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Scene extraction methods incorporating multi-scale convolution and
attention mechanisms
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Abstract: Under complex background, the characteristics of buildings at different scales are quite different, and the
existing algorithms have problems such as uneven segmentation and misjudgment of multi-scale building segmentation,
To solve the above problems, we design a new network structure adapted to scale changes. Firstly, aiming at the
problem of low segmentation accuracy in remote sensing image scenes, we introduce and embed a coordinate attention
mechanism in the basic network to enhance the context information capture ability, eliminate noise and enhance the
network's ability to extract spatial features. we introduce A new recursive residual convolution module ed to deepen the
network layer, reduce information loss, and improve the efficiency of feature extraction. Finally, we introduce a hollow
space convolutional pooled pyramid in the hop connection to increase the network receptive field, enhance the effective
features. and suppress the useless features, Design the system to verify the usefulness of the model. Experimental
results show that the proposed method improves the accuracy, recall, Fl-score, and IoU indicators by 3.05%,
1.56%, 1.3%, and 3. 08% compared with the U-Net network, respectively.
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FE TR B2 X W Oy B I B R T BN
REBRE 2 EI R, 2B A M 4% (fully convolutional
network, FCN)- 244 345 FH 4 22 %) 4% ( convolutional neural
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ZRE L NORMFEAFRENEN. BT IREERYN
73 ] 34 2 P FRAS W 48 B0, SCRRLI5 4R i T —Fh 28 R =
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FUHATRFE A IR A 45 F . 23R 25 (186 B b 4 735
PR B s (Bl B AR B e, BB IR YT KR ZEF Wik E R
BER LT UE B MY T UL 2 A E AR E R LR S
HEEZREEE . M ACEE R A B E M
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Max pool2x2+DRCL+CA

B4 RS HR E A

BCE i 2k AU Rk T -
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odln e X Bk i PERE HEAT VRAL . Hoh WHU iz @54
By RS 8 189 KA HEE K 0.3 m/pixel R K 512 X
512 B9 . Massachusetts @54 H 151 7K. /b
A1 500X 1 500 &M L X I FR 4L, ok
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e R AR Y RBUE R . TR EUE SR 0
SRAR L UE AR R B AR BTN L) 4 B R 8026, 102
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T HERR AT Al A SO R Y 43 R R W BT Y I 2 L
PRG35 bR . 35 « K5 1 % (precision, Prec) . 73 [8] % (recall,
Rec) .F1 2380138 31 2 (intersection over union, IoU),
2.2 EWIFE

SEE BB E N Intel Xeon E5 CPU@2.5 GHz, Bk
k4 H GeForce RTX 2080Ti 11 GB, A& X sSZ& 3 T
Pytorch EZE F3ff 47500, BLAL B B 165 41 4R 1 22 > %

WE R 0.001; AL E E W R EEE N 0.001, epoch= 200,
A (B 28 SUIE 2R BB, YN SR 2k AE L E TR RS ) 3% AR
WH PR R ARAE RS, RIS 2T 10% M sh S E R R
W, AR B e i Bl 30 ¥k, [ BME 0. 5,
2.3 ZWER

1) WHU B4 45 43 B 5230 % L

REGUEA SC AT R B A BICR A X RS X
BROS-10] B s A B v B 45 WHU L4730 LS5,
SERANIE S BTN . M AT LA, U-Net [P 46 4% 41 72
%, FEFAE R BUMRES , W5 B AR BUA 58 % 5 SegNet 1]
VIR i i & B RS W R B A R AR S
L s PSPNet 4 & (W & 7 35 WAL B M RE I (7 B 8 2 IR
FERHEAE B (H WA 7E 91 2 1 Z 00/ B bR KBS W) 555
AEB B M, Deeplab v3 -+ M 48 4K B 4 F 35 45 4, 7T LA
AHXS S22 47 B 1L 2 S 40 5, 1H B 1R 40 R 4 R MAD-
Net B A ZHTHAESE IS e EH, EARE T HZ
SRR B AHR A R B R A B, R BOR /- 4175 18
OB DL . A SO R TE R BUE B £ RE FAE ml & 7 |
M T SCHE SR A T 43 E 30 S U T L SCHE AN T B AG 43
HRMEAREANERERETRT,MEERBIERE
N PSR

B FEFR R 1 7R, A< 3CJ7 5 4 Precoson, F1-
sore il ToU #5845 43 51 9 95. 66 % .91. 62% , ¥4 T H At %t
WHEE, 5FMITEMEE R G . H P ILF UNet W4,
AT ¥ M Fl-sore f1 1IoU 43 HI#EF T 2.51%.5. 14 %,
HARAR VTN G5 AL, 48 i o i 7 VR A SR RO AR
A TEARASHUIN LA B i G A 55 & A 3 ¢ B 3 43 BT 55
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segNet

JEE & U-Net PSPNet Deeplab v3+ MAP-Net
K5 WHU $48 5 3T e se s 45 %
F1 whuHIEEWNILEWERIFMER
7k Prec Rec F1-Score ToU

U-Net 0.912 7 0.945 1 0.9289 0.8648
SegNet 0.921 14 0.899 5 0.9284 0.8528
PSPNet 0.916 7 0.936 9 0.9210 0.862 3
Deeplab v3+ 0.929 4 0.939 2 0.9343 0.8767
MAP-Net 0.956 2 0.948 1 0.9521 0.9086
NS @i 0. 956 6 0.930 8 0.954 0 0.9162

