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ABSTRACT

Pneumonia classification using chest X-Ray images is one of the most crucial
problems in computer vision because the chest was filmed more frequently than the other organs.
Regarding advanced deep learning techniques, constructed classification models produce
satisfying accuracy. The quality of input images is an essential factor that affected the ability to
learn patterns of deep learning-based models. This work presents the methodologies based on the
encoder-decoder techniques to choose only good-quality images (i.e. filter outlier images) and use
them to extract latent features to build effective classifiers. For each disease, we filtered the
outlier images by considering the significantly high or low reconstruction error value (RE)
resulting from the encoder-decoder model. Then, only good-quality images were used as input
data to construct a binary classifier for each disease. Finally, the latent features extracted from
each binary classifier were concatenated to build the classifier of 14 disease and no-findings
images. Experimental results showed that our approach produced an AUROC score of 0.69,
higher than the Ensemble of binary classifiers (0.54 AUROC). However, our approach yields less
performance than the DenseNetl21 classifier trained on good quality images (0.75 AUROC).
The main reason is the imbalanced data problem that occurred during the building binary
classifiers phase. By taking this problem into account, our approach is capable of further

obtaining higher performance.
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anudazaInlumsinzivoya awaaslunini 2.21
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110 0
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a o . Y 3 1 . v
PN 2.21 11@A9 M3 Flattening I 1uaA1 pixel 11 1 noauyl
fan: //medium.com/@pradyasin/what-is-convolution-nearal-network-bf2e525089f5

Fully Connection Layer AemMs1 Flattening ‘17]“1@91}!,‘519111@:’1%!,@%1 Deep Learning AALTAY
1 a 4 { (Y I g 1
TuaImi 2.22 NI NBURUNYUANYAE (Feature Map) 3290t auilunnine sy x1, x2, x3 ...
o o ' 3’/ . A A 1 ] o A k)
Xn Vnﬂ”lif’ﬂuﬁmLLTJ‘]JTﬂiQ‘lJ”IfJGLHGIfHGU?J\‘] Hidden layer NUNTFONADDYNTNYITU LNﬁ‘VIllﬂfl]g
a1 A 9 o 9 I a 9 1 A . .
ijﬂﬂmﬁi\lﬂﬁ@%?ﬂLW'EJﬁ‘i'l\‘]!,l,‘ﬂ’Ui]'la@\Hm31%ﬁ\1ﬂﬂﬂ!ﬂ1‘ilﬂﬂﬁl%\‘ﬂul%u softmax ¥7® sigmoid
A o v I . . < Y A
LW@ﬂﬂﬂiglﬂﬂNaaW‘ﬁ !‘lJ‘LlClaSSIfical;IOH X1,X2,X3 IJJHG]‘L!. LRAZNINN 2.23 LEAAINTNITINVDY

7011JA8N354 Convolutional Neural Networks(CNN)
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Fully Connected Layer
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MNTA 2.22 LAY Fully Connected Layer
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PN 2.23 HAAININITINVDIAD1AENTTY Convolutional Neural Networks (CNN)

nn: https://www.javatpoint.com/pytorch-convolutional-neural-network)
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< A o ' ] =
2.4.2 DenseNet 121 uaoitfaenssunvasgly Tassielszammeunuunou
T19%u N Gao Huang, Zhuang Liu, Geoff Piciss tazame laaaa3191ud) 2017 Usznoudie s

layer dense block mufaaslunin 9 2.24

/WA 2.24 uaasan1lnensuUee DenseNet121 UznoUAIY 5 layer dense block

An: https://pythonawesome.com/densenet-implementation-in-keras/

DenesNet121  H40@A0 n15uATRyn1 vanishing-gradient  uagiinisdsualga
a 14 v =\ a Aa o o { 1 a a
Wimes ldegedilszansnminldimsmuandosua lalszdnsnmgs
I A v W A 1
2.4.3 Encoder-Decoder 1Ju35msas1esiasn luiia aremslansevislszaimiion
o . 9 9 o 9 o = v 9 Y
uuuneu] Tadu (Convolution Neural Networks) Tagas19nindeyariuiimsiivoadoyaln
~ g~ ! ¥ g v ) Yqg Y o
HUuIREANi3enI1 Latent  Vector 1INHUNIINsvenedoyad3wtoyaoonu i indineny

9 Y v o~ J

d' o A
VoYU UL Hesndseneundl 82 szmsfo
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< Y @ o o = v 9 ya <3
1) Encoder : Lﬂu‘ll1J31&ﬂ13!ﬂﬂ§1’7ﬁ%']ﬂﬂ13u1ﬂ1wu1ﬂ1ﬂ1§ﬂﬂﬂﬂﬂlﬂyaGh’illﬂ]lﬂﬂlaﬂ

v Y 1]
Tasluniiaz 14935015105 09181 52 MiAs(Convolutional Neural Networks) 34 189 oyanl

U

g Aa ! ) s A o = oA v
VYHIALANNLTYNIT Latent vector. "]Nlef]iJa‘llL!W]Laﬂuﬁ]”Lﬂ‘Uﬂmaﬂ‘Hﬂ!%ﬂIﬂmﬂuﬂﬁﬂﬂl@ﬁﬂl@ua

ﬂuﬂ‘U‘UUl’J Tﬂﬂ mg.a uwm (Input Data) uJum X Lae mmmwmﬂu E muu ﬂWﬂWLfJW]Wﬂ

A =

U949 Latent Vector A9 S %zum!fdu S=E(x) s—ﬁ’mamclumwm 2.25

d

2) Decoder: 1uvuumsneasiafiozvmedoyaiigniasalifuuiain 910 Latent
o 1 @ 7 v 3 J
vector Wimsatranmiulnildndreduniin Taslaiduneasiaiiu D uazioninves
@ ] o & o v 3 @ =
dminduiu o Auniwsiansounudneasiaiiu o = DE () awaaslunin 225 &
v J a I Ay Y 9 v o ! ! Y as
paansazgniszlunSeufsunimnai i Iniduninduntin Muiumaana 198835

Ay A 9 o Y o
Mean Square Error (MSE) 1agn1i111089284na18n U MNAURLIL.

Original Input Latent Representation Reconstructed Output
. —  Encoder — —  Decoder — .
E(x) S D(s)

Therefore... 0 = D(E(x))
MR 2.25 wananmMsvesanfnonssy Encoder-Decoder

nn: https://www.pyimagesearch.com/2020/02/17/autoencoders-with-keras-tensorflow-and-

deep-learning/


https://www.pyimagesearch.com/2020/02/17/autoencoders-with-keras-tensorflow-and-%20%20%20deep-learning/
https://www.pyimagesearch.com/2020/02/17/autoencoders-with-keras-tensorflow-and-%20%20%20deep-learning/
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Mark I. Neumann, Edward Y. Lee #azassz (2012) 1a%1n13an¥1A104 14000
v o a aa [ < 1 [
voanT @ Inerlunisiuenelsadeauinluan1nn150 U INSITNT 190N (Chest
. 9 4 4 o ~ 1
radiograph (CXR)) Iagldinaaiinasgiuvesesnnisouislsa (WHO) lunmisaanuninaie
v A Y o a v v Aaa Aaa o
$98n3790n CXR 1A8 Neumann iazaaz asmsdssiiviinsadinennitanelsadeauu
2 o {A o S o {
Tudn $1wau 6 audddwauihlszaumsaiaeiu Taeldgluuumsaneinszy 13l who
9

1 3/ (=} Y aa ] A 9 1 dy o aa 9
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HANNIINWADANLTYNIT Kappa N1IANA FINAINNTANEIIUMSUsIUANNU LT oD D

