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HIGH-RATIO COMPRESSION OF REMOTE SENSING IMAGE
BASED ON RIDGELET AND NEURAL NETWORK

YANG Shu-Yuan, WANG Min, JIAO Li-Cheng
(Institute of Intelligent Information Processing, Xidian Univ. , Xi’an 710071, China)

Abstract: To get a high-ratio compression of remote sensing images, a neural network ( NN)-based compression method
was advanced. By using the characteristics of self-learning, parallel processing and distributed storage of NN, a single hid-
den layer feed-forward NN was constructed for getting high-ratio compression of remote sensing images. Moreover, we em-
ploy ridgelet, which is a new geometrical multiscale analysis ( GMA) tool and is powerful in dealing with linear singularities
(and curvilinear singularities with a localized version) , as the activation function in the hidden layer of the network. There-
fore the network has both the advantages of NN-based image compression method and more effective representation of edges
and contours for the localization properties of ridgelet in scale, location and direction. The simulation results show that the

proposed network can not only get high compression ratio but also present promising results, such as high reconstruction

quality, fast learning and robustness, as compared to available techniques in the literature.
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Fig. 1 Ridgelet and localized ridgelet
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Fig.2 Neural network with ridgelet neurons
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Fig.3 The compression system
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Fig.4 The remote sensing images
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Table1 The PSNR of the wavelet-based method and our
method
(a) FE#ELE 81
Vagz N INEWHAEMETTE(AB) AT (dB)
1x8 51.390 52.228
8 x1 50. 829 52.488
2 x4 56.061 56.368
4x2 53.099 53.623
(b) E4ELH 161
Vg TN INEMEMETE(B) AT E(dB)
16 x1 42,557 43.410
1x16 43,845 46.318
4 x4 51.272 53.510
2x8 46. 990 49.432
8 x2 46.221 46.682
(c) HE48Lk 32:1 )
KN NEWHEMETTE(IB) AL (dB)
32 x1 38.383 38.615
1 x32 32.915 37.926
4 x8 44. 462 46.861
8 x4 44.041 44875
16 x2 40.474 40.762
2x16 41.497 43.046
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Table 2 The performance of the wavelet-based method and
our method

B NEME RS TT R
PSNR(dB) Ratio PSNR(dB) Ratio
11 48. 897 33.805 52.608 35.764
2 50. 845 25.565 51.683 25.955
3 46.877 29.485 46.948 30.271
I4 47.052 27.307 47.438 27.573
I5 48. 692 26.255 49.028 26.340
16 44.362 29. 806 44.959 30.172
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Fig.5 The compression result of the methods
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Table 3 The consumed time of the methods(s)
bk 4x3 8 x6 12 x16
BPN 23.2 23.5 27.8
WNN 21.7 21.7 26.4
AT 16.0 19.2 24.9
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