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Topics of today’s lecture
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Lecture outline
• Morphable 3D Faces 

• Modeling space of human bodies 

• Modeling man-made shapes 

• Template-based modeling 

• Probabilistic part-based modeling
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MORPHABLE 3D FACES
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“A Morphable Model For The Synthesis Of 3D Faces”,          
V. Blanz and T. Vetter, 1991.



3D face dataset
• Laser scans of 100 male and 100 female adults 
• ~70K vertices 
• RGB texture, 8 bit per channel 
• Normalized orientation and position in space 
• Pre-computed correspondences between all models 

(using a variant of optic flow)
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Morphable 3D face model
• All models represented as 

• vector of spatial coordinates 

• vectors of textures
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S = (X1, Y1, Z1, X2, ..., Yn, Zn)
T 2 R3n

T = (R1, G1, B1, R2, ..., Gn, Bn)
T 2 R3n



Morphable 3D face model
• All models represented as 

• vector of spatial coordinates 

• vectors of textures 

• A new model can be generated as
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S = (X1, Y1, Z1, X2, ..., Yn, Zn)
T 2 R3n

T = (R1, G1, B1, R2, ..., Gn, Bn)
T 2 R3n

3 Morphable 3D Face Model
The morphable model is based on a data set of 3D faces. Morphing
between faces requires full correspondence between all of the faces.
In this section, we will assume that all exemplar faces are in full
correspondence. The algorithm for computing correspondence will
be described in Section 5.
We represent the geometry of a face with a shape-vector

, that contains the -
coordinates of its vertices. For simplicity, we assume that the
number of valid texture values in the texture map is equal to the
number of vertices. We therefore represent the texture of a face by
a texture-vector , that
contains the color values of the corresponding vertices.
A morphable face model was then constructed using a data set of
exemplar faces, each represented by its shape-vector and texture-
vector . Since we assume all faces in full correspondence (see
Section 5), new shapes and new textures can be
expressed in barycentric coordinates as a linear combination of the
shapes and textures of the exemplar faces:

We define the morphable model as the set of faces ,
, parameterized by the coefficients

and . 1 Arbitrary new faces can be generated by
varying the parameters and that control shape and texture.
For a useful face synthesis system, it is important to be able to

quantify the results in terms of their plausibility of being faces. We
therefore estimated the probability distribution for the coefficients
and from our example set of faces. This distribution enables

us to control the likelihood of the coefficients and and conse-
quently regulates the likelihood of the appearance of the generated
faces.
We fit a multivariate normal distribution to our data set of 200

faces, based on the averages of shape and texture and the co-
variance matrices and computed over the shape and texture
differences and .
A common technique for data compression known as Principal

Component Analysis (PCA) [15, 31] performs a basis transforma-
tion to an orthogonal coordinate system formed by the eigenvectors
and of the covariance matrices (in descending order according

to their eigenvalues)2:

(1)

. The probability for coefficients is given by

(2)

with being the eigenvalues of the shape covariance matrix .
The probability is computed similarly.
Segmented morphable model: The morphable model de-

scribed in equation (1), has degrees of freedom for tex-
ture and for shape. The expressiveness of the model can

1Standard morphing between two faces ( ) is obtained if the pa-
rameters are varied between and , setting and

.
2Due to the subtracted average vectors and , the dimensions of

and are at most .
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Figure 2: A single prototype adds a large variety of new faces to the
morphable model. The deviation of a prototype from the average is
added (+) or subtracted (-) from the average. A standard morph (*)
is located halfway between average and the prototype. Subtracting
the differences from the average yields an ’anti’-face (#). Adding
and subtracting deviations independently for shape (S) and texture
(T) on each of four segments produces a number of distinct faces.

be increased by dividing faces into independent subregions that are
morphed independently, for example into eyes, nose, mouth and a
surrounding region (see Figure 2). Since all faces are assumed to
be in correspondence, it is sufficient to define these regions on a
reference face. This segmentation is equivalent to subdividing the
vector space of faces into independent subspaces. A complete 3D
face is generated by computing linear combinations for each seg-
ment separately and blending them at the borders according to an
algorithm proposed for images by [7] .

3.1 Facial attributes
Shape and texture coefficients and in our morphable face
model do not correspond to the facial attributes used in human lan-
guage. While some facial attributes can easily be related to biophys-
ical measurements [13, 10], such as the width of the mouth, others
such as facial femininity or being more or less bony can hardly be
described by numbers. In this section, we describe a method for
mapping facial attributes, defined by a hand-labeled set of example
faces, to the parameter space of our morphable model. At each po-
sition in face space (that is for any possible face), we define shape
and texture vectors that, when added to or subtracted from a face,
will manipulate a specific attribute while keeping all other attributes
as constant as possible.
In a performance based technique [25], facial expressions can be

transferred by recording two scans of the same individual with dif-
ferent expressions, and adding the differences

, , to a different individual
in a neutral expression.
Unlike facial expressions, attributes that are invariant for each in-

dividual are more difficult to isolate. The following method allows
us to model facial attributes such as gender, fullness of faces, dark-
ness of eyebrows, double chins, and hooked versus concave noses
(Figure 3). Based on a set of faces with manually assigned
labels describing the markedness of the attribute, we compute

Can work, but we’ll use another parameterization - see next slide



PCA for model parameterization
• Compute average shape      and texture     , and 

differences 

• Compute PCA over the differences 

• New model representation
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be increased by dividing faces into independent subregions that are
morphed independently, for example into eyes, nose, mouth and a
surrounding region (see Figure 2). Since all faces are assumed to
be in correspondence, it is sufficient to define these regions on a
reference face. This segmentation is equivalent to subdividing the
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face is generated by computing linear combinations for each seg-
ment separately and blending them at the borders according to an
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Model plausibility
• Measure likelihood of face generated by a set of 

coefficients using normal distributions 

• To increase expressiveness, divide face into sub-regions, 
and morph them independently 
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and subtracting deviations independently for shape (S) and texture
(T) on each of four segments produces a number of distinct faces.

be increased by dividing faces into independent subregions that are
morphed independently, for example into eyes, nose, mouth and a
surrounding region (see Figure 2). Since all faces are assumed to
be in correspondence, it is sufficient to define these regions on a
reference face. This segmentation is equivalent to subdividing the
vector space of faces into independent subspaces. A complete 3D
face is generated by computing linear combinations for each seg-
ment separately and blending them at the borders according to an
algorithm proposed for images by [7] .

