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Introduction

• Nonrigid face alignment (facial landmark localization) with deformable models.


• Range of Applications: Face recognition, emotion recognition, pose estimation, …


• Cascaded Regression Framework.


• Gradient Descent vs Cascaded Regression.


• Review of the standard formulation.


• Nonlinear Extension of the Cascaded Regression


• Linear Shape Model.


• Nonlinear Regression (via Convolution Neural Network).


• Evaluation Results (LFPW, LFW, HELEN, 300W datasets).

2

Face alignment example



Related Work

• Active Shape Model (ASM) 

• Deformable Part Model (DPM)   

• Active Appearance Model (AAM) 
• Project-Out Inverse Compositional (PO-IC) 

• Simultaneous Inverse Compositional (SIC) 

• Constrained Local Model (CLM) 
• Convex Quadratic Fitting (CQF) 

• Subspace Constrained Mean-Shifts (SCMS) 

• Bayesian CLM (BCLM) 

• Cascaded Regression (CR) 
• Supervised Descent Method (SDM) 

• Project-Out Cascade Regression (PO-CR) 

• Simultaneous Cascaded Regression (SCR)
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Active Appearance Model (AAM)

Bayesian Constrained Local Model (BCLM)

Active Shape Model (ASM)

Simultaneous Cascaded Regression (SCR)



Gradient Descent vs. Cascaded Regression
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Cascaded Regression

• Captures the variance of 
the initialization.

• Precomputed 
Regression matrix. 

• Learning Slow.

• Testing Fast.

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.



Cascade Regression Framework
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RGB HoGv - landmarks



Learning Regression Matrix
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<latexit sha1_base64="OGfYi4pqAvZ9tmJPzAaoHaHmPLo="></latexit>

Rk = �S
⇣
FTF

⌘�1
FT

<latexit sha1_base64="E+9wWjSqI9gOmJodRre5DiwudjI="></latexit>

Least Squares Solution

Estimate Rk under Multiple Initializations 

k - cascade level
i - training image
j - virtual sample

�skj = s⇤ � skj
<latexit sha1_base64="1ygZX8ySZf/S/Zn0TY6tI8OHM7Y="></latexit>

Deviation from Ground Truth
Regression 

Labels F = [ | | | ]
<latexit sha1_base64="ph9m4h3SeufHXGkeHH5gbZwJI0I="></latexit>

Data Matrix (all features) 

N images x M virtual samples

Data Collection (F matrix)

skj ⇠ N (µk,⌃k)
<latexit sha1_base64="R+fz4wQeeDWWOwjUyPjLVTtTBGo="></latexit>

virtual sample

Linear Regression

⌃

k
= cov(s⇤ � skj )

<latexit sha1_base64="m7BDQ14++gna7FHWo2NxAznbXKo="></latexit>

Estimate noise



Linear Shape Model

Shape Model
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B(s;b) = s0 +
nX

i=1

�ibi
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4X
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 jqj
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s = S(B(b);q)
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s0 �1 �2 �3 �4
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Procrustes AlignmentRAW Shape Data
‘In the Wild’ Image Database

Similarity Transform

Full Shape Model

Shape BasisMean Shape

shape 
parameters

pose 
parameters



Local Appearance Regions

8Image + Landmarks

Similarity Warp 
(s,θ,tx,ty)

Local Patches Sampled Local PatchesNormalized Image

Local Appearance Regions



Initial Shape Estimate (s0)
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r = (x, y, w, h)
<latexit sha1_base64="Z/YvfDer3FWhQmNa2fHo4b6csc0="></latexit>

2v ⇥ 4
<latexit sha1_base64="t+r7Re0U0GD0/n/KzAszRHx+5Jk="></latexit> s0 = (x0, ..., xv, y0, ..., yv)

<latexit sha1_base64="uWEDU9LfPAUPkiJJdWRlQ4A7ws4="></latexit>

s0 = Rdr
<latexit sha1_base64="EBMbSX2qVGohJSOxZ5rO+BvMqpk="></latexit>

Face Detection

Direct Regression from 
Rectangles to Shapes

Other Examples:

Rd = S⇤Rect
†

<latexit sha1_base64="KHvKPUxWi4RVnhYsPCUJsEo3oc4="></latexit>

all shapes all detections



Nonlinear Cascade Regression
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pk = pk�1 + �Rk�1{L(I(S(pk�1)))}
<latexit sha1_base64="m3DGpV3ixnQwflfTHSoffcv9jeE="></latexit>