'
v A A

1 a 1 1 I
5eN119K1/521001 (Inter-Rater Reliability) 521)71 lunsalniwa1esedMilu Alveolar Infiltrate
v v Aaa y A o ~ 19 U v o aAd ..
UNTITINGIN 6 AUIZAOUMTDUNUNINTGA LADININA1WTIANTIY Interstitial Infiltrate VL
J [ A = a A A Y a
ARUUANANNUNINAGA uaznamsan¥ lumslsziiuanuingedenielugisziiv (Intra-
. e v v aa 4 ' = ' o adg S
Rater Reliability)Y0a:n3aa3nenna 6 au 5219 lunstinmaesa@nilu Alveolar Infiltrate 1
' A A A s A 9 VY A 3
AMANVUUFDDONDVILTNYIAUNIIENNAUAD VIR UDUAY uad ImnaeTIangireiu
.. Y ] d‘ A Y d' d‘ = J [ an [
Interstitial Infiltrate 1HA1ANVUUFODONDINGAIUDIDINUANWUANANAUIINNITINIRBIN
9
WNTIAINGT N9 6 AU
= a o t;l Y I 1 aa o v v Aaa 1
INHANITANE VLU taaeliimiu msItaneveainssaIner luniseu
1 v A = = ] ] 3 A A oA 9 ] Ada
MND1859FNI 1900 vansaimsianudelumserwiunvuyeds 14 uau1ansdiniiaiw
[N~ $ 4 o 2’, a
o1n Liflunundede’la asiunsldnnudiFeaan(Deep Learning) lumsadaluaaluns
o A (] v v AaAa [ 1 (= =2 J A o & o 1
mue lsamexieinssainer luniserunimeiessansrendsdluaendlutazisunesen

J yq ¢ o o 1 o X
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Xiaosong Wang, Yifan Peng tazaas (2017) lasinausaiuiseivoasegiudoya

[I=| J 9y Y ~ Y 1 v A 9 9

X-ray 11113 58091 “ChestX-ray8” laglyvoyanilszneuais nmaiesaansisondiunii
1 H 1 ao’ o [} (%

(Frontview X-ray image) ¥044126% lignu 32717 510 naglithemnunin(Labeszy s T3n

n3290n7 18910 51891UN195 @M 1935 M5z uIana Natural Language Processing (NLP)

daaadlunni 2.26 vazldairauuudiass (model) A283% Multilabel Deep Convolutional

[

v Y
Neural Network (DCNN) Classification Model fauaaalunin fi 2.27 nasinaiuisoil lage

JudeyaniumMsasIvdoundd Nizonan “ChestX-rays”
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Atelectasis Cardiomegaly i Effusion Infiltration

Mass Nodule | Pneumeonia Pneumothorax

Figure 1. Eight common thoracic diseases observed in chest X-rays
that validate a challenging task of fully-automated diagnosis.

MNA 2.26 LAAINNDIGTIANTION 8 ¥UATA

/Ac:ivanansfrom\ /~ Weights from
/ Heatmap for localization Transition predication layer

X
S

* ‘W?,} TR

i

(T

» sl
g

LIl
il

Atelectasis Effusion Mass

/ Image / labels // One of ImageNet pre-trained models

B m ; [ ]
B Em B =
‘ H == g =
b voson
Atelectasis;

\\E"vson; Mass > AlexNet GoogleNet VGGNet ResNet \

Transition Layer
Transform the activations
from pre-trained model to a
uniform dimension

\_ Max

Figure 4. The overall flow-chart of our unified DCNN framework and disease localization process.

MNA 2.27 HAALDVTIA99 DCNN U049 Xiaosong Wang LA AUE
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Pranav Rajpurkar, Jeremy Irvin tazasue (2017) laany1n1sasiaviilsaen

' (= Y = Yy a =K . 9 9
VININNINDYIIANTNON AIY NITEIYUILBIAN (Deep Learning) Iﬂﬂi‘ﬂﬂéﬂﬂ]ﬂua 910 Chest

X-rayl4 wagldaue Tuma Miden3n CheXNet Usznouaie 121-layer Dense Convolutional
Network (DenseNet) 1131 Train  AU¥0Ya ChestX-rayl4. ldmsnageunliouiisuna

v o

[ Y] 4 ] a Y] J Y] 4
524719 1u1Aa CheXNet NUUNTIAMTUNNG 4 MUIINUHIINABAUAUNDTA NABNT NI
o ] ] o 1 1 4 v o 4
Mu1e91n Tuea CheXNet 1A MuLUS 11NANAURT8URINTITMIuNNg az Tuaa
v ° ' = q Y 9
CheXNet 1%1A10uuUE1NN 1 AU Wang(2017) 11azv03 Yao (2017) ¥115g1udpya

ChestX-ray 14 tHilounu aauaaaluasiai 2.1

A19197 2.1 uaEafFeuneuNaans A1ANLLUET AUROC 910 Taiaa CheXNet A1)

Tutpaved Wang 1182 Yao

Pathology Wang et al. (2017)  Yao et al. (2017) CheXNet (ours)
Atelectasis (.716 0.772 (.8094
Cardiomegaly (.807 (.90 0.9248
Effusion (.784 (.854 (0.8G38
Infiltration {1609 [.695 (0.7345
Mass (.706 0.792 (L8676
Nodule (.671 0.717 0.7802
Pnenmonia (.633 0.713 (0.TGED
Prenmothorax {(1.806 0.841 (0.8B8T
Consolidatio (.708 (.788 0.7901
Ede {1835 .22 (.BETR
Emphyzema (8215 082 0.9371
Fibrosts (.769 0.767 0.8047
Pleural Thickening (.708 (.765 (.8062
Hernia (.767 0.914 0.9164

Hongyu Wang a2 Yong Xia (2018) lavinauetyusiasd Insevielsandean

A a ' ~ Y ' = 1 A a ' . . 1 d‘
39N ChestNet N1/5enOUAIY 2 dIU AB TIUNITINI Classification Branch Haza@IUN

A o A

i59n71 Attention Branch saudaslunini 2.28 yadoyanihmadoude ChestX-ray 14

G
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(T e et et e Bbom ol 1
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Ixdx14 Ix1x512 ! o JAany ||| | T : X
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] 1
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Conv ¢ Diagnosis Results

NA 2.28 UAADUTIAD9 ChestNet V04 Hongyu Wang llai¢ Yong Xia

wanmsnageuaNuIiudIvesnsiue 1sa 14 1sa lddundenrugndes AUROC
A ' A Y 1 Ay v Aq ¥
= 78.1% 111N Tuaaved Wang 1116 74.51% uagunni luaaved Yao il 76.1% i l4aa
Jo1ya ChestX-ray 14 1Aganulumsnadon
Zhicheng Huang, Dongmei Fu (2019) TagIdinauesilunuvesuuusiaes (Model)

i8N Multi-Attention Convolution Neural Network adauaad lun1ni 2.29

— Attentionmap | (@) Class-wise pooling
v
=
it
£ ‘ ‘ —
] .
E ¥
(£) Chassfication
5 (e) Topk
) pooling

|

module

(¢) Multi-Attention

(a) X-may image

Cardiomegly

B

Fig. 2 The framework of the proposed approach. (a) is an input image. (b) i isa FON wluch can encode spmal lnl'ormluon into deep feature maps. (c) is a
group of multi-attention layer to produce class-specific attention maps for and features to each category. (d) is
a channel-wise pooling layer to combine the feature captured from different channels for each category. (e) is a top-k pooling layer which aims to select the
high confidence points of each class for the final prediction. (f) is a classification layer to predict the presents of each category by sigmoid activation function.

