Efficient GPU Technigues for Processing Temporally Correlated Satellite Image Data
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1. Problem and Contributions 2. A Radar Satellite Image Processing Algorithm
I Processing of spatio-temporal data on massively parallel many-core platforms such as GPUs. Interferometric Synthetic Aperture Radar (InSAR) The Algorithm - Persistent Scatterer Pixel Selection
J Commonl r r .g., 3D arr incur r . . . . L L
Commonly used data structures, e.g., 3D arrays, incurs scattered data accesses 1 InSAR is an earth-orbiting satellite-based remote sensing technology used primarily for estimating 1 Identify permanent objects, both natural and artificial, based on SAR imagery [2]
) Difficult to prevent branch divergence and ensure memory coalescing on GPU displacement of the earth's surface [1 e e el : o : : :
.} Computes probability distribution of pixels — likelihood of a pixel representing a permanent object
1 Applications — monitoring earth subsidence and uplift due to urban infrastructure development, . . . . . : . T
L . . : ) ) Classifying pixels improves efficiency and quality of later steps in the processing pipeline, e.g, phase
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Every pixel stores a complex number : :
.} CUDA implementation of a real-world application which is being used in production B | | N A search window Typical workload size
_ _ _ e ﬂ’—/ arc = CN (Cisa pixel an N is its neighbour, n is Due to massive storage requirement of an 'nterferégram K| with eieht arcs = A 15,000 x 8,000-pixel interferogram — 1GB
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