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Fig.1 Technical flowchart of building extraction
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Fig.2 Multi-feature fusion and object boundary joint constraint network
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Fig. 3 Convolutional block attention module (CBAM)
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Fig. 4 Continuous-atrous spatial pyramid module (CSPM)
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Fig. 5 Multi-output fusion constraint structure (MFCS)
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Fig. 6 Aerial datasets image and corresponding building label images. (a) WHU Building Dataset;

(b) Massachusetts Buildings Dataset
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AT Fir 22808 — @) MA-FCN 7353l 17 0.37%A01 0.4%, 3X 3 WA SCR AL X e 354
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Table 1 Quantitative evaluation result of several modules on the WHU Building Dataset

T P /% R /% ToU/% Fi/%
U-Net' 93.69 94.18 88.56 93.93
MA-FCN™" 94.26 94.93 89.75 94.60
MFCNN''" 94.70 93.94 89.25 94.32
BRRNet "’ 94.95 94.13 89.64 94.54
U % eNNY 94.22 94.14 89.00 94.18
ATTE 94.63 95.33 90.44 94.98

R ETANE LU R RIZR B SRR o

K7 JoR 120 R RAE WHU s S84 B R nT AL SR AS R, P e AR 1.
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BERYS0f FEHY) SIE R . BRUBEH B P A TR, G RUE YNNG SRk . EER 2 3, |
TREIREAAE, W T [ — YR EE S 3RIA, 18R 1 X VAT R SR
BRI  F0 BRIRARITEO, ASCHRALEN A E CSPM % | FiREREEH A
R BB, AR BCE SR B . SO AR5 B R A R IE S, AR RS T R
EEH N A DL RANE LB B A T Tl FE SRR, AT MFCS K2 2
T At 2 IR DA S A ) BT R R R R E RSB B, AbFe IR aRAL T RURFE
S L EFRINEEE . JLA, X T s g 4 tha RIS A R R LA LR 5 e o>
B AR PITERS RS, AHECT 0 EORBRY, A SRR o @ S AT AR, 345 T
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Fig.7 Typical building extraction results of various methods on WHUbuilding dataset
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&% LR 7E Massachusetts € 50 ¥ 8048 £ (s BAPM G Rk 2 Fim. BT
Massachusetts &S EIRE D PERILT WHU S5E0ESE, HERmnRE AR, Bt
HoR AT EIPN A R T WHU B3R . ST ELBEIMEL, A SORIRUK 1B 7E BRiE R R
A AR IR ERIUIR AR, ARET Fi 40 558 % ¥ BRRNet, loU A1 Fy 208050 il i T 1.17%
A10.78%. 1HtAk, MA-FCN FiRUfE WHU UV RS L RIELS, 1M7L Massachusetts £
SUYBEE A LA TR U-Net B2, B HARHESR HUAR /) B M 022 o AR ST Y AE 7
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Table 2 Quantitative evaluation result of several methods on the Massachusetts Building Dataset

WiRrS P /% R /% ToU/% Fi/%
U-Net"™ 83.94 78.38 68.16 81.07
MA-FCN ™" 87.90 76.51 69.22 81.81
MFCNN"" 83.69 81.24 70.14 82.45
BRRNet " 84.33 82.33 71.40 83.32
U % NN 80.18 82.43 68.47 81.29
A T7: 85.31 82.93 72.57 84.10

* St R LUV T R T St

AN AE Massachusetts £ SUYIEE 4 #9870 ATALAL 45 R A0 &1 8 o, Herhi % 1.
2 NESEANETY), 1-1 M 2-1 AR | TR 2 MR R KL, 1% 3 R
EF, MR 4, 5 ONIREHEFER. W LT, S AL, AR
(R4 H 5 SR b i S ST SE N3 X A U 2 T B S e 5 A A R 2o i AR
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Fig.8 Typical building extraction results of various methods on Massachusetts building dataset
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Table 3 Comparison of complexity and computational efficiency of different methods
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Abstract: Objectives: Accurately and automatically extracting buildings from high-resolution
remote sensing images is of great significance in many aspects, such as urban planning, map data
updating, emergency response, etc.The problems of missing and wrong detection of buildings and
missing boundaries caused by spectrum confusion still exist in the existing full convolution neural
networks (FCN). Methods: In order to overcome the limitations, a multi-feature fusion and
object-boundary joint constraint network was presented in this paper. The method is based on an
encoding and decoding structure. In the encoding stage, the continuous-atrous spatial pyramid
module (CSPM) is positioned at the end to extract and combine multi-scale features without
sacrificing too much useful information. In the decoding stage, more accurate building features are
integrated into the network and the boundary is refined, by implementing the multi-output fusion
constraint structure (MFCS) based on object and boundary. In the skip connection between the
encoding and decoding stages, the convolutional block attention module (CBAM) is introduced to
enhance the effective features. Furthermore, the multi-level output results from the decoding stage
are used to build a piecewise multi-scale weighted loss function for fine network parameter
updating. Results: Comparative experimental analysis was performed on the WHU and
Massachusetts building datasets. The results show that: (1) The buildings extraction results
proposed by the proposed method are closer to the ground truth. (2) The quantitative evaluation
result is higher than the other five state-of-the-art approaches. Specifically, IoU and Fi-Score on
Massachusetts and WHU building datasets reached 90.44%, 94.98%, and 72.57%, 84.10%,
respectively. (3) The proposed model outperforms the MFCNN and BRRNet in both complexity
and efficiency. Conclusions: The proposed method not only improves the accuracy and integrity
of extraction results in spectral obfuscation buildings, but also maintains a good boundary. It has
strong scale robustness.
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attention mechanism; joint constraint
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