3.1 Facial attributes
Shape and texture coefficients and in our morphable face
model do not correspond to the facial attributes used in human lan-
guage. While some facial attributes can easily be related to biophys-
ical measurements [13, 10], such as the width of the mouth, others
such as facial femininity or being more or less bony can hardly be
described by numbers. In this section, we describe a method for
mapping facial attributes, defined by a hand-labeled set of example
faces, to the parameter space of our morphable model. At each po-
sition in face space (that is for any possible face), we define shape
and texture vectors that, when added to or subtracted from a face,
will manipulate a specific attribute while keeping all other attributes
as constant as possible.
In a performance based technique [25], facial expressions can be

transferred by recording two scans of the same individual with dif-
ferent expressions, and adding the differences

, , to a different individual
in a neutral expression.
Unlike facial expressions, attributes that are invariant for each in-

dividual are more difficult to isolate. The following method allows
us to model facial attributes such as gender, fullness of faces, dark-
ness of eyebrows, double chins, and hooked versus concave noses
(Figure 3). Based on a set of faces with manually assigned
labels describing the markedness of the attribute, we computeImage credit: Blanz & Vetter
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Relating facial attributes to model 
parameters

• Possible attributes: gender, fullness of faces, dark- ness of 
eyebrows, double chins, and hooked versus concave noses, 
etc. 

• Given a set of faces with manually assigned attribute strength    
,   , compute weighted differences 

• Change attribute of a new face = add a multiple of
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weighted sums

(3)

Multiples of can now be added to or subtracted from
any individual face. For binary attributes, such as gender, we assign
constant values for all faces in class , and for
all faces in . Affecting only the scaling of and , the
choice of , is arbitrary.
To justify this method, let be the overall function de-

scribing the markedness of the attribute in a face . Since
is not available per se for all , the regression prob-

lem of estimating from a sample set of labeled faces has
to be solved. Our technique assumes that is a linear func-
tion. Consequently, in order to achieve a change of the at-
tribute, there is only a single optimal direction for the
whole space of faces. It can be shown that Equation (3) defines
the direction with minimal variance-normalized length

, .
A different kind of facial attribute is its “distinctiveness”, which

is commonly manipulated in caricatures. The automated produc-
tion of caricatures has been possible for many years [6]. This tech-
nique can easily be extended from 2D images to our morphable face
model. Individual faces are caricatured by increasing their distance
from the average face. In our representation, shape and texture co-
efficients are simply multiplied by a constant factor.
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Figure 3: Variation of facial attributes of a single face. The appear-
ance of an original face can be changed by adding or subtracting
shape and texture vectors specific to the attribute.

4 Matching a morphable model to images
A crucial element of our framework is an algorithm for automati-
cally matching the morphable face model to one or more images.
Providing an estimate of the face’s 3D structure (Figure 4), it closes
the gap between the specific manipulations described in Section 3.1,
and the type of data available in typical applications.
Coefficients of the 3D model are optimized along with a set of

rendering parameters such that they produce an image as close as
possible to the input image. In an analysis-by-synthesis loop, the
algorithm creates a texture mapped 3D face from the current model
parameters, renders an image, and updates the parameters accord-
ing to the residual difference. It starts with the average head and
with rendering parameters roughly estimated by the user.
Model Parameters: Facial shape and texture are defined

by coefficients and , (Equation 1).
Rendering parameters contain camera position (azimuth and
elevation), object scale, image plane rotation and translation,
intensity of ambient light, and intensity
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Figure 4: Processing steps for reconstructing 3D shape and texture
of a new face from a single image. After a rough manual alignment
of the average 3D head (top row), the automated matching proce-
dure fits the 3D morphable model to the image (center row). In the
right column, the model is rendered on top of the input image. De-
tails in texture can be improved by illumination-corrected texture
extraction from the input (bottom row).

of directed light. In order to handle photographs
taken under a wide variety of conditions, also includes color con-
trast as well as offset and gain in the red, green, and blue channel.
Other parameters, such as camera distance, light direction, and sur-
face shininess, remain fixed to the values estimated by the user.
From parameters , colored images

(4)

are rendered using perspective projection and the Phong illumina-
tion model. The reconstructed image is supposed to be closest to
the input image in terms of Euclidean distance

Matching a 3D surface to a given image is an ill-posed problem.
Along with the desired solution, many non-face-like surfaces lead
to the same image. It is therefore essential to impose constraints
on the set of solutions. In our morphable model, shape and texture
vectors are restricted to the vector space spanned by the database.
Within the vector space of faces, solutions can be further re-

stricted by a tradeoff between matching quality and prior proba-
bilities, using , from Section 3 and an ad-hoc estimate
of . In terms of Bayes decision theory, the problem is to find
the set of parameters with maximum posterior probabil-
ity, given an image . While , , and rendering parame-
ters completely determine the predicted image , the ob-
served image may vary due to noise. For Gaussian noise

3 Morphable 3D Face Model
The morphable model is based on a data set of 3D faces. Morphing
between faces requires full correspondence between all of the faces.
In this section, we will assume that all exemplar faces are in full
correspondence. The algorithm for computing correspondence will
be described in Section 5.
We represent the geometry of a face with a shape-vector

, that contains the -
coordinates of its vertices. For simplicity, we assume that the
number of valid texture values in the texture map is equal to the
number of vertices. We therefore represent the texture of a face by
a texture-vector , that
contains the color values of the corresponding vertices.
A morphable face model was then constructed using a data set of
exemplar faces, each represented by its shape-vector and texture-
vector . Since we assume all faces in full correspondence (see
Section 5), new shapes and new textures can be
expressed in barycentric coordinates as a linear combination of the
shapes and textures of the exemplar faces:

We define the morphable model as the set of faces ,
, parameterized by the coefficients

and . 1 Arbitrary new faces can be generated by
varying the parameters and that control shape and texture.
For a useful face synthesis system, it is important to be able to

quantify the results in terms of their plausibility of being faces. We
therefore estimated the probability distribution for the coefficients
and from our example set of faces. This distribution enables

us to control the likelihood of the coefficients and and conse-
quently regulates the likelihood of the appearance of the generated
faces.
We fit a multivariate normal distribution to our data set of 200

faces, based on the averages of shape and texture and the co-
variance matrices and computed over the shape and texture
differences and .
A common technique for data compression known as Principal

Component Analysis (PCA) [15, 31] performs a basis transforma-
tion to an orthogonal coordinate system formed by the eigenvectors
and of the covariance matrices (in descending order according

to their eigenvalues)2:

(1)

. The probability for coefficients is given by

(2)

with being the eigenvalues of the shape covariance matrix .
The probability is computed similarly.
Segmented morphable model: The morphable model de-

scribed in equation (1), has degrees of freedom for tex-
ture and for shape. The expressiveness of the model can

1Standard morphing between two faces ( ) is obtained if the pa-
rameters are varied between and , setting and

.
2Due to the subtracted average vectors and , the dimensions of

and are at most .
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Figure 2: A single prototype adds a large variety of new faces to the
morphable model. The deviation of a prototype from the average is
added (+) or subtracted (-) from the average. A standard morph (*)
is located halfway between average and the prototype. Subtracting
the differences from the average yields an ’anti’-face (#). Adding
and subtracting deviations independently for shape (S) and texture
(T) on each of four segments produces a number of distinct faces.

be increased by dividing faces into independent subregions that are
morphed independently, for example into eyes, nose, mouth and a
surrounding region (see Figure 2). Since all faces are assumed to
be in correspondence, it is sufficient to define these regions on a
reference face. This segmentation is equivalent to subdividing the
vector space of faces into independent subspaces. A complete 3D
face is generated by computing linear combinations for each seg-
ment separately and blending them at the borders according to an
algorithm proposed for images by [7] .

