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Abstract: A lightweight network based DeeplLabV3-+ remote sensing image land feature segmentation
method is proposed to address the errors caused by the loss of detail information and imbalanced categories
in remote sensing image segmentation. Firstly, MobileNetV2 is adopted to replace the backbone network

in original baseline network to improve training efficiency and reduce model complexity. Secondly, the
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dilation rate of atrous convolutions within ASPP structure is increased and max-pooling in final ASPP
layer is incorporated to effectively capture context information at different scales. At the same time, SE
attention mechanism is introduced into each branch of ASPP, and ECA attention mechanism is introduced
after extracting shallow features to improve the model’s perception ability for different categories and
details. Finally, the weighted Dice-Local joint loss function is used for optimization to address class
imbalance issues. The improved model is validated on both the CCF and Huawei Ascend Cup competition
datasets. Experimental results show that the proposed method outperforms original DeeplLabV 3+ model
on both test sets, with various metrics showing different degrees of improvement. Among them, mloU
reaches 73.47% and 63.43%, representing improvements of 3.24% and 15.11%, respectively. The
accuracy reaches 88.28% and 86.47% , showing enhancements of 1. 47% and 7. 83%, respectively. The
F1 index reaches 84.29% and 77.04%, increasing by 3.86% and 13.46% , respectively. The improved
DeepLabV3-+ model can better solve the problems of loss of detail information and class imbalance,
which improves the performance and accuracy of remote sensing image feature segmentation.

Key words: MobileNetV2; dilated convolution; geometric figure; attention mechanism; loss function
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ZJE5I AN ECA R I HLHIX 5 28 8ok i Oy i i
T Al sE 5, 2ot 110 5k AU 2 )5 A A i 81
e 2K R B 10 AR 11 BT AR HLARTE A 4 A
mFE4 F5MESHR.

x4 TEEBENSHEILL

Tab.4 Comparison of the number of parameters of different

£ CCF $dls 5 b A7 AN [ 7 22 7 B 4 %
LS B o JE a3 5 0T LUE BT TR A
LRI HAT Fr ek i, mIoU M PA #RAE 42T, 1614
EHKEE I, + CBAMNet Fll + SENet J5 ¥ 78 H:Ath
2% 591 L SR 28 ) AR 6 85 g T+ ECANet J7 5 7
B Hb 2 A X 8 o FEZE T L7 T, + SENet Jr
T AE B RN K I ) R B AT, 1+ ECANet Jy
AR AR B R . BB, + SENet £
S B SO Fe i, mIoU \PA F1AEHAH T
73.39% .82.42% . 84.21% , FH & T 5 4 3 v
R T 0.42% .0.6% .0. 34 % , BE R0 4k B
BB RBGR B T 27, 45 it/s.

HRAROMETHLRERATLIE A
SC T HE 0 O B AR OK W) R R M 42 5 Deep-

models LabV 3+ 158 1 1 12 Jg 1] 15 4y 73 % b B9 1R i
ik SR/ (1) J5 4R 5+ 9 45 42 4 MobileNetV2 1 i
Rt Xeeption 54.709 445 W TR 2 B 45 47 0 e A 45
MobileNetV2 b 814 037 PRt AT —E R AR o (e CCF FIte Jy F- 1 B
HHRRER 0874057 B4 1, mIoU 43 542 5 1 2,649 F18.91%,
TSE 0 854997 B R oy I = T 1.57% R 5. 47%  F1I8 84y
SN 0 854997 ST 3. 280 7. 98Y4 , i 17 A 4 B

TECA 0 895 000 T 12.38it/s 1 2. 68 it/s.
K5 AREBNERN CCFHTBEILHRIL
Tab.5 Experimental comparison of different attention modules on CCF dataset

- ToU/% PA/% FL/Y% ﬁ%/
Hifb BR Ak ka0 mlboU  Hflh BRib bkdh kB HIS mPA (it*s™")
H 2k 58.76 83.41 71.39 82.39 68.89 72.97 67.05 95.23 78.91 87.03 80.83 81.82 83.87 26.74
+CANet  87.08 83.43 72.77 83.19 68.31 73.09 66.49 94.50 79.62 90.12 81.43 82.43 83.89 25.88
+CBAMNet 59.78 84.04 71.79 83.11 67.52 73.25 70.42 94.94 79.63 88.09 75.01 81.62 84.05 25.74
+ECANet 59.08 84.18 72.01 82.81 68.25 73.27 68.77 95.31 78.87 88.15 80.35 82.29 84.12 26.45
+SENet 60.57 83.79 71.76 83.34 67.51 73.39 71.74 94.50 80.70 86.91 76.91 82.42 84.21 27.75

