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What	
  are	
  historical	
  documents?	
  
–  Correspondence	
  
–  Diaries	
  
–  Newspapers	
  
–  Government	
  Documents	
  
–  Books	
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Digi4zing	
  historical	
  documents	
  
•  Why?	
  

–  Historical	
  records	
  are	
  in	
  analog	
  
form	
  

–  Due	
  to	
  their	
  fragility,	
  most	
  of	
  
them	
  are	
  not	
  accessible	
  

•  How	
  to	
  make	
  them	
  accessible?	
  
–  Digital	
  text	
  transcrip)on	
  

•  Ways	
  of	
  digi4za4on	
  
–  Hand	
  transcribe	
  each	
  book	
  

•  Resource	
  intensive	
  
–  OCR:	
  op)cal	
  character	
  recogni)on	
  

•  high-­‐error	
  in	
  text	
  transcrip)on	
  

•  Mass	
  digi4za4on	
  projects	
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Early	
  modern	
  OCR	
  project	
  (eMOP)	
  
•  Goal	
  

–  Improve	
  OCR	
  accuracy	
  for	
  
early	
  modern	
  texts	
  

•  300k	
  documents,	
  45M	
  
pages	
  	
  

–  Open	
  source	
  OCR	
  tools	
  

•  Challenges	
  
–  Early	
  modern	
  prin)ng	
  
–  Document	
  image	
  
problems	
  

	
  

Pictures	
  

Decora4ve	
  page	
  
elements	
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OCR	
  Quality	
  
assessment	
  

Why	
  measure	
  OCR	
  quality?	
  

Quality	
  
Score	
  >	
  
0.8?	
  	
  	
  

Yes	
  

No	
  

Good	
  
Documents	
  

Bad	
  
Documents	
  

Diagnos)c	
  	
  
Pipeline	
  

Black	
  
font	
  

skew	
  

Warp	
  

Bleed	
  
through	
  

*OCR	
  
Output	
  

Post-­‐	
  processing	
  triage	
  

Linguis)c	
  
Analysis	
  

*hOCR	
  output	
  from	
  Tesseract	
  OCR.	
  



Gupta	
  and	
  Gu)errez	
  et.	
  al.	
  |	
  CSE@TAMU	
   6	
  

Our	
  approach	
  
•  Post-­‐process	
  OCR	
  output	
  

–  Page	
  segmenta)on	
  result	
  such	
  as	
  bounding	
  box	
  (BB)	
  
coordinates	
  

–  OCR	
  word	
  confidence	
  

•  Build	
  ML	
  models	
  to	
  remove	
  noise	
  
–  Binary	
  classifica)on:	
  classify	
  each	
  BB	
  either	
  as	
  text	
  or	
  noise	
  

•  𝐐𝐮𝐚𝐥𝐢𝐭​𝐲↓𝐎𝐂𝐑   ∝​𝟏/%  𝐧𝐨𝐢𝐬𝐞  𝐁𝐁𝐬 	
  



Gupta	
  and	
  Gu)errez	
  et.	
  al.	
  |	
  CSE@TAMU	
   7	
  

Language-­‐agnos4c	
  approach	
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Quality	
  assessment	
  algorithm	
  

Pre-­‐filtering	
  

OCR	
  Output	
  

Column	
  
segmenta)on	
  

BB	
  labels	
  

Local	
  itera)ve	
  
relabeling	
  

Step	
  1	
  

Step	
  2	
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•  Prefiltering	
  
–  Provides	
  ini)al	
  labels	
  to	
  	
  
be	
  refined	
  in	
  later	
  stages	
  	
  

–  Rule	
  based	
  classifier	
  
•  BB	
  proper)es	
  	
  
and	
  OCR	
  word	
  confidence.	
  

•  Conjunc)on	
  of	
  rules	
  
–  Problems	
  

•  Many	
  text	
  BBs	
  classified	
  as	
  noise	
  
•  Need	
  a	
  way	
  to	
  recover	
  lost	
  text	
  BBs	
  

Area	
  of	
  BB	
  >	
  1st	
  percen)le	
  ?	
  

OCR	
  word	
  confidence	
  
	
  in	
  (0,0.95)?	
  

Yes	
  

Non-­‐text	
  

No	
  

Height/Width	
  <	
  2?	
  

