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Abstract
Remote sensing image semantic segmentation is a computer vision task to assign pixel level se-
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mantic labels to remote sensing images. With the development of sensor technology and deep
learning, deep learning algorithm is far superior to traditional algorithms in accuracy and speed.
Among them, the algorithm of high-resolution remote sensing image semantic segmentation based
on deep learning has become one of the main research directions of many scholars. This paper
mainly introduces the related algorithms and network structure of deep learning in remote sens-
ing image semantic segmentation. First, the semantic segmentation CNN network is introduced,
and then the semantic segmentation algorithm of high-resolution remote sensing images is de-
scribed from three directions: first, combining multi-scale, multi-stage, context aggregation strategies,
second, using post-processing technology after semantic segmentation, and third, combining atten-
tion mechanism. Then we introduce the classical datasets, and finally, summarize and prospect the
development of deep learning algorithm in the high-resolution remote sensing images semantic
segmentation in the future.
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TSR DAL AR BRI P R R, T = 70 R 3R 0 B R TRE T T AR [1]. VP2 B AR )
TENGEAT S, 0 BAsi[2]. BUKUCEC[3]. 18 XAy EI[4]15 408 5 2 B UIMI o6 . IR MRS U & —
TG H B A BRERVERIAESS, Rl @ o 20 1 B U 008 oy &), EIE BEHEHL5]. 30 T AL [6] A0 L1
8 5 3 [ 7155 77 THIEL A R R bk B 1 R = S

& G RGOS LI F B N —RONERE T X G IHE, H—RRETHIES TN
Tike XIRAEHEF EMEGEF THIERAE, 8RR MR WIGEGE 53R HI8]. Xis
TR B AEAR KRR FE L BT 4 57— > B A% s AR &1 DX S AR LA ) & bt . Maxwell 55 A [9]F0
Ton %5 A [10DE BB b 23 7] 43 20 0 SR MG B T AR AE AR D G Rt . SR, i ARAE7E = 25 7] 4 26
M EG LA R 4., XS5 G B R SN 7 RN IR IR 7 22, DR ASOR e B R fE ik A7 40 81 2
JoRCHI[11]. Lu %5 A[12]F0 Yang 55 A [13]FEELSCHRHE T 25 18] oy HE 2R R i oy ). R, IR 48T
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AR, BT IR 1A 5K FRFE SR BRI R R nBe /7, R iz A T B b BN TSR
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BINMR 2 2 FH I T AN HAT 7 oudE, ER SR B R4 T (1 5 7 PR e K R, bR e B
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Figure 1. Pyramid networks with different feature
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Figure 2. GLNet network framework
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(HCANet). %M 2% BAKLLT U-Net [Igmidas - MERGAS A, BB T M/ 53 1 25 T 2% B 4 - 1
(CASPP il CASPP+)#¥iHt, CASPP fRELERAR 1 U-Net [ 52 Hil fk B 1, DAREL ResNet %215 SURFEI
Z R R E R .. CASPP+ISHLR ATE HCANet fiErd a8 rh a2, DARft B R SUE BRI KR & 812 .

TE HCANet FIfRAD 25, CASPP IHSRISHIZ RIE L N X EBWBED EEI, AT Eo#RiERES
HIE LA,
3.2. [FAEBREAR

N T IREE A EIRERE, BT 4E LR, R LS 5 N S B R AR G s . —Ff
JE A B AR AR L 2 ST 77 A 0 4 BB AR A2 00073, a2 PEREHLIZ (CRFs) [16]8k 7] Sk s
(GF) [49]. 4R, IXEe) 2 e ), T FLoodh 2 ik 0. i 56 FIR B 2 ST R K5 55 i€ 25 (DGF)
[SOTME R, Z VAT LA e B o 5y — Bl AT I AC R 00 U7 VA R A R BE I 4%, il ik AR 45 4
(ISS) [51]2 vcHsti N UG AN oy B R I A A LSk it EAT Ak . 2R 2E T AR, AN B )
NEUGARIR . 5 1SS —#F, I PSP [52{H 1A F M4ty %, (ELERANANGRY BU N 1 3 i
SR o R, 3K 5 Y E AT A i ) Y B A1 4 152 T 200 4 38 S 5 BB IR I kg . AT 2 5V B E
kg H AR 4y, 5140 PointRend [53], B3k i A AL B T ANA 2 AL 15 R 0 2R E5 B . PointRend ¥4
L5 RAEHELR AN 1] 4 F7R
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T PointRend HIHINSE —/NMRBE LS I R ZREAE,  RIL 2B XS BN 2 B 3T B T TR0 5. FEh
fii -, MagNet [5414& H T — AN A AR R0 RUE 200 B HESE o 26t T AR 23 1% i T S A 2
REAS DR R 2 0 s ) B A g 4, R PE AR B VA I BE 22 1940715 . MagNet 5 2 AN bR B, Horp g
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4. BHRYIER

