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Outline

• Motivation 

• Dealing with Pose

• Optimal views for 3D shape

• Modeling Illumination

• MERL 3Dfacerec project

- data-driven statistical models

• Bilinear illumination models
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· 2D methods are not robust

– images are “improper”
models of 3D phenomena

·· IlluminationIllumination variation 

can have drastic effects but 

at least it’s (somewhat) 

analytic 

·· PosePose variation is less 

drastic but unfortunately it 

has no (obvious) analytic 

formulation

The Curse of Illumination & Pose
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Dealing with Pose

· Use “View-Based” Appearance Models

– multiple view-tuned models

· Use facial components (parts)

– less sensitive to pose variation

· Use 3D models 

– Morphable Models (Blanz & Vetter)

– Shape-from-Silhouettes (Moghaddam et al)
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3D Pose with 2D View-Based Models
Pentland, Moghaddam & Starner (1994)

a 2D subspace for each view ?

Pentland, Moghaddam, Starner, “View-Based and Modular Eigenspaces for Face Recognition”
IEEE Conf. on Computer Vision & Pattern Recognition, CVPR’94. Seattle, WA, July 1994.
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3D Models from a Single Image

6KDSH6KDSH 7H[ WXUH7H[ WXUH
2D Input

Synthetic 2D images for posepose--invariantinvariant face recognition

3D Model
Fitted to Input

Initial          Final
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+

3D Shape 2D Texture2D Input(s)

Lighting
Normalization

2D/3D Face
Recognition

.

Image-Based 3D Face Recognition

pose-free
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• Statistical Shape Model

• Multi-View Geometry

* Pose & Lighting 
Invariant Form

match model to silhouettessilhouettes estimate pose & lift texture

synthetic view

render

Recognition  based  on  TT or SS++TT

TTextureextureSShapehape

Silhouette-Based 3D Face Models
Moghaddam et al (AMFG’03)
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3D Shape Registration

Reference                Target                 Warped        Registered 

warp = Reference

Cylindrical
resampling

Target
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Theoretical Shape Recovery

Shape Recovery with Partial Least-Squares (on PCA parameters)
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Silhouettes  &  the “ Visual Hull”

shape-from-silhouettes  ~  sparse VH-based shape estimation
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Multiple Camera Rig  (11 views)
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Silhouette Matching

· Cost function must be simple & fast-to-compute

· Binary silhouettes  (no curve-fitting/snakes!)

· XOR = non-overlap area 

· Minimize boundaryboundary--weightedweighted XOR 

± distance-map of input silhouette boundary

± XOR masking hardware (graphics cards)

· Optimization:  Downhill Simplex Method

± requires function evaluations only (no gradient)

± “characteristic length scales” = Gaussian shape priors
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Silhouette Matching Metric

, QSXW�I DFH, QSXW�I DFH
0 RGHO�RYHUODS0 RGHO�RYHUODS
0 RGHO�H[ FHVV0 RGHO�H[ FHVV
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Shape Recovery  (K=11 views)

MinMin
Error

MaxMax
Error

MedianMedian
Error

Or iginal

Recovered
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Shape/Texture Recovery

1-of-N views              shape estimate                texture-mapped
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3D Face Modeling Methods

MorphableMorphable ModelsModels
Blanz & Vetter (2002)

ShapeShape--fromfrom--SilhouettesSilhouettes
Moghaddam et al (2003)

S S & TT assumed independent
indirect SSvia T T (vice versa)
estimate TT

rba ,,

no assumption / not needed
“direct” SS from contours

TT lifted from image(s)

)(, ra

cost depends on I(x,y)
depends on T & L
requires “ images”
dense optical flow
stochastic Newton-GD +
22 (~8) free parameters22 (~8) free parameters

~ 4~ 4--8 minutes8 minutes

cost based on depth edges
independent of T T & LL
can use “depth layer” info
sparse (binary) silhouettes
downhill simplex method
7 (~5) free parameters7 (~5) free parameters

~ 15~ 15--30 seconds30 seconds



FR Advanced Study Workshop 2005 Baback Moghaddam

Motivation for Optimal Views

· What is the optimal # and position of cameras?

