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Deep Meta Learning Based Classification Problem
Learning Method for Skeletal Maturity Indication

Jeong Won Mihﬂ Dong Joong KangH

ABSTRACT

In this paper, we propose a method to classify the skeletal maturity with a small amount of hand

wrist X-ray image using deep learning—based meta-learning. General deep-learning techniques require

large amounts of data, but in many cases, these data sets are not available for practical application. Lack

of learning data is usually solved through transfer learning using pre-trained models with large data

sets. However, transfer learning performance may be degraded due to over fitting for unknown new

task with small data, which results in poor generalization capability. In addition, medical images require

high cost resources such as a professional manpower and mcuh time to obtain labeled data. Therefore,

in this paper, we use meta-learning that can classify using only a small amount of new data by pre-trained
models trained with various learning tasks. First, we train the meta-model by using a separate data
set composed of various learning tasks. The network learns to classify the bone maturity using the bone

maturity data composed of the radiographs of the wrist. Then, we compare the results of the classification

using the conventional learning algorithm with the results of the meta learning by the same number

of learning data sets.
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Fig. 2. Flowchart of learning process of Model-Agnostic Meta Learning.



< Uehd 5ot v S5 Shgshs SAE BE 49 & ol & Al Tt 05
AFEEE MR ElolE Al Sy AER H2E S HHlolEZ. o] HAL 4 (3)F 2om Fig. 2004
k=4 14«]1:} Fig. 29] 7.+ 499 &7/ A& vt meta update’ 8 ol 33k

H o] BF AT gF AE(Train( 7)), A5 AE 0—0-pv, 3 L) (3)
(Test(T))i vtk vl SgolAe @ 25 24 e

2 3 7)o HolE & HFEy] w2 s Mz} ol W S-S Tl BF EAll HHskd
AZE AEL BF A === o o 94 7VEXE ZHA B gFAE 29 AF AEl o3|

2 TR T} oE S0 BES IR st BE ol et AF AEol e AlstE &4
b 2700l E, 7F B St ATl 58, A ABol  UIR AAUIE VL, ()= vIE SHeAelA A
1589 74§ Task i9] St AEL (5+15)x2=407% At wel st 3wl X (Batch)oll £ = &

7

o] Yem FAET € BF ZAEC dsf staA-EA

z7] 7V A&

el 54 f(0) = ALY L g AES o] 43 AF3ta AF AE e &AL A=t oy
1HMe] THAE JHEE T35t 2L 7+ X2 8 79 HolHE Uz 22 HolEe
A 6,8 AR o) tEAE 19 3 AES T A ot A% g5 Ao YikE o
W 3t = kst Ase

7,9l 2 HolE & X FEE g5t
uk

3t 7] 7}EX o)t} stERl= o] FMEXE AD =t wE ShFolx= st B/ w417 shte]
= A0 vE saate] THTAE JulolEo] A} FlOJEOIRE o sjo) FAst #l Fejo WS
2D 7o g WEL A AP g5 SETh Wi @ S5 AEo) B & e
E o] B MBS o] g3 o7 We) 2y SheAs AR £4E o183 A 9E up-
Qoleg +astel QT S AES Sawn v diedh olu) A1EAE vek SheAst AL zﬂ

_/,:
B} 3t} Sttt TN E HolEE 2 (1) VA7t g & FYstAsTtel tg AR E

7} 2o Fig. 2014 ‘update’ #g o a3, M SeHER Aw dHHE welH el sl ﬂz@
0, =0—av,L,(,) (n) 3 N ISAE AR dHes sl 194
ojgA SEH SEAE 27 A 7 Sl HH 7 2 (1)9] o= B4 meS 8253 w AL

3tE VA E ZET olF 1Y AF AES A = 312 8 (learning rate)o|th. 34 &0l 7}=2] 7}

e HEAE HEH FEAE o183 HAE AF  gradient W ) Ak o] FUAE Uehiie

o) RFE dlZste} A RRol he £ L,(f,)E  grolth MAML e shesE dolE P Bon

ARG VL, (1) Blo] AEF i AA B 2 S ool WTEA W) e mnd 2

Fo] zfolof nﬂfﬂ eAdo] 2YUAES olujsin} = HEE FE ASIT A Qe f= vhATA R

A3 12 Cross Entropy g ol &3t o= FES ehlE, SEAtel tiek ShEEel ot D

4 @ Yehh ATk o, ye U, 2o g of  NE A ZHEAR vl = | Aed.

