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Pattern Classification

e (G1ven a sample x.
— Find the label corresponding to it.

A classifier is an algorithm, which takes x and returns
the label between 1 to N.

— Binary Classification - N=2

— Multiclass classification - N>2

» Evaluation 1s usually done as probability of correct

classification.
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Overall architecture of an OCR system

I[l;put: t Noise cleaning Skew Text & Graphics
pocurnen and Binarization Correction Segmentation
image

_ Line & Word
Output: Segmentation

Text/ unicode

Document Parsing

Reconstruction

(CC Analysis)
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Focus of this Thesis

 (Classification of characters/patterns for a large
class (number of classes 1n the order of
hundreds) problem.

* We choose character recognition for an Indic
language, Malayalam, as our area.

* However, our methods are highly generic
(language and script independent).

* Conducted experiments on a large real dataset.

-




Challenges for Indic OCR

e Large number of characters.

e Large number of similar/confusing characters.
e Complex character graphemes.
» Unicode/display/font related 1ssues.

e Variation in glyph of a character with change in font/style.

 [ack of standard databases, statistical information and benchmarks
for testing.

e Lack of well developed language models.

* Quality of documents 1n terms of paper quality, print quality, age
of document, the resolution of scanning.

« Appearance of foreign or unknown symbols. N
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Challenges Specific to Malayalam *
Script

Non-Standard Font Design.

Script Variations.

Representation Issues.

Compound Words and Dictionaries.




i “Building Datasets from Real Life”

Documents

« Large dataset for training and testing OCR.
* Symbol level annotated data.
* Challenges

— Degradation : Cuts, merges, spurious noise etc.
— Language specific i1ssues.

— Font and Unicode related i1ssues

e QOur Solution :

— Dynamic Programming based word alignment
algorithm.




Alignment of an English Word M
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Algorlthm to align Indic Scrlpts‘&

.
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.
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Input: Word image W and the corresponding Unicode/text from annotation.
Convert the Unicode to the class labels using a map file MAP.
Reorder the symbols, using the language rules in RULES file.

Render the symbols to get a word R, and label each symbol with the
corresponding class label.

Find the connected components in the original word image.

Initialize the dynamic programming table D of size m X n, where (m — 1) and
(n — 1) are the no. of connected components in R and W respectively.

Fill each cell, D(1, j) in the table using the following equation.

D(i—1,j— 1)+ MC(R;. W;)
Di.jy=min{ D{i—1,7)+ MC((H;_, F;),W;)
D(i,j — 1)+ MC(R;,(W;_1, W;))

where, MC(R1,Wj) 1s the matching Cost of symbol R1 in the text(rendered as
image) with symbol Wj in the original image.

Get the matching String by reconstructing the path, by following the minimuj;
cost path.

Propagate the labels of symbols in R to W.




= lignment of a Malayalam Word#ie

U+0d31:U+0d2a;U+0d4d;U+Od2a;|
U+0d46:U+0d1£;U+0d4d;:U+0d1f: .

______________________________ I

Convert to symbols
Reorder symbols m o g 6) %l §

Input
' Word Image(W) | .
| mogﬁ) § 'CC Analysis
| , N m 9 Hg _— Feature Extraction
! Unicode :
| |U+0d2e;U+0d3e;U+0d31;U+0d4d; E

e

MAP FILE fl.fn | fl.fo | fi.fo | fl.fo | fl.fo |fl.fo
33: 5131223 52: 113; 107 RULES FILE FY 1. 0.2627] 0.8975 | 1.5988 | 21796 | 3.0155 | 3.8445
iRender the word image o £1..fn| 0.6491 | 0.3015| 0.3789 | 0.4750 | 0.8455 | 0.9330 | DP based

Matching

g -
. fl..fn| 1.2455 | 0.3923 | 0.3297]| 0.3956 | 0.7832 | 0.8481
D00 alS - ’ | o algn

R and W
G)fl--fn 1.6744 | 0.5550 | 0.4316 | 0.3940| 0.8123 | 0.9251

CC Analysis
Labe's the CCS ‘Hﬂ"m 2.1506 | 0.7079 | 0.5976 | 0.5754 | 0.6156| 0.7751

m § f1..fn| 2.6993 | 0.8335 | 0.6790 | 0.7102 | 0.9488 | 0.6396
g H § 33 51 52 113 107
3351 122 l52 113 107 z ‘

Feature Extraction

2.
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Decision Making Rules 1n *

