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Learning Methods for Realization of Optical Character Recognition with High Accuracy Using Al
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Attention has been focused in recent years on robotic process automation (RPA) using software robots amidst the ongoing improvement of routine,
repetitive business operations in Japanese companies. As part of these efforts, the introduction of optical character recognition using artificial intelli-
gence (AlI-OCR), which makes it possible to recognize various handwritten characters on a wide variety of business forms with a high degree of accuracy,
is expected to improve the efficiency of paper-dependent business processes. However, the higher data collection and teaching costs of Al-OCR, due
to the need for a large number of different character samples including a vast number of handwritten kanji characters in order to improve recognition
accuracy, are a serious issue.

To rectify this situation, Toshiba Digital Solutions Corporation is engaged in the development of the following methods for Al-OCR to improve charac-
ter recognition accuracy while suppressing increases in costs: (1) a data augmentation method that can generate a variety of character data based on a
small number of actual handwritten data and (2) a semi-supervised learning method using virtual adversarial training to recognize character strings. We
have confirmed the effectiveness of these Al-based methods through verification tests.
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Outline of conditional variational autoencoder and generative
adversarial network (CVAE-GAN)
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Images generated by CVAE, CGAN, and CVAE-GAN
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Changes in decision boundary by means of semi-supervised learning
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Results of character string recognition
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Improvement of character recognition accuracy by means of semi-
supervised learning

FEROBF ARG A, HEEFREUZ 11 x 25 [F]I Al
Sh, FEATAMRBICR 5,

43 KRBROBFHNT—2ZRANZEZ DR

FDSic k%, #FII7—2 D b o EE% ML, &
W Lo REMR L., 22T, #RT—IRY
BURT — 9 LIZEEP R LRIURT =5 %o, FHU
HYYFEEET 2 ERT,

WHEPRLRL - OOEXE N —TPOIEL:, FHE
ODETINT =52y FARUOBZEHWS, HBTFINF—2€y
FARERFEA, BidRHRTHD, FEhrTlk, LT o
DEF ML BET =21y bOSUFFIEEH R %2 T L7,

(1) BFHF—2Ey FARFERHCTH S EE S

BB DO FEHET IV
@ (emz, #FI7 -1y bBERAOTEAMH
Y EE SRS VA HET IV

BTFH 7T =22y b A, BERFNIIRTEEET VDL
FIRFEBEER6IIR T, BT T—4+v BT,
Hlid 0 EEET IR TERAID D EEHET IV DORR
WD, 12 TIEES T, FHAH L EHOR)
ROMERTEIe — T, BFINT =5y AT, FH
Bifido 0 38 DRI CEZBREOHL > 722 7%, FH
filids b Ic k2B R o e o Tz,

CORERDPE, RETDEETH-TH, FlicLzon
FRTINF — oy b etpB 5T, RBBELA L
TELIEDMER SN, TOXIBFEFEEHAAALC
Licky, EHPIRERT -2 FE L CGRBKBEZR
EEE T AI-OCRPEHRTE %,

5. HEHE

AI'OCR@%FH{K@fC&)LCF%%LfC, wuﬁ&%'f ]]/@?‘

SRELRNFRHCERRLCAICL2FEBFE

4% % SPECIAL REPORTS

BHFEADALEATEHERIC OV TORN 2, EFHH LT
F =Y EEFEPRBORT — 2% oISl d b 8 7
EoFEE@EML, XFRHMEEELREOOND I EEMER
L7z,

St5b, BT VORI R BUR TGRS E £ 1 &
HoEEBIZ, OCRY—ERDFEVBEFOM EaLicd Al
Bz G Tw L,

SR

(1) Kingma, D. P.; Welling, M. "Auto-Encoding Variational Bayes".
International Conference on Learning Representations (ICLR)
2014. Banff, Canada, 2014-04, ICLR. arXiv.org e-Print archive,
2014, arXiv:1312.6114v10. <https://arxiv.org/pdf/1312.6114.
pdf>, (accessed 2019-05-27).

(2) Goodfellow, I. J. et al. "Generative Adversarial Nets". Proceed-
ings of Neural Information Processing Systems (NIPS 2014).
Montreal, Canada, 2014-12, NIPS. arXiv.org e-Print archive,
2014, arXiv:1406.2661v1. <https://papers.nips.cc/paper/5423-
generative-adversarial-nets.pdf>, (accessed 2019-05-27).

(3) Bao, J. et al. "CVAE-GAN: Fine-Grained Image Generation
through Asymmetric Training". 2017 IEEE International Confer-
ence on Computer Vision (ICCV). Venice, Italy, 2017-10, IEEE.
2017, p.2764-2773. <https://arxiv.org/pdf/1703.10155.pdf>, (ac-
cessed 2019-05-27).

(4) Miyato, T. et al. Virtual Adversarial Training: A Regularization
Method for Supervised and Semi-Supervised Learning. IEEE
Transactions on Pattern Analysis and Machine Intelligence
(Early Access). 2018, arXiv:1704.03976v2. <https://arxiv.org/
pdf/1704.03976.pdf>, (accessed 2019-05-27).

(5) Graves, A. et al. "Connectionist Temporal Classification: Label-
ling Unsegmented Sequence Data with Recurrent Neural Net-
works". Proceedings of the 23rd International Conference on
Machine Learning (ICML). Pittsburgh, PA, 2006-06, International
Machine Learning Society. Association for Computing Machin-
ery, 2006, p.369-376. <https://www.cs.toronto.edu/~graves/
icml_2006.pdf>, (accessed 2019-05-27).

(6) HFEYN, 154, CTC-VAT 70 omE#HER S I ETFE L ZD
FHNZRAOIGH, B8, 2018, 118, 362, p.29-34,

mUE X FURUHATA Akio

HEFO oIV a—var X (1R)

VINI 2T &AL T /Y=y — Flik -+ AT 4 T SRR
AT MEIEEY 22A

Toshiba Digital Solutions Corp.

s FEF TANAKARyohei
N WEFVILI) 2= ar X ()
PAVENS F\CPA=-DERSZ B i B 5 2

e
-
\’| Toshiba Digital Solutions Corp.

fKHE #BE  0SADA Kunio
WEFVINYYa—arX (KR)
VI =7 &AL T I ay—k v g — Mgk - A7 4 7 BRI S

h Toshiba Digital Solutions Corp.

37



