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Introduction - Face Tasks
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Face detection

Face alignment/
registration

(localisation of 
facial features)

2D vs 3D / sparse vs dense alignment

Face identity 
recognition

3D Head pose 
estimation

Facial expression / 
emotion recognition

Sad Age 38

Age estimation

ML ML ML 

face alignment face alignment face alignment face alignment 

3D model 



Face Alignment - How Hard Can It Be?

4
• Must be able to deal with variations in identity, facial expression, pose, occlusion, illumination, camera parameters, … 
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Linear Shape Model

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

i=1

�ibi
<latexit sha1_base64="pmFudPt9+SPt30wxUP0D63OScfU="></latexit>

S(s;q) = s+
4X

j=1

 jqj
<latexit sha1_base64="ib1yDFbwpQakw866Gzx3ZUKUA6M="></latexit>

s = S(B(b);q)
<latexit sha1_base64="kjQLIskQc87q1Gd19sMHT9qoM7M="></latexit>

s0 �1 �2 �3 �4
<latexit sha1_base64="qKK79Y58hgrs517xDdoWUrMCp6c="></latexit>

Procrustes AlignmentRAW Shape Data
‘In the Wild’ Image Database

Similarity Transform

Full Shape Model

Shape BasisMean Shape

shape 
parameters

pose 
parameters



Local (Patch) Appearance Regions

7Image + Landmarks

Similarity Warp 
(s,θ,tx,ty)

Local Patches Sampled Local PatchesNormalized Image

Local Appearance Regions



Piecewise Affine Warp
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W(x,p) = xi + ↵ (xj � xi) + � (xk � xi) , {xi,xj ,xk} ⇠ s

s = (x1 . . . xv, y1 . . . yv)
T

s = s0 +
nX

i=1

pi�i

I(W(x,p)) I(x)

Piecewise 
Affine Warp

W(x,p)

Source ImageWarped Image



Holistic Regions (Piecewise Affine Warp)

9Warped ExampleDelaunay TriangulationLandmarks Base Mesh

I(x) I(W(x,p))



Linear Appearance Model
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�A1(x)

+A1(x)

�A1(x)

�A2(x)

+A2(x)

�A2(x)

+A2(x)

+A3(x)

�A3(x)

+A3(x)

�A3(x)

A0(x)

A0(x)

Appearance Model 
(RGB)

A(x;�) = A0(x) +
mX

i=1

Ai(x)�i

A(x;�) = A0(x) +
mX

i=1

Ai(x)�i

Appearance Model
(HoG)
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Active Appearance Models (AAMs) - 2D Fitting
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argmin
p,�

X

x2s0

"
A0(x) +

mX

i=1

�iAi(x)� I(W(x,p))

#2



Active Appearance Models (AAMs)

12

...

10 ~ 20 shape 
‘images’

... ...

4 pose 
‘images’

60 ~ 80 appearance 
‘images’

J(x,p,�) =


�p

��

�
= H

�1
X

x2s0

J(x,p,�)T
 
A0(x) +

mX

i=1

�iAi(x)� I(W(x,p))

!

argmin
p,�

X

x2s0

"
A0(x) +

mX

i=1

�iAi(x)� I(W(x,p))

#2

Error Image

Solution 

Fitting Goal 



3D Shape Data
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Left Camera Right Camera

3D Procrustes
Analysis

3D Shape



3D Shape Model - Perspective Projection
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3D Point Distribution Model (PDM)

s = s0 +
nX

i=1

pi�i +
6X

j=1

qj 
(t)
j +

Z t�1

0

6X

j=1

qj 
(t)
j @t

| {z }
s 

Full Perspective Projection
2

4
w(x1 · · ·xv)
w(y1 · · · yv)
w · · ·w

3

5 =

2

4
fx ↵s cx
0 fy cy
0 0 1

3

5

| {z }
K

⇥
R0 t0

⇤

2

664

sx1 · · · sxv

sy1 · · · syv

sz1 · · · szv
1 · · · 1

3

775

Previous pose 
updates

Pose 
Parameters
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Robust 2.5D Model Fitting
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�argmin
p,�

X

x2s0

argmin
p,�

X

x2s0

⇢ (E(x),�)

2



Generative vs Discriminative Face Alignment
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Point Distribution Model 
(PDM)

