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Abstract

Recently, various researches on medical image generation have been suggested, and it becomes crucial to accurately
evaluate the quality and diversity of the generated medical images. For this purpose, the expert’s visual turing test, feature
distribution visualization, and quantitative evaluation through IS and FID are evaluated. However, there are few methods for
quantitatively evaluating medical images in terms of fidelity and diversity. In this paper, images are generated by learning a
chest CT dataset of non-small cell lung cancer patients through DCGAN and PGGAN generative models, and the
performance of the two generative models are evaluated in terms of fidelity and diversity. The performance is quantitatively
evaluated through IS and FID, which are one-dimensional score-based evaluation methods, and Precision and Recall,
Improved Precision and Recall, which are two-dimensional score-based evaluation methods, and the characteristics and
limitations of each evaluation method are also analyzed in medical imaging.
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Figure 1: Overview of quantitative evaluation methods for
generated medical images obtained from both generative
models
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Figure 2: Overview of training process for DCGAN and
PGGAN

22 139 4% 7ol 44 9% 57 P

123+ A 4(one-dimensional score) 7]%+e] A GAF A
S37h PR Bad RS 2t FhPyos, B
23} ohpdel ARE B AHE Folshe ol

IS[20]+=  ImageNet dlolgAle® AP Sk
InceptionV3d R o] HR77|E o|&sto] A 13} Zo] %

e pl)t FH FE py)d FEEE A
KL-DivergenceE s T3 & gholth A4 349
do] ol 205 FF £3x9 dE= I (entropy)=
ofof stm, A4 g9 tFgel o T FE
o] #ato] Aok stmz F¥l HE p(y)o] dE=:=
ofof Zhrh weba o] FAH < IS
ApolE AdHE o Frol F5 A4 Gl F wEoR
= U P g

IS = exp (B, [KL (p(y1x)llp (y))]) 1)

[‘

i

10 b KoM o mr A et

X,
9
rlr
4
"
i
kel
o

ol wf, 25 AA A, yE ZH ol plylz)= 24

- 13-



FEEZ J4 dlolHE InceptionVd Rdle] Yl A&
T e FdUx yo FEolth

FID[21]%= InceptionV3 R@e] E4 %S ALg3le] Hlo

HE 54 F0og gud & A 29 Zo] A4 44T

AA 7o) B FEAkE o] &3te] F oo OlEM —l%
= Jé

PEelE  Holdel

N
e
ﬂF
Q

1
FID = | pe—p, | 24 tr Q0+ D5-203330)7) @
X y Xy

[e]

ol @ Heizn 9}2 , A=Y
Stk AT Hrkeks] wEel AA gstel 4
vlu 7} 753tk T3 InceptionV3d REle] & |
L oare B A9,
(overfitting) ¥} Z==-53 ¢/ (mode collapse)S Fo}
Zeths shARe] QItHI3). ¥hd, FID+= 444
A7) s vmety) el IS Kok A3 vlw
7Fsstth =3, FwAt ALl vaE H °§ o-‘ﬂ D}
st WstE AATE + Q7] "] =
Frohd 4~ QITHI3]. 21} IS8}t FID 12}% A
7wl 3 Rzl thpdst EYL Relste] AA
2 ZgrH22].

e JFS PO

B

22+ A4 (two-dimensional score) 7] Wke] AJA A AF
5B e ® ol Andse e hRde
2, FA3 TRl Be A4S 47 Felsie ol
=

Precision ¥ Recall[l14]2 =33 T}IFA L B3t

ol
ox
o,
02,
oX,
2
i
Mr kd
I_/
K-
I
o
jud)
o
[o
AQ
R
ol
£
>
Y

of
oy
©
e
o
=)
k9
58
©
o2,
o,
o
ox
m{o
T o
:Ioj__t‘l
)
rt
M
32
rr
N

f

9 gy nlo
i

Precision % Recalle] A A2 InceptionV3d W EHZF
o] g3ty B A AA Y 5L

X 8HK-means clustering) & F3 3
9] o|¢} Zro] A oto] &3 A
Fob AR A 7] ¥l o 2 Precision®} Recall g2
th o] Zof 4] 33 Fo] 23} P THEA(RE
ot F; Score AAbs AbEste] HE  Precision}
< Al4bsttt.

