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Fig. 1 Basc Framework of The System
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Fig. 2 Reduction algonthm for features
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Fig.3 Stucture of the remote sensing image recognition neural network combined with rough set theory
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, 10% . ( paddy) . 1
4.1 | 2 |
3 .
1 7 4 2
5 (water) - ('sand) - Table 2 Discretization of attribute values
(shade) . (diyland) . (forest) . (city) chd chS ch6 7 lass
1 1 (16,17 [1415 [ *,10 [ *.3 water
Table 1 Training samples 2 [14,15] [ *,13 [ *,11] [ *,3] water
T IS 16 7 s 3 (14,15  [1314 [ *,10 [ *.3 water
| 16 1 10 5 ot 4 (15,16  [1415 [ *,11 [ *.3] walter
) " 2 10 ) water 5 (16,17) [1415 [ *,11 [ *.3 water
3 14 13 g 5 water 6 [15,16) [1415 [1,15  [3.6 sand
4 15 14 8 2 waler 7 [16,17)  [1415) [11, 15 [3.6 sand
5 16 4 9 5 vater 8 [17,18) [1516) [1.15  [3.6] sand
6 15 14 11 4 snd 9 [16,17) [1617) [11,15) [7.8 sand
7 16 14 12 5 snd 10 [16,17)  [1617)  [11,15) (3.6 sand
8 17 15 14 4 sand 1 [ *,13) [1516) [1518  [6,7] shade
9 16 16 12 7 and 12 [13,14) [1516) [1518  [7.8 dhade
10 16 16 13 5 sand 13 [13,14) [ .13) [1518  [7.§ dhade
1 12 15 15 6 shade 14 [13,14) [1415 [18,19  [8.9 shade
W) 13 15 17 7 shade 15 [13,14) [ *,13) [1819  [8.9 dhade
13 13 12 15 7 shade 16 [18,19) [20,21) [24,26 [11,12]  dyland
14 13 14 18 8 shade 17 [19,200 [2021) [26,28 [91]] diyland
15 13 12 18 8 shade 18 [18,19) [2L22) [26.29 [12.13]  dylad
16 18 20 25 1 diyhnd 19 [1819 [1920) [26,29 [13,14)  dylad
I 19 20 26 10 diyland 20 [20, %] [2L22) [2,24 [1213)  dyland
18 18 21 27 2 diyhnd 21 [13,14  [1314) [2,30 [13,14) forest
19 18 19 27 13 diyland 22 [13,14  [1415 [28,29 [ 14,15) forest
0 20 21 22 12 diylaind 23 [16,17] [1516) [30,31) [I15, *) forest
21 13 13 29 13 forest 24 [14,15  [1617) [2,300 [15, %) forest
= 13 14 28 14 forest 25 [15,16)  [1314) [24,20 [ 12,13) forest
3 16 15 30 16 forest 26 [16,17) [17,19) [18,19 [7,8) cily
A 14 16 29 15 forest 27 [17,18)  [21,22) [2.24  [7.8) city
> 15 13 25 12 forest 28 [17.18)  [2021) [19.22  [7.8) ity
% 16 18 18 7 city 20 [18,19) [2021) [19,22  [7.8) iy
z 17 21 22 7 city 30 [17,18) [2021) [19,22  [8,9) ity
A 17 20 20 7 ety 31 [19200  [2L,22) [29,30 [I3,14)  paddy
» 18 20 19 7 city 32 [18,19) [21,22) [28,29 [13,14)  pady
0 17 20 21 8 city 33 [18,19) [20,21) [30,3) [14,15  paddy
3 19 2 2 13 paddy 34 [17,18)  [2L,22) [31, *) [12,13) paddy
= 8 2 28 B paddy 35 [19,20) ¥) 128,29  [1L12)  padly
3 18 20 30 14 paddy
k21 17 21 31 2 paddy

3% 19 22 28 1 paddy
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00000000000000011111111111T , 01,
000000011111111000000001111 300 0.06 )

7=|000111100001111000011110000
011001100110011001100110011
10101010101010101010101010 ) ) o

0000000000000000000011111 11111111171

7=|00000000001111111111000000000011111 43
00000111110000011111000001111100000
3 ,
Table 3 Deduced rules 3X35 ’ M

1 ch([ 16, 17)) AND chﬁ([ *, 11) ) —>chss( water) ~ . M2 _ BP_ ° )

) ([ 14, 15)) AND ch6([ *. 1))~ chis( water) 0. 0000 0.0000 0. 0000] " 0.0038 00576 0. 4260

3 ([ 15, 16} AND ch6([ *, 11))—clam( wter) 0. 0000 0.6501 0. 0000 0.0051 006% 0 4330

0. 0000 0.0000 0. 0000 0.0055 Q7333 0 4349

4 ([ 15, 16)) AND ch6([ 11, 15))—class( snd)

0. 0000 0.0000 0. 0000 0.0045 Q0649 0 4303

3 chd([ 16, 17)) AND ch6([ 11, 15)) > class( sand) 0. 0000 0.0000 0. 0000 0.0036 00552 0 4244

6 chd(L 17, 18)) AND ch§([ 11, 15))~class( snd) 0. 0000 0.0000 1. 0000 0.0077 0 0918 0.4434

