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Neural Network) A% A4 71&2 2§35}k %ZW AR = Ef} Hol| QIAE T B ATollA Aljlete B4l
A4 V& 2E F 309 AE AW of gtk A MAE #H EAE 995 AEste A8 F
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w2 Q14 71EE oln A Yo &4 Y95 A
Z35tal, 7o) o FARIAE Wiste 7E
22X, 27]ddle A2 S A4 oju|A] W
Yzt TAES sk Aol JFEAe,
Holle guk AR o]u| Ao e BB
F2F e 7]&o] HFEA At} (Jaderberg,

dot 4 )14 7]eE olu| Ao YxH onE
gkefsto] Aol tigk o3& 7hssiAl dkef <l
Byl Abe] 253 e ol Ao T Bl Hn
A% A4 B A, WD e el e gaE
Y A% A, Ae FYL edstE P
373 B4 5 OO Fokl $89 5 Aot
(Liao, Shi, & Bai, 2018; Liu, Chen, Wong, Su, &
Han, 2016; Tian, Lu, & Li, 2017; Zhou et al.,

2017).
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JHClEE T3l g HE 58 F Aoy,
perceptron ] 7H7F BolAH A @A HHolE
2E A8 g gE FASE 2ol oY
A FAZE Atk ol# g FAE A

AL AHE 7] o R s A9E B3l g
HolHe F7as BEstA FAH=
NEE AT (Rumelhart, Hinton, & Williams,
1986). 73AF sh v a2 HF Y] &
Fakel et AAH W 2 e E e dHrlE
& T E ALbehe 7IEEH, olF Tl 9t
gHi e 3o Wt e /kel A ¥ A
SbetAl Ao EM St dolElo] HASH
W oo EHE S 5 A sieth
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AR A FAY, TAkeHA H= EAVF AT & A 2L YL B ARE Agdsto R 2
Atk olHg FAE WA fF AA == FYGL s Yrhe Q13 A e F23
=27k A58} (loffe, 2015), ReLU RIAE A A AAS =gt FAF AAEY Fx27F A
34 (Nair & Hinton, 2010) ¥ bWl g Z7]3k H A} (LeCun, Bottou, Bengio, & Haffner, 1998).
A7+3} (Glorot & Bengio, 2010) 5¢] 7]&E0] AT AAY F2E A 49 B3 F
ARt A om, o]& Qs AA g FH EAE A Ad BNSE IS ASHOE #a, 4
AN AR SE Vs TH R St =9 WEEE EAWWeE A S B3 AR H
AZIEA T F29] A5 AR 7<) Al Adel G M 49 HAHHo 2§35 Yt
b= ATt = O35 AAY FxoIt 4T AT B4
NS AR WA T M S71e A 9 F2E o9 A= ek A= o
A4t BREE T vlgEste] ST @A) 2 54 9 A5S A4S 4 Atk LeCun et al.
7HA ARbE AF A S e (1998)°] A|¢+et =719 FA 27882 2278
1+ 7l ~ =9 7)ol ©3HH (Canziani, 2016), ©] 2 Zo02 FAFY oY, I F thFst 29| A
3 AF AAe HeEE g o7 Sk 5 Aol AEHA AAY Fo NFE V]
ANZ17]1 YA E B o dolErF asitt st oz JIUMAIIEA AF AR R
AE, 248 VES I Al F stego] 7e 435k} AlexNet (Krizhevsky, 2012), ZFNet
o Wi} A AT AW TES % ol (Zeiler, 2014), GoogLeNet (C. Szegedy, Liu, W.,
2] "oy gr7} FHARG gol3)] Fou, T8 Jia, Y., Sermanet, P., Reed, S., Anguelov, D., ... &
S AS AAT g2 EE dAHHOZE TG Rabinovich, A., 2015), Inception (C. Szegedy,
7= Al @A7F Aok AS A4 ey loffe, S., Vanhoucke, V., & Alemi, A. A., 2017),
£ SF5AI717] s seEbdE Srol ulE st ResNet (K. He, Zhang, X., Ren, S., & Sun, I,
© B &9 g5 dolgrE asith A 2016), VGG (Simonyan, 2014), DenseNet (G. Huang,
9] g5 HlolHE o] &3ste AF AW 9 Liu, Van Der Maaten, & Weinberger, 2017),
HEHE g<5A1717] AslA olv|A] A, o]u]A] FractalNet (Larsson, 2016), Network-in-Network
WA, 59 24, A0 23, FEAE B4 s o (Lin, 2013) & 27] 4T AA4T tu] 24
F PHES B3l Folx 5 ol &S =9 Ag7t 71 TH o R Sojd =& 4
AHoz Z7MAIIE 71EE0]l AAHAUT Z AR F2EN, olF AF F8F AAYE
(Krizhevsky, 2012). 2 FAEF A 718 7=, AA AAT S )
&, 4 AAY Fo] A=, AW S0 94

