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Depth Image Enhancement Based on Hierarchical Identification and
Alternating Direction Multiplier Method
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[ Abstract] Because the depth image acquired by the mainstream sensor has image quality problems such as missing
depth information area and noise, a depth image enhancement algorithm based on Static/Dynamic(SD) global
optimization model is proposed. The SD global optimization model smoothing term is modeled by non-convex functions,
which makes it more robust to outliers. The Alternating Direction Multiplier Method ( ADMM ) based on Hierarchical
Identification ( HI) is used to solve the SD global optimization model. The method decomposes the objective function into
multiple sub-objective functions, and solves each sub-objective function one by one through the HI idea to reduce the
complexity of the solution. Experimental results show that the proposed algorithm can effectively remove image noise and
suppress depth artifacts while speeding up convergence.
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