± more cameras the better … but just how many? 

± what about cost/benefit and design complexity? 

± what about other operational constraints?

· Example:  given 22 (fixed) cameras

± where should you place the 3rd 3rd camera ?

·· Our approachOur approach

± define a cost-function over view-sphere

± combinatorial (discrete) optimization (!)
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Background

· Photometric Stereo  (Illumination)

± “9 Points of Light” (Lee, Ho & Kreigman 2001)

· find optimal basis images for modeling illumination

· direct method for illumination invariance (under fixed pose)
· allows analytic solution

· 5-9 basis images suffice 

· Geometric Shape  (Pose)

± “K Points-of-View”
· find optimal viewpoints (poses) for modeling shape

· indirect method for pose invariance (under any illumination)

· no analytic formulation 

· ~5 viewpoints (poses) suffice
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· Collect (synthesize) a “large” dataset

· Pick a (multi-view) 3D capture method

± also pick a “control” method

· For  kk = 1 = 1 …… NN (total # of views)

± for all k-view configurations

· find reconstruction error

±± optimal views :optimal views :

Methodology

N
kC

i
k
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3D Shape Reconstruction

Methodology

measure fidelityfidelity
w.r.t. ground truthground truth
ieie.. CyberwareCyberware™™ scansscans

ModelModel--BasedBased

Brand XBrand X

DataData--DrivenDriven

Control Control 

vs.
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Virtual Test Subjects
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• Metric A:  using surface geometry

compute projective distance (rayray--castingcasting)

compute error over cr itical facial areacr itical facial area only

• Metric B:  using shape coefficients

2

1

)(
1 o

i
r
i

N

i i

error aa
l

-= å
=

N: # of PCA coefficients 

ar : reconstructed coefficients

ao : coef. of original model

l i : eigenvalue

Shape Reconstruction Quality 
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View Cells
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· Consider all  N = 44  view cells

± for each k = 1 ¼ 43

· for all            configurations

± compute the average reconstruction error (for 25 subjects)

· Example:  N=44,  k =11

± total # of configurations ~ 7x109

± estimated computation time: 6,660 years! 6,660 years! 
· assuming 30 seconds per reconstruction

What about Exhaustive Search ?

N
kC
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View Cell Clustering

· Define silhouettesilhouette similarity metric

± Partial XOR  (simple & fast!)

· population average (ie. for a generic face)

· Merge adjacent cells into clusters

± merge clusters into super-clusters, etc.

· Find the “aspect viewaspect view” in each cluster

± the cell with minimax distance to all other cells 
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Aspect Views
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8 Aspect Views  (#3 - #10)
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3D Shape Reconstruction

3D Face Shape Reconstruction

measure fidelityfidelity
w.r.t. ground truthground truth

CyberwareCyberware™™ scansscans

ModelModel--BasedBased
ShapeShape--
fromfrom--

SilhouettesSilhouettes

DataData--DrivenDriven

Visual Visual 
HullHull

constructionconstruction

vs.
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Optimal Views : Visual HullVisual Hull ReconstructionsReconstructions

5

4

3

2

1

K ErrorViews

398.333, 44,  88, 99, 1010

399.933, 88, 99, 1010

406.033, 99, 1010

418.733, 1010

N/AN/A
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the mostmost and leastleast salient views
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Optimal Views :  ModelModel--BasedBased Reconstructions Reconstructions 

5

4

3

2

1

K ErrorViews

26.622, 33, 55, 99, 10

26.833, 44, 99, 10

28.233, 55, 10

31.933, 10

40.744
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the mostmost and leastleast salient views
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Optimal View FindingsOptimal View Findings

· Empirical investigation into optimal views 

· ~ 5 views suffice to capture 3D shape

± for both shapeshape--fromfrom--silhouettesilhouette models & visualvisual--hullshulls

± the two most salient views:
· a profile view   (“mugshot”)

· a ¾ view   (INS photos!)

