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Document Analysis and Recognition (DAR)

• Objective
– Convert images to texts to enable semantic understanding

– Image data reduction

• Related Problems
– Layout analysis (page segmentation)

– Character and text recognition

– Document retrieval, semantic analysis and applications
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Many Sources of Document Images
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• Printed, online/offline handwritten
• Scanned, camera captured (scene text), born-digital



Categories of Documents

• What is Document

– Media (paper, image or file) carrying texts and symbols
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Application Needs

• Pervasiveness of Document Images

– Books, magazines, newspapers, letters

– Web data, emails, mini blogs (Weibo), Weixin

– Sign boards, license plate, street numbers

– Forms, certificates, business cards, id numbers

– Pen-based writings and drawings

• When CR/DA needed

– Text input to computers (Online)

– Document image converted to text (Offline)

– Semantics extraction from documents
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• Online Character Recognition
– Pen-based input, particularly suitable for mobile 

devices without keyboard

– No disturbance compared to speech

– Frontiers: continuous handwriting recognition, mixed 
text/graphics

Tablet PC
Anoto Pen
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• Offline Document Recognition
– Printed: not completely solved

• Challenges: complex layout, degraded image, 

mathematics/flowchart, multi-lingual

– Handwritten: un-solved
• Layout analysis

• Character segmentation 

and recognition

8Large volumes of postal forms, bank forms and medical records



Camera-captured documents
− Increasingly captured by mobile phones 

and submitted to Internet

− Many challenges
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Vehicle id number, Chattopadhyay et al., DAS 2012



Webdata: many document 

images to be converted to text
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Images from Weibo and Weixin (WeChat)



Document Analysis Pipeline

Data 

acquisition

(Scanner, camera, 

digital pen)

Layout 

analysis

Character 
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Character 
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Document Analysis Issues

• From Image to Semantics

Image 
Processing

Layout 
Analysis

Contents 
Recognition

Semantic/
Application

•Pre-classificat
- Doc/Non-doc
•Enhancement
- Contrast
- denoising
•Rectification
- Illumination
- Skew
- Perspective
•Binarization
•Frame removal

•Region 
separation
•Zone 
classification
•Text localization
•Text line 
segmentation
•Hand/print 
separation
•Table/form 
analysis
•Signature/logo/
stamp extraction

•Text recognition
- Character segment
- Feature extraction
- Classifier design
- Sequence model
-Linguistic/geometric 
contexts
•Graphics/symbol
- Diagrams
- Eng. drawings
- Musical scores
- Mathematics
- Physical/chemicals
•Style authentication
- Font identification
- Script identification
- Writer identificat
- Signature verificat

•Structural 
understanding
- Logical relation 
btw zones
- Reconstruction
•Retrieval
- Keyword spotting
- Content-based
- Structure-based
•Semantic analysis
- Categorization
- Summarization
- Translation
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•Region separation
•Zone classification
•Text localization
•Text line 
segmentation
•Hand/print 
separation
•Table/form analysis
•Signature/logo/stamp 
extraction
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DAR Brief History
Time Methods Target/Application Events

1920s Optical template matching Printed digits/letters 1st patent on OCR

1950s-
1960s

Correlated matching, 
simple structural analysis

Printed digits/letters
Printed Chinese (1966)

1st PR Workshop in 
1966

1970s-
1980s

Feature matching 
(normalization, feature 
extraction), Structural 
matching, Statistical PR, 
Neural networks

Handprinted digits/letters
Printed/handprinted
words 
Handprinted
Japanese/Chinese

1st ICPR in 1972
IAPR founded in 1978

1990s Research of various issues, 
including layout analysis 
and segmentation

Practical applications in 
various areas (document 
entry, mail sorting, forms, 
business cards, text input)

PC got popular
Internet
1st IWFHR/ICDAR/ 
DAS in 1990/91/94

2000s
New 
Boom

Re-inventing existing 
methods (e.g., HMM)
Borrowing from ML and 
CV (e.g., BoW, deep 
learning, RNN)

Remaining hard problem
Improve existing apps
Explore new apps (e.g., 
camera-based, historical, 
ink documents)

Google, Baidu
Facebook, twitter
Smart phone
Mobile Internet
Weibo, WeChat



Conferences

• ICDAR: Int’l Conf. on Document Analysis and Recognition 
(bi-ennial from 1991)
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Conferences

• ICFHR: Int’l Conf. on Frontiers of Handwriting Recognition 
(from 1990, formerly IWFHR)