%6 DeeplabvV3+iRE M & LA CCFEIEEHRMIIE T

Tab.6 Comparison of ablation experiments of improvement algorithm for DeeplabV 3+ model on CCF dataset

IoU/% Precision/ % R/

JiE F1/%

HoAl #HRh bR OKEL @S mloU  HAlh B A KBE #IH Acc (it*s™")

J5ilf Xception  50.53 82.34 72.79 81.60 63.88 70.23 59.30 91.11 88.53 91.49 71.07 86.36 80.43 13.42
+MobileNetV2 59.00 83.77 71.57 83.25 66.75 72.87 76.37 88.13 88.51 94.50 79.68 87.93 83.71 25.80
A PREL 58.76 83.41 71.39 82.39 68.89 72.97 82.61 87.04 88.22 93.92 82.29 87.83 83.87 26.74
+SE 60.57 83.79 71.76 83.34 67.51 73.39 79.56 88.08 86.62 95.29 84.89 88.10 84.11 27.75
FIAE KL 60.60 84.15 72.06 82.78 67.45 73.41 82.68 87.98 88.20 93.78 79.11 88.26 84.23 27.78
+ECA 58.62 84.00 71.68 83.43 69.58 73.47 78.37 88.25 87.61 94.02 83.23 88.28 84.29 28.12
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Tab.7 Comparison of ablation experiment of improvement algorithm for DeeplabV 3+ model on Huawei Ascend Cup dataset

10U/ % Precision/ % R/

TE ki SO ARSU HB WL mioU JEb kR SR RS MB ML Ac FUX ey
JE iR Xception 37.70 64.46 77.00 52.27 23.95 34.53 48.32 46.26 80.26 90.00 65.33 33.63 46.18 78.64 63.58 2.99
-+MobilNetV2 64.06 66.09 82.51 54.63 32.95 43.16 57.23 85.71 82.55 88.89 71.14 45.46 61.47 84.11 71.56 5.67
IR 66.43 71.73 84.17 62.37 43.59 49.77 63.01 84.17 84.37 91.12 72.64 60.20 63.74 86.48 76.46 8.20
—+SE 68.04 71.67 84.13 61.48 41.09 52.68 63.18 86.56 84.68 91.21 70.62 55.28 66.10 84.44 76.62 8.02
Fl A KM L 68.71 71.39 83.94 62.64 41.58 50.80 63.28 85.82 84.14 90.77 74.70 57.49 66.71 86.42 76.88  8.07
+ECA 69.29 71.63 84.08 62.40 42.73 50.51 63.43 88.11 84.82 91.10 73.86 55.64 63.33 86.47 77.04 8.05

(2) e 4 | T M 2% 1 3L Rl |, 25 & Dice-
Focal 1 & #R %, 51 A &z K3 Ak F1 SE ML il /9
ASPP BB A X F J5 b #5570 R B 4 . #E CCF
ey B AR B 4R b omIoU 43 G 48 & T
3. 18% i 14.96 % , #E#A 2 43 48 % 1 1. 9% Al
7.78%  FLAEH o 4w 1 3. 826 M 13.3%

(3)FE 3R Jr ik etk iy S ik 1, 7E VR 2 R AE
ZJa5I AT ECAFEZE JIHLE, A1 T I i Deep-
LabV3-+#i R , 78 CCF F4E hy H- 1 A B8 4 1
mloU 43> % 3k 3| T 73.47% F1 63.43% , 4 &
3.24%0 F15. 11 %% 5 i 28 43 35 3 1 88. 28%
M 86.47% 4w T 1.92% 1 7.83% ; F148 %43
Bk E] T 84.29% M 77.04% ,$W T 3.86% Al
13,46 %6 3 A SCJ7 1 A BT IR i O vk 1 38 A7 R
TE CCF F A F+ 16 AR 5098 48 b ok mil 4 & 7
14. 7 it/s F15. 06 it/s.

T W 2 B T vk A B AR R
L, BE ML BT B RE AR L 35K Y i LA

Feo IWETORIE 11 H 05 H AR AT LA L 51 A
SE AL il 1 5 A Al 45 B A 3 ) L B — T A iR
| 70 R AOR 52 38 32 b R RS B B R R
JE T I p eyl ar F B L o gl AT
ECA HLHI J5 2 #0135 Fl W] % 8/ o B 10 (g) A
K11 () B9 7R SC i K7 ¥R AR 45 A W) b /9 23 351
ROR AR T T ISR 2 B8, 0 T H AR i 2 1
73 5 A

AN SCTT R AE A BOHE B L 2 BORT e Y
mloU, #f— L Bk 1A 3CT7 25 0 B B 1
4.5 FROSBEELRE

N T B UEAR SO A RO AR SCRA S
U-Net, PSPNet, HRNetV2, DL-Unet, JiX Deep-
LabV 3+ Lh & MS-DeeplabV3+#E47 T X} L o

T 8 S 5 AR LLA AR SO R B
EAE CCF 8 48 BARAS T iR mtkfe , 724 b
A B S5 R , mIoU kB T 73.47%,
HERG IR 3 T 88. 0820, F14R AR #] T 84.29% .