3.1 Facial attributes
Shape and texture coefficients and in our morphable face
model do not correspond to the facial attributes used in human lan-
guage. While some facial attributes can easily be related to biophys-
ical measurements [13, 10], such as the width of the mouth, others
such as facial femininity or being more or less bony can hardly be
described by numbers. In this section, we describe a method for
mapping facial attributes, defined by a hand-labeled set of example
faces, to the parameter space of our morphable model. At each po-
sition in face space (that is for any possible face), we define shape
and texture vectors that, when added to or subtracted from a face,
will manipulate a specific attribute while keeping all other attributes
as constant as possible.
In a performance based technique [25], facial expressions can be

transferred by recording two scans of the same individual with dif-
ferent expressions, and adding the differences

, , to a different individual
in a neutral expression.
Unlike facial expressions, attributes that are invariant for each in-

dividual are more difficult to isolate. The following method allows
us to model facial attributes such as gender, fullness of faces, dark-
ness of eyebrows, double chins, and hooked versus concave noses
(Figure 3). Based on a set of faces with manually assigned
labels describing the markedness of the attribute, we compute

weighted sums

(3)

Multiples of can now be added to or subtracted from
any individual face. For binary attributes, such as gender, we assign
constant values for all faces in class , and for
all faces in . Affecting only the scaling of and , the
choice of , is arbitrary.
To justify this method, let be the overall function de-

scribing the markedness of the attribute in a face . Since
is not available per se for all , the regression prob-

lem of estimating from a sample set of labeled faces has
to be solved. Our technique assumes that is a linear func-
tion. Consequently, in order to achieve a change of the at-
tribute, there is only a single optimal direction for the
whole space of faces. It can be shown that Equation (3) defines
the direction with minimal variance-normalized length

, .
A different kind of facial attribute is its “distinctiveness”, which

is commonly manipulated in caricatures. The automated produc-
tion of caricatures has been possible for many years [6]. This tech-
nique can easily be extended from 2D images to our morphable face
model. Individual faces are caricatured by increasing their distance
from the average face. In our representation, shape and texture co-
efficients are simply multiplied by a constant factor.
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Figure 3: Variation of facial attributes of a single face. The appear-
ance of an original face can be changed by adding or subtracting
shape and texture vectors specific to the attribute.

4 Matching a morphable model to images
A crucial element of our framework is an algorithm for automati-
cally matching the morphable face model to one or more images.
Providing an estimate of the face’s 3D structure (Figure 4), it closes
the gap between the specific manipulations described in Section 3.1,
and the type of data available in typical applications.
Coefficients of the 3D model are optimized along with a set of

rendering parameters such that they produce an image as close as
possible to the input image. In an analysis-by-synthesis loop, the
algorithm creates a texture mapped 3D face from the current model
parameters, renders an image, and updates the parameters accord-
ing to the residual difference. It starts with the average head and
with rendering parameters roughly estimated by the user.
Model Parameters: Facial shape and texture are defined

by coefficients and , (Equation 1).
Rendering parameters contain camera position (azimuth and
elevation), object scale, image plane rotation and translation,
intensity of ambient light, and intensity
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Figure 4: Processing steps for reconstructing 3D shape and texture
of a new face from a single image. After a rough manual alignment
of the average 3D head (top row), the automated matching proce-
dure fits the 3D morphable model to the image (center row). In the
right column, the model is rendered on top of the input image. De-
tails in texture can be improved by illumination-corrected texture
extraction from the input (bottom row).

of directed light. In order to handle photographs
taken under a wide variety of conditions, also includes color con-
trast as well as offset and gain in the red, green, and blue channel.
Other parameters, such as camera distance, light direction, and sur-
face shininess, remain fixed to the values estimated by the user.
From parameters , colored images

(4)

are rendered using perspective projection and the Phong illumina-
tion model. The reconstructed image is supposed to be closest to
the input image in terms of Euclidean distance

Matching a 3D surface to a given image is an ill-posed problem.
Along with the desired solution, many non-face-like surfaces lead
to the same image. It is therefore essential to impose constraints
on the set of solutions. In our morphable model, shape and texture
vectors are restricted to the vector space spanned by the database.
Within the vector space of faces, solutions can be further re-

stricted by a tradeoff between matching quality and prior proba-
bilities, using , from Section 3 and an ad-hoc estimate
of . In terms of Bayes decision theory, the problem is to find
the set of parameters with maximum posterior probabil-
ity, given an image . While , , and rendering parame-
ters completely determine the predicted image , the ob-
served image may vary due to noise. For Gaussian noise

Image credit: Blanz & Vetter



Matching a morphable face to images

• The pipeline: 

• Analysis-by-synthesis loop: 
1. Initialize:    ,    ; camera pose, 

ambient and directed light 
estimated by user 

2. Render using current 
parameters 

3. Update parameters according 
to residual differences 

4. Repeat until convergence 
5. Followed by illumination-

corrected texture extraction 
• Computation time ~50 minutes
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3 Morphable 3D Face Model
The morphable model is based on a data set of 3D faces. Morphing
between faces requires full correspondence between all of the faces.
In this section, we will assume that all exemplar faces are in full
correspondence. The algorithm for computing correspondence will
be described in Section 5.
We represent the geometry of a face with a shape-vector

, that contains the -
coordinates of its vertices. For simplicity, we assume that the
number of valid texture values in the texture map is equal to the
number of vertices. We therefore represent the texture of a face by
a texture-vector , that
contains the color values of the corresponding vertices.
A morphable face model was then constructed using a data set of
exemplar faces, each represented by its shape-vector and texture-
vector . Since we assume all faces in full correspondence (see
Section 5), new shapes and new textures can be
expressed in barycentric coordinates as a linear combination of the
shapes and textures of the exemplar faces:

We define the morphable model as the set of faces ,
, parameterized by the coefficients

and . 1 Arbitrary new faces can be generated by
varying the parameters and that control shape and texture.
For a useful face synthesis system, it is important to be able to

quantify the results in terms of their plausibility of being faces. We
therefore estimated the probability distribution for the coefficients
and from our example set of faces. This distribution enables

us to control the likelihood of the coefficients and and conse-
quently regulates the likelihood of the appearance of the generated
faces.
We fit a multivariate normal distribution to our data set of 200

faces, based on the averages of shape and texture and the co-
variance matrices and computed over the shape and texture
differences and .
A common technique for data compression known as Principal

