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Abstract

A Study on Pneumoconiosis Detection Using Machine

Learning from Chest X-ray Images

Hijiri AZUMA

In this study, we aim to improve the detection accuracy of Pneumoconiosis detec-
tion from chest X-ray images by CNN. The proposed model utilize Haar wavelet as
image feature. The U-Net of the FCN model for extracting lung fields in chest X-ray
images was trained. Three datasets were used in this study: the NIOSH chest X-ray
image dataset, the chest X-ray image dataset collected at Kochi Medical school (KM),
and the NIHCC chest X-ray image dataset. Using these datasets, we extracted the lung
area regions with a trained U-Net model. The extracted images and chest X-ray im-
ages were decomposed into high-frequency components (diagonal, horizontal, vertical)
and low-frequency components by Haar wavelet transform, respectively. These data for
prediction by VGG16 and ResNet50, which are convolutional neural network models.
Model validation using test data shows that the VGG16 model with the high frequency
component (diagonal) of the extracted image as input has an accuracy of 100.00% for
both the average accuracy and the average F-score, which is higher than the existing
accuracy (97.3%). When the low-frequency component is used as an input, the ac-
curacy of the average accuracy and the average F-score of the VGG16 and ResNet50
models decreases, indicating that the low-frequency component is not a useful feature in
Pneumoconiosis detection. Grad-CAM study is also performed to visualize the region

of interest of the estimated model. As a result, the validity of the training results was
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confirmed for the VGG16 model using the high-frequency components (diagonal) of the
extracted images as input. This validation demonstrates the usefulness of the Haar

wavelet transform for pneumoconiosis detection.

key words Chest X-ray image, Convolutional Neural Network, Pneumoconiosis,

wavelet transform, Grad-CAM
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DEZ-TRREING. ZTDI®D, G#ElTIEMCAENDD, FHEITIEMCL ST
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BEHNRTHRIRDOF 7FF L LS BAVRRENR SIS, Bl CAD I2BW\WT, Z0ORMH
FRET e CHREOR EPHIRFTE 2 e EX 5. EEFHEOMEICIIMN % R FIEDFE
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U-Net Z W7 i adisdti i 217> T D, BIFO MR FIE L i LT U-Net 3N
T TFIATH . U-Net & FCN(Fully Comvolution Network) ®—2>T® b, [
DY TRy TF—ay () OHEEZITS [9]. FCN & CNN O2Hi&E 2 B A HE
CEZMZZHDOTHS. UKD, WEoBEZH 52D TR, MEDE %
NT2E51k2%. 207D, K21 DX ICHEBY 7 LA BIZOEEIT e B TE 3.
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PREL, ETALOANETEZTED ROVEN CAD OBRENSTE2E 2 5. K%k
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YWHFIELH B, EiD XS REGFEEPREL TWE DI LT, EEED &5
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3.1: EEfifil{% ¥ No Finding {4
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%% T1x NIOSH(National Institute of Occupational Safety and Health) ®HB X
MERT — XLy b, BHKRFEZER (KM) CTIE XA X MEGRT— &2ty b,
NIHCC(National Institutes of Health Clinical Center) Ol X #RE{§R T — X+ v + [13]
DIOEMHLE. Zhon7T—%ty M DE{%IZ NF(No Finding) Eifg & BEMfiEGD W
TP T NUMFEHRTWS. NIOSH 7—&+t v ME NF B 25 #, ERfiE G 28 4
DFF 53 . NIHCC 7— &+t v M& NF HEf§ 90 ¢, EMfE&G 0. KM 7 =&ty M

Hif 4 B, ERTEGR 01 KTHB. £ LT, NIHCC F—&X+t v Mid NF H{ED A TH
MENTW5E., MO 7T — &ty M TREMBERO 7 —203% L, 82175 L CEM
Hi{f Y NF BHEOHEGE2EDE 220 TH 5. %7z, U-Net THiFFREEHMH %17 - 72 BeFE
T, NIOSH — &+t v DN 2 K3~ 27 DVERICKRI L 72720 D BRaT W5, £ 4.1
KT =&ty NERT. TNHDTF—Xty MT5-RERGEEERIT S 720 @ LHIE % H

WTHEE T — & (train), MEET— & (validation), 7 & b7 — & (test) W27 EIT 5.

4.1.1 BEfROEIWIE

KT =2ty POEHBRE LA R T =L THAAL., TR, R41ITRLE KD ITHEG
YA ZXRTF =Rty MECER 2728, 512x512 12V ¥4 X%{T5.

