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Images Based on Cognitive Models
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Abstract In view of the problems in the traditional aircraft detection algorithms and the existing machine learning

detection algorithms, one concept of valid aircraft detection is proposed for remote sensing images. With the full

convolution detection and segmentation network based on the deep learning in the cognitive model, one valid aircraft

detection system is designed and simulated. A cognitive model for detection is constructed, and the function of each

module is designed. The experimental results certify the effectiveness of this system, and this system provides a

new thinking way and method for the development of intelligent detection of multiple objectives.
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Fig. 1 Structural diagram of detection system
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Fig. 8 Detection samples for unshaded aircrafts
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Fig. 9 Detection samples for shaded aircrafts
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Fig. 10 Contrast between (a) artificial segmentation image and (b) original image
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Table 1 Detection results

Target fap Average fi,u Time /(mse*frame ')
Airport 76.61 0.64 500
Aircraft 85.46 0.95 10

Shaded aricraft 80.23 0.89 13
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Fig. 13 Aircraft detection results
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Table 2 Performance contrast among different
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detection algorithms

Efficient Time /
Algorithm S ap
aircraft ratio (mseframe ')
DPM 80.61 54.2% 670
SSD 40.12 63.1% 120
Recognitive model  75.23 94.5% 528
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