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Introduction - Face Tasks

Face alignment/ Face identity 3D Head pose Facial expression/
registration recognition estimation emotion recognition

(localisation of ‘

facial features)
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Face Alignment - How Hard Can It Be?

* Must be able to deal with variations in identity, facial expression, pose, occlusion, illumination, camera parameters, ...
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Linear Shape Model

‘In the Wild’ Image Database

RAW Shape Data Procrustes Alignment
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Local (Patch) Appearance Regions

Local Appearance Regions

Similarity Warp
(s,6,tx,ty)

Image + Landmarks Normalized Image Local Patches Sampled Local Patches



Piecewise Affine Warp
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Holistic Regions (Piecewise Affine Warp)
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Linear Appearance Model

+A;(x)

+As(x)

+A3(x)

+A4(x)

Appearance Model
(RGB)

m

A A) = Ag(x) + > Ay(x)\;

1=1

Appearance Model
(HoG)



Active Appearance Models (AAMs) - 2D Fitting
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Active Appearance Models (AAMs)
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3D Shape Data

Left Camera
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3D Shape Model - Perspective Projection

Camesa
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Full Perspective Projection 3D Point Distribution Model (PDM)
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Robust 2.5D Model Fitting
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Generative vs Discriminative Face Alignment

 Generative / Holistic Appearance Model

Shape Model

Point Distribution Model
(PDM)
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Constrained Local Model (CLM)

Data Term

Regularization Term
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Local Landmark Detectors - SVM

Linear SVM
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v landmarks

19



Local Landmark Detectors (MOSSE Filters)
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Bayesian Inference CLM
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Local Optimization Strategies

Patches under occlusion

Weighted Peak
Response

Gaussian
Response

Kernel Density
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Non-Parametric Bayesian Inference CLM

b = argmax p(bly) o p(y|b)p(b)
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Multiple Detectors per Landmark

Training examples for a given landmark:

Clustering of training examples

MOSSE Filter
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Unsupervised Clustering
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M - clusters
N - examples

Solve (for each landmark i) using a two step approach:

- Initial clustering by k-means

@ Build basic detectors using the current clustering estimate
@ Move samples to the cluster with highest correlation

- Repeat until no more samples change
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Multiple Detectors por Landmark (video)
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CLM with Depth Data

h

« Strategy Employed:
- Multiple Channel Local Detectors (RGBD - w/ single response map)

- Fast CLM Inference (Gaussian)
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Multiple Channel Correlation Filters

Local Region Filter Target
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BCLM w/ Depth Data

ISR-Z Datasel
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Gradient Shape Model (GSM)

s - shape vector at image frame v Data Term Regularization Term
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2D + 3D Gradient Shape Model (GSM)

v 2D Regularization Term 3D Regularization Term  Projection Residual
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Gradient Descent vs. Cascaded Regression

Gradient Descent

* Requires ‘good’
initialization.

* In general, requires to
compute the Jacobian at
each iteration.

* Require to compute the
Hessian and its inverse
(2nd order methods).

* Learning Fast.

 Testing Slow.

"
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ethod Optimization

Cost Function

Cascaded Regression

 Captures the variance of

the initialization.

* Precomputed

Regression matrix.

 Learning Slow.

 Testing Fast.
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Cascade Regression Framework

k - cascade level
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Simultaneous Cascaded Regression (SCR)

Regression with
both shape and

appearance
structure
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Nonlinear Cascade Regression
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CNN Regression Architecture

Nonlinear Regression
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CNN Learning - Data Collection

N M
k - cascade level
arg min E E HAPZ- — CNNk (E(Ii (S(pf))))“%k /- training image
RE 4 . i - virtual sample
i=1 j=1 / P

Estimate noise l l
¥ = cov(p, — Pyj)

Deviation from Ground Truth Data Matrix (local normalized patches)
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M - augmented examples
N - real examples

Data Matrix: 4D Array
(PxXPxvxN.M)

Data Collection (D matrix)
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Demo Applications



Face Recognition

- | | ﬂlll—» “Daniel Craig”

Convolutional Neural Predicted

Normalization

Region of Interest

(ROI) Network (CNN) identity
Canonical reference zero mean ResNet-18 network architecture
frame (224x224x3) & unit std Cross-Entropy loss function

Discriminative
f template matching
N (HOG + linear SVM)

Basic Face Recognition Demo

- Face detection: (HoG + linear SVM)
- CNN classification: ResNET18
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3D Head Pose Estimation

2D landmarks 3D model projection Pose representation

(old) 3D Model

Improved 3D Model
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Facial Expression Recognition
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Face Swapping w/ Blending

Swap Appearances

<>

source

Image B swap(A,B)

image A : swap(B,A)
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Age Estimation

* UTK Faces Database.
» 20K+ images of faces in the wild
» 200x200 RGB images
* CNN Regression (ResNet18)



Demo 3D Head Pose Estimation - Super Mario World




Thank you

https://www.isr.uc.pt/~pedromartins
pedromartins@isr.uc.pt
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