CVIT
backtracking

First | Second | R-1 | R- 2 | Condition Decision] Decision2

1. M I M1 M2 | M1 < M2 M, N CUT

2. | MM I M1 M2 | M1 < M2 MM/DS N CUT
3. M D M1 M3 | M1 < M3 M., MS MERGE
4. | MM D M1 M3 | M1 < M3 | MM/Ds, MsS | MERGE

5. M IM M1 M2 | M1 < M2 M, N CuUT
6. | MM DM M1 M3 | M1 < M3 | MM/Ds, MsS | MERGE

7. I M M1 M2 | M1 < M2 M, N CUT

. I MM M1 M2 | M1 < M2 MM/DS, N CuT
9. D M M1 M3 | M1 < M3 M, MS MERGE
10, D MM M1 M3 | M1 < M3 | MM/DS, MS | MERGE

11. | IM M M1 M2 | M1 < M2 M, N CuT
12,1 DM MM M1 M3 | M1 < M3 | MM/Ds, MS | MERGE
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=LAl t of d with t '
“Alignment of a word with two cuts
; I S Feature Extraction
. DP based Alignment
CC Analysis 1 S
alll ® e RIP K- ¢ 11
fl. fn fl..fn| fl1..fm | f1..fn |fl .. fn fl..fmn | f1..fn [f1..fon [ fl .. fn
.. fn _ _ _ ~
Word Image (W) n_ll 0.1366 |0.4236 |0.6465 |0.7790 |0.9532 | 1.1465|1.3600 |1.6078 |1.8165
q i‘ o’] m; lﬂ§ "Iﬂ‘-f“ 0.5250 |0.2304 [0.7691 |0.7338 |1.0274 |1.2984 |1.5839 |1.9494 |2.3965
—> (bﬂ"fn 0.7059|0.8134 |0.3014 |0.4798 [0.6907 |0.7724 [0.9679 |1.1357 |1.2410
l 'Iﬂ"f“ 0.9265 |0.7996 [0.6443 |0.3887 |0.6823 |1.0358 [1.2097 |1.4698 |1.9168
.. 1
Rendered Word Image (R) M ' 1.0939 | 1.1740 |0.7266 |0.8311 |0.4977 |0.5651 |0.8166 |0.9907 | 1.1331
ﬂJ'I m'] ma& 3“"“ 1.2614 |1.4926 |0.8301 1.11g§,{r.6i91 0.5864 {5.‘@6@? 0.8347 |0.9833
1. e <
& 14507 |1.8092 |0.9039 |1.0517 [0.7120 (0.7193 |0.8573 |1:8145 |0.8737
CC Analysis l T J

Label 16 553555 101 57 9 |Feature Extracflﬁms S5 101 57 9

al 0 BO) B~ _-u‘(?‘
:r"=}-'1inimum :;' \ ) {r}; ,
_"IJ_(O @é’z 3y ))I}mz.sisv |

14 55 3555 101 101 579 9
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lignment of a word with two me

Rendered Word Image (R) Word Image QV)
o.i]g;o_l‘ls?_-u aflg)afl®al

CC Analysis #

Label 37 55 107 57 37584363 14 . -
Qs o_l‘lsp afl )oll®al
Feature Extraction |

v
ol 3 3 afl| @ v al

fl.fn| fl.fn fl..fn| f1..f(fl..fn | fl..f| fl1..fn

ml - 0.3660(0.8032|1.1895| 1.5318| 1.8417| 2.1886| 2.4068

'] 1.1 0 6557| 1.1354| 1.3356| 1.4622 2.0569| 2.6310| 2.7503

1.. ff
0.8579| 0.6789|0.7810| 0.9603|1.2099|1.3747|1.8787
S ° DP based

& " "1.0520|0.7853) 0.7499| 1.0164 11432 1.3219] 1.7282|  Alignment

T .. 1
0_[1 1.1666| 0.9901 | 0.93980.9264| 1.2363| 1.5833| 1.6614

5 A " 14322) 1.3780] 14077 1.0631[1.4904 | 1.9453] 2.0514
9“ ~™1.7886| 1.5261| 1:5014| 1.5310| 1.1236|1.2390| 2.0424

W - ™2.0392/1.7265| 1.7031| 2.0524| 1.3401| 1.3361| 1.7355

) |- 12.3007) 2.2585 2.0051] 2.02491.8020| 1.8824| 1.4421 h

=~ R ™
. 37 gs 107 57 3758 43 63 14

= Minimum § Q_n 3 | ,’ = 1.1061

Propagate the labels ; T
from R to W /o \/ |} ‘l)

afl yoll®ar

37 55 107 57 3758 43 63 14
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Statistics of Malayalam booksﬁ
used 1n the experiments

[IIT Hyderabad

S.No | Book Name +# Pages | # Words | # Unicode | # Symbols
1 | Indulekha 235 46281 423850 321470
2 | ValmikiRamavanam 170 21360 203602 228188
3 | Sarada 156 32897 300353 235791
4 | Sanjayan 36 4079 35914 28661
5 | Hitlernde Athmakadha 87 16403 166307 125658
6 | BhagatSingh 284 57252 489534 458016
7 | Ramarajabahadoor 440 81021 283497 648336
8 | Thiruttu 86 15654 143654 117403
9 | Dharmaraja 421 45931 047419 807449

10 | IniNjanUrangatte 168 A0TRE ATHRTT 2TT257
11 | ViddhikaluteSwargam (9 8793 TTR26 62396
12 | Janmadinam 03 12112 110763 R6260

Total 2245 | 441568 3648596 3503394




Unigram and Bigram statistics-ﬁ‘

* Obtained the Unigram and Bigram statistics in Malayalam as a
by-product of word alignment.
S.No Char Unigram|S.No Char Unigram 5.No  CharPair | SNo  Char Paii
1 1 o0s12 |11. O o0 L 3 0 [ @O 1
) 0 00777 | 12- (g 0.0262 : 0@ |2 U )
X oo |1 0.0242 s @ 7 s @ 1
. 6) 0.0300 | 14. N\ 0.0233 4. (D 3 14. ’] 6)
5. QQ) o0 |15 x] eom s, 9 (15 (M 1
6. (D 00323 | 16 €YY 00103 6. (TN 3 6 ] @
.. o oo0s0s |17 S oar 7 3 m (v 1 86
s. () o097 |1s. B6) comn s.. dh O | @ ]
o. (YD) oo0zs |19 (O10) o.0164 0. BF) 3 10, 3 6)
0. (@) oo |20. (YU 0015 0. Q@ 3 0. @ 9
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Classification Schemes

Empirical Evaluation of Character

-




CVIT

Motivation

» Are the state of the art classifiers suitable/
sufficient to solve Large Class problems ?