Component Analysis (PCA) [15, 31] performs a basis transforma-
tion to an orthogonal coordinate system formed by the eigenvectors
and of the covariance matrices (in descending order according

to their eigenvalues)2:

(1)

. The probability for coefficients is given by

(2)

with being the eigenvalues of the shape covariance matrix .
The probability is computed similarly.
Segmented morphable model: The morphable model de-

scribed in equation (1), has degrees of freedom for tex-
ture and for shape. The expressiveness of the model can

1Standard morphing between two faces ( ) is obtained if the pa-
rameters are varied between and , setting and

.
2Due to the subtracted average vectors and , the dimensions of

and are at most .
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Figure 2: A single prototype adds a large variety of new faces to the
morphable model. The deviation of a prototype from the average is
added (+) or subtracted (-) from the average. A standard morph (*)
is located halfway between average and the prototype. Subtracting
the differences from the average yields an ’anti’-face (#). Adding
and subtracting deviations independently for shape (S) and texture
(T) on each of four segments produces a number of distinct faces.

be increased by dividing faces into independent subregions that are
morphed independently, for example into eyes, nose, mouth and a
surrounding region (see Figure 2). Since all faces are assumed to
be in correspondence, it is sufficient to define these regions on a
reference face. This segmentation is equivalent to subdividing the
vector space of faces into independent subspaces. A complete 3D
face is generated by computing linear combinations for each seg-
ment separately and blending them at the borders according to an
algorithm proposed for images by [7] .

3.1 Facial attributes
Shape and texture coefficients and in our morphable face
model do not correspond to the facial attributes used in human lan-
guage. While some facial attributes can easily be related to biophys-
ical measurements [13, 10], such as the width of the mouth, others
such as facial femininity or being more or less bony can hardly be
described by numbers. In this section, we describe a method for
mapping facial attributes, defined by a hand-labeled set of example
faces, to the parameter space of our morphable model. At each po-
sition in face space (that is for any possible face), we define shape
and texture vectors that, when added to or subtracted from a face,
will manipulate a specific attribute while keeping all other attributes
as constant as possible.
In a performance based technique [25], facial expressions can be

transferred by recording two scans of the same individual with dif-
ferent expressions, and adding the differences

, , to a different individual
in a neutral expression.
Unlike facial expressions, attributes that are invariant for each in-

dividual are more difficult to isolate. The following method allows
us to model facial attributes such as gender, fullness of faces, dark-
ness of eyebrows, double chins, and hooked versus concave noses
(Figure 3). Based on a set of faces with manually assigned
labels describing the markedness of the attribute, we compute

3 Morphable 3D Face Model
The morphable model is based on a data set of 3D faces. Morphing
between faces requires full correspondence between all of the faces.
In this section, we will assume that all exemplar faces are in full
correspondence. The algorithm for computing correspondence will
be described in Section 5.
We represent the geometry of a face with a shape-vector

, that contains the -
coordinates of its vertices. For simplicity, we assume that the
number of valid texture values in the texture map is equal to the
number of vertices. We therefore represent the texture of a face by
a texture-vector , that
contains the color values of the corresponding vertices.
A morphable face model was then constructed using a data set of
exemplar faces, each represented by its shape-vector and texture-
vector . Since we assume all faces in full correspondence (see
Section 5), new shapes and new textures can be
expressed in barycentric coordinates as a linear combination of the
shapes and textures of the exemplar faces:

We define the morphable model as the set of faces ,
, parameterized by the coefficients

and . 1 Arbitrary new faces can be generated by
varying the parameters and that control shape and texture.
For a useful face synthesis system, it is important to be able to

quantify the results in terms of their plausibility of being faces. We
therefore estimated the probability distribution for the coefficients
and from our example set of faces. This distribution enables

us to control the likelihood of the coefficients and and conse-
quently regulates the likelihood of the appearance of the generated
faces.
We fit a multivariate normal distribution to our data set of 200

faces, based on the averages of shape and texture and the co-
variance matrices and computed over the shape and texture
differences and .
A common technique for data compression known as Principal

Component Analysis (PCA) [15, 31] performs a basis transforma-
tion to an orthogonal coordinate system formed by the eigenvectors
and of the covariance matrices (in descending order according

to their eigenvalues)2:

(1)

. The probability for coefficients is given by

(2)

with being the eigenvalues of the shape covariance matrix .
The probability is computed similarly.
Segmented morphable model: The morphable model de-

scribed in equation (1), has degrees of freedom for tex-
ture and for shape. The expressiveness of the model can

1Standard morphing between two faces ( ) is obtained if the pa-
rameters are varied between and , setting and

.
2Due to the subtracted average vectors and , the dimensions of

and are at most .
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Figure 2: A single prototype adds a large variety of new faces to the
morphable model. The deviation of a prototype from the average is
added (+) or subtracted (-) from the average. A standard morph (*)
is located halfway between average and the prototype. Subtracting
the differences from the average yields an ’anti’-face (#). Adding
and subtracting deviations independently for shape (S) and texture
(T) on each of four segments produces a number of distinct faces.

be increased by dividing faces into independent subregions that are
morphed independently, for example into eyes, nose, mouth and a
surrounding region (see Figure 2). Since all faces are assumed to
be in correspondence, it is sufficient to define these regions on a
reference face. This segmentation is equivalent to subdividing the
vector space of faces into independent subspaces. A complete 3D
face is generated by computing linear combinations for each seg-
ment separately and blending them at the borders according to an
algorithm proposed for images by [7] .

3.1 Facial attributes
Shape and texture coefficients and in our morphable face
model do not correspond to the facial attributes used in human lan-
guage. While some facial attributes can easily be related to biophys-
ical measurements [13, 10], such as the width of the mouth, others
such as facial femininity or being more or less bony can hardly be
described by numbers. In this section, we describe a method for
mapping facial attributes, defined by a hand-labeled set of example
faces, to the parameter space of our morphable model. At each po-
sition in face space (that is for any possible face), we define shape
and texture vectors that, when added to or subtracted from a face,
will manipulate a specific attribute while keeping all other attributes
as constant as possible.
In a performance based technique [25], facial expressions can be

transferred by recording two scans of the same individual with dif-
ferent expressions, and adding the differences

, , to a different individual
in a neutral expression.
Unlike facial expressions, attributes that are invariant for each in-

dividual are more difficult to isolate. The following method allows
us to model facial attributes such as gender, fullness of faces, dark-
ness of eyebrows, double chins, and hooked versus concave noses
(Figure 3). Based on a set of faces with manually assigned
labels describing the markedness of the attribute, we compute

Image credit: Blanz & Vetter
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MODELING SPACE OF HUMAN 
BODIES
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Approaches
• Model body shape variations 

• “The space of human body shapes: reconstruction and 
parameterization from range scans,” B. Allen et al., 
2003 

• Model shape and pose variations 
• “SCAPE: Shape Completion and Animation of People,” 

Angelov et al., 2005
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Variance in human bodies
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Variance in human bodies
Motivation 
Traditional anthropometry has focused on sets of 
one-dimensional measurements. 

