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Overview

] Part 1: Aida Project: Poem Recognition
) Part 1.1: Segmentation
) Part 1.2: Recognition

1 Part 2: Document Image Quality Assessment (DIQA)
) Part 3: Zoning
) Part 4: Deep Learning

) Part 5: Five Collaboratory Projects with Library of Congress




AIDA | Objective

_JExploring what more we can do with the millions of images that
represent the digitized cultural record—particularly digital images
of textual materials—and we are interested in the types of
discovery that serious attention to digital images might yield

_IGenerate data about visual features from the newspaper pages
and then use those extracted features within a computational
system, such as artificial neural network




Part 1: Poem Recognition

Objectives | Identifying existence of poem in a page

Applications | metadata generation, discover-/search-ability, visualization, etc.




Poem Recognition | Workflow
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INTUITIVE STRATEGY

_IGenerate page image “snippets”
) find the newspaper columns present on the page

] cut each column into a series of column snippets of a fixed
width:height ratio

) Take the snippet, determine whether it featured poetic content,
and the determine more locally where on the page the poetic
content appeared
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HOWEVER ...

) Noticed a variety of factors influence our ability to create good
image shippets
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ONGOING STRATEGIES

1 More sophisticated traditional image processing techniques;
Connected component analysis (CCA), Voronoi-diagram

) Deep-learning-based approach; dhSegment, Mask-RCNN

_—— |

CCA + Voronoi-diagram dhSegment
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Which one has poem?
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Feature Extraction
o Left column width

° length of background pixels prior to the first object pixel for each row
> Right column width

° length of background pixels after the final object pixel for each row
> Row depth

° number of each sequence of continuous background pixels in each column
> Margin statistics

o computed from the list of the Left Column Widths
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Feature Extraction
> Jaggedness statistic

o measures the number of background pixels after the final object pixel in
each row

o Stanza statistic
° looking for gap between stanzas using a list of Row Depths
° Row length statistic

° length of continuous sequence of object pixels
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Row Depths

A suli I

SR :::*‘Emﬁ* the number of each
'Tln Brign: H nt.'rﬂ!-‘l'ﬂ-ﬂ"— .
Ther thught of all thelr saunrys wroogs, Sequence Of Contlnuous
E-.‘"]r Hiclghl af pokle liTes, o .
iy thomghl upam Aoely ek, background pixels in each
T'I‘u‘ Y I-h:l]'ln. il hebr .hg'zd. slrege—
"*Fch“m e uq.pnl srotiid, CO|Umn

oE
OF deebs 1aat shied a fadeless BEghl
Dy his ow: dieaibiless paoue.

Gl;wﬂhﬂrltﬂni' ﬂ.!.tj'll:un:ﬂr Warren's blond




Poem Recognition |Recognition | Basis of Features
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From the Prosidanm
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Snippet pre-processing
1. Otsu’s binarization [Otsu, IEEE TSMC 1979]
2. Consolidation [Soh, IAAl 2018]

aid it doos pol appear that she is 1o be prepared 10 any
very prculiar manner for 8 voyage 10 much longer than
whe han ever heen sccostomed to --x-. and which is even
loaked apon Ly some * learned T n much the
same light, in podut of pmm.mrﬂr. an & trip o the
Mo ! ] ,.T cannol, however, bo more complete-
n:nled than wes that of
el—yet, §

nd, samp confidence w Lhe present plan
may b |||lp||4'd by the fact, that e agency (uot the
command) of the Serins is intrusted to Me. Macgregar
Laird, the comunander of the expedition i which an trow
steamer was first used in Africa — Mechamics’ Maga-
Fime.

oyaga up the Nuger in
wiis masu»l..h;duwuh,

The following is a complete auswer to the
humbug articles of the Globe, as to the impor-
tation of epecie into New York, being the di-
rect consequence of the beneficial policy of
the Government. It is from the Liverpool
Albion :

Erportationsf Gald to the United States—We are
teuly glad to o, that the Bunk of England has, at
lc.'m:lh determined tu make a shipment of gold 1o

United States. This will pot only be the means
life and animation in the United States,
but will lead to extensive orders for our various
manulactares, 1L is evidently the harbinger of more
cheerful times. The Bank intends tosend £ 1,000,000,

exars. Rothsehild, £250,000, and vailous other
| firias different nis, making, in the
about £2000000 sterling, we understand e
whole, we believe, is consigned o Messrs. Prime,
Ward & King: but a portion of i, repart say, s on
account ol the Guverament, io mest l}:ll.ls from Ci-