— Most of the classifiers designed for smaller number of
classes.

— But a large number of real world problems are large
class (in the order of hundreds) in nature.

» Will the character classification problem for
Indian languages be solved successfully ?

— Large number of classes.
— Unavailability of bench-mark datasets. N




Focus of the Study

Experiment 1 :
Experiment 2 :
Experiment 3 :
Experiment 4 :
Experiment 5 :
Experiment 6 :

Comparison of classifiers and features.
Scalability of classifiers.

Richness in the feature space.
Sensitivity of features to degradation.
Generalization across fonts.

Applicability across scripts.

-
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Classitiers Used

* Multi-layer Perceptron (MLP).

* Convolutional Neural Networks(CNN).

» K-Nearest Neighbour (KNN).

» Approximate Nearest Neighbour(ANN).
 SVM-Majority Voting (SVM-1).

« SVM-DDAG (SVM-2).

* Naive Bayes(NB).

* Decision Tree Classifier (DTC). ‘i
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Features Used

* Central Moment (CM).

* Zernike Moment (ZM).

* Discrete Cosine Transform(DCT).

* Discrete Fourier Transform(DFT).

* Principal Component analysis(PCA).
* Linear Discriminant Analysis(LDA).
* Random Projections (RP).

* Distance Transform (DT).

* Raw Image (IMG).




a4 Dataset Used
 From annotated books

printed primarily in (GTO m m

Malayalam.
e 5,00,000 real characters mmm
(Symbols) from 5 Books. mm m
| @T1o@@Y0
experiments are :
Telugu and English. m m m

e Dataset Generation. m (m m

C. V. Jawahar and A. Kumar, .Content-level annotation of large collection of printed
' document images,. in ICDAR, pp. 799.803, 2007.

 Other scripts used for the
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Comparison of Classifiers and Features:
Experimental Settings

» The focus of the study 1s to find out the set of
classifiers and features that can be used to solve the
problem successtully.

 Parameters of classifiers :-

— MLP — no. of nodes 1n the hidden layer: 60,
momentum: 0.6, no. of epochs: 30.

— SVM —with linear kernel.
— KNN and ANN — with K = 5.

e Scale size used : 20 X 20.
e Train : Test Ratio => 5:95
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Comparison of Classifiers and

Features: Results
Classifiers
Feature | Dim
MLP KNN ANN | SVM-1 | SVM-2 NB DTC

C.M 20| 12.04 4.16 5.86 10.04 9.19 11.93 5.57
DFT 16 8.35 8.96 9.35 7.88 7.86| 15.33| 13.85
DCT 16 5.43 5.11 5.92 5.25 5.24 8.96 7.89
ZM 47 1.30 1.98 2.34 1.24 1.23 3.99 8.04

PCA 350 1.04 1.14 2.39 0.37 0.35 4.83 5.97
LDA 350 0.55 0.52 1.04 0.35 0.34 3.20 4.77
RP 350 0.33 0.50 0.74 0.34 0.34 3.12 8.04
DT 400 1.94 1.27 1.98 1.84 1.84 4.28 2.20
IMG 400 0.32 0.56 0.78 0.32 0.31 1.22 2.4%

Error rates on Malayalam dataset.
Error rate using CNN : 0.93

[IIT Hyderabad
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Comparison of Classifiers and Features:
Observations

* SVM classifiers outperforms other classifiers,
because of 1ts high generalization capability.

 SVM-2 with a class of feature extraction techniques
based on raw 1mages and their projection on
uncorrelated set of vectors resulted in the best
performance.

 DTC and NB performed the worst of all.

 KNN performed moderately well, but with a higher
computational requirement compared to SVM.
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Richness 1n the Feature Space:

Experimental Settings

* What should be the 1deal feature vector length for
the problem to get solved successfully ?

« With a large number of features accuracy can be
improved.

* We conducted the experiments by varying the
feature vector length from 10 to 375.

» Features used for this study are, LDA, PCA, RP,

DCT and DFT.
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Experiment: 2 F.e
CVIT N0 etabad

Richness 1n the Feature Space:

Results

15

—h
o

% Error Rate

O

0 100 200 300 400
# Features

Error rates of SVM-2 classifiers with varying number of features. ‘
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Richness 1n the Feature Space:

Observations

» Error rates rapidly decreases with the increase in
number of features initially and then saturates after
a point.

 When the number of features are small, LDA
outperforms PCA.

 However with a large number of features PCA,
LDA, RP performs more or less similarly.

* A rich feature space is needed to solve the
classification problem successfully.




- Experiment: 3

Scalability of Classifiers:

Experimental Settings

Most of the publicly available datasets have small
number of classes (in the order of a few tens).

One of the major challenges in Indian language
character recognition 1s the large number of classes
(in the order of hundreds).

How the performance of the classifiers effected with
the increase 1n size of the problem (as the number of
classes increases)?