22 O[ofx| 2& T2 Tl g ¥4 B4 54L& 7HAH, 7=

i o w} st BREE dEpxith

T 71818 A S S el Q1] Al AlexNet (Krizhevsky, 2012) - 912 942 3
o7 7154 muksk Al i_‘d neocognitron A AT AABS 20 WY Tz B
(Fukushima, 1980)°] 7R o] %, ©l& ®A g o 42 2wy 22 aA9d o o



IAAZI| RS A AAH

el A dolo® A FEE H83
ok AlexNet 7HE G419 GPU st=do] A% vl
FOo & Q3 AlexNet2 F+ 7H¢] 29 A8+
AR T2E AYstalon, 1 olF GPU 3=
ol A AN A Cor Bl THEE 417
g AS 727F AEHJAT. VGG (Simonyan,

)
=t
N>
-4
BN
rir
W
>
W
E‘L‘
oX,
s |
Al
TP
1o
>
E
ol
ol

-

Al FINE F
S RAY GoogleNet (C. Szegedy, Ioffe,
Vanhoucke, V., & Alemi, A. A., 2017)2 9
M-S 97 3x3, 5x5 FAF AE B A
A% Ix1 BE FAF ALE 74
71E A 99 &, 718 24 B

| T2 02 AATFOEN, Tt A7
B wAo] ThsstAA HAARJ A

TEE AN

BN
=
¥ o J
Lo o fo

]

3o oy ot 4

"

N

i 0
Lo 1y g

_—

2N 20 o e
2

N
N
>
I
fo
O,
rlr
IR
2 p0 g b ol
N of
- -

>
tn)

l
o
L
o
12
ofo
ob
. 2
o
>
ol
ol
ok
B
X
o 2> ol

it
4y
9
rr
oﬁ
=
_>,L
e
>
i)
juta}
Shl
Y
it

t}. ResNet (K. He, Zhang, X., Ren, S., & Sun,
20162 39 43% Fof 292 x}w a3
Fol 293} A= 7
ARE A3 A= —rﬂf\lﬂL 5 % o]
1747 SollA oln] st5d ARE

b

o

o] Sherallof & ANAG FolA nT} Bhrol
Ao 72 o] FAAA H= EHV) otk DenseNet
(F. Iandola, Moskewicz, M., Karayev, S., Girshick,

R., Darrell, T., & Keutzer, K., 2014)2 3}9] 4173
W FEYS B A A 5 2EY B
st TEE AAEASH, olH3 7= 3
AR FolA E4E 52 fd=E #4 53
2 49 SO AIFeEN gt 719
Y B4E& 7153l S} FractalNet (Larsson,

201602 3t FHF BAFS Bl §A

w BASI BAAR 7R AP G E ASH
o2 Hol Y FEREM, shte] 7|8 FHGS
Well o2] TR HESA A2 Hdo] X35
ol lemz AT AFY AN 2How
olojA = A2E st dEE ¢ Ak ol
ResNet¥} 28 2 A2 72 S4S FA8HY

