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« What is OCR?

OCR stands for Optical Character Recognition, which is the electronic or mechanical conversion of images of typed,
handwritten or printed text into machine-encoded text.

« Application Scenarios
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ID recognition

Bank card recognition Text recognition
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* The story of OCR

»  Traditional algorithms

« Pipeline

Text region location — > Text rectification —>

« Text region location

Maximally Stable Extremal Regions (MSER)

SmartMere

Character segmentation —> Character recognition —* Post processing
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Apply a series of thresholds to binarize the image
Extract connected components

Find a threshold when an extremal region is
Stable”
square

“Maximally
, i.e. local minimum of the relative growth of its

Approximate a region with a bounding box (ellipse or
rectangle)

Non-maximum suppressing
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* The story of OCR

»  Traditional algorithms
« Text image rectification

Line detection + rotation

Maximum enclosing rectangle detection + rotation
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* The story of OCR

»  Traditional algorithms
« Character segmentation

Connected Component Labeling : find connected regions then split

Vertical Histogram Projection

5 : ; « Calculate the number of white pixels in each column
- « Draw the vertical projection map

+ Split the characters based on the values
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* The story of OCR

»  Traditional algorithms
« Character recognition

Handcrafted features + machine learning agorithms
« Possible features: HOG, SIFT, ...

« Machine learning algorithms: SVM, Decision Tree, Adaboost, ...

« Post processing

Design some rules based on the application scenario to refine the results.

Traditional algorithms require complicated pipelines to process the images, and they highly rely on the handcrafted
features for different scenarios.
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* The story of OCR

»  The deep learning era

text detection: extract the part of image that contains the text

text recognition: convert the text image into text

RNN

« Region-proposal based methods

« Segmentation-based methods
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* The story of OCR

»  Traditional algorithms vs. deep learning algorithms

« Both consist of text detection part and text recognition part
« Bottom-up perspective vs. top-down perspective

« Deep learning frees us from designing handcrafted features and has reshaped compute vision.

Methods based on deep learning also borrows ideas from traditional algorithms.
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« Semantic Segmentation

The task of assigning a semantic label, such as “road” , “cars” , "person” , to every pixel in an image.

blue pixels: cars
red pixels: people

purple pixels: road

Text detection: a semantic segmentation task with labels “text” and “background” , plus a
bounding box to select the text pixels.
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* Fully Convolutional Network (FCN)

» Main idea: convolution + upsampling + dense prediction

convolution fully connected

image classification H 1 (17 & ¢4 /// “tabby cat’

227 x 227 55x55 27 x 27 13x13

convolution

replace the FC layer u y o b s
Wlth 1*1 conv Iayer 227 x 227 55x55 27 x27 13x13 1x1 —

convolution
without resize ‘ L OOt 7
operation
H/4 x W/4  H/8 x W/ H/16 x W/16 H/32 x W32
convolution
add upsampling e &P A 2
| & &
0perat|0n HxwW Hax WA H/B x W8 H/16 x W16 H/32 x Wi32 t Hxw
upsampling t
conv, pool, pixelwise
nonlinearity output + loss
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* Fully Convolutional Network (FCN)

» Upsampling: transposed convolution

input size: (3, 3)
output size: (5, 5)

« Add paddings to the input feature map, then the
feature map size becomes (7, 7)

« Use a conv layer (3*3, stride 1) to get the output
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 Feature Pyramid Network (FPN)

>  Motivation

1. Feature maps with different resolution for objects with different sizes

2. Different feature maps contain different information (spatial information vs. semantic information)

»  Main idea: merge features of different scales

R
6
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« Text Detection Model

Feature extractor (backbone+FPN) -> upsampling -> dense prediction(text/background) -> bounding box

Upsample
e

512

text
upsamplin 1*1 conv —
(Hw,3) Tealure o wya, 512) SPamPING () w, 512) = (H, W, 2)

extractor
background
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« Improved Text Detection Model

>  Motivation

When two text instances are too close, it is hard to separate them.

E
2]
n
(a) (b) (c)

— In addition to “text” and “background” , we add the third class “border” to separate the
crowded text instances.

— Shrink the text region to generate the border label.

156
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« Improved Text Detection Model

Feature extractor (backbone+FPN) -> upsampling -> dense prediction(text/border/background) -> bounding box

& —a

1x1 Convfqu 3x3Conv+3x3Conv Upsample
: '
—_—
2024 1 256

al=

=7

text
upsamplin 1*1 conv
feature (H/4, W/4, 512) psampling (H, W, 512) > (H, W, 3) — | border

extractor —— background

(H, W, 3)
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- Improved Text Detection Model

»  Sample results

54 )
0 BREERMASARBHERREHM (22888 0 GREERRABARBUREREAN (X2 RERTREARH
L
O AnE 0 F2EurERtum (FRARRKERI ) DAnE D FEEHREBEHM (ERASRUMRA) i
O R, A BR g . ROV AT |W:m; Aol AN ; g LT 4 R0
0 ARALE “‘mgg‘ﬂ%ﬂmmmcmmg s{gfg(anan);;‘;f;;’wﬂmmﬁw“w :;i;;ﬂ; an £ IS : 4 dk A 12 7,
| —— = LR 127 MR 1274

AR T [(FF B 0 L b ok 2 3k 1% f.'#ﬂ >
EEAR L AL * ] X i : jt—]gl?\” af -
= 28T 107, E AT 127 | -
; M 12 7

= W Aelip 1270

thxkedn 1274

.

= % 5 8z
& 1 4B D7 £ & & 57
B doif 7 70 M B G 77

&utidn /4
¥%2%% 74
% 3% 5 & [ 7 BREEH /4

LAARAAAAASASAARAR AR B AAS AL AN AL A A ALY

17



Jl Text Recognition

« Convolutional Recurrent Neural Network

» Main idea

An alphabet contains all the possible characters

Transcription
Layer

Recurrent
Layers

Convolutional
Layers

"state"
1t

[-[s[-[t[-]a[a[t]t]e]

Predicted
sequence

Per-frame
predictions
(disbritutions)

Deep
bidirectional
LSTM

Feature
sequence

Convolutional
feature maps

Convolutional
feature maps

Input image

SmartMere

. For Chinese, the length of the alphabet is approximately 6000.

output ( “state” )

transcription layer

alignment/per-frame predictions (1, L, 6000)
recurrent layers

convolutional feature maps (1, L, 3)
convolutional layers

resized input image (32, W, 3)

resize to fixed height

input image (any size) 18
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« Convolutional Recurrent Neural Network

»  Recurrent Layers

Recurrent neural networks (RNN) are used to encode the sequence information.

h and h’ are vectors with

the same dimension
1

- iﬂﬁ ......

No matter how long the input/output sequence is,
we only need one function f

* Given function f: h',y = f(h,x)

SmartMore

19



II TEXt Recog n itiO n SmartMere

« Convolutional Recurrent Neural Network
»  Recurrent Layers

Long short-term memory (LSTM)

ct =2/ Oct 14+2iez

ht = z°Q@tanh(ct)
yt = a(W'h?)
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« Convolutional Recurrent Neural Network

»  Transcription layers - CTC

The alignment problem

* Approach 1 - merge the repeat characters

Xy Xy X3 Xy X5 Xg input (X)
. . : ,
ccaaalt alignment ‘ What if the alignmentis [h, h,e, I, I, 1,1, 1, 0] -
C d t output (Y)

* Approach 2 —introduce the blank token (CTC)

hhegg!l | @&l | o
First, merge repeat
characters.
h e € | e | o
Then, remove any €
tokens.
h e | | o
The remaining characters
are the output.
hiel 1o
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« Convolutional Recurrent Neural Network

»  Transcription layers - CTC

loss function

Suppose the input sequence is X=[xy, X,, ..., X], the target text is Y = [y;, ¥, ..., Y], the learning target is to maximize P(Y|X).

e.g.
Y=[c, a, t]
Possible alignments: [c, ¢, €, a,a,t], [c, € a,a t t],[c€a a ¢t ..

