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Abstract: Chest PA is the basic examination of radiographic imaging. Moreover, Chest PA's demands are constantly
increasing because of the Increase in respiratory diseases. However, it is not meeting the demand due to problems
such as a shortage of radiological technologist, sexual shame caused by patient contact, and the spread of infectious
diseases. There have been many cases of using artificial intelligence to solve this problem. Therefore, the purpose
of this research is to build an artificial intelligence dataset of Chest PA and to find a posture evaluation method. To
construct the posture dataset, the posture image is acquired during actual and simulated examination and classified
correct and incorrect posture of the patient. And to evaluate the artificial intelligence posture method, a posture esti-
mation algorithm is used to preprocess the dataset and an artificial intelligence classification algorithm is applied. As
a result, Chest PA posture dataset is validated with in over 95% accuracy in all artificial intelligence classification
and the accuracy is improved through the Top-Down posture estimation algorithm AlphaPose and the classification
InceptionV3 algorithm. Based on this, it will be possible to build a non-face-to-face automatic Chest PA examination
system using artificial intelligence.

Key words: Chest PA, Dataset, Artificial intelligence, Pose estimation, Classification

LM 2 4l ©.oJ.0 AFle] ARE A3 (Cardiovascular Disease)S
Aksh=d] ARgsh= HARRIEH1]. 25 Aol S&olA
& WA HAHChest Radiography)st 5 9ol o §5 G0 2 Fiste HAE F5 AU HAHChest

A8l (Tuberculosis), #H 4% (Pulmonary edema), #H¥  Posteroanterior Projection, Chest PA)2t1l 3} Q1A A
(Pneumonia), 7}(Pneumothorax)& ASeliL 4] Fe) T 4] A3t Aok A4 9 Fa B A8 B 4= )
*Corresponding Author : Ho Chul Kim 2o YAFH oz wol| ALgHEH2]. E3] HHE 5 A7t

553, Sanseong-daero, Sujeong-gu, Seongnam-si, Gyeonggi-do,  AJAFZSLE. BEA X o)A HA|TH 2021j U} AFGEeIEA
Republic of Korea

Tel, +82.31.740-7412 Aol w2 Ao} 3o €0l A4 Weke 7Y 9.9%,
E-mail: tiger1005@eulji.ac.kr @ 7.2%3 71, AFYEL AA3RIs0] 61.5%, HHo] 44.4%

o] B2 20230 PREIEAREAD HAOT ARE i)
78151 gle] 2] 918 Hlof 2l 91 70) (No.RS-2023-00232624, e o
HAzznl= A Bz AR 9 Y OE £2HS 95t olEA A T AN A 2571 AW Sl whet

i A, AA 4207} A% om Z7hela Qe olo] wet FAAR]

167



168

QAFAS 7| F TG FAIA A B el 2

U AT - PIA - HgA -

it

ol -

45 Y%

WAMIAS] 7 B7keka Qleh4l. A4 e 7k 4
Arre] QR w2 Eg Z74A71 3 ol webd Aol
wod BAre] WE N 27k ks, A oAz
27 = Bxje] o) A a2 itk teld SicH5.6]
w5 AARAIE 38 ol SRjek A 2he] AR ol
waistel B AA FANE Ll BANE WS
Sick. AETAo) 21E oI Azl ofsi &
Aol 11.8%7} Az Al A2 BIgolt 4H #14S A
aalo] Qiekm shglon] A9 2.3%0] SEAL AAYE
o= Qg 45l AEol AT SHATHT]. Ak}
COVID-19 ufo|gAel 7h2 7Hio] 2 Ayo] HAl F
Aubgo] whet A4 FSFolu v 5= F3l el=lo] &
HE= Abele AL ATH8,9]. HA= f-2uet e
=2 2AF ﬁl—}Oﬂ o= 202067E 20229 29704 oj&
e Zzu &3l 7], 80008 HIUAL o] & 15%e] A
gatartal BaEIeH10]. 1ol Eelal - S
A WA TS o) A% B Aol v 2]
AL RIS Flololok sl A4 ATjol] 221 & 4 ol
S5 oPAIAJR] 53 2 ol AL A8 Folof a7] uo
WAAAZE B4 o2 FQsir). 99t 22 BAES 34
3l7] $J8f A3 A5 (Artificial Intelligence)S -85l =
A57F MggEa QleH11,12].

