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ABSTRACT

With the emergence of convolutional neural network in the field of machine learning, the model for solving image
processing problems has seen rapid development. However, the computing resources required are also rising, making it
difficult to learn from a typical environment. Attention mechanism is originally proposed to prevent the gradient vanishing
problem of the recurrent neural network, but this can also be used in a direction favorable to learning of the convolutional
neural network. In this paper, attention mechanism is applied to convolutional neural network, and the excellence of the
proposed method is demonstrated through the comparison of learning time and performance difference at this time. The
proposed model showed that both learning time and performance were superior in object detection based on YOLO
compared to models without attention mechanism, and experimentally demonstrated that learning time could be
significantly reduced. In addition, this is expected to increase accessibility to machine learning by end users.

FIAE : 717 sk, AR A2, 0 W% 714, B4 B4

Keywords : Machine learning, Object detection, Attention mechanism, CNN(Convolutional neural network)

Received 8 September 2020, Revised 14 September 2020, Accepted 29 September 2020

*Corresponding Author Eui-Young Cha(E-mail:eyecha@pusan.ac.kr, Tel:+82-51-510-2219)
Professor, Department of Computer Engineering, Pusan National University, Busan, 46241 Korea

http://doi.org/10.6109/jkiice.2020.24.12.1581 print ISSN: 2234-4772 online ISSN: 2288-4165

©This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License(http://creativecommons.org/li-censes/
by-nc/3.0/) which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.
Copyright © The Korea Institute of Information and Communication Engineering.



SI2 M HEAISHS| =2 X| Vol, 24, No, 12: 1581-1587, Dec, 2020

.M B

71 A &+5(Machine learning) F-ofofl $Hd & A1
(Convolutional neural network)o] tJFE|H A o]u]x]|
A A= 2 HekE golth 7]E9 oS HAIEE
(Multi layer perceptron) ©. 2% o]u]x] xzjo] tj3t &t
F& 7RI F27F AR S-S S5d|of sk o]
B9 Z7]eF k5 ARto] w9 AX|A HH, oJu]x] 9|
AA], AL, A7) Moo= FHeFsinh 4 & A18%
2 o] 3k FoFH & kst A S5 AF ER A &

=
3], AREAL el A o] E AR A o2
Lol A FEaeE 9 Aol
9] X2 7] H(Attention mechanism)-2 2] Z}¢1 o]
2] (Natural language processing) 2} 7] 4| ¥<J(Machine
translation) & 9J3t <=8+ A1 7|HKRecurrent neural
network) @] Seq2Seq W Ho] FAHL Beks}r] 913 At
=)9ick. 23k Aol 7127] 44 (Gradient vanishing)
ot EAF ZASH=Y), o] 2 QI3 To] 2ol WS
o it YA Q12 5 2HE| 712717k W2 Kol
= Aol A 4= Sl A= o= 7 A AAE
afjsf 4o mdS 22 4= Yl gich
olg|gt 71&7] 24 wAIE siEst] sl 2 A5
=

il

o HH3E RUS s 4 QLES ohs S et
stct, vl mdl(Backbone model)Z YOLO(You only
look once)[1]19] Darknet2 ARgs}gon, HE =
(Bottleneck layer)ol] 2] & 7|*HLS #8359t 1
o) R nY e TR ow A S tot o) 15 7]
WS g a9l ol st A17h A 7o) M E %
ol AIbshe H o] 94

O

-

filo

[} B=5v5
=

St

I, g a4

21. 5o BE 7Y

QAHe O A ofush F4L ), Alofe] &
o9t ME HES FEN WAL r) F, oy
Ao] B Yo sl Al ISR Aok v,
7909 Fu HES ASEE 145k, o] o] 27
g o}2 25kl HA o|u Aol o F22 Bt

0] %1% 7140l olefat QI7ke] 2B B S A
Al Aokl o2 A ol Ql7te] A7
o BAL F o] AP O R of3ak o] HsHE S

ofs
®
rlr
>,
it
ofy

o] aitoltt.
1ol A 2] Hgolak e A7
2 9]-8-(Visual question answering)Z} o]u]z] T4
(Image captioning)o|A] F=2 AREE o]kl "Show,
Attend and Tell: Neural Image Caption Generation with
Visual Attention"[2]0]| A= 18] o]n]X] 2] ojF F o
FEslo] B ANSALA EiHon A28k
2= @193, "Dual Attention Networks for Multimodal
Reasoning and Matching"[3]0]| A= o]u] x| of| 4] 2RO
2, 2ol A oju] x| & o] o x| = P o] T 71
= gg-sto] AJZHA] A o3| e AR
ok 2 A= =9 AT 7S 283 A gelA
A of uet 52 EA A E)(Dynamic feature selection)
o] lofrthiz A HolzErh B4 Aldojsh BE 5
) Foll A Wash Hunke deielo] 747 54 At

2 WEL 218 i olu] S o= S, 1A B4
] 1

ey
2
e
>

O o

o

P

wo] 2 Bol M) o) 1% 71¥e vwA 2
28E dA3E7] AlAEcE RAN(Residual attention
network)[4]-2 =90 FFo] A& 4A1HTS ZEslst
L, of 2] Fo.= Ao} & ofu|x] QAo A A5 S
HAAGE B3 A2 2 Qs Aalsfo] golAl = A4
o] 21t} o]Fof] A3t SENet(Squeeze and excitation
networks)[5]-> =4} I & S5 24 S F3f ofv]

