale 251 35 27,966 12,167
ALICE-THI Thai and digit 2015 Grayscale 150 78 21,185 2,860




122 Olarik Surinta et al.

il 2) wualid k=3 gadayaifiszazvinetia
Toyafidasmsiiuunibosiigadnuin 3 auau (d,, d_ uas
d)

U
\ Nfa Tayav0dnga a 914 1 Toya uaz b 91mIn 2

DU A9t Warwua i k=3 Tayafidaansdunnaz

e e

nialiaglungdw b
Nl 3) wualid k=5 gadayaifiszazvinetia
Teyafidasnsiunniasigadinwin 5 Suy (d,d,d,
tﬁ’ = A v 1 ) v
d, uas d ) G9iidie dayavasngu a Sruan 3 Taya usz b
w2 Toya FITulunIth k=5 ToayafidaInssumn
azgnialiaglungu a

wITefiieITes

87989 NRANRABIIUITY &11TANE1 bAT
KNN 1 uiunaudzniinnsdszuianafisinss ani
UszAnSawlunsiidanwaivaglusedud 28-30) Vit
9884 Elglaly and Quek (28) VL@Tﬁ'mwsmaaamsﬁ
§nddnwsonstnfiluisnwslan lagldiwadindasas
mm%u (Multilayer Perceptrons: MLP) L8z kNN Lﬂu%'u
@1auﬁ%ﬁmﬂ‘lumumﬂﬂs:mwﬁa;&a {udiinaulain
mig‘f{hﬁaé’ﬂmmsﬁﬂﬁw%’u@auﬁ% kNN Wm’mgnﬁaa
9 90% luwnuzl MLP TWanugndaafing 60% e

'
o A

Tunsdifhziulddn kN W sanfawlumsiifigant
MLP £9 30%

5 €€
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example, k = 1, 3 and 5).
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Table 2 Study of various handwritten character recognition systems using kNN algorithm

J Sci Technol MSU

Authors Dataset Image Pre-processing Feature Performances
Size Extraction
(Pixel)
Name Train Test Classes
Boriji et al. MNIST 60,000 10,000 10 32x32 - N/A - C2 features 87.80%
(2008) (32)
Farsi 60,000 20,000 10 91.50%
Kumar et al. Gurmukhi 3,150 350 56 100x100 - Normalization - Diagonal 94.12%
(2011) (3) - Contour Image  features
- Transition
features
Surinta et al. Thai 5,310 590 68 40x40 - Cropping to - Hotspot 88.00%
(2012) (33) Character exceeding part technique
- Binarization - Mark direction
MNIST 9,000 1,000 10 - Normalization  technique 89.90%
- Thinning - Direction of
Bangla 863 959 10 Sl 90.10%
numeric technique
Rathi et al. Devanagari 6,910 2,281 13 90x90 - Binarization - Feature mining 96.14%
(2012) (34) Vowel - Removing algorithm
isolated object
- Median filter
Dhandra et al. Kannada 2,000 2,000 40 32x32 - Noise removal - Density based 95.77%
(2012) (35) vowel and - Normalization zone features
English
Dhandra et al. Kannada 700 700 14 40x40 - Binarization - Normalized 95.07%
(2014) (36) vowel chain code
- Wavelet filters
Elglaly and Arabic 196 84 28 64x64 - Noise removal - Height/Width 90.00%
Quek (2014) - Binarization - Number of

(28)

- Normalization

black pixels /
Number of

- Number of
horizontal
transitions

- Number of
vertical

transitions
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Table 2 Study of various handwritten character recognition systems using kNN algorithm (Cont.)
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Authors Dataset Image Pre-processing Feature Performances
Size Extraction
(Pixel)
Name Train Test Classes
Kale et al. Devanagari 21,600 5,400 108 30x30 - Binarization - Zernike moment 95.82%
(2014) (14) Marathi - Noise removal  features
- Boundary
Tracing
- Normalization
- Skeletonization
Babu et al. MNIST 60,000 5,000 10 28x28 - Binarization - The number of 98.42%
(2014) (37) - Noise removal  contours in the
image
- Area of the digit
- Height, Width
and Width to
Height ratio
features
- Distribution
features
- Skeleton
features
Vyas and Guijarati 2,100 900 10 20x20 - Noise removal - Modified chain 93.60%
Goswami Numeral - Binarization code
(2015) (31) - Normalization - Discrete Fourier
- Thinning Transform (DFT)
- Discrete Cosine
Transform (DCT)
Surinta et al.  THI-C68 13,130 1,360 68 36X36 - Normalization - Histograms of 91.91%
(2015) (25) - Convert to Oriented
THI-D10 8,055 1,500 10 grayscale image  Gradients (HOG) 97.83%
- Scale Invariant
BANG-C45 4627 900 45 Feature 69.67%
Transform (SIFT)
BANG-C10 9,161 1,500 10 96.07%
LATIN-C25 23,329 11,287 25 96.12%
LATIN-C10 1,637 880 10 96.48%
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