2 M ERAE U B A L BHE (2 1) DeepGlobe. ISIC. Inria Aerial. Cityscapes. CamVid-
COCO-Stuff. VOC2012, Hri = MR E T m o,

DeepGlobe -7 56 73 F R 5 /2 55— MR AL ST R A Hh DX (1) 50 20 R K T2 R 1 2 L v
. DeepGlobe &t | -LAN KM HIMR R PARSE: Wi, Rl #dz. Hbk. K BRI, &
A5 1146 FRAFERE BEEG, K/NBH 2448 x 2448 1%, SUIRTH L0 35 0 5 BURE M L,
DeepGlobe A7 B} 5 5 w5 ¥ 43 9% 22 A0 5 B A

ISIC Bt 7 KEM B BEIE . S04, 1SIC AL EI53E5E, Hh 2594 5kkEH T
J FoR e i 25 1) S REAS I EUR 2 . BT 1 A0 P b T B S b AR v 4B R P R R A2 1)
frE . Il 64% BRI BA B P mRHEEA 6682 x 4401 153 .

Inria Aerial #8210 a5 1 A 5] A4 T S50, A3 B 1 DR T X 380 v 1 L AR Pk 3 e $2 4t 1 180 5K 5000
x 5000 & AIEIE, FFKEHGESREIA @R, AR X i f#iS . 5 DeepGlobe A[RIHIZ, &%
WTRI RS WS, WA ZBENL .

Table 1. Classic dataset
1 RHIESE

b G/ S KR SRR F 4K UHR EIR 10 &t EG A2
DeepGlobe 6M pixels (2448 x 2448) (ZH—R) 100% 803
ISIC 30M pixels (6748 x 4499) 9M pixels 64.1% 2594
Inria Aerial 25M pixels (5000 x 5000) (%R 100% 180
Cityscapes 2M pixels (2048 x 1024) (Gi—R~) 0 25000
CamVid 0.7M pixels (960 x 720) (G—R) 0 101
COCO-Stuff 0.4M pixels (640 x 640) 0.3M pixels 0 123287
VOC2012 0.25M pixels (500 x 500) 0.2M pixels 0 2913
5. AIRRE
ARk, BBIE X HIR Rl , FCENEMZ TS, H 2 e 0 30 08 K RO S o B IH T I
it 2Pk

1) BEIUEHEIR

VENBAE IR T, IR S SRR L BN R AN e AR AR R DA, X 75 20K T AR5 3
P ST RE PSRRI, IR BRZ R B I 2 TS BV R] SERQIRAREAY . SRTT,  REIRATUR
(IR IR A7 AR R 0 5 R SR (1 o, R AR 2E) o

2) 2 R R A

N AR BE 2 SRR AE R K B R 7 TS Bk Jg, e AN 7 EERE S R AN HE B S B E B . HRl,
P IR AR AR AL B (U0 T sh A sh) ™ A4 1ok B A R e - SR, BF T 224 R B 2 1
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NG, AREN IR AR AR . SR IMEA R BRI PP A B ) B AR P REAR 2. HTLHA)
K 1] B — AL RO BkAR,  IF BAE MR GERIL AR 2 2T BITR L 22 ST BT A 2 S I SR AR A A

E&WE

X 5 AR BE 5 5 5 (No. 62072024) ;b 5 8 UK 7 Ab 5 R SR 3 17 B v i K 2R B Hh O B B I H
(UDC2017033322, UDC2019033324); b3t & 50 K 2% 1 @ my e J AR b 55 9 1 T % 4 B Bl(No. X20084,
ZF17061) ; b 5% & 5k 2 WF 70 4 60 39 0 H (PG2022144) ; b 5 i & 20 5 A B # s o 6 3 i H
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