MNA 2.29 A MuLUTIaeslumMsAnEIve Zhicheng Huang , Dongmeu Fu
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3.1 Yunoud 1 ansean NIl Outlier (Step 1 : Filter Outlier Images)

FuAutiums Iagnmo1e59dn5190n91NgAY0YAa ChestXray 14 Niud191n

A g ~ 1 1 g’/ o 9) a v gll dy

www. Kagglecom Miunmnszy Isa 1 1sa ao 1 s lsluauideasail
@ g ° AN Yo ] o o A d . Y

naaniuinni ladenanuiinsaansesnimiily outier  Tasmsadraluaanin

25015 Encoder-Decoder AMUAINITII1Ua@adlun1ng 3.2 Inslisioazidoaued Encoder-
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~ 9 14 g’/ g’/ o ~ o A 3
Decoder NU52n0UATY 1ALEDS (Layer) 9¥iuA 14 ¥U ﬂﬂllﬁﬂﬂiuﬂ’]ﬂﬂ 3.3 %3 U Layer 0 13u

=1

Y
FULUIn N WU AW VYA 224x224 AT

Good In
>
Image o, Encoder
h\~ il Urrtv-m :/,
—| 0% 0 el = s
02k /GMQA o
) e
o\_M‘ %
o

e Effusion

& 00016 L)

= oo0i

(=] “

= ooonz Qutlier

fre}

= 00010

2 oooes

g 00006 Upper

-

£ 00004

e lel IQR =Q3-Q1

8 M Upper = Q3+15 1R

2 oo Lower —  Lower=Q1-15108
Boxplot Good image Outlier image

MNA 3.2 LAAUHUAINTAANTOININ Outlier

Layer (type) Qutput Shape Param #
Layer_0 (InputLayer) [(None, 224, 224,1)] 0 N L [EE
M. S SR
Layer_1 (ConvD) (None, 224, 224, 32) 320 N
Layer_2 (MaxPooling2D)  (None, 112, 112,32) 0 s e an]
Layer_3 (Corw2D) (None, 112, 112, 64) 18496 """""'ﬂ: ::::
Loyer_4 (MaxPooling2D)  (None, 56, 56, 64) O
Layer_5 (Cow2D) {None, 56, 56, 128) 73856 L ewifennnl
- '
Layer_6 (MaxPooling2D)  (None, 26, 25, 128) 0 -
I
Layer_7 (ConwD) (None, 28, 28, 256) 295168 I
Layer_8 (UpSampling2D) (None, 56, 56, 256) 0
—Ta [
Layer_9 (Corw2D) {None, 56, 56, 64) 147520 e rmaam|
I
Layer_10 (UpSampling2D) (None, 112, 112, 64) 0 RN [ CEE
v . | o 35
Layer_11 (Corw2D) (None, 112, 112, 32) 18464
| P | o B
Layer_12 (UpSampling2D)  (None, 224, 224, 32) 0 “_"’.lzﬂ
1T
Layer_13 (Corw2D) (None, 224, 224, 1) 289 et i ::f:

Total params: 554,113
Trainable params: 554,113
Non-trainable params: 0

MNN 3.3 uaaad1m5uluaa 11D Encoder-Decoder
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3.2 Tuneuii 2 aaluaaiiedwun mwihilsa nie Biidhlsa (Step 2 : Classify Finding /
No Finding)

{18 MNdia (good images) ansuaounsn Iimssawnmiidiulse (Finding)

11019 14 T3n 1030 1 Class naz amit il len (No Finding) 80 1 Class i Tuaadi

a31991na0117eN554 CNN-DensNet121 1ag fio 1ag Glgfiu Fully Connection AULAAIHUAI T

1 v Y
NN 3.5 LAZNINT 3.6 LAAIT18AZIDUAVDITY Fully Connection

CNN_DenseNet 121

Input Image

C.
N
“lfjr:

Finding / No Fnding

Image Input size 176x176

I Fully Connection I
|
I Output - 2 Classes

I NoFinding Il| Finding : 14 Disease I

MW 3.5 uaaanuRaluduaoun 2 (Step 2 : Classify Finding / No Finding

input: (None, 176, 176, 3)|
Layer (type) Output Shape Param # input_1: InputLayer i I - - ’_ ]
e e e e ] output: | [(None, 176, 176, 3)]
input_1 (Inputiayer) [{None, 176, 176,3)] 0O
densenet121 (Functonal)  (None, 1024) 7037504 - | (None, 176, 176, 3)

densenet121: Functional -

batch_normalization (BatchNo (Nons, 1024) 4096 (Nune, 1024)
dense (Dense) (None, 256) 262400 l

[ input: [ (None, 1024) |
| output: | (None, 1024) |

(NU“L 2) 514 batch_nor ization: BatchR®

input: | (None, 1024)
dense: Dense Ld L

output: | (None, 256)

input: | (None, 256)
dense_1: Den:
output: | (None, 2)

MNN 3.6 uaasaa1dnenssuluma CNN-DenseNetl21 + Fully Connection
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9 Z‘, A Ay =\ Y A ) a o
TumsasraTuaalusunoun 2 4 azimsas 2 lueameoiwauulsumeunu
{ IS { { o 3 { . ' {
TagTumah 1 WuTwaan lgnniid Tueaszsunmwig (cood images) TuTianiiilu
. o o I
Outlier 1A8¥IN15AAUVUIAVBININIIN MNAURTD 1024x1024 WU IWYUIA 176x176
#1150 1udI4U99 CNN-DenesNet 121 9219 Pretrained 1a&n1519 Image Net ¥381un1sai1e
9 H v
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Y
YU out put ISUTDINADDANULULU 2 classes A9 class 0 : No Finding U@1¢ class 1 : Finding ilag
o a oA [ dy
Mrua N515HNe5oU Al

- Activation = “sigmoid”

- Optimizer = “Adam”

- Loss = “binary crossentropy”

- Batch size = 64

- Trainable parameter = 7,218,818
P A o D) < A o g ~ Yy A A
doyanmmminldeziiuniwimiunisaansesnnvuaoun 1 ual MIunImNa (good

) T~ Aq ¥ . . . 9
image) Taguai)u 1N 1% Train 70% , Validation 10% Qg HagUayanaaoU(Test) 2 YA

9
v

Test-1 = 20% (Good Images), Test-2 = 20% (Good Images) 7 AAVNIN Outlier NUNIHNUAVD
A g AN 1 g o A 1w
amiuTlsa 2055 am wazamd lidu Tsaluswauiminu 2055 am.
1 g { ° ¥ { g
TudruvesTueah 2 fulueanadeonndauglamnmuavesnminiulsa
1 J A 13 . . Aao o o
ualuaruvesn i ludluTsa (No Finding) Nl mrumnazgniimsaadiuiugilnin Tay
o R & { 2 o

7% M3 Random WS 1maugamminuiiuugdnmsmnanuavesnimiilulsn (Finding)

Y 1
Tagyi1ns Random M 3 a54 azlumsadaluealdldaoTasnssu@erny Tueah 1

3.3 Yunouit 3 ahaluaarivesumamiuiiulsa 14 13a nazlifhilsn
(Step 3 : Classify 15 classes for 14 Findings and No Finding)
msﬁ%ﬁﬂmﬂaﬁﬂzﬁmﬁﬁ%’wmﬂ%gan1w<ﬁ?1(good images) 9nmwiiiiuTsa 14
T3n Sl vazn i ldidhiTsa (No Finding) 390311 15 classes TutuneuiiszimsadiaTuna

[

A L) v 7 = 1 o = =) dy
3 gﬂgmu LW’EJH1WZ1E1‘WﬁiJHlGEJ’]JH/]EJ’Uﬂ’JHJLHJuEﬂﬂu I@Elllﬂflﬁm%’]&lﬂ JU
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3.3.1 Tumane31991n CNN-DenseNet 121 + Fully Connection adttaadlunni 3.7 uay