• DAS: IAPR Int’l Workshop on Document Analysis Systems 
(bi-ennial from 1994)
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Got popular from 2011



Journals
• Int. J. Document Analysis and Recognition (IJDAR), Springer, 

1998-
• IEEE Trans. Pattern Analysis & Machine Intelligence (PAMI), 

1979-
• Pattern Recognition (PR), Elsevier, 1968-
• Pattern Recognition Letters (PRL), Elsevier, 1980-
• Int. J. Pattern Recognition & Artificial Intelligence (IJPRAI), 

World Scientific, 1987-
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Societies
• International Association for Pattern Recognition (IAPR), 1978-

– www.iapr.org
– IAPR TC-10 (Graphics Recognition)
– IAPR TC-11 (Reading Systems)
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Resources: Datasets, Software
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Better HMM tool: KALDI

Many good HR/OCR 
methods are not in 
open source



Main Approaches
 Image Pre-processing
 Layout Analysis
 Scene Text Detection
 Text Line Recognition
 Graphics Recognition



Image Pre-Processing
• Enhancement/denoising

– MRF (Markov random field)

– Morphology

– Deblurring

• Binarization
– Local/adaptive

– Stroke edges

– Classification-based, MRF, CRF (Conditional random field)

– Full convolutional network (FCN)

• Rectification
– 3D shape modeling

– Cylindrical surface reconstruction

– Polynomial curve fitting with text lines

29



Layout Analysis

• Tasks

– Page segmentation (geometric layout analysis)
• Segmenting page image into regions (zones) of homogeneous class 

(text, handwritten/print, graphics, header, signature, logo, table, 
mathematics)

– Text region segmented into text lines/words

– Layout Understanding (logical layout analysis)
• Labeling the semantic class, logical order and relationship of 

regions

• Layout reconstruction

• Possibly incorporating cues from text recognition

30

Page segmentation: intensively studied, not solved



Layout Analysis Problem

31

Layout 
Analysis

Page segmentation

Content 
classification

PictureNon-text

Word

Formula

Table

Flow chart

Text line

Paragraph

Article

Graphics

Decoration

• Task scope

Text
Script 
identification

Writing type 
separation

Chinese

Handwritten

English

Arabic

Printed

PictureNon-text

Graphics

Decoration

Normal Text

Structured Text

Semantic classes (header, section 
title, caption, paragraph, etc



Page Segmentation Difficulties

• Layout Complexity
– Non-rectangular (non-Manhatton)  structure

– Multiple region types

– Separation between close regions

– Irregular shape (e.g., handwritten)

– Complex background

32
Images from: M. Benjelil, S. Lanoun, R. Mullot, A.M. Alimi, Complex documents 
images segmentation based on steerable pyramid features, IJDAR 2010.



• Imaging Quality
– Noise, low contrast

– Paper contamination

– Camera-based distortion
• Rotation, perspective

• Curvilinear surface

• Background of paper

33

Distortion rectification 
may rely on text line 
detection.



Page Segmentation as Clustering

• Clustering Methods

– Partitional
• K-means, Gaussian mixture density (EM)

– Hierarchical
• Divisive (top-down)

• Agglomerative (bottom-up)
– Single-link, complete-link

– Graph theoretic
• Spectral clustering

34

Dendrogram



Categorization of Methods

• Typology of Methods

Processing direction
 Top-down methods

 Bottom-up methods

 Hybrid methods

Learning based or not
• Heuristic rule based methods

• Machine learning based methods

• Hybrid methods

Layout segmentation limitation
• Algorithm constrained methods

• Parameter constrained methods

• Potentially unconstrained methods
35

Bottom-up is more effective, but 
computationally expensive



Traditional Methods

• Pre-Processing
– Binarization, noise removal

– Connected component (CC) analysis

– Rotation correction

• Classic Layout Analysis Methods
– Projection profile analysis

– Recursive x-y cuts

– Whitespace analysis

– Run-length smearing algorithm (RLSA)

– Document spectrum

– Voronoi diagram-based algorithm

– Texture-based (feature-based) methods

– Line adjacency graph (LGA) based methods

36

Top-down

Bottom-up

(Jain & Yu, 1998)



Latest Methods

• Objective: to handle variable complex documents

• Methods Based on Deformable Models
– Level set, active contour, seam carving

• Methods by Graph-Based Clustering
− Minimum spanning tree (MST) clustering

• Methods Based on Structured Prediction
– Page segmentation using conditional random field (CRF)

• Methods Based on FCN
− FCN for text line segmentation and detection

− Multi-task layout analysis using FCN

− Learning to extract semantic structure using multimodal 
FCN

37



Text Line Segmentation Using Level Set 
Method

38
Y. Li, Y. Zheng, D. Doermann, S. Jaeger, Script-independent text line segmentation in freestyle 
handwritten documents, IEEE Trans. PAMI, 2008.