· Optimal views constitute “basis functionsbasis functions” for:

±± shapeshape (by projection) & posepose (by geometry)

· Useful guidelines for 3D face-recognition systems

55 againagain!?!?
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Illumination Modeling  1990s - present

· 3D Subspace Shashua 1991

· 5 +/- 2 Eigenimages Hallanan, Epstein & Yuille 1994

· Fisherfaces (LDA) Belhumeur & Kriegman 1996

· Eigen-Light Fields Gross, Mathews & Baker  2003

· Illumination Cones Belhumeur & Kriegman 1997

· Quotient Images Riklin-Raviv & Shashua 1999

· Spherical Harmonics Basri & Jacobs  2000

Ramamoorthi & Hanrahan 2001

· Multilinear Models Moghaddam et al 2005
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Illumination Invariant Signatures

or 

Generative Illumination Models 

?

But is canceling out illumination a good thing?



FR Advanced Study Workshop 2005 Baback Moghaddam

3D Relighting for 2D Recognition 3D Relighting for 2D Recognition 

Input Lighting Variation
Relit Output

Relighting
3D rendering

Light Source 
Estimation

Illumination Model

Kuang-Chih Lee and Baback Moghaddam, “A Practical Face Relighting Method for 
Directional Lighting Normalization, Proc. of AMFG 2005
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Prior Work on Lighting Normalization

‡ Generative Subspace Methods

± Illumination Cones Belhumeur & Kriegman

± Spherical Harmonics Ramamoorthi & Hanrahan, Basri & Jacobs

± 9 Points of Light K-C Lee, Ho & Kriegman

‡ Invariant Signature Methods

± Histogram Normalization,  Linear Ramp (³facet model´)

± Gradient Angle Chen et al.

Quotient Image Riklin-Raviv & Shashua

Self Ratio Image Zhao & Chellappa
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ss
n

generic 3D shape

for average depth

· Face Priors:         Avg. Depth Avg. Albedo Area Mask

· Image formation (use Lambertian model)

· Light source estimation :

Estimating Lighting Direction

( ){ } ba ++= +· cnI xyxyxy s][

2

s
smin arg AcI -- ra

&

( )bra --= -* &
cIAAA TT 1)(s

· A : shape-albedo matrix
· c : relative ambient light
· : albedo
· a : dynamic range
· : exposure, bias

TTT AAAP 1)( -=
subspace projection 
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with canonical output lighting  

and display parameters

and ambient component (can be ensemble estimate)

00, ba

Relighting the FaceRelighting the Face

Estimate individual’s albedo based on s*s*

Relight input image to output image :

)]s[( *
*

cn
I

+
-

=
+·a

b

( ){ } 0000 ]s[ ba ++= +· cnIout

ss**
n

0c

0s

input

output



FR Advanced Study Workshop 2005 Baback Moghaddam

· direction   s* =  inverse [ (Surface Normal) .* (Albedo) ] x  Image

· QR factorization of shape-albedo matrix’s pseudo-inverse:  P = QR

· Q is ~ EigenEigen--LightspaceLightspace

Equivalent Illumination SubspaceEquivalent Illumination Subspace

~ azimuth     ~ elevation tonality

RUWKRQRUP DOEDVLV�RI�WKH�1�E\ � � �JHQHULF�VKDSH�DOEHGRP DWUL[

TTT AAAP 1)( -= pre-computed projection matrix

Therefore we can estimate light source 
direction s*  with only 2 dot-products!
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Computational ComplexityComputational Complexity

· Lighting Estimation

± Inverse of N-by-3 shape-albedo matrix (pre-computed offline)

