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Fig.1 Framework of Two-layer Deconvolution Network
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Fig. 2 Diagram of SPP Pooling and Unpooling in
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Fig. 3 Framework of SAR Image Classification Algorithm Based on SPP-DCN
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Tab.1 Parameter Settings of Experiment

S 4 SHUE
Layers 4
Patch_size 32/16/8
Move_size 32/16/8
Filter_size 7X7
Num_feature_maps [15,50,100,150,250]
Epochs [4,6,6,10]
Area 256/1 024
Num_train_img 50
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Fig.4 Classification Results of Experiment
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Tab. 2 Classification Accuracy Rate/ %

) Wishart GLCM+ Decomposition+ SPP-

SVM SPM DCN

FER 54.58 78.39 61.33 79.27
Sl ) 62. 50 64.56 55.83 80.76
3 76. 83 82.13 86. 64 86. 58
A 5 54.16 80. 01 58. 00 84.59
TR 57.24 65. 34 59. 00 73.91

Tk 71. 35 82. 39 88.47 86. 96

Y 75. 04 71.27 84. 60 77.98
£m 1 47. 49 58. 35 81.47 67.16
A H 2 50. 11 23. 14 51.29 30. 59
A< H 3 49.30 15. 98 49. 27 30. 07

-1 65. 20 71.56 72.37 79.54
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Fig.5 Comparison of Experimental Results
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Classification of SAR Images Based on Deep Deconvolutional Network
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Abstract: Aim at the problem that the traditional feature extraction methods cannot get the high level
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structure features, this paper put forward a new soft probability pooling method, which is used in
multilayer Deconvolutional Network, then high level structure features can be learned and be used for
classification of SAR image. Firstly, the SAR image was divided into patches; then, the feature cod-
ing of each patch was obtained by means of multilayer Deconvolutional Networks, which can learn fea-
tures suitable for image classification in different scale ; finally, the SAR image was classified through
the features used in SVM classifier. Experimental results on the first batch domestic PoISAR images
show that the classification accuracy rate of the proposed algorithm is superior.

Key words: synthetic aperture radar; multilayer learning; deconvolutional network; image classifica-

tion; soft probability pooling
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Accurate Determination of the Calibration Factor of iGrav-007
Superconducting Gravimeter
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Abstract; The iGrav superconducting gravimeter is the newest relative gravity meter with the highest
accuracy and most portable measurements in the world. It provides the most stable relative gravity
measurement. The calibration factor for the iGrav-007 superconducting gravimeter was accurately de-
termined using site observations obtained with the FG5-112 absolute gravimeter and the iGrav-007 su-
perconducting gravimeter at Wuhan Jiufeng station, based on Least Square method. The data process-
ing results show that the calibration factor was(—91. 640 240. 085 2) X10 * m + s7% « V! with a rel-
ative calibration accuracy of 0. 092 9%, the accuracy of the calibration factor obtained by the absolute
gravimeter for one day was better than 0. 2%, the accuracy of the calibration factor obtained by abso-
lute gravimeter for three days was better than 0.1%.

Key words: iGrav-007; FG5-112; superconducting gravimeter; calibration factor; accuracy analysis
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