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Abstract

Since the implementation of rural revitalization strategy, constantly promoting the improvement
and expansion of rural farmland, the detection and extraction of its area through remote sensing
image plays a vital role in guaranteeing the development of rural industry. Aiming at the data set
adopted in this paper, the ordinary DeepLabV3+ model lacks attention to the features of strip
structure region and discrete structure region, and lacks adaptive feature layer fusion process. To
solve this problem, this paper proposes a lightweight improved DeepLabV3+ model with Mobile-
NetV2 as the backbone network. Firstly, remote sensing image features were extracted by Mobi-
leNetV2. Secondly, the global average pooling layer is replaced by the strip pooling layer in the
spatial pyramid module (ASPP), which is convenient to extract the feature information of the strip
region and discrete region. Finally, in order to obtain multi-scale feature information, an adaptive
feature fusion module is added to fuse features of different feature layers and improve the feature
representation ability of the network. Experimental results show that in different types of data
sets, the performance of the improved DeepLabV3+ model is improved to some extent compared
with the ordinary DeepLabV3+ model and the existing mainstream network models, which to
some extent improves the deficiency of DeepLabV3+ and improves the semantic segmentation ca-
pability of remote sensing images.
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X TGS o8], 2012 4F AlexNet [1]FIH TR 52 ST 1 R SR BEE T DUl R R I3 AT 2013 4RI%
JEH R Z(DCNN) [2 3B H2 0 26 SR (K08 B R, S RINLES 2 2] 7 A0 b B S i K R RRAE 42
HUBE 775 2015 4F UNet [3]511 SetNet [4]55 5 T-4uhil - fERD 5 M 10 WX 28 25 00 A% T 2B R A N 45 (FCN) [5]
AR, Hor UNet S FLBIEZOEE RS PR TRHER S, S8 (U RRIER B R T NS HH 5
2014 4R H DeepLab %741, DeepLabV1 [6]d it Lsiith b2 fRUE THRHERFREAZ M, HINAT G
TP KR 32 B 30 40 3R A5 TR S AEA5 2., DeepLabV2 [7]#2 H 453 %% 18] 4 - 25t AL 2 (ASPP) LA 3R 15 £ R 3
HRFIESS 2., DeepLabV3 [8]INVR T WLt 4iH, 1E2 M7k Zh s 7 EE R, JE/E DeepLabV3+
[OJNRFH T 9hd - fRAG S5 M, 8T 0HR B PR 5 R ERHEATRVE, 38 T BE IS LRI T,
HFEIRHAAE— AR, W DEE B 75 %K HIRAAEFLIFSE .
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RN B 2 AR 5 R0 2 2. 2018 AR HE BBk 22 VE B THLHI [ 1038 AN [Fla@ E R 7 AN R ALE, 1
i B @, AT AN B 7R B ARRAE, XX T 2 9 BB IR EGAE B R T ARKER s [H
¥ 2018 432 H #J CBAM (convolutional block attention module) [11]FIFf3%F T iHiE 5 EH AN HE 2%, £
TIEEE RN S S R EE RN, FE TRERSREG HhAh 2021 G4 H B ARBRVE R I HLEI[12] 22
T AR AT THRHESR RO R R 5gme, KA B AE B N B E O, AN [R) 2 6] J7 T AR R AR ik
AT

UbAh, IREEF IR — e R R RIS IEH T AR 5 B S EIB )k Je, Rl e E 2
TR IS SCRE T, B0 T ARAEW I 52 01 K R T AREE A . N2 BRI ARAE o3 2515 T 4 52
i) R R 2 STAR A . 2019 4 Pena [13]KF SegNet F T ARAEWE L&, S5£&GHNLES: 77
VEAHEL, KSR AR B 7 ORIRFE I HE T 2021 A T 408, (i 145 NIE I #vE & PN 2] DeepLabV3+
A, REEE S T A 1) DeepLabV3-+42Y,  H 4T T-Jo AMLHA TR 1) 2 i sk R AR AR SRS BE v T
AW 2021 4R, XA, AL 1S U R A ) TR E TR AR K 2, AT B i 1K H
A% BIKEEE ;s 2022 FAEPEA, XIPME[16)58 NiEid ol 25 (Al & F AL 2, N T 403 I A A A
B R A, A TR T AR BRI G RN RE T 2022 FERME, SBR[ 17 R A AN FR AR
TEVIRANRIES B, MRZ SIRZFESS Gk, R FHIE R RIERE