Snippet image

Wit iv doas pod sppenr that wha is 1o Ye pregared in any
wory przulur mennar for @ voyage 40 inwch longer thai
wha han wvet bett sccoplomed o soka, e which s even
Ioakad apon Ly some * lesroed Thebane™ in much the
s light. in Eum of practicataiiy, an & trip @ the
Mo ¢m canool, hewster, bo mare coampleie
Iod than wew that of L vayaye up tha Naypr
e1—yer, that wis aceanidivked with-

w0 eastulenice o b prencut [lule
ey b inpined 1y sha faet, thit v ageney (aol the
carnmar] of tha Surier i intrusted to v, Macgrrgar
Luitd, the conumender of the eagedic.in s whirh an uun
uteaurer was lll nud o Afries —Meckamer' Magu-

. RINE

The follawing iz a completo answer to Lhe
humbug articies of the Glohc, as tn the impar-
{ativn of specio inle New Yurk, being the di-
ract consaquence of the beneficiel policy of
the Governmant. It is from D Livergecl
Aition ;

Erpartation of Gold te ke Pnited States,—'We are
1euly mland v fndk, 3lat the Bunk of England Las, st
Lomgth drtnrmined e MAke 0alipeent ol b
tha T Biales. Thls will rot oily be she ncios
of giving 1ie ood enlmation in the Uit Seaey,
bon WL leand o eXiendlve ohlels SoT e virhes
ail e e FLis evidentlr e harkinger of mere
cheetll times, Tha Bank inierby 1o cened 41,000, 0F,
+ Mewer, Robachlld, £250000; aod ruriots oibor
firms diil e umr.lun:x\ making, in e aguresate,
wbeul LLHUN00 serliog, we imderstond LI
whule, Wwe believe, is consigied w Messrs, Prime,
Ward& Elng: but a parliog of &, rcparLsugs, s e
arcatml of 1he Crereroment, fo meet Billa rom Ci-

Binary Snippet

Consolidated snippet



Poem Recognition |Recognition

i ober duf
biewmit anfygefors

JE F
¢ Ridher gu freeln) abr

i
s fie Unfeften eefpares wels
t\'h':l::rilnihimrm?.nm alle nnberidy

mnmm merd
3p|n=ln mzrmlkrg fimben it und

e i wfne @uiben sm?:s_

brange:

abbejabient o
mrh IBil1.
Jacob Behlere.

Bar. 22 =81

retion rperten.
3n ticier RanBrrart Anbe it uod pr
Beaingeat, et ivit vnfere Fdvwiten bk ,

wdiberaking wooden.
%I;trlv Rl
arel Hellarr.
Ao, 72, i nl

Dure) Privat- ‘Bﬂw

Tad folgente Legende fhigbare Figen
thum fo biedh P B(n';mmm on Tiebigers
wertaaft werben n i Yym Taunicyiv,

Freha Eamlw,

G @10 Yany, snebaltend 137 Mo
welirize Huthen cultivisted fand,  Daraa

Durd) Privac-Berfaut.
Tad Felpenty [iegerte [hdkbare Grigon:
um fell onvd 'pnu.nll angel ar wblaber
eptauft verbal, geiegen v Epan Taun i,
RELLINCE

by, enthaltead 157 %drr
wires P2, Darnaf !

g

Orientation

e ST

TUE CONTRAST.
The Nutipnal Dewomm (b
seblod,  condusts: ¥
e,
i ‘“::.Jm;:i:a ol \’hu dummm sy, Wl
e P Uhe seorddy buni 1wt bl |
L PRy resolutions, us iy foundu- f1

A
“M;:q which thuso rineiplos und the

L POy
addreas 37

e cied Vi s s 10 0
whd baidly prochimed ||
ol Ly Gimdsrati uasty W]
32w the sarld, ud b sl |y
4 by reiolidioas, wa by fowde-
hn:m.nm prclplus ‘wed ki

o wpod W

nzagures of the

phliny w0d &

e preat Federal Conuention ussem-

sermlaledy piuradsal e sl oty al J.m\uw)rr. q
bari g whouping wnd halloging,

o wad

i by

i

e great Fedoral Comaantion wwpers: |
i fgmrndml s slemety wl Lt liiea

g Wl vod I
B s i il

Ty len,
il rongg, e

Ullﬂ“l'\lﬂli‘l |‘|ll?lln'||‘ Mﬂlﬂ

Bof Heaven te dearh shall ne ver give

Munfmn who, lm\-.-;-m fields,
In triumph tears the laurel eros

He:left w pume which grateful n-m.
;-4Sush aaced as peace delighis ta own.

wnmuh
Awmwmh.
A slonuet dplabe b g
of deail’s da

P

o Performance of feature extraction could be affected by various types of noise

Bt Bewven t death shafl naver give
- o winaiph wher 1l fusmorrat mind |
#ad dertr hiw.mactcry abull five,

B8 jgeq e faithlal hm‘ sushrined.

e
"'l!ﬂurl:ofmn.
Ruppain rlear,

- Throop Skmhnmnn;nn

M‘uuhhi ha, T nguins field:
12" tihmiegs Weam tne brorel crown,

Hadehmimad which grawfel yiolds

' *uh mond g8 peace dalights iz own.