8l

A, GoogLeNet¥} 22 Z7F #lolo] &4 A4
ol%, &2 AAF 3 A
22 AAF 279 sy H )
AAQ AF AAT shg5s 7HsstA gtk
AlexNet ©] & T}oFsh 4
ol At wef o]mx
%é‘]—% E:Y_]_-FHQ Oﬂ)\]- EL/;'] _,AO]:O]]
7} A2 W BA 7 o] 453
F A =AY (Canziani, 2016).
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TZ2 Yehd A S 2M, minimum spanning tree
+ spanning tree 5 A It A2 F o] 7}
ke A Y AAE sk A JFo =
Aost= Aol o]& WHA|A Felzenszwalb
(2004)= A ko] AAAG Aok A TE A
A2 FAEE 49 T 79 2 A= bgE 4
A Y e AiA A E Bostal F T/
A& vlaste] A& e A FHe] AAAAS
AAsh= 2 7|6 oju]z] E3F (graph-based
image segmentation) 7] &< A|QF3FA T Uijlings
(2013)2 minimum spanning tree % L X 7|4k
olm|A] £& 7jeg Tt old Hate] Hy
FARE, A2 FAE, A7) FARE 2 B9 At
T Y 7HA] FALEE S AR ARE F

Fatel AR QA4she HEH 24 P4 A

Z+g) =), Girshick (2014)& 1
& (Felzenszwalb, 2004) 2 A el A vk
(Uijlings, 2013)S ©] &3} 2,000712] 2
TRE A, ol FHE 95 i
A AATE A8st 7 TR
A EA FES FHT & TH
AAs= W42l R-CNN  (Regions with
Convolutional Neural Network features) 7] &S A
ks AT}, Girshick (2015)& R-CNN 2] &4 %<l
AA FH FH] 2715 AT A w BT
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H)A =g Bstr] S8 HF 54 We T8
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t}. WA J. Redmon, Divvala, Girshick, and
Farhadi (2016)x GoogLeNet (C. Szegedy, Liu,
W, Jia, Y., Sermanet, P., Reed, S., Anguelov, D.,
... & Rabinovich, A., 2015)2 W&3te] A 7
<9 538 5#4<0 YOLO (You Look Only



H ENE Q4 7SS 018% 7IAAEY| AS dE AlAE

Once) A5 A4%W x5 ASHIATE YOLOE
24709 A AW Z37 2 719 fully-connected
layerg 7Fth YOLO 712 ©o|H|A& 58T
sk, T2 9 7 V1A A E 7 Beie] A
A F4 ARE FYste 7ERE /AL AT
g A A R} 71A AR o] AT A
ol ATE 0~ 1 gro 2 HF3lete] A F4 9
P A& FAZTE ©] & J. Redmon, & Farhadi,
A. (2017)= YOLO & Azl YOLOV2 725
AT YOLOV2 FZ& ©w|A] T8 )
TE ST R AARst oA Tl I 7]
A A 17 iAE F RS Sta, 714 A
7y o] Mg oF 200 o) FTMAFHOH, S5
tlolele] A Y FHE K-Means HOE
T3ste g5 tlolE el HAstE 7|A A
ol 712 A= v]&-S A3, 71A4 A 1
NG 5o A4 RG9S EH3E 72
7HA 2 Atk T3 SSDo} FASHA 319l 4173
9 B4 W AEE 9 AAY 5o 54
ARt Ao RN kst 719 AAE
Al 4 + Aok YOLOv2& 1xl
AR F& AA3] wix st AAHRI
AZANZH oMW, A2 2 s HolE 9
shtel  HolE FxE
WordTree 22| A5 dol& 725 AAS}
Gtk ©] & J. Redmon, & Farhadi, A. (2018)=
YOLOV2E F7F4 2.2 7)4d8te] YOLOV3 T2
£ AAISFATE YOLOV3= A &o] A &
< 71A A E el E29ste A BRE &4
Fofl WrgatA] Fan, AA EA oFo] g
E TS &4 ol vkt AA EX)
o g AT &4 AADS Sofimax FrE
AREEEA] Al =Y A9l Logistic 3-8 AMHEE