HEm TE task, fE 29 ofu|di o]FA AL & HL 59 HUolEE &3

| | | | A S144 £, 8 AF5a, 1 Avke ve 29 9

L) = 2 pesl I U040 o e ggmn, 2% ek mae skl dol
| @ g 2s eAE dedn 458 29 v

olF & B TAUAEE e seAolA o wgste] S B @ FAsh WO hEX

At ek st ol @A Aol ShgelA 8 BB o]HF FAL B3 GFP RFE o]

ABHFHE 27] 7152 9) Aol td 49 T ol ofF Aol B3 5 FHFO =M ek

AUAES Aot @ iAo] A%H ofe] Task  mHle MRS sheaiAle st 9jol Mus u

o thal £He HEY W YL WD e gaE 2] /hEAE 24 B



102 HEIOICIOES ==X M213 X25(2018. 2)

2 =EdAe A v e 2dE gt
2ige] FUE X-ray QHoE T HA&EEE WEs}
£ U ENIE Agstaxt dot At F As=
3 g =Y 3EEE Fig. 39 e bl
B 5e F A5 Bl A F4357) siAe
AR 5 wE stEArt asit mEl Sgae
2o o g S&EY Shgo] ghnd WE TE
Al AA AR st B4 e & o

w4 WeR golE A& o] &3l wE SFAE
853, ol 229 WEl S A 2ok TS
RRE 749 &7 TAE AE @2 vE gd5Ae
g Ho JYUAE HJulolE HAHE T3l skt
A WG 27] 7hsAE AT SE5Ae gt
2 IIEAE ZVFHOR B TG WIS o] 83
48 W IUAE P E AL HEIT I
Az} At MR E Y B 240 48w
VA5 ZA H) o) % dd R Al AE A
Zs 01%6—}04 *E!xﬂ E&Fe g5AE 5 434

gt o] JEHD]?LE—E THA] e} St At Al e
™ W SgAbs o] IATIIES o) g3te] Al
71EXE dyo|EST) 11 A3 vEl A= XS
o YL B Aol ) WA Hgsa FL
Lo Y= 27| 7FERE YA £ Q= wEo g
sk&5HET Fig. 39 #A @e] o9 H s},
%% ]E]r }%

o

Train/Test Meta model

1
Task Modelj Meta Model i

'

1

’7 Taskmedel Parameter update .—‘ E

'

Task Tyesr | i
1

1

Metamodel parameter update

Train Task Tiqrges

i Test using
Prediction Task model || Trained
Meta model

Fig. 3. Overall system flow chart,

Task 7,,,& A4 SAstix she £5 2
slgsts 9 dolHolth ME St sheaAlel
A 27) AEANE AZS] W] AR T
sheAel B okl B2 Task 7,94 279) %
2 FATjo} BT, Task 1,9 SHr AEE
WEl S AE SHral7] 19 A8 3T ek dlole)
Aol ZFHA Fe GBSl & AFelNE
S g4k dlolE Aol SIFHT weka v ot
A o] Aol K AHEA whe e HolE A

kol o] ©lolEl Aol HHstE 27| NtFEAE
St Al A gt SFAE o] FeAE ol &3
st M2 353ty Task 7,9 HAAsHA o
& Task 7,,,,,° H2E A& A5t HFH o
2 WE SFg o83 T 455 B/ 24 A5
< YeRd F 9l

< #Hrtskrl el v T

APstAt A A=, )
E} gl /‘}%ﬂE HEr HeolH Ao HE: &S
ALg3te] A5& Brhgt) vlEe stk el ARg
229 TinyImageNet# Cifarl00 HlolE Al & gt
of AMgElA & EF T HME O‘«li A A st
i B 2070 9dS AHgE shad 3 1539 A
ZF NER 45E Hrheth E]'E]r/‘ T e WE
o] AZoll AHgHET =3 TS AZ 10073
S WE S AMESEe] Yt Base Learning

H) w3k},

II.

