Journal of Korea Multimedia Society Vol. 22, No. 3, March 2019(pp. 349-356)

https://doi.org/10.9717/kmms.2019.22.3.349

ol-ol: x].i ol /\l

¥

71
oo

Z1
[=]

olze TP

+E
U

S 93k Jd3y

al A

2 izk v gl 3

=
o

pd|
(=]

pd|

21’1’1’1’
[=] —_

|TTTTT

OH!

7

fob

Comparison and Verification of Deep Learning Models
for Automatic Recognition of Pills

GyeongYun YiT, YoungJae Kim“, SeongTae Kimw,

ABSTRACT

\RRas P

HyoEun Kim ', KwangGi Kim

When a prescription change occurs in the hospital depending on a patient’s improvement status,

pharmacists directly classify manually returned pills which are not taken by a patient. There are hundreds

of kinds of pills to classify. Because it is manual, mistakes can occur and which can lead to medical
accidents. In this study, we have compared YOLO, Faster R-CNN and RetinaNet to classify and detect
pills. The data consisted of 10 classes and used 100 images per class. To evaluate the performance of
each model, we used cross—validation. As a result, the YOLO Model had sensitivity of 91.05%, FPs/image
of 0.0507. The Faster R-CNN’s sensitivity was 99.6% and FPs/image was 0.0089. The RetinaNet showed
sensitivity of 98.31% and FPs/image of 0.0119. Faster RCNN showed the best performance among these
three models tested. Thus, the most appropriate model for classifying pills among the three models is

the Faster R-CNN with the most accurate detection and classification results and a low FP/image.
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Fig. 1. Dataset of pill types, (a)Cravit, (b)Aladacton, (c)Omnicef, (d)Curan, (e)Repison, (f)Soleton, (g)Banan, (h)Adipam,
(i)Dexamethasone, (j)Flasinyl,
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Table 1. The Result of the cross—validation for trained each model
YOLO Faster R-CNN RetinaNet
Sensitivity FPs/image Sensitivity FPs/image Sensitivity FPs/image

1 0.9429 0.0286 1.0 0 1.0 0

2 0.9423 0.0577 1.0 0 1.0 0

3 0.951 0.0294 1.0 0 1.0 0

4 0.8713 0.0792 1.0 0 1.0 0

5 0.97 0.02 1.0 0 0.98 0.01

6 0.9 0.09 1.0 0 1.0 0

7 0.899 0.0505 1.0 0 1.0 0

8 0.9192 0.0505 1.0 0 1.0 0

9 0.8265 0.0612 0.9592 0.051 0.8673 0.0918

10 0.8776 0.0408 1.0 0.0408 0.9796 0.0204

ALL 0.9105 0.0507 0.996 0.0089 0.9831 0.0119
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Fig. 2. Architecture of each model, (a)architecture of YOLO model, (b)architecture of Faster R—CNN, (c)architecture
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Fig. 5. The result of detection failure pills for each model.

AZ 4 BF A9 ¥ FP/imageE X9l Faster
R-CNNe| gt #gdEt, ol o] A3 A= AR
YFANA 7 Zde] Ao Hud Ae2H, S

0@ 2AE A" AdeelA A" Aol GeiA
AN AET} o] £ F2F Aol SEr)

s,

gt 427 Faster RONNS HZ o] ndlz A
a7l = ta FErt 3le A mekA S5
7HA Wgste] Rdg nlwaty) -,43]]/&115 7r meny
A3 Ao Besit) B =
A= o] FA A ekt rrﬂtoﬂ 3
e £TZ =5}
dositta gdEn
FAAE 18T A=
2 Ao ARgEdAT =
A g AA Sae A]?Q 745
= T UE Aom YAEn
AEHoE, 62?—??— TRt Bl A e 71l 0151
P A e FAT S Zxé
o] Fojxitkd def melel 4
< ’.‘j“:—‘io}—“—ﬁl =°] 2 %“‘
*@7—}%5}. a8 3 BFT goke] A4
7h F7HH o2 AYPErhd A %*‘lF% 2}

=H B B

fr oo i
) m{ru

»
o N
prlr‘

o

r;'k;éL
m oo 2 o {

@ L X
o ox I

of
o

mlr %0, 011‘

to off M me me o

tlo
T
s

PO A | I e A
BN

REFERENCE

[1] BK. Lee and S.G. Kwon,

Classification System of Tablets with Various

“Automatic

[2]

[3]

[4]

[5]

[6]

[71]

Colors and Shapes,” Journal of Korea Multi-
media Society, pp. 659-666, Vol. 21, No. 6,
2018.

Y.B. Lee, Matching and Retrieval of Drug Pill
Images, Master’s Thesis of Korea Univer-
sity, 2011.

A. Krizhevsky, 1. Sutskever, and G.E. Hinton,
“Imagenet Classification with Deep Convolu—
tional Neural Networks,”
Inormation Processing Systems, pp. 1097-
1105, Vol. 60, No. 6, 2012.

