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Abstract

With the development of science and technology, great progress has been made in the remote
sensing image land cover semantic segmentation task by using deep learning methods. However,
in view of the unbalanced pixel distribution of remote sensing semantic segmentation dataset, we
propose the Attention-based HRNet (AbHRNet) structure. First, in view of the imbalance problem
of the number of pixels between various category targets, Convolutional Block Attention Module
(CBAM) is introduced into the feature extraction network, so that the network gives more atten-
tion to the target features that we are interested in, especially the target features with a small num-
ber, and reduces the interference caused by complex background information; second, in view of
the problem of the unbalanced pixels number between target and target, target and background,
binary cross entropy loss and Dice Loss are introduced on the basis of cross entropy loss of base-
line network to achieve effective supervision of background samples and to solve the problem is
difficult to be optimized due to the unbalanced pixels number. The experimental results on the
LoveDA dataset show that the mean intersection over union (mloU) of our proposed AbHRNet
reaches 51.14%, which has a 1.97% improvement compared to the baseline HRNet model, espe-
cially helping the barren category with poor segmentation effect to double the accuracy.
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BEA&ERHEHAR AWK R, I TR 2 08 G 2 (8] 7 e N Wbt v, R s 2 e 1) 38
JER PG R LA Bt 7 78 5 o P T BT B (R DT 7 A i R LA RS PR DA B M
W2 MRS . IR G R 5515 S BIUE R — A0 T AR P AR s B B R U AR, Ik
HEREEZ IR T2 MK TR, 14 Long %8 N 5GiRH T 4 B 04 M & (Fully Convolutional
Networks, FCN) [1], i ik oify 131 (1 I 25530 TR 32 2GR SR 0585 X or &) SIMF K221 BASEH T SegNet 4%
[2], RHgmts A L RAE N S B RS S5 4, (AR T BRI A5 Bk T 15 &5 Noh
S NFEH T DeconvNet W25 [3], K T mhd A0S RN St Ak () RS 45 44, ik B8 IR B e A5 A I 24 A
R, Z2f# 7 FCN M2 1B Ronneberger 55 N it 17— MR ET U B 26 ——UNet [4], [A]
FER gt - fRRGEE M, JRTERRAE AT A 200 (5 Bk, (13 M4 Re s 7R B I 2R MR R 7 A R
(I EI4EF Zhou 25 NF2H T UNet++MZ5[5], RAREE BB IS - R0k, @il — /AR ER %
BRI/ TG RFE AN = R IR 3 SCIRIR, SEBL T B UNet SEXEHE11E U145 1. WLLE
B, HET— 2 F R EE B E R S il - MR LE i, R RURTE D 2% ok = HER 2K 7
PR B PR BGER, BB NFAE BRI RN MIEMRD ST, FIRH FoREE. ROBRSERAE, BARAEK
REE PR, Ml B Wang 25 A 42 Hi ) HRNet [61E W — DN E R ERRIT 4G, B5RINE 0 ¥
R, 2N 0P G RR DGR, B eI G B IR RR A R R oR, BRI
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78 B0 28 R R E S BIBE A AR T IR BRI R 4E, 8 MCD12Q1 [7].
LandCoverNet [8]. GlobeLand30 [9]%5, fEIX4L¥#ase i) TAE 3= B0 8 T 2000 Rl oA o ol 5 2 Jak
FRMHED, BRWSRICEN @ /r HER P EE ok 2, 18 ISPRS Potsdam [10]. I1SPRS Vaihingen [10].
ZurichSummer [11]F1 Zeebruges [12]5%, Fi| F X &%t 45 v DASIIN B8 bt v 1) M) 78 5 08 Mo SR,
X AR R, HAR R VO A R o T il p QR S M 1 LoveDA s S [13]AMX L & 1 5987
e PR EIR, JFHICE S T 2 NRTTNENS S 7R 2 W SR A IR AR RAE 5 ARG,
AR T b DU ST TEBE S NGS5 A, EXF AR £ E s8R S M TR A EE
Rsbrm . SHER, FERIZREHRK T RESMALER . o, FATRE 7R TEE M
HRNet (Attention-based HRNet, AbHRNet)&5i#4: & %6, AT LTI 5| N T BT E S E[14]
(Convolutional Block Attention Module, CBAM)# B A SGVE S 5> 2K HIRFAE, I T B2 2% 107
B R SR AT 5 LR, FRATTEAE JEHE I 2% 28 U@ I BL Al 51 N T 7658 U5 2 Al Dice Loss
[15]CASRILOT 1 SOREA IO RO B IR o BARANTS 5. B AT E b5 2 18] T T AR 2 R e R s R Ak AR
TR . FRAT 18 TAE#SJ2 % T Codalab Competitions H ] LoveDA Semantic Segmentation Challenge JT
JEI, FEAHRII A T RATMEAE KRG, mARINRAR 7 2 HE I & EA H.
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Figure 1. Overall structure of AbHRNet
& 1. AbHRNet §9/2 k 254