Nl Emat venr s
e ﬁn{ infh‘l.ﬁ

li'l flm
hlf Whiere
ilipb-a.nm\h iheb,

ﬁfvw“

= 1

QMITGBENB‘B.-ma

L ¢ 'POETRY.

N Y :
4 —

ﬁ 3§ MITCHENER —PUBLE
Y

i ‘POETRY. ;

From o Ladies Cowpaalan.
THE STAR
0 anw o, erepuny

B b oy
‘tlond,

} In oyt
W Areemate

Faum Tho Ladoes Cola[anlon.
TOE STAR
B arw o aiPAu,

R *“—h“'wi-..m

m..‘:n....wn.;:unﬁ;..
<

| |!l||l+fﬂ '_ Mlliﬁllillll lﬂ]

1n e lumnal sk
® rpd
f e R vt




Poem Recognition |Recognition
ANN implementation from the WEKA Workbench [Eibe et al. 2016]
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nodes Input nodes Hidden Output
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Part 2: Document Image Quality Assessment (DIQA)

Objectives | Measure visual quality of document image

Applications | metadata generation, image quality enhancement, etc.




DIQA |Objective

] Measure four main degradations inherent in digitized historical document images

] Analyze these measures in a large-scale dataset (i.e., Chronicling America) and interpret what they are saying

h

Contrast



DIQA |Contrast, Range Effect

Contrast in all languages is pretty consistent; nor does it change drastically over time

Range effect, on the other hand, not only varies across the different languages, it also
changes over time for each language
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DIQA |Orientation Skew

1 A more effective measure is likely to
be local skew, relative no particular -
parts of the page, or other measures of
warpedness or beveled nature of the

page -

e Andrew Proscot —
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clear image. Here is a stafi member ironing a
paper. The microfilm images are used in
maodern digital packages, #3482 #KZo02018
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DIQA |Noisiness

Noisiness
Test Set

) Assessing effects of bleed- .
through, blobs

(e.g., stains), and other non-
textual artifacts

] Defects or degradations of a
page, or of the digitization
process based on histogram
analysis—of pixels’ intensity
values—of each page




Part 3: Zoning

Objectives | Segment an image into meaningful sub-regions

Applications | Object localization, visualization, logical layout analysis, etc.




Zoning | Background

Paper-based technical document

Sean tha input

Digital image

Praprocessing

Binanzed image or specific data structure

Geomelnc layoul analysis

Logical layout analysis

Table processing | Drawing veclorization | Image compression

Document Moded or Interpretation




Zoning | Challenges
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Zoning | Traditional Approaches (Bottom-up)

Connected Component Analysis Rule-based Merging




Zoning | Traditional Approaches (Top-down)

Sensitive to skew
Recursive X-Y Cut

Projectighl Profile

o R MR,
w8y I B G ya3 48l
in IMage processing
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Zoning | Traditional Approaches (Hybrid)

___.-umgrn;[

1 r.‘ ] i
1 oy "
5 k
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b o] g 2

] Bottom-up merging + Top-down RXYC

[l Over-segmentation using RXYC + Merging sub-
regions



Zoning |State-of-the-art Approaches (Deep Learning)

) With the advent of deep learning, it has been shown that using data-driven
features, instead of hand-crafted features, is more effective

) Boundary between physical layout analysis and logical layout analysis
becomes ambiguous

dhSegment




Part 4: Deep Learning

Objectives | Improve the performance of identifying existence of poem in a page

Applications | Automated poetic content collection, article type classification




Deep Learning |Background

Recall the ANN used in Aida project
Generally speaking, Deep Learning is deep structured learning
Hence, more hidden layers

Depending on the classification task, there are different models
Recognizing poems in a newspaper page is an image-related
classification
Hence, Convolutional Neural Network




Deep Learning |Convolutional Neural Network

Convolutional Neural Networks (CNN) have been shown to be
effective for image-related classification

=> LeNet [LeCun et al.] was the start of deep CNN.

=> AlexNet [Krizhevsky et al.] was inspired by LeNet, and outperformed state-
of-art by large percentage on ImageNet.

