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Abstract

Character recognition has been one of the most contemporary and challenging areas of research
for decades. The past research on developing character recognition models using image pro-
cessing and computer vision-based techniques shows that ‘character recognition’ is assumed to
be a pure machine vision optimization problem. However, humans are still better at recognizing
many characters especially distorted, ornamental or calligraphic characters as compared to the
highly sophisticated recognition models. Although understanding the mechanism of character
recognition by humans may give us some cues leading to better recognition abilities, the appro-
priate methodological approach of using these cues has not been much explored for developing
character recognition models. Therefore, in this thesis, we propose to perform some cogni-
tive experiments with humans to obtain some cues which will be used to develop intelligent
character recognition models.

We start the investigation by understanding the reading behavior followed by distorted and
ornamental character recognition through the analysis of the eye movement data. The experi-
mental results show that humans direct their gaze to specific regions contributing to the char-
acter identity and recognize the characters using those key character regions. To highlight the
character regions influencing the model’s decision, we have proposed a ‘modified Grad-CAM
visualization technique’, which is one of the contributions in the domain of explainable Al.
Qualitative comparison between visualization maps and eye-fixation maps reveals that the deep
learning model considered similar regions in character, which humans have fixated on, in the
case of correctly classified characters. On the other hand, when the focused regions are dif-

ferent for humans and deep nets, the characters are typically misclassified by the latter. Both

vii



visualization maps and fixation maps are used to develop a visual explanation guided atten-
tion model (VEGAM). Furthermore, this thesis presents distinct attention models such as the
deeply supervised and collaborative attention models that signify the importance of foveal and
parafoveal vision in recognition. The experimental design, data analysis, and results presented
in this thesis demonstrate the effectiveness of the proposed approaches.

Owing to a sophisticated vision system, vast visual experience, rich cognitive and perceptual
processes, humans have a distinct edge over machines in the recognition task. The behavioral
experiments using Bubble and proposed RISE (Random image structure evolution) stimuli em-
phasize the presence of some higher-level cognitive processes aiding successful recognition.
In this era of Al, researchers are striving hard to build systems that can match human intelli-
gence. One way to bridge the gap between machine and human intelligence is to design the
artificial systems using cues derived from their natural counterpart, such as through cognitive
experiments on human participants. This thesis, henceforth, motivates the need for substantial
efforts in exploring various aspects of the cognitive processes to develop the next generation

collaborative models for mimicking the human intelligence in Al-driven Engineering systems.



RilLY

F{Fet NRfTaere (37aR Ueare) gkl & Had THaele 3R FeldqoT 3qaer & &
# W UF @ gl SH IR (Sd 9o R eegex efe-3mena ddvetil @l
IUANRT Fah BT NHieTeeT A5d [Ahad &l & [Ooe &5 oel & 91 Iedr &
& wlFx Refaua & 6 Afa e sgenes TATA A SMIE &1 grenis,
srcafts aftsepa Aeaar Alse $1 gerer F Aqea 0l off w5 e @AT w7 F,
fapa, Fomady W Forw AW F TEAEA H 6K 61 AT AN ZaANT HiEe
Refdstes & 3 @& TAA § §H && Thd Ao Thd §, SO0 gk g
(Repfeeters) ataar &7 T&dl ol fded  Fiacy Nefaee Asa GeRia &6 & e
Sl Tehdl T IUAET A & IIGFd IGIcaTd TIScahio HT Hfelh IaT el o@man amm
¢l sl 58 NEH A, 57 $6 Thd WIcd el & 6T Aqsdl & Y $6 GAGACHS
R e T e N &, SteTehT SUT aieHe SiFel Repfiser aAisel &1 fawted
Hd & Telv fhar S|

gH @l i 1fF & 99T & ArTH 8 U & SUagR F GAsi [add 3R
TS FYFR REFAT € g oF S §1 e oRomst & gar e ¥ |
AopsT Fiaet Rt # A oo arer Rfse @t (@) #1 AT e s
ferar § 3R 37 9HE & & 39T aSE H{ac (3/R) F TEAEld o) Asd & GO
FI wenfad & arel diged &A@ IAER &e & foT, g0 U g@einfag dswie
Tas3TelISoIeel dehelidh &l UedId &A1 §, Sl UaiCololgel UTS & &1 & JEmeral & O
wF ¢ fagsmrsaee #ow 3R smS-frades Ao & @i oncA® gee & 9a1 Fadn
& T S @feler Alse o H¥aed A FAW &3 &1 A6, B8 Joqedl F S § afigd
avit & F & aw R §1 el 3R, o Fesa SRS Rt Ase & S a7
fitedt g o1, df HiEeX &7 A dlt W Alsa @R Ted ddiied R = | fagam
TEFHCARNE M55 HEAA Hisdl (disaien) Raffa &a & v Agsmmsetee i
R firagee #vF ot &1 3uaer fhar Sar &) s9% o, A TS areer-srerr
3780 Al TEdd AT &, o1 & Sell guars 3R Feanfea Ased , 5 Awadr
# wmifdge it dueiae e & #gca & gid §1 39 §ffw § wega @RI
fEame, a7 faeemor 3T aftome wearfaa efteaon i gemaeiear &1 wefia a=a §1




