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Abstract

In most cases, high-resolution remote sensing images contain relatively complex semantic infor-
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mation and easily confused targets. Semantic segmentation of high-resolution remote sensing im-
ages is a very important and challenging task. In recent years, deep convolutional neural network
(DCNN) as a representative and combined with Conditional Random Field (CRF) algorithm has out-
standing performance in the field of image segmentation. Based on the DeepLap V3+ network
structure and combined with the DCNN, this paper designs a semantic segmentation network for
high-resolution remote sensing images. The results of simulation experiments verify the effective-
ness and robustness of the method.
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Figure 1. The overall schematic diagram of the network model
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Figure 2. Improved Xception network
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Figure 3. The main structure of DeepLab V3+
3. DeepLab V3+EELEHE

H5E, M Deeplab V3+I MG T LLE H, XA RTERALSE, BANAZ B RMAEESE, WA
LA R BN DN S, Hh BRI A2 1. 64 124 18, X IEEIEATAI LA B, H5L deeplabV3+
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3. U-Net {28!
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Figure 4. U-Net network model diagram

4. U-Net PR IER[E|

MRIEX MR AR BE B B 45 SR &, BATAT AR A b mT AT KR A, th
GO, RFAC SRR RENS i PR 22 I 28 (resnet) REAT Br i, B 7 IBEGuBBRETH SR Ah, BIRTTBLZE SR ZRBE £
WKL, AR TRERE. ERAERE R, KFERA PR 2 28— M EEAR, R g SR 5
P S22 RURFAE AR N, 53 8h— 2 % FH Y concat, KT XPFA M AMLER AL, ARSI concat W] LARH
EEZHAE, H SR BLAT T A B AR N (vector stacking).

4. 514pE¥H1A(Conditional Random Field, CRF)

et G, CRF EZRSRMCFE L, KA short-range CRFs HJ RE X BAT WK & JR (5
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Figure 5. Flow chart of overall segmentation
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Figure 6. K-means algorithm flow chart
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Table 1. ISODATA algorithm
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ZENEREANGE SR Ak, X IEMf 55 R R IZ PRS0 B PR ANE 7870, 1X K53 B Internet WS 73 BURFVE ARG

(c) ISODATA 2 #5URK

Building (1962) [l Road (321) Track (33)  [HM Trees (1452)
Crops (20) Il sSlow water (6) B Truck 9) Il Car (545)

Figure 7. Classification effect diagram

7. SEYRE

(a) (b) (©)

(d
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Figure 8. Image semantic segmentation band diagram
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Figure 9. Image semantic segmentation prediction diagram

9. EgIEX o BT E

6.3.2. B_HIBRERIWHER
AW AR BIRAE & 823 17, 824 1, 3 ANIREL(BSQIZVALAL, % 2, 034, 456 FHIFEAR.
EUZR o FCR W R B 10 B

{

(a) SEH R (b) K-means 73| %51 (c) ISODATA 43 £ 50 5%

- trees I- slow water - waterway
- crops building

Figure 10. Classification effect diagram
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- Man-made structures

ASCEAELENNASE ER B A 11 fTE 12 iR, 32 2 AR SCEVEAE 2 BN M 8 I R 250

HR 48 S8 AT W% 31 ]X 4% X Waterway . Man-made structures. Trees. Slow water 252 1] 5 # 2 FL A 4
Xf road. Buildings. Crops. Track %5 HAR7FIBCRANIE,  HI A44SR 10 J5 KRN A2 S0 Hictis 1] BAH
KB RIS, WA REZIERREAE ZE,  F2 X073 F1 7772 1 52 BR R AR 2 R KA 75 1)
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Figure 11. Image semantic segmentation band diagram
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‘ L, e it i L .
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e

L =
(a) Buildings 7 #|%UR E (b) Waterway 43I 2R &

() Road 73 FIRCR K (f) Crops 7> FIBCR () Slow water 73 EI U E (h) Track 73 FIBCRE
Figure 12. Image semantic segmentation prediction map

B 12. E&IEX S EITUNE

Table 2. Network training parameters

=2 MZNESH

ZH HE
Epoch 85
Batch size 64
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Figure 13. Iterations 1~30
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Figure 14. Iterations 31~60
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Figure 15. Iterations 61~85
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