AFAFolst S5 F25Y, Adsd 5 it

=

T 0 Ty hl

L e Y5 ARE ZraRg 711:&3&
oF312]%(Algorithm)olch. olefat ofe] AFA
% =3 o= Hopl AL HE A4 XlEa BE
£5 dmelzo] ARHT(13,14]. %
Fe] u(Vision)&

AN 4 dare]E
Al 3% (Pose Estimation) &118|Z&& 7

tﬂﬂ

FolAl il ofu|R]of] EAsh= A Y] YAY S
2|8}= 7]&0]t}H[15,16). EF(Classification) &11z|&
glolEloflx 54& =8 HlolE7l o' F7QUA Hsh=
Aoz CNN(Convolutional Neural Network) 7]&2 %
43 J2ld(Deep learning)S E38f = HTYEE Hol=
Fae|&olth[17]. olo] & AtollAe= Al eS 7IRte R

T S RRE AL AA|O A HAIARS: H2817] 913 21|
B7F S 2] 9J8) dlolElAl(Dataset)ys 55k, &5+
N ES 285t 7S 35]’°]°}J—7\]' shlom ZpA| 3
dare)ES 285t ASErt w2 AAIEE RS Al

o=
st} g

]1

rl

4

i""

o 1S ol

U

>

1. AL FH| ¥ ddEE =A
SHH 4 4K 2o dAE I8 19 A"E HZl 3
go] YUt ZH][GXR-S, DRGEM, Korea, (a))S OIEL?SH

Chest PA 24} 412 A5l 7hilehe E8) 942
Sehgick. WA ARE §lo] A WS mea) o the
0% 24 Bx BRITE stk 20w
gutez) ghe AAeAE Edfeta 97ale] 19 19) AU
W7l Hejo] UutEgZu|[REX-650r, Listem, Korea, (b),
VB-90, DK Medical System, Korea, (¢)]& ©]-&35}o] 3=
e}, ZpA|GARS SID(source-to-Imager Distance) 180 cm
ol XA ¢ =2]H|o]# (Collimator) £fefl 7HH|2HE H*|5}Ho
3yt A tARES dolz AR AFthAaAS0)
AoHA] AL IS BEE S st

_l

B[l J‘

(@)

T2 1. 29 w7 Fefe] Qi
Korea, (c))

(b)
A7) (GXR-S, DRGEM, Korea, (a) REX-650r, Listem, Korea, (b) VB-90, DK Medical System,

(©

Fig. 1. X-ray Bucky Stand System [GXR-S, DRGEM, Korea, (a) REX-650r, Listem, Korea, (b) VB-90, DK Medical System,

Korea, ()]



Journal of Biomedical Engineering Research 44: 167-175 (2023)

(@) (b)

37! 2. Chest PA 2HIE ZA| ()2} Chest PA 242 7] 982 2}
A (b)
Fig. 2. Chest PA Correct and Incorrect Posture

I 1. Chest PA Z}A| GAr9] =
Table 1. Number of Chest PA pose images

Number of Chest PA pose images

Train  Validation Test Total
Right 136 45 46 227
Wrong 819 273 273 1,365
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Table 2. Accuracy of the classification algorithm without posture estimation algorithm

Performance Metrics

Algorithm Training Accuracy Test Accuracy Test Loss
DenseNet201 100.00% 97.18% 16.42%
EfficientnetBO 100.00% 82.45% 48.60%

InceptionV3 100.00% 97.81% 6.12%

ResNet50 95.76% 85.58% 52.91%

VGG19 99.90% 95.92% 9.90%
Xception 100.00% 98.12% 4.08%

I 3. Alphapose YOLOv3 &112|&3 A& 27 di1g|& Ao
Table 3. Accuracy of the classification algorithm with Alphapose YOLOv3

Performance Metrics

Algorithm Training Accuracy Test Accuracy Test Loss
DenseNet201 100.00% 98.43% 4.21%
EfficientnetBO 100.00% 96.55% 8.65%
InceptionV3 100.00% 99.37% 2.18%
ResNet50 100.00% 98.75% 2.84%
VGG19 100.00% 97.49% 5.47%
Xception 100.00% 98.75% 3.02%
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Table 4. Accuracy of the classification algorithm with Alphapose YOLOX

Performance Metrics

Algorithm Training Accuracy Test Accuracy Test Loss
DenseNet201 100.00% 98.12% 4.60%
EfficientnetBO 99.90% 96.87% 9.91%
InceptionV3 100.00% 99.37% 1.69%
ResNet50 100.00% 99.06% 1.72%
VGG19 100.00% 98.75% 4.11%
Xception 100.00% 99.06% 3.30%

I 5. Mmpose 4118ES A8 5 dLdE 9=
Table 5. Accuracy of the classification algorithm with Mmpose