A

‘(E -H of ox v 1o

2 .
+1)X X
FScore = (8 ' ) Pr.e?lslon Recall 3)
‘ (" X Precision + Recall

o] ], A>1< Recald 71&EXxE5 F1,
Precision®] 7}=X& o] Precision®} Recalle] & F
T2 g2 EHEo) Precision ¥ Recall> 4oz o
Tof oEste] ARG wEe] RE=E BIY ©F
(truncation)ol] o&] WA GASo] WA3 Ho] 9= 3
de Az dWstA Zeohe SAFC] At
7§ 4" Precision @ Recall[23]-& InceptionV3 Y E
39 F AZE o8t A AT AA Y
%XJ% FEsith o] 3 AA 4T Y F4Y B9
£ K-3Z%F o] (K-nearest neighbor) =4S
F3 F(hypersphere)® ZAFSITE A 4% fAE
Precisiong T3l= Aoz, AA dolgeo KHxlz 7}
7 AA G Fdel B dlelE 7t EAskeAl
ng odgow Tael Fwwch 4 5: A4E
Recalle 73h: Aoz, A4 dolHe KaAz 7A7e
2373 diolele] FHe AHA dleolEH7t EAT=A 7
2 o)APES Fale] WF WLk 4 e Ez]uﬂ]—j7}_0,]
A=E vlaety] S FYH Aoln, KAl S
Bo} 77k HEZE 24T A 1, EAA Ee
02 EYste ot watA A4 A
B4 FYel AAAH BAE Aol "ol AAFE
Precisiono] =ow, AA A4 & A4 I4 949
Al Qo] ol EAEFF Recallo] =t}

B<1L

of
_'—{>m2‘,oﬁ_l
mZJhﬁé-lO_u

Improved Precision (&, &,) =

g ¢g6¢g
Improved Recall(®, @,) = % [, 2,) (5)
r (prg@r
if lo—=¢" I, < | ¢ —NN(®) |,
Flg, @) =11 ford¢' s 6)

0, otherwise

of W, &, ¢ 77t AAl A4 A4 s 54S
9 g, 4, s A% o, 0,9 54 Qasoltk

- 14 -



MW AT ool 8 54 WE 3 Pre] 9How Fof
A 54 My ¢ 9 KAAZ Ake SPUEE Edes
4ol ch,

F

Agel AR g 94 dHelgAe
NSCLC(Non-Small Cell Lung Cancer) Radiomics CT -&
Ml el El[24]5 AH&stth HAAEZSHSd T ALE
(adenocarcinoma), A A 22 &5 (squamous cell
carcinoma) £72] dlolg 190712 FAF o Jon, &
1216072 &8fol2x FAAo g o|Fo|A It 512x512
a719 FH CT 4= AA 8 J4dA %= 5
Alog 160x160 IA7|E A= T, 128%x128 IA7|E g
Apol Aste] A mdo] s odAowm xRshgth
st Al 23 A4 =dol DCGAN, PGGANS =%
128 <128 37|19 GA4S A3l DCGANS 64x64 =
719 9ds ABde Elol7] wiEe, 128x128 A7
o 03*01% Msm A3 Az mdAN FHFEES
o};g/qg_ o] _,47@

SHAth qu} iy
Zof| A3 7o)
t}h. PGGANS RE =04 ¥
1602 A3t DCGAN REl2 slo]E
oA oA A|FEEE= AAFTEE AFE3Y A, PGGAN

92 Z3Bo JEE Hol Qv LF AXFEE AR

s,

4y
et
roh
o,
ot
o 2 1o

f
r
40
=2
>
pE
>
é
of
o>
oX,
)
. ox
ox
1
o
2,
mlo
o
o
o,
BN
Ry

B33 vaE AA Fde i7l¢ DCGANJJr PGGANY]
JA Akl Z7)o] @A 128 <1288 g AtolA kglth
B QA s ol T I HFY 50%A
608070 st 34 W= (0, 255)2 A3 =
At FridolHE Fnletgon, AA 4= B4
Whﬂr = A3lA :MPEA 60807MZ UrI kA HY