om4 shte] 71A AztEol @7 she] A e}
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2 4 71 oA WY o= $JA| o EAF
7F EAskETHE AMEE BAF 99 AE Ve
(Liao et al., 2018; Liao, Shi, Bai, Wang, & Liu,
2017; B. Shi, et al., 2017; Tian et al., 2017; Zhou
et al,, 2017) AEE 99 o =34 EAE
o) 77} ROUAE WHHE BAY 24 7]
& (Jaderberg, 2016; B. Shi, Bai, & Yao, 2017;
Zhu, 2017)2 FAEC. o]u]x] Yol ofg $
Ao Tt Fejo AL AT & dom,

A 02 B Q14 &S oled BE B4

£ A&t A3

7L shd A9t 7wl o3k AT 7e A
2 A )12 fopoll A5 E HFHoRE A&
HAoh A o] &3 £AF 14 o] A Y
of EAste BEe &9 4 498 A=sta,
AEd =4 om A FYol AAE 7es A&
g EFR7IE &8st e EAE dAskeE T
ZE 7Ft} (Fukushima, 1980; LeCun et al.,

1998). &9 4 14 5e fsiAs orA
o] 2E &9 Al tigk 9A] B 24 7
ol&g Fofstoof girt T TAEE o]

S< 9% dolE HolE

o] Wasith. oleld ¢

3

%= 345 (semi-supervised learning) & ¢kt A=
8}t (weakly supervised learning) WH4]-S A<k}t
Aot = AE g5 2 2719 HolHE o]

§3tol A% G452 A /M A% g =



0TS - ZEHe! - eF
45 Ak, A% gl o] AT BdS 31 148 4= Q1= CRNN (Convolutional Recurrent
o] g3t #olEo] e & tlolHE U4 Neural Network) 7% 7]€-< A<}t CRNN
g F ol T AR B2 FHAES AR < WA T AADE o]&st o|nA 9 F
& &9 EA ol ER 13t AR g 9 A ElE B3 8w 54 e Ak,
g & dolH #HolES AAste WA olth ddw 54 e d ©9] dEHE 35, £
olgA FoEMN, T A} Q1A Hazt o gE 54 HEE HZoA 5 AR &8 4
£ dole AR AR F =8-S Fo|HAE, b Aol &2 o2 A3t +% AN F
olE] FFol 9% A5 stehE ¢4 R B A SN ARE Ha e E 99 4 E4
T Aot o3t A% T @9 EAE FolEs HEE e ZAE #gete gt =% A
& AAsHA &1, FAE @9l dolEs A4 A AAE dHoly EAS fg AAWeRE
g F, 7l AR g RS olgstd 4 A, & A7 F =5 (hidden layer node)2] =}
g &9 golE e &9 £AE QA3 o] 7] &8 FZE T8 71E AHH o AR Y
S T A 22 FEAES ANEE O & HEYIE JdZAZOZN, o]H AHe AR
2L golEE st A% SH5E 9% o &F £ Ate] 55l et o AHeE Hddste
tlolE #olE&g AAshe WAoot ok A= TZE o]Fox Utk ey, AlHo] soid
S5 AR s F AR 59 S FE 9 T5 AAY Fol ZoAHA AA 2HE AR
SF WRoEN, F AL SF Ho o F2 4 AL dAY g o] & B3] 913l Hochreiter
T= 9e T o), st Holg AEE S (1997)= 2 AAW =9 forget gate & Y
A ZEE o] 4 FE Q7%= @o] Uth 3+ Long Short-Term Memory (LSTM) TZ& A
e Ak e HE E Q14o] gkgsd F FSFATE. CRNN2 o] A3 o A 9] =
AL S A fsliAe &9 EAES X S AL 2BV A4S AAE AZ i A
gate] o Q= s BAE IFoE A o] ARE 45 wdT 4 Q& BI-LSTM (Z
= Aol He3ith o]E ¢35 Baek, Lee, Han, Huang, Xu, & Yu, 2015) 7+%& &3} th
Yun, and Lee (2019)2 1A% 2 79 ©9] &4}
B FAES Z¥ste FUHQ A 9Y
& FAst &9 FAEY AEA8 S et 3. 952 uiH
1, dAAo] 2 &9 EAES =¢st &4
& FAskE 71ES ARt £, 2 9] < 2 AFoA = omA] Wl EAste Theket
A3 e T2 AA Y9 HEY Yo E A TALE FolA A oY EALREE AEE
Aotal, 99 ARE FJEFoEA T A9 o AT g e A FAE Y s =
Ad A=E FAHS ExY ZAd #H3= £ A st Tt AF] s 23S 9
shA 1% #AES 7T ¢ Aok A ZE=AFT] olmA Yo 7)7] AFHE
B. Shi et al. 2017) ¥48+5 AAEH & TAE 9 AN EAE S 12l oF gtk Al
AAE et EA4Y I9s e siAst 7] o]m A Woll= w4l thid AL /s,