• Generative / Holistic Appearance Model

• Discriminative / Patch Based Appearance Model

Shape Model



Constrained Local Model (CLM)
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argmax
p

vX

i=1

I(si) ⇤ hi � �0 pT⌃�1
p p

s = s0 +
nX

i=1

pi�i

Data Term Regularization Term

Local DetectorsLocal Search Regions Shape Model

Shape Mesh {hi}v1



Local Landmark Detectors - SVM
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(+) Aligned Examples

(-) Misaligned Examples

Linear SVM

Dlinear
i (I(yi)) = wT

i I(yi) + bi
i = 1, . . . , v landmarks



Local Landmark Detectors (MOSSE Filters)
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solution (spatial domain)

Gaussian 
Target

Regression Problem

p(zi) hi

argmin
hi

NX

j=1

�
hi ⇤ Ij � gj

�2
+ �||hi||2

min
H†

NX

j=1

⇣
F{Ij}�H

†
i � F{gj}

⌘2
+ �||Hi||2

hi = F�1

( PN
j=1 F{gj}� F{Ij}†

PN
j=1 F{Ij}� F{Ij}† + �

)†

�

Cosine
Window
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Bayesian Inference CLM
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b̂ = argmax
b

p(b|y) / p(y|b)p(b)

p(y|b) / exp

✓
�1

2
(y� (s0 + �b))T⌃�1

y (y� (s0 + �b))

◆
p(b) / N (b|0,⇤)

p(bl|yl, . . . ,y0) / N (bl|µF
l ,⌃

F
l )

Likelihood Term Prior Term

Posterior Term

bl = Inbl�1 + q, q ⇠ N (0,⇤)

y� s0 = �bl + r, r ⇠ N (0,⌃y)

Linear Dynamic System (LDS)

2v ⇥ 2v

0

...

0 Block diagonal

Shape
Observation

Uncertainty
Covariance

(y,⌃y)



Local Optimization Strategies
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d =
X

zi2⌦yc
i

pi(zi)yGR
i =

1

d

X

zi2⌦yc
i

pi(zi)zi

⌃GR
yi

=
1

d� 1

X

zi2⌦yc
i

pi(zi)(zi � yGR
i )(zi � yGR

i )T

yKDE(⌧+1)
i  

P
zi2⌦yc

i

zi pi(zi) N (yKDE(⌧)
i |zi,�2

hj
I2)

P
zi2⌦yc

i

pi(zi) N (yKDE(⌧)
i |zi,�2

hj
I2)

⌃KDE
yi

=
1

d� 1

X

zi2⌦yc
i

pi(zi)(zi � yKDE
i )(zi � yKDE

i )T

WPR

GR

KDE

yWPR
i = max

zi2⌦yc
i

(pi(zi))

⌃WPR
yi

= diag(pi(y
WPR
i )�1)

Patches under occlusion

pi(zi)

zi = (xi, yi)yc
i

⌦yc
i

Gaussian Response Kernel Density EstimatorWeighted Peak Response

Weighted Peak 
Response

Gaussian 
Response

Kernel Density 
Estimator
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Non-Parametric Bayesian Inference CLM
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b̂ = argmax
b

p(b|y) / p(y|b)p(b)
Prior Term

Posterior Term

p(bk|yk, . . . ,y0) ⇡
NX

i=1

w(i)
k Kh(bk � b(i)

k )

w(i)
k / p(yk|b

(i)
k ) = ⇢

0

@
vY

j=1

p(aj = 1|Dj , I(yj));�

1

A

b(i)
k ⇠ p(bk|b(i)

k�1) / N (bk|bk�1,⌃b)

Pr
io

r 

Li
ke

lih
oo

d

Po
st

er
io

r

Multimodal Likelihood

Posterior Expectation

Kernel Density Estimator (KDE)

Inference by a Regularized Particle Filter (RPF)

(i) - Particle (possible shape) 
(k) - Iteration



Multiple Detectors per Landmark
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MOSSE Filter

MOSSE Filter

Solve (for each landmark i) using a two step approach: 
- Initial clustering by k-means 
① Build basic detectors using the current clustering estimate 
② Move samples to the cluster with highest correlation  
- Repeat until no more samples change 

M - clusters  
N - examples

Sampled 
Region

Training examples for a given landmark: 