• Script-independent, segmenting curvilinear, close and touching text lines
• The level set method is exploited to determine the boundary of neighboring 

text lines by evolving an initial estimate

Density estimation using 
anisotropic kernel

Initial estimate of text lines 
(pixels of high density)
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After 10 iterations of 
evolution using level set

After connecting 
broken text lines

Final text line 
segmentation



Textline Segmentation Using Active Contour

40
S.S. Bukhari, F. Shafait, T. Breuel, Script-Independent Handwritten Textlines Segmentation 
using Active Contours, ICDAR 2009.

 Multi-oriented textlines smoothing using matched filter bank
 Central line approximation using Horn-Riley based ridge detection method 

(find zero crossing of directional derivatives of smoothed image)
 Adaptation of active contours (snakes) over ridges

Active contour: minimize



Handwritten Text Line Segmentation by MST 
Clustering

Connected
components

Determine the number of 
clusters (text lines)

Minimum 
spanning tree

Sub-trees

41
F. Yin, C.-L. Liu, Handwritten Chinese text line segmentation by clustering with distance metric 
learning, Pattern Recognition, 2009.

Distance Metric Learning



• Effect of Distance Metric Learning
– Components in same line mostly connected

– Less between-line edges
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Results: Proposed Method



Layout Analysis as Structured Prediction

• Structured Prediction

– Labeling multiple related objects/parts jointly

– Markov random field (MRF), conditional random field 
(CRF), max-margin Markov network (M3N)

• Deep Structured Model

– Deep learning for potential functions
or part models

– Possibly trained end-to-end

44
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Page Segmentation Using CRF

45
X.-H. Li, F. Yin, C.-Lin Liu, Printed/Handwritten Texts and Graphics Separation in 
Complex Documents using Conditional Random Fields, DAS 2018.

CCs classified into three 
classes: graphics, text, table

Post-processing: noise CCs 
assignment according to k-NN rule

Connected components (CCs) classification with Conditional Random Field 
(CRF) for exploiting spatial context
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CRF input: set of CCs x
Output: labels of CCs y* by MAP 
inference

Unary potential

Pairwise potential

Inference
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Unary potential CNN

Pairwise-Net CNN
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Text/non-text separation 
in test paper document

Printed/handwritten 
separation in test paper 
document

Printed/handwritten 
separation in Maurdor
Dataset



Image Segmentation Using FCN

• Fully Convolutional Network (FCN)
– Pixel-wise prediction
– Success in semantic segmentation

U-Net



50
Z. Zhang, C. Zhang, W. Shen, C. Yao, W. Liu, X. Bai, Multi-oriented text detection with fully 
convolutional networks, CVPR 2016.

(b) Saliency map prediction by text-block FCN; (d) Candidate character 
component extraction; (e) Orientation estimation by projection; (f) Text 
line candidates generation; (g) Final result using character-centroid FCN 
for removing false hypotheses.

Ground truths for training text-block FCN: pixels within bounding boxes
Ground truths for training character centroid FCN (small version of text-block FCN): 
pixels within a distance from character centroid.

FCN used in scene text detection



Handwritten Text Line Segmentation 
Using FCN with Dilated Convolutions

• Text line core pixels prediction

51

Example of 
x-height labeling

G. Renton, et al. Fully convolutional network with dilated convolutions for handwritten 
text line segmentation, IJDAR, 2018.
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The input resolution is always the same and the receptive fields are increased due to the dilation

Receptive field of dilated convolution for different dilation rate r

FCN with dilated convolutions



Multi-Task Layout Analysis Using FCN

53
Y. Xu, F. Yin, Z. Zhang, C.-L. Liu, Multi-task Layout Analysis for Historical Handwritten 
Documents Using Fully Convolutional Networks, IJCAI 2018.