A
NINN 3.8

1 I_ 2 [Ending |
Filter Outier Images Good Finding / No Finding /
Images Classify
Encoder-Decoder INo Finding |
Input Network For each dass CNN-DenseNet121
All Images
0 INo Finding
¥ ] 1 [atelectasis
_ _15classes Encoder Decoder 3.1 DenesNetiZ1 2 JCardiomeqaly
: EN SRR
15 Clases Classify 4 |Edema
5 [Effusion
CNN-DenseNet121 6_[Emphysema
————————— 7 [Fibrosis
8 |Hemia
9 [infiltration
N R ) n e
&) (W OEC), , 0 T
l l/ I 3.3 Mult- e@ 12 [Pleural Thickening]
13 [Pneumonia
| | | Concatenate | | | Concatenate 14 [Pneumoyhorax
[ [ Fully Connection | | [ Fully Cpnnection | |
11213453596 8Qoj1ofi1j12)13|14 ij21314]5]¢6 8 10f11f12)13) 14
= ¢ HRE s = HRE
=| S k=1 5 =| 5 o £ o
212|928 g [3 =] 2|8 ole| o= £ HEE
HEHHEAREPIREHRAEEE HEHHEAREAREHRAEHE
HEIEEEEI EEEENEHEEE HEIEEEEEEE AR EEE
AEHHEEBEERHEHEHEHE AEHEHBEHEEBEHEEHEHE
= = Rl el i i el el o ST B D e PSR S =1 k-3 s 6 I i =1 sl B4 A I A

d' o g‘/ A I A )
MNN 3.7 melmumﬂluﬂlu%uﬂ 3.1 11w IiJmaVlﬁﬁ”Ni]’]ﬂ CNN-DenseNet 121

‘ input: | [(None, 176, 176, 3)] |
‘ output: | [(None, 176, 176, 3)] |

.) -mm Shape

input_1: InputLayer

input_1 IllluutLdeI [{None, 176, 1/‘(:1 3) ] [

ae-nso?ré’?l-l‘f& unct \;é-‘mi‘(fiiog,‘l—o)&l) [ input: | (None, 176, 176, 3) |

] output: l (None, 1024) |

densenet121: Functional

batch m’irnmll’ﬁﬂrnﬂ%qfﬂ\hn (None, 10

dense (Dense) (None, 256) 262400 input: | (None, 1024)

batch_normalization: BatchNormalization
(None, 1024)

}

input: | (None, 1024)
dense: Dense
output: [ (None, 256)

output:

Trainable
hu’-hamauv params. 85,696 l

input: | (None, 256)
dense_1: Dense

output (None, 15)

MNN 3.8 uaasaa1dnenssulauaa CNN-DenseNetl21 + Fully Connection @115 15 classes
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9 2 A U ] A dy 9 A o 9
TumsairaTuwaaluvuaoun 3 luaiuvosTumaadosn 3.1 1 9z lda iy
I . Il { g . o
Tunaaz ) unImAg (good images) 1IN Outlier 1A8¥INITAAVUIAVDIATININ AN
o I o 1] [
Aunlu 1024x1024  Huamuuia 176x176  d@m5uluaIuues CNN-DenesNet 121 9219
. ) 1 Y Yy v ¥ . Pt
Pretrained 198015 1% Image Net B28lunsaseluma 1aInoA28%U Fully Connection 9
Y 9
152nNoUAIFY Batch Normalization, Dense 256 0% ¥U out put ISUFTDINADDNNUIUY 15
[R~1 [
classes Ao class 0 A® T1itTuT5A (No Finding) 11ag class 1-14 fio 14 157 (Finding) Hazniviua
a oA [ dy
WISR0TOU Al
- Activation = “softmax”
- Optimizer = “Adam”
- Loss = “categorical crossentropy”
- Batchsize =128
- Trainable parameter = 7,222,159

3.3.2 Tua i 1935 Ensemble a3191a8n151117 AR (good images) YHIANN 176x176

. v A o Y o oA o Y A A <
pixel 1IN Tmmmmu Encoder LWEJ“I/HﬂTSHJ"ITI’iﬁ‘U‘U@ﬂﬂJ@lJ“ﬁ (WO Latent Feature Naginy

@

J 2 o g . {3 ]
aauanbauzau 13 91011 19 Fully Connection Network fiiluTnssnedszamiion

Mmsaia Binary Classification

o :
1 2 Jfinding |
[ ! ‘r Filter Outlier Images | Good I__,Iﬁndinq/Nn Finding /

Images Jassify
Encoder-Decoder \IND Finding |
Trpit Network For each dass CNN-DenseNet121
0_[No Finding
I 1 T [Atelectass
3.1 DencoNet 2] 2 JCardiomegaly
““““““ | 3 |consolidation
15 Clases Classify 4 JEdema
| 5 [Effusion
CNN-DenseNet121 6 [Emphysema
———————— 7 [Fribrosis
8 [Hemia

Infiltration

I 3.3 Muti—Eeaa
13 [Pneumonia
[ T [ Concatenate | [ | Concatenate 12 [Preumoyhorax
!

|FuIIyCunnaction| | [ | Fully Connection | |
olzfz3])4|s)e|7]8]o]w]it]sz]ez]s AR BEREEEBEEEEEEE
HE 2| |z >s o HAE
| ] S
HHBE HRNEHHIHHEE i £|5|2
2 5|5 51214l =12].121z|2 B HHBHE 2|z 2|8
HEEH R HEAHEHE HHEHHER HEHEHE
B s |2 El
AEREHARREBHEHEE HEREHEE HEHHE

~ o Y
NNN 3.9 metmuNﬂumiﬁﬁﬂmﬂmmu Ensemble
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Layer (type) Output Shape Param #
Input_1 (Inputtayer) [(None, 176,176, 3)] 0

Clas§ 0 Clags 14‘

conv2d (Com2D) {Nonie, 176, 176, 32) 896

max_pooling2d (MaxPooling2D) (None, 88, 88,32) 0

oonv2d_1 (Conv2D) (None, 83, 68, 64) 18496

mex_pooling2d_1 (MaxPooing? (None, 44, 44,64) 0

con2d 2 (CanvaD) (None, 44, 44, 128) 73856

max_pooling2d_2 (MaxPooling2 (None, 22, 22, 128) 0

con2d_3 (ConvaD) (None, 22,22, 128) 147584

max_pooiing2d_3 (MaxPooling2 (None, 11, 11,128) 0

conv2d_4 (Conmv2D) (None, 11, 11, 128) 147584

flatten (Fiatten) (Mone, 15488) 0
D input: | (None, 64) i input: | (None, 63) i
- output: | (None, 2) dense_2: Dense [ aput: | (None, 2) dense (Dense) (Nore, 512) 7930368
dropout (Dropout) {None, 512) 0
Concatenate dense 1 (Dense) (None, 512) 262656
dropout_L (Oropous) ~ (None, 512) 0
[ dense_input: Inputl_ayer I e oo I DiSone, 30X I ] Lo -
- | oupur: | [(None. 3001 | dropaut 2 (Dropot) — (None, 64) [}
e dense_3 (Dense) (None, 2) 130
e input: (None. 30) _—
output: | (None, 64)
Layer (type) Qutput Shape Param #
I e [ inpuc:_| None. 64> | R RS SN NN RSN EESEERERS
- I °I=Pm= | GNoue. 129 | dense (Dense) (None, 64) 1984
Aense 2= Trense |22ut_| ONoos. 326) | dense_1 (Dense) (None, 128) 8320
| output: | (Nome. 256) |
dense_2 (Dense) (None, 256) 33024
a 2 | mpuc | (None. 256)J
| ense_== Den=® cuwut | (Nome. 512) |
dense_3 (Dense) (None, 512) 131584

e dense_4 (Dense) (None, 15) 7695
Total params: 182,607
Trainable params: 182,607
Non-trainable params: 0

I dense_4: Dense

a o D] Y an "y
HNINN 3.10 paaamunalumsasiaTuea uu Ensemble #1875 Encoder LI A19NY

Fully connection

4 H ° I g}z 1] 13 X o !
wenruensdlulsatu dumsludlulsa $3d09vi 15 classes  Taslunaasy
Y v '
class 9 1HHANIIIUNEUUY Yes/No Haa9101 1 111301 M15IWAUAIEAITI Concatenate HAIND
. { g [l L
@29 Fully Connection Network MiiluTassiielszarmiiondnganiia 91nTuaa 9z lawans