Traditional anthropometry
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Variance in human bodies
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Leverage new technology

 Cyberware 3D whole body scanner

Slide credit: V. Kim



Modeling the space of human bodies

• “The space of human body shapes: reconstruction and 
parameterization from range scans,” B. Allen et al., 2003.
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The dataset: the Civilian American and European Surface Anthropometry 
Resource Project (CAESAR) 

Image credit: B. Allen



Data set
• 74 white markers were placed on the subject at anthropometric 

landmarks  
• demographic data such as age, weight, and ethnic group were 

recorded  
• 125 male and 125 female scans 

20Hole fillingImage credit: B. Allen



Data alignment - scan 
parameterization

• Fit a scanned surface      to a template surface  

• Affine transformation per vertex  
• Objective function

21

Ti
transformation, then minimizing this data term would be virtually
identical to the method of Turk and Levoy.

To accelerate the minimum-distance calculation, we precompute
a hierarchical bounding box structure for D, so that the closest tri-
angles are checked first.

3.2 Smoothness error
Of course, simply moving each vertex in T to its closest point in D
will not result in a very attractive mesh, because neighboring parts
of T could get mapped to disparate parts of D, and vice-versa. Fur-
ther, there are infinitely many affine transformations that will have
the same effect on a single vertex; our problem is clearly undercon-
strained using only Ed .

To constrain the problem, we introduce a smoothness error, Es.
By smoothness, we are not referring to smoothness of the deformed
surface itself, but rather smoothness of the actual deformation ap-
plied to the template surface. In particular, we require affine trans-
formations applied within a region of the surface to be as similar as
possible. We formulate this constraint to apply between every two
points that are adjacent in the mesh T :

Es = ∑
{i,j|{vi,vj}∈edges(T )}

||Ti −Tj||
2
F (2)

where || · ||F is the Frobenius norm.
By minimizing the change in deformation over the template sur-

face, we prevent adjacent parts of the template surface from being
mapped to disparate parts of the example surface. The Es term also
encourages similarly-shaped features to be mapped to each other.
For example, flattening out the template’s nose into a cheek and
then raising another nose from the other cheek will be penalized
more than just translating or rotating the nose into place.

3.3 Marker error
Using the Ed and Es terms would be sufficient if the template and
example mesh were initially very close to each other. In the more
common situation, where T and D are not close, the optimization
can become stuck in local minima. For example, if the left arm
begins to align with the right arm, it is unlikely that a gradient de-
scent algorithm would ever back up and get the correct alignment.
Indeed, a trivial global minimum exists where all of the affine trans-
formations are set to a zero scale and the (now zero-dimensional)
mesh is translated onto the example surface.

To avoid these undesirable minima, we identify a set of points
on the example surface that correspond to known points on the tem-
plate surface. These points are simply the anthropometric markers
that were placed on the subjects prior to scanning (see Figure 2a
and b). We call the 3D location of the markers on the example
surface m1...m, and the corresponding vertex index of each marker
on the template surface κ1...m. The marker error term Em minimizes
the distance between each marker’s location on the template surface
and its location on the example surface:

Em =
m

∑
i=1

||Tκi
vκi

−mi||
2 (3)

In addition to preventing undesirable minima, this term also en-
courages the correspondence to be correct at the marker locations.
The markers represent points whose correspondence to the template
is known a priori, and so we can make use of this fact in our opti-
mization. However, we do not require that all salient features have
markers. (If we did, then we would need many more markers than
are present in the CAESAR data!) The smoothness and data error
terms alone are capable of aligning areas of similar shape, as long
as local minima can be avoided.

3.4 Combining the error
Our complete objective function E is the weighted sum of the three
error functions:

E = αEd +βEs + γEm, (4)

where the weights α , β , and γ are tuned to guide the optimization
as described below. We run the optimization using L-BFGS-B, a
quasi-Newtonian solver [Zhu et al. 1997].

One drawback of the formulation of Es is that it is very local-
ized; changes to the affine transformation need to diffuse through
the mesh neighbor-by-neighbor with each iteration of the solver.
This locality leads to slow convergence and makes it easy to get
trapped in local minima. We avoid this problem by taking a mul-
tiresolution approach. Using the adaptive parameterization frame-
work of Lee et al. [1998], we generate a high and a low resolution
version of our template mesh, and the relationship between the ver-
tices of each. We first run our optimization using the low resolution
version of T and a smoothed version of D. This optimization runs
quickly, after which the transformation matrices are upsampled to
the high-resolution version of T , and we complete the optimization
at full resolution.

We also vary the weights, α , β , and γ , so that features move
freely and match up in the early stages, and then finally the data
term is allowed to dominate. Although the marker data is useful for
global optimization, we found that the placement of the markers
was somewhat unreliable. To reduce the effect of variable marker
placement, we reduce the weight of the marker term in the final
stages of the optimization. The overall optimization schedule is as
follows:

At low resolution:

1. Fit the markers first: α= 0, β= 1, γ= 10
2. Allow the data term to contribute: α= 1, β= 1, γ= 10

At high resolution:

3. Continue the optimization: α= 1, β= 1, γ= 10
4. Allow the data term to dominate: α= 10, β= 1, γ= 1

3.5 Hole-filling
We now explain how our algorithm fills in missing data using do-
main information. Suppose that the closest point on D to a trans-
formed template point Tivi is located on a boundary edge of D (as
shown by the dashed red lines in Figure 3). In this situation we set
the weight wi in Ed to zero, so that the transformations Ti will only
be affected by the smoothness term, Es. As a result, holes in the
example mesh will be filled in by seamlessly transformed parts of
the template surface.

In addition to setting wi to zero where there is no data, we also
wish to downweight the importance of poor data, i.e., surface data
near the holes and samples acquired at grazing angles. Since each
vertex in the CAESAR mesh has a confidence value based on these
criteria, we simply set wi to the barycentrically interpolated confi-
dence value of the closest point on D. (In practice, we scale and
clamp the confidence values so that the range 0 . . .0.2 maps to a wi
in the range 0 . . .1.) Because the weights taper gradually to zero
near holes, we obtain a smooth blend between regions with good
data and regions with no data.