…

Previous
shape instance

Nonlinear
Mapping

Local Feature Extraction 
at  Normalized Frame

Updated shape 
instance

(n+ 4)⇥ 1
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(n+ 4)⇥ 1
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k - cascade level

p(n+ 1 : n+ 4)
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Similarity 
Warp

I(.)
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I(S(p))
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L(I(S(p)))
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P ⇥ P ⇥ v
<latexit sha1_base64="1a+0Kttk0uRTkhpZvprgale5uLg="></latexit>

Sampled 3D Array
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b
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Combined shape + pose parameters



CNN Regression Architecture

11

�p
<latexit sha1_base64="5oXWi53hzMOo3lvZCFzTlP4K0JY="></latexit>

Loss function

Lr =
1

N

NX

j=1

�pT
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<latexit sha1_base64="olqmFwB9rf/efzytcwOvwj1giJY="></latexit>

Nonlinear Regression

CNN Topology
Input Output

shape 
parameters 

updateDepthwise 
Convolution

32 filters (3x3) for 
each local patch

Pose Normalized Image

Regression 
Layer (n+4)

L(I(S(p)))
<latexit sha1_base64="1F5Bp3ldxdG21RMvFJNkzwZ1fh0="></latexit>

Mahalanobis Distance

Convolution
32 filters (3x3)

Convolution
32 filters (3x3)

Dropout 
0.4

argmin
Rk
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MX
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j )))))k2⌃k
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CNN Learning - Data Collection
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Data Collection (D matrix)

virtual shape 
sample

pij ⇠ N (pi,⌃
k)

<latexit sha1_base64="yM8K21LuZAsx0BqXye5YcV+/16k="></latexit>

�pij = p⇤ � pij
<latexit sha1_base64="hsKXgqefVpXTGzvhU+Y93eZt1AI="></latexit>

Deviation from Ground Truth

Regression 
Labels

Data Matrix (local normalized patches) 

k - cascade level
i - training image
j - virtual sample

CNNk

Full Data: 4D Array 
(P x P x v x N.M)

P
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P
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MN
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…

…

M - augmented examples
N - real examples 

Dij = L(Ii(S(pj)))
<latexit sha1_base64="aUc0mY50VgrJnAi25uTQJv5jP8k="></latexit>

⌃

k
= cov(p⇤ � pij)

<latexit sha1_base64="h+sXHaF3e20DT7sqCyzDT/ec+qU="></latexit>

Estimate noise



CNN Learning - Optimization Details
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CNN Optimization:

• Adam solver (default hyperparameters)

• Initial learning rate 10-4, exp. decay 0.9 
every 5000 iterations 

• Mini-batch w/ 64 examples

• Max cascade levels K = 6

CNN topology details





Evaluation Results
Cumulative error distribution function (CDF)
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Method / AUC LFPW HELEN LFW 300W
Initial Estimate 30.5 25.4 49 17,6

SCMS 42.4 36.0 57.3 23.2
Tree-Model 40.8 39.7 47.7 30.6

SDM 60.2 48.6 71.5 36.5
SDM+ 63.6 52.1 72.4 39.0

TCDCN 59.5 61.1 61.0 44.6
Face++ 66.7 67.4 74.8 58.4

CEN 67.2 63.6 72.3 54.0
SMR 69.6 69.1 75.9 59.5 em(s) =

1

v deyes

vX

i=1

ksi � s⇤i k

Inter-ocular normalized error

This work
AUC - Area Under Curve



Evaluation Results - Fitting Error Standard Deviation

300W Database
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Helen Database

LFW Database

LFPW Database

811 train
244 test

9100 train
3900 test

2000 train
300 test

6197 train
600 test



Qualitative Results - LFPW Database
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Qualitative Results - HELEN Database
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Conclusions

• Proposed an improved face alignment approach (facial landmark localization) w/ deformable face model.


• Nonlinear Cascaded Regression Extension.


• Compactness of shape model.


• Enforced shape consistency in Regression (reduced regression effort).


• Bootstrap model to augment training data (CNN).


• Loss function, w/ shape aware weighting.


• Demonstrated results in LFPW, HELEN, LFW and 300W datasets.


• Improvement of ~1.5% AUC (average across all datasets). 
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Thank you
https://www.isr.uc.pt/~pedromartins

pedromartins@isr.uc.pt
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