FCN with three tasks: 1) region segmentation (text, background, comment, 
decoration); 2) text line contour extraction; 3) baseline detection

Four output branches: 1) decoration detection; 2) text and comment detection, 
coarse text line contour; 3) text/background separation; 4) center line detection
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Input image Page segmentation
Text line 

segmentation Baseline detection



Page Segmentation Using Label Pyramid 
Network

• To overcome the ambiguous boundary between text lines, by 
exploiting the hierarchical label information

55
X.-H. Li, et al., Instance Aware Document Image Segmentation using Label Pyramid 
Networks and Deep Watershed Transformation, submitted to ICDAR 2019.

FCN for pixel-level 
classification

Label pyramid is generated 
from single label map by 
distance transform



56

Original image

Image with line 
gap narrowed

Left: FCN Right: LPN

LPN able to 
separate 
very close 
text lines

Examples of region segmentation and text line segmentation



Learning to Extract Semantic Structure 
Using Multi-Modal FCN

• Document Semantic Structure Extraction (DSSE) as pixel-wise 
segmentation
– Appearance-based and semantics-based classes
– Using text embedding and unsupervised tasks to improve performance
– Synthetic document generation

57
X. Yang, et al., Learning to extract semantic structure from documents using multimodal fully 
convolutional neural networks, CVPR 2017.

Unsupervised tasks: reconstruction, within-object consistency
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Example real documents and their corresponding segmentation. 
Top: DSSE-200. Middle: ICDAR2015. Bottom: SectLabel. 
Segmentation label colors are: figure , table , section heading , caption , list and paragraph



Scene Text Detection
• Difficulties

– Complex background, change of illumination and perspective
– Multi-oriented text, arbitrary shaped text

• Research History
– Started from 1990s
– Prevalent from 2011

• Robust reading competitions in ICDAR 2011, 2013, 2015

– Deep learning from 2016
– HorizontalMulti-oriented (2015)Arbitrary shape (2017)

• Research Tasks
– Text detection
– Text recognition, mostly following generic text line recognition
– End-to-end text detection-recognition (a.k.a. text spotting)

• Joint model (e.g., shared feature extraction), multi-task learning, 
saved memory, improved performance

59



Text Detection Methods
• Character based

– MSER, SWT, …
– Sliding window, text-line block/slice

• Word/line based (generic object)
– Manually designed (hand-crafted) feature
– CNN based object detection

60Character Composite Generic Object

Deep 

Feature 

Based

Binarization SWT MSER

Zhang et al. Tian et al. Shi et al.

Zhang et al.

Liao et al. He et al.

Jaderberg et al.

Manual

Feature 

Based

DL-based approaches: 
largely motivated by 
object detection methods



• Character based Scene Text Detection

– Component-based: 
SWT, MSER (ER), FCN

– Text Block/Slice

61

Saliency map predicted by text-block FCN, Zhang et al., CVPR 2016
(FCN to predict the saliency map of texts, character hypothesis)

Canny text detector, Cho et al., CVPR 2016
Linking segments, Shi et al., CVPR 2017



• Word/Line based Scene Text Detection

– Manually designed features

– CNN based features

62

Symmetry Feature, Zhang et al., CVPR 2015
ACF and Edge Boxes, Jaderberg et al., IJCV 2016

Direct Regression, He et al., ICCV 2017Rotated Anchors (RRPN), Liu et al., CVPR 2017



Arbitrary Shape Text Detection
• TextSnake: local region prediction and reconstruction

– Text as sequence of ordered overlapping disks
– Score maps of text center lines (TCLs) and text regions (TRs)
– Instance segmentation, central axis points extraction

63
S. Long, J. Ruan, W. Zhang, X. He, W. Wu, C. Yao, TextSnake: A flexible representation for 
detecting text of arbitrary shapes, ECCV 2018, LNCS 11206, pp.19-35, 2018.
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Yellow: detected text boundary
Green: ground-truth annotation

Red: score map for TR (text region)
Yellow: score map for TCL (center line)

The approach works for both curved and multi-oriented texts.



Arbitrary Shape Text Detection

• Adaptive Text Region: flexible 
number of boundary points

65
X. Wang, Y. Jiang, Z. Luo, C.-L. Liu, H. Choi, S. Kim, Arbitrary shape scene text detection 
with adaptive text region representation, CVPR 2019.

