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Signal Recovery

The inverse problem:

Observation X Recovery f(W)

 

 Compressive sensing

 Image super-resolution

 Image denoising

 Image deblurring

……



A General Machine learning Framework
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Loss function noise distribution
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What we assume noise as: But the real noise is:

Robust 
Problem
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Noise Modeling Principle
• Assume the noise distribution follows a 

parametric model p(e, )
• Learn from data

We have only observations, while not noises

 needs to be estimated under
known model parameter W 

W needs to be calculated
under fixed loss function ߠ



Step 1: Given an initial model parameter(s) W and
parametric noise distribution e~p(e, θ); 
Step 2: Estimate the loss function/noise distribution
 θ∗ = argmaxθ	∑ logi p(ei|θ) ;	 
Step 3: Optimize the model parameter W under
fixed loss function ܮθ∗. 

• Assume the noise distribution follows a 
parametric model p(e, )

• Learn from data

Noise Modeling Principle



Stop?

Yes

No

Input:0ܮ 

 
t:=0 

 w∗ = argminw ܮt(ݔi,φ(w))i  
 ε = x − φ(w) 

t+1ܮ  = MLE/MAP(ε)  

 
t:=t+1 

 
Output: ܮ∗,w∗ 

Loss Modeling Principle
• Assume the loss function ܮી containing certain parameters ߠ
• Learn ܮఏ from data
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݁~ ,ܰ(݁|0ߨ ଶ)ߪ

DY Meng, D Fernando, ICCV 2013; Q, Zhao, DY Meng, et al., ICML, 2014



Universal approximation property of MoG

Any continuous 
distributions

MoG

(Maz’ya and Schmidt, 1996)



MoG Noise Modeling

Step 1: Given an initial model parameter(s) W and noise distributione~∑ πkܰ(e; 0, σk2)k  
Step 2: Estimate the loss function/noise distribution ሼૈ∗, ો∗ሽ = argmaxૈ,ો  logi  πkܰ(ei; 0, σk2)k ; 
πk∗ = 1Nγi,ki , σk∗ = ቆ∑ γi,ki ei2∑ γi,ki ቇ1/2 , γi,k = πkܰ(ei; 0, σk2)∑ πkܰ(ei; 0, σk2)k ;	

Step 3: Optimize the model parameter W under fixed loss function  W∗ = argminw ฮH(ૈ∗, ો∗) ⊙ ൫D− f(W)൯ฮ2. 

Zhao Qian
Fernando  
de la Torre
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Low-rank Data Structure

X = UVT; X ∈ Rd×n, U ∈ Rd×k, V ∈ Rn×k; k ≪ d, n
minX ,X)ܮ UVT) 



Original Ground Truth    CWM RegL1ALM    PMoEP     MoG      SVD

Application: Background Subtraction



Foreground objects Shadows of objects Camera noise

Original video Background video

DY Meng, D Fernando, ICCV 2013; Q, Zhao, DY Meng, et al., ICML, 2014
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݁~ ܧߨ ܲೖ(݁|0, )ߟ

Extend MoG to MoEP

XY Cao, Q Zhao, DY Meng, et al., ICCV 2015



 Heuristic strategies (Meng et.al. ICCV 2013, Zhao 
et.al.   ICML 2014)

 Information criteria: AIC (Akaike ISIT 1973), 
BIC(Schwarz et.al. AOS 1978) and etc.

 Bayesian methods: variational inference (Bishop 
et.al.  PRML 2006), Dirichlet prior based method 
(Ormoneit et.al. TNN 1998, Zivkovic et.al. TPAMI 
2004).

 Penalty methods: penalized likelihood (Huang et.al. 
arxiv 2013).

݁~ ܧߨ ܲೖ(݁|0, )ߟ
Candidate 

Components
ܧ ܲభ ܧ ܲమ ܧ ܲೖ Cao Xiangyong



Mixture of Exponential Power Distribution
 The candidates pk  can be set the same or different 
 Representation capacity of MoEP significantly expand that of MoG! 
 All previous models can be considered as special cases of this MoEP

framework: 
 L2 norm loss model: EP2 
 L1 norm loss model: EP1 
 L2+L1 norm loss model: EP2 + EP1 
 L∞  norm loss model: EP∞  
 MoG: EP2 + EP2 + ⋯ 
 Mixture of Laplacian: EP1 + EP1 + ⋯ 

XY Cao, Q Zhao, DY Meng, et al., ICCV 2015



XY Cao, Q Zhao, DY Meng, et al., ICCV 2015

Hyperspectral Image Denoising



Sometimes noise has intrinsic structures!
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~ࢋ ,0|ࢋ)ܰߨ Σ)
P-MoG

Extend pixel-wise MoG to Patch-wise MoG

W Wei, LX Yi, DY Meng, et al., ICCV 2017

MoEP



• Photometric appearance (K. Garg and S. K. Nayar, ICCV 2005)
• Chromatic consistency (P. Liu, J. Xu, J. Liu, X. Tang, CIS 2009)
• Spatiotemporal configurations (A. Tripathi, S. Mukhopadhyay, LIP 2012)
• Local structure correlations (Y.‐L. Chen and C.‐T. Hsu, ICCV 2013)
• Discriminative structures (J. H. Kim, J. Y. Sim, and C. S. Kim, TIP 2015)

They take rain streaks as Deterministic Knowledge!

Previous methods encode rain streaks by their:

Wei Wei Yi Lixuan



• Background: Low-rank
• Moving objects: Spatial smoothness
• Rain steaks: Patch-based MoG

We might better encode rain streaks as stochastic!



W Wei, LX Yi, DY Meng, et al., ICCV 2017
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W Wei, LX Yi, DY Meng, et al., ICCV 2017



Next Generation of ML:
From Laboratory to the Wild
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Spatial 
prior

Temporal
prior

Dimensional/Spectral
prior

Not identically distributed
AND
Not independently distributed
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From Spatial 
Perspective

XY Cao, Q Zhao, DY Meng, et al., TIP 2016

Cao Xiangyong



XY Cao, Q Zhao, DY Meng, et al., TIP 2016
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Y Chen, XY Cao, Q Zhao, et al., TC 2017

Chen Yang



Y Chen, XY Cao, Q Zhao, et al., TC 2017
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From Temporal 
Perspective

Online method should be
• More efficient!
• More accurate!

HW Yong, DY Meng, et al., TPAMI, 2017

Yong Hongwei





Please see more demos in http://gr.xjtu.edu.cn/web/dymeng/7.

HW Yong, DY Meng, et al., TPAMI 2017

 Better foreground object detection

 Better background scene subtraction Faster computational speed
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Design noise structure based 
on domain knowledge

Q Xie, D Zeng, Q Zhao et al., TMI, 2017



Xie Qi

Ma Jianhua



Q Xie, D Zeng, Q Zhao et al., TMI, 2017
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Lesion 
detection

• Non-L2 robust loss:
o L1-SPCA Pattern Recognition 2012
o L1-Small Target detection TIP 2013
o L1-LRMF AAAI 2013
o L1-Bayes-LRMF TNNLS 2015

• Domain Specific Noise Modeling:
o CT-Denoising :       TMI 2017
o Lesion detection:    In progress

• Noise Modeling with T/S/D Prior:
o MRF-MoEP TIP 2016
o Non-iid MoG TC 2017
o OMoGMF TPAMI 2017

• General iid Noise Modeling: 
o MoG-LRMF ICCV 2013
o MoG-RPCA ICML 2014
o MoEP ICCV 2015
o MoG-TF CVPR 2016
o P-MoG ICCV 2017