We conducted the experiments by varying the
number of classes from 10 to 200.




Experiment: 3
Scalability of Classifiers:

Results

—pt— DTC
—v— NB
e \MLP
—— KNN
ANN
—ip— SVM DDAG
—— SVM Majority
e CNN

- 40 60 80 100 120 140 160 180 200
# Classes

% Accuracy
<o)
(0]

97.5

97

96.5

Accuracy of different classifiers Vs no. of classes, Feature used : LDA|
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~ Experiment: 3
Scalability of Classifiers:

Observations

* Performance of all the classifiers goes down
as the number of classes increases.

 SVM classifiers degrade gracefully with the
increase 1n size of the problem.

(For 10 class problem, accuracy = 99.9, For 200
class problem = 99.3).

* The second best performing classifiers are

Neural Networks.
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Degradation of Characters :

Experimental Settings

* Characters in a real document are generally
degraded.

* Most of the feature extraction techniques will
have difficulties to extract the right features,
in the presence of degradations.

We modeled 6 degradations.
— DI, D2, D3 (based on boundary erosions).

— Cuts, Ink blobs, Shear.
Q. Zheng and T. Kanungo, .Morphological degradation models and their use in

document image restoration,. in /CIP, pp. 193.196, 2001.
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Examples of degraded images

@R @RYG)nf >
| GRA@Y)Y ) B D>
| @0 @Y ag i
B @A) af)n D>
@10 @D nf) a3 >
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egradation of Characters: ””!E;a!“

Results

Feature | D-1 D-2 D-3 Blobs | Cuts | Shear
C.M 9.45 9.46| 10.97| 16.28| 12.33| 30.07
DFT 7.89 7.93 7.98| 26.70 8.73| 18.90
DCT 5.71 5.72 6.07| 19.80 7.93| 16.46
M 1.96 1.98 2.10 8.41 4.35| 17.75
PCA 0.39 0.39 0.40 2.17 0.64 8.59
LDA 0.30 0.31 0.32 2.01 0.61 7.32

RP 0.48 0.67 1.04 3.61 0.71 6.75
DT 1.75 1.98 2.21| 10.33 5.07| 12.34
IMG 0.32 0.33 0.33 2.78 0.66 6.84

Error rates of different features on various degradations using SVM-2 _classifien
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Degradation of Characters :

Observations

 Statistical features are reasonably insensitive to the
small degradations (D1, D2 and D3).

* Features like DT, which works well with clean
images fails with cuts and ink blobs 1n the
character.

» A better performance 1s observed for features PCA,
LDA, RP and even raw 1mages(IMG) on
degradation, compared to others.

* Shear 1s a more challenging problem, need more
consideration 1n this aspect. ~
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Generalization Across Fonts:

Experimental Settings

* How sensitive is the classifier performance
on an unseen font ?

* The study included 5 popular fonts in
Malayalam.

— MLTTRevathi, MLTTKarthika,
MLTTMalavika, MLTTAmbili, MLTTKaumudi.

 Train the classitier with 4 fonts and test on

the 5th font.




Experiment 5
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Generalization Across Fonts:

Results and Observations

Font-1 |Font-2 |(Font-3 |Font-5 |Font-4
S1 08.15 95.49 92.52 94.27 92.22
S2 98.97 97.14 95.22 94.59 94.65

Accuracies of SVM-2 classifier when trained with 4 fonts and tested on the
5th font. S1 : Dataset without degradation, S2: Dataset with degradation.

* Generalization across fonts can be achieved by
having a wide variety of fonts in the training set.

* A better performance can be achieved by adding a
little degradation to the training data. ~




E] wperiment:s i
Applicability across Scripts:

Experimental Settings

* Can the previous experimental results be
extended to other scripts ?

* Experiments conducted on Telugu and
English scripts.

e Around 50,000 real character images from
each scripts used for the experiments.




Experiment: 6.
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Applicability across Scripts:

[IIT Hyderabad

Results
Telugu (350 class) English (72 class)
Features
20X20 40X40 20X20 40X40

C.M 20.78 12.32 7.25 6.48
DFT 8.45 5.48 2.04 1.12
DCT 9.67 2.71 2.14 1.04
ZM 15.71 6.71 5.37 3.31
PCA 4.62 2.93 0.86 0.46
LDA 2.56 1.67 0.29 0.23
RP 2.49 1.66 0.28 0.23
DT 3.48 3.17 0.98 0.87
IMG 3.18 2.84 0.28 0.23‘|

Error rates on Telugu and English Datasets, with SVM-2 classifier.




Applicability across Scripts:

Observations

 The conclusions on character classification
are highly script/ language independent.

* More complex scripts can be approached
with a richer feature space, which gives more
discriminative features.

-
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Implementation of Classifier for
Large Class Problems

 SVMs are popular and accurate binary classifiers with
high generalization capability.

 Direct multiclass extension of SVM is not attractive.

* Binary pair-wise classifiers combined using DAG or
BHC architectures are generally used.

« For large classes, the solutions are not scalable.

 How to scale SVM solutions for large class
classification, in terms of their space and
computational requirements?




Decision Directed Acyclic Graph*
(DDAG)

o o
Py

.

\
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Properties of Multi-class SVM&‘-
with DDAG

Each binary solution 1s independent.