7 ([ %, 13)) AND ch6([ 15, 18)) > chss( shade) 0.0000 0.0000 1. 000D 0.0049 0068 04323

8 chA([ 13, 14)) AND ch§([ 15, 18)) = class( shade) 0. 0000 0.0000 1. 0000 0.0051 006% 04331

9 ([ 13, 14) ) AND ch6([ 18, 19)) > class( shade) 0. 0000 0.0000 1. 0000 0.0155 0 1434 04611

10 cd([ 18, 19)) AND ch6([ 24, 26) ) — class( ciyland) 0. 0095 0.0000 0. 9869 0.0180 01570 0 4648

11 k(] 19, 20)) AND ch6([ 26, 28) ) > class( diyland) 0. 0000 1.0000 0. 0000 0.4936 07600 0 5644

2 dd([ 18, 19) AND ch6([ 26, 28) ) —> class( diyland) 0.0030 1.0000 0. 0005 0.4%2 0 B9 05606

3 ([ 20, *)) AND ch6([ 22, 24) ) —>chss( dryland) 0. 0030 1.0000 0. 0005 0.0787 Q 358 0.5035

14 ([ 13, 14)) AND ch([ 29. 30) ) class(forest) 0. 0000 10000 0. 0000 0.4194 Q7187 0 5%8

15 (] 13, 14)) AND chi[ 28 29)) > class(fores) 0.0823 1.0000 0. 0000 0.226 O 5443 05280

16 chd([ 16, 17)) AND ch6([ 30, 31)) > class(forest) 00038 1.0000 0. 7436 0.489 0758 0560

7 ([ 14, 19) AND ché([ 29.30)) = class(fores) 1L 0000 00000 0. 0000 0.4061 Q7109 0 5556

M=|04578 07749 0 78| M=|05832 07847 0501

18 ([ 15, 16 ) AND ch6([ 24, 26) ) — class(forest)

0.20%2 10000 0 93 0.4978 Q7530 0. 553

19 (16, 17)) AND ch§([ 18, 19))~>class( city) 0. 99 10000 L 0000 01894 03533 0528

D ([ 17,18) AND ch6([ 22, 24)) > class( city) L 0000 0.0000 0. 9000 0,983 01392 00216

2 ([ 17,18)) AND ch§([ 19, 22)) ~> class( city) 0.99 00000 0 7043 0.99%3 01412 00206

2 ch([ 18, 19)) AND ch§([ 19, 22) ) —class( city) 0. 99 0.0000 0. 3382 0.9920 0 1263 0.0212

B (] 19,20)) AND ch6([ 29, 30) ) class( paddy) 0.99 0.0000 0. 0000 0.9934 0 1428 00216

% (] 18,19) AND ch§([ 28, 29) ) — class( paddy) L 0000 0.2050 0. 3000 0.9812 00767 00204

25 chd(] 18, 19)) AND ch6([ 30, 31)) > class( paddy) 0. 8373 0.0000 0. 911 0.3396 06675 0. 5485

2% (][ 17,18)) AND ch6([ 31, *))—>chss( paddy) 1L 0000 04712 0. 7041 0.5255 0 7IQ 0.5675

2 chd(] 19,20)) AND ch6([ 28, 29) ) — class( paddy) 10000 0.0000 1. 0000 0.4467 0 7346 0.557

L 0000 02712 1 0000 0.2492 Q950 05376
L 0000 0.2712 1 0000 0.4763 07508 0 5826
4.2 1. 0000 1.0000 0. 0000 0.5323 07768 0.5655
L 0000 10000 0. 0000 0.5519 0 7869 05680
, L 0000 0.9%3 0. 0000 0.891 Q5319 02213
0.1, 150 L 0000 0.9485 0. 0000 0.8M3 0 S303 02102
7 0. 1447, 3000 | | 10000 0.9986 0. 0000 1 0.5381 Q7824 05687
0. 1239, 44
, , threshold = 0. 3000, threshold
0.1, 3000 1, threshold 0. M,
0. 03259, M, i (T
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Combining Rough Set Theory with Neural Network for
Remote Sensing Image

YU Chunyan"?, WU Ming-hui®’, WU Ming®
(1. Compuer College, Zhejiang University, Hangzhou 310027, China;
2. Department of Computer, Fizhou Univesity, Fuzhou 350002, China;
3 Department of Computer Science and Technobgy, City (ollege, Zhejiang University, Hangzhou 310027, China)

Abstract: There is a gap between traditional neural network’ s information process ability and amount information of re-

mote sensing image recognition. Focusing on this problem, this paper proposes a method to combine wugh set theory with

neural netwoik theory and uses it in remote sensing image recognition. First, this paper analyzes the feasibility and ad-

vantages of combination of neural network with rough set theory. Based on this analysis, a rough set theory based remote

sensing image recognition model is presented. Furthemnore, analysis on rough set module and remote sensing image

recognition module are given in details. Finally, contrastive experiment data are given to prove that combining wugh set

theoty with neural network theoty for remote sensing image recognition has a high converging rate, shorler training time

and more accuracy . The potential of this method, is also shown.

Key words: rough set theory; neural network; wemote sensing image; image recognition