Region proposal 
network (RPN) RNN based adaptive region representation: 

coordinates of pairwise points as regression target

Refinement network
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End-to-End Text Detection-Recognition

• Cascaded system vs joint model

• FOTS: Fast oriented text spotting
– ROIRotate to share convolutional features between detection 

and recognition

– Text detection branch: FCN, binarization, NMS

– Text recognition branch: LSTM+CTC

– Multi-task training

67
X. Liu, D. Liang, S. Yan, D. Chen, Y. Qiao, J. Yan, FOTS: Fast oriented text spotting 
with a unified network, CVPR 2018.
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Both detection and recognition results



End-to-End for Arbitrary Shape Text

• TextDragon
– Local box detection, centerline prediction

– ROISlide to extract convolutional features for recognition

– Sliding character classifier based text recognition

69
W. Feng, W. He, F. Yin, X.-Y. Zhang, C.-L. Liu, TextDragon: An end-to-end framework for 
arbitrary shaped text spotting, ICCV 2019.
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End-to-end training 
helps text detection

CTW1500 Total-Text ICDAR 2015

Detection 
and 
Recognition 
results on 
three 
datasets



Text Recognition
• Early research mostly focused on isolated character recognition, esp. 

for Chinese characters (large category)

– Character recognition
• Normalization: linear, moment-based, nonlinear, pseudo 2D

• Feature extraction: direction histogram, Gabor, structural

• Dimensionality reduction: PCA, FDA, DFE (discriminative)

• Classification: statistical, neural (MLP, RBF, polynomial), SVM
– Large category set: MQDF, LVQ, hierarchical

• Deep learning

Classification
Character 

Normalization
Feature 

Extraction

啊, 阿, 呵
0.7,   0.1,   0.1

( | )P cx x

Deep Learning

Multiple candidate classes for integration in string 
recognition incorporating linguistic context



• Text (word/line) Recognition

– Explicit/over segmentation
• Relevant to human cognition

• Good for fusing contexts and knowledge

72

– Implicit segmentation: sliding window
• HMM

• RNN, BLSTM 
(bidirectional long short-term memory)

• BLSTM combined with CNN (CRNN)

• Sliding window classifier
(Applicable to large category set)



Handwriting Recognition Using RNN-LSTM

73
A. Graves, M. Liwicki, S. Fernandez, R. Bertonami, H. Bunke, J. Schmidhuber, A novel connectionist 
system for unconstrained handwriting recognition, IEEE Trans. PAMI, 2009.

• LSTM (long-short-term 
memory) units to better 
model long-range 
dependency.

• Superior performance in 
text recognition of 
various styles 
(online/offline 
handwriting, printed, 
scene texts)

file:///D:/Liucl/DigiLibrary/OCR/Word/Graves09-connectionist_handwriting-PAMI.pdf


Online Handwritten Text Recognition with 
Convolutional RNN

74

Multi-Spatially-Context Fully Convolutional Recurrent Network (MC-FCRN)

Z. Xie, Z. Sun, L. Jin, H. Ni, T. Lyons, Learning spatial-semantic context with fully convolutional recurrent 
network for online handwritten Chinese text recognition, IEEE Trans. PAMI, 2018.

file:///D:/Liucl/DigiLibrary/Online/Handwriting/XieZ2018-Learning spatial semantic context with FCRN for OLHCTR-PAMI.pdf


Offline Handwritten Text Recognition 
Based on Over-Segmentation

• Candidate segmentation-recognition path evaluation
• CNN for cut detection, character classification, geometric 

context
• RNN-based language model (character based)

75
Y.-C. Wu, F. Yin, C.-L. Liu, Improving Handwritten Chinese Text Recognition Using Neural Network 
Language Models and Convolutional Neural Network Shape Models, Pattern Recognition, 2017.



Scene Text Recogn
Using Conv-RNN

76B. Shi, X. Bai, C. Yao, An end-to-end trainable neural network for image-based sequence recognition 
and its application to scene text recognition, IEEE Trans. PAMI, 2017.

Conv-RNN (LSTM) 
now dominates in 
text recognition

file:///D:/Liucl/DigiLibrary/DocProc/TextDet/ShiB2017-end to end scene text recognition-PAMI.pdf


Curved Text Recognition with Attentional 
Network

77
B. Shi, M. Yang, X. Wang, P. Lyu, C. Yao, X. Bai, ASTER: An Attentional Scene Text Recognizer 
with Flexible Rectification, IEEE Trans. PAMI, 2019.