HEE BN, ERO T IEEHEL E 7S ER LR T S BB D 5. EfO XS
120205 255 L RAMER/IMEDIRE > TV A HETRIERLEES 22 TES. LaL,



4.2 U-Net % F\ 7 BliEp A s

£4.1: 7—&tv b

NF Effi ¥4 X

NIOSH(CKEZY; @22 2 ENT5ert) 23 28 299x299

NIHCC (K EAZ AT 90 0 1024x1024
KM (@ RIRZEEAEET) 4 91 299x299

IERMLEHIEDFES 2 7 — XT3 EEERIT 5720, ZOHEIMEELEZR V5.
BELIX T — X DB IER ISV ERINTH 228, ZHSNDEGETHIFEELLE
AW ZenTE%. 207D, BHAECBOTIEELLEZMHEHT 2 2 e —KRINTH
5. KRWFED T —&TiE, JoHE, HHEGE HI20 256 255 DIEIZE > TW5 %, Haar

wavelet Z1% 1T o727 — X TIX, UEDTFET 5720, 2 TOT— X2 fEHET 5,

4.2 U-Net Z AU I-hEFrEIE T

I E COMEFFEEMEICEWT, HGRO R Z Mt 3 2 FiE [16] 8% — 386
SO SRR 2 W2 FIE 8] R DA R T Ta—F BT TED, T ORRFEE
DA EPREZINTWS. ZO7DBETIEMBEBOMEIIERRFELSbATED,
% DI CAD iICBWTHWVWOLNTWS [21]. BE T U-net 22 dD CNN % {# - 7= fifi
TS EICBWT, SWEBHEREERE ST\ [6]9][14][4]. & 2 TAMFE T
U-Net % fifi o 7 fliEF sl 217 5

4.2.1 T—Ztv bk (U-Net)

U-Net O%# 1213 Montgomery County X-ray Set[7][2] ZH W/, 27—ty +D
HEfZ, 7AVADRXY =5 FHEY TR —HOREEALE S SHG S h, 800 KO
X MREBR e 704 RO A7 EBIC L > TSN TWS. 207Xty MTiE, T

DIFER X AREERICH LTI~ R 7 HEBEFE L TWiewd, FENX 704 R OMHE X ##



4.2 U-Net % FHu 7z i e s

£ 4.2: U-Net OFHIEHT27—&ty b

Train 7—4& Test 7 —4&  Validation 7 — & &t P+ A4 X

569 64 71 704 2919x3000

(a) Al (b) = 22 % (c) &R

X 4.1: U-Net NOASHH

Ry 704 KO~ 7 EGBEFEHLZ. 2L T, 2055 569 K% Train 7— &, 64 K%
Test 7 —&,71 K% validation 77— X 7#E|T 5. K427 —&Xty F2/RS. ZLT,
7T—Xty FOEBRE LA RS — N THiAASE, BHEY A X% 512x512 12V %A X LF

BHelr>.

4.2.2 #5R (U-Net)

B 4.112, U-net ICAS UTtlEifg, ER L7z~ R 7EG, ARLz~ 7 E§RZFHWT
TER L 7B R O fl % 7R3, Z DR NIHCC 7— Xt v b O 2 BAT~ R 7 DRI KK
LTWa. ZORBLALTHEBGIE S S SEGROBEMIE <, ZAuc X b iFHEme 2h
DA DEEEH BRI D, ARICKRBLeEZ 5. K42 IERICKRL ZEGE 2D~
AP ERT.
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4.3 Haar wavelet Z#2

(a) KL -TTE(E (b) KL 7e~R”

4.2: U-Net 12 X 2HiH

4.3 Haar wavelet

AWIFETIX, wavelet ZH21TS. Hf% 512x512 12V H A4 XL, &SRR DERT +
L EARSER R %l U 7.
4.3.1 #3E (Haar wavelet Zk)

7T —2EBIZ 02006 2 0HPNCHHLTED, IZLALDENO0 EHRo>TWVWS. il
LT =22 ZD0FFTRERRTERVDT, AfHELT2FKT 02026 255 TR =) V7
LTW3. ZEDET VAN T 2583 ELEZToTwa. AL DEK 4.3
N

e, LT -2 22T VAN TR, T—XDORTeEPRITHRELD 5. Bl

TEDF —&XTlE 512x512 D = RKITICHE 5> TWB 72 512x512x1 D=RITICER T 3.