*8 AEMEEECCFEIEEMNEIRITLL

Tab.8 Experimental comparison of different model on CCF dataset

,%. q:

IoU/%

Precision/ %

ik % UL BHE b KR R mloU S BHE Rk KB Acumy

UNet VGG16 46.81 80.98 68.79 81.22 61.64 67.89 77.75 83.71 88.79 95.34 78.32 85.73 81.96

. ResNeth0  45.31 80.42 69.95 78.17 61.41 67.05 75.72 84.79 87.85 88.98 78.14 85.25 80.58
PoPNet MobileNetV2 54.80 83.64 72.53 78.92 65.56 71.11 71.35 89.78 89.61 87.18 73.52 87.23 82.67
HRNetV2 — 44.05 78.85 65.65 77.69 61.99 65.65 85.20 82.33 87.29 89.52 72.05 84.16 79.72
DL-Unet — 55.36 82.22 70.22 81.41 60.67 69.97 75.28 86.46 91.43 92.29 67.67 86.67 82.30
DeeplabV 3+ Xception  50.53 82.34 72.79 81.60 63.88 70.23 76.37 88.13 88.51 94.50 79.68 87.93 82.32
MS-DeeplLabV3+  ResNet50 56.07 82.82 71.21 82.73 65.06 71.58 74.37 86.88 90.91 93.72 75.84 87.24 83.20
NSRS MobileNetV2 58.62 84.00 71.68 83.43 69.58 73.47 78.37 88.25 87.61 94.02 83.23 88.08 &4.29
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%8 M
5 % %

AR 30K % HE AR M 2% MobileNetV2 & Deep-
LabV 3+ 98 T /2% , 1| FH 25 T 45 LU 4F M i 40
AR R SCfE B . Bk iy ASPP 25 iF— 2
W T 2 BF [ i A SEVECA T 3 1 AL 3
s AR R ORAE S o A SR INALR) Dice-
Focal B & Ak 451 2% s %L, £ CCF R4y 71 AR 5
TEMEAE AR BTN ZRAI L, A5 2 DL 4508

(1) g Ji 1 35 o X 2 v (1) Xeeption B T M 4%
B ki Ak B T M4 MobileNetV2, o] DL
HEAT R AE 48 B A 2 322 J 45 R R A 4

(2) 76 Y 25 Fn 56 E 1 2 A% b 51 i Ay
Dice-Focal Bk & Ak 41 2k oh 85, 42 55 7 I 2R
D TR AR

(3) % ASPP Z5 ¥ #E 4T T 4% K 25 T 45 FURZ ik
FIFAE ASPP 45 # v fifi I B Kt Ak, R B 51 A SE
TEAE AL, AT LR A 5 i R BOUR 2 R A B

Z F X #:

1E CCF 4 A 58 A 8048 5 F 1Y mIoU 43 i 4
BT 3.18% A 14.96%, #E B R 4y AR T
1.92% #17.83%

(HTEM 2P B A ECA 2 AL, al Lh g
S M A FH R FEAE . B & o Y Deep-
LabV3-+ 8RR 15 T e A 68 , 78 CCF g 5
i #F % U5 42 | mloU 43 9l 35 8] 17 73.47%
63.43% , R4y BIIEH] T 88. 28 F186.47%,
F138 504> WA 3] T 84.29% F177.04% ., AHIL T
JF 4 DeeplabV3-+ 45, mIoU $& & T 3. 24 % Al
15.11%, MER R 1T 1.47% M 7.83% ,F1 15
BAR w7 3.86% F113.46% .

(5) 7 SR 1) B 32 A EL - A B AL B A T
e e MERE

AR SCHF T J7 R UE W] T 3 F 52 5 6 ) Deep-
LabV 3+ 155 1 75 32 J& €1 15 1 ) 43 510 b A 388 1
R B AR TN B A 4 FRAE L E bR
oy E A R SR JE SRR OA B 5 i 2k A A
(EEM) , gk 3% M9 43 50 i RS B2 F40 15 (R B RE 7 .
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