F afised Tfic womer, [@aner xa 3, §E @AEeAE R auReTcHS
URRATST & FROT, AsAT &I TFET R H A W UF 30T Sed g1 a@e 3R
AT RISE (Y5H $HeT Teaer satederd) Reagier &1 IUTNT a7 arel 9yl $o 3o0-
Tl HaAcaE UiFarst &7 sufEufy o SR ed € S Athel e’ UEa T T
HERIAT & ¢l U35 & 5§ IO A, efiuedl 0 fiveA s & v 3 Agad
W & S Aera gy & Ao @ whl Al 3R A gie F de f @ w@oared &
vk ali a5 § Fr gH A ufawfiel | daacas vt & Areas & ueg Gadt
@ 3w e gonferl & Bama s & &) g NEY, 39 @ wns-aafea
sofiforafier fEven & A i &1 JFa = & v seel ddr & agareht Alse
i & & v daecas aihanstt & [ffed ggest & e # gdiea st
&1 HEeTRar & URT T ¢




Contents

Certificate

Acknowledgements

Abstract

List of Figures

List of Tables

1 Introduction

1.1

1.2

1.3

1.4

1.5

1.6

Introduction . . . . . . ..
Literature Survey . . . . . . . .. L
1.2.1  Optical Character Recognition . . . . . . . ... .. ... .. ....
1.2.2  Recognition using CNNs and Attention Models . . . . . ... ...
1.2.3 Explaining the Deep Networks . . . . . . .. ... ... ... ....
1.2.4  Object and Character Recognition by Humans . . . . . . .. .. ..
1.2.5 Eye-tracking Research . . . . . .. .. .. ... ... ... ...
Motivation . . . . . . . ..
Objectives and Scope . . . . . . . . ...
Ethics clearance for human experiments . . . . . . .. ... ... ... ..

Thesis Layout . . . . . . . . .

X1

iii

vii

xvil

xxiii



xii CONTENTS
2 Unlocking Reading Behaviors and

Distorted Character Recognition using Eye-tracking 19

2.1 Introduction . . . . . . . ... 19

2.2 Understanding Reading Behaviours . . . . . . . . .. ... .. ... .... 20

2.3 Eye-tracking experiment-1: Understanding Reading Behaviors . . . . . . . 22

2.3.1 Participant screening . . . . . .. . ..o 22

2.3.2 Stimulus Design . . . . . . . ..o 23

2.3.3  Experiment Protocol . . . . ... ... 0L 23

2.3.4 Hypothesis Testing . . . . . . ... ... o 24

2.4 Results and Discussions -1 . . . . . . .. .. ... 25
2.4.1 Effect of font type on fixation duration, number of fixations and

total reading time, number of regressions . . . . . . ... ... ... 25

2.4.2 Effect of Font Type on Reading Comprehension . . . . . . . .. .. 28

2.4.3 Cognitive Engagement Leads to better Comprehension . . . . . .. 29

2.5 Unlocking the Mechanisms of Distorted Character Recognition . . . . . . . 30

2.6 Eye-tracking experiment-2: Distorted Character Recognition . . . . . . . . 32

2.6.1 Stimulus Design . . . . . . .. ... 32

2.6.2  Experimental Procedure . . . . . . .. ... ... ... ... 33

2.7 Results and Discussions - IT . . . . ... ... ... ... 0. 34

2.7.1 Recognition of Distorted Characters. . . . . . . .. ... ... ... 34

2.7.2  Delay in Character Recognition explained through Eye-gazes . . . . 35

2.8 SUmMmary . . o.o. .. 37

3 Understanding Character Recognition using Visual Explanations 39

3.1 Introduction . . . . . . . . .. 39

3.2 Related works: Explaining Deep Networks . . . . . . ... ... ... ... 41

3.3 Eye-tracking Experiment: Understanding the Strategies used for Character

Recognition by Humans . . . . . . . ... ... o o 43



CONTENTS xiii

3.3.1 Stimulus Preparation . . . . . . ... ..o 43
3.3.2  Experimental protocol . . . . ... 44
3.3.3 Eye-tracking data processing . . . . . . . .. ... 45