In some areas, such as the ears and the fingers, the scanned data
is particularly poor, containing only scattered fragments of the true
surface. Matching these fragments automatically to the detailed
template surface is quite difficult. Instead, we provide a mecha-
nism for manually identifying areas on the template that are known
to scan poorly, and then favor the template surface over the scanned
surface when fitting these areas. In the marked areas, we mod-
ify the data term’s wi coefficient using a multiplicative factor of
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vent us from using matching algorithms, such as Praun’s, that rely
on having complete surfaces.

Filling holes is a challenging problem in its own right, as dis-
cussed by Davis et al. [2002]. Their method and other recent, direct
hole-free reconstruction methods [Carr et al. 2001; Whitaker 1998]
have the nice feature that holes are filled in a smooth manner. How-
ever, while smooth hole-filling is reasonable in some areas, such as
the top of the head and possibly in the underarm, other areas should
not be filled smoothly. For example, the soles of the feet are cleanly
cut off in the CAESAR scans, and so fair surface filling would cre-
ate a smooth bulbous protrusion on the bottoms of the feet. The
region between the legs is even more challenging, as many recon-
struction techniques will erroneously bridge the right and left legs,
as shown in Figure 2c. Here, the problem is not to fill the holes, but
to add them.

The parameterization method described in our previous
work [Allen et al. 2002] might seem to be a candidate for solv-
ing this problem. There, we start from a subdivision template that
resembles the range surface, then re-parameterize the surface by
sampling it along the template normals to construct a set of dis-
placement maps, and finally perform smooth filling in displacement
space. (A related displacement-mapped technique, without hole-
filling, was also developed by Hilton et al. [2002].) Here smooth-
ness is defined relative to the template surface, so that, for example,
the soles of the feet would be filled in flat. However, to avoid cross-
ing of sample rays, displacement-mapped subdivision requires that
the template surface already be a fairly close match to the original
surface [Lee et al. 2000], which is not trivial to achieve automati-
cally considering the enormous variation in body shapes.

Kähler et al. [2002] parameterize incomplete head scans by de-
forming a template mesh to fit the scanned surface. Their technique
has the additional benefit that holes in the scanned surface are filled
in with geometry from the template surface, creating a more real-
istic, complete model. Their deformation is initialized using volu-
metric radial basis functions. The non-rigid registration technique
of Szeliski and Lavallée [1994] also defines a deformation over a
volume, in their case using spline functions. Although these ap-
proaches work well for largely convex objects, such as the human
head, we have found that volumetric deformations are not as suit-
able for entire bodies. The difficulty is that branching parts, such
as the legs, have surfaces that are close together spatially, but far
apart geodesically. As a result, unless the deformation function is
defined to an extremely high level of detail, one cannot formulate a
volumetric deformation that affects each branch independently. In
our work, we formulate a deformation directly on the body surface,
rather than over an entire volume.

Our matching technique is based on an energy-minimization
framework, similar to the framework of Marschner et al. [2000].
Marschner et al. regularize their fitting process using a surface
smoothness term. Instead of using surface smoothness, our op-
timization minimizes variation of the deformation itself, so that
holes in the mesh are filled in with detail from the template surface.
Feldmar and Ayache [1994] describe a registration technique based
on matching surface points, normals, and curvature while main-
taining a similar affine transformation within spherical regions of
space. Our smoothness term resembles Feldmar and Ayache’s “lo-
cally affine deformations,” but we do not use surface normals or
curvature, as these can vary greatly between bodies. Further, our
smoothness term is defined directly over the surface, rather than
within a spherical volume.

3 Algorithm
We now describe our technique for fitting a template surface, T , to a
scanned example surface, D. Each of these surfaces is represented
as a triangle mesh (although any surface representation could be
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Figure 3: Summary of our matching framework. We want to find
a set of affine transformations Ti, that, when applied to the ver-
tices vi of the template surface T , result in a new surface T ′ that
matches the target surface D. This diagram shows the match in
progress; T ′ is moving towards D, but has not yet reached it. The
match proceeds by minimizing three error terms. The data error,
indicated by the red arrows, is a weighted sum of the squared dis-
tances between the transformed template surface and D. Note that
the dashed red arrows do not contribute to the data error because
the nearest point on D is a hole boundary. The smoothness er-
ror penalizes differences between adjacent Ti transformations. The
marker error penalizes distance between the marker points on the
transformed surface and on D (here v3 is associated with m0).

used for D). To accomplish the match, we employ an optimization
framework. Each vertex vi in the template surface is influenced
by a 4× 4 affine transformation matrix Ti. These transformation
matrices comprise the degrees of freedom in our optimization, i.e.,
twelve degrees of freedom per vertex to define an affine transfor-
mation. We wish to find a set of transformations that move all of
the points in T to a deformed surface T ′, such that T ′ matches well
with D.

We evaluate the quality of the match using a set of error func-
tions: data error, smoothness error, and marker error. These error
terms are summarized in Figure 3 and described in detail in the fol-
lowing three sections. Subsequently, we describe the optimization
framework used to find a minimum-error solution. We then show
how this approach creates a complete mesh, where missing data in
the scan is suitably filled in using the template.

3.1 Data error
The first criterion of a good match is that the template surface
should be as close as possible to the target surface. To this end,
we define a data objective term Ed as the sum of the squared dis-
tances between each vertex in the template surface and the example
surface:

Ed =
n

∑
i=1

wi dist2(Tivi,D), (1)

where n is the number of vertices in T , wi is a weighting term to
control the influence of data in different regions (Section 3.5), and
the dist() function computes the distance to the closest compatible
point on D.

We consider a point on T ′ and a point on D to be compatible
if the surface normals at each point are no more than 90◦ apart
(so that front-facing surfaces will not be matched to back-facing
surfaces), and the distance between them is within a threshold (we
use a threshold of 10 cm in our experiments). These criteria are
used in the rigid registration technique of Turk and Levoy [1994].
In fact, if we had forced all of the Ti to be a single rigid body
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vent us from using matching algorithms, such as Praun’s, that rely
on having complete surfaces.

Filling holes is a challenging problem in its own right, as dis-
cussed by Davis et al. [2002]. Their method and other recent, direct
hole-free reconstruction methods [Carr et al. 2001; Whitaker 1998]
have the nice feature that holes are filled in a smooth manner. How-
ever, while smooth hole-filling is reasonable in some areas, such as
the top of the head and possibly in the underarm, other areas should
not be filled smoothly. For example, the soles of the feet are cleanly
cut off in the CAESAR scans, and so fair surface filling would cre-
ate a smooth bulbous protrusion on the bottoms of the feet. The
region between the legs is even more challenging, as many recon-
struction techniques will erroneously bridge the right and left legs,
as shown in Figure 2c. Here, the problem is not to fill the holes, but
to add them.

