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Research Framework

Optimization on 𝑹,𝑴Proposed Formulation
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Summary and Future Work

Research Motivation

Research Questions
• How to make use of the information from time sequence?
• How to enhance the edge in the reconstruction image? 

• Propose a tensor completion model, which fuses images with different
spatial temporal resolution successfully

• Enhance edges in the reconstructed images significantly

• The proposed formulation can be applied to video decoding, inpainting
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Low temporal resolution, 
high spatial resolution

High temporal resolution, 
low spatial resolution

Fuse different spatial temporal resolution images to obtain high spatial, 
temporal resolution images

Tensor Completion (Liu et al., 2012)
Estimate the values of missing elements of array data

Optimization: Fixed rank Smooth Sparse PARAFAC tensor completion
FR-SSPC is an alternating minimization algorithm

Smooth Sparse PARAFAC tensor completion 
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Theorem 2: The regularization terms in the formulation enforce smoothness in 
𝓩𝑠𝑚𝑜𝑜𝑡ℎ and sparsity in 𝓩𝑠𝑝𝑎𝑟𝑠𝑒, specifically,
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𝑅 +𝑀, s. t. 𝓣Ω − 𝓩𝛀 𝐹
2 ≤ 𝜀.

𝕊𝕊(𝑅,𝑀): set of decompositions which 
contain 𝑅 smooth and 𝑀 sparse components

Define 𝐸 𝑅 +𝑀 = min
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𝐸 1 ≥ ⋯ ≥ 𝐸 𝑅 +𝑀 − 1 ≥ 𝜀 ≥ 𝐸(𝑅 +𝑀)
SSPC Algorithm
1: input: 𝓣,Ω, 𝑝, 𝜌, 𝜙, 𝜀
2: 𝑅 ← 0, 𝑆 ← 0
3: repeat
4:   𝑅 ← 𝑅 + 1 or 𝑆 ← 𝑆 + 1
5: 𝓩 ←FR-SSPC(𝓣,Ω, 𝑝, 𝜌, 𝜙)
6: until 𝓣Ω − 𝓩𝛀 𝐹

2 ≤ 𝜀
7: output: 𝓩
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Convergence Behavior 
of SSPC (Yokota, 2016)

Framework on X-ray images with different spatial temporal resolution

Smoothness in vector space Sparsity in vector space

Convergence performance of SSPC algorithm

a) Reconstructed image; b) Low resolution image;

c) 𝓩𝑠𝑚𝑜𝑜𝑡ℎ image; d) 𝓩𝑠𝑝𝑎𝑟𝑠𝑒 image
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Theorem 1: The FR-SSPC algorithm is a monotonically non-increasing 
until the objective value converges

• The Office of Naval Research, Multidisciplinary
University Research Initiative (MURI)

Reconstruction Error Smooth Features Sparse Features

mailto:zkong@vt.edu