Space complexity ~ total number of SVs in the solution.

flz) =) aiyiK(z,s)+b.
i=1

« Time complexity for classifying a sample ~ number of SVs
along the decision path it takes.

* As number of classes increases, the complexities increase
multi-fold.

» For large classes, the solution becomes impractical.

 How to reduce the complexities without compromising on the N
accuracy?

[IIT Hyderabad



Proposed Solution

* An effective and easy to implement data
structure for efficiently storing SVs.
— We call 1t Multiclass Data Structure (MDS).

— Breaks the independence assumption — SVs are
samples on class boundaries.

— Exploits the redundancies in SVs across the pair-
wise classifiers.

— As number of classes increases, the redundancy also
Increase.

* An algebraic method for simplifying hierarchical
I SVM solutions exactly.
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MDS: Multiclass Data Structure
Node 1 EIL IT“';]DEX Reduced list of
1Vs2 |fayt—T1— SVSL)
- sV-1 |o
. sVv-2 |1
ak | S | V-3 ’
Node (N-1) : * The kernel computation
1VsN p for a SV once computed is
: SV-K |k-1| reused in computing at other
— SV—KU|K | podes.
Node N(N-1)/2  * .
(N-1) Vs N LK_ 1
. SV — 'R-17|R-2
. = SV-R_|R1
R-IT | —

[IIT Hyderabad
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MDS Vs IPI on UCI datasets

Data set Kernel No. of SVs

Name Type IPI(S) MDS(R)
PenDigits Linear 5788 2771
Poly. 3528 1777

(10-class) RBF 67450 7494
I etters Linear 113249 15198
Poly. 80553 12961

(26-class) RBF 482975 18666

The utility of MDS, increases with the size of the problem.

With the use of MDS, we achieved 98.5% of reduction in SVs and
60% reduction in classification time .(using linear and polynomial
kernels on a 300class data set in comparison to a naive

implementation.) \
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S

Algebraic Exact Simplification *

o Step 1: Multiclass extension

» Apply exact simplification proposed by T. Downs et al. in
JMLR, 2001 to each node independently.

» Each node is reduced to a set of linearly independent support
vectors.

o Step 2 : Hierarchical Exact Simplification (HES)

» Union of two linearly independent sets need not be
independent.

» Add SVs from nodes that are above in a decision path to the
one below.

» Reduce the obtained extended set by exact simplification

method.
» Apply HES along each decision path independently.




CVIT ﬁ

Results with Algebraic Exact
Simplification
Dataset Reduction(%)
(# Class) #Dim. | Step 1 | Step 2 | Overall
PenDigits (10) 16 85.42 | 71.49 05.84
Letters (26) 16 04.87 | 17.78 95.60
OptDigits(10) 64 59.25 | 54.92 81.63
Vowel(11) 10 76.89 | 68.90 02.81
Reduction in classification time (using linear kernel).

* With the use of HES the time complexity of multiclass problems
can be reduced considerably. ~

[IIT Hyderabad
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Character Classification for OCR

Document
Image

Unicode

(Text)

—| Pre—processing

Segmentation

.

Feature
Extraction

—~— Post—processing

Classification

[IIT Hyderabad
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Our OCR Design Specifications

« Used SVM with DDAG as classifier and
binarized Pixel values as feature set.

* The tramning data for SVM 1s collected from the
real dataset.

 No. of classes : 205

» Tweaked pre-processing routines to fit the
Malayalam dataset.

-
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Pertormance Evaluation

e Performance Metrics

CharEditDistance(C,O)
|C]

Character Edit Distance (CER) =

No.of Misclassified and Recognizable Symbols
Total No.of Recognizable Symbols

Symbol Error Rate =

No.of Misclassified Unicode

Total No.of Unicode

Unicode Error Rate =




Symbol level and Unicode level Error Ratm

Symbols Unicode
S.No Book Name

# Total Error(%) | #Total | Error(%)

1. | Indulekha 321470 1.70 423884 4.80
2. | ValmikiRamayanam 228188 0.94 293822 2.82
3. | Sarada 235791 2.76 299056 3.92
4. | Sanjayan 28661 3.34 35668 4.59
5. | Hitlerude Athmakadha 125658 1.23 163863 2.95
6. | BhagatSingh 458016 3.11 489534 6.39
7. | Ramarajabahadoor 216744 2.12 268653 4.38
8. | Thiruttu 117403 3.88 143582 5.71
9. | Dharmaraja 897449 2.35 947419 5.82
10. | IniNjanUrangatte 277257 1.71 315259 3.74
11. | ViddhikaluteSwargam 62396 3.34 74719 6.89
12. | Janmadinam 86269 2.41 108881 4.98

Total/ Average 30,55,302 2.40| 35,64,340 4.74

[IIT Hyderabad




CVIT Unicode level Error Rates ﬁ

S.No Book Name Edit Dist | Substitution | Inserts | Delets
1. | Indulekha 4.80 2.13 2.00 0.98
2. | ValmikiRamayanam 2.82 1.49 0.79 0.65
3. | Sarada 3.92 2.10 1.22 0.89
4. | Sanjayan 4.59 2.31 1.09 1.57
5. | Hitlerude Athmakadha 2.95 1.35 0.70 0.94
6. | BhagatSingh 6.39 3.94 3.18 1.19
7. | Ramarajabahadoor 4.38 2.57 1.95 0.80
8. | Thiruttu 5.71 4.92 2.53 1.26
9. | Dharmaraja 5.82 1.43 1.68 1.30

