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Abstract

Despite the clear texture and high spectral heterogeneity of ground objects in high-resolution re-
mote sensing images, there is a complex and diverse problem with the buildings in the images,
which leads to errors and omissions when using convolutional neural network AASPP model and
DenseASPP model to extract buildings separately. Therefore, a high-resolution remote sensing im-
age building extraction method based on DentateASPP (Dentate Atrous Spatial pyramid pooling)
are proposed. The existing building dataset and high-resolution GF-2 images were used for experi-
ments. Compared with the results of building extraction using AASPP and DenseASPP models, the
experiments show that the DentateASPP model has the least number of errors and omissions in ex-
tracting buildings, and the best performance.
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HALA e Gt EGRTE NE, (AR EMEER 2. B A S e a, X LU 2 H a3 3 KW
N AL 4% (Convolutional neural networks, CNN) LA H S H &% H & FIR 2 IR AR
EIRETI[1]e FHEFE 4 T35 W 28 4 B U-Net ()M 2% 3T dg tH 7 SU-Net, BRI T U-Net Xf T2 R
FEE B MZAGRE ), SEIb 2 RBE@ SR Sk FEHEHL[2]. 7 ResNet H15] N\ U-Net BB fERGH, $iEth
Res-U-Net LA B SR 45 B [3]; DeepLabV3 LA S5 i ResNet SRt PIZEHELL, F) F k2 B ve il
JraX, AT 0 G SRR JZ R T SCAS JEIRT 10X 248 YR 58 169 036 ol PR) DX 286 3R A e S (45 2 Atk I 2% 1) /= 3
T ASPP (atrous spatial pyramid pooling)%f BT 43 (AFE BUE AT AN FERFEZR ) Z I SR, R 347 210
BRI IR 2 RS BA AR T30 AL A3 1) BUR GO AR R &, 8 b SRAE SRR B R 3R 0 R AR
[5]. ¥ Resnet 4%t 3% 215 B FIRFE @ R-MCN g5 4, 3t — D3 i 2 R R4 15 (5 5. 28 J5 K DUC
(dense upsampling convolution) %A 753K, Yk HRAEEIRF[6]. B A FCN BRERSS MRl & AN A 2 R KRR
AEBE, RBIHR 2 ISRE LA H RO 7] R 3G 0 25 T =5 [8] 4 E5 VAL 8. AASPP (Augmented Atrous Spatial
Pyramid Pooling, AASPP), SCHIL/KZ. FE#E. HEIVAIE K 2 F Y 15 2 552K [8]. HIR AASPP £ =
ANE) I 2 ) B AR = HR B RERE 2% 2 2R e B A S B R ) BIAERHE R B, (B8 BRI
HAFK . BINERIE AL — @ YO N B 7R BURSTY I B SRS RE, (R R IS BT AR AE SR X
SR TR TR TR 1RE.

B4R 23 7 ] 4 7 4k (Dense Atrous Spatial Pyramid Pooling, DenseASPP)X F #2121 %A
[F) AL I ) 25 s AR P P, XA AN [ AR E A N BE RE B & ML e BRI AR5 B, SB35 AEDX
SERMRAE R, BRI AR T HRZ 5 ) DX @S S AE @ . i th oo IRz 1 2 T 2 ) 4 7 3%
AR Dentate ASPP T 2535 i SUA R URSUR .
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Figure 1. Convolutional neural network structure
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Figure 2. Dense atrous spatial pyramid pooling
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Figure 3. Augmented atrous spatial pyramid pooling
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Figure 4. Dentate atrous spatial pyramid pooling
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prec = TP/(TP + FP) €8
OU=— N (2)
FP+ FN+TN

AT BAIE Dentate ASPP 32 EXE Y AIRUE, 1# ] Crowd Al Mapping Challenge H4E )8 SRV E i &
HHAT T I0E . ZBERER D NINGE. RIFEANE. Hd, II%GERS 280741 Tk, M5kE A7
HEFE N 300 x 300 13, HE RGB =M@l . W REFARE A MS-COCO #5 . b S 2 FAES X
I A 60317 5K. MRAREEIL 60697 Tk, A bRyt Eu

Table 1. Extracting building accuracy using the Crowd AI Mapping Challenge dataset
%% 1. XM Crowd Al Mapping Challenge #iESEIRBUEMERE S532F Lt

e TR ZFL
AASPP 92.85 66.83
DenseASPP 92.71 66.77
DentateASPP 95.19 67.67

%1 3RS DenseASPP. AASPP Al Dentate ASPP 2 HUS ¥ 65 2 S O HERAE MRS IELE, A LE
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Figure 5. Buildings extracted using AASPP, DenseASPP, and Denate ASPP models
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Table 2. Accuracy evaluation of extracting buildings from WorldView?2 using three models

2. XASF#IEEEEY WorldView2 EHIE0ES EiEM

4.

A TR AL
AASPP 91.2 66.97
DenseASPP 90.2 66.81
DentateASPP 93.1 67.77
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