[}
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S99l B AE O AL o) gt B T & RS Agstad Bk o 9JalA, ol
g BADS TESH] AL B BAR A A del EAE BAD F DY g BAY
Z57 2qole] EALL AN T AFD G A Y] DRNE D Agl talAe 9K A
9 BA mE BRG] Usl 4 2AL o B2 2AD ARE Holy ool 23
of5E WEslo Wk UAow BALL B rh w4 BAGL Bedt A A A4y
SR B BAZ TAHY, w9 B b 990 4 HAH AEE 9N R do|BE
Bers B Y BAYG 4% A OF Aste]  Rolstn, AA4E 99 Yo B YRES B
2AL WA 5 T 5, BaAle) 99l Bxp AD gol B Fojsiar)

% shtol w9l BATE AF oF7L BASY B A7 HAH 7% TEE <Figure 1>
A% BAG A% LR/ 2P Bk £, Uehiich WA, AA AF 716 A8t
Y EAY 992 AEF o] T, w9 BAE B BAGe] 9Nk 3 AAE @ Wl 2
IFHSe] B BALS Aok 5 sha, AEE B4 BAY 9o o] A3}

Input Image

CNN_1

(Character Region

Detection)

Q" )< R

Usage Region

CNN_2 Bi-LSTM

| (Spa!iaéctolur‘r.m Tsaturs R %% N (Device ID Recognition) , Device ID String
xtraction|
& (124322016403)
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(Figure 1) Selective Optical Recognition Process
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(Figure 2) System Architecture of Automatic Gasometer Reading
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Hgsto] TAE 99 27171 A2 scale ©] P A]
2687 2 Y A 2Hkd 778 7194 RS
S & 13f| ou A7} 7]&1 % slant ©]7]A] 4627
o2 F439th Normal ©|v A& A93F U
A R/ olnAEL 4 F& o] x3y
o] A& A oHAEEM, 3 A= IE
RI21E9] ApolE UERZ] 98l i A=E
level 1 31 level 29 2@AIZ Al EF38tATH
Level 12 sfj=fo] EAl3h} =7} AlhA] %o}
A SUOE A HF A FARE Tt &
ANA QlAo] 7HeE Aoz ATEE ZE0
o, level 2= )=+ AZ7) A33] Aslke] &9t
O 2 uf-g- ApA|S] FEstofRE BAE glo]
7Vt oW A] dHlolElolt). o3| FE=T} g

