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ABSTRACT

We propose a novel deep neural network model
of encoder-decoder structures to improve the
performance of semantic segmentation in satellite
images. Existing semantic segmentation has a lot of
losses during feature compression and expansion due
to its shallow structure. This reduces the accuracy of
segmentation and leads to the problem of not being
able to distinguish objects properly. The proposed
extended connection model improves the loss of
spatial information by expanding the existing
encoder-decoder model to solve this problem, taking
multiple layers of features and creating a structure
connected to the decoder. These extended connection
models improve feature loss in the feature learning
process and improve the accuracy of semantic
segmentation by using residual learning for
upsampling. Experimental results show that the
proposed model achieves  significantly  better
performance than the existing semantic segmentation

model.

.M 2

I~

i A Fofelld] T2 A3 v EA 23
(Semantic Segmentation)< 54 W] AA| & o
HAel] mz} A o5 =97 FeaE R AL
2A, T AE BEA B4 B, B2 34 A 5
tleglt EotollA 7t 2= Q). #E &fn]EA
Hake F7 ABTFA A7 (Convolutional Neural
Network) Alde] 413 21737 (Deep Neural Network)
< o] 8%t o] 7= 9lom, Al Hiell
= U-Neto] ol U-Net-2 24 148 54 ql7r
(Encoder)?] AHE t]ZH (Decoder)® sl A1
A8 #4313 ot} E3], BalsE £ (Feature)
oA At A4S A ol ZlEA gle BAE
el e gtk 2 914 odndel] Higk &jvi

= hal
22 2] 4% e AR eFelE 2 Ak d 4

% Qs T REAY W A REA] 5 190e] dhsHCTTAIE A R1A1518] A3 3|98 (ITP-2023-2018-0-01

424)

¢ First Author : (ORCID:0000-0003-3026-0594) School of Electronic Engineering, Soongsil University, jinwonj@soongsil.ac.kr, S+

(44, SHAEI9

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

Aug, T4l

T3 1 202306-128-A-LU, Received June 17, 2023; Revised July 7, 2023; Accepted July 7, 2023

1072



S EER FEELES

3}
=

tlo

93 ghAkEl A= A AR o4 wd

il

M

sdem, qlFarelx] FEsl= SAIe] AHot #5538t
of AAe] E&te] AZEI G Adste FA7F & ‘:}'

B =T Akl #% d7d wule
ResNet15219] AA sheps]l melg- ARg-3}ar, TSt
of] Zkx}8}<5 (Residual Learning)2 AM-51o] 54 A
B Aks o3t &83hr} w3k QlFre] 54 4
<= 20l7] SI3l, o] Fof 54 ARE v
7} AFsle] 54 Are| £Ale 243 gl

e

U:

2.1 ResNet152 BlockZ} Concatenate Block

Agksh= 2 44 mele 7] 1o Hole ZAF
ResNet152 Block 52 7}2e] Q17 & AMg-31H, ¢
A% (Upsampling)S 71A13E7] #13) of2] 2 <l=v]
o] EAYS tlzmte] d#Esk=s 23 9172 (Skip
Connection)e] AH8-%tl 7] 172 Concatenate
Block of|4] o]Fo{%] =T 2] gt el
SAE Sl P ARE 23P8le] HIert v A

E 2]ulo
, S

T w3 e sk dl ERe] ¥k o]F tlay
Output Image
[ewies | [ bt i

Conv.

} Decoder 3

" Restet1s2 ‘
Block 1

ez | Decudel 2

s\q k2 ‘
Re Net152
o —+ Decoder 1

Rastioni oz

Block 4

gzl 1. AgkEl A A4 nd Fx

RLAS T |
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Table 1. Exerimental results
Metrics
Scheme
Accuracy Mean IoU Dice Coff
Proposed 89.1% 76.3% 87.6%
U-Net[1] 86.8% 70.5% 82.7%
FPN[3] 83.5% 72.6% 83.5%
LinkNet[4] 84.5% 63.2% 79.4%
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