Rectification network uses thin plate 
splines for rectifying text shape.
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Detection using 
TextBoxes and 
rectification-
recognition using 
ASTER



Graphics/Symbol Recognition

• Graphics/symbols in many documents, though less than 
texts
– Important for many applications

• Mathematic expressions/flowchart: education

• Signature: forensics

• Tables: business forms

– Re-drawing attention because text recognition works well now

• Approaches
– Engineering drawings

• Primitive extraction

• Graph matching

– Flowchart
• Stroke labeling: MRF, CRF

• Rule-based interpretation

79



• Approaches

– Logo recognition/retrieval
• Similar to generic object detection/recognition

– Signature verification
• Feature extraction-matching

• Deep learning based: Siamese network

– Mathematic expressions
• Symbol segmentation

• Symbol recognition

• Graph/grammar/rule-based interpretation

• Fully convolutional network for simultaneously 
symbol detection ad recognition
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Attentional Network for HME Recognition

81
J. Zhang, J. Du, et al., Watch, attend and parse: An end-to-end neural network based approach to 
handwritten mathematical expression recognition, Pattern Recognition, 2017.

End-to-end recognition, 
from 2D image to 
character sequence in 
Latex format

Coverage vector based 
attentional model

WAP Model

file:///D:/Liucl/DigiLibrary/DocProc/Applica/ZhangJS2017-An end-to-end neural network based approach to handwritten mathematical expression recognition-PR.pdf


TAP Network for online HME Recognition

82
J. Zhang, J. Du, L. Dai, Track, attend, and parse (TAP): An end-to-end framework for online handwritten 
mathematical expression recognition, IEEE Trans. Multimedia, 2019.

Hybrid attention

Utilize online sequence 
information

file:///D:/Liucl/DigiLibrary/DocProc/Applica/ZhangJ2019-An end to end framework for online handwritten expression recognition-TMM.pdf


Status of Performance

 Layout Analysis

 Numeral Recognition

 Handwriting Recognition

 Chinese Character and Text

 Scene Text Detection and Recognition

 Mathematics Recognition



Layout Analysis

• Datasets

− University of Washington (UW) document image databases: 
UW-I, UW-II, UW-III

− ICDAR Competition on Recognition of Documents with 
Complex Layouts (RDCL) 2001-2017

− ICDAR Handwriting Segmentation Contest (2007, 2009, 
2013)

− READ-BAD database

− DIVA-HisDB

− Maurdor database
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• READ-BAD Database
For baseline detection

85

Dataset Training set Test set

Track A 
(Simple document)

216 pages 539 pages

Track B 
(Complex document)

270 pages 1010 pages

Samples with 
ground truth

M. Diem, et al. cBAD: ICDAR2017 competition on baseline detection, ICDAR 2017.

Evaluation metric: Recall, Precision, F-value
Reference baselines (ground-truth) annotated as polygonal chains



• DIVA-HisDB

Historical: Medieval manuscripts, pixel-level annotation

86

Dataset Training Validation Test

CB55 20 pages 10 pages 10 pages

CS18 20 pages 10 pages 10 pages

CS863 20 pages 10 pages 10 pages

Original image Task-1: 
Layout analysis

Task-3:
Text line segmentation

Task-2:
Base line detection

F. Simistira, ICDAR2017 competition on layout analysis for challenging medieval manuscripts, 
ICDAR 2017.



• The Maurdor Database

• Multi-lingual, mixed printed and handwritten

87

B. Moysset, et al. The A2iA multi-lingual text recognition system at the second 
Maurdor evaluation, ICFHR 2014.



• The Maurdor Database
Samples with ground truth
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• The Maurdor Database:

Evaluation metric: ZoneMap

89

Mapping process for calculating ZoneMap

O. Galibert, J. Kahn, I. Oparin, The ZoneMap metric for page segmentation and area classification 
in scanned documents, Proc. ICIP 2014

Blue: reference
Yellow: 
hypothesis

Group reference 
and hypothesis 
zones 
incrementally
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Match, miss, false alarm, split

Evaluation metric: ZoneMap

For each group

ES: zone segmentation error; EC: zone classification error
αC: weight
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Comparison of dilated FCN compared to the main submitted 
systems on the cBAD database (ICDAR2017 competition)

*DMHZ: GmbH, Vienna, Austria. Convolutional U-net.
This work: light attention of post-processing

Handwritten Text Line Segmentation Using FCN with Dilated 
Convolutions (G. Renton et al., IJDAR 2018)

Performance: Some Representative Results
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Category-average metric (%) of page segmentation on DIVA-HisDB Dataset
(Proposed*: without combining low-level feature)

Text line segmentation. Line-level IoU (LIU). PIU considers all pixels, MPIU only takes the 
pixels within matched lines. CSG0018/CSG0863/CB0055: three types of manuscripts.