—> ResNet [He et al.] pushed CNN to a very deep model — 152 layer ResNet.

More and more document image related researches were attracted

=> Pondenkendath et al. applied ResNet to four tasks: handwritten style,
document layout, authorship classification, font identification.



Deep Learning |Convolutional Neural Network

2048 1024




Deep Learning |Convolutional Neural Network
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Deep Learning |2nd Gen Aida

CNN allows to learn feature from training process

Digital Page Image ~ Otsu_
Newspaper Segmentation Snippets binarization

Pages

Convolutional
Neural
Network Binary

Training Snippets

Training
Results

Classifier



Deep Learning |2nd Gen Aida

100.00%

mle7 9 W resl8 Wresl52?

98.00%
96.00%
94.00%
92.00%
90.00%
88.00%
86.00%
84.00%

train accuracy pr:::c—i"sriion train recall train F1 test accuracy test precision  testrecall test F1

le5 99.00% 99.58% 98.43% 98.97% 90.74% 91.31% 90.06% 90.67%

mle7 99.20% 99.58% 98.72% 99.12% 94.29% 94.61% 93.94% 94.27%
Hle9 99.80% 99.67% 100.00% 99.83% 96.56% 96.69% 96.43% 96.56% ‘

mresl8 97.91% 96.85% 99.05% 97.90% 95.11% 95.40% 94.83% 95.10%

M resl52 92.60% 93.99% 91.09% 92.21% 94.09% 94.61% 93.51% 94.05%




Deep Learning | 1st vs. 2nd Gen Aida

2rel Gem 1000
1si Ben Fi ]
0 O 20 0% A1 0% il ) B0 0% 100.00%

1st Gen Znd Gen
100.00%
80.00%
60.00%
40.005%
20.00%
0.00%

Test Test Test Recall Test F1

Test Test Test Recall Test F1
Accuracy Precision

Accuracy  Precision

mChro-Am  ®Burney®
EChro-Am BBurney® =

* Burney database is not balanced, more snippets without poetic content




Deep Learning | 1st vs. 2nd Gen Aida

1% Gen AIDA Ground-Truth 1 Gen AIDA Ground-Truth
Chronicling America Database| Poem Not Poem Burney Collection Database Poem Not Poem
Poem 602 124 Poem 273 420
Predicted (35.54%) (7.32%) Predicted (10.02%)| (15.41%)
Not Poem 245 723 Not Poem 230 1802
(14.46%) (42.68%) (8.44%) (66.13%)

Correctly predicted poem snippets: 71.07%
and not poem snippets: 85.36%

Correctly predicted poem snippets: 54.27%
and not poem snippets: 81.10%

2" Gen AIDA Ground-Truth 2" Gen AIDA Ground-Truth
Chronicling America Database] Poem |Not Poem Burney Collection Database Poem |[NotPoem
Poem 822 22 Poem 304 68
) (48.52%) (1.30%) . (11.16%) (2.50%)
Predicted Predicted
Not Poem 25 825 Not Poem 199 2154
(1.48%) (48.70%) (7.30%) (79.05%)

Correctly predicted poem snippets: 97.05%
and not poem snippets: 97.40%

Correctly predicted poem snippets: 60.44%
and not poem snippets: 96.94%




Deep Learning |2nd Gen Aida

2"d Gen AIDA improved poetic content classification for historical newspaper
by more than 10% comparing to 15t gen AIDA

o 2nd Gen AIDA has over 90% test accuracies on both Chronicling America and
Burney database, while 15t Gen AIDA cannot reach 80%.

2"d Gen AIDA have potentials to generate a general classifier for other
databases than the training database

> 2nd Gen AIDA has over 90% test accuracy on Burney database.

> Precision and recall of 2" Gen AIDA are lower than 90% but much higher than 15t
Gen AIDA




Part 5: Library of Congress
Project 1. Document Segmentation

Objectives | Find and localize Figure/lllustration/Cartoon presented in an image

Applications | metadata generation, discover-/search-ability, visualization, etc.




Background |State-of-the-Art CNN models

_JConvolutional Neural Network (CNN) Models (deep learning)
] Classification [Dataset; Top-1 / Top-5]
12014, VGG-16 (Classification) [ImageNet; 74.4% / 91.9%]
12015, ResNet-50 (Classification) [ImageNet; 77.2% / 93.3%]
12018, ResNeXt-101 (Classification) [ImageNet; 85.1% / 97.5%]
) Segmentation [Dataset; Intersection-over-Union (loU)]
12015, U-net (Segmentation/Pixel-wise classification) [ISBI; 92.0%]

1So, we now know that CNNs achieve remarkable performances in both
classification and segmentation tasks.