)

1

ol
El? o

2
o

oz
rE
o
fr

|
i)
o
L
)Y
e
v
o
to
oX,

ol
ro. o
—{11
of
;

-

& ot o8
oy o

o
ul
L
>
oo
_o|£
. 2
M
Hu
o
:‘m mlm of
N
N
o
£
o
12
>

o
E
u
=]
=)
e
N
N
)
it
&
Hz
o, my
>~
= mlm
[N}
O

ml He
ojN
T
i
o1
o

( |1.110
o
oo
2
=2
u)

(o}
N
N
ofy
X
rlr
H .
ox
QL
A
T

% P4 oAt e
92 8% Yo TFSL BRE BYHE 94
A7 59 AEANE HA SA5staA e HolE R



ER=its

Shgstel 4e HolEwo R A GE AshuA 3
Y 5 A ol Yol e FAT ABEA
Zo AEAE WA vE HEoz 9a A4
%9 AEAE ST Asksl YuAQ Ho| g
PHoE 97 AW Fo HFXNE Y5W ANE
MRtk F3 A A v £ Y
t e Q) VGGI61S) FaE Faste] A
We TASEG AAP TEE Fig. 4% 2

—= 1l

o7} 64, 128, 256, 512, 51291 HEFA ZFo
, 3,3, 3ME F 1371] HEFH 53 865
R4 AA = |2 FAATE AA s&E
A NAEAE gEe] F& HolE AL o] &3
o 2ElaA AFEE gj\-o PAR-RC R RN

N

NSO TN )
Do
N
o

5=
AulolE g P} mE
HES TS AEAE AR B flo] 27 hERE

l?—Ei EIReR-IS “ﬁ% scratch g<&olgta gk A

)7} Z~l°l GNE THE ARSH BE 7, wE
25671Q) 9HH A & 3R TAREG AAW T2
= Fig. 4(b)9} zzn} 7 ARTH BEL BF ARE

3.3 A3l Ojo|Ef A
331 HE "oy A +4

Fig. 5= WEgt g5l A<= St H el Al
Z ol FAZE £3H she] vl X (Batch)& e
itk gEdolds ditd oz oy /9 HolHE

16X16

(a)

ShtE Fe viX Feje] vlolH & dhgate] ksl
%S =) uEr oM el A7) s
o] dlojEo| B R o] s HAZ} FI Feje] wjx|
£ st&dtth st ALEE = dlolEle FFH ol
Mo 2 AFE = TmyImageNet[6]J+ Cifar100[7] ®
olE A& Agsle % 300718 EFE 71X dlolH
A& A3 T Cifarl00S 2 55, °l% 4,
EA 5 ¥R FAH 1o & BFE 600

Zo]l FS £33 TinylmageNet2 1 9] 73,

Alre] ©29) So] B 94T waksi o BE
Z 500749 FFdeE FAAT 71E 3 FFRolA

358 AEH H2EL AES U] 745

olg] Al 2 e g oY e &R/

ol el A E st HolH=E sty

d gt A= H2E £3= HolHE

R7h gerof g,

rlo

B AT 5] B HEE BRE BRI
Ro] Hiolng vle} Hole A oA 5o FFHE
o] 747 B FAL FHBT 4 FAE @ 2R

2070 ¢] shdlolE, 15712 B|2E dloJHE 7HA
5o Rz FARD webd & AT 175719
4e T3t shgols 100719 A &), HHAE
o= 7570 AMZo] AALHET) § iR olE 270 ¢] 7
A7} £FH =2 3w Aol = S5 AAZ 20070, Hl 2

E AIZ 150702 Z 350719] dlelel7h 23+dch 243
FA A= 30077 5 YZ 1079 /e AAs)
o ste] wixlol Bl 270 FAE FAHFCH
o] gk vl x| 10000715 A st Aol AME3FATh

of rlr oft

322 s % Holy A 4

SR g oge] SgulolEl 5-184] Bfot L A

32%32

16X16

conw Max
pooling

(b)

