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Fig. 3 Detailed structure of each module
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Fig. 4 Dual-modal feature aggregation Block structure diagram
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Fig. 5 Deep feature extraction module structure diagram
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Table 1 Experimental environment

LIQTILS (L=
BERG Windows10
CPU 12th Gen intel(R) Core(TM) i9-12900KF @ 3.19 GHz
GPU NVIDIA GeForce RTX 3090 GPU
BITAT 326G
fiT2ea 246G

T MAHESL Python3.8.13+Pytorch1.12.1

3.1 BIBENLE
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Fig. 8 Examples of ISPRS Vaihingen dataset
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Table 2 Comparison of backbone network (Potsdam )
1%
ETM% R R ARERE PR SO
MFFNet 86.62 87.23 74.86 80.32 77.78
AFNet 88.44 88.95 75.67 81.57 78.13
DEFLNet 89.42 89.84 76.35 81.98 78.76
T MR R R
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Table 3 Comparison of dual-modal fusion methods

(Potsdam )
1%
[Glses WER KR gl FUEHC 3of
Add 89.42 89.84 76.35 81.98 78.76
Add+VP 89.82 90.44 80.16 85.04 78.95
Concat 90.91 88.10 88.78 89.83 81.91
DFAB 92.22 92.74 90.43 91.63 85.94
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C A 1Y 4351 I 4% 32 B3 1 T R AERAE X 2 R
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SCHIH MFUM X EHGRRAE R T EoRFEEAE, 52
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P A7 (8 #5 4F F0 22 )R T B ) B R AE GAU (Global
Attention Upsample) (Li%%, 2018) #E TSN,
4PPANTR] R T SR SEEGA RANER 4 i o

F4 ERHEFAITEE (Potsdam)
Table 4 Comparison of Upsampling Methods (Potsdam )

1%
R MR RIR O BER FURMEC SOFKR
unpool  92.22 92.74 90.43 91.63 85.94

Unet 92.94 93.63 92.01 92.47 86.39
GAU 93.91 93.10 92.98 93.44 87.91
MFUM  94.01 93.78 93.21 93.61 89.54
AR R AR

H 40, ARSCHEH B MFUM B 45 045 4524
P T HA b oRAERIE . ZEAR [F] A XU S G =X
T, 5 unpool F>RFE . Unet I RAEFI GAU L RAE
AHEE, MFUM PG =50 088 T 1.79%, 1.07%
H0.1%; K5 5 2 50 5l 42 T+ T 1.04%, 0.15% #il
0.68%; AFERSHNEET T 2.78%, 1.2% F10.23%;
F1 48800 2 TF T 2.28%, 1.14% F10.17%; ToU
S ERTE T 3.6%, 3.15% F11.63% ., 525645 5 3 W
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LSRG 1 351
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T A B AT LASE AL P 26 %55 4% 43 0 200 i B g, A
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XPLG, SEEREE RN 5 N .
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Table 5 Comparison of deep feature extraction methods

(Potsdam )
1%
FRIERRH  MERREE KRR HRR FUEEC ORI
SE 93.88 94.06 93.78 93.83 89.98
DFEM 94.64 94.52 94.54 94.59 90.30

T MR iR fE .

FESHTA, H5SEAM L, ASCHEH % DFEM
S EIROR AT, RIS T 0.76%, K RIETt
T 0.46%, BFRETT 0.76%, F1IEBETT
0.76%, ToU#ETt T 0.32%.

3.2.5 EHGHFRLIE

T VPG AR A BB B, AR
%0 53 f% DEFLNet LU 7R BB ROCR o T Rl
SIS h R AERI 2% (Baseline) 118 32 T W 4% % F 75 SC
A CM EBRIEM J5 45K, Blve 2 B4R R AE A1
RE RS FER R T EZ I 7=, FoREE
K FH unpool FHERAE

ML 6 AT Al, FlA ZHAFERT, R IEME
e BEE R 28 T Z AR Oy =, (AR B ER
HIH S TR R Y e . HAEEEM AR L, HERR R
PETH T 1.28%, KEHFAET T 1.19%, H IR
T 1.19%, FLIEEART T 0.87%, LH LRI T
0.88%. Nitt, IEM /& DEFLNet 45 T i e i %
FIRE, MFUMIRZ .