± Dot product of Q matrix’s first 2 columns with input image

· Face Relighting

± Dot product of normal matrix and estimated lighting vector 

(for recovering albedo)

± Dot product of normal matrix and desired relighting vector

± Scale addition, division, and multiplications
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Experiments ± Yale Database

Goal: Test different shapes with        
given face albedos and measure the 
estimation errors against known 
(calibrated) light source directions 
from Yale Face Dataset B

Note: there is more precision in azimuth estimation than in elevation
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Experiments ± Yale Database

Source direction estimation 

elevation

azimuth

• “ground truth” lighting directions (dot)

• estimates =  mean (dot) + error ellipse  (95% confidence)
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Distribution of Surface Normals

Azimuth
(degree)

Elevation
(degree)

Note: Anisotropic error ellipses mean greater precision for  s*  estimates 
along azimuth than elevation. This is due to the inherent nature 
of the distribution of surface normalson the generic face shape

elevation

azimuth

Histogram 
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Input Faces

Linear Ramp*

Relighting

Front             Left             Right

Results -- Side-Lighting

* Linear ramp (or “ facet” model) means fitting an 
intensity plane (ramp) to the image and subtracting it 
and then applying intensity range normalization



FR Advanced Study Workshop 2005 Baback Moghaddam

· A Small Dataset:
± 30 people

± 900 images
± 3 different lightings

· Left, Right, Frontal

· Results - with SSD *

± Both estimated Albedo & 
Frontal-Relighting 
outperform Linear Ramp

Verification Verification –– SideSide--LightingLighting


 66' � �VXP �RI�VTXDUHG�GLIIHUHQFHV
LH��WHP SODWH�P DWFKLQJ
LH��³P RGHO� IUHH́ SHUIRUP DQFH
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Results Results ±± Real AccessReal Access--Control DatasetControl Dataset

Input Relighted

Probe set 1
Same room

different days

Probe set 2
Same day

different rooms

Note: overall improvement despite many violations of Lambertian model!
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Verification Verification ±± Real AccessReal Access--Control DatasetControl Dataset

· Big Dataset

± 365 people

± 3444 images in gallery

± 3413 images in probe
± Lighting is ~ frontal

+ shadows & specularity

· Results - with SSD *

± exhibits same advantage 

>  despite model violations !


 66' � �VXP �RI�VTXDUHG�GLIIHUHQFHV
LH��WHP SODWH�P DWFKLQJ
LH��³P RGHO� IUHH́ SHUIRUP DQFH
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“ Coarse” Relighting Advantages

· cheap and practical method for estimating the dominant 
directional light source in uncalibrated images of a face

· fast and efficient relighting technique for normalizing the image 
for illumination-invariant template matching and recognition

· requires fewer than 5 image-sized dot-products

· requires only one image stored in gallery  (in canonical lighting)

· can be applied to any fixed-pose face recognition task

· simple yet superior alternative for lighting normalization 
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Multi-View Camera Dome

· 16 FireWire CCD cameras

± 1300 x 1030 @ 24 bit

± 12 fps acquisition speed

· 150 LED light sources

± Triggered synchronously with the 

image acquisition

± High quality diffusers for smooth light 

distribution

· Commercial 3D scanner

± 2 ms geometry acquisition 

± < 1 mm resolution

· Complete acquisition ~ 25 seconds
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· MERL’s 3D Face Scanning Dome 

Geodesic dome with 16 high-resolution cameras, 150 lights
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Sample of Subjects from 1-of-16 Views
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Why Multi-linear Illumination Models?

