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Th P bl KPCA i i i d E iThe Problem KPCA reconstruction revisited ExperimentsThe Problem KPCA reconstruction revisited ExperimentsThe Problem KPCA reconstruction revisited Experimentsp
D i RKPCA f i t l tliT diti l hData corruption RKPCA for intra‐sample outliersTraditional approach: Data corruption C o t a sa p e out e spp

• Noise e g from capturing devices• Noise e.g. from capturing devices
•Missing data e g due to transmission•Missing data e.g. due to transmission
• Outliers e g occlusion specular reflection• Outliers e.g. occlusion, specular reflectiong p

Di d t I ti f b t ???• Disadvantage: Incorporation of robustness???
noise missing data outliers

g p
noise missing data outliers

Our proposed method:Our proposed method:

GoalGoal
l

Goal
noveltynovelty

i ) 68 l d k b) h li d ) h i l i• Figure: a) 68 landmarks, b) shape‐normalized , c) synthetic occlusionFigure: a) 68 landmarks, b) shape normalized , c) synthetic occlusion
T bl td f th b l t diff b/t t t d i d th d t th M lti PIE d t b

D t d li i b
• Table: mean + std of the absolute differences b/t reconstructed images and the ground‐truth on Multi‐PIE database.  

Data modeling using subspace
/ g g

g g p

RKPCA for denoising•What we gain: easy incorporation of robustness
Principal Component Analysis (PCA)

RKPCA for denoising•What we gain: easy incorporation of robustness
Principal Component Analysis (PCA)

g

• Feature extraction dimensionality reduction• Feature extraction, dimensionality reduction
• Linear structure• Linear structure Robust
Kernel PCA

Robust 
Kernel PCA  measure• Extension of PCA for non‐linear data structure

measure
Extension of PCA for non‐linear data structure

• Robustness?Robustness?

Rob stnessRobustnessRobustness
K l PCA & P iKernel PCA & Pre‐imageKernel PCA & Pre‐imageKernel PCA & Pre image

Dealing with missing dataDealing with missing data

•Mapping to feature space is implicit non‐reversible•Mapping to feature space is implicit. , non‐reversible.
• Feature mapping is non‐reversible How to find pre‐images?• Feature mapping is non reversible. How to find pre images?

D li ith i t l tliDealing with intra‐sample outliersg p

• Image denoising on Multi‐PIE database BaseLine: amount of noiseImage denoising on Multi PIE database. BaseLine: amount of noise
• Our methods better than the others.Our methods better than the others.

RKPCA for incomplete training dataRKPCA for incomplete training data
Dealing with missing data and intra sample outliers in training dataDealing with missing data and intra‐sample outliers in training data

• Iterative procedureIterative procedure
• Alternate b/t modeling and robust fittingAlternate b/t modeling and robust fitting
• Divide training data into several partitionsDivide training data into several partitions

d li i h l i i• The pre‐image problem: • Modeling with leave‐one‐out partitions• The pre‐image problem:  Modeling with leave one out partitions

O ti i tiOptimizationp

• Reconstruction errors for 5 different methods and 10 probabilities of missing values for the Oil Flow dataset
P bl Th i h b f ibl l i !

• Reconstruction errors for 5 different methods and 10 probabilities of missing values for the Oil Flow dataset.• Fix point update•Problem:  There might be no feasible solution! • Our method outperforms others for all levels of missing data• Fix point updateob e e e g t be o eas b e so ut o • Our method outperforms others for all levels of missing data.