Baseline detection (%)

Multi-Task Layout Analysis Using FCN (Y. Xu, et al, 2018)
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S1, S2, S3, S5: 
Four previous 
systems

Page Segmentation Using Label Pyramid Network (X.-H. Li, et al., 2019)
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Text/non-text classification and printed/handwritten separation 
using CRF (X.-H. Li, et al., 2018)



Handwritten Numeral Recognition

• Isolated: MNIST

• Numeral strings

– ICFHR2014 HDSRC

95

Liu et al. 
2003

Error% #param Time

MLP 0.60 63.31K 0.44ms

Polynomial 0.58 38.86K 0.76ms

SVC-poly 0.55 913K 5.90ms

SVC-rbf 0.42 1.61M 21.9ms

DNN Error (%)

Simard et al. 2003 0.40

Ciresan et al. 2010 (IDSIA) 0.35

Wu et al. 2014 (Fujitsu) 0.254

Not latest, should be solved well given enough training data. 
Many string (text line) recognition methods available.



Handwriting Recognition

• Datasets
– IAM (University of Bern, Switzerland)

• English paragraphs, 6486/972/2915 lines in 
training/validation/test

– RIMES Database (French handwriting)
• 12,093 lines
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97
K. Dutta, P. Krishnan, M. Mathew, C.V. Jawahar, Improving CNN-RNN hybrid networks 
for handwriting recognition, ICFHR 2018.

Improvements: Pre-
processing, pre-training, 
data augmentation

Results on IAM Dataset

Results on RIMES Dataset



Chinese Characters and Text

• Handwritten Chinese Characters
– CASIA OLHWDB/HWDB

– ICDAR 2013 competition
• Isolated: 3,755 classes

• HWDB1.0+HWDB1.1 for training

• Data of 60 writers in testing

98



• Handwritten Chinese Characters

– ICDAR 2013 competition

System CR (%) Speed (ms)

ICDAR2013 
Competition

Fujitsu, CNN 94.77 55 (GPU)

IDSIAnn (8) 94.42 315 (CPU)

IDSIAnn-1 94.24 197 (CPU)

HIT 92.62 4.6 (CPU)

Human 96.13

IDSIA Tech 
Rep 05-13

CNN 94.47 3.03 (GPU)

Multi-CNN (8) 95.78 22.04 (GPU)

Fujitsu 
(ICFHR2014)

ATR-CNN 95.04

CNN voting 96.06

CASIA 
(PR2017)

dirMap+CNN 96.95 298 (CPU)

Ensemble-3 97.12

SCUT 
(PR2017)

CNN 97.30 1368

compressed 97.09 9.7

CASIA (PR’19) Lightweight CNN 97.19 2.8

Offline character recognition

CASIA 
(PR2017)

dirMap+CNN 97.55 295ms 23.5M

Ensemble-3 97.64

SCUT 
(PRL2017)

CNN+DD+PS 97.55 295ms 23.5M

Model acerage 97.64

CASIA 
(PAMI2017)

RNN 97.89 10.38M

Ensemble-6 98.15 78.11M

Isolated character recognition is solved very well based on deep learning.



• Handwritten Chinese Texts

– ICDAR2013 competition: given text line segmentation

100

Performance metric: character correct rate (CR), accurate rate  (AR)
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ICDAR2013 Competition on Chinese Handwritten Text Recognition

Wang&Du
ICFHR’16

93.27 DNN-HMM
94.86 Writer adaptation

Fujitsu’16 95.53 94.02 Over-seg, CNN
CASIA’17 96.32 96.20 Over-seg, CNN

Su et al’16 94.43 93.40 Deep BLSTM

Jin et al’17 96.58 96.09 MC-FCRN

Offline

Online

Over-segment 
and NN 
classification



Scene Text Detection

• Datasets

– ICDAR 2013: horizontal

– ICDAR 2015: incidental

– MSRA-TD500: multi-oriented

– MLT-17: 9 languages, 18,000 images

– RCTW-17: Chinese text, 8346 train, 4229 test

– CASIA-10k: Chinese text, 7000 train, 3000 test

– COCO-Text: loosely annotated, not used widely

• Performance metrics

– Word/line level Recall, Prevision, F-value
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Scene Text Image Datasets