B.Y. Yoo, W.H. Hwang, S.J. Han, S.M. Rhee,
J.B. Kim, J.J. Han, et al, “The Trend of Image

Recognition Close to The Human Level in

Advances in Neural

Deep Learning,” Communications of the
Korean Institute of Information Scientists
and Engineers, pp. 32-41, Vol. 33, No. 9, 2015.
D.U. Kim, Shape and Text Imprint Recogni—
tion of Pill Image Taken with a Smartphone,
Master’s Thesis of Seoul National University,
2017.

R. Joseph, D. Santosh, G. Ross, and F. Alj,
“You Only Look Once: Unified, Real-Time
Object Detection,” Proceeding of the IEEE
Conférence on Computer Vision and Pattern
Recognition, pp. 779788, 2016.

YOLO: Real-Time Object Detection, https://
pjreddie.com/darknet/yolo/ (accessed May, 21,
2018).



[8]

[91]

[10]

How to Train YOLOvVZ to Detect Custom
Objects, https://timebutt.github.io/static/how—
to-train-yolov2-to-detect-custom-objects/
(accessed May, 25, 2018).

Y. LeCun, L. Bottou, Y. Bengio, and P. Haff-
ner, “Gradient-Based Learning Applied to
Document Recognition,” Proceedings of the
IEEE, Vol. 86, No. 11, pp. 2278-2324, 1998.
D.A. Forsyth, JL. Mundy, V.D. Ges(, R.
Cipolla, Shape, Contour and Grouping in
Computer Vision, Springer Verlag, Berlin,

Heidelberg.., 1999.

LeCun, Yann, et al. "Object recognition with gra—

[11]

[12]

dient-based learning.” Shape, contour and
grouping In computer vision. Springer,
Berlin, Heidelberg., 1999. 319-345.

R. Girshick, “Fast R-CNN,” Proceedings of
the IEEE International Conference on Com-
puter Vision, pp. 1440-1448, 2015.

S. Ren, K. He, R. Girshick, and J. Sun “Faster
R-CNN: Towards Real-Time Object Detec—
tion with Region Proposal Networks,” Advan-

ces in Neural Information Processing Sys—

ot

[13]

[14]

[15]

[16]

XS 014l

o
o

Bold 222t Hln 2 &

Ol

2 355
tems, pp. 91-99, Vol. 39, No. 6, 2015.

K. He, X. Zhang, S. Ren, and J. Sun, “Deep
Residual Learning for Image Recognition,”
Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition,
pp. 770-778, 2016.

T.Y. Lin, P. Goyal, R. Girshick, K. He, and P.
Dollar, “Focal Loss for Dense Object Detec—
tion,” In 2017 IEEE International Conference
on Computer Vision (ICCV), pp. 2999-3007,
2017.

F. Ahmed, D. Tarlow, and D. Batra,
“Optimizing Expected Intersection—over-un-—
ion with Candidate-constrained CRFs,” Pro-
ceedings of the IEEE I[nternational Conference
on Computer Vision, pp. 1850-1858, 2015.
K.S. Song, H.S. Kang, J.G. Im, M.C. Chung,
C.W. Kim, J.H. Kim, et al., “Effects of Digital
Image Processing on the Detection of Simu-
lated Lesions in Chest Radiographs: An Ex-
perimental Study,” Journal of Korean Radio-
logical Society, Vol. 28, No. 6, pp. 858-864, 1992.



356 ZEINICIoES =2 M22# K3=(2019. 3)

o 4 &
2016\ 29 Aletthsta 7 FEF
sah(sbap)
2018\ 8¢ Rakthsta o w8t}
(2] 8F4 Ap)

2018 10€ ~&A 71dd 44
¥ 9]5717] R&DAE 4
T

ARl 59, sSAHHE, AFAF

)

[ae)

4o

20074 29 FAH LTSt A FE
a3 (3}A})

2013 2€9 FEohstw Eh=vt
Hho] @ v 2 e o] 53
(B34 Ah)

20183 29 #Feristm Eepzol
Hho] @ v 2 E e o] 53
(Fetupap)

2009 2€¥€~2017d 49 FHLAE o FTAT I

20189 59 ~AA FHAT|et o) Bojet ool n Aas

BAE}: oA, AFAS, 3D H2Td o)

2 5 o
1984 290 g @heta oFes)
(&b

19849 39 FAHEEHZ HE

20039 64 v AT okt
e

2012 2€~&A) 7l Ay

=
=

Z

Fol

=]
2013 28 ~&A At A

Ah) 22 E e 0] ZIH(3PAY)
AR By, Al

21 = 7

(=]
1996 24 <bFoistu Eelstat
!ﬂ! (8+4)

oK

o

- 19984 29 X3 Stm &

— a2h(o] 34 AP)
d-'h

14_-’

P

o

20051 29 AMethsta o835t

SH(Fetatah)
20079 7R~2017 19 FALAE o) FAT}
20179 28~ @A) ATt o gAA T we

Bk 59, JBAE, AFA T, 2R