To calculate P(Y|X):
Intuitive solution — brute force
Time complexity: O(MAT), M is the length of the alphabet and T is the length of the input

sequence.
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« Convolutional Recurrent Neural Network

»  Transcription layers - CTC

Dynamic Programming

t=
input, X
A4

output ' ) k‘ O Q
2 ® -0 :>&

b \;OLQL‘LC

= nodes
; O0—~—0—~—0—-0

Node (s, t) in the diagram represents a; — the CTC score
of the subsequence Z;., after t input steps.

e.g.
the probability that the alignment [x;, x,, x5] can be converted to sequence “ab”

SmartMore

e Casel:z isnoteg, and z,, I=z
Ust = (as—l,t—l'l'as,t—l + as—z,t—l)Pt(Zle)

e.g.
If the alignment [x1, x2, x3, x4] is able to
converted to sequence “ab” , it must be one of
the three cases:

1. [x1, x2, x3] -> “a@”, x,=“b”

2. [x1, x2, x3] -> “ag”, x,=“b”

3. [x1, x2, x3] -> “aegb”, x;=“b”

23
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« Convolutional Recurrent Neural Network

»  Transcription layers - CTC

Dynamic Programming

t * Case 2: other cases

L
i

Node (s, t) in the diagram represents a; — the CTC score Z(X;Y)ED - log(P(le))

of the subsequence Z., after t input steps.

X5 st = (as—l,t—l‘l'as,t—l)Pt(Zs|X)

I

—_—

€‘

output \»

Y ab] €

O
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Two final

%i mmm) time complexity: O(ST)

€

O
O
O—-@
@

. nodes Loss function:
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« Convolutional Recurrent Neural Network

»  Transcription layers - CTC

Inference

* Greedy search * Beam search

For each t, choose the character with the highest probability.

T=1

=
N
—
w

S
©® O
I@ IO ‘_;f:..
@O ©O O

Problem: single output can have many alignments
e.g.

Alignment 1: [a, b, b, c], P=0.5

Alignment 2: [b, a,a,c],P=0.3

Alignment 3: [b, b, a,c],P=0.3

P(Y=1[a, b, c]) =0.5, P(Y=[b, a, c]) =0.6

® ® "
OO 6O i

©)
©@O®O

®

©)
SXOXO,

A standard beam search algorithm with an alphabet
of {€, @, b} and a beam size of three.
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« Convolutional Recurrent Neural Network

»  Sample results
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e Roll Veer.arlan hai Srmg Roll (Vegetarian |$12—._thiﬂ 00
ejThai spring rols stuffed with vegetable

mha\ Fish Cake [$12.0012 00
FinelQ minced fish with curry paste served with sweet chilli sauceFmey mitedIvth airy et
h\cken Sata [$12.00}$12.00
e ePeces of chidkenmannatedsene
la. EEI_:I EﬁﬁkarlPuFF $12.00/512.00

Minted chicken with onion and kumara wrapped in puff pastrylMitedchidlenuithonionar

Money Bag ISIZ_.D.D‘$12 00
Minced chicken and vegetables wrapped in wanton pastry.Mincet chcken an0Veeetabe

6. ofu Sata Vegetarian) ($12.00}$12.00

el ichty fried Tofu servedwith Peanut Sauce

z ]_)rawns in the BlankegPrawns in the Blanket $13.00f$13.00

DeeE fried Erawns wrapped with spring roll pastry servedDeepfned prauns wzppedwit
ith tamarind sauce

8. HThai Spicy Prawn Salad[Thai Spicy Prawn Salad [$13.00/$13.00
Raw prawns or cooked prawns, served with spicy sauceRaw Dawns orOocokedpauns,se
9. Mixed Entree Platterd.Mixed Entree Platter [$13.00§13.00
Spring roll, curry puff, money bag, and chicken satay (one of each)Spngol.aury puf.mnie

hili paste and mushrooms

mﬂ Tom Kha Galsmall_$12.505mall $12.9targe $22.50/arge $22.5C

Tantalising coconut milk soup with chicken, galangal, lemongrass and gitli

lemon juice. lemon iuice
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« OCR is one of the best scenario for the application of computer vision technology .

« Segmentation-based models are effective to detect text. Adding border benefits detecting crowded text instances.

« Incorporating recurrent layers can encode the sequence information to help recognize the text in the images.

« Problems to solve: hand-written text recognition, curved text recognition, ...

Demo:

—

Camera Tracking

Photo Detecting
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I One more thing SmartMore EIE

If you have a passion for computer vision and you are looking for an internship or a full-time
position, SmartMore is a good place to display your talent!

If you are interested, drop me an email at: xinyun.zhang@smartmore.com
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