— iDL bF B FRAE I X 4> X deeplabv3+ig X SR AL
F S, ], X, Tk

FIHASLC:

T TR KR A, — ) S B AR B L5032 deeplabv3+3 A BIBERI[T]. 0 HE R G241, 2023, 18(3): 604-612.
WANG Xiaotang,YAN He,LIU Jianqi,ZHANG Ye. A new deeplabv3+ semantic segmentation model of edge gradient interpolation
with double branch structure[J]. CAAI Transactions on Intelligent Systems, 2023, 18(3): 604-612.

FELE L View online: hitps:/dx.doi.org/10.11992/tis.202111023

L] RERGBR A HAN SO
455 R IR A SN S 4%

Global attention mechanism with real-time semantic segmentation network

FIRER G 2F4R. 2023, 18(2): 282-292  hitps://dx.doi.org/10.11992/tis.202208027
XUZFR 210 S F 2% J 58l 37500 H

Double-residual semantic segmentation network and traffic scenic application

BHER G4, 2022, 17(4): 780-787  hitps://dx.doi.org/10.11992/1is.202106020
G S IR S BRI A N 5 0] OGRS RS

Infrared and visible image fusion combined with brightness perception and dense convolution

BHERGFR. 2022, 17(3): 643652 hitps://dx.doi.org/10.11992/tis.202104004
FET B Sy EI R TS A M AR A T

Concise line portrait generation method based on semantic segmentation

BIRERGI M. 2021, 16(1): 134-141  https://dx.doi.org/10.11992/ti5.202101003
A ROV I 45 (AL AR SRR P (5O R

Super-resolution reconstruction of airborne remote sensing images based on the generative adversarial networks

B BE R G 244]. 2020, 15(1): 74-83  https://dx.doi.org/10.11992/tis.202002002
FEF U H A AN = 4

Face reconstruction based on binocular stereo vision

FHRE RS2~ 4. 2018, 13(4): 534-542  https://dx.doi.org/10.11992/tis.201701020


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202111023
https://dx.doi.org/10.11992/tis.202208027
https://dx.doi.org/10.11992/tis.202106020
https://dx.doi.org/10.11992/tis.202104004
https://dx.doi.org/10.11992/tis.202101003
https://dx.doi.org/10.11992/tis.202002002
https://dx.doi.org/10.11992/tis.201701020

5518 B 3 W B OoRE R & % it Vol.18 No.3
2023 45 H CAAI Transactions on Intelligent Systems May 2023

DOI: 10.11992/ti5.202111023
[ £& H AR 3B 3E - https:/kns.cnki.net/kems2/detail/23.1538.tp.20230320.1616.012 html

— 1L 5 B HRE{E A W5 32 deeplabv3+ig X 5 £ (R EY

ok E, A, ) B, Roue
(FREIRF BILALFRFR, £R 401135)

FE: E X deeplabv3-+fiE A 25 SR FH AR M 4 B 1 B — 43 S 454 2 5 35 AR 0 s i e 400 2K L o SUAr BORG BER
i B TR, SRR 11 (Sobel) BT 31 3 4548 2 IR AN TR) 7 ) 19 300 G5B 8 (- 285 6 W = O (L 30k, 2 8 —Flid
GRS AT A D7 v s AE BLFERE b, X 1/8 B A R S5 i A% A8 5 0 SR I 20 B0 I 2 A% b 4 1B T 2 R F B 5 RN 0 2R B
BE 248 AR EERAE, OF 5 1/4 B AR EFERL G J5 PTI0GB0 B 4 1% LR EIRAE, A48 —Fh il 2 40 B
B A W3 32 deeplabv3+E AT HIRERY X LESEIR 45 SRR B, A SCJ5 VA 7E VOC2012 $i 48 L 5 i o3 B 7 S
¥IZZIF LR AR AT 2.2% BUER T, ELX Q0 2 24075 70 30 B A e 50k
KR NG UGG A= RGN IR 5 deeplabv3+; WA L 4544 ; f T 4% 5 15 L%
FE XS TP391; TP181  EAFRE: A X EHRS:1673-4785(2023)03-0604—09

s A ERE, 9, NEHE, & —MHBEBEERERN NS X deeplabv3+E X 5 EEE [J]. THREREAZFMR, 2023,
18(3): 604-612.

# 5| F183(: WANG Xiaotang, YAN He, LIU Jiangi, et al. A new deeplabv3+ semantic segmentation model of edge gradient in-
terpolation with double branch structure[J]. CAAI transactions on intelligent systems, 2023, 18(3): 604—612.

A new deeplabv3+ semantic segmentation model of edge
gradient interpolation with double branch structure

WANG Xiaotang, YAN He, LIU Jianqi, ZHANG Ye

(School of Artificial Intelligence, Chonggqing University of Technology, Chongqing 401135, China)

Abstract: Aiming at the problem that the single branch structure of deeplabv3 + decoder with bilinear interpolation is
easy to lead to the loss of high-frequency components of an image and the low accuracy of semantic segmentation, the
Sobel operator is used to calculate the edge gradient values of each pixel along different directions, and by combination
with bicubic interpolation algorithm, an edge gradient interpolation method is proposed. On this basis, the 1/8 input im-
age and the encoder output are interpolated up to twice the edge gradient, then interpolated up to twice the edge gradient
through feature fusion and edge gradient interpolation, and then interpolated up to four times the edge gradient after fea-
ture fusion with the 1/4 input image, thereby a double branch deeplabv3 +semantic segmentation model with edge gradi-
ent interpolation is established. The comparative experimental results show that the proposed method has improved MI-
OU indicator by 2.2% on the VOC2012 dataset compared with the original model, and has a better visual effect on im-
age edge detail segmentation.

Keywords: edge gradient; image interpolation; bicubic interpolation; bilinear interpolation; deeplabv3+; dual branch

structure; decoder; semantic segmentation
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Fig. 9 Visualization of the comparison experiment between

the original network and our method
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Fig. 10 Visual comparison using different interpolation methods under the double branch deeplabv3+ decoder
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