Alste] §eko 2 Ae = QlE olm| A= HE
tlolE] Ao X374 &9ttt Slant® H-7-5
+ HolEE 71717} 5° ~ 10° Atol €] 71&71&
MR & o] RS level 12 A EH31aL, 10° ~
30° AFole] 718715 7HA = ©]H]|AE level 2F
A BT 300 oo 71evE VHAE
ojm| A= T Hloly Al Yol EAHA %2

ot 7]&ol 7l o] 5° o]sto] ™ normal ©]W]A| T]o]
B2 E5F319 Scale® EFEHE HolHE &
Akgo] AABHE GYo] HA olmA] FH9
20% ~ 25%% ZFASHA level 12 44l 73t
A, FYo] AAE= HIEo] 20% ©lstolH
level 22 A BF3IATE AMge] wo 2 &4
d FHo] ofH & AEE FAYE FYo] 2 o
‘:']7(]33 ZZ dlo]¥ Al A A2t Noise
2 reflex = T7EH = oPASS H5HA &

AR o] E FAY F glon, FFAHI 7]

= E77F Brbssto, /idat
FOZ level 1 H level 22 “FA|
ERSFATE AL o] =082 F4A B
E AT RN, FrtAb wEba] g A 7
Foll zkel7b F ¢ e 7HeAE S AASIAH
Normal H|o|EE A3t Y A] level 1, level 2
£ 543} abnormal Ho|E 2} A3},

A AZ 71ES ol&std B4 EAE 49

= AE3t7] Al = Holg #HolEs A4 A,
A o EAE IS dolso] 3
Aok gttt & ATelAe] 4 AL 7H2A
F7] 1 7IEHE EAEH AFHE A9
ARG Aol T 9o YA 2AEe
ojEdA AL OmA, SFHFlA B4
AL v BAEe] 7EE T A=E o
Aok
(Table 1) Total Data Amount
Category Tr\jl;r:gs“j:d Test
Normal 2,097
Noise 655
Reflex 22,985 653
Abnormal
Scale 268
Slant 462
A 22,985 4,135
(Table 2) Abnormal Test Data Details
Abnormal Level
Level_1 Level 2
Noise 486 169
Reflex 581 72
Scale 222 46
Slant 257 205
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<Table 1>3} <Table 2>°l ZIA] dojg] & of=F
tole 74& E7159

ol &L Tt2AZTY 717] 1HHE 2
AR AL b2 g Y-S AR THE
22 A el 913 AR ALY Ule] A4
AEE golE2 A48ttt E=3 TtAlH]
AzA R 71 ERME, AR 2] 2 FErt
gzoz i F49 5 ARE ¥x YA
oF gt} <Figure 3> % <Figure 4>l #|°]& d]
ol A oA X AzAPE BA EAE HjX
A E HERHRATE.

Device ID
- Device ID index: 0
- Center coordinate: x_i, y_i
- Size information: width_i, height_i

(e

r-—; G-<c.o¥ ﬁ““'TCH!D!?!
GUmax:a.0 mn Q0.8 mih L
Im=20°C ~ RO VA R de¥Rau
Gas usage
- Gas usage index: 1

- Center coordinate: x_u, y_u
- Size information: width_u, height_u

—

(Figure 3) Data Labeling Example

12731201
SHIRIL

(Figure 4) Various Character String Layout
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oot

ASr) 7171 a4AE, 7k AT T 7R
Aol i G A% 9 AL AAGE
A5 93l ToU (Intersection over Union), 42
(Precision), 7 & & (Recall) 9 22ty 0] A
3% (Accuracy)E 7|02 X ;}9\5{1:]-
E2E 99 A ASs 57&
2 AREe 2 AAEE %

3

Ofﬁ

b e A

“*%3]'93‘3]' TAE I AE 9 A
A5& <Table 3> ‘/]’E}lﬂ Atk I
g A= AHEF wALEH 717 z
24E 214 BF R/7E e dEe sy
ERd T}