T (0, 255)® A3} & AAste] 7|FHolEE F£H|S
Al £ EXE = oA HUl ASGE =T
71 |18 AA F4 F 71F dlolE 608075 AL
w2 60807H% B3t & ATk o] wi, B7F Al 7]
= dolgxe AA 94, 71 dlolE ol AA JdE
o A Aoz AT T gAY SAALS H7E
Row, & 194 Real®] M= yebfigich 371 2349
?__,_hﬂ §]_E _&—ﬂ Oﬂ/\l /\H/H )\] _'_r_/\].p‘{—/\ /\3/37]_,] /\]E
(seed) S H}E R 7HANA 608070K A T A A3}

S AAAE AN .

wdo 44 4SS FAT Py ol
Aoz vam % BANY A 140 G
7

Precision 2 Recall, 7H<‘ilﬂ Precision ¥ Recall
Agstel BTk BE Wb AZANA 5F QW
A ALE = moe LL].o] E XA AF 3= ImageNeto
2 Ad g5 E InceptionV3[25]E& ¥l FY
(fine-tuning) 3t 2 &S AFE3Th 3ol F9 A
dolHt 44 d 3% A ASYR AA %%
HE AREetglen, AA s dlolHe Fdae
of Y& B AEIF AP F Az P
B ZEF7](Auxiliary classifier) @} o}x|g  &4A A
(fully-connected layen)®] &8 Zdlx a4s 100001]/\1
28 WAL, 10 ol%(epoch) F<F EHO HAA| #e]o

Z_'

Ao

RS 1S, FIDE A§3tgla, 2348 A7) s
o

%

o,
N
S
ol Ml o off

OL O.

[*]
—

mﬁl-ﬂo}géﬁm:(

ofv

T A £35S Adsta FAFdE sth
InceptionV3 =@ ImageNeto® Abd 3 A
209%299 =3 7]9 Ad# Ato] (-1, D=2 AFIE 3 A

o Ao r FHHUY wiel B € I T Al
o| = InceptionV3 2" ¥ 34 WS+ (-1, D9 W
A= Arsteta, 144y A4S 3AEE AP sh
BAFY] A7) 299x2097 A ABFHE=T], 299 <299 H
o} Z+e 37]9] AL A EZ}(bﬂmear interpolation)
29 & 299 dgog Agsinh F 7 of
FID, Precision ¥ Recall 7 <2 75‘—,— InceptionV3 =&
o] 20484 Ho EHTNA SAHHE dWld F3A
t}. 239 Precision ¥ Recallo| A K-HF 2432 9
 AgEE K@gH z23EEY 7FEAd
Precision @ Recall[14]9]A Ad Aoz A}L3F 2037} 8
S Ae3gom, /MAE Precision @ Recallo A K-F
24 ol duEES A AMHSEHE K 35 AMgst

gch

o7 04/\14

BEE

32 44 94 Bt A

I3 3= DCGANY PGGANCS. 2 AJAsl 128128 F7]
o AR FY AR, §Aog2E o rdo] FAE ¢
S Aol sk AAsleA vass) olfth 1
2 42 19 39 A GAET AA GAE EAALS
o] 2133} InceptionVd EEojA dw|Qd3 F t-SNE &
252 Bl AlZ4sa Aoy,

RO

o

-15-



(
y 3 4%,
N =g

o & o ox XN ol dr o2 I I ;% o,

16 "2
TP TY)ZU) )

(b) PGGAN

(a) DCGAN

Figure 3: Examples of medical image generated by DCGAN
and PGGAN
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Figure 4: t-SNE visualization of medical images generated by
DCGAN and PGGAN
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Table 1: Comparison results of evaluation metrics of medical
images generated by DCGAN and PGGAN

+ : standard deviation for 3 sample groups

Metrics Real DCGAN PGGAN
IS 1.30 1.12 +0.010 1.18 +0.005
FID 2.05 120.75 +0.722 6.79 +0.354
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Precision
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