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Abstract

Object detection plays a crucial role in a self-driving system. With the advances of image recognition based on deep
convolutional neural networks, researches on object detection have been actively explored. In this paper, we proposed a lightweight
model of the mask R-CNN, which has been most widely used for object detection, to efficiently predict location and shape of
various objects on the road environment. Furthermore, feature maps are adaptively re-calibrated to improve the detection
performance by applying an attention module to the neural network layer that plays different roles within the mask R-CNN.
Various experimental results for real driving scenes demonstrate that the proposed method is able to maintain the high detection
performance with significantly reduced network parameters.
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Fig. 1. Overall architecture of the proposed network for object detection
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g E#&zi IHE F e IAY A EAo] F&
2 4 9 31Tt BiFPNS] AAIgH 2= 19 200
ER] 91\:}

49 At 217 " (Region Proposal Network)< BiFPN2-

A2 EA AA o)A 3 “L.’:(Anchor
of AA TR A5 A A 99
Z%(ROI Pooling)s 53l &7g3 alid=e] A9% 5S4
= Atk B =dAe #4949 9 7O E Mask
R-CNNUo 4 AR5 91E ROI-Aligns A& 3lioh. a2
294 EAPS Fo BREg F3 Al 7He] 7FA(Branch)

|

S ] [e13
3T =2 0 v T — H=2 T10 11— H
HF AR AZe Fsk Ade) £8 A o8 F

& 712 Mask R-CNNojl AR Ll
FE 10008 7h ZolE A2 AABT 725 T

z39}.
2. 79| 252 0|28 =7 Za M

7]% Mask R-CNNo|A+= 24

A 9
(Segmentation)®] A 712 2]
AL EL7) ool ZF A 2=
otsl= AlAW LRAAE 2t
o} 5] EE(Attention Module)S AU 3O EZHA A 4
U A9d E4 gro] dlY Ao B wA A2 2
1

T YRS AU B EEANE 94 549 AY

212](Classification), 2}
oj Z(Bounding Box gressmn) 299 £
& A5
=7} IFJE]X] JEE} 7
tds 919 71 A7t

o
=
o
.
Pz
4

Attention Module

|

Fixed-size features:

~O— D~/

1 features Reld
,/ FC

Sigmoid
FC

Channel-wise

I iRe-calibrated features
multiplication H

T2 3 2 =20M ARSE Fol 239 M 71X

Fig. 3. Details of the attention-module for the proposed network architecture



948 W33 =54 A25@ A6, 20203 119 (JBE Vol. 25, No. 6, November 2020)

AZAL 918 SE BlockPS AHE-aIth FAIH o=, S
Block 71¥Fe] &) HE2 AE A3 545 Ao Hit
Z2(Global Average Pooling)S &3l A1d @92 1x1 %
(%, Scalar)o] F=5 &4 AHE &9t 1 5 19 3
A & & %] ¢ AF AlZ(Fully Connected Layer),
ReLU(Rectified Linear Umt), A QA AT, A A

Ho]E=(Sigmoid) FFE AA ¢E¥ A FAEE A
7

™

g wgR Adet ANE FREt AENEA 98
A%x £ 2t Aol FoA 54 %2 AEA A2
SHE 8e Btk webd B =RoAE B4 49 Eeol
488 A 5AS WA g AT o) F, 18 1914 2
F qEo] AU A QR 47 Fo) BES A
shol Sl Aol AP 54 ALY FLEES I
Eo) £Eadth £2E QY FLES o8 2
8 7 A7l 9EH7) Aol FA 54 Az
oAt 34 A% A % B Bl 24 A9 T o
WA Fo BES A8 Rol Al 7 AYL B
2 FRsE d Egol HH 4% A% Pl /@S
Bal
3. M HES 9Bt 2A 35 A

¥ =AM 7 EEo] 8% EfficientNet 739}
712 Mask R-CNN %2 x}ojol 9|3l nj7fjH 4 7340
2HE weslen, &4 s 71 Mask R-CNNejA
Satd WS IR A it b A EH, Al
o] HE o= ghol] AL EE &4 T 12 AA) 214
of o] &HE L, AA 1A Fe o] &HE L,

H 2 ol E L, TR FoEHY et 2ol

R A

L= Ly+L,+ L. (2)

A7|A L, © AR AA S 5t S 39 AolE
oju) 3l w2} A EZ(Cross Entropy)S ©]&3te] o2
3} 7o) ALt

- Zuilogpi, (3

[u; = 1]smooth, (¢ (k) —v,(k)), (4)
i kE[z,y,zu,h]

A7IM v & FU L w0l Fshks AA AA FAEe 9l
2 AHolH, ¢ = oS AA A 91X AHe &gt
ok [2,y,w,h ] 242 A 242 25 el sl gk o3
by, 1017 0] D ol e vebdek [, > 1]
S u7F 7ol obd W= 1o] S viAY o
0°] Sg=o] &4 Fhe ALt Aol A w7 el sl sk
4 GA9e ALtk =3 smooth,~ MEE 11 &4
SHrEEA L2 4 el HEl ©]dX|(Outlier) #tell @ ¥

sk, ofef et zo] Aite

rir rlo

0.5z iflzl <1,

smoothy; () = {Ix|70.5 otherwise-

wRleto @ g = 7k AR A oAl 6l ZE o)l u)
223 A3} Qg3 AA a3 Gadate) v E ) At
frk o1 918 o)x] WA AERY F47L ARG E Y om,
ohejel A& ol gale] AT

H W

mas/\ EZE‘L m,n 1ng1 (m n) (6)

i om n

(]

A7VA] H%h W Z2F v Gape] olst vl ghe
UhehlT = o SE v Ao 54 99l BE glo
B, gt A4 s el B4 Bl Fas goRA

a9 2alo] AAlold 1, AA7} ohm 002 TR

=

=]
2

o)

n. Mg 2

I 2

w =l Al W] A H7HE s N



Fa 9 69 79 BE 7] Mask R-CNN 238t Zdg o83 =2 &7 W] 44 AE I 949
(Minsoo Song et al.: Object Detection on the Road Environment Using Attention Module-based Lightweight Mask R-CNN)

Precision-Recall Graph

1.0+ —— Proposed

—— Mask R-CNN

0.8 4

0.6 4

Precision

0.4 4

0.2

0.0 4

0.‘0 0.‘2 0.‘4 0.‘6 0.‘8 1.‘0
Recall
J21 4, MS COCOI6] test-dev Ci|O|E{AlOfA2] 2z ZHE Zx}
Fig. 4. Results of the object detection on the MS COCO[6] test-dev dataset
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