<Table 3> A A= %5 #3%E< loU, Y
= ARE 2 HE 2AE A A s A
Fojt},

<Table 4> normal ©|H]A|&] ©F& diH|
abnormal ©|U|A] LF{FE2] H|EE H|FE V)
3k Zlolt}. <Table 4> ®719 /& 7} H|
& Errratio= (4 1) 3 o] Aeojdth

1.0 — abnormal data accuracy

Frr.ratio =
rawo 1.0 — normal data accuracy

(A1)

<Table 3>°A RHo|x=
level 2 o] £AE Q14 B AYEE 7| EWE
Fakdo] ZH2} 0.960, 0.870 2 0.5620]™, AL-&-2F
FAEe Z7E 0864, 0.757 2 0.601 ©]t}.
Normal ¥ level 19 FAE Q14 A== 7 E
W57} AFREE B} 201 Jevel 29 EAE <l

©], normal, level 1 %
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(Table 3) Performance of character region detection and character recognition

Performance of character region detection Character recognition
o8 accuracy
DB Category size Usage Device ID Device
Usage D Total
loU Recall Prec. loU Recall Prec.
Normal 2,097 | 0.744 0.981 0.756 0.803 0.972 0.823 0.864 0.960 0.835
Noise | 486 0.722 0.969 0.733 0.779 0.951 0.803 0.805 0.887 0.730
Reflex | 581 0.672 0.979 0.679 0.767 0.968 0.783 0.757 0.849 0.654
Level 1 | Scale | 222 0.691 0.983 0.701 0.771 0.956 0.799 0.743 0.851 0.635
Slant 257 0.519 0.993 0.522 0.548 0.987 0.553 0.615 0.802 0.521
Average 0.670 0.981 0.678 0.734 0.967 0.752 0.757 0.870 0.675
Noise | 169 0.662 0.982 0.669 0.736 0.947 0.768 0.746 0.515 0.402
Reflex | 72 0.683 0.963 0.694 0.737 0.951 0.753 0.625 0.556 0.306
Level 2 | Scale 46 0.652 0.982 0.664 0.763 0.965 0.789 0.717 0.739 0.478
Slant 205 0.353 0.985 0.354 0.348 0.975 0.350 0.161 0.132 0.024
Average 0.604 0.979 0.612 0.664 0.961 0.682 0.601 0.562 0.377
Average 0.633 0.980 0.641 0.695 0.964 0.713 0.670 0.699 0.509
(Table 4) Error rate increasement of abnormal data compared to normal data
Performance ratio of character region detection Character recoglnmon
B accuracy ratio
DB Category size Usage Device ID Device
Usage D Total
loU Recall Prec. loU Recall Prec.
Noise | 486 1.09 1.63 1.09 1.12 1.75 1.11 1.43 2.83 1.64
Reflex | 581 1.28 1.11 1.32 1.18 1.14 1.23 1.79 3.78 2.10
Level 1
Scale | 222 1.21 0.89 1.23 1.16 1.57 1.14 1.89 3.73 221
Slant 257 1.88 0.37 1.96 2.29 0.46 2.53 2.83 4.95 2.90
Noise 169 1.24 1.95 1.25 1.34 1.75 1.40 2.76 11.10 4.21
Reflex | 72 1.36 0.95 1.38 1.20 1.25 1.19 2.08 6.52 3.16
Level 2
Scale 46 2.53 0.79 2.65 3.31 0.89 3.67 6.17 21.70 5.92
Slant 205 3.91 52.63 4.10 5.08 35.71 5.65 7.35 25.00 6.06
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6. I3 B A L7FE AAL = AS Aotk
=RAE A £ 7es F835to A4 4
Atz sk A4l i EAE ol 7R g F9e FAS= slolth AA B 7ee
= AMEFE ] AAAFo] opbd 7]2olx] FH A7} Aok Yo meFS ARl A ost
S AAAE o] 2] FEE wix|Eo] S A5 A e¥an, b gAdo] AA dY Wl E23HE=A
wal i EAE 9 o] foll wiA ow A A AR5 Wiste Vleolth AA 2 TeEe
HEo] EAEA o dgel =3¢HERE, @ AFTel A 25 UEA FOoEN H&
A FAE A o] o HeE A4 Q4 7] AMFo R FY Eo] 7Hed WH (Paszke,
=9] A5 A5t dle] 2 & ok A i & 2016), A& AALOET Y T AEE=
At o] FHo] AAZF o] obd o] FEHE Y TA3k= W (Long, 2015), AA AZE 71
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(K.He, Gkioxari, G., Dollar, P., & Girshick, R.,
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Abstract