M EREERT TR I, A AR T ARAEWIE o3RI RAAAE — E AL, R y: 1) A SE
BPrif Ol 5 AL, A R AE A X ARG SR B o0 A . B AT SEAE T, SR Bl i 5 o %1
B BA R, 2) BEERHAEGRER G720, RG] A EZE R REE R RIERIS, TG S
B RMT: 3) RAEGM T FEAA 47 10] 757 K 1 5200 o

BEXTCA B AR, AR SCER RIS DeepLabV3-+5 A HEAT cu - #EAT AL VT AT, $RH T DUR ek F g
1) {8 4 R~ it A AN BT ik Gt & 5ok B IR XS5 45 B, DRI B i J5g 2 [R) - 26 b 1) 4 e P 3
WAL E RN RIEMALE : 2) NN B RURHE A S B, FERRAERD SR NN 2 ROBE @ IE v E = L], T
TAFIRBERFAE E A R, 4 mo /N BRI GRS, B AR Al & i R b e P 90, $R TS
R &R, 3) FIFIZEH) 478 3L Focal Loss [18]5 Dice Loss [19]Z2fi# 1 FEAS AN P47 1) 7]

2. PIEIRE
2.1. DeepLabV3+iEH!

DeepLabV3+1 8 7E DeepLabV3 B2 [ JEMl It gty - fRfSasf. B, FH0T-4mbdas sy,
AR I T AT REE S O S VR B AR AE I S A S S R RIS U RS2 B, 3R
W2 REER: HWR, 0T esansy, %3500 o i 8% 35820 4 1) R SRARESS BibAT ke, I 5%
T AR N PR RHE AT 45 6 B2, B SRR AR5 T Mg, BRI b an s 1 poR.

Uk 5 (1) DeepLabV3-+45 L ot 19 0 4% 18] 4 - I WA IR B2 ROBEAS ., 38 N5 AR 1) gk <2 35 (1) [
I 22 1 DR SR it Ak 2 B AR B R FE T S B0 00AE Bk, BJE 8 190D T SRR 2 R I 25 n iR
MM EE B 1K, DeepLabV3+HAY R 1 9t — fAL 1 77 2R -G SR 5 IR 2 RHIE I B RFAE Rl & 1)
H, HrXR ERE R AR 7 SR MG E 7, I8 R E Rl & A9 R IE R IA B 3G 54

2.2. ZRMULE

I MAL 2 AR R R ZE M 2% S5 ), S /KT I 5 T BT Y — ZE S BN A N TR A — 4B A, e
HHTRE, JF5 A RHE AT . A 2 P, SRR A H x 1 A0 1 < w IS — 24646
BN B GEAT—dEE R, mald). 2RQ)FR:
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Figure 1. DeepLabV3+ Model
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Figure 2. Strip pool layer model
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P

z::o(expand(zf(h))+expand(zf(m0)) (3)
i=0(F(z))®:z 4)
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Figure 3. SP_ASPP+ Module
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Figure 4. Part of the special samples
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Figure 5. Local channel attention
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JRFRIETEE BRI A 5 Bros, E o, @ AR HxwxC IR EERIESi N 1< 1< CHY
FRAEE . BARE R a2 X () fros:

1
HxWw

Lrf, He WL C 3o N B G I . TEANEES;  F, N R ERE: o, R RISRIEE.
Hx, WEERRRAEES, REEZFFRR, FEH A ReLU S B AN VEAUE
oA, AR IEE FACE s. BRI 5(6) B :
s=F. (W) =0 (g(z W)= (W,ReLU (BN (:2))) ©)

z =F (uc)z

c sq

iiuc(i,j),ZeRC ®)]

=1 j=1

\

St W, R, Wy R ) BN R (IRIE, F BRI, = WS SIS G
MW, 73 WRNE— R ERENE ZRERERE: r NE4ERE . &GRS RIRREAAHTE, 19305
FIRME. BRI A (T FTR:
X, =F . (u.5.) Q)
HA F, R TRERAE
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Figure 6. Global channel attention

6. EFBEEEENINE

AR IETE R 5 R B EE SO 6 Fron, RN H x W ox C FRFIEIRL, i o 4EA
[ 245 FE PR TE B AR R . R B TV e AL A R e it A B S, A B B R R —
MEERRZ L, RN oE TIEIEZ ME SRR, XN B AR RS IR B A B
BREE, HB TR T AR BT A ERE R R E MR A S BEE N EE SR, Bt
JREIEE B IS T 2R, RERREE, BERA 1 x 1 BRI AR K i@ 8 Sy
JERA 1/16, I AR S HIE 8] ARG E, IFRHRHE BIEIE SR E N C.

23.3. IREBETEHIE
Z RBGEE R 456 4 REE s R REEEE S, WE 7 PR, 6 26REIEEEE L TE LT
M DGV T BB 2 IR OR R IF HAR R T MG S AN R B ARSI s K, AR BB TE R AP & 5
2P, BEIOGEN B ERRHIEE . @ g G AR EEE SR RMIEEE R, BICRHERE T
FEA e PS40, ST ERTE X BN FE I St . AR R in A @) k-
Z=7®(c(4(2)+B(2))) (8)

Horb, Z NMANRIRHER, A4 NREEIEE RS, B NERBIETE S, o )y Sigmoid BUH K, ® NXt
RiJCE mTe,  Z F e e o
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Figure 8. Adaptive feature fusion module
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B Ji i R RFAE B

T N A AT Rt R 5 [ T 6 AN ] RUE AR AR PR AT AL JRy LA I 3832k 5 B S O R A J2 AR AR D
BB T RN BT 5 S L

2.4. i DeepLabV3+iEHE
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Figure 9. Improved DeepLabV3+ model
& 9. i DeepLabV3-+iEHY

HUdE DeepLab V3R UNIE 9 7R, B 5G, JEIRHAESE LSS MobileNetV2 & T M2 S BURFE: FLIR,
It SP_ASPPHEEHUAI A A2 B (1 R UL A 2 R BARE B a8 IR B G RURFE fl A 5
PO AN [ ROBE B RHAEAS B TR

it DeepLabV3+BL R B e o3 | i T4 5 P30k i R I TURAE B TP, EFRTREARAR & HBLH
SIVEERI VL S B B f 5t SP 2R TRIAL 2, 80 1 RFIEAS BRI ELRE 77 FOR, B TR ZRHIE 7 P
L, WEHEEZAE. MEEL, MEERHERA ERTE G E, (HRSHRIE, X401 RSN §E 71
w7E, @ B IE RRHE RS AT DL B & R B R R O BIR EE HRHE R E S, &R T
LI AR S T R 1 B T RBEANE SUE BA— 80 R 1G24 .