10. | IniNjanUrangatte 3.74 1.89 0.75 1.19

11. | ViddhikaluteSwargam 6.89 2.45 1.29 2.75

12. | Janmadinam 4.98 1.80 0.82 2.24
Total/ Average 4.44 2.60 1.68  1.03

[IIT Hyderabad
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Word Level Error Rates

* Accuracy on all the words

No.of Correct Wards
Total No.of Words

Word level Accuracy =

* Accuracy on recognizable words (Words with no degradations)

No.of Corrector Recognizable Words

Total No.of Recognizable Words

Word level Accuracy =




&

CVIT Word Level Results

S.No Book Name # Total | %Accuracy | # Good | % Accuracy
1. | Indulekha 46281 80.70 39644 94.22

2. | ValmikiRamayanam 31360 90.30 29339 94.22

3. | Sarada 32897 72.10 26671 88.93

4. | Sanjayan 4079 70.63 3224 89.36

5. | Hitlerude Athmakadha 16403 81.32 14291 93.33

6. | BhagatSingh 57252 51.32 35246 80.12

7. | Ramarajabahadoor 81021 53.84 52047 83.81

8. | Thiruttu 15654 59.74 10553 88.61

9. | Dharmaraja 95931 51.83 65427 86.58

10. | IniNjanUrangatte 39785 81.82 34822 93.48

11. | ViddhikaluteSwargam 8793 63.18 6435 86.34

12. | Janmadinam 12112 77.27 10326 90.63
Total/ Average 441568 69.50 328025 89.13

[IIT Hyderabad
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CVIT Word Level Results
S.No Book Name # Total 0 Error 1 Error 2 Errors

1. | Indulekha 46281 19.29 6.90 4.69

2. | ValmikiRamayanam 31360 9.70 2.71 4.12

3. | Sarada 32897 27.89 9.17 7.75

4. | Sanjayan 4079 29.36 6.47 9.70

5. | Hitlerude Athmakadha 16403 18.67 8.90 5.35

6. | BhagatSingh 57252 48.67 12.42 13.46

7. | Ramarajabahadoor 81021 46.15 8.39 13.12

8. | Thiruttu 15654 40.25 4.22 16.60

9. | Dharmaraja 95931 48.16 13.16 14.96

10. | IniNjanUrangatte 39785 18.17 6.11 6.33

11. | ViddhikaluteSwargam 8793 36.81 8.43 6.96

12. | Janmadinam 12112 22.72 8.99 5.30
Total/ Average 441568  30.48 7.98 9.02
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CVIT Page Level Results ﬁ

S.No Book Name #Total | Avg. <2% (2—-5% |5—-10% |[>10%
1. | Indulekha 235 | 4.80 0.42| 70.63 26.38 2.55
2. | ValmikiRamayanam 170 | 2.82| 31.76 57.64 4.11 6.47
3. | Sarada 156 | 3.92 6.41 75.00 14.74 3.20
4. | Sanjayan 36 | 4.59 5.55 55.55 30.55 5.55
5. | Hitlerude Athmakadha 87| 2.94 3.44 89.65 2.29 3.44
6. | BhagatSingh 284 | 7.39 0 29.92 5246 | 16.90
7. | Ramarajabahadoor 440 | 4.38 7.80 | 68.79 20.56 2.83
8. | Thiruttu 86| 5.71 232 | 52.32 30.23 | 15.11
9. | Dharmaraja 421 5.85 0.23 56.53 33.96 8.78

10. | IniNjanUrangatte 168 | 3.74 4.61 66.15 11.28 1.02

11. | ViddhikaluteSwargam 69| 6.73 0 33.33 57.97 7.24

12. | Janmadinam 93| 4.97 0| 69.89 20.43 9.67
Total/ Average 2245 4.82] 521 60.45 2541 6.89

[IIT Hyderabad
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Summary of Results
on 12 Malayalam Books

Total Error Rate
Symbols 30,55,302 2.40
Unicode 35,64,340 4.74
All Words 4,41,568 30.50
Recognizable Words 3,28,025 10.87
Page Level 2,245 4.82

&




Comparison with Nayana

&

CVIT
No. of Edit Distance Substitution Err.
S.No Book Name

Pages | Nayana | Ours | Nayana | Ours
1. | Indulekha 10 13.55 2.32 5.62 1.08
2. | ValmikiRamayanam 7 13.03 2.04 4.28 0.97
3. | Sanjayan 10 34.48 2.76 19.18 1.03
4. | Hitlerude Athmakadha 13.96 2.66 4.9 1.05
5. | BhagatSingh 6 9.72 2.63 3.97 1.31
6. | Ramarajabahadoor 10 12.19 3.02 4.05 1.41
7. | Thiruttu 10 13.44 3.91 6.17 2.11
8. | Dharmaraja 10.33 2.52 4.19 1.31
9. | IniNjanUrangatte 9.49 1.91 4.23 1.02
10. | ViddhikaluteSwargam 13.73 4.72 4.86 1.51
11. | Janmadinam 5 15.98 3.89 5.2 1.47
Total/ Average 87 15.34 2.81 6.64 1.28