AT LA U-Net HI SegNet 5 ik #B A o 2 3 ) S 7 #45 -8
T 25 5, X2 )7 5 SRR, AN ) T 3% 43 28 199 40 7 220 i
X F B P S A A S AR R SR BUR B 58 5 . Deeplab v3+
2% % FA Bk i Xeeption fEM B TR & 1% T 20 HI%K
R, KBERAARFRREMN T CES, A EMHTNE R
LE LI FTIREG IEFT X 4. EU-Net J7 k5] A DSPP #
B2 RESFYHER, AAESEME T AET TR
AL Sy BVRCR N AT W IR B, AR SO I O B A MR AR )
HLH, E B RE R, ol DLAER 48 Wb G AL E AR TR
/NB bR ST A 4 S R R @Y, S AN T,
J ¥ 2 B SR AR R A AR KA AR 0 i 43 F R) B, HE R 45 SR i
TS, oG RT U ESENH TR YRR
G

R2ANFBUBEER, Pl #RJE UNet B5HI45.
P2 3£~ SegNet )4 H| 45 8, P3 /8 Deeplab v3+ 4%
2R, P4 I8 EU-Net l943 81452, P5 RoRALF %,
AILAE W AR SO R TER R FL 540 . ToU LIRS T &

« 176 -

JRE e SegNet Deelab V3+ EU-Net K3 Hvk

U-Net
6 Massachusetts U384 X b 3246 2 #) 45 A

i ALHE Recall #8475 FEGAKF E-UNet 835, S04 AT
deeplabv3+ B 3k, K3 0 7 M 4 & 4% BF, A CE ¥ 7%
Precision 1 F1-Sore #1534 B W2 7.

% 2 Massachusetts BIFEXF L LW EME R

Wik Prec Rec F1-Score ToU
Pl 0.855 1 0.808 7 0.831 2 0.711 2
P2 0.884 2 0.683 2 0.785 1 0.655 3
P3 0.847 5 0.787 7 0.8157 0.692 3
P4 0. 867 0 0.834 0 0.850 1 0.739 3
P5 0.8856 0. 824 3 0.854 2 0.742 0
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R T B2 W AR AR ST 4R HH 0 4% S5 4 B 1 RE R A
ST FIAE RS R B e I B AT e . R 3 T,
508 e I 28K L L AR SO R T R B2 R T I 5 A T SC
1R B A0 28 (38 SR B AL B, 25 2817 BAR AN ST $2 T+ 20
HIPERE.

* 3 AT EE&ETE Massachusetts £ HE & (9 1% 8 1 4}

Pl Prec Rec F1-Score TIoU
SiU-Net'™  0.6810 0.7460  0.7120 0.5520
Joint-Net™ 0.8621  0.8129 0.8368 0.7199
HRNet™  0.8582  0.8201 0.8387 0.7222
MA-FCNFY 0.8707  0.8289  0.8493  0.7380

AXITE 0.8856  0.8243  0.8542 0.7420

T 8 R R AR AR B SO 12 R A T B A I
GRJFIERERL WA T 45 SR A R [ R AR T I AR
R, SCER[190. [20] % M 45 B He il AT T 04k, 327 T 4 %)
R B0 04 4 B2 v L S RO A 0 O T R R R
FEEE AR R . CER 21 E AN A 2 . AR SO O
P EEES A AR bR T 3 5 A A TR Ak 4 5 28 N 1A Tk
BRE MBI . 55 A 2 e RE E fE B FE 4 AL
DEFLMAE BDEFD, P RBEZ I F A I o5
5o BRSCHR 21078 A [l 3w i F 430, A& SO HA IR bR 1 =
FHAth Sk

3) TH AL

H T FEA UL AR SCHE A A A B A R, R 4 R
7~ T #E Massachusetts ## 4E KR 547 &5 49 e o 5 B9 45
o N1 FRIE U-Net 404558, N2 FoR 2L 0E M4 +
DCRL+ ASPP 43145 R, N3 R Al R 2%+ DCRL+
CA ZrHIg5 1 . N4 R H Al M 4 + CA+ ASPP 9 4 # 25
o N5 FRARLM I EILER,

R4 ERMETBENENER
ViR Prec Rec F1-Score IoU

N1 0.8551 0.808 7 0.831 2 0.711 2
N2 0.864 9 0.809 7 0.838 2 0.728 0
N3 0.879 6 0.812 2 0.8513 0.739 4
N4 0.885 3 0.816 2 0.849 8 0.738 2
N5 0.8856 0.824 3 0.844 2 0.742 0
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A FEARE U-Net W84 3125 T 3. 052 .1.56 % . 1. 3% #
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R GRy 5 W Re AT KL E 2N R IF R B &
FE 52 I R D o SC A, () A 2 R B AR A Ul 4%
WA, REREE R AL R H R AL R . W T RIER
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A SCE X 2o R 78 Rk PR 4R 50 X LAV 43 1 A )
BLAR T —FRL G 2 RUE A BUR AL R 1 & 1 9L 9 3 5%
|/ B, 71 AR Ak & 3 /8 18 5k 2= 5
2 B RZ BT R 4 B BE T R A A A T Pk
WAEM LRI BF RFE R P, A A b 1 B T B, F)
300 38 AR e M 5 AR FE 4 AR B 3G R B A
XHEXAFR . BETEE NS F R I 55 R, St
FIGAEN G AT SRR & s An e R R T ER
BOR A EERE EARSRIEE., hERIEA LA
P, W R G SRR AL S5 L T P o 0 5 LA S B 1 A
73 A0 A SCHE B AT BRI 46502 A6 RE 1 55 J7 W ATS A7 76 43
BRI E L, EAR R i — 2P
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