MUY 15 classes AaaraIlugnImi 3.9 uaznIwi 3.10
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[

o a sq Y Y =) 2
NIYUA Wﬁ1mﬁ@i‘lﬂﬁl%’ﬁ§1\ﬂm®a 4 AU

- Activation = “softmax”
- Optimizer = “Adam”
- Loss = “categorical crossentropy”
- Trainable parameter = 182,607
3.3.3 Tuna 1953000 Multi-heads #3719 T08n13150 M7 (good images) VUIANTN
176x176 pixel w319 Tumanyy Encoder- Decoder ‘V%I’\‘] 15 classes 1ne1%131aa Ensemblelu

9 ' o v A y 9 v ~ Ay 9 @
U9 3.3.2 Lmuﬂumumﬂu FUFANEY (Last Layer) GllfNIﬂiNﬂJWEJ‘]Jﬁ%ﬁWﬂWIEJiJ'V]ﬁiNﬁ1WﬂJ
. . . £ g = g . ¥ Y o o
Binary Classification mlﬂumsmmaymmu Feature Extraction 1N 15 classes La3UINITINNU

Y o v Y v 9 . v Y o
MY Concatenate HaINDAIY Fully connection WADND 110 luaa fﬂz"l@wamimmﬂ 15

classes AaAAITUFUMNA 3.11 uag 7w 3.12

Ilnput All Imaqea

- 1 2 JFinding |
g Filter Qutlier | Good Finding / No
Images | Images Finding Classify

l Encoder-Decoder No Finding
I j Network For each dass CNN-DenseNet121 I_I
0 [No Finding
- [ JAislctasis
EX) 3 SR
3 [Consclidation
15 Clases Classify 4 |Edema
5 JEffusion
CNN-DenseNet121 6_|Emphysema
Fully Connection | _ 15 classes _ Fully Connection neehe = Fib\posi:
8 [Hernia
9 [infiltration
- 10 JMass
P r. N S
3.2 Ensemble E\Y/“ () W) () ‘ 11 [Nodule
- ~ T - I 3.3 Multi-head 12 [Pleural Thickening
13 [Pneumonia
| I | Concatenate | [ | Concatenate 14 JPneumayhorax
[ | Fully Connection | | [ [ Fully Connection |
ojt)zpzlda)sjel7]8|opiojiiyi1z|iif14 Opifzpajafspef7psfoqiojiijizgisfia
=l c ] -] = = x
= = e 5 8
M ERNEHARERREELH R ERL LB 2ls|2
AEE HEIN 3 Elgle = ] sl 2| 4] .| Els E
A RAEEIEEEE ZlE E £ 3 23 k- -] 2lE
HEIEHHHEEHEHEHEBHHE HHHEHEHEHEHEHEHEBE
slziolclelol ol | 2lel=12]a]ald 21 Z|13lsle[El5]|2]2 - = I NS

d‘ % g A I .
HNINN 3.11 l!ﬁﬂ\‘]l!WHW\?Glu"Uuﬁ@uﬂ 3.3 lﬂuilllﬂﬁll‘ﬂ‘ﬂ Multi-heads
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T - 1 = I T L T
apus | (e, 176, 176,30 [ T
i s [ e ey | P 1, 1, 10

p— s N
- I

g | v, 7%, 178,321 ] - IE
E———— | ] R —— }
e — =t =t [ ==
L Ceey | P (B 1) Eedty | —
[ | o, 6, 58, 51 | D i

o | Tas B BN E0)

E———— LT
E e =3 [=—rre

s
——

e, 45, 45, 11 pa— | ]
[N | | . 130 |

= o | | e 44, 54, 128 | P ———"
e *8 [y [ oo 2z 2. 1m | I -

mced_b Gaseis

sutper; | (eene, 33. 22, 120

il B Paaayy | PP || (RO, E2. 25 10W [ T )
awgrar- | (Koo, 22.22, 120) vutpt. | (Moow, 22 33, 1285

o |t | @asen 37, 23, 120 |
|'“‘““"°"“ PP [ cmmpeas | P, 13, 11, 1285 |

|..... B | T

o, 11, 11 1781 |

mpart | (Mase, LL EL, 0380

ooaidd_d
| e oD g | geoae, L 11, 128

mput: | (Foww, U1, LI, L38)
e (Mo 15488)

T =T
[rmar | rsee o | [ 10 |

[

inp | (Raee, 512)

e TPt | raagas: | (Floam, 533 g | (e, 512)

A L] [ o )
i o MU [ v [ Cloem &5 |

gt | e, 64)
g | (Fane, 64)

|a.,.-...| Dt

g | (Moo, 5131 J

|hml_'..l‘hw-m

™
|‘ P [ IDﬂr.“Jl

oanpar | (Mons, &)

Feature Class 0 Feature Class 14

Layer (type) Qutput Shape Param #
dense (Dense) (None, 512) 492032
dense_1 (Dense) (None, 512) 262656
AL dense_2 (Dense) (None, 256) 131328
T ivoem, =2
x| (v, 230 dense_3 (Dense) (None, 128) 3289
T dense_4 (Dense) (None, 15) 1935
- [ I

Total params: 920,847
Trainable params: 920,847
Non-trainable params: 0

g | pMons, 130
maper | men 10

deare 3 Bame

MNA 3.12 Lmﬂmwuvi"q“lumiﬁ%’wﬂma YUY Multi-Heads.

(2

fnua msiiimesilFatialiaa Multi-heads TIfail
- Activation = “softmax”
- Optimizer = “Adam”
- Loss = “categorical crossentropy”

- Trainable parameter = 920,847
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4.1 MINIBUNMINAADY (Experimental Setup)

Ao A Jq ¥ 9 ' o A AaA
ﬂﬁ’Jﬁ]EJ‘L!llﬂi“lf"]qfﬂﬂl@%ljﬁﬂTWﬂRJNﬁ‘V]i’N’E]ﬂ (Chest X ray) NU¥0I1 “ChestX-ray14”

~

< 9 9 ' [ o

mﬂm;ﬂmmgjamﬁﬁmz 910 www. Kaggle.com ﬂﬁgﬂ'ﬂﬂﬂﬁlﬂﬂ'l‘v\lﬂ'lﬂﬁﬂaﬂi')ﬂ@ﬂ TUIU
o 9 ' = A o w 9
112,120 DN Fl]'lﬂFl]'l‘L!’J‘L!i‘;]‘hlul"ll 30,805 AU Llﬁﬁgﬂ']WiJﬂ'liiglJ“]f@Iﬁﬂﬂ'lﬂUllﬁﬂﬂ@jl"]fﬂ')"]f'liy YN
9 9 1 1 ao dy 9 1 v A

ﬂTWiglqlll'J 1 Tiﬂ '1J'lxiﬂ'lW§$'1ﬁlvl'33J'lﬂﬂ’J'l 2 Iﬁﬂ lmcluxﬂu'mﬂuﬁ]gal‘]ﬂ,ﬂWWgﬂTWﬂ']ﬂﬁQﬁ‘ﬂﬁf]\i@ﬂ
A A A ' v b &2 Al = A '
TliJﬂ'liiglqlab"ﬂjiﬂ 1 Iﬁﬂ@]'ﬁ] I MNNTUU FPIUNINUA 14 Iiﬂ Hagon I YANIMNIL1YI1 “No

Finding” M1519% 4.1 1da3 518%0 130 LagdIUMNA18538N5 900521 1 T30

d' A [ 1 o 1 A Y
M99 4.1 1LAA518%0 150 LLﬁZ’ﬂ"I‘IJ”J‘IJﬂ”IWﬂTEJiQﬁVIﬁ?ﬂﬂﬂﬂlﬂﬁll@mgiiﬂﬂqﬂmﬂijﬂ

g udoya ChestX-ray14

yolsn TIUIUNN
1T5adeaunly (Atelectasis) 215
2. TsaalaTa (Cardiomegaly) 1093
3. Tsaentiiondla (Consolidation) 1310
4. Tsloauauh (Edema) 628
5. Tsmhluseuteruen (Etfusion) 3955
6. TanneauTiawes (Emphysema) 892
7. TlsnWsnaazauluoa (Fibrosis) 727
8. Tsnloaidou (Hernia) 110
9. Tsnsovthinlen (nfiltration) 9547
10. Aowiitoiiloau Mass 2139
1. AouiiioiloauniNodule 2705
12. Tsigerurloavu (Pleural Thickening) 1126
13. TsaUeauIN (Pneumonia) 322
14. Iiﬂﬂ’f)ﬂf:}’) (Pneumothorax) 2194
15. Un@ (No Finding) 60361