Yes	
  No	
  

Non-­‐text	
  

No	
  Yes	
  

Non-­‐text	
  Text	
  

Height	
  

Width	
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•  Column	
  extrac4on	
  
–  Extract	
  individual	
  column	
  and	
  then	
  process	
  each	
  column	
  

  
Lehmost	
  	
  
text	
  BB	
  

Rightmost	
  	
  
text	
  BB	
  

Trough	
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•  Local	
  itera4ve	
  relabeling	
  
–  Refines	
  ini)al	
  labels	
  
–  Based	
  on	
  BB	
  proper)es	
  	
  
and	
  its	
  neighborhood	
  

–  Applies	
  an	
  MLP	
  classifier	
  
itera)vely	
  to	
  refine	
  BB	
  	
  
labels	
  (text/noise)	
  

 Features used during local iterative relabeling 

Features Descrip)on 

𝑆 Score	
  from	
  nearest	
  neighbors	
  ;	
  see	
  eq.	
  (1) 

​
𝐶↓𝑂𝐶
𝑅  

OCR	
  word	
  confidence* 

𝐻/𝑊 Height-­‐to-­‐width	
  ra)o	
  of	
  BB* 

𝐴 Area	
  of	
  BB* 

​
𝐻↓𝑛𝑜
𝑟𝑚  

Normalized height: ​ 𝐻↓𝑛𝑜𝑟𝑚  = ​ (​ 𝐻
−𝐻↓𝑚𝑒𝑑 )∕​𝐻↓𝐼𝑄𝑅   

​
𝐻 ↓𝑑 𝑖
𝑠𝑡  

Horizontal	
  distance	
  from	
  the	
  middle	
  of	
  the	
  page 

​
𝑉↓𝑑𝑖𝑠
𝑡  

Ver)cal	
  distance	
  from	
  the	
  top	
  margin 

*available	
  from	
  the	
  pre-­‐filtering	
  stage 

BBs	
  for	
  a	
  
column	
  
	
  	
  

Ini)al	
  labels	
  from	
  pre-­‐filter	
  stage	
  

Mul)-­‐layer	
  
perceptron	
  
model	
  

New	
  labels	
   old	
  
labels=
=	
  new	
  
labels?	
  	
  

No	
  

Yes	
  

Labels:	
  Text	
  or	
  Noise	
  	
  

   ​∑𝑘=1↑𝑃▒​𝑤↓𝑘 ​𝐿↓𝑘  /∑𝑘=1↑𝑃▒​𝑤↓𝑘    

Geometric	
  
Features	
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Final	
  output	
  

3

C
o
n
fi
d
en

ce

1 1

0 0

Te
xt

N
o
is
e1

2
4
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Results	
  
•  Label	
  refinement:	
  local	
  itera4ve	
  relabeling.	
  

0.85

0.9

0.95

1

Precision Recall F1	
  score

Pre-­‐filtering After	
  iterative	
  relabeling

•  Dataset	
  
–  Binarized	
  page	
  images	
  
–  Images	
  are	
  selected	
  to	
  represent	
  variety	
  in	
  the	
  eMOP	
  corpora.	
  

•  Mul)-­‐page;	
  single	
  column;	
  ink	
  bleed-­‐through;	
  mul)ple	
  skew;	
  warping;	
  
printed	
  margins	
  	
  

•  Label	
  crea4on	
  
–  Each	
  BB	
  returned	
  by	
  OCR	
  is	
  manually	
  labelled	
  as	
  0:noise	
  and	
  

1:	
  text	
  
–  72,366	
  BBs	
  are	
  labelled	
  

0%	
  

20%	
  

40%	
  

60%	
  

80%	
  

100%	
  

1	
   2	
   3	
   4	
   5	
  

PR
O
PO

RT
IO
N
	
  

NUMBER	
  OF	
  ITERATIONS	
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[0,0.2) [0.2,0.4) [0.4,0.6) [0.6,0.8) [0.8,1)

0

0.1

0.2

𝐵​𝐵↓𝑛𝑜𝑖𝑠𝑒 	
  

Ch
an
ge
	
  in
	
  ​𝑠
↓𝐽
𝑊
 	
  

•  Filtering	
  quality	
  
–  6,775	
  test	
  documents	
  with	
  ground	
  truth	
  text


–  ​𝑆↓𝐽𝑊 	
  similarity	
  b/w	
  OCR	
  output	
  and	
  ground	
  truth	
  

–  eMOP	
  uses	
  juxta-­‐cl*	
  to	
  generate	
  ​𝑆↓𝐽𝑊 	
  
	
  

*implementa)ons	
  from	
  juxtacommons.org	
  

85.4	
  

10.6	
  
4	
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  in	
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Discussion	
  
•  Summary	
  

–  Non-­‐text	
  OCR	
  outputs	
  suffice	
  to	
  
•  Iden)fy	
  text	
  and	
  noise	
  in	
  a	
  document	
  image	
  
•  Es)mate	
  the	
  document’s	
  overall	
  quality	
  
•  Improve	
  OCR	
  transcrip)on	
  performance	
  when	
  image	
  processing	
  
based	
  preprocessing	
  is	
  prohibi)ve	
  

•  Future	
  work	
  
–  Diagnos)c	
  pipeline	
  based	
  on	
  ac)ve	
  learning	
  
–  Linguis)c	
  features	
  can	
  be	
  explored	
  



Ques4ons	
  