FEETMET, HegEGmE 2 MEKA 2193 x 3B, B30 H n K 14 ERHE, K55
FHIEIEN 270 B R G AR TR IR A A IESR DU B . AZ AN — A 0 B R B AR e 1R 5 — B BL
SR I A TN B T 4 R B A R I BRI OB (B B, e | AN R I BRI R B R . B
M T FRMREBURIRRIE, Horb s Z0R5 s MIBL r (ref{l2,-,1})BERIRE r DB SRR 07
RMRE, B LMERRMPREI N L, W r MERRM PR NS L NSRS PR /27
HAR PR R WA 2.

AL T ML 2 AR BRI BEM ] T RAERE & 1R R R B AG R . o, R HE R I
HARRATE SUE B RALRE ST, T 20 P A0 ) B & B ) S A5 B ARAERE ), BILER G 2 )5, 1
ST Y PR RFAE AR SRR, R IR i 0 R R R DR B T RS HER SRR R . AR SEald R sl 3
i, BATARES 3 M HRRIRHER AN . FINEHE 3 MFIE: F3 P32 P33, Mt FY2 A=
AN NI ORI A, TR A S0 R U -
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Figure 2. Backbone network structure sketch
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Figure 3. Multi-resolution feature fusion

Bl 3. ZoPRHERM S

T AE S 5 R 28 R A3 21 ) 22 4> 70 AR B AR O B YRR N1 S B ROR I 2% . S R i
ISR LRV Z A D PR R AR RPN, (REFEIEROAAE, IR 8B 4E
B VR IEHRGRR, m A PFHE S RRHEIE . 1 x 1 (S PHEIE TE L ARy B IR0 8, Il W2k
PEFAE L SRAETBOR 215 JR B AR RN JE AR D e 2 138 SCo3 i Hh 45 2R R0

2.2. BT HEREBNHHEFHERIURR

TR E G T, AMOAFEIRAVENR 20, AR RN SRR, M ik R
SEANRVE B FRAVES BRI HARRHEAS S, IRl 2R 108 565 Bk T8, FRA17E HRNet I T
FH:AE B 1 Hy (Convolutional Block Attention Module, CBAM). 7EJ:#E HRNet 451, Stagel [ A 4H
474 BottleNeck f5i3kt, Stage2. Stage3 F1 Stage4 (1) 3= 421 /4> BasicBlock 54k, 3 A/ 17E Stagel ) BottleNeck
BN T CBAM {£& /1, ## T CBAM-BottleNeck 55, J#4te//EA AbHRNet ' Stagel [JFEA4<4
i, BARRSEBLE R 4 Fros. e feilit 1 x 1 B8, 3x 3 BHA 1 x 1 EFG, KEBIEHE F K
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YR I E TE 7 & /7 (Channel Attention, CA)BIER L A 7% [H] 33 & /7 (Spatial Attention, SA)EiHk . {EIEIE T = 7
M, SRR F o2 5T 4 R Aok ik (Global Maximum Pooling, GMP)#:AE #14x J5°F- 43t 4k (Global
Average pooling, GAP)#AE, 1335R& 1 RE K EMG 7 (A5 B i) i KA RRAE AP S0 ARHE o T 2K E AT

ﬁﬁi"'ﬂﬁﬁﬁ’]%}:’ﬁz%ﬂm(Multl -Layer Perceptron, MLP) 3L W 4% Ji5 , | FH 32 70 2 SRR SR A& H ARFAE
mi NI A5 230 VE B T RHE R M

MC<F>= ( P(GMP(F))+ MLP(GAP(F))) @
Hrh, o s Sigmoid BEL. 1M EHRHE F S@EEREIFRHEE M T8 TR AHTR, BRRHMEF -
F'=M.(F)®F (3)

Hrh, @ FIRIBETTERHTIRE
e TVE R B R, TR AHHEE 325050 475 4 37 GMP BRI GAP BRI, 1441881 1)
R R UAL RFAE AP S5 A R AR 47 P AR B ROR 5 B XU, PRI bR e AR 2 ) i 7 1]
VER VLR M -
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Figure 4. CBAM-BottleNeck module
[E 4. CBAM-BottleNeck &1k
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2.3. ML EHH