Clustering of training examples  

Unsupervised Clustering

Multiple Response Maps

Combining Multiple Detections



Multiple Detectors por Landmark (video)
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CLM with Depth Data
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• Strategy Employed: 


- Multiple Channel Local Detectors (RGBD - w/ single response map)


- Fast CLM Inference (Gaussian)



Multiple Channel Correlation Filters
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h(k)h(k) h(k)h(k)

Spatial Domain

arg min
h(1)

i ,...,h(D)
i

NX

j=1

DX

k=1

⇣
h(k)
i ⇤ I(k)j � gj

⌘2
+ �

DX

k=1

||h(k)
i ||2

arg min
h(··· )

i

NX

j=1

DX

k=1

+�
DX

k=1

|| ||2)2⇤(

Gaussian

⇤

Filter TargetLocal Region

Example

Minimization across all channels



BCLM w/ Depth Data
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Gradient Shape Model (GSM)
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<latexit sha1_base64="rSgRZwGrTSva9W27D3wGXO45+CU="></latexit>

rD(s) =
h
IT
1

@h1
@x1

. . . IT
v

@hv
@xv

IT
1

@h1
@y1

. . . IT
v

@hv
@yv

04

iT

<latexit sha1_base64="b2UPPtZFKLBdYDopYxlhCjeZZbY="></latexit>

argmin
s,✓

�
vX

i=1

Di(I(si),✓) + �1 (S(s,✓)� s0)
T ⌃�1

s (S(s,✓)� s0)

Regularization TermData Term

<latexit sha1_base64="LLnSIxCY7jw7VVjTvCpCh3dOd2c="></latexit>

rf (s,✓) = rD(s) + �1rR(s,✓)

<latexit sha1_base64="+K0UfdlpmJu9aNqRu6BUxkuH0QU="></latexit>

Hf (s,✓) = HD(s) + �1HR(s,✓).

s - shape vector at image frame

Similarity 
Transform

Similarity 
Transform



2D + 3D Gradient Shape Model (GSM)
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<latexit sha1_base64="jGSXY5vZRbDu1Opb+n10lftgkx4="></latexit>

arg min
s,✓,s,P

�
vX

i=1

Di(I(si),✓) + �1 (S(s,✓)� s0)
T ⌃�1

s (S(s,✓)� s0) + �2(s� s0)
T⌃�1

s (s� s0) + �3krk2

<latexit sha1_base64="S6d4nq6qmI88yu8T+cS44HKRGXQ="></latexit>

r = s� �

✓
ix iy iz
jx jy jz

◆

| {z }
R

⌦Iv s�
✓

ox
oy

◆
⌦ 1v

Data Term 2D Regularization Term 3D Regularization Term Projection Residual

Scaled Orthographic Projection

Similarity 
Transform

Similarity 
Transform



Gradient Descent vs. Cascaded Regression

PC1
PC

2

33

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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Previous
shape vector

Regression
Matrix

Feature 
Extraction

k - cascade level
sk = sk�1 +Rk�1F(I, sk�1)

<latexit sha1_base64="1ieb4Rkt1tNqyzyW0rp3bqVlBZc="></latexit>

Level 1 Level 2 Level KLevel 3

2v ⇥ d
<latexit sha1_base64="amUKrBhhM6/hhGNspxLgeyYbgG8="></latexit>

2v ⇥ 1
<latexit sha1_base64="ZVZcWiXxT1BBXE0yi+hB/W6X5Ow="></latexit>

d⇥ 1
<latexit sha1_base64="Kqi9zn3HyE4Y/m9+/SVoTKbKG9U="></latexit>

Updated 
shape vector

2v ⇥ 1
<latexit sha1_base64="ZVZcWiXxT1BBXE0yi+hB/W6X5Ow="></latexit>

s =

0

BBBBBBBB@

x0
...
xv

y0
...
yv

1

CCCCCCCCA

<latexit sha1_base64="H+Spnpz9at+otBENdskYsrNZCgU="></latexit>

RGB HoGv - landmarks



Simultaneous Cascaded Regression (SCR)
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Level 1 Level 2 Level 3 Level K