2.5. EEH

N T R AT 5] /8, 5]\ Focal Loss 5 Dice Loss A3 SR 2% B H . A< 3% BB 1) Focal
Loss, H[EIRER T “IEFFEARTA” A ML HRFEAR” B, MRHEAS [F SRR AR i H s e B AUE,
TG T BEMEHE N R S RIORCE . BRI R an A (10)Frows:

LosSp.q =—a(1-p) logp (10)

o NFEASRBIRE , 25 A RIS IR UL R TRUE s p SRR TN B S B b T B A5 5
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B PRI R LU B, AR B O B A5 AR PR A R R B Lk . 1T Dice Loss IZRIS AN A&
€, LS Bt Focal Loss 25 & AL BRI R I 2 A D PR

Loss = LosS .., + LoSS ., (11)

3. SEI§
3.1. ¥uEs

N T BRUF B DeepLabV3+EEAY (1A R, A SCiEI S 8R4, EEURCAR T FVLIX BA KK &2
S AN g, i N AR X 0 KR DA S A KRB X SO i EAR S, KA X IbRiER 1,
IKFEIXIEARER 0, XX PR A AT 1 LA HI 256

I WAL R ARSI sORE BOHE 2R AT H R B iR 23 0] A 1152 5T IRZIN K 256 % 256 1)
BB EIE, IR 736 Gk, IRIELE 185 3k, MRS 231 7K. @mEEUEAE AN jpg #, IR%E
7 300 png M5, SREG AN B R R U R AR 2 ) s S, el 10, & 11 BR.

Figure 10. Display of datas
B 10. BEERR

Figure 11. Display of Datas’ Labels
1. BIRERERT

3.2. XWSYSHE

N T ARAESEI AT, AR SO 15 6 AR B VA ARE A LI P A S EO T, 5 ANSERR B vIas
FOJRWEN 0.005, FJR TR EFERZTNET X, Sk SE Adam LSS, ZIEREN 0.9,
weight decay W EH A 0.0001, T REEMGEEERN S, EARXREEEH 200 X, BT MLHH MobileNetV2
TN G AT Y15 o SEERTE Linux R AT, L56°F 54 Python3.7, R % SJHESEA Pytorch1.10.0,
CUDA JRAA 11.6, EHRA5 A NVIDIA Tesla A40.
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3.3. PGSR

T VPR TIVERE, A SCEEIEFEAL I E(mIoU). A I (Recall). IZRSE 2 Fhda b KPEAN AL (KRS
B, DAL 2 A brds o i e v RS 2 ek v
3.4. SCIGEER

AT ARG DeepLabV3+HE UG 20, Wit T 4 ANSEE, 5 X AL S8 . 7E DeepLabV3+45 7!
N SP_ASPP+ELHL. fE DeepLabV3-+AAI i N Hi& BFHERE G4, £E DeepLabV3+5E AL 1A
SP_ASPP-HEHURI H & MARHERE G B, FFREA RIS — A Batch SRS H0H AT 400, Sein g Ran&
1. £ 2. %3 PR

Table 1. Ablation results (IoU)
= 1. JHRASEIEZE R (IoU)

o AL X0 REERKH
S G Methods ; _ =~ . . -
Bk KRS EKFE BRI E| i €
1 X HE 81.77  68.32 95.22 76.05 56.3 95.81
2 SP_ASPP+ 8482  73.52 96.13 76.58  57.32 95.84
3 35 N A AE Rl A A B+ ASPP 87.6  78.28 96.91 7781  59.46 96.16
4 3 B ARFE Al A B E+-SP_ASPP+ 88.02  79.07 96.96 78.17  60.23 96.12
Table 2. Ablation results (Recall)
2 2. JERASCISLE R (Recall)
X H AV X6 KE BRI
SIS RS Methods - — - 3 — -
Bk KR EKFE BRI E| i €
1 SRR 90.16  83.06 97.26 85.08 7232 97.83
2 SP_ASPP+ 92.00  86.19 97.81 86.16  74.63 97.7
3 35 MR AE Rl A 5 E+ ASPP 93.64  89.01 98.26 86.63  75.29 97.97
4 I B REAE il A B ERe+SP_ASPP+ 94.72  91.42 98.02 88.05 784 97.7
Table 3. Ablation results (Total Params)
< 3. JHRASEIGLE R (Total Params)
SIS gR Methods ToalParams
1 X a4 5.813266M
2 SP_ASPP+ 5.895442M
3 35 N A AE Rl A A B+ ASPP 4.54153M
4 F & B A A +-SP_ASPP+ 4.623706M