4.2 ¥aIM3AANIOIMWIHUTUABUN 1 (Step 1 : Filter Outlier Images- Result)

39

1INMIAANT897 N 1AITAS Encoder-Decoder t1ag 19A1 Upper 1tag Lower 11013

< o R Aa

NUUUNNNINNA

A [ ~ 1 a3 [ o A
mwmmmxmaﬂiﬂuaxﬂmﬂuiiﬂ muﬁmmmumw“lummm 4.2

M9 4.2 LAAITIUIUNINDIETITNIT1eNVBILAAL ISANEIUNTAANT DU

3/ d' 9 d’d 1Y a a .
TuasUN 192 14nnNa (Good Images) N1 EHAR (Outlier Images)

{ g . [ v Ja o
(Good Tmages) a1l Outlier 8NIANY WASNTN Iavz IAs 11U

Encoder-Decoder

No. Diseases Classification Total Image| Good Image |Outlier Image
(Upper-Lower)

1 |Atelectasis (Isniloauvly) 4215 3973 242

2 |Cardiomegaly(lsnwalale) 1093 1032 61

3 |Consolidation (Tiﬂﬂamﬁmﬁa) 1310 1255 55
4 |Edema (salepuanin 628 611 17

5 |Effusion (Tiﬂﬁﬂuﬂ%mz%ﬁ’uﬂaﬂ) 3955 3683 272

6 |Emphysema (TsngeanTilaneq) 892 885 7

7 |Fibrosis (Isaadiaazayluilon) 727 687 40

8 |Hernia (sadeaidon) 110 102 8

9 |Infiltration (1sasesthiien) 9547 8809 738
10 [Mass (ﬁ'@uuﬁaﬁﬂa@ >3 9.) 2139 2004 135
11 [Nodule (ﬁ'@uuﬁaﬁﬂa@ <3 %) 2705 2530 175
12 |Pleural Thickening (Ismdedudeanun | 1126 1033 93
13 |Pneumonia (saileauu) 322 301 21
14 |Pneumothorax (Tsmloa¥a) 2194 2003 191

Total Finding (mwilulsa) = 30963 28908 2055

15 |No Finding (aw'lidulsm = 60361 30068 30293
ok

A7 Good Images a£7uz/2v Q3 - Q1
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4.3 #am3MenWs£an Finding / No Finding Tuduneul 2 (Step 2 : Classify Finding

/

lumsune Taesiisieazoea luuaas Tuea

9
%

VUADUN

No Finding)

3/ d' =1 9 &' o % 4 =3 1 o
Tuvuaoun 2 azlimsadaluema 2 Tuea Wwothwaansulseueunnuuuue

v

9

U

=

N

&
U

v
aA

{ I { o .
Tuwean 1 Wulweatidoyanmig (good images)

NHIUNTAANT09910 11

9
[ Y o [ . . .
1 mnmiu naaluea T%mmmwﬂu%gawﬁau (Train) 70% , Validation 10

% uax%’ay’amaau(Test) 2 ¥A Test-1 = 20% (Good Images), Test-2 = 20% (Good Images)

FWAUNN Outlier NI

9
%

nuavosnmidlulsn 2055 aw waznwd ludlulsaluswaui

mnu 2055 a i ldadelueauaziana Taslda1l AUROC (Area Under Receiver

Operating Characteristic) TAM17 0.82 1Az 0.80 AMuaAY Adataaaly A Wi 4.1

Receiver Operating Characteristic (ROC)

1.0 1

o
o
s

0.6 1

True Positive Rate
o
B

0.2 1

0.0

' = ROC curve of class 0 (area = 0.820)

T d
-7 Test-1

—— ROC curve of class 1 (area = 0.820)

0.2 0.4 0.6 0.8 1.0
False Positive Rate

True Positive Rate

Receiver Operating Characteristic (ROC)

1.0

0.8

0.6

0.2 4

0.0

- = ROC curve of class 0 (area = 0.80)

-7 Test-2

= ROC curve of class 1 (area = 0.80)

0.0

0.2 0.4 0.6 0.8 1.0
False Positive Rate

MW 4.1 uaaIwanmsian1 AUROC 910 Tumana31991ndoyayan1mia (Good Images)

Tuaah 2 Sluluaani

£

D) g ) Y g 1
WaYaNMNNIMUA Va1 luaa laeasruilulueagos 3

4 H [~ o a 1 a 4 [
Iﬂlﬂﬁ Lﬁ’t)\‘]%'lﬂ mwﬁ”lmﬂuiiﬂﬁmuau UIN IDUNITE ANUTINITDUDIADUNIUADIISTY

L

9
[

o iy 1 < Y o {
Tuasuden 3a8m 319350135 Random mwin'lidlulsa 3 a5a uazsamnumwindlulsa

o g 1 < . . .
nanua yihmsadialuea Tmmmumﬂ’f@y‘mﬂu Train 70% , Validation 10% 182 Test



41

20% Wan'lday

v
=

9
ﬁlﬂ%ﬂaﬂ AUROC M4 3 Tunados ﬁﬂ 0.683 0.68 LAY 0.69 MUAIAU AILAA

Tuan 9 4.2

Receiver Operating Characteristic (ROC)

Receiver Operating Characteristic [ROC)

1.0
1.0
-"f
-
0.8 L
g 0.8 ’.-"
Z g -
% 0.6 % -~
= 5 e -~
§ F ‘,.-"
a -
o4 Y04 -7
S = #"’
0.2 . 0z ‘_a""
- — - I :
- :% curve ui t:ass llilalea gg: e = ROC curve of class 0 larea = 0.68)
o & — curve of class 1 jarea = 0.68) == RO curee of class 1 {area = 0.68)
0.0 T T
0.0 02 0.4 0.6 0.8 10 a0 02 0.4 0.6 0.8 10

False Positive Rate

Random-1: AUROC = 0.68

False Positiva Rate

Random-2 : AURQC = 0,68

Receiver Operating Characteristic (ROC)

1.0
-
-
f”
0.8 7
o -
2 -~
-
205 -
= r
£ -
L 04 -
= -
[= -
#J’
0.2 -
- = ROC curve of class 0 (area = 0.69)
d_:’ = ROC curve of class 1 (area = 0.69)
0.0 T T - .
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Random-1: AUROC = 0.69

]
=

3 o 1 . g 3
flﬁ/‘lﬁ 4.2 LadNanN131an1 AUROC ﬂ?ﬂiﬂlﬂaﬁﬁ%}ﬁ‘t]”Iﬂaﬁji’)iqllﬁﬁgﬂﬂTWﬂﬂﬂMﬂﬂlﬂUIiﬂllag

Tidlulsa
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4.4 waomsdmunlsnilea 15 Jsa luduneun 3
3’.: ~ =1 9 1 A o 1Y 4 =
Tuvuasui 3 azlinsadelumadges 3 Tuaa tistwaansuulseuneuaiy
' o o < Ao 9 A . A 1%
prud lumsmueg o lweanivoyan1nig (good images) NHIUNIAANTDIDIN U
2 { v 2 o [ . . .
duapui 1miu madiluea Tagnmsuuauiludoyayaaou (Train) 70% , Validation 10
% uaxﬁﬁ’agamﬁ ?U(Test) 2 YA Test-1 = 20% (Good Images), Test-2 = 20% (Good Images)
[ . A ?x’/ A ~ [ o ~
FAAUAN Outlier NRNIMVAVRIMNNIUTIA 2055 Mw wazmwin ludluTsalusiuiun
W ° § o i SRR
Mo 2055 M v lFade Tueamorinnennndulsa 14 T5a vazawin lidlulsa 5o
15 Classes
] a3 [
TuTaaauuy Ensemble luaausnazitlumsadialumaaisds Encoder 1azao
Y . = = o < o ' g o
@28 Fully connection 8n A1uAINH 3.10 azi1emsidlulsa nu luflulsn 2 classes 3@