JWhat about document images then?




Document Segmentation | Technical Details

ATraining is a process of finding the optimal value weights between artificial neurons that minimizes a pre-
defined loss function

Input ol ol -l el Prediction Ground-truth

1. Convolutio : 3. Calculate per-pixel loss
sampling: understand “WHERE” it is present in the image 4. Update weights between
understand “WHAT” is present in the image neurons




Document Segmentation | Dataset

Beyond Words

) Total of 2,635 image snippets from 1,562
pages (as of 7/24/2019)
11,027 pages with single snippet
1512 pages with multiple snippets

) Issues
JInconsistency (Figure 1)

JImprecision (Figure 2)

Figure 2. Example of imprecision. From left to

D Data | m ba Ia nce ( Flgu re 3) right: (1) ground-truth (yellow: Photograph and
black: background) and (2) original image. Note
here that in the ground-truth, non-photograph-like

(e.g., texts) components are included within the
yellow rectangle region.

Figure 1. Example of inconsistency. Note that there are
more than one image snippets in the left image (i.e. input)
while there is only a single annotation in the right ground-
truth.

e il

Humies of entities

Figure 3. Number of snippets in Beyond Words. Note

here the data imbalance




Document Segmentation | Dataset

European Historical Newspapers (ENP) |
) Total of 57,339 image snippets in 500 pages
1 All pages have multiple snippets

1 Issues
IData imbalance
JText: 43,780
JFigure: 1,452 |
Li ne-sepa rator: 1 1,896 Figure 4. Example of image (left) and ground-truth (right) from
ENP dataset. In the ground-truth, each color represents the
DTa ble: 22 1 following components: (1) black: background, (2) red: text, (3)

green: figure, (4) blue: line-separator, and (5) yellow: table.




Document Segmentation | Experimental Results

J A U-net model trained with Model train/eval a Weighted Pre-processing Best Score
ENP datase_t shows better ode size asses training (Normalization) | Accuracy | mloU
segmentation performance than P
that with Beyond Words in BW 1500 v 1: Editoril o os7 | on
terms of pixelwise-accuracy and | ™| 506 |2 " N

3: [lustration

JloU score is a commonly used metric | BW_1500_v2 R  Yes 088 | 026
to evaluate segmentation [10:22;20:188:22]
performa nce ENP_SGG_\"] O Background Yes No 0.88 0.64

; I: Text 1040 10-

JThe three issues—inconsistency, ENP 3002 I 385796 2: Figare [3:10:40:10:3] Yes 0.89 | 064
imprecision, and data imbalance—of ENP_500_v3 3: Separator Ne No 0.91 0.69
Beyond Words dataset need to be ENP_500_v4 & Table Yes 0.91 0.69

*Accuracy: Pixel-wise accuracy.
*mloll: Average intersection over union.
*Normmalization: Zero mean unit variance

improved for better use in training

) Assigning different weights per class to mitigate data imbalance did not show
performance improvement
) Future Work: Explore a different way of weighting strategy to mitigate a data
imbalance problem




Document Segmentation | Potential Applications 1

) Enrich page-level metadata by cataloging
the types of visual components presented

on a page

i § 0§ 3
i 8 B B .

;

) Enrich collection-level metadata as well

§
g

-l Visualize figures’ locations on a page

E § 8 % % §8 .

E 0§ % 0§ § ¢

Figure 5. Segmentation result of ENP_500_v4 on Chronicling America image (sn92053240-19190805.jpg). Clockwise from top- left: (1) Input, (2) probability map for figure class, (3) detected
figures in polygon, and (4) detected figures in bounding-box. In the probability map, pixels with higher probability to belong to figure class are shown with brighter color.

Aida




Document Segmentation | Potential Applications 2

Input
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Figure 6. Successful segmentation result of ENP_500_v4 on Figure 7. Failure segmentation result of ENP_500_v4 on
book/printed material book/printed material
(ht)tDSS//WWW-|0C-EOV/I’€SOU rce/rbc0001.2013rosen0051/?sp= (https://cdn.loc.gov/service/rbc/rbc0001/2010/2010rosen007
37).

3/0005v.ipg). Note that there is light drawing or stamps



https://www.loc.gov/resource/rbc0001.2013rosen0051/?sp=37
https://cdn.loc.gov/service/rbc/rbc0001/2010/2010rosen0073/0005v.jpg

Document Segmentation | Conclusions

) As a preliminary experiment, a state-of-the-art CNN model (i.e., U-
net) shows promising segmentation performance on ENP document
image dataset,

) There is still room for improvement with more sophisticated training
strategies (e.g., weighted training, augmentation, etc.)