Fz6 BNEYLHEFLELE (Potsdam)
Table 6 Ablation Experiments of Each Module (Potsdam)

1%
Irik ERRR RERR AR PR SO
Baseline 88.14  88.65 7516  81.12  77.88

Baseline+IEM 89.42 89.84 76.35 81.99 78.76
Baseline+DFAB ~ 88.93 89.37 75.97 81.93 78.39
Baseline+MFUM  89.12 89.43 76.03 81.98 78.47
Baseline+tDFEM  88.56 88.83 75.64 81.60 78.04

T MR (e .

3.2.6 DEFLNet 5 H#&EI3F Lk L5647

g T UEBAAS SO H A DEFLNet B2 EIERE , K
H 5O A S5 554 MFFNet, MFANet,
O St i SRS 1 SR A4 5351 ) 4% HA-MPPNet |
AFNet, MMFNet Fil MSFAFNet #E47 X5 [ . 4% 2 5]
(1) F 1R BRI SRS R A SE B 25 R e 7 R .

2701, ASCH DEFLNet B A 193 3K
1857 E W &P HA4F 19 40 BIPERE . DEFLNet 748
BRI BRY . B FARRNR SR
A B T R i EIERE , A J0I0 F1 S 808 i
LAY EDKE B ik 94.52%., 5 AFNet M I, &2
B FL 38 B0 4R T 0.02%, 0.26%, 1.22%,
0.48% F10.06% , EWAKEHHZIET T 2.07%.

[l i, AR SCHE Vaihingen 5085 4E 4T T 4[]
(X EL SIS, 25 SR 8 i .

T i — 20 S UE BT 48 D 9 DEFLNet 23 % A9 £
MPE, B %A B 5 MMFNet, MSFAFNet, HA-
MPPNet il AFNet 7£ Potsdam £ Vaihingen % #f5 £ #F
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17z X e sese . ’9. B 10 F1E 11X Potsdam — fiEAE AR RLAYIE B ALY . B/ H 5 i £ 1)
Bl HA R B B R AR AT b, B2 1% 12 J2 Vaihingen £l 8 70 HI 25 X L
R CTEFFAE AR 5 AL AR R AT B R A | BT HF

%7 DEFLNet5H &3¢k (Potsdam)
Table 7 Comparison of DEFLNet with other models (Potsdam)

1%
[ AN W 2T Y TR A (R SRS B2

MFFNet 88.25 92.93 86.56 86.13 89.78 87.88

MFANet 90.54 94.21 87.75 87.78 90.86 89.63

MMFNet 91.46 96.23 88.43 88.24 91.88 90.83

MSFAFNet 92.85 96.45 89.07 89.72 93.76 91.63

HA-MPPNet 93.34 96.76 90.12 90.85 93.94 91.76

AFNet 93.95 96.68 89.65 91.36 94.08 92.45

DEFLNet 93.97 96.94 90.87 91.84 94.14 94.52

TE MU R B A
%8 DEFLNet 5Hfi#&2IxtLL (Vaihingen)
Table 8 Comparison of DEFLNet with other models ( Vaihingen)
1%
% AN W] i Y BB B A TR AR B

MFFNet 87.53 90.32 84.07 87.63 76.57 86.13
MFANet 89.16 92.83 84.59 88.47 77.86 87.37
MMFNet 90.04 94.95 85.77 91.13 78.34 89.03
MSFAFNet 90.53 95.34 86.98 92.89 79.84 89.74
HA-MPPNet 90.87 95.51 87.27 92.94 80.67 89.56
AFNet 91.15 95.67 86.88 93.17 81.31 90.22
DEFLNet 91.46 95.88 87.35 93.68 81.88 90.45