· Morphable Model Approach

± Limitations: illumination is from an analytical model

·· PhongPhong illumination model

· Difficult to reconstruct:

± Complex lighting environment

± Complex reflectance properties (e.g. human skin reflectance)

· Illuminant estimation is critical for Shape/Texture recovery 
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“ A Bilinear Illumination Model for Robust Face Recognition”

Lee, Moghaddam, Pfister &Machiraju,  ICCV’05

· 3D Morphable Model 
+ 

A measurement-based statistical Illumination model (BIM)

· Contributions:

± Handle complex illumination from single photograph

· Using measurement-based illumination model

· Using a novel optimization framework

± Illumination invariant face recognition
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Goals & Methodology

• Morphable Models are too brittle (critically reliant on illumination) 

· Solution: use a dynamic (variable) illumination subspace

- statistically-derived data-driven (Tensor-SVD)

- opposite of analytic bases (spherical harmonics)
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Data Acquisition

· Face Scanning Dome at MERL

± 3D geometry

· 3QTech Qlonerator face scanner 

· High-res mesh (> 40K vertices)

± Reflectance images

· Custom-built geodesic dome

· 16 digital cameras

· 146 light sources
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Data Registration

· For each subject, 146 images under different lighting 
conditions are registered on the 3D face of the subject

± Obtain albedo (diffuse texture) from weighted averages
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Data Acquisition

9LHZSRLQW��LJQRUHG�LQ�WKLV�ZRUN�

/LJKWLQJ�FRQGLWLRQ
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Choice of  Illumination Subspace

· How to generate illumination subspace?

± 9 Harmonic Images (Basri & Jacobs, Ramamoorthi & Hanrahan)

· Analytic solution: fast and easy to compute

· Limitation: Lambertian assumption, no cast shadows

± Our Novel Approach - Bilinear Illumination Model (BIM)

· Measurement-based face illumination model

· Makes no assumptions on the face reflectance properties

· Based on statistics of observed facial reflectance

· Couples interaction of multiple factors
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3D Estimation from Single Images

· Morphable Model Approach 

,QSXW�IDFH

6\ QWKHVL] HG
IDFH

Compute 2D image difference

0 RGHO�SDUDP HWHUV��a� �
3RVH�SDUDP HWHU�� �
5HQGHULQJ�SDUDP HWHUV�� �

8SGDWH�SDUDP HWHUV
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3D Estimation from Single Images

· Approach using Linear Subspace   (eg. Spherical Harmonics)

,QSXW�IDFH

Compute distance in 
illumination subspace
of the current shape

0 RGHO�SDUDP HWHUV��a� �
8SGDWH�SDUDP HWHUV

/ LQHDU�VXEVSDFH

6KDSH�SRVH�SDUDP V�a�� �

/ LIW�WH[ WXUH

8SGDWH�SDUDP HWHUV



FR Advanced Study Workshop 2005 Baback Moghaddam

Bilinear Illumination Model

· To capture variation of illumination along with shape

± A data vector consists of:

· 3D vertex positions (x,y,z)

· Texture-free illumination components (w) 

2 ULJLQDO��W�$OEHGR�G� Z L �WL�GL

NOTE:  This decouples albedo from further analysis for the relationship between shape & illumination
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Bilinear Illumination Model

· 3-mode Singular Value Decomposition (Tensor SVD)

± Data tensor (33 subjects, 146 lighting conditions)

± Data tensor can be represented by:

[ �����
�\ �����

�] ��
����Z

,G
HQ

WLW
\

/ LJKWLQJ�FRQGLWLRQ

&RUH�WHQVRU 0 RGH�P DWULFHV

xyz: geometry

w: texture-free illum. component

Mode matrices U1, U2, U3 are 
computed by matrix SVD after 
flattening tensor D into a matrix for 
each dimension

Core tensor C governs interaction 
between mode matrices

Mode-n product between a tensor A 
and a matrix U 

A xn U : Regular matrix multiplication 
after flattening A into a matrix for nth 
dimension followed by re-
tensorization of the result
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Core Tensor Simplification
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Mode-3 Tensor Reformulation

Bilinear Model

Associative
Property of

Tensor Algebra! 