Usz@nBnw A2eA1 AUROC uaaslunini 4.3 uazagia AUROC Tuaninedl 4.3

Recaiver Oparating Characteristic [ROC)-NoFinding Receiver Operating Characteristic (ROCI-Alelectasis

True Positive Rate
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M15199 4.3 UAAIAT AUROC 910 131@ati11 Ensemble 119529450

Class No. Diseases Classification Good Image A
AUROC
0 [No Finding (nmlaidluTsn) 30068 0.74
1 Atelectasis (Tsalomuriu) 3973 0.78
2 Cardiomegaly{TsaialaTm 1032 0.78
3 Consolidation ["lmﬂamd.ml%d} 1255 0.83
4 Edema (Tsavanuminin 611 0.92
3 Effusion ["Lmtfﬂu%aqfa"nmfudam 3683 0.81
6 Emphysema (Tsagaauitanay) 885 0.71
7 Fibrosis (Tsmiafnazadululon) 687 0.61
8 Hermia (Tradoaifan) 102 0.53
9 Infiltration (Tsaseediilen) 8809 0.61
10 Mass (fauifiaflon - 3 7u1) 2004 0.67
11 Nodule (Fauilailon <3 =) 2530 0.52
12 Pleural Thickening (Tiﬂlﬂaﬁijﬂaﬂﬂu 1) 1033 0.65
13 Pneumonia (Tsadaau) 301 0.69
14 Pneumothorax (Tsadaaia) 2003 0.76

9 H
Tuduaougahevewaaz Tuma Jallsz@nsnmaioanasves AUROC (Area

44

Under Receiver Operating Characteristic) Tagluunaz Tuaaliamas AUROC d15Y Test-1

Y
1A Test-2 A4t

1. Tueanadalagdd CNN-DenesNet 121 laaunds AUROC = 0.75 1ag 0.73
AULAAINUNIND 4.4

2. Tueanad191aeds Ensemble 14A1RA8 AUROC = 0.54 1A% 0.53 AR

AUNINDN 4.5

3. Tueanad1a1aeds Multi-heads 1aanas AUROC = 0.69 1A 0.66 AdULaAA

AUNINN 4.6

9 '
4. ’(,’f';:ﬂ i1 AUROC W04 Test-1 11ag Test-2 910919 3 laaa uaaaly a15199 4.4
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v Y 1
M131397 4.4 UAAIAT AUROC V09ANAADY Test-1110¢ Test-2 910 3 Tuaa Tudunoui 3

MUY 15 classes

Class [Diseases Classification |Good Image AUROC AUROC
no. Test 1 =20% Good Images Test 2 = 20% Good Images + Outlier
DenseNet121| Ensemble Multi head |DenseNet121|Ensemble| Multi head
0 No Finding ('l Tse) 30068 0.79 0.70 0.73 0.78 0.67 0.71
1 Atelectasis (Tsmloauvy ) 3973 0.80 0.62 0.71 0.77 0.51 0.67
2 Cardiomegaly(lsatialaTa) 1032 0.93 0.47 0.72 0.90 0.57 0.70
3 Consolidation (Tsmlenrifuils) 1255 0.81 0.68 0.78 0.75 0.63 0.74
4 Edema (Ismloauauh) 611 0.89 0.59 0.87 0.84 0.51 0.84
5 Effusion (smhluseadorulen) 3683 0.89 0.41 0.79 0.88 0.53 0.76
6 Emphysema (T3ngeanTtlmes) 885 0.81 0.48 0.71 0.73 0.46 0.67
7 Fibrosis (Tsarisiadzanlulon) 687 0.62 0.57 0.63 0.62 0.42 0.61
8 Hernia (1smlonidon) 102 0.59 0.50 0.65 0.60 0.52 0.64
9 Infiltration (1snsovthiidon) 8809 0.67 0.53 0.57 0.69 0.48 0.59
10 [Mass @oudfofon > 3 am) 2004 0.73 0.54 0.58 071 0.51 0.58
11 [Nodule @ouffofilon <3 au) 2530 0.66 0.50 0.60 0.65 0.50 0.58
12 Pleural Thickening (Tsaideifuloanun) 1033 0.64 0.53 0.62 0.62 0.53 0.55
13 Pneumonia (Tsaeaua) 301 0.63 0.49 0.61 0.60 0.48 0.62
14 Pneumothorax (Ismleai) 2003 0.82 0.55 0.61 0.82 0.59 0.69
finds AUROC - 0.75 0.54 0.69 0.73 0.53 0.66

N30 4.4 Wefinsanlunadwsnnga Test-1 (20% Good Images) WU
7 Tuina DenseNet121 921#fA1 AUROC  figand18n 2 Tanaa 13 Classes 7o AUROC vo4
Class 0 (No Finding) , Class 1 (Atelectasis), Class 2 (Cardiomegaly), Class 3 (Consolidation),
Class 4 (Edema), Class 5 (Effusion), Class 6 (Emphysema), Class 9 (Infiltration), Class 10
(Mass), Class 11 (Nodule), Class 12 (Pleural Thickening), Class 13 (Pneumonia) and Class 14 (
Pneumothorax) 1a¢d 1151 TuiAa Multi heads 921%A1 AUROC §9n71 2 Classes 710 Class 7
(Fibrosis), Class 8 (Hernia).

1Y J 4 [ ' H
NHATNTN 14 uaA921 TuiAa Ensemble  t1ag 14iAa Multi-heads  1¥ia1nae

9
v A

Y v
AUROC 91094 15 Classes #1171 Tutaa CNN-DenseNet121 AR
o 9 a A g Y A
) M3 M@ (Good Tmages) NHIUNITAANTDINED IMTaAULIANIN
9 ]
1489 176x176 pixel 91NUA1 Tuiaa Encoder $imsidnswaiiuaadolya 1ien Latent Feature
= < @ ' v o ' <3| d' a 2 1 9
nzinugaanvazen 13y msasvinanmainaneadlumsaaiuniulyl Jedawald

9 1
msTudadeyannlusy Latent naguanvazndnylunaazlsn,
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v v
2) 910 Latent Feature 718 Taaa Ensemble 1a3in 1) Fu Fully Connection
2 g ] o . . . 4 o <
network #9111 Tnsevrelseaniien ¥msa$1e Binary Classification tie y11u1e mailulsa
y o " 3 & A ~ o Ay o Y =X
uu nu M3 ludluTsa Failo Latent Feature Inaianbazianeasninmsaavuian 1w 39
o Y v ¢ 9 . . . P = [ A o ' o
M1 waawsn15a319 Binary Classification 141A1 AUROC #1'lifee@d1nai 0.70lus iy 7
157 919915199 4.3 A 157 Fibrosis , Hernia, Infiltration, Mass, Nodule, Pleural Thickening 491
. = 1 o Y o o 1 g’.l Y Y g’/
Pneumonia  #aaanan11¥n13v 11vine Taen1s Concatenate 14 15 Tuiaa udlIneaie 4
4 o I 1 a3 1 y
Fully Connection network tfeviiuiemsiilulsa 14 Isa uaz mslululsa 3eliaunde
AUROC #1071 Tuiaa CNN-DenseNet 121.
9 1
3) UONINI Gl,ummumifiauﬁf (Training) STRNR Binary Classification ¥DIL§QE
v o A 122 A Y o A 9 3).; 1 = ~
T5n 019vzdsdutums e ldwadnsanga msizmsainguInsiedseamiiond
: To & A o v P} £ A
ADNI9IN Latent Feature s uiludeuniounu szdosadngiuuummizaos Tsniugion
S [
HaansNANgaveuaaz 15a.