[IIT Hyderabad




. F
2% Results on Scanned Quality A documents' |

Font Name 8 10 12 14
Amibili| 2.00[ 0.90 1.92 | 0.88 2.71 0.52 4.99 0.82
Karthika | 2.87| 1.52 0.70 | 0.28 1.10 0.44 0.73 0.45
Lohit| 3.86| 1.29 227 1.11 2.51 1.56 3.29 1.75
Nila| 2.43| 1.22 1.53| 0.54 1.54 0.59 2.01 0.60
Revathi | 2.57| 1.12 0.57| 0.24 1.08 0.53 0.74 0.30

[IIT Hyderabad



Results: Example 1

28 e o3 e

MOANWIOM. af)MMOD3 MIHM0 AUISICLIAN) (AIR)D 1o DENRIBHEDHIENE

af)HMO ROMIEHOA TLA 1BV MSANAUBIOILY.
YOAB—afAMIEMaia®d (AIR)M le a0 OD3?
PODMEDEMINF:—0ITR e QAUIEN) DML O UBEHIORH 6 2l B

@AM MMNBS MIHMO HOBEMAUMIAB. CajOUd @ROHMOIMM)ASL]H;]

£1)o D @RAIAVLO )M HM2OWI}IM@IMOTE MIHMO DHOAUISICLIH)
(AIR)DIDHENBAN) AlOESTIH DIEN).

MDODB:—@RE(® DBHB), @RCLI? afHMBO AIFITMIMM) alDIMEem)
HOMo B}OOWIE @R2T2000 AIlS. all®anNeWo?

RIDMEACMIM:—emMOM MIHMBO @RINCVW)s MIGMNW)s BYIOHD:
mloado aNglod 988 CaIH0 ARYCOW)o HheNSISIL). @) B196)H:08 @YY
) WH9) 2B 2 IR BHOBOIW) s D). af)HMO MOQIIS AUBH® BOBNBYBUIVIT3
alg ®OASOVIVIAN). AOHMO GRIDW)s @RaTaM)e ETNOM HaIOIW
QAUVOVIB1E9) CTUIWBOMHAN B@1af). af)MIED) )SajloanUudW]
@RYOYo ML) UNVIGT AMNRZID}AN @RIANIAMOA DMRIVIDYAM). @RAUBHS
af)EGaNOS) MVEMaN QN @RLOAID MVEMaN. QMN2OWIR)ANHAUEICITCHHAN
a)HaM D ]OMBS NV&DIW)e VENOWIMIATILY. af)MNBN) al®lano
eRAIRAY) (2VWAWVIBYANEAJOUd MOM af)HMO 0ITRYe QNG EDoQTaH
alOlE9MHAMMIBR MOITIalOyTMNIB WIOYAUMADal)@s af)aN OIERY
CODMHN) anjom)"uemgsmg_ @R@IOM)EUDaH. DDIAUND afHMO U0
MOS AUBOMBIMo WIHDMOIMNYo NI BROIEOWISILL. af)HMBO ©IERY
BOMEN)o NI DHSANIZIL.
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Book name : Sarada

Error rate

:5.61%




Results: Example 2

101 MLEMRVM anellmemBud

ARB)BUWB allGlen®)cald@eqaoud (aInim® Bdwoenaillomalgl 800w
BalHHEMIS G210a31a):

“@RE3a0o0m MIMHH0IWoeR0?”
‘@RI @ROBIEM alXTIBHIOM!’ af)MOWVIRYIM) H2IBHe 20)aIS].

11

6) Io;r}dmoroas HP)MHOB OMES]2)]QUO)AD GRELINBE)HOOBMIS:
“WIEBBUE HO)DHB)OS @D2JMOCEMO?”
TRLISH)SHI0M : “GRCD® AsHEMm.”

12

(TUnnoo 20)2)dl0led aagso Al & HIMSOMEH8WINR) SO
eilm1d 80leadd ailaldolafloyamaiem.
—@p® aoodle). amimlapelgloleel AOmIEHS @)02] HSWO
oam He2lademad apeenallajisicar?”

13

S aJ@ : emodeql é»smdomloomssad @awlée)e alMallslomesnd
@OAIOM SHO0MEOAT?
)5l : af)MeHclo0 MLOA.
S12J3@ : alo)!
)5l : GRAIBHS GO GRILNOWOMM)o MRIITHX)EOE>I6NE.
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Book name : Sanjayan

Error rate
Sub. Error

:26.84%
: 10.85%
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H1SHN)AN  AUDAAM  af)S)OM@Q)AUIB @YoDfe M), aljelydq
MV)aB0WIH'S ERSTTN)H 2I0T BRAUIBIOS HMO) M LIV HELIOSIHEHIMR)
Alosmm): “aV}ad0, B0) HaIMBMIe ®).”

0ejld; GRUWA OO B1SAVIR)aM M10U3 GaldWIMA GalM 21)LIy0QIMm]
O®IS)OM). 2)RINOG a)LJOAUNOW)s CMIBH] alOEIIM): “aMNOD BIERUAVQA
NIBWIRMIA al(@®AIUBGEMMo MSEBICAUIT CGUWTAVYSHIOMIW
AR al(@®IWlaIB af)Gajo9ie al0W)20WIR)AM). MLl Halmmileinsm)
Al ®oWlal@oM)6s m@wmaﬁ‘ Mle1 §alBMlel 3 0369) AletddHQB1N,

D GalM, DD BYW;Wo, ENIMIAN] NAH)o (AICRIB6)o.”

