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Fig.9 Over—segment results by SLIC
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Fig.10 Initial segmentation result of buildings by multi-scale SLIC-GMRF
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RBF BV E A% R BHEA TN, ) T4 58 Sk
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PEUER T, A A BTZ FONSEREHE, IR
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Fx2 HAHFHEHFE
Table 2 Table of samples
FEACRE
) FEEF it
YILRAEA 2364 2363 4727
AR A 1013 1012 2025

*3 FCN#EHBER
Table 3 Feature maps of FCN

BRUZZM SRR || BRUZAR SRR
Convl_1 64 Convd_2 512
Convl_2 64 Conv4_3 512
Conv2_1 128 Conv5_l 512
Conv2_2 128 Conv5_2 512
Conv3_1 256 Conv5_3 512
Conv3_2 256 Fe6 4096
Conv3_3 256 Fe7 4096
Convé_1 512
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Table 4 Evaluation table of building extracting accuracy

/%

dent rivl'e b7ES
R P F, R P F, R P F,
Xt H 1 81.24 89.26 85.06 81.54 87.21 84.28 79.54 94.28 86.29
Xt 2 89.36 91.51 90.42 9271 86.00 89.23 92.86 91.65 92.25
XF 1k 3 91.72 74.65 8231 88.73 74.32 80.89 84.58 76.78 80.49
AR5k 97.26 96.68 96.97 94.45 95.97 95.20 97.13 93.24 95.15

F :R(Recall) , P(Precision) , F, 737l i 4% A e M5B 53 B8 A

FAP R, P, F RN AR AR KL
B EEER, AR SO IR IO B = A 3 Rt He
FHEER . X H 3 RIS FEAE 4 POy Ak, R
T SVM 43 Z g 76 U1 2y ik 72 rp AR 2101 25 500808 11

il B SCHURHAE, R AR TR RE R 22, HA%
LT i ST IR 73 45 0 5 B R AR AR IR
XFEE LA BRI IR 23 H 4 R N R AT &, I
SR o S SR e 2 DX I K 8 5 T HL Al LR 7
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Fig.12  Results of building extraction
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Table 5 McNemar-Bowker test table

RICTTI
WiRS 5 ™
EHf B BEM
R 3570593 217482
X 1 . 0.000
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R 4075879 325342
XFEE2 . 0.000
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AR 317463 16388675
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(1)Mnih(2013) 1] F CNN [ 28 4 70 43 51) 3 B
B R A, SR B CNN W45 A6 R0 B A JZ 45 #
h 3x64x64, - AUFE 3 )R & HUZE (64x13x13 . 112X
9%x9 . 80X7x7) K > 4096 . 256 4412 .

(2)Saito 55 (2016) i 17 & 509 48 HOR FH 79 CNN
WA 28 B R i A2 45 K0 hy 3x64%64, FUHE 3 TRZ
(64%x9x9 . 128X7X7 . 128x5%x5) K P> 4096, 256 4k
M A2

SRRk TR IR T g, SR A B4R
Y206 3 CNN W48 - A7 52 B, I A [
Mass- achusetts Z{ 3 4 (Mnih, 2013)7E1 7 E 592 HL
A

(a) JRURRAR

(a) Represents original image

segmentation

(bh) Represents results of initial
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Fig.13  Extraction results of Massachusetts dataset
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Table 6 Extraction accuracy on BEP points
/%

Massachusetts Dataset

WiRZS
R
Mnih 92
Saito 94.3
AR5 95.4
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x7 EIEFREITFMHE
Table 7 McNemar—Bowker test table

} AR
Jrik: - —
EH FER b 2
1EH 290084 94327
Mnih 0.000
oS 66841 1287632
1EHf 345329 108725
Saito 0.000
FER 54527 1508646
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Abstract: The extraction of buildings from remote sensing imagery has an important application value. However, high-resolution images
contain detailed information and complex features that hinder the difficulty of building extraction process.

To address this problem, we propose a building extraction method of building extraction based on multi-scale SLIC-GMRF and
FCNSVM that demonstrates an improved ability of extracting buildings from high-resolution remote sensing images to some extent. First, a
multi-scale SLIC-GMRF segmentation algorithm is applied to determine the initial building area, and then the advantages of the FCN neural
network in semantic segmentation are utilized to extract the building features. Second, the extracted building features are used to train an
SVM classifier to refine the building extraction results of building.

The results of three control experiments and two comparative tests reveal that the SLIC segmentation algorithm affects the initial
segmentation results, the SVM classifier affects the extraction of building details, and the FCN features influence the performance of the
SVM classifier. The precision rate, recall rate, and quality index of the proposed method are all better than the compared methods.

The following conclusions can be drawn from the experimental results. For the study area with clear features and minimal obstructions,
the proposed method can effectively extract buildings from an image. This method can also obtain ideal results for areas with a complex
distribution of buildings can also get ideal results.

Key words: remote sensing, building extraction, image segmentation, FCN neural network, SVM, high-resolution remote sensing image
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