The parameterization method described in our previous
work [Allen et al. 2002] might seem to be a candidate for solv-
ing this problem. There, we start from a subdivision template that
resembles the range surface, then re-parameterize the surface by
sampling it along the template normals to construct a set of dis-
placement maps, and finally perform smooth filling in displacement
space. (A related displacement-mapped technique, without hole-
filling, was also developed by Hilton et al. [2002].) Here smooth-
ness is defined relative to the template surface, so that, for example,
the soles of the feet would be filled in flat. However, to avoid cross-
ing of sample rays, displacement-mapped subdivision requires that
the template surface already be a fairly close match to the original
surface [Lee et al. 2000], which is not trivial to achieve automati-
cally considering the enormous variation in body shapes.

Kähler et al. [2002] parameterize incomplete head scans by de-
forming a template mesh to fit the scanned surface. Their technique
has the additional benefit that holes in the scanned surface are filled
in with geometry from the template surface, creating a more real-
istic, complete model. Their deformation is initialized using volu-
metric radial basis functions. The non-rigid registration technique
of Szeliski and Lavallée [1994] also defines a deformation over a
volume, in their case using spline functions. Although these ap-
proaches work well for largely convex objects, such as the human
head, we have found that volumetric deformations are not as suit-
able for entire bodies. The difficulty is that branching parts, such
as the legs, have surfaces that are close together spatially, but far
apart geodesically. As a result, unless the deformation function is
defined to an extremely high level of detail, one cannot formulate a
volumetric deformation that affects each branch independently. In
our work, we formulate a deformation directly on the body surface,
rather than over an entire volume.

Our matching technique is based on an energy-minimization
framework, similar to the framework of Marschner et al. [2000].
Marschner et al. regularize their fitting process using a surface
smoothness term. Instead of using surface smoothness, our op-
timization minimizes variation of the deformation itself, so that
holes in the mesh are filled in with detail from the template surface.
Feldmar and Ayache [1994] describe a registration technique based
on matching surface points, normals, and curvature while main-
taining a similar affine transformation within spherical regions of
space. Our smoothness term resembles Feldmar and Ayache’s “lo-
cally affine deformations,” but we do not use surface normals or
curvature, as these can vary greatly between bodies. Further, our
smoothness term is defined directly over the surface, rather than
within a spherical volume.

3 Algorithm
We now describe our technique for fitting a template surface, T , to a
scanned example surface, D. Each of these surfaces is represented
as a triangle mesh (although any surface representation could be
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Figure 3: Summary of our matching framework. We want to find
a set of affine transformations Ti, that, when applied to the ver-
tices vi of the template surface T , result in a new surface T ′ that
matches the target surface D. This diagram shows the match in
progress; T ′ is moving towards D, but has not yet reached it. The
match proceeds by minimizing three error terms. The data error,
indicated by the red arrows, is a weighted sum of the squared dis-
tances between the transformed template surface and D. Note that
the dashed red arrows do not contribute to the data error because
the nearest point on D is a hole boundary. The smoothness er-
ror penalizes differences between adjacent Ti transformations. The
marker error penalizes distance between the marker points on the
transformed surface and on D (here v3 is associated with m0).

used for D). To accomplish the match, we employ an optimization
framework. Each vertex vi in the template surface is influenced
by a 4× 4 affine transformation matrix Ti. These transformation
matrices comprise the degrees of freedom in our optimization, i.e.,
twelve degrees of freedom per vertex to define an affine transfor-
mation. We wish to find a set of transformations that move all of
the points in T to a deformed surface T ′, such that T ′ matches well
with D.

We evaluate the quality of the match using a set of error func-
tions: data error, smoothness error, and marker error. These error
terms are summarized in Figure 3 and described in detail in the fol-
lowing three sections. Subsequently, we describe the optimization
framework used to find a minimum-error solution. We then show
how this approach creates a complete mesh, where missing data in
the scan is suitably filled in using the template.

3.1 Data error
The first criterion of a good match is that the template surface
should be as close as possible to the target surface. To this end,
we define a data objective term Ed as the sum of the squared dis-
tances between each vertex in the template surface and the example
surface:

Ed =
n

∑
i=1

wi dist2(Tivi,D), (1)

where n is the number of vertices in T , wi is a weighting term to
control the influence of data in different regions (Section 3.5), and
the dist() function computes the distance to the closest compatible
point on D.

We consider a point on T ′ and a point on D to be compatible
if the surface normals at each point are no more than 90◦ apart
(so that front-facing surfaces will not be matched to back-facing
surfaces), and the distance between them is within a threshold (we
use a threshold of 10 cm in our experiments). These criteria are
used in the rigid registration technique of Turk and Levoy [1994].
In fact, if we had forced all of the Ti to be a single rigid body
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transformation, then minimizing this data term would be virtually
identical to the method of Turk and Levoy.

To accelerate the minimum-distance calculation, we precompute
a hierarchical bounding box structure for D, so that the closest tri-
angles are checked first.

3.2 Smoothness error
Of course, simply moving each vertex in T to its closest point in D
will not result in a very attractive mesh, because neighboring parts
of T could get mapped to disparate parts of D, and vice-versa. Fur-
ther, there are infinitely many affine transformations that will have
the same effect on a single vertex; our problem is clearly undercon-
strained using only Ed .

To constrain the problem, we introduce a smoothness error, Es.
By smoothness, we are not referring to smoothness of the deformed
surface itself, but rather smoothness of the actual deformation ap-
plied to the template surface. In particular, we require affine trans-
formations applied within a region of the surface to be as similar as
possible. We formulate this constraint to apply between every two
points that are adjacent in the mesh T :

Es = ∑
{i,j|{vi,vj}∈edges(T )}

||Ti −Tj||
2
F (2)

where || · ||F is the Frobenius norm.
By minimizing the change in deformation over the template sur-

face, we prevent adjacent parts of the template surface from being
mapped to disparate parts of the example surface. The Es term also
encourages similarly-shaped features to be mapped to each other.
For example, flattening out the template’s nose into a cheek and
then raising another nose from the other cheek will be penalized
more than just translating or rotating the nose into place.

3.3 Marker error
Using the Ed and Es terms would be sufficient if the template and
example mesh were initially very close to each other. In the more
common situation, where T and D are not close, the optimization
can become stuck in local minima. For example, if the left arm
begins to align with the right arm, it is unlikely that a gradient de-
scent algorithm would ever back up and get the correct alignment.
Indeed, a trivial global minimum exists where all of the affine trans-
formations are set to a zero scale and the (now zero-dimensional)
mesh is translated onto the example surface.