T MRS L (E

IRRG MMFNet MSFAFNet ~ HA-MPPNet AFNet DEFLNet

9 Potsdam H I &% 45 AT A 4351 &

Fig. 9 Segmentation of low vegetation and trees in Potsdam

42

43

P9 27m 3 I S R B AR AR B0 FI4E ORI RS 0L, BA R 07 XA £ ™
R, R PR AR B A R E AR ORI, EACHIIE D F AL s MSFAFNet £7 b5 X sl 15
OrRIMERE R . LIS — AL oA, R AR R A (R A 2 R S DX AT A A R R
HAEI . MMFNet (947 BJ7 IKBUFAERIRF W20, BRSO AR 9 70 % K s HA-MPPNet



490 National Remote Sensing Bulletin i & 54k 2024, 28(2)

FIAFNet AR FIT A Pk, (FARA R A, @ISR X R >, 28 i XK /M AR S8R
BGI TR B s DEFLNet B0 FIBCR e BRIEATS, HA T I7 XA Z 05 i i

IRRG PR MMFNet MSFAFNet  HA-MPPNet AFNet DEFLNet

10  Potsdam H #3547 FIIE 1% 43 1 &

Fig. 10 Segmentation of buildings and roads in Potsdam
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Fig. 11 Segmentation of cars in Potsdam
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Fig. 12 Segmentation in Vaihingen
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High resolution remote sensing image segmentation based on dual-modal
efficient feature learning

ZHANG Yinsheng"?,JI Ru’>,TONG Junyi’,YANG Yulong’,HU Yuxiang', SHAN Huilin'?

1.School of Electronic and Information Engineering, Wuxi University, Wuxi 214105, China;
2.School of Electronic and Information Engineering, Nanjing University of Information Science and Technology, Nanjing 210044, China

Abstract: With the rapid development of spatial technology, the resolution of remote sensing images gradually improves. The detailed
information and spatial information contained in remote-sensing images are also richer. The ensuing problems are that the difference
between various categories becomes and the difference between the same categories becomes larger, i.e., the phenomenon of the same
spectrum of foreign objects and the different spectrum of the same objects is serious. However, the existing dual-modal segmentation
methods do not extract the dual-modal feature information of remote-sensing images separately, and the fusion features are insufficient. The
details of upsampling recovery are also insufficient, resulting in the inability to accurately and efficiently learn remote-sensing image
information, thereby resulting in segmentation errors, edge blur, and other problems.

This study proposes a high resolution remote-sensing image segmentation based on dual-modal efficient feature learning. The algorithm
designs appropriate encoders for different modal remote sensing images, efficiently extracts dual-modal features, and reduces the differences
between different path features through interactive reinforcement modules. Then, the dual-modal feature aggregation module and the deep
feature-extraction module are proposed to further fuse and extract the dual-modal features. As a result, the network can fully learn the
complementary information of the dual-modal. Finally, a multi-layer feature upsampling module is proposed, which uses high-level features
with rich semantic information to weight the low-level features with rich detail information. Gradual upsampling is then conducted to
achieve efficient feature recovery and improve segmentation performance.

In this paper, experiments on the Potsdam and Vaihingen datasets demonstrate that the overall accuracy reaches 94.52% and 90.45%,
respectively. Experimental results show that the segmentation effect of the proposed algorithm is better than that of existing algorithms. The
proposed algorithm can efficiently extract and fuse the multi-modal complementary features of high resolution remote-sensing images and
improve the segmentation accuracy of remote-sensing images.

This study proposes a high-resolution remote-sensing image segmentation based on dual-modal efficient feature learning. Experiments
on the ISPRS Potsdam and Vaihingen datasets show that the proposed model is more suitable for segmenting low vegetation and trees,
buildings, and roads with very similar spectral features. It can also achieve the accurate segmentation of small targets, such as cars.
However, the complexity of the model needs to be further reduced, and much room for improvement in accuracy remains. In the future, a
better segmentation network will be designed to fuse more than two modal features and thus obtain more feature information to achieve
more accurate remote sensing image segmentation.

Key words: remote sensing image segmentation, efficient feature extraction, integration, dual-modal feature aggregation, deep feature
extraction, multilayer feature upsampling
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