Performance Metrics

Algorithm Training Accuracy Test Accuracy Test Loss
DenseNet201 100.00% 98.75% 4.45%
EfficientnetBO 100.00% 89.34% 27.15%

InceptionV3 100.00% 99.06% 2.66%

ResNet50 100.00% 99.06% 4.14%

VGG19 100.00% 97.81% 4.60%

Xception 100.00% 98.43% 3.99%




Journal of Biomedical Engineering Research 44: 167-175 (2023)

Training and Validation Accuracy

TV vV v
A | A | A A
\ A A A \

1.00

0.98

0.96

0.94

0.92 1

Accuracy

0.90

0.88

—— Training Accuracy

0864 L ~—— Validation Accuracy

0 20 40 60 80 100 120 140 160
epoch

(a)

Training and Validation Loss
1.0

—— Training Loss
Validation Loss

0.8 4

0.6

0.4 1

Cross Entropy

0.2 1

0.0 1

0 20 40 60 80 100 120 140 160
epoch

(b)

112! 6. Alphapose YOLOX®} InceptionV39] %3}t AEw (a) U £ (b)) X
Fig. 6. Accuracy(a) and Loss(b) graph the combination of Alphapose YOLOX and InceptionV3

= AlgJstar e dargEolA 100%E H3ith HAES]
g = InceptionV37} 99.37T% 2 71 =9tom HAE
2412 ResNet500] 1.69%= 7} £t

Bottom-Up3H 2] Mmpose &18]&2S A-835}o] Bottom-
Ups AAlsHS S o 189 0.5227}F 3712 Q% glon
A= 3 58} o] SAHSIH 5o A e HE o
1E]Zo A 100%E 2Tt gAES A= ResNet50
0] 99.06%= 71 £ko HAE £412 InceptionV37}
2.66%= 714 29kt

AnfFR o g M| 4 daigjE o2 Alphapose YOLOX2}
22d728]£ 02 InceptionV3e] Zgto| HAE A=
99.37%, HlAEEAS] 1.69%0.2 71 Aiso] 9281 214
Bl o ® s gekeel £42 19 63 2k

Rekolstr]4o] Aol met ek Barelsiule] E9lo]
F7Vska glek. olol W GAelsry o+ ool
AR 0% A2 0 F75h k. SHE Bt S
HJs) ArelabALE Alashs Wb Fitol Mt
Selupete] 44 nesh S EAA Tl 2ATE o]
ostul wAelel F A2 HES A gl Lk 4%
2917 WAHAAL GITH[B2). M) 9w wlARAIAL el
(ASRT, American Society of Radiologic Technologists)o]| ]
201941 AIAJSF Radiologic Sciences and Staffing Surveyo]]
w=H AR o] Blsf o] 8.5% Hrka Hiw gl
[33].

A AT AT
A of#f gejollx] 258 ska gict. o]

f
(¢}
?_li
N
)
I
i
o
oo

ML g ejol ] RSt glck S8 Ay WA 2
o % B8 AU A 7HE wol ANSH AL 3
U aboz Aahe 2 1) 9 B S A
At SEAZRR o) AR gelo] 23t EHlojgl 4
AolcH34,35). F3- FRYE o] BAORE T Al

o
o
T

ox

ol

o

N

o>

N

£

M

=2

>

20
>~

>,

1o
N

=

El
2,
(]

=
pass
D)
=
au)
)
ol
ol
)
mon
of
i
=2
o)
N
o3l
=
N
N
o
oft
ol
ol
rir

ofo] # QAT FH S HAL Aol Thal A5
UTElES A48T HRUTeES 443 Zo| A4H}
o &

d
il
4

[€)

A 7RISR S AA|9F SHIEA] 2 AR A
o] Y= BSsht. 121al HolHE AN 4 AL
2lgo] £FEALEE Aol 71 Ao 7S 2%
sto] AA| 34 LarelES 283 dloly Al IFA]
glelefle s tro] gloleile skt AA #4 &
ABEE 7] WAL dalEEe B AEote] 7 W
uheh A Blaskalatl soiTh FFA R AR Hlo]
EME AT Al 7 darelsl akaste] Aetes

Wrkstol 7y AR AL PEE GaA Sl

173



174

o
ok
>
ol
N
T
‘T
oy
T
&y
N
o
0

Al A ZPA 7 v ol] et 1 -

[e)

[

Top-Down H}2]o| 2pA|H 7} vl ASIEE Zo|lg] &
Fotehe 2 & 4 ATk ol A 24 daelEL F)
=

NS Fa4d ietdlen] of R

Hepr e X}Aﬂ g ) Xl Xi&6}xl %o Eﬂoﬁoﬂfﬂé
Xceptiono] 7P £& dEE o
25S 283 golE A= Incept10nV3°l M EFS
NEOE 1%Y =] o Asatolel 2% =] Al gk
Aol & H3it.
°4:rLﬂ X}*ﬂﬁﬂ