" anelydg éymlammmlan) Gawaj00m) ale@mIla) (AJWOMm
QUIBOMTEH)] TV}aO0 DLIDGNZIW] dhoal})501@D 95)5%:]’ §21Q1lo)am
‘®3092010:. DA ML BYBIHOD QUK OB]CalIDEI Gald
-gogossﬂq:ﬂs]gz;; AlBIMASM  HAISL. af)anlg) oﬂocmm;cm DO DO D06,
A10BSMNMBIVEMIAVEMIOMO L106TY 20M HIBMD lel® AR AHBERES]03
DS Q1080 B)&SIEB, agOION: ‘sIoemic] aavels’.

M}H0W)HS ALl SHEPBHSIMIM) 210061068l HEN1 088
oeslwow] aeila)). @rad a)elyoglaom cmoes alosom):“masl avd.”

AM@OS 20Q00) CAULICLQOMI® MRIMISEH] MSM 2)LIyq
2)01Q1@ SOl AUIGILISTVEHNIM@mAUNHE MYTV0)2I@ DeNo@I)am
af)2J00I0). BRWIHG @MEIBIOD CMIGHMIM).
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Results: Example 3

Book name : Thiruttu

Error rate
Sub. Error

:26.84%
: 10.85%
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11.—\.]; FILE Word Image (Wi)
Unicode -
Word | Convert to symbols Render and label Align Ri and Wi &
and Reorder the svmbols propagate labels
Rendered Word
_ RULES FILE image (Ri)
A#::'“:::Ld Render and label
orp the symbols
components
]
Web interface |= Confusion Matrix = Recognizer
Corrected
Unicode 1
Human intervention

[IIT Hyderabad

Procedure for annotation correction with the help of Recognizer.
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=i Recognition of Books by A

Verification and Retraining

Digital libraries need the recognition of complete book.
Books are typeset in the same font and style.

We can use the samples from first few pages to learn the classifier,
and obtain better performance over the rest of the collection.

An automatic learning framework to improve the performance of
the classifier over iteration.

With the help of a high performance verification module, which
acts as a postprocessor in the system.

The Verification module collects / verifies the samples from the

book, labels and stores them.
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omparison between existing and proposed syst!m

Traditional OCRs. Book Recognizer

*Designed specifically for books/

*Designed for isolated pages. large collection of documents.

*Performance remains same over » Adapt the classifier to the font and
time — the classifier repeats the same |style of the collection and improve
mistake. the performance

over time.
*Training 1s offline (apriori done) — |*New training data is introduced into
no scope for improvement in the system without any manual

performance. Intervention.

[IIT Hyderabad
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Overview of the Book Recognition Scheme

‘ L Reognition Module _ _______ 1
g | I
». 32 Word Imag Feature Rendered
IS ‘ = Recognizer -
\ g’ , (i.' Extraction i Text
! , Y
L A |
Verification
Classifier +
Parameters U
— S
Training | | Training JSamp]ing Labeled | YeS
Module Set - Samples
e — —
— K~ ";*

—
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An Example for DP based Verification

OCR output of the word (Unicode)

U+0DOE ; U+0D28 ; U+0D4D ; U+0D28 ;
U+0D3E ; U+0D32 ; U+0D28 ; U+200D ;

Render the Unicode
into an image

m) o Rendered
Word Image

Input Word Image
)Y

Connected
Component Analysis

n)OM0®mY

Connected
Component Analysis

aglmo@d o

Feature
Extraction

¢ Feature
Extraction
Fa Fp Fis Fi
- NN
(03*_” 1 1 1
BRI
0 Fis 2 1 \fﬂ —=1
R e
(53 Fy 3 2 1 0)

DP based Matching, F, = £, f,,...f,




CVIT ﬁ

Improvement in Recognition of books
100
a5 - n
- a0 - -
(&
(4]
=
8 85 -
< Sarada
E»‘E Thiruttu
801 V.Ramayanam )
Indulekha
75 MeinKamph i
?D | | | | | | |
0] 1 2 3 4
Ilterations with sampling rate = 0.1
*We obtain an average performance improvement of 14%
1n classification accuracies.

[IIT Hyderabad



A

Improvement in the Performance of a Book,
with varying Sampling Rate.

Sampling Rate
# Iteration
0.01 0.05 0.1 0.3
0 80.42 80.42 80.42 80.42
1 93.28 94.33 93.96 93.94
2 96.46 96.80 96.477 95.35
3 97.41 97.59 97.01 96.28
4 97.52 97.69 97.26 96.46

* The change in learning rate with the change in the sampling

rate 1s marginal. \

[IIT Hyderabad
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Summary of the Work

* The major contributions of the work are :
— Large dataset generation.
— Approaches to solve large class problems.

— Performance evaluation on a huge dataset
(Malayalam books).

* We also extend our classifier to continuously
improve the performance by providing

feedback and retraining the classifier.
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Future Scope

« Extend the features and classifier to support more fonts.
* More script specific techniques at pre-processing stage.

* A strong post-processor based on language models. Also, a
strong word recognizer as

 a part of post-processor will improve the system.

« Degradation handing: To handle the spurious noise, cuts and

merges in the characters.

[IIT Hyderabad
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Thank you ©

Questions?