FEASCHAES T, BR T HARIEH LA 208 525000, e fEAREERBIESE R, {
REZAE S I TR 2 BARFEAR R 73 RN SOREARI IS DL TN 1 SEIUN T SRR A OB, 3R
AIAEFEE WX 48 XA 428 R 25 (Cross Entropy Loss, CE Loss) 3Rt _E 51N T 7638 X 2% (Binary Cross
Entropy Loss, BCE Loss)fl Dice Loss. H:H', BCE Loss FT-X & 5tEEA A % & 1 Dice Loss [15]i&
Je R AR A FEA Z AR AL () FE = R 4, T EAE W AE % MG X B S5 RS2 7 2 A
I # Dice Loss 538 R A G 7E i, HALLTFHH: 1) Dice Loss FEE X515 2 73 i I EIE )
AR R HAMG R JZ TR S AT A 2) MR SorE A AN B AR AR AR 2 1) 1 T AR 22 R R, 28 SO
AL TP /N FR ) H ARBEA AT A4k, 117 Dice Loss M AT LS B & Fh K /N REA #E4T 104K 3) Dice Loss
AT DA B AR SN O A S X 5 ) o B, IR RN OL AT oAb, SCELE ROt M Re BRI
MR E R

Liotar = Lee + @Liee + 0L (6)

Hdr, o F 04557~ BCE Loss 1 Dice Loss AL E Z .
3. LM RER SR
3.1. HIEE

FATLEHE LoveDA B¥EEFEATLIGIGIE. LoveDA HidE 4 2 IR 74 538 &5 B T A2 E 5 8 5
SEEGE T 2016 4F 7 HAER AT AT EC I S @ i A AR S SR 1) 0.3 2K 23 8] 40 5 1 8 K R 2L
e, BTN 536.15 km?. iZEE 4 B 5987 Tk RGBS, LUK 166768 MRTERT AR,
FIE 0 R ST 1024 x 1024, FRIGH KR 7 N300 3 50(RGB: 255, 255, 255). & 3i(RGB: 255, 0, 0).
TE % (RGB: 255, 255, 0). /K& (RGB: 0, 0, 255). F¢ i (RGB: 159, 129, 183). # M (RGB: 0, 255, 0). 4% H (RGB:
255, 0, 255). %] 5 f&/r [ £ LoveDA HEEh &N KAl B R EE, ATUEIE R SHENEREERS,
M 538 R Z AR >, SR RIUAIE 04 . LoveDA FdR&EH &M Fid 3 MR 9 MM
YA 9 AN s B OB, MIZRERIEHE T 4 MR ISR 4 Mg 3t 8 M iddE,
A A A SR S AN IR AR
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Figure 5. Number pixels of each category in the LoveDA dataset
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3.2. SEHGEMTAIER

A SIS IE T Pytorch ¥£FE 2% SIHESE, GPU {4 T NVIDIA GeForce GTX 2080Ti 2. 7EIlZ: A,
VIR SR E N 0.1, FHEHBIEAN 0.9 BEEEMA 107 FIBEHLESE N F#(SGD) Ak as . IZRAIIEAR
UHCN 30k, batchsize W B N 8. X THIRMIHUALTE, KA THENIEET. ACP/EBERIF . MRS
a5y 2o S Ad T B TR 2R AR R JE T ImageNet $dE 4 « FRAT 1SR mioU (BRAFA 2559) 1oU 9T $411)
VE RPN TR o

3.3. SLEERKE SR

%1 ROR T BRATNITIE S5 FWATE Xy RIUNER L. BARTI S, FRATE BRI HE 28 F 45
FCNS8S [1], DeepLabV3+ [16], PAN [17], UNet [4], UNet++ [5], Semantic-FPN [18], PSPNet [19], LinkNet
[20], FarSeg [21], FactSeg [22]. ifid ELECAT LA RBI/EFAT 3R ) ADHRNet 251, mloU &% 1 fx i
51.14%, JEHTETS 5t @90, 1B, Jilh. KRHEZE 5 NINFEAR T Sm i EREE, JLHEH U
FEBARKI TR SR LI T BRI REER T, IXUERA 1 A5 A sk xof 28 ik MR s P 78 5 18 S BT
FRA TN .