3.4 Eye-fixations Explain Character Recognition by Humans . . . . . . .. .. 46
3.5 Generating Explanations for Model’s Decision . . . . ... ... ... ... 48
3.5.1 Model Selection and Dataset Description . . . . . . . .. ... ... 49
3.5.2  Grad-CAM and its Limitations . . . . ... ... ... ... .. .. 50
3.5.3 Proposed Method of Visualization - Modified Grad-CAM . . . . . . 53

3.6 Comparing Visual Explanations by Humans and Model . . . . . . . .. .. 55
3.7 Visual Explanations Guided Attention Model (VEGAM) . . .. ... ... 56
3.7.1 Training the VEGAM model . . . . . . ... ... ... ... .... 57
3.7.2  Aligning Model’s Focus Improves Performance . . . . . . ... ... 58
3.7.3 Limitations of using Visual Explanations for Training . . . . . . . . 62

3.8 Discussions . . ... e 64
3.9 Summary ... .o 66
4 Character Recognition using Attention Models Inspired by Eye-fixations 67
4.1 Introduction . . . . . . ..o 67
4.2 Related Works . . . . . . . . oL o 68
4.3 Deeply Supervised Attention Model . . . . . . .. .. ... ... 69
4.3.1 Model Architecture . . . . . . . ..o 69
4.3.2 Training the Proposed Model . . . . . .. .. ... ... ... ... 71
4.3.3 Dataset . . . . .. 71
4.3.4 Ablation Experiments . . . . . ... ... oL 71
4.3.5 Classification Performance by Proposed Model . . . . . . . . .. .. 72
4.3.6 Limitations of Deeply Supervised Model . . . . . . ... ... ... 73

4.4  Collaborative Attention Model . . . . . . .. ... ... o000 74

4.4.1 Visual Attention Map . . . . . . . . ... ... 75



xiv CONTENTS
4.4.2 Network’s Spatial Attention Map . . . . .. ... ... ... ..., 76
4.4.3 Human-Machine Collaborative Attention Map . . . . . . ... ... 77
4.4.4 Experimental Details . . . . . .. .. ... ... ... ... ... 78
4.4.5 Ablation Studies . . . ... oo o 79

4.5 Comparative Analysis using Classification Performance and Visualization
Maps . . . . e 82
4.6 Generalization ability . . . . . . ... o 85
4.7 Summary ... e 86
5 Investigation of Higher Level Visual Perception 89
5.1 Introduction . . . . . . . .. 89
5.2 Bubble Technique . . . . . . . . . . . .. 90
5.2.1 Stimulus preparation . . . . . .. ..o 91
5.2.2 Behavioral Experiment-1 . . . . . . ... ... ... ... .. 92
5.2.3 Computational Experiment . . . . . . ... ... ... ... ..., 93
5.3 Results and Discussions . . . . . ... ... oL 93

5.4

9.5

5.3.1 Comparing Recognition Performance of Humans and Computa-

tional Model . . . . . . . .o 93
5.3.2  Superior Recognition Performance in Humans . . . . .. ... ... 94
Investigation of High-level Visual Perception . . . . . . .. ... ... ... 95
5.4.1 Proposed RISE sequence . . . . . .. . .. .. ... .. ... .. 95
5.4.2 Behavioral Experiment-2 . . . . . ... ..o 96
5.4.3 Computational Experiment . . . . . ... ... ... ... ... .. 97
5.4.4  Recognition of RISE Frames by Humans and Model . . . . . . . .. 98
5.4.5 Comparing Recognition onsets . . . . . .. ... ... . ... .... 99
5.4.6 Role of Visual Mental Imagery in Recognition . . . . .. ... ... 100
5.4.7 Mental Imagery Assists Recognition . . . . . . . ... ... ... .. 103

Mental Imagery through Computational Model . . . . ... ... ... .. 104



CONTENTS XV

5.5.1 Siamese Network . . . . . . . .. ... 104

5.5.2  Early onset using Siamese . . . . .. ... ... L L. 107

5.6 Summary ... ..o e 108

6 Contributions, Conclusions and Future Work 111
6.1 Contributions . . . . . . .. .. 111
6.2 Conclusions and Future Scope . . . . . . . . .. ... L. 112
Bibliography 115
Publications 141
1 Publications from PhD Work . . . . .. .. ... ... ... .. 141