3 1. %2 KM, B, 7E DeepLabV3+HEAI NN SP_ASPPHRHR 5, 7E 2 FhBid 4 (1 M s 56
HPY ToU fRARE S35 B I AR bR E IR 2] T 32T HIR, 7E DeepLabV3-+A5E 5L Hhii N [ I& B FFAIE fil
BRHG, 5 2 FPEOE SR R TH LSS T P38 ToU $RFRME 5 P34 B R 8ARE I 2] 7R, Hod,
H EVLIX RIS HL K3 ToU Fabn{i 513 A I 2 FR bR 73 T T 5.83%H1 3.52%; #5 /5 » 7 DeepLabV3+
BRI [EI DN SP_ASPP+REL S H 1& FAFAE A BUE , BOR LM N R, 72 M50 1 F 1)
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) ToU $abrE 5 T B B RIBARME 3 DR T T 6.25% 4.56%F1 2.12%. 2.97%. 1K S S 5 4 56 41F B
T 5t DeepLabV3+HE MY (A R . [FIIS HHEE 3 K3, 50 DeepLabV3-+HERUAHXT /D TSRS 4L, 124K
BHRE T RERMGRE, R TN RE, BH BTG

A, N T BB S0 DeepLabV3+EAII I RE, 524 FIMMLS(FCNSS. SegNet BA A UNet++)idE4T
XFEE, XFELsSEIRgt Wande 4. & 5 LR 6 Fn. @it X bhsest it i, ol DeepLab V3-8 AH LE Y F 3
WIS, EORIIE T 22 B 25 (1 Bl b [R5 T 15 S BIRRE B, B Selr 1 B R

Table 4. Comparative experimental results (IoU)

< 4. JFEESRIELER (ToU)

AT X Ry KB E iy .
Methods : — — : — — S
Sk KR KR Bk KB JEKES
FCN8s 83.93 72.01 95.86 63.07 36.57 89.58 23.953442M
SegNet 81.32 67.56 95.07 63.37 37.54 89.2 29.444162M
UNet++ 84.24 7239 96.09 65.1 37.2 93.0 83.32233M

I B AREAE Rl A B ER+SP_ASPP+ 88.02  79.07  96.96 78.17  60.23  96.12 4.623706M

Table 5. Comparative experimental results (Recall)
F 5. WEERIRLER (Recall)

AT X A K E B % .
Methods - — — - — — S
Bk KFg Bk RE Bk IKFE HE/KFE
FCN8s 9136 85.02  97.69 76.94  60.66 93.21 23.953442M
SegNet 89.76  82.31 97.22 78.82  65.25 92.39 29.444162M
UNet++ 8424 7239  96.09 70.55 4261 98.5 83.32233M
IS NAFAE Bl A 1 EL+SP_ ASPP+ 9472 91.42 98.02 88.05 784 97.7 4.623706M

Table 6. Comparative experimental results (Toal Params)
< 6. XFELSLIE4E R (Total Params)

Methods ToalParams
FCNS8s 23.953442M
SegNet 29.444162M
UNet++ 83.32233M
32 WA I il £ B+ SP_ASPP+ 4.623706M

4G, Bl DeepLabV3+BALEI SP. ASPPHELER ) SP 25 TR AL JZZ2 /% 1 T 42 )= T it fl i K
MIfr BLAS R, AR SR i R RAE R DAL “ BIHRES R 1R TR RIR R 5, KT TR ER
AR A A FTT [ — AR, 5 e 72 X 2% 25 1y SE DRSO O 22, T8 B e R AE B B RE
Jus FR, B E RRHE Rl A D 4 R AR A TE T R AL G2 R ARA NN RS 1R, TR
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