A 24 g

7
ﬂl*]ﬁ}i‘iqt oAl 2jo)7} N\EH:496'8] lﬂ oAt
F5 A AR EE v R o A
ahog A AR o] ZRsich Hol A ©
7} 9tk olo] £ AN HAST 4TI PHL 7]

3 M SIAF AFEA A /\]/\ o 78
2, . BRI ol E A S S 9%
= IFollA] 4 HlojEY] REow ‘?_EH
& kA Falglom, 4
o= 44sl ok % HE S0 wet ge 5
A HlolElE et okt ol 27}
A& 193] 9] Sels Sl AR HlolH
Foko] olefgt EARS S&EsaLA} 5b B = 3}
M guelE F dolE s A1 AN 5 Qe
JAHA A A7 (Generative Adversarial Network)‘:—%
ARgSHo] HlolBl S VM7= e R A5 A& 9F
o]th[40].

B QATE Bal §3 AT A A3 A8
B8 AdTeEo] 2go] Fisain, 2714 A4 24 o
2% A7k AT o) RS Fol, TA L
Top-down H}4]9] Alphapose YOLOX €723} InceptionV3

o2 N
L o2 rr o

II
—

r
o |0

o

O!I

j_
<t
o}

>~

]

et
ok
A
ol
o,

o ore
i
)
o2
ol
2
ox
o
_V,L
i

b
o
of 4
ox
N
l‘-i'i
_|>i
- X
1,9
}04
II0{
[11 (o]

)
N

112

ot
4 o o2

;

n oo ok
(03 X"—ja
j

\

4
il

oy fohomx 4y &2 O i
ox
N
afu

=
>

=

AmelEe) 2ol HeErt /b e A} Poleks
2% & 4 AU

5 - 284 ol - UEE - YEH
References

[1] Kelly B. The chest radiograph. The Ulster medical journal.
2012;81(3):143.

[2] Ahn BJ, Lee JH. Image Evaluation of Projection Method in
Chest Radiography. $H=4 1AM 8138]w=3-4]. 2022;16(3): 217-
23.

[3] Kostat. 2021'd A4 EA A}, 2022;2022-09-26.

[4] Oh YH. HALERIY T A7 |5FFAAT. S=tu7ALs]
A7 2015.

[5] Lee SS. Z21}19 WY
3. RAPPORTIAN. 2023.

[6] Jo PG. The Importance of Positioning in General X-ray
Examination: Based on Chest PA X-ray. JRST. 2022;45(3):

A PAE, RE A P E 3%

249-54.
[7] Cha HY. J1537g 48] o %7|=4H e A} [NHRC] =
7F1A9)1 93] W2RE. 2013.

[8] Grasselli G, Scaravilli V, Mangioni D, Scudeller L, Alagna L,
Bartoletti M, et al. Hospital-acquired infections in critically
ill patients with COVID-19. Chest. 2021;160(2):454-65.

[9] Choi DO, Lee KM. Development of COVID-19 Neutralizing
Antibody (NAb) Detection Kits Using the S1 RBD Protein
of SARS-CoV-2. Korean Journal of Clinical Laboratory Sci-
ence. 2021;53(3):257-65.

[10] Kim DY. 24 9
o +X . JoongAng. 2022.

[11] Kim JY, Lee BJ, Song JS. A Study on the Development of an
Artificial Intelligence Healthcare Robot System Based on
UX Design for Non-Face-to-Face Diagnosis and Treatment -
Centering the Development of UX Design for Non-Face-to-
Face Diagnosis-. KSDC. 2021;27(4):141-52.

[12] Jun JH, Lee KC. 9|8 Q¥A% %73} S, sr=2xE4l
A7Y; 2019;113-26.

[13] HanJY, Park JH. Turtle Neck Syndrome Posture Correction
Service Using CNN-based Learning Model. Jour. of KoCon.a.
2020;20(7):47-55.

[14] Im YJ, Hwang HS, Kim DH, Kim HC. A Study on the Data-
set Construction and Model Application for Detecting Surgi-
cal Gauze in C-Arm Imaging Using Artificial Intelligence. 2]
+3F8] %] . 2022;43(6):390-8.

[15] Choi JH. Quantification of Dance Motion Using Aurtificial
Intelligence Deep Learning Algorithm. KAODANCE. 2022;
22(1):43-52.