1.1 Conferences . . . . . . . .. 141

1.2 Journals . . . .. 142

2 Awards, Recognitions for the PhD work . . . . . ... .. ... ... ... 142

3 Publications from Collaborative Works . . . . . . . . ... ... ... ... 142
Biography 145
Glossary 147
1 Eye-tracking technology . . . . . . . . ... .. 147

1.1 Types of eye-movements . . . . . . . . .. ... .. ... ... 148

1.2 Algorithm for Fixation Identification . . . . . . ... ... ... .. 149

2 Model Evaluation Metrics . . . . . . . . . . 149



List of Figures

1.1

1.2

2.1

2.2

2.3

2.4

2.5

2.6

2.7

(a) Tobbi T120 eye-tracker, (b) Schematic of a 9-point calibration screen.
One point (circle) is presented at a given time for a short duration and the

participant is expected to focus at the center of that circle. . . . . . . . ..

Gaze plot generated during reading. The circle shows fixations, where read-
ers gaze at particular location for certain time duration. The line joining
two fixations shows a saccade which indicates fast and rapid movement of
eyes. The diameter of the circle varies according to fixation duration and

the number denotes the sequence of fixation. . . . . . . .. ... ... ...

(a) Different parts of the character ‘&’; (b) Devanagari character ‘&’ writ-

ten in (i) Kokila, (ii) Aparajita, (iii) Nirmala Font . . . . . . . .. ... ..

Experimental Protocol; In each phase, a different set of document is presented 24

Gaze plots corresponding to documents written in (a) Kokila, (b) Apara-

jita, (c) Nirmala Font . . . . . .. ..o o o oL

(a) Effect of font type on Average fixation duration, (b) Effect of font type

on the average number of fixations . . . . . .. ... ... ... ... ..
Effect of font type on reading comprehension . . . . . . ... ... ... ..

(a) Some samples of Handwritten characters, (b) Division of characters in

different parts, (c) Distorted characters at different distortion levels

Block diagram of the experimental procedure . . . . . . . . . .. ... ...

XVvil



xviii

LIST OF FIGURES

2.8

3.1

3.2

3.3

3.4

3.5

3.6

3.7

(a), (b), (c) Recognition of characters at different distortion levels, (d)

Heat-map of eye-fixations overlaid on the distorted characters . . . . . .. 36

(a) Latin character ‘A’ and (b) Devanagari character ‘3" written in differ-

ent forms, styles . . . . . .. 41

(a) The characters are manually segmented from every word, (b) These
segmented characters are processed- (i) Original character, (ii) Binarized

character, (iii) Centered character . . . . . . ... ... ... .. ...... 44

Randomly selected sample as a representative for each class of (a) Devana-
gari character and (b) Latin Character, (c¢) Participant sitting in front of

the eye-tracker, (d) Stimulus presentation sequence. . . . . . . ... .. .. 45

Fixations on different character regions reveal character identity. (i) In-
put character image, (ii) Fixation map for unrecognized or misclassified

character, (iii) Fixation map for correctly classified characters. . . . . . . . 48

Schematic of the baseline model with Cy,C»...Cg : the convolutional layers,
L : the linearizeation (i.e. vectorization) of the map to 1D; FC : the fully-

connected layer. . . . . . .. Lo 50

Generation of class activation maps (visualization maps) by (a) Conven-
tional Grad-CAM][1] and (b) Our method. The samples where Grad-CAM
fails and our method generates the maps are highlighted by dotted yellow

SQUATES.  + v v v v e e e e e e e e e e e e 52

(a) Initial weight distribution, (b) Distribution of weights after training . . 55



LIST OF FIGURES xix
3.8 (a) Schematic of proposed model: VEGAM, G: Gradient of the class score
w.r.t. activations ‘A’ of the penultimate layer, (b) Comparative analysis
of the visualizations (i)Input image, (ii)Visualization map for the baseline
model which is unable to classify the character correctly, (ii)Human fixation
map, (iii)The character getting correctly classified when VEGAM model
focuses on the similar regions focused by the humans which is also shown
in the visualization . . . . . . . . ... 57
3.9 (i)Input image, (ii)Fixation map, (iii) Visualization map for baseline model,
(iv)Visualization map for proposed model VEGAM. The samples which are
misclassified by baseline model are getting correctly classified by VEGAM. 60
3.10 (i) Input image, (ii) Fixation map, (iii) Visualization map for baseline
model, (iv) Visualization map for proposed model VEGAM. The confi-
dence corresponding to true class improves when the model is trained using
fixation maps. . . . . . . ... 61
3.11 Training the model with optimizing CE and MSE loss iteratively . . . . . . 63
3.12 Understanding network dynamics while training iteratively with CE and
MSE loss . . . . . . o e 63
4.1 Schematic of Deeply supervised Model . . . . . . .. ... ... ... ... 70
4.2 Visualization maps by respective models generated for few samples 73
4.3 TImportance of Para-foveal regions in correct recognition depicted by re-
spective visualization maps and fixation maps. . . . . . . . ... ... ... 74
4.4  Schematic of Collaborative Human-Machine Attention Module . . . . . . . 78
4.5 Placement of module in the network. Here, the attention module is our
proposed module . . . . .. ..o 79
4.6 The visualization maps demonstrating the importance of both fixation
maps and network attention maps . . . . . ... ... 82
4.7 Visualizations for few samples generated for respective models . . . . . . . 84



