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Abstract This paper is related to object segmentation using ESRGAN(Enhanced Super Resolution GAN)
and SSS(Semantic Soft Segmentation). The segmentation performance of the object segmentation
method using Mask R-CNN and SSS proposed by the research team in this paper is generally good, but
the segmentation performance is poor when the size of the objects is relatively small. This paper is to
solve these problems. The proposed method aims to improve segmentation performance of small
objects by performing super-resolution through ESRGAN and then performing SSS when the size of an
object detected through Mask R-CNN is below a certain threshold. According to the proposed method,
it was confirmed that the segmentation characteristics of small-sized objects can be improved more

effectively than the previous method.
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G2 719 F5% A 718 17 AA A=
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Ok APE| ) H =FojlA] 2] HE(object detection)
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[Fig. 11 (a) Object detection in Faster R-CNN, (b)

Instance Segmentation

Semantic segmentation of FCN, and (c)
Object segmentation in Mask R-CNNI[1, 13,
14].
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[Fig. 2] The architecture composed by adding mask
branch to Faster R-CNN(ResNet/FPN)

2.2 Semantic Soft Segmentation

o=0] AA] B BHE(3, 15, 16, 171014 9u|&E
2 2ok 9ol Aest SSS+= [Fig. 317 20| Deeplab
ResNet-101 7]4H18]9] EYZE AMEsl 128%1219]
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‘res3b3’, Tesdb22’, res5c’ FANA E¥H EYWUES
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[Fig. 3] Feature extraction network architecture of
SSS

i
Positive pair

®

[Fig. 4] (a) Original Image, (b) Feature vector
extracted from 128 dimension using PCA, (c)
Segmentation result using PSPNet, (d)
Segmentation result using Mask R-CNN, (e)
Segmentation result using Spectral Matting,
(f) Segmentation result using SSS[1, 3, 5, 20]
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2.3 ESRGAN(Enhanced Super Resolution GAN)
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2.3.1 Residual in Residual Dense Block(RRDB)

£ =704 ow|R] ZsidEE Yl A=t 71E9
ESRGAN 3Fd& 417171 918l SRGANS| A3/g=
TFROA T 22 F 7HA] B AR EEela Q.
SfU}+= &E BN(Batch Normalization)3& AHAIgH A
ola1, t2 st [Fig. 519k ol AFE RRDB
(Residual-in-Residual Dense Block)& ARHEsh= A
o|t}. BN iR 9] Hital 4k AMS) EAEE T
ket E™stal, EHAE Al AA| HolgAe] BF4
I} BAS ARESE| ool S} HIAE HolEAlY]
A7 3A B A5, ADH ARG oprlsta gRt
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shl= A5 A7 Aol Stk ESRGANS BN
T2 AATLEN TS HIAFIHEA et s
S Fol1 A4t EFEE £91 Aol

ESRGANS] 7] EY T #£xE= SRGANS £%
£ fAeHHA [Fig. 5(b)le} 22 RRDBEH= 2L 7]
B B2 ARgelt) o B2 23 dFo] = A A

So] FArHETH= Residual Networks[22]15 7|8to =
A|2kst RRDBE 7]1&9] Residual Block®th © Zi1
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Residual Block (
sl_|lo >
::)l
SRGAN RB w/o BN

Residual in Residual Dense Blo( k (RRDB)

[ ¥ Sl

(b)

[Fig. 5] (a) The structure in which the BN layer is
deleted from the residual block of SRGAN,
(b) Dense block structure of the proposed
RRDB
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9] Alog yepd 4= it} o o= A|TLEOJE Fho]

S

I Cla) i obd) Watslx] ghe ThExle] 22 ol
o, ESRGANOIA A§3 Ao B wa 4 (1)t
2k o714 E, [Cla)]e vl 210 g 2E 7bg
Holels] S oJuiich. olg AR WA £4
Yot A Q)2 Zon], YA AT A (3)3
Zo| wEAe] £AYSot YA FES Heolt,

DHa(xr,xf) :J(C(JJT)_EII[C(If)]) o)

Lgﬂ:_Ex’ [log(Dpu(-T,,, Tf))} 2
—E,tf[log(l — Dy, (xp,))]

L§'==E, llog(1— Dy, (z,,2,))] 3)

fIEIf [log(DRa(fBﬁ z,))]
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< B9l YuEH B2 FP3it. [Fig. 612 Ak ¥
WOl SAEE Uehd Aolx, [Fig. 712 Ak ¥ 9
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Start 1

Extract 3D feature vector
using PCA technique

!

L Semantic Soft Segmentation
Mask R-CNN based using Laplacian matrix
Instance Segmentation T

Input image

Territory merges
using watershed technique

I

Object Segmentation again
using segmentation image

[Fig. 6] Flowchart of the proposed method
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|
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g

A7 e} 2717 22 ¢l v]HRE 8889 £ 54e
A8 £ dse TP 2t Ao

ot
g-gsto] A olw|RoA A
AE AEskr Bt Mask R-CNN 222 [Fig.
812} Zo] 7t AA|9] FAEA AHel AR EokE vt
23 HR AA| FF(class_ids) E AL HISksict

3.1.2 =ofjAst

Mask R-CNNZ &85t} ZdEd A4 FoIA =27
7 44 7I¥ olskl B¢, ESRGANS AR&sf [Fig.
8(b)]et ol 27 ZA oluAE gy 4uf Zsid3t
£ 3T O34 ¥2 A o9 AAle 2o

o017 ghett.

Bh,

(@) ® © @

[Fig. 8] (a) Image with object detection completed,
(b) Super-resolution of objects based on
ESRGAN, (c) Image extracted feature vector
using PCA, (d) Image with SSS applied

3.2 SSS(Semantic Soft Segmentation)
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A, S kg Qi) ol $sS9| B AE vRte
= sk uigsos THE WANS Aus) 9A
T B 39 o] st WA WHo, B
Qo Aol SIS gk WA wigoz Ay
=74 959 [Fig. 819 TR 3 [Fig. 9IS
Fxsto] [Fig. 9IS 22 AHHE B8 593k

(a) ©
[Fig. 9] (a) Definite background area(white), (b) Deﬁmte
foreground area(white), (c) Images with markers
set on the foreground and background for
which the semantic segmentation result is
certain, (d) Image segmented by watershed

with Fig 8(c) and Fig 9(c)
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Ground truth Mask R—CNN ?‘;mgﬁ:aﬁgg Segmentation Segmentation
em + bilinear + ESRGAN

cow.0.989 cow.0.989 cow.0.989

cat 1.000 cat 1.000

dog 1.000

[Fig. 11] Simulation results using multiple object segmentation methods
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