Features generated  
by the Model

Shape + Appearance 
parameters

Features extracted at  
previous level


p
�

�k
=


p
�

�k�1

+Rk�1
⇣
I(W(pk�1))�A0 �A�k�1

⌘
, k = 1, . . . ,K

Regression with 
both shape and 

appearance 
structure

p

�



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
<latexit sha1_base64="RY5vPAi1LIisKu/n4QXotN5Y/Vo="></latexit>

(n+ 4)⇥ 1
<latexit sha1_base64="RY5vPAi1LIisKu/n4QXotN5Y/Vo="></latexit>

k - cascade level

p(n+ 1 : n+ 4)
<latexit sha1_base64="59qrXswJVAaNP4AxDvULLr7Xh2o="></latexit>

Similarity 
Warp

I(.)
<latexit sha1_base64="ftX1NC1DjaAvsyoIMhMmyqGF4k4="></latexit>

I(S(p))
<latexit sha1_base64="z8M6F9TBBfPX6OaEJHnziJUZQtw="></latexit>

L(I(S(p)))
<latexit sha1_base64="7z9qbJjKazjXnVWbfBaMebYs1SM="></latexit>

P ⇥ P ⇥ v
<latexit sha1_base64="1a+0Kttk0uRTkhpZvprgale5uLg="></latexit>

Sampled 3D Array

CNNk

p =


b
q

�
2 Rn+4

<latexit sha1_base64="VOj66fiPyjMxQ0wPhrIe11aqwaI="></latexit>

Combined shape + pose parameters



CNN Regression Architecture
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�p
<latexit sha1_base64="5oXWi53hzMOo3lvZCFzTlP4K0JY="></latexit>

Loss function

Lr =
1

N

NX

j=1

�pT
j ⌃

�1
p �pj

<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

NX

i=1

MX

j=1

k�pk
ij � rL(...r1(L(Ii(S(pk

j )))))k2⌃k

<latexit sha1_base64="Ep1Ps6CD+aKeSPtlh7PXOKpyTc0="></latexit>



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
Data Matrix: 4D Array 

(P x P x v x N.M)

P
<latexit sha1_base64="UvT9fS45OT1PYzzS7g7BTyUzH+U="></latexit>

P
<latexit sha1_base64="UvT9fS45OT1PYzzS7g7BTyUzH+U="></latexit>

argmin
Rk

NX

i=1

MX

j=1

k�pk
ij � CNNk(L(Ii(S(pk

j ))))k2⌃k

<latexit sha1_base64="r+LRAmTHu44p55TDkkZpM2mH5SU="></latexit>

v
<latexit sha1_base64="VAxFgNr2u5dEIytmENiTi4g7EoA="></latexit>

MN
<latexit sha1_base64="RxIHjkbuIiKP649KQvkhBsqS+7o="></latexit>

…

…

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
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Demo Applications
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Face Recognition
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Input image

No
rm

al
iza

tio
n

Face detection

Image 
warp

Region of Interest
(ROI)

Convolutional Neural 
Network (CNN)

“Daniel Craig”

Predicted 
identity

Discriminative 
template matching 
(HoG + linear SVM)

Canonical reference 
frame (224x224x3)

ResNet-18 network architecture 
Cross-Entropy loss function

zero mean 
& unit std 



TrustID Project
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• Intelligent and Continuous Online Student Identity Management for 
Improving Security and Trust in European Higher Education Institutions.


• https://trustid-project.eu/


• Project approved by the European Commission under the Erasmus+ 2020 
program, with a total funding of €291K and two years duration (June/2021 
- May/2023).


• Partners: 


• University of Patras (Greece) [coordination]


• University of Cyprus (Cyprus)


• Institute of Systems and Robotics, University of Coimbra (Portugal) 

• Cognitive UX GmbH (Germany).

User interface.

Enrol users web page.

https://trustid-project.eu/


3D Head Pose Estimation
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(old) 3D Model

2D landmarks 3D model projection Pose representation

Improved 3D Model
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Facial Expression Recognition
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Identity (SVM)Expression (HMM)Input (SIC Fitting)



Face Swapping w/ Blending
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source 
image A

source 
image B swap(A,B) swap(B,A)

Swap Appearances



Age Estimation
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Age

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



Demo 3D Head Pose Estimation - Super Mario World
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Thank you
https://www.isr.uc.pt/~pedromartins

pedromartins@isr.uc.pt
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http://www.isr.uc.pt/~pedromartins
mailto:pedromartins@isr.uc.pt?subject=