[16] https://jobsn.chosun.com/site/data/html_dir/2022/05/13/2022
051301913.html?utm_source=naver&utm_medium=refer-
ral&utm_campaign=misaeng Accessed on 02 Feb 2023.

[17] Jo JM, Kang SS, Kim KK. Object Recognition and Pose Esti-
mation Based on Deep Learning for Visual Servoing. KRS
Journal. 2019;14(1):1-7.

[18] Moon G, Chang JY, Lee KM. Camera distance-aware top-
down approach for 3d multi-person pose estimation from a
single rgb image. Proceedings of the IEEE/CVF international
conference on computer vision. 2019;10133-42.

[19] Ning G Liu P, Fan X, Zhang C. A top-down approach to
articulated human pose estimation and tracking. Proceedings
of the European Conference on Computer Vision (ECCV)
Workshops. 2018.

[20] GengZ, Sun K, Xiao B, Zhang Z, Wang J. Bottom-up human
pose estimation via disentangled keypoint regression. Pro-

EZ 7]

=2 984 80761 24, 15



Journal of Biomedical Engineering Research 44: 167-175 (2023)

[24]
[25]

[26]

ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. 2021;14676-86.

Fang H-S, Li J, Tang H, Xu C, Zhu H, Xiu Y, et al. Alpha-
pose: Whole-body regional multi-person pose estimation and
tracking in real-time. IEEE Transactions on Pattern Analysis
and Machine Intelligence. 2022.

Sengupta A, Jin F, Zhang R, Cao S. mm-Pose: Real-time human
skeletal posture estimation using mmWave radars and CNNs.
IEEE Sensors Journal. 2020;20(17):10032-44.

Wang J, Yang Y, Mao J, Huang Z, Huang C, Xu W. Cnn-rnn:
A unified framework for multi-label image classification.
Proceedings of the IEEE conference on computer vision and
pattern recognition. 2016:2285-94.

Targ S, Almeida D, Lyman K. Resnet in resnet: Generalizing
residual architectures. arXiv preprint arXiv:160308029. 2016.
Zhu Y, Newsam S. Densenet for dense flow. 2017 IEEE interna-
tional conference on image processing (ICIP). 2017;790-4.
Tan M, Le Q. Efficientnet: Rethinking model scaling for con-
volutional neural networks. International conference on machine
learning. 2019;6105-14.

Simonyan K, Zisserman A. Very deep convolutional networks
for large-scale image recognition. arXiv preprint arXiv:14091556.
2014.

Szegedy C, Vanhoucke V, loffe S, Shlens J, Wojna Z. Rethinking
the inception architecture for computer vision. Proceedings
of the IEEE conference on computer vision and pattern rec-
ognition. 2016;2818-26.

Chollet F. Xception: Deep learning with depthwise separable
convolutions. Proceedings of the IEEE conference on com-
puter vision and pattern recognition. 2017;1251-8.

[30]

B31]
[32]
[33]

[34]

[35]

[36]
[37]

[38]

[39]

[40]

Deng X, Liu Q, Deng Y, Mahadevan S. An improved method
to construct basic probability assignment based on the con-
fusion matrix for classification problem. Information Sciences.
2016;340:250-61.

Gulli A, Pal S. Deep learning with Keras: Packt Publishing
Ltd; 2017.
https://www.dailymedi.com/news/news_view.php?wr id=844314
Accessed on 02 Feb 2023.

asrt. Radiologic Sciences Staffing and Workplace Survey 2019.
asrt; 2019.

Joo YC, Lim CH, Yoo IK, Jung HR, Lee SH. Adequacy of
Source to Image Receptor Distance with Chest Postero - Anterior
Projection in Digital Radiology System. JRST. 2016;39(2):135-
42.

Jo JH, Jin SJ, Min BI. A Study on the Distribution of Scatter
Ray in Chest Radiography of a Health Examination Bus. JSRT.
2017;40(3):377-83.

Coe RP. Automatic position control system for x-ray machines.
Google Patents; 1996.

LoVette D. X-ray Automation: Auto Tracking Vs. Auto Posi-
tioning. blockimaging. 2019.

Chu WC-C, Shih C, Chou W-Y, Ahamed SI, Hsiung P-A.
Artificial intelligence of things in sports science: weight training
as an example. Computer. 2019;52(11):52-61.

Novatchkov H, Baca A. Attificial intelligence in sports on
the example of weight training. Journal of sports science &
medicine. 2013;12(1):27.

Creswell A, White T, Dumoulin V, Arulkumaran K, Sengupta
B, Bharath AA. Generative adversarial networks: An overview.
IEEE signal processing magazine. 2018;35(1):53-65.

175