4)  Tudrmvealuea Multi-heads 18 19 Tuamusnves Tuiaa Ensemble Ni3onn
. . . o =X 9 ¥ 9 1 = 1 A 9 g
Binary Classification 1Agv1n13A3v0ya ¥uganeved Inssvielszammneunaunoziis
A o & o v g 2 g o .
output 2 classes 19311118 M3DuTsanu nuns lidulsa $uilun1591 Feature extraction
1 g’; 9 1 9 1 =} d'
1179 1A8N15594 11U Concatenate VYBINI 15 1A AIAOAY 1ATIU0dsea ey Lo
o =2 g 9 =2 v Y a 3‘.:
M3 15 Classes, FIAWIUANAMIUTO 2) LAz 3) WAIWATH ARG AUROC 44 15
Classes ¥04Tu1Aa Multi-heads ia1iosaslidre daiinee 1dangandn Tuna Ensemble ta
30 1 4 o 1 Z’,
AA1n31 TuAa CNN-DenseNet121. 11az1ii91i1A1 AUROC Y0414 3 1A A DenseNet 121 ,
. = [ awv 1 9 dy A
Ensemble 118 Multi heads (1/381Mounu1uITenouUnIIN Ao Tuaa CheXNet (2017) uag

v ] Y v
ChestNet (2018) A9uaA41UA1T197 4.5 9NV AURAY AUROC 49414 150 910949 3 layaah

'
v ! o

Y 1
dnaueluaulIved IA191N971 CheXNet(2017) 1182 ChestNet(2018) UALLNITUN AN

v 1 [

H Y H
AUROC wouaaz 15n sznuniivaies Tsa f Twwaninaudselldmngani g
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M13191 4.5 UAAIA1 AUROC v09gaNaa@uf 1 (Test-1: 20% Good Images) /ot nn

Tataa CheXNet (2017) @z ChestNet (2018)

NO. Pathalogy CheXNet | ChestNet |Our-DenseNet121*Our Multi heads*|Our-Binary Classifier*
(2017) (2018)

1 [Atelectasis 0.81 0.74 0.80 0.71 0.78
2 [Cardiomegaly 0.92 0.87 0.93 0.72 0.78
3 |Effusion 0.86 0.81 0.89 0.79 0.81
4 |Infiltration 0.73 0.68 0.67 0.57 0.61
5 |[Mass 0.57 0.78 0.73 0.58 0.67
6 |Nodule 0.78 0.70 0.66 0.60 0.53
7 |Pneumonia 0.77 0.70 0.63 0.61 0.69
8 |Pneumothorax 0.89 0.81 0.82 0.71 0.76
9 |Consolidation 0.79 0.73 0.81 0.78 0.83
10 |Edema 0.89 0.83 0.89 0.87 0.92
11 |Emphysema 0.94 0.82 0.81 0.71 0.71
12 |Fibrosis 0.80 0.80 0.62 0.63 0.61
13 |Pleural Thickening 0.81 0.75 0.64 0.62 0.65
14 |Hernia 0.92 0.90 0.59 0.65 0.53
AUROC.average = 0.82 0.78 0.75 0.68 0.71
15 [No Finding - - 0.79 0.73 0.74

YNTLILNG)
CheXNet uaz ChestNet 72/ arwinuzuyy Multi Labels.
CheXNet #az ChestNet x/1a51£97u A7 AUROC 2zay No Finding

1
2)

(* 371 Test-1 =

20% Good Images)

1) luiaa DenseNetl21 1¥iA1 AUROC  vo4l5n Cardiomegaly , Effusion,

Y
Consolidation L8 Edema 411N731 A1 AUROC U93INN CheXNet 17y ChestNet

2) TuiAa DenseNet121 197 AUROC v04150 Atelectasis , Mass, Pneumothorax,

11ANIIAT AUROC U949 CheXNet 1130 ChestNet ou 1ad Uil

3)  Tua Multi-heads 191 AUROC 194157 Consolidation #1ag Edema M1ANI

A1 AUROC 199 CheXNet #1390 ChestNet U ladunila

MI52YT013A WINNI 1 150 FIWANAIIDINIUI

9

[ o I .
1@ T31Aa CheXNet 1182 ChestNet 1 wiiud 13 vy Multi-Label A9 1 919 3

Y
Tsq My,

@

F2
sl 1FUUD Single Label A 1 NIWTZY 1
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5.1 a;ﬂwamsmam

o Ja § o { g . .
waansh laanTuwaa iedwunan 2 Uszan Ae mniidlulse (Finding) taz
{ 1 a3 { 1 { 1 {
A luidlulsn (No Finding) Tae Tuaaia3 199 1ngadoyanIniia (Good Images) lanunde
AUROC = 0.82 11az 0.80 MINYANAAOUTN 1 (Test-1 = 20% Good Images) HazgFANATOUN 2
(Test-2 = 20% Good Images + Outlier) gIn1AURGS AUROC 10 Tmaanad1eninga
9 g’; A g [N~ A Y = 1 %’, %’, @
doyanmnanuaiiuTsanaz bidlulsa fldnunds AUROC 910015 guNna 3 A9 = 0.68 A9
A Aiy [~ J [ A o A g . Y o
uaadlumsn 951 ¥lddu msaanseamwienauen 1w My Outlier 990 1d210
{ < 4 o < ' g <
MNNA (Good Images) a3 1adlu TumaritesinenmmsduTsauaz lidluTsa Wunuimae
é A a a Yy "o A 4%’ = 1 (= [
wilalumswivdszanimmves lumaliianuuldunngsu anams lilinsAansesnin

A o [

08190 s

S°

M99 5.1 uaenialszansnim AUROC vodluaasuunmudulsavas luidlulsa

Tuaa NFRMLMNUDY Good Images TuaaEmnnariaua

AUROC AUROC

Test-1 =20% Good Images | Test-2 =20% Good Images+Outlier ?jllﬂ%li‘ﬁ ¥ fj‘uﬂ%ﬂﬁ 2% tjuﬂ%ﬂ‘ﬁ 3k

0.82 0.80 0.68 0.68 0.69

wagnin lanin Tuaamoswunnmidlulsa 14 1sa uag awn'lidlulse sou
3 15 Uszan Taen luaand39a1n do11laenssu CNN-DenesNet 121 1daianuiug 7

Ja'ldnunas AUROC = 0.75 gan119n 2 Tuaa Mindue awaaslumsan 5.2
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M5199 5.2 1AAIANIAUTLANTN N AUROC vod Tuaasuunlsailoa

ARG AUROC
¥ANAAOL (Test) Tutaa CNN-DenseNet121 | Tuiaa Ensemble | Tuiaa Multi-heads
Test-1=20% Good Images 0.75 0.54 0.69
Test-2 =20% Good Images + Outlier 0.73 0.53 0.66
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Abstract

Preumonia  clazsificarien wsing chest X Ray

images iz one of the most crucial problems in computer
vision Because chest was filmed more freguently than
that af the other organs. By applying deep learming
techmigues to construct classificarion models, higher
accuracy can be obtained Obviously, the quality af
input images was kmown as am importamt factor
affected the ability io learn patiems of desp-learning
based models. Thiz work presemnis the methedology io
select enly goed. guality images ie. filter owilier
images; by consruction Encedsv.Decoder models for
sach tnpe of pneumonia 14 npes) and no.finding
images. The outlier images are comsidersd from
significantly high or low RE (Reconsoruction Error
resulted from each Encoder.Decodsr modsl Fimally,
all good.quality images are used as input o construct
the DenseNet. 121 model to classify two clazses af
images ie. (findings and mo-findings;. Experimental
results show that eur modsl produces 0.80 AUROC
which higher than the bazed. line model without

Sfiltering outlier images .68 AUROC,
Kevword: ppeumomia classification, chest Xoray

images, computer vision, deep learmmg,
outher image filtening.
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