1 To make Beyond Words dataset more as a valuable training
resource for machine learning researchers, we need to address the
following issues:

) Consistency

) Precision of the coordinates of regions




Part 5: Library of Congress
Project 2.1. Figure/Graph Extraction

Objectives | Find and localize Figure/Graph in a document image

Applications | Graph retrieval, document segmentation based on content type




Figure/Graph Extraction | Technical Details

An FCN (U-NeXt) is used

‘| [ U-NeXt combines ResNeXt and U-Net
% ¥ [ ResNeXt101_64x4d

|;§ ) Why ResNeXt101_64x4d?

; | P J Current state-of-art

s | i ) Accessible pre-trained model

"1 JTransfer learning

b m]_.l ) ResNeXt101_64x4d

e ) Number of parameters:
e " 1114.4 million @ 32.8 million




Figure/Graph Extraction | Datasets

) ENP collection: European newspaper collection

JA subset used for the International Conference on Document Analysis and
Recognition competition

) Beyond Word collection: Transcribed collection
) But cannot be used for training directly ...
) Problem 1: missing figures in ground-truth
) Problem 2: inaccurate ground-truth



igure/Graph Extraction | Datasets: ENP

Document Ground-




Figure/Graph Extraction | Datasets: Beyond Words

Missing
figure

eciahy Sho
ST

Document Ground-




Figure/Graph Extraction | Preliminary Results

) Transfer parameters from pre-trained ResNeXt101 64x4d
) Trained on ENP dataset

Document Predictio




Figure/Graph Extraction | Conclusions

) Promising preliminary results

) Potential applications
) Segmentation based on content type to increase item-level accessibility

) Retrieval of figures/graphs for further study

) Challenges
) U-NeXt still needs more iterations of training

) Preliminary training indicates that tables may be the hardest type to extract



Figure/Graph Extraction | Challenge

Document Ground Predictio .
Aida



Part 5: Library of Congress
Project 2.1. Text Extraction from Figure/Graph

Objectives | Extract texts from figure/graph

Applications | Metadata generation, OCR for figure/graph caption




Text Extraction from Figure/Graph | technical Details

EAST text detector

] EAST: Efficient and Accurate Scene Text

detector
) HyperNet + U-Net

] Detect texts in graphic images in any
direction

Why applicable?

] figures/illustrations are snippets of a
graphic region

Feature extractor Feature-merging Output
stem (PVANet) branch layer
7x7, 16, 12 3x3,32 — Ix1,1 ]
h
conv stage 1 73x3,32 score map
64,2 1 1x1, 32 FTRBOX
———= | concat j geomelly |
unpool, x2 | > | 1x1, 4 | i
Y h i * E
conv stage 2 (353,64 i textboxes |
128, /2 x :
WY L6t |
unpool, x2 : text rotation
Y h, angle ‘
conv stage 3 3x3,128 o
LR
—_— ] [
¥ unpool‘ x2 ! :
conv stage 4|/, A by | text quadrangle |
384,72 i coordinates |




Text Extraction from Figure/Graph| preliminary Resuits

s, marmson mEpeR - | | Performance on detecting texts in newspaper
— " figure/graph is good

Detected

Texts ] Texts location is recorded

Text Lines

* 6 text lines

e {"x0":62, "y0": 608, "x1": 135, "y1": 588, "x2": 14:
"x0": 188, "y0": 33, "x1": 312, "y1": 31, "x2": 313,
"x0": 331, "y0™: 31, "x1": 423, "y1": 30, "x2": 423,
"x0": 116, "y0": 34, "x1": 166, "y1": 33, "x2": 166,
"x0": 405, "y0": 755, "x1": 470, "y1": 757, "x2": 47
“x0": 475, "y0": 756, "x1": 531, "y1™: 757, "x2": 5:

L]
L T e T s T Y




Text Extraction from Figure/Graph | Conclusions

) Promising preliminary results

) Potential application
1 Perform OCR on detected text regions for higher accuracy
) Extract OCR-ed words in detected text regions as metadata



Part 5: Library of Congress
Project 3. Document Type Classification

Objectives | (1) Classify a given image into one of Handwritten/Typed/Mixed type; (2)
Classify a given image into one of Scanned/Microfilmed

Applications | metadata generation, discover-/search-ability, cataloging, etc.