1582



Ao] 24 AN 05 EHRE 25517, o] 7H
Az ol shagho K wdl 9RE At Bojma
Z= 9] it} o 7] CBAM(Convolutional block attention
module){6]-2 A Tk ot B7k Yol that
Y 35 AAA] F7ksto] s A 9 ek Al
=2 H$on, ECA-Net(Efficient channel attention
networks)[7]-2 $14+H] 2 Z4x(Dimensionality reduction)
= wjAlstol ol g 2] % AR sk
29 24 A= 9 HF A4S HETSH]
Q) Aol 719) Y EoRN LufH=e} e
EALE FassliaNE ds TS ot UEe
= uaEw g

2.2, loU(Intersection over union)

Prediction

Ground Truth

Fig. 1 Intersection over union.

= elol ot @A Sl Bk A2 A
BEW 428 34 442 Pa=

% 9(Ground truth)O] e X]~ =
L, o] g AR IhRkth R
oJAto|H A2 AZE iy kst 212x] oF
W 2t AEE ot dgtste) o] 2 7 (Threshold)
2 AFgALe] wke] whet thE gho & AR E 4= 9t

YOLOS| = WA HARE = ofg] 79| A vix
(Anchor box)E 7|4F0. 2 o]u] 2] 2] ¢ < 3 278 =
=4, oluf IoU gho] 7He & A A5 ARgRIth

A GF AH| AEoA Bt A= Rx}(Mean squared
error)L} H At 2 XH(Mean absolute error) e} ZH-& 4=

ofy
N
I3
ru|o
0,-
e
)
ET
1
1]
M=

=
9

IoU 7|¥ko 2 thAste] = Al Wol o]
22| ¢k, dSgko] AA g & Z -2 olet
= S 7P, dRbao] &4 gk gk
ZAqt °1EI U= AAFSHA gho] A d 4= Qo)
= 43kl AT [0US o= A
l7P Aol EAEHA] ¢7] wizoll o] & A
& A a1 = A eFQtk
olget EAIKS Hebskal Shgof &gshr] Sl
DIoU(Distance [oU)[8]2} &2 thoFst IoU 7]4HE &4 3
2271 AotE| 3 913, o]9F e A wvt Ax) Hojuk=
FAllo]ct.

2.3, YOLO(You only look once)

o5 0] AR oW o]u| X $he w o] ]| vt
o Sl ANE FHro] sorat 4 giek. X vl
2|10 A|9tE Mask R-CNN[9]7} 22 Alg o] A& A]
28l B35 2] B o R Qls) o]l Qlgke] A7
AA S Bigel7|ollis 253 ol B,

YOLO+= 94l A3t Q17he] A2t A\ A 9] 7l of 2t
otslo] o] & ok 3] EA|(Single regression problem)
2 7HEE Wl B4 B AU B9 o AA A

Aol tiek BEE AlAFshe A ol

71 A3 4% WHETHYOLOZ} 74X Aejael
e A7) Aol hErstel £k ohe W, 214)
& AAe] th3) & o AEHE SAL Saihs o]
% S Gt Ad AP A de gy
AthA o Hekest debs wao] glck w3k, 98

oluA1 g 1A shtol zum obd rropat 7] W

sl stgsly] wjio] of] 714 sjatEo] e glo]
g 238 5 vk
. 2% #E o
Input Backbone | | Bottleneck Head

R
D }ﬁ
o

=]

Fig. 2 Proposed model overview.
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Table. 1 Proposed backbone model structure.

Type Structure

Input 416x416%3 image
Conv, Pool 3x3x16, stride: 1, pad: 1, pool: max
Conv, Pool 3x3x32, stride: 1, pad: 1, pool: max
Conv, Pool 3x3x64, stride: 1, pad: 1, pool: max
Conv, Pool 3x3x128, stride: 1, pad: 1, pool: max
Conv, Pool 3x3%256, stride: 1, pad: 1, pool: max
Conv, Pool 3x3x512, stride: 1, pad: 1, pool: max

Conv 3x3x1024, stride: 1, pad: 1

Conv 1x1x256, stride: 1, pad: 0

Conv 3x3x512, stride: 1, pad: 1
Upsample scale: 2, mode: nearest

Conv 3x3x%256, stride: 1, pad: 1
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Table. 2 Performance comparison.

Model Params AP [%]
Tiny YOLO 8.6TM 60.1
Tiny YOLO + SENet 8.93M 61.8
Tiny YOLO + CBAM 8.81M 62.5
Tiny YOLO + ECA-Net 8.6TM 62.2
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Table. 3 Convergence time comparison.

Model Convergence time
Tiny YOLO 778 Epochs, 15 Hours
Tiny YOLO + SENet 158 Epochs, 3 Hours
Tiny YOLO + CBAM 325 Epochs, 6 Hours
Tiny YOLO + ECA-Net 228 Epochs, 4 Hours
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