ICDAR2013 Focused Images ICDAR2015 Incidental Images

COCO-Text Dataset
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RCTW-17

MLT-17



105
W. He, X.-Y. Zhang, F. Yin, C.-L. Liu, Multi-oriented and multi-lingual scene text detection 
with direct regression, IEEE T-IP, 2018

Results on ICDAR 2015

Results on MSRA-TD500

Results on ICDAR 2013

Multi-Oriented Text Detection 
Results
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Results on CTW-17

Results on MLT-17

Results on CASIA-10K



Arbitrary Shape Text Detection

107

CTW 1500 Total-Text

X. Wang, et al., CVPR 2019



ICDAR2017 Competition on Reading Chinese Text in the 
Wild (RCTW-17)

108
http://mclab.eic.hust.edu.cn/icdar2017chinese/?from=timeline&isappinstalled=0



Scene Text Recognition

109

B. Shi, et al., T-PAMI 2019.

Curved 
textFree lexicon



End-to-End Scene Text Recognition

110

W. Feng, et al., ICCV 2019.
End-to-end recognition also benefits detection.
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End-to-end recognition results on ICDAR 2015 Test set.

S/W/G: Strong/Weak/Generic lexicon.



Mathematics Recognition

• Datasets

– Printed expressions
• IM2Latex-100K (Y. Deng et al., ICML 2017)

– CROHME (Competition on Recognition of Online 
Handwritten Mathematical Expression) 2013, 2014, 2016
• CROHME 2014: train set of 8836 math expressions (86K symbols), 

test set of 986 math expressions (6K symbols). 

• CROHME 2013 test set for validation set 

• CHROME 2016: test set of 1147 expressions, training set same as 
2014
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WAP (offline) 46.55      61.16    65.21   66.13

PAL          39.66        56.80   65.11        70.49

PAL*        47.06        63.49   72.31        78.60

WAP (offline) 44.55           57.10 61.55  62.34

Results on CROHME 2014 test set.

Results on CROHME 2016 test set.

TAP: J. Zhang, et al., 
2019
WAP: J. Zhang, et 
al., 2017

PAL: J. Wu, et al., 
ECML 2018



Discussions
• Main Approaches

– Layout Analysis
• Top-down vs bottom-up, structured prediction (graphical model), FCN

– Text recognition
• Isolated: deep classifier (CNN)
• Text line: over-segmentation based, HMM, RNN, conv-RNN

– Character model based: gives clear character segmentation, applicable to large 
category set and multi-language

– Scene text detection and recognition
• Detection: deep learning (CNN), multi-task (pixel classification, 

boundary regression), with or w/o proposal generation
• Recognition: conv-RNN becomes popular, special methods proposed 

for curved text recognition
• End-to-end: joint model with shared feature extraction (CNN)
• Local region (character) prediction better satisfy curved text

– Mathematic expressions recognition
• Attentional network (encoder-decoder) performs well, but weak 

interpretation (e.g., symbol segmentation)
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Discussions

• State of the Art

– Big progresses in multiple tasks of DAR benefitted from deep 
learning

– Outperform human (really?) when training with big data

• Remaining Problems

– Layout analysis: complex layout and background, divergent 
format

– Text recognition: divergent styles, style drift, multi-language, 
small sample

– Learning from mixed and weakly labeled data, continuous 
learning

– Structural and semantic understanding

– Real applications: multi-type, hybrid contents, degraded image
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Future Directions

• Fundamental Theory & Methodology
– Learning for small/imbalanced data, weakly labeled data

– Fusion of multi-level/source contexts, global optimization

– Online learning/adaptation

– Cognitive mechanisms: from visual cues to high-level 
knowledge

• Document Image Processing
– Image capturing paradigm/device

– Complex layout analysis, logical structure

– Joint layout analysis and text recognition

• Character Recognition
– Structural analysis

– One-shot learning, zero-shot learning
116



• Text Line Recognition
– Sequence classification model and learning

– Contexts modeling, fusion, and adaptation

– Multi-lingual documents, especially mixed languages

– Retrieval and semantic analysis

– End-to-end page recognition without line segmentation

• Application Oriented
– Modeling of interactive transcription

– Confidence and reliability (to reject)

– Objects beyond texts
• Mathematics: offline printed, online handwritten

• Table, symbols, diagrams, stamp, signature

– Document authentication, writer identification

– Character interpretation and verification

– New applications
• Human interface, robot, archeology, education, travel aid, impaired 

person assistance, etc.
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