Document Type Classification | Technical Details

Note that we do not need up-sampling in this task,
since WHERE is not our concern

) A simple VGG-16 is used (Figure 8)

J Afzal et al. reported that most of state-of-the-art
CNN models yielded around 89% of accuracy on
document image classification task

) Transfer learning?

JWhy don’t we initialize our model’s weights from a
model that has been already trained on a Iarge-scale
data, such as ImageNet (about 14M images):

JWhy? (1) training a model from the scratch (i.e., the
value of weights between neurons are initialized to
random number) takes too much time; (2) we have
too small a dataset to train a model

224522453 224 % 224564
A

56
Tx512
"7 77285285512 L

7745 = ey
J_‘ [EiidE====

Fully nected-+Rell
saftman

1x1x4096 1x1x1000

Figure 8. Architecture of original VGG-16. In
our project, the last softmax layer is
adjusted to have a shape of 3, which is the
number of our target classes; handwritten,
typed, and mixed

Afzal, M. Z., Kélsch, A., Ahmed, S., & Liwicki, M. (2017, November). Cutting the error by half: Investigation of very deep CNN and advanced training strategies for document image classification. In 2017 14th IAPR International Conference on Document Analysis

and Recognition (ICDAR)(Vol. 1, pp. 883-888). IEEE.

Aida




Document Type Classification | Datasets

JWe have two datasets:
JExperiment 1: RVL-CDIP (400,000 document images with 16 different balanced
classes); publicly available

JExperiment 2: suffrage_1002 (1,002 document images with 3 different
balanced classes); manually compiled from By the People: Suffrage campaign

(Table 1)
handwritten | typed mixed Total
train 267 267 267 801
validation 33 33 33 99
test 33 33 33 99

Total 333 333 333 999

Table 1. Configuration of suffrage_1002 dataset.




Document Type Classification | Datasets

letter memo email advertisement

handwritten typed mixed

scientific scientific
presentation publication  questionnaire resume report specification

> ; 6 Hier
S e gt
o O e
R L L

Figure 9. Example document images from each 16 different classes in Figure 10. Example document images from each 3 different classes in
RVL_CDIP dataset suffrage_1002 dataset




Document Type Classification | Experimental Results

Table 1. Precision, recall, and fl-score of ¥GG-16 trained on RVL CDIP dataset. The alphabetic labels are
corresponding to the following labels: letter, form, email, handwritten, advertisement, scientific report, scientific
publication, specification, file folder, news article, budget, invoice, presentation, questionnaire, resume, and memo.

Our class of interest. handwritten. is bolded. Table 2. Precision, recall, and f1-score of FGG-16 on suffrage 1002 testing set.
it %) |A B C|IDIE[JF|lGg|H|[T[JT|K|[LIMIN[JO]|P JAv (unit: %) | handwritten | typed & mixed | Avg
Precision | 86 | 74 | 98 | 89 | 89 | 73 [ 90 |88 [ 89 [92 [ 87 [ o1 [ 78 [ o1 [ 92 [ss | 87 Precision 89 91 90 90
Recall 904 79 T 9796 [o1r 7393 for o786 8387073 ]0oafo1] g7 Recall 97 94 79 90
Fl 86 177 197 192 {90 |73 |91 |90 |93 ]89 |85 [88] 79|81 ]93]090] 87 F1 93 923 84 90

) Experiment 1: We obtained a model trained on a large-scale document image
dataset, RVL-CDIP with promising classification performance, as shown in Table 1

JImplication: Features learned from natural images (ImageNet) are general enough to
apply to document images

—INow we can utilize this model by retraining it with our own suffrage_1002 dataset in
Experiment 2

) Experiment 2: The retrained model shows even better classification performance,
as shown in Table 2




Document Type Classification | Conclusions

) In both experiments, the state-of-the-art CNN
model is capable of classifying document images
with promising performance
) Potential Applications: help tagging an image
type

) A main challenge: classifying a mixed type
document image, as shown in Figure 11 )

) Future Work: Perform a confidence level -| |l : !
analysis to mitigate this problem R S | e

Figure 11. Failure prediction cases. On the left example, a typed

D Future Work: We expect that the CIaSS|f|Cat|On region is relatively smaller than that of handwriting. On the right

example, a handwriting region is relatively smaller than that of

performance can be further improved with a typing.