Fig. 4, Two CNN structures that, (a) learns only weight of FC (fully—connected) layers, (b) learn all layers,



104

HEIOICIOES ==X M213 X25(2018. 2)

Ao F4E X-ray 974 86542 FAHHAT A Fdelm2 g Adors 7hz
SEF & OUAE FEIH 4 9A 3 20879 ROV} 97 & 671 o222 F 175 x 6 = 105079]
GAE ol AFESEaL 152 IS Sl A 64 x64 Z7] @7 HlolE7} 5ol AHEE T Fig.
gt} webs] F 175789 RG] dEl ARE 62 Zethd ROIE 7 A dAEE YeRA Zoltt
Ho}, olw] HA| R G4 Bois 7F &71ehe] nf Zt g2 6701¢] ROIE UEHH €2 5HAE B/
O 2L 34 gY0] T dsE WEd E8Hc|ER - (Class) & YERiTh 7] &0l Fo13] HlolHE =
512x512 A71e] AA FdlA 6712 ROL(Region Aers & IHAR 723 & A4 1- 2L4«l
of Interest)d &-& A4 A} ROI(Region of Inter— Ag e w3hat} ATk o] AL 3 BB Lal=
estiT 94 YellA AFsaA e T4 992 9 Fdol A& 12784 A 2008 older 7 3L
ugt 94 AeE G4 BE gl s 9 tlolE] ko] zpo|7} o} Algk Ao v walsth what
Al = BA A Fa%t TS vX= FJRI} A Hadte] S&EolE] FRE 93 o]2e = BE
2+ FYol JFH dS A5 BE F9l tis) 78] o8& st 579 A/E ASEE 77
AXS 3h= Ao] HlALH ot WA Ze F7]9 gt B A F 55 8 G4 75 Table 134 2ok
ROI(Region of Interest)E X7gsld 1 G A4k
of Zetst= e AEIH olEe FASE # 4. A& ZAap 9 pEt
ol & IFE vAE g9A, FA, FAY =0
(epiphyseal) ¥ o]t} Fig. 6& AA 45 94 4.1 ME} st 2ot
2 6709 ROIE YEWH HE &= ZF ROIS A& A A= ofefiot 2ol et 77 & g
ojm gt Z} ROI 9742 64 x64 A7]1°lH X-ray FUlolHE 5 10, 20802 587l g&stgon
Table 1, Number of data by class (before merging, after merging)
Before Class(age) 1 2 3 4 5 6 7 9 10 | 11
merging | Number of data | 188 145 277 68 10 48 75 11 29 12
After Class(age) 1 2 3 5
merging | Number of data 333 345 58 88 41




Fig. 6. Six ROIs(Regions of Interest) for skeletal maturity indication, (a) Hand—arm X-ray image with 6 ROIls, (b)
Examples of segmented ROls,
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Table 2. The Accuracies for proposed meta—learning method and conventional base learning method

Meta Dataset Learning Accuracy(%)

Method Base Learning Meta Learning
Model Pre-trained Scratched Pre-trained Scratched
5 519 27.3 73.3 53.3
number of
10 58.6 31.2 76.0 59.9
sample
20 69.3 35.9 81.9 80.0
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Table 3. The Accuracies for proposed meta—learning method and conventional base learning method

SMI Dataset Learning Accuracy(%)

Method Base Learning Meta Learning
Model Pre-trained Scratched Pre-trained Scratched
5 42.4 23.1 471 53.3
number of
sample 10 45.7 314 57.1 56.6
20 50.6 38.6 69.3 65.9
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Table 4, Classification Accuracy of each ROl (Region of Interest)
ROI 1 2 3 4 5 6
Accuracy(%) 63.0 459 50.0 69.9 59.9 50.0

~am

Fig. 7. Skeletal change according to each age group (a) ROl 2(Middle finger last node), (b) ROl 4(Middle finger
first node). The right side shows higher ages.
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