To avoid these undesirable minima, we identify a set of points
on the example surface that correspond to known points on the tem-
plate surface. These points are simply the anthropometric markers
that were placed on the subjects prior to scanning (see Figure 2a
and b). We call the 3D location of the markers on the example
surface m1...m, and the corresponding vertex index of each marker
on the template surface κ1...m. The marker error term Em minimizes
the distance between each marker’s location on the template surface
and its location on the example surface:

Em =
m

∑
i=1

||Tκi
vκi

−mi||
2 (3)

In addition to preventing undesirable minima, this term also en-
courages the correspondence to be correct at the marker locations.
The markers represent points whose correspondence to the template
is known a priori, and so we can make use of this fact in our opti-
mization. However, we do not require that all salient features have
markers. (If we did, then we would need many more markers than
are present in the CAESAR data!) The smoothness and data error
terms alone are capable of aligning areas of similar shape, as long
as local minima can be avoided.

3.4 Combining the error
Our complete objective function E is the weighted sum of the three
error functions:

E = αEd +βEs + γEm, (4)

where the weights α , β , and γ are tuned to guide the optimization
as described below. We run the optimization using L-BFGS-B, a
quasi-Newtonian solver [Zhu et al. 1997].

One drawback of the formulation of Es is that it is very local-
ized; changes to the affine transformation need to diffuse through
the mesh neighbor-by-neighbor with each iteration of the solver.
This locality leads to slow convergence and makes it easy to get
trapped in local minima. We avoid this problem by taking a mul-
tiresolution approach. Using the adaptive parameterization frame-
work of Lee et al. [1998], we generate a high and a low resolution
version of our template mesh, and the relationship between the ver-
tices of each. We first run our optimization using the low resolution
version of T and a smoothed version of D. This optimization runs
quickly, after which the transformation matrices are upsampled to
the high-resolution version of T , and we complete the optimization
at full resolution.

We also vary the weights, α , β , and γ , so that features move
freely and match up in the early stages, and then finally the data
term is allowed to dominate. Although the marker data is useful for
global optimization, we found that the placement of the markers
was somewhat unreliable. To reduce the effect of variable marker
placement, we reduce the weight of the marker term in the final
stages of the optimization. The overall optimization schedule is as
follows:

At low resolution:

1. Fit the markers first: α= 0, β= 1, γ= 10
2. Allow the data term to contribute: α= 1, β= 1, γ= 10

At high resolution:

3. Continue the optimization: α= 1, β= 1, γ= 10
4. Allow the data term to dominate: α= 10, β= 1, γ= 1

3.5 Hole-filling
We now explain how our algorithm fills in missing data using do-
main information. Suppose that the closest point on D to a trans-
formed template point Tivi is located on a boundary edge of D (as
shown by the dashed red lines in Figure 3). In this situation we set
the weight wi in Ed to zero, so that the transformations Ti will only
be affected by the smoothness term, Es. As a result, holes in the
example mesh will be filled in by seamlessly transformed parts of
the template surface.

In addition to setting wi to zero where there is no data, we also
wish to downweight the importance of poor data, i.e., surface data
near the holes and samples acquired at grazing angles. Since each
vertex in the CAESAR mesh has a confidence value based on these
criteria, we simply set wi to the barycentrically interpolated confi-
dence value of the closest point on D. (In practice, we scale and
clamp the confidence values so that the range 0 . . .0.2 maps to a wi
in the range 0 . . .1.) Because the weights taper gradually to zero
near holes, we obtain a smooth blend between regions with good
data and regions with no data.

In some areas, such as the ears and the fingers, the scanned data
is particularly poor, containing only scattered fragments of the true
surface. Matching these fragments automatically to the detailed
template surface is quite difficult. Instead, we provide a mecha-
nism for manually identifying areas on the template that are known
to scan poorly, and then favor the template surface over the scanned
surface when fitting these areas. In the marked areas, we mod-
ify the data term’s wi coefficient using a multiplicative factor of
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transformation, then minimizing this data term would be virtually
identical to the method of Turk and Levoy.

To accelerate the minimum-distance calculation, we precompute
a hierarchical bounding box structure for D, so that the closest tri-
angles are checked first.

3.2 Smoothness error
Of course, simply moving each vertex in T to its closest point in D
will not result in a very attractive mesh, because neighboring parts
of T could get mapped to disparate parts of D, and vice-versa. Fur-
ther, there are infinitely many affine transformations that will have
the same effect on a single vertex; our problem is clearly undercon-
strained using only Ed .

To constrain the problem, we introduce a smoothness error, Es.
By smoothness, we are not referring to smoothness of the deformed
surface itself, but rather smoothness of the actual deformation ap-
plied to the template surface. In particular, we require affine trans-
formations applied within a region of the surface to be as similar as
possible. We formulate this constraint to apply between every two
points that are adjacent in the mesh T :

Es = ∑
{i,j|{vi,vj}∈edges(T )}

||Ti −Tj||
2
F (2)

where || · ||F is the Frobenius norm.
By minimizing the change in deformation over the template sur-

face, we prevent adjacent parts of the template surface from being
mapped to disparate parts of the example surface. The Es term also
encourages similarly-shaped features to be mapped to each other.
For example, flattening out the template’s nose into a cheek and
then raising another nose from the other cheek will be penalized
more than just translating or rotating the nose into place.

3.3 Marker error
Using the Ed and Es terms would be sufficient if the template and
example mesh were initially very close to each other. In the more
common situation, where T and D are not close, the optimization
can become stuck in local minima. For example, if the left arm
begins to align with the right arm, it is unlikely that a gradient de-
scent algorithm would ever back up and get the correct alignment.
Indeed, a trivial global minimum exists where all of the affine trans-
formations are set to a zero scale and the (now zero-dimensional)
mesh is translated onto the example surface.

To avoid these undesirable minima, we identify a set of points
on the example surface that correspond to known points on the tem-
plate surface. These points are simply the anthropometric markers
that were placed on the subjects prior to scanning (see Figure 2a
and b). We call the 3D location of the markers on the example
surface m1...m, and the corresponding vertex index of each marker
on the template surface κ1...m. The marker error term Em minimizes
the distance between each marker’s location on the template surface
and its location on the example surface:

Em =
m

∑
i=1

||Tκi
vκi

−mi||
2 (3)

In addition to preventing undesirable minima, this term also en-
courages the correspondence to be correct at the marker locations.
The markers represent points whose correspondence to the template
is known a priori, and so we can make use of this fact in our opti-
mization. However, we do not require that all salient features have
markers. (If we did, then we would need many more markers than
are present in the CAESAR data!) The smoothness and data error
terms alone are capable of aligning areas of similar shape, as long
as local minima can be avoided.

3.4 Combining the error
Our complete objective function E is the weighted sum of the three
error functions:

E = αEd +βEs + γEm, (4)

where the weights α , β , and γ are tuned to guide the optimization
as described below. We run the optimization using L-BFGS-B, a
quasi-Newtonian solver [Zhu et al. 1997].

One drawback of the formulation of Es is that it is very local-
ized; changes to the affine transformation need to diffuse through
the mesh neighbor-by-neighbor with each iteration of the solver.
This locality leads to slow convergence and makes it easy to get
trapped in local minