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ABSTRACT

The recent advance of image recognition technology comes from the accumulation of numerous data and
deepening of neural network. However, training these various data on a deep neural network causes various
problems. Overfitting caused by a small amount of data, class imbalance resulting from the difference in the
amount of data between classes, and multi-class training problems. This paper found and analyzed these
problems occurring in such small data sets, and suggested solutions and analyzed the performance through
experiments. For these goals, we compared open small data sets and the differences between them and selected

the training techniques that perform well for each dataset.
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A AA R o]H | 7w VIEYIE AR )
ole] Al FHAIA F™elA Algd Adeigs
doul7|gt A frk BE el AlFE= A
= 2 dlole] AlellA Tt Sllas EFs e A
A], ¢l &9 ILSVRC (ImageNet Large Scale
Visual Recognition Competition)ol] -8+ #5578 =}
Aefx] FHAstE vl 2 AF UEHZE ARSI
i, AA] AR ellA] ARgE = el Al B el
= e vlE] w9 2o Fels 7F dleld] B &
AE EF3EL A Flo] wlolee] A3hgE vE=
el AdfjatA ek oldd A2 dlole #AF
(Overtfitting) ~Al|, Z22~ E<t3 (Class Imbalance)
EAlEellA 7]Qlgck

oAl ME FEAelmiA] dubd o ARgE S ole
TS AT A ARE B AR 2SS 2

ol #3l &qr® dlofe] A FEde wol AfE=
tlekgl dlole] =2 71WE, MixUp”, Cutout®,
CutMix®'E Ao 7 Agow 7133t A3}

dlole] Ao g ImageNet']  Cifar10M%,
Cifar100"”, Pascal VOC"!, Tiny ImageNet!',
CINIC-10™  STL-10",  WebVision-1000"%,
Clothing 1M"®  iNaturalist''”, Small NORB"®
Food-10N"?, MURA™! 5-& nlwslglon] ol5 &
A&l o g Abgst AafR Hlo]e] Al & Pascal VOC,
Cifar100 22|32 Zell~ o s 4032 Bolx
AH8-81= reduced Cifar 1005 At 2 AlG 498
Z13)}A

4 Pascal VOC Hlo|&] A1 ImageNet Hlo|E|
Al wjsl] Full~ ¥ o]u|x] ofo] A Feljx~ 7} o]
v]A] oke] zlo|7} Zm gk o]m]x] W] of2] Felj2r)
2= ol 797 W] wliel £541717] 7t
23 Holoja] AlA 4ky] A oA A8 HlolE]
oF frA=7} S22 ot ofol] =i o= Pascal
VOC dloJg] Aol tisl] #A3kar s dloje] A
T 7= s ol HE 2T E,
2 By, e Feag BT 2 5 2 A
52 AT IHAES AL o5 AP
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Hbd Cifar100 dleo|e] Al 50K 7} &3 oA =
A= o] olnlx] 7 vl W2 HolAk o] & 7]
Fol| Al Z=E= dlolE] 50K Feoll 4K &+ AR8-3}o]
(FN 4073 LoqF= dlofE] Aoz ghEe] AR
3l 7] digF= Cifarl00 2} A5F%2 Reduced
Cifar100 & ¥]xL Agshe dlo]e] FA] o]l dle]
B] HZFo] ool bt B2 oJ3ks x4 1A

Aoz FAs| R

2.1 Hojef Al 24

12 dubgo g go] A= 2EF ok
AME2] EAS vepligich o olnlx] #4F
7h ohd 27} #5715 (e.g. OCR) = o= sh=
SVHN, MNIST®} 84 dle]e] 45 (EMNIST-Digit,
EMNIST-letter, Noisy MNIST)-2 thAtell2] A2 3}
ek

B =l AE 919] HlolE] AlE Fell A ol
Mo 2 Pascal VOC ¢} Cifarl00, ©] Cifarl00 <]
50K o]"]#] F LY 4K o|n]|A]E A3} Reduced
Cifar100& A&glas} g 7 o= &7 thde
2 dubA]l ks $Asks Zlo] & o] WS- o]n|x]
FF UEYT] HeS Yokl Ego] = Ao
2} AzFs}ed 3 w3} Pascal VOC 7} ¢ dlo]E] Al &
Zoll Fell 2F o] 7P Alste] E=A71717}
71 7hekEsg- dlole] Al oo $A1Fo® A3}

E 1. 2E dole A5 5AE
Table 1. Features of open datasets.
U 5 | F oAl | dleld] -5
ImageNet 1000 1200 K oIk
CIFAR-10 10 50 K ouk
CIFAR-100 100 50 K ouk
PASCAL VOC 20 10 K ot
Tiny ImageNet 10 90 K oat
CINIC-10 10 90 K odut
STL-10 10 5K oIk
WebVision 5000 1600 K ouk
Clothing 1M 14 49 K %
iNaturalist 8000 448 K AE
Small NORB 5 1.65 K 3D dub
Food-10N 101 75.75 K <]
MURA 7 399 K ﬂ’;ﬂr;f%
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el

2.1.1 op™g ZA| (Over-Fitting)

18] 30j]A] ®%o] Pascal VOC2] dlo]e] Al &
24 E'—;,H/\,] 7:1 (] o]u]z] 7H—|—7} uHO z—l‘_g_ 7/-1% ol
& g olrk ofdl dHlolE FEE Y Sl
Overfitting <tAlE  F%AA  train®}  validation
accuracy 2] #}o]S R A|71t} o] FAIS %Hﬁfs}ﬂ
#1831 521228 olol17} 212 25040l 51
2R eole] oF 250093 -8 apslsleh,
g el wlofe] 52 71 olvIIeh= AAA] oAl A
24 dlolelE 28Ysjo] ngsjalrk 13 4 2}
g dlele] o] ClAE HolFar 1y 5+ A dHle]
¥ A1 (ORG) 3} F7k¢ dlele] Al (DS) ¢ Fei=
F7He dlele] RE zfo]E meErh

2000

1500

N & &
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Fig. 3. The amount of data per class of Pascal VOC
dataset

cow diningtable
:}_EI 4. iia] 1:-] ]F:] H,,] o:]]x]
Fig. 4. Example of Crawled Dataset
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Fig. 5. Per-Class Data Distribution of evaluated Dataset
Variation

2.1.2 222 278 24| (Class Imbalance)

F2 A S 7L ovIR] AEE AR B e
Fel2 753} (Class balancing) & 14] Aol S|~
ZF APFLE FoF 5 9w AAE Aok 19 3
oj]4] B50], Pascal VOC Hlo]&] Al Fefj~ 7+ &
o] Asich &< dle|e] (training data) 7} &
8,331 0.7 o]Foiz] glor} 71 F 1,994%¢] person
classell Zaf1glglom, 714 data7} A2 class (15173
o= 1307k Afol7) e} B =tell A= 2070 ZE)

2= 7k o|ulA] ANEE fAHAl 3] f18) o]ulx]7t
Rz Fel s QoA AHE A -] b

ole] MZ wAE #3lodar AN dlelel7 v &
< Felloa= 3000902 s FodA] Z1A7] &}
3R ool gt dkE B3

2,
o

2.1.3 2e| ZaliA olole X (Multi-Class)
2l dlo]e] Alal Pascal VOC 4]+ &F o]v]x]
o8] S22 (multi- class) 7} b S8} o] o}
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+ DS : ORG tlo]g] Al 2+ S~ ¥ & 250~1000
7b o] HEE dolE HF
DSB : DS Hleo[g] A4 Be FEfjaso] dds)
74] 300;{]—0] 5] = zz%
« NMC : ORG Hl°o|g] Ae] F=2
Fef|2) opd 7 ] F~
g} tﬂo]ﬂ /u]
+ NMCB : NMC tdlo&] Aloljx] & FeljBo] o
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II. ClO|Ef 34! (Data Augmentation)

3.1 7|& llo|e{ Z4! (Baseline Data
Augmentation)

fellA AAE £ARE 5 7P ofEle EAl A
A A} B3 o]H o] 2 dlolE Y53 WS
Ak o] g7 wistel] o]F wlole A3} s of
2] ad75e] AldsEe] girh %4 ResNetollA]
ImageNet 31852 ARESIGIE 7] dlo]e] 54
S o83} 2efid o} ofel] 612 dlo]E] Al wit}
2 4 95l gt «lE & Cifarl0 ¢ 7
9 mean = [125.307, 12295, 113.865], std =

718 dlo]e] 4] M (ImageNet+ResNet)

1. loJZ 3gF o|HIX|E WolA [0, 255] W$19] 32-bit
25 o R wisk)

2. [3/4, 431 °] Wl 119 vlE-E 7Y (8%,
100%] ©] WA s12le] Hels 7= A dds
Cropd}e] 224%224 =7]% resize 3T}

3. 059 FEE o T FH =)

4. [0.6, 1.4] 22¥E] 743 EZ WA=
Coefficient= Hue (A}4), Saturation (#|%=), Brightness
(M) S Scale ¥}

5. AGFE3E N(O, 0.1) ZH5E] ¥3{%] CoefficientE 741
PCA Al55 tgth

6. RGB Ad5ol 3 = [123.68, 116.779, 103.939]
e Wi A = [58.393, 57.12, 57.375] WoE
vre] Aats) gk

[62.9932, 62.0887, 66.7048] 2| 7S zk=ch

%] 7)<l 7]4ks}e] Cifar100 2} reduced Cifar100
= 5217 W) A2 19 10, 119} Zrh =3
B E 9)3) dlole] S48 #4314 oL 7] o]
Bl Aol dfelAt F38 ARSuY A2 19 8,
9¢} 2k

adellA HZe] dlele] FAS AL @2
Cifar1003} reduced Cifar1009] 452 55.2%, 16.6%
oln 7| dlole] $41& A-83191-& wl Cifarl009]
ResNet 452 65.2 %, reduced Cifarl00 2] 73-$-
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Fig. 8. Performance of original dataset for Cifarl00
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Fig. 9. Performance of original dataset for Reduced
Cifar100
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Fig. 10. Performance of baseline data augmentation for
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Fig. 11. Performance of baseline data augmentation for
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vt o= dleelrt sl 53t Ak (71 i
8%) ola 7]& dlole] $4 rlEtoR= dHoler}
FE3lnz A3t o] A ek o S 9l

o
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3.2 MixUp

tlole7} 531 dolg] o] -5l 9] 7]ente
2= A WAl dAZE ole] TS tlefst dlolE 5
nhrjo] Akl d g7 glck vl w2 MixUp
Ao 2 5 o]u]#]e] RGB #ES A 1 (1-A) 9 H]
2 71553 3k A Label 94| S+ One-Hot Label
Al Az (1-A) O] HIER 71 sle] FRATE
gA]o]et,

o]Al| ¢ Cifar100 2} reduced Cifar100°] $]2] d]
olg] F4 7EES A4S W AeEd AT
ok MixUp WA A4 A, A 3 W 2
Bla=02, $=02) °|4 random3HA| FZ3}oq ]

ﬂ.\:{o oTE_, >
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Fig. 12. Example of MixUp data augmentation

ulR| e} dlo]Eel| s vl&=E MixUpslair). gt
MixUp A& A 100719] S=lge] HZ 4o]7] wf
el 1/1009] &R 5 Fes B0l 4 F U
1} o] wgl 5 Fellxol gk Augmentation ©]7]el|
g Fa Al sisick e MixUp WHAl-e 443}
A& ) Cifarl00 ] 45~ 71.1%, reduced Cifar100
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Fig. 13. Performance of MixUp data augmentation for
Cifar100
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3.3 Cutout

wid dlole] S 7ol 7] ofn|A]e] o=
2 70 LR wRlske So] el ek B
o4l Bengio 1% Salt and Pepper Xco]|Z=E

ZF7F5EAY+ motion  blur, Gaussian smoothing,

Gaussian noise, pixel permutation 52 F7}35le] d
o] A& A-83lsich At olxd WhAle] o]=
_%7]..}‘_—_ A l:i‘]:/\loﬂ xﬂ ls] o] o] r/}-

o]f] ro]=E FIste] dole F4 dhe 2SN
Alsle] dAFE-S- E5F (Blob) ouf Ao E vl
7} (Masking) 3= HM212] Cutout 7|&o] 7lk=]giv}
Bl zzjw flelli] A3 Cifarl009} Reduced
Cifar100 dl|o]E] A3} ResNet 2ol o] Cutout 7|%
S X—]_Q.g}Dﬂ © wﬂ,] /x-]L o olo].\lﬂ_r;}

o] Cutout = A-83}7] 9J8F zero mask= /‘]— 2}3]
?ﬂﬂliﬁ Fohd ZEe olnlA] AAlA] Fdgk ¥

2% Ais FEsklch 2 gl olslA Hole)
2%~ 40%74A19] wiflellA wdshA FEsll e
0.3 %€ 3.3 9] 712 A& ¥]&-=Z maskingS 283}
ek

713 169} 17414 ®%0] Cifarl00 ©] 739~ 70.1%,
Reduced Cifar100 2] 73-%- 28.2% <] A5o] 4.
A= 3 gld 4= l%e] Cifarl002] 7% 4.9%,
Reduced Cifar1002] 79 3.3% <] A5 skite] 3
c.
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Fig. 15. Example of Cutout data augmentation
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Fig. 16. Performance of Cutout data augmentation for
Cifar100
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Fig. 17. Performance of Cutout data augmentation for
Reduced Cifar100
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o|gA| B2 o|v|A| & A= 7]« MixUp 7%
3 gk o]v]A] WellA] )&= Blobs AAd3}ed A A5}
= 71421 Cutout 71& EF dlo]g] 24 71&2A] A
T S Holr] el o] T r|Es Ay
CutMix® &, 9192 53t (Blob)2 W k]l o}
o|w|z| 9] JHE - uprle] o] AEEICh
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Fig. 18. Example of CutMix data augmentation
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Fig. 19. Performance of CutMix data augmentation for
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Fig. 20. Performance of CutMix data augmentation for
Reduced Cifar100

I 2. Cifarl00 ¢} Reduced Cifarl00 ] t}ekgl dojg] &

Al A=

al o o

Table 2. Various data augmentation performance of
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Fig. 21. Data augmentation performance of Pascal VOC
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