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ABSTRACT

When learning deep learning models on datasets with
small amounts of data, utilizing updates and re-learning
through transfer learning can reduce learning time and
computational resources, and significantly improve the
performance of the algorithm. However, most
pre-trained models in image processing applications are
trained using color images, so three color channels are
used as input image values. On the other hand, the
gray-scale image is smaller in size than the color image
and has one channel, so it cannot be used as an input
of a model that has learned several -channels.
Consequently, existing techniques have limitations in
that they need to transform the data to fit the input or
modify the layer of the pre-trained model. In this paper,
we propose a novel method to use a pre-trained model
for semantic segmentation of gray-scale images by
adding convolutional layers to the front of a deep
learning model. Simulation results show that the
proposed scheme has higher accuracy than the existing
scheme, and that pre-trained models can be used

effectively with good performance.
I.M 2

o) 845 (Transfer Learning)S th-&% tlo]E] Al
EojA ShgE RelS o3| dHlolE o] A2 dlo]
B MES] duls) A5e /fAste geld 2 (e

el Asg ke 7178k 7] %olhl

#* 2 dYe AleA REAl 2 A REA7|E9rR1e] sHCTAFAlE A Akl o] AR efw] e (IITP-2022-2018-

0-01424)

* First Author : (ORCID:0000-0003-3026-0594) School of Electronic Engineering, Soongsil University, jinwonj@soongsil.ac.kr, &3]

(<A, sHaslel

°  Corresponding Author : (ORCID:0000-0002-4722-6387) School of Electronic Engineering, Soongsil University, yashin@ssu.ac.kr,

Aug, FA8

& 0 202211-285-A-LU, Received November 28, 2022; Revised December 9, 2022; Accepted December 9, 2022

36



Hejd Bae 5ol AL8E B 9de] Bdd -
Zo gtA AP Aok gt wEbA] RGB 3-31d
TFzo Ayl o] ggE Ede] Iz
(Gray-scale) 3’¢<S A-8317] M, s|A=x 94
S 3-A9 fAF A GFoR Fof nhgo]of sl o]
A 20 3-Ad Az FAdoll= A HRI) 1S
o= E7Ea dolErt B et wolx A "ok
lfv‘f'? A= Ay Fdo=E A s gl
hp o] ALFA #o]o] (Convolution Layer)
7Vsted, AA7 A7 dloly 7t flo] 3z

o] Aolerol AT 5 Y= A BUE A

M.

o ! m* rPE

2 o2 Hj

ot
.—Q

. Z1IE2F4 20|01 &35 28 HE J|Y
a9 12 AEFA golofE Frlste] 2
Hed 2de] 7ol ﬂ‘”&% B2 Ay 9
FAEE "Jeid 2 (E AFdAE InceptionRes
NetV2Phell, 371 Ad= %i@ ske 7lss Fdde
AE 7 A2 AEFA dolort FrtEo &
o] dojdr) o] FrtEE A=2E dlolole 27|17t
3x3¢1 370 ALE 7R 7 /) AEFA2D glelolzt
BoF o]FofA] ok AEFAD A AES 9
WE] Aol 2lo] A3 mdly) ghAgr) 285
TR ol 2w o] HeojwrPl

jaic]

=S|
=
[
Ry

e} o

E Ehmn-

m=—00n=—0o0

A7 @,y A2 9 ouAe} £ onA|Z
R, Q1Els q, Sk m, e 77t S ojulA
o] PH} 7Ade] PES Ve 3 Foll Iz

3 channel conversion
Grayscale
Image Conv2D | — | Conv2D W
3Channel ., Pre trained model
Feature Map (InceptionResNetV2)

38 1. AR delolE Fvlsle] g Ak Heid

),
Fig. 1. Proposed deep learning model extended by adding
convolutional layers.

z‘
N
of
o}: o
rlo
4]
@
5
m
o,
)
i
u

=
©

8o
i
|rt
2

AXHA 7hE B AR BEko g ?_Zé]
gk e kgl =M, 370 g
U= 37 A'd2] Feature MapS }1
29 (InceptionResNetV2)oll G = A}
Foth, AP F-%E InceptionResNetV2
ImageNet2] 1009717} A= <32l i3]
TGO R 164700 AFOR o]FolA
ojt?,

rE &)
rigt
i,
i)
o

oo
ol
-
L

m&

4 F

ol
[y
Afl,
rd
v
BN O rlo 1o of o 2

X Fol
rlr rXE t

Il AlgHE] 8 @ojas

A= AR 7S @ AEe] F8 AT
ol 7led el AluiE] B (Semantic
Segmentation)©l] #-8-3ck AJulE Z3H
TR o, sdsk A Sl
38 gl 2elEE s Ao
=

el
FAHR AE, BA A B, T HE S

>

¢

0o 1o

o2 70 4o

%

oo l-ﬂl il
Au
>

4 Fopoll Hg5m e
35 913 do|E] AEE MBRSC $1/3014
A& Frlole] AHel 94 FFoRE FdEo] lom,
256x2562] A71Z F 1,13670¢] JAS WA st
tlolE] AERZ ARESATP. B =FoA zotel=
29 A8 7]'"H-2 Python 3.8.13%} TensorFlowE A}
S3lo] FAFEL 2d T 9 G A3ge
NVIDIA GeForce RTX 30703} Intel i7-10700 2.90
GHz CPU, 8GB RAM9| A3 3t F=8)alit)
712 71Me] A7 Aol Mz JAS 37
Az WA A= 2, Aok 7L 2ds g
FAA BE QoA 3]AZ FAE 370 AEE WY
ARtk wiEe] 71E 7IHS %
Ade] sz o] A&y whd
A Ade] 3|z Gido] ARgHrh Ryl

AL 7Y% 71 19 o wades, 2y

o

]/\

O Hj
nz

O 2E —fr‘?i % Epochell
HalE Uepd Aot 71E 7He sy 3 A
Zo] AX| AIAIE, A9t 7H-2 5 Epochol| A4 €]
Wsl A3 WzksAl JeRdth o714, A% 37t
A %= BE (Accuracy), £ (Loss) 2 o) 4o
2 A% Dice CoefficientS AH&-3FSTHo.

Dice =2 -1XN Y]/ (XI+]Y]), )

37



The Journal of Korean Institute of Communications and Information Sciences "23-01 Vol.48 No.0l

(a) (b)
Dice Coefficient vs Epochs. Dice Coefficient vs Epochs

Loss vs Epochs Loss vs Epochs

1 /
uf | \\

a2 2. ¥38 3 Epochel wE AT HrF A% W3k (a)
Ak 714, ) 71% 714

Fig. 2. Performance evaluation metrics according to
training epochs. (a) Proposed scheme, (b) conventional
scheme.
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Table 1. COmparison of performance evaluation metric

results.
Accuracy | Dice Coeff. Loss
Ak 714 0.875 0.841 0.368
71& 714 0.868 0.832 0.388
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Fig. 3. Semantic segmentation results of gray-scale images. (a) Proposed scheme, (b) conventional scheme.
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