Automatic gasometer reading system using
selective optical character recognition

Kyohyuk Lee* - Taeyeon Kim** - Wooju Kim***

In this paper, we suggest an application system architecture which provides accurate, fast and
efficient automatic gasometer reading function. The system captures gasometer image using mobile device
camera, transmits the image to a cloud server on top of private LTE network, and analyzes the image to
extract character information of device ID and gas usage amount by selective optical character recognition
based on deep learning technology. In general, there are many types of character in an image and optical
character recognition technology extracts all character information in an image. But some applications need
to ignore non-of-interest types of character and only have to focus on some specific types of characters.
For an example of the application, automatic gasometer reading system only need to extract device ID and
gas usage amount character information from gasometer images to send bill to users. Non-of-interest
character strings, such as device type, manufacturer, manufacturing date, specification and etc., are not
valuable information to the application. Thus, the application have to analyze point of interest region and
specific types of characters to extract valuable information only. We adopted CNN (Convolutional Neural
Network) based object detection and CRNN (Convolutional Recurrent Neural Network) technology for
selective optical character recognition which only analyze point of interest region for selective character
information extraction. We build up 3 neural networks for the application system. The first is a
convolutional neural network which detects point of interest region of gas usage amount and device ID
information character strings, the second is another convolutional neural network which transforms spatial
information of point of interest region to spatial sequential feature vectors, and the third is bi-directional
long short term memory network which converts spatial sequential information to character strings using

time-series analysis mapping from feature vectors to character strings. In this research, point of interest
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character strings are device ID and gas usage amount. Device ID consists of 12 arabic character strings
and gas usage amount consists of 4 ~ 5 arabic character strings. All system components are implemented
in Amazon Web Service Cloud with Intel Zeon E5-2686 v4 CPU and NVidia TESLA V100 GPU. The
system architecture adopts master-lave processing structure for efficient and fast parallel processing coping
with about 700,000 requests per day. Mobile device captures gasometer image and transmits to master
process in AWS cloud. Master process runs on Intel Zeon CPU and pushes reading request from mobile
device to an input queue with FIFO (First In First Out) structure. Slave process consists of 3 types of deep
neural networks which conduct character recognition process and runs on NVidia GPU module. Slave
process is always polling the input queue to get recognition request. If there are some requests from master
process in the input queue, slave process converts the image in the input queue to device ID character
string, gas usage amount character string and position information of the strings, returns the information
to output queue, and switch to idle mode to poll the input queue. Master process gets final information
form the output queue and delivers the information to the mobile device. We used total 27,120 gasometer
images for training, validation and testing of 3 types of deep neural network. 22,985 images were used
for training and validation, 4,135 images were used for testing. We randomly splitted 22,985 images with
8:2 ratio for training and validation respectively for each training epoch. 4,135 test image were categorized
into 5 types (Normal, noise, reflex, scale and slant). Normal data is clean image data, noise means image
with noise signal, relfex means image with light reflection in gasometer region, scale means images with
small object size due to long-distance capturing and slant means images which is not horizontally flat. Final
character string recognition accuracies for device ID and gas usage amount of normal data are 0.960 and

0.864 respectively.

Key Words : Gasometer, automatic reading, selective optical character recognition, convolutional neural

network, recurrent neural network, parallel processing
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