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Overview

 Objective: Create superior recognition framework
« Utilizing document info & image data

 Two post-processing methods
* Fully autonomous
* Semi-autonomous

« Trained on the Handwritten Chess Scoresheet (HCS) Dataset
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Motivation

 Chess is the most popular board game
605 million active players
« Tournament managers spend hours entering data manually
« Camera-based applications are convenient
« A specialized framework increases accuracy over a traditional Latin handwriting

recognition network
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A Brief
Explanation
of Standard
Algebraic

Notation
(SAN)




Format

* 2 sheets per game

« One sheet from each perspective
« Official record for chess match

« Settle disputes

* Verify winners

* Written on paper
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Chess Notation

Pisna Disambiguating If Destination = Destination If If Check
File/Rank Capture File Rank Promotion = or Mate
Paz?n; (~n<l)<ne) Either from a - h
Queen ~ Q or from.l i xofor One choice = One choice | , followed Check ~ +
disambiguating X , by the Piece :
Rook ~ R ; froma-h  from! -8 Mate ~ #
Bishop ~ B File or Rank Q,R,BorN
Knight ~ N respectively
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Chess Notation

Sample Move Pieceo Dis.| Dis. Capture Dest. Promote Check
Move Description File|Rank Square Mate
Nf3 Knight to {3 N ~ ~ ~ £3 ~ ~
R1f4 |Rank 1 Rook fo f4| R ~ 1 ~ f4 ~ ~
Bxeb Bishop takes eb B ~ ~ X eb ~ ~
Rdf8 | d-file Rook to {8 R d ~ ~ f8 ~ ~
Qh4el | h4 Queen to el Q h 4 ~ el ~ ~

Pawn to eS8
e8=Q promotes to Queen ~ ~ ~ ~ e =Q ~
ed Pawn to e4 ~ ~ ~ ~ ed ~ ~
_ ueen takes {7 -
QxI777 " Checkmate Q ~ ~ x 7 ~ #
Bxe3+ Bisho[‘) takes ¢3 B N N . 3 N +
Check
dxes d-file Pawn N d N . of N N
takes eb
0-0 Short Castle ~ ~ ~ ~ ~ ~ ~
0-0-0 Long Castle ~ ~ ~ ~ ~ ~ ~
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Image Capture

Captured with phone camera
Natural lighting
Gathered from live tournaments

Standard corner detection transformation
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DataSEt .//tc11.cvc.uab.es/datasets/HCS 1
Contents

158 games
215 individual pages

13,810 tagged handwriting
samples

Ground truths in single .txt file
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http://tc11.cvc.uab.es/datasets/HCS_1/
https://sites.google.com/view/chess-scoresheet-dataset/home/

Sample Scoresheet Images

White’s Perspective

Black’s Perspective
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Training Set Ground Testing Set Ground

Truths Truths
G rOU nd TrUth 001 1 white.png d4 001 0 1 white.png d4
: 001_1 black.png Nfé 001 0 1 black.png Nf6
Ta gg|ng 001_2 white.png c4 001 0 2 white.png c4
001 2 black.png e6 001 0 2 black.png eb6
001_3_ white.png Nc3 001 0 3 white.png Nc3
001 3 black.png d5 001 0 3 black.png db
e Each text box has an 001 4 white.png Nf3 001 0 4 white.png Nf3
. 001 4 black.png Bb4 001 0 4 black.png Bb4
aSSOCIated ground 001 5 white.png Bd2 001:0:5:white.png Bd?2
truth 001_5 black.png 0-0 001_0_5 black.png 0-0
001 6 white.png e3 001 0 6 white.png e3
001 6 black.png Ncb6 001 0 6 black.png Ncb6
) . OOl_7_wh1te.png Bd3 001 0 7 white.png Bd3
* Testing set contains 001_7 black.png Bd7 001 0 7 black.png Bd7
001 8 white.png 0-0O 001 0 8 white.png 0-O
ground tru;th for the 001 8 black.png Qe7 001 0 8 black.png Qe7
game, not individual 001 9 white.png a3 001 0 9 white.png a3
Sheets 001 9 black.png dxc4 OOl_O_Q_black png dxcd
001 10 _white.png Bxci 001 0 10 white.png Bxc4

8§ﬂ%§ OOl_lO_black png Bdb6 OOl_O_lO_black png Bdo




Chess
Scoresheet

Offline

Framework

Recognit




Pre=-Processing
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Network

Architecture
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Post-

Process




= FUlly Autonomous Method

e Does not require user input
e |deal for making predictions quickly

Post-

PFOCGSSi ﬂg Semi-Autonomous Method

e Requires user input
e Lower error rate
e For scenarios that require high precision
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Fully Autonomous

Are Is one Return high
predictions prediction confidence
equal? valid? prediction

Yes Yes

| Return Return valid
prediction prediction
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* Follows autonomous logic s = oS
B Ryehyy : a8 5 li S T
* Confidence threshold = 90% Bipel 10,550 I8 - 7 (T
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* Interrupts user in following cases: g ut— ol —8 & T .
. 20 54 T ox-k 5 20 i @
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5 | |28 | 58
° ot 26 —
Weak match < x w7 C ‘ K> h -
I - b1 | -
Prediction W: Kxh7: 0459 = ' Prediction B: Kh7: 0.784

Interruption rate = 7%

Weak conflict, verify move: |[Kxh7
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Training
and Results
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Training

e Pretrained on IAM dataset
86,000 word samples
e 80 valid characters ‘
« Max word length = 27 chars pyebab i WWe /o o i, W7 madthe rma e

olistle wbe | P /7/7)/(’ el hf“‘ sy P"’\'\”L" ENT

* Finetuning 1o hevs baw e | Dkpsdir~r | Inhevdancelnfuesilirve
* 4,706 samples from 35 unique pages - o o o

« 47,060 with 10:1 data augmentation

« Epochs = 10

e Batch size = 32

LR = 0.0005
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Recognition Accuracy

Post-processing CRA MRA Interruption Rate
None 02.1% 82.5% None
Autonomous 95.5% 90.1% None
Semi-autonomous 08.1% 97.2% 7.00%
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Human Error Rate = 2%







Future Scopes

v" Incorporate game validation into post-processing
v Increase prediction accuracy with most played moves
v Expand HCS dataset

v’ Balance rare data (long castles) ForrLevs
v’ Create user friendly mobile application
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Thank You
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