4.4 EERERT
4.4.1 BRECEEE

ARWFFE T epoch 43 100epoch, * 77 4 A4 ¥ —I12id Adam ZFH L. FEEICEB

WTIE, 220 BOEMAEIZ, 107255 1070 0 5 X =Y OEFRTER TV, B5&MF
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4.4 SEBEE

(a) Approximation

(¢) Horizontal (d) Vertical

4.3: Haar wavelet Za]fR1{k

Wi ® validation accuracy DED 272 b D% ZDHRMICBIF 2FHHRE L. &5ME
DFEERLR 4.3, K 4417
T/, FERIEEERBELITY. FERERIEEHOREIEILOTIETH L. ¥

A2 % N9, 100epoch D tepoch RiD2EE R N\, 2R 4.1 1TRT.

At = X0(0.95)" (4.1)

4.4.2 Global Average Pooling(GAP) £ Grad-CAM

X 4.4 12 GAP OME %2 RS, GAP TR, REOBAALEOHIORME~y T2 F %
¥ AV R LS. Grad-CAM[10] Tl, GAP TR -&FE~ v TOFYHE L
THEROMOBEACEH T2 2 TETADEHBOY Z2FHRL TV 200 HET 2
MTEZ., 2O, AKiFFETIE Grad-CAM 2 WTHE L2 T EsICIER L
TWA0HERT 5. 2 LT, FEMERICEYEDL D 2 »HERT 5.
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4.4 SEERERE

& 4.3: FEBEM (VGG16) 0¥EHE

~ A7 R  BoEFE® Validation accuracy

VGG16 1073 89.0645.37
VGG16 A 104 89.60+4.92
VGG16 D 1074 91.0746.37
VGG16 H 107° 88.1046.67
VGG16 \Y% 1073 91.0944.75
VGG16 v 1073 88.5946.36
VGG16 v A 10=° 87.59+5.63
VGG16 v D 107° 87.57+4.14
VGG16 v H 1072 88.1046.67
VGG16 v \Y 1073 91.0445.40

4.4.3 VGG16 & ResNet50

¥EE 7L VGG16 121F Batch Normalization 238 X -1 CTW/2W. Batch Normaliza-
tion 1X, LA Y#IZ input 7— X ZERLT 2FETH 5. Batch Normalization ZE A
THIETHEEPLETS. £, BOWFEREHRET AN TEDLLSIIRD, FHX
V— KPR RE. 20729, IREFHIN 2 ET/1LD% L T Batch Normalization 23
AXINTWS., £IZ T, AFFITBWTSH Batch Normalization DEA %17 5.

F7z, AARTIEIRHEE %, Global Average Pooling(GAP), 2#4i&/E, SoftMax 12

BEfZTWS. VGG16 DEEEE TIdR%ZD Max Pooling & H 16x16x512 25H 1 X A,
Zhe IxIx2 KBMET 570, WRRBOEA T X —RITRD, ETLDOH A IHK
XL DI ETLES. Gloval Average Pooling TlX, mEDEAIAALEDHIOFRHE~ v
ThRF v VANVBI GRS T2, 512 % IxIx2 IZEMET 5. ZRUTEIDEANT X —
AEROTENTES.
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4.5 EFILOFHM

& 4.4: EBSEM (ResNetbh0) D EEHR

~ A7 RN BaEYE® Validation accuracy

ResNet50 1073 90.07£5.18
ResNet50 A 10~ 89.59+5.69
ResNet50 D 10~4 90.60+7.17
ResNet50 H 107° 88.1247.77
ResNet50 \% 1073 89.5945.69
ResNet50 v 1073 83.60+£2.89
ResNet50 v A 1075 82.61+6.04
ResNet50 v D 107° 87.0744.82
ResNet50 v H 102 85.6246.40
ResNet50 v \% 1073 88.07+£4.80

23 £ 51 ResNet50 1213 Batch Normalization 23BEICHEEH X TWS. L L, KB
Tl Grad-CAM % W2 728, Gloval Average Pooling Z{# 5 2 XEhH 2. ZD7=9,
AREFINTIE, ResNetb0 DefESE%, Global Average Pooling, &4 8, SoftMax IZ

BEZTWS.

4.5 FTTILOFFE

ARFFRTIEETVOFMIG & LT, FEIERR, FEREE, FEEEE, FIF Ez2HV
5. ZLTC, FHRLELEROZLN 2T 2729012, Grad-CAM Z HWTHIEMRIL D AT
HLz175.
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4.4: GAP O3
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fARCEE

KRETIE, K TITo7 20 HOERICOVWTORBEL EE 2B Z. VGG16 % H
WHEERR TR 5.1, MR ZOEEREZE DT 7 72K 5.12, X 5.13 IZR7F.
ResNet50 % H\W=HEERE R % ResNetb0 Z HWHEER R 2R 5.2 1ITRF. KR 20
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