Part 5: Library of Congress
Project 4. Quality Assessment

Objectives | Analyze image quality of the civil war collection By the People

Applications | Providing quality scores for machine reading on four criteria: (1)
skewness, (2) contrast, (3) range-effect, and (4) bleed-through




Quality Assessment | Technical Details

1 Objective quality assessment on four criteria
1 Skewness, Contrast, Range-effect, Bleed-through

) Based on the DIQA programs developed at Aida @ UNL (previously tested
using Chronicling America’s repository of archived newspaper pages

 Not directly machine learning related

) Why?
1 Help identify images that need pre-processing
) Reduce unnecessary workload for pre-processing images
) Indicate general qualities of the dataset



Objective Quality Assessment | Examples

Bleed- Skewnes

Contras
t through s




Quality Assessment | Datasets

1 The Civil War collection within By the People:
136003 images were downloaded

135990 images passed the DIQA program

1 13 images failed as they barely had texts (see examples later)




Quality Assessment | Experimental Results
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Quality Assessment | Observations

IThere were 46% images had the perfect score (zero)

on skewness assessment Wit Staes Rl @clrgruh

_IBut, there were also 43% images had the largest score %%@% gy
(two) T a———
IThis suggest the skewness of the dataset may be @,”Z S =
divided W@é’m
e
JHowever, a large portion of the dataset was hand- ﬂ// e
written
IThe skewness evaluation was depending on vertical aligned text
line ends

_IHand-written lines that were unjustified on left/right margin
may result in a faulty score

1556%



Quality Assessment | Experimental Results

Y fK
3B.12
23874

1840~ 1850 1350~ 18370 1880 1830 10 12§90 1240 1950
1845 y 18559 1879 1885 1825 1215 1235 1845 1955

—coilrask s

Cantrast

HII.00
700,00
EI.00
50,00
ALLDO
2000 £
20,00
1000
.00

~90% of images in the dataset falls
within this range



Quality Assessment | Experimental Results
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Quality Assessment | Observations

IBased on previous work of Aida, contrast score less than 40 may cause
troubles for reading

IThe first chart shows the average contrast was good

IBut ~90% images fall in year range from 1860 to 1869

The second chart break the year range to year-wise analysis

JImages from 1961 to 1964 seem to have contrast issues



Quality Assessment | Experimental Results
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Quality Assessment | Observations

—IBased on DIQA on Chronicling America, range-effect score that is smaller than
3 is good

) Statistic data indicates the database averagely has quality issues on range
effect




Quality Assessment | Experimental Results
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Quality Assessment | Observations

JUnfortunately, there is no magic number to say which score is good

JBut rather than 76 images from 1940 to 1949, other images has relatively
lower score (better quality) on background noise




Quality Assessment | Potential Issues

- Numerous images with yellowish
background and faded inks

) They are hard to read even to human eye
l Contrast could be lowered

) Skewness could be almost impossible to
compute



Quality Assessment | Potential Issues

- Numerous images are covers or labels
of a series

1 These images are largely blank
) Contrast is poor

) Histogram equalization might be able to
enhance the quality




Quality Assessment | Potential Issues

) There are color-inverted images from
microfilm
) Renders bleed-through assessment useless




Part 5: Library of Congress
Project 5. Digitization Type Differentiation:
Microfilm or Scanned

Objectives | Recognize if an image digitized from Scanned or Microfilm

Applications | Metadata generation, pre-processing policy selection




Digitization Type Differentiation | Technical Details

) Pre-trained ResNeXt is adopted
) Attached output layers are two dense layers with a 1D output vector

1 The pre-trained ResNeXt can classify images to 1000 different
categories

) The pre-trained ResNeXt is a good feature extractor
INumber of parameters: 94.1 million & 12.6 million

Sl




Digitization Type Differentiation | Datasets

) Created from the Civil War collection within By the People

) A manually created database by randomly choosing 600 images on scanned
materials and 600 images on microfilm materials

) The randomization was performed by shuffling the entire list of 36,003 images
in the collection

) The randomization ensured that images in the collection have a fair chance to
be chosen

) The randomization seed was fixed to ensure the experiments can be reproduced



Type Differentiation | Datasets
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Digitization Type Differentiation | Experimental Results

) With pre-trained ResNeXt,
It only took one iteration to reach more than 90% accuracy on training set, and

It only took two iterations to reach more than 90% accuracy on testing set
040, D36

GI.00% \ /

AL 0% \ f

FALRL S \ X
vV

0.00F%
1 2 3 4 5 B FJ g a 10

—train accuracy —itesiaccuray



Digitization Type Differentiation | Experimental Results

JThe best test iteration result was able to 100% correctly classify all images

Ground Truth

Scanned Microfilm

Scanned n 0
Prediction
Microfilm 0 n



Digitization Type Differentiation | Conclusions

) Existing pre-trained model can be easily extended to more
designated tasks

1 The extended model only need a small set of labeled data to reach
near-perfect performance in this task

) Automated digitization type differentiation is readily achievable.



Questions?