New Core Tensor
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Bilinear Illumination Model

· Final Model

± Given shape s, compute u by solving linear system (Eq.1)

± Compute illumination subspace R using u (Eq.2)

LWK URZ�YHFWRU�RI�8 � �
UHSUHVHQWV�LWK VXEMHFW�LQ�WKH�
WUDLQLQJ�GDWD�VHW

5HFRQVWUXFWLRQ�RI�VKDSH�YHFWRU�� [ \ ] �

5HFRQVWUXFWLRQ�RI�LOOXP LQDWLRQ�VXEVSDFH

( T�� � �

( T�� � �



FR Advanced Study Workshop 2005 Baback Moghaddam

Fitting Procedure Using BIM

· Cost Function

± Bc : Texture-weighted illumination subspace of a and ,       
computed by multiplying R (Eq.2) with albedo

/ LIWHG�WH[ WXUH ,OOXP LQDWLRQ�EDVHV

3URMHFWLRQ�RI�WKH�OLIWHG�WH[ WXUH�
WR�WKH�LOOXP LQDWLRQ�VXEVSDFH
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First 9 Spherical Harmonics

Bilinear Illumination Model

vs.

Comparing the Illumination Models
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BIM for Face Recognition

· Input:  single Image + MM + BIM

· Output: 

± 3D shape 

± Illumination Bases

· The diffuse texture (albedo) 
component is easily obtained from 
input image 

First 3 illumination bases
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Quality of Model-based Reconstructions
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Reconstruction Error  vs.  Viewpoint

Quality of Model-based Reconstructions
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Results -- Single Image Fitting

,QSXW 0 0 1+, %,0 �� ' %,0 �� � '

6LQJOH�SRLQW
OLJKW�VRXUFH

� �SRLQW
OLJKW�VRXUFHV�

�
RQH�DUHD�

OLJKW�VRXUFH

MM is the implementation of Blanz & Vetter's MMs (using explicit rendering parameters + ambient + 1 directional light source)

NHI: Our framework using nine harmonic images to build nine illumination bases

BIM 9D (30D): Using first 9(30) illumination bases of our Bilinear Illumination Model
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Results -- Single Image Fitting

Nine Harmonic Images (9HI)

Original Images
(from FRGC database V1.0)

Bilinear Illumination Model (BIM)
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Input Image MorphableModel      

* from * from BlanzBlanz & Vetter ECCV& Vetter ECCV’’0202

*

MM+ vs. BIM  under harsh SL

BIM modelBIM model
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FR Advanced Study Workshop 2005 Baback Moghaddam MERL

0 XOWL�9 LHZ �&DP HUD�' RP H

· 16 FireWire CCD cameras
± 1300 x 1030 @ 24 bit
± 12 fps acquisition speed

· 150 LED light sources
± Triggered synchronously with 

the image acquisition
± High quality diffusers for smooth 

light distribution

· Commercial 3D scanner
± 2 ms geometry acquisition 
± < 1 mm resolution

· Complete acquisition ~ 25 
seconds

Experiments - Recognition by View Extrapolation

Reference

16 views
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Building 2D Basis Images

· From 3D registered illum. bases to 2D basis images

· But why do this? 

± To retain the shape information 

± Compare to other image-based algorithms
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Experiments ± Image Reconstruction

· Compare BIM to prior art 

· Frontal pose
· 4 sets of illumination ranges
· Metric for comparison

7DUJHW�LP DJH 5HFRQVWUXFWHG
� ' �LOOXP LQDWLRQ

EDVHV

Yale Face Database B
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Experiments ± Image-based Face Recognition



FR Advanced Study Workshop 2005 Baback Moghaddam

Conclusions

• Future of face biometrics is in 3D

· 3D for 2D: 

- let's leverage off existing 2D systems

- synthetic pose, relighting, 1D profiles

· Importance of data-driven statistical modeling

· Shape vs. Texture  ?

· Automated Surveillance 
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The EndThe End
For details see: http://www.merl.com/projects/3Dfacerechttp://www.merl.com/projects/3Dfacerec

Cambridge, Massachusetts USA


