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Fig. 1 Comparison of FCN segmentation effect
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Fig. 2 D-UNet network structure diagram
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(a) 3DBRRIY 3RS 51 (1,1, DB BUZIERAZ BT (R84

(a) The receptive field of the three convolution kernels whose expansion rates are (1,1,1) (Ordinary convolution)

(b) 3B BRI KR 55 (1,2, 5) BB B k2 BT

(b) The receptive field of the three convolution kernels whose expansion rates are (1,2,5)
® KAZEF Ly O B MW rErEREERE
K3 34 3x3 A B2 B X LL &

Fig. 3 Comparison of three 3X3 convolution kernel receptive fields
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IR G —$ 22 B H 7 3 (hitps://project.in-
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Table 1 Test set numerical evaluation

1%
BellingHam Bloomington Innshruck San Francisco EastTyrol Overall
WIRERVIE/ TS
loU Acc ToU Ace loU Acc ToU Ace ToU Ace loU Acc
SegNet 7026  97.03  64.67 9658 7233  96.65  69.36  89.55 7670 97.90 7029  95.54
U-Net 70.14 96.91 69.31 97.06 74.98 96.99 74.55 91.52 78.71 98.09  73.83 96.12
PSPNet 7026  97.03 6649 9683 7548  97.10  71.17  89.86 7847  98.08 7200  95.78
LinkNet 69.59 96.97 66.51 96.82 75.25 97.07 73.27 91.10 78.39 98.08 72.83 96.01
AMLL 67.14  96.64 6543 9673 7227 9666 7572 9180 7567 9770 72.55 9591
AMUNet 64.46 96.33 54.59 95.69 68.75 96.20 70.78 90.29 71.38 97.39  67.69 95.18
U-Net & ED-Net 7159  97.14  61.03 9633 7039 9653 7041 9021 7697  97.94 7008  95.63
D-UNet(ours) 72.13 97.20 68.51 97.02 77.10 97.31 75.23 91.59 80.01 98.23 74.82 96.27

E : IOHUEE R R 12 X B LT ER R S BR A5 2R

R IESE LT T — PRAR 7R TAIL i 25 K14
AR LRI E I, R 2R . AR OTY
7 D-UNet [ Li % (2019) $2H £2 R A9 U-Net
(Multi-scale UNet) [ ToU Fl Ace 23 5l4E = T 4.74%
F10.65%; L Pan%s (2019) fdi FH2S ] F138 18 XUE

AL G A B aCORHTE 25 1Y) ToU AN Ace 431 2 55
T 1.46%. 0.17%; ttHan% (2020) 424 )58 %
T A HL I i 1) B 2 46 FHU I 4% R 25 ) 4 P 5 45 4
) RDASP-Net #57 ToU #2551 3.05%, Accifim T
0.51%. Sebastian %% (2020) #2Hf#) SEResNeXt101-
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FPN-CPA 71k, BUIMA T B FCe& %A, @ J7 1% AMUNet 9 ToU #& = T 2.02%, Acc #&& T
T AR T SRR ARSI R e XA R R /N g 0.04%. 2505V T AT A TE S IEAE L AT 3L
P IEATHEI, ARSI D-UNet (1 ToU HH & T P, D-UNet 7£ 24K ToU F1HERG 1A Ho Al B
1.69%, Acc & 1 0.29%, 55 4h, D-UNet b Guo %5 ik
(2020) &0 A 2 I LR e it i ) U-Net

F2 ESEHEITMH

Table 2 Validation set numerical evaluation

1%
Austin Chicago KITSAP Co West Tyool Vienna Overall
PIRERVAEITES
loU Acc loU Acc loU Acc loU Acc loU Acc loU Acc
Multi-scale UNet 73.09 9643 7038 9292 7245 9943 7640 98.12  78.88 9398 7424  96.12
GAN-SCA 81.01 9724 7137 9332  68.67 99.31 78.68  98.33 81.62 9480 77.52  96.60
AMUNet 84.43 9729 8122 9645 5413 9383 7997 9883 8505 9728 7696  96.73
RDASP-Net 78.52  96.85  69.87  92.71 66.73  99.27 8028 9433 7646  98.13 7593  96.26

SEResNeXt101-FPN-CPA  80.15  97.18  69.54 9278 7036  99.32  80.83  98.46 8143 9467 7729  96.48
D—-UNet(ours) 8205 9502 7896 9855 7776 98.05 7276 9345 7976  98.66 7898  96.77
T MR R %L X T e L7 i i S 2 2R

gL EANE S s BS (a) MEdEE 5 () PR, nTUUES], S5HA LA/ 545 R AH
JEE, B5 (b) REEARS, D-UNet i) 45 30 b, S5 D-UNet 0] LB 4 X 20 2 504 2 1Al Y
K5 (g) FiR, SegNet, VGGI11, PSPNet fil LinkNet %, & fas AT b 45 B EK, eI
Iy VBRSO AN S (e). 5 (D). 5 (e).  HZ “RB” MLITHE.

H
e
: B

(a) Oral (b) Label (¢) SegNet (d) VGG11 (e) PSPNet (f) LinkNet (g) D-UNet
K5 207k T AL A

Fig. 5 Experimental visualization of each method
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Kl 6 & 7R T D-UNet £5 B 7E R R SF KN Ky
5000 x 5000 FY INRIA 32 8 AR MR 4 F 09 7 503k
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(b) D-UNet
K6 D-UNet 7 #IRCR nf MLALIE

Fig. 6  Visualization of D-UNet segmentation effect
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Table 3 Validation set ablation experimental evaluation
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T NEE S
ToU Acce ToU Acc

Acc ToU Ace ToU Ace ToU Ace

D-UNet(No dilated conv)  78.34 94.32 73.55 96.37
D-UNet(dilated conv) 82.05 95.02 78.96 98.55

98.32  68.33 93.02  75.53 97.53 74.37 96.03
98.05 7276 93.45 79.76  98.66  78.98 96.77
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New building extraction method based on semantic segmentation
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Abstract: Semantic segmentation of high-resolution remote sensing image has important theoretical and practical value in the field of
aerial image analysis. However, the traditional segmentation methods are prone to edge blur, loss of detail information, and low resolution
due to the richness of building semantics and the complexity of image background in high-resolution remote sensing images.

An end-to-end convolutional neural network called Dilated-UNet (D-UNet) is proposed to solve the problem of fuzzy boundary and
information loss in high-resolution satellite image semantic segmentation. First, the U-Net network structure is improved and the multiscale
dilated convolution module of four channels is expanded using the division technology. Each channel uses different convolution expansion
rates to identify the multiscale semantic information for extracting richer detailed information. Second, a joint loss function of cross entropy
and Dice coefficient is designed to achieve the desired segmentation effect.

The model is comprehensively evaluated and tested on the Inria aerial image dataset. Experimental results show that the proposed
remote sensing image segmentation method can effectively segment urban buildings at pixel level from high-resolution remote sensing
images, and the segmentation accuracy is higher and is therefore better than those of other methods.

Our proposed D-UNet can deliver automatic building segmentation from high-resolution remote sensing images with high accuracy.
Thus, it is a useful tool for practical application scenarios.

Key words: remote sensing images, semantic segmentation, multiscale, dilated convolution, image processing