XX

LIST OF FIGURES

5.1

5.2

9.3

5.4

9.5

5.6

2.7

5.8

(a) Input image, (b) Gaussian Mask corresponding to 5, 10, 15, 20, 25,
30 bubbles (starting from top), (c¢) Stimulus image generated after passing

through the corresponding Gaussian mask. . . . . . . . ... .. ... ...
Stimulus presentation sequence . . . . . .. ...
Recognition performance by humans and model . . . . . . ... ... ...

RISE sequence for a character &. As we can observe, the character ‘&’

seems to be evolved from noise. . . . . . . . ..o

Stimulus presentation sequence for experiment 1. The sequence is pre-
sented in order i.e. from highly scrambled to fully coherent one. Every
stimulus image (frame) is followed by a question ‘whether the frame is rec-
ognized or not’. Participant has to respond by pressing appropriate keys

and also verbalizing the response . . . . . . . . . ... ... ..

Recognition response by the humans and the model to an increase in in-
formation for the Devanagari characters. The RISE frames are given as
a testing samples to the model trained with handwritten samples, we ob-
served that humans require minimum information for recognition compared
to model. Humans identify the characters earlier as compared to model.
Once a RISE sequence frame is recognized, the subsequent frames having
more information are recognized simultaneously. Thus, we get the step-like
response. Model relies on pixels level information. As a result we can see

increase in confidence (CF) with increase in information. . . . . . . .. ..

Recognition onsets for different RISE sequences. When the RISE frames
are given as a testing samples to the model trained with handwritten sam-
ples, we observed that humans require minimum information for recogni-

tion. Humans identify the characters earlier as compared to model.

Stimulus presentation sequence for experiment 2 . . . . . . ... ... ...



LIST OF FIGURES

xxi

5.9

5.10
5.11

5.12

5.13

Recognition onsets for RISE sequence. (a) When the RISE sequence 1
has been presented to participant P1, the 12/ frame is recognized. (b)
When the same sequence is repeated, the same participant identified the
character at 8" Frame. We call these two recognition time points as first
and second onset of recognition for sequence presented for first and second
time respectively. (c) The first and second onsets are given in the table. To
compare whether there is a significant difference between first and second
onset, we have aligned the onsets w.r.t. first onset. Un-aligned first and
second onsets are shown in (d). After aligning the onsets with first onset for
all sequences, we observe a cluster being formed for second onsets. (e) We
performed the same process for all the participants for all the sequences.

The second onset of recognition occurs earlier to first one and the difference

between the two is significant (p < 0.05). . . . . . ... ... L.

Schematic of Siamese Network . . . . . . . . . . . . ...

Verification phase. When images belong to same class the distance is near

to 0 when they belong to different classes the distance is near to 1 . . . . .

12-way one shot learning. Encircled samples joined by a dotted line should

have maximum similarity . . . . . . . . .. ..o

Recognition onsets for humans, LeNet-5 and Siamese model. Siamese

model makes the onset near to that of humans for most of the charac-



List of Tables

2.1

3.1

4.1

4.2
4.3

4.4
4.5
4.6
4.7

Understanding the processing of the Devanagari characters through eye

fixations . . . . ..
Classification performance on testing data . . . . . .. . .. .. ... ...

Classification performance on testing samples by introducing fixation maps
as supervisory input at different intermediate layers . . . . . . . . ... ..
Classification performance on testing samples . . . . . ... .. ... ...
Comparison of different spatial attention methods for Network’s Spatial
Attention . . . . . ..
Combining Human and Network Attentionmap . . .. .. ... ... ...
Comparison of network’s performance with and without Fixation map . . .
Comparison with eye-gaze based models . . . . . . ... ... ... ...
Classification performance (accuracy of recognition % ) on Distorted, Hand-

written and Transformed Devanagari characters . . . . . . ... ... ...

XX1i1



	Thesis of Chetan Sudarshan Ralekar.pdf