Table 1. Comparison with mainstream semantic segmentation algorithms on the LoveDA dataset

= 1. £ LoveDA BURE L5 RIEN S EIF LML

loU accuracy
Method Backbone mloU (%)
Background Building Road Water Barren Forest Agriculture

FCN8S VGG16 42.60 49.51 48.05 73.09 1184 4349 58.30 46.69
DeepLabV3+  ResNet50 42.97 50.88 52.02 7436 1040 4421 58.53 47.62
PAN ResNet50 43.04 51.34 5093 7477 10.03 42.19 57.65 47.13
UNet ResNet50 43.06 52.74 5278 73.08 10.33 43.05 59.87 47.84
UNet++ ResNet50 42.85 52.58 5282 7451 1142 4442 58.80 48.20
Semantic-FPN  ResNet50 42.93 51.53 5343 7467 1121 4462 58.68 48.15
PSPNet ResNet50 44.40 52.13 5352 76,50 9.73  44.07 57.85 48.31
LinkNet ResNet50 43.61 52.07 5253 76.85 1216 45.05 57.25 48.50
FarSeg ResNet50 43.09 51.48 5385 76.61 9.78  43.33 58.90 48.15
FactSeg ResNet50 42.60 53.63 52.79 76.94 1620 4292 57.50 48.94
AbHRNet w40 45.33 57.16 56.86 76.64 17.81 4361 60.60 51.14

T X BRATER W SO B R T IR, RO A OCHIE RS . IR 2 ARG, fEHEE
M 2% HRNet [, mloU 4 49.17%, Ti7EETMZEH 5N T CBAM & /1), mioU iA%] T 50.79%, #&&
T 1.62%, JUH AR T 40 IR 2 (15 i (Barren) 280, 3 #0KG B2 LT BT 1 4%, X35 N CBAM
R IHBIAVOBAROGES] 7 HERD RIS, NSRRI T HE 2 0 E, Ll 7 A Rk
RE b Th o 1A v RN 8 A8 SO A I At B, 51N T o0 a8 U5 2 Al Dice Loss Ji&, mloU i£ % T 51.14%,
WD T 0.42%, Ui BHIZR S AT LA A B A, RS B OR BRI E AR A ST Ry
AR E
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Table 2. Ablation experiments on the LoveDA dataset

%2 2. 7 LoveDA #iEEE _ERY;HRESIIS

Method CBAM (BCEEI;ice) Background Building  Road Water  Barren  Forest  Agriculture l\?‘!/g)u
Baseline 43.46 57.65 53.12 73.82 8.67 44.39 63.07 49.17
«/ 44.26 55.96 5755 7732 1519 4421 61.06 50.79

ours V 45.33 57.16 56.86 76.64 17.81 4361 60.60 51.14

SbFEE, AT BRI EA R IR R, BATELEE 6 HF BN THE LoveDA Hi#iE 4 L
B RITAAGEE B, 14 6(a) ARG HE IR S, ] 6(b) Ak HRNet 2% 10 #145 5L, ] 6(c) hFkA
$EtH ¥ AbHRNet 2% 43 B 45 R . i 88— A7 IR 1 AELRAT I 5 R B o BT A 25 5 . WA 2,
BEHE HRNet W 2644 K 43 (5 b B ARRE AR A 3 H 73 2N 1S SOREAR, ﬁﬁﬁtﬂ]aﬁzﬁm HRNet 45, M4
RS it B ARREA SEIL 7 IERA I 438 T 28 AT R T AESR T st B U BT A g R . 7
BI04 N ATTCUE R, (EFRATHE H 07732 SEE T O Rk S S A S A 2 0 SERG 4l 2 1 o el i
AIAAGIZER,  [FIRETE IR T 3RAT 14 1 7 VETE 18 K UGS X BT 55 SR8 T AR 4R Tt

(@) JRifEEREIE (b) FE#E HRNet 73 %145 (c) ¥t ABHRNet WaRAIELE S

GE R H K Jied AR K H

Figure 6. Number pixels of each category in the LoveDA dataset

6. £ LoveDA IBREF ZE M KANIGRLE

4, &5ig

ARTCHEH TR I HRNet (AbHRNet) k26 H 38 I B I W) 78 2 18 (R S5 . Eoe, i
FERFAESR BRI 2% th 5 N BRI (CBAM)BEER, 5 BRI BN SGVE AT 1 HARRHIE(S B, FFh

DOI: 10.12677/csa.2022.1212269 2664 THENUR 5 N H


https://doi.org/10.12677/csa.2022.1212269

CST R

TR A BRI T I RN, BRATTIEAE S HE R 48 58 SO R (86 Al B 5T\ T e 38 Uik
A Dice Loss, LASEHUN T SUEAR A RCRE, IR 7 BARAE 5. B ARATH br 2 8 d i AR 2= Bt K
HERAHE APLAL I 1A AL fe 26 IE4NAE LoveDA Hudlidk ERISEIs a8 R REORI, BATRIIEIL S T HAL
PERE, JCHRAENFIRCRA MR A T, SEHL TS R Ei -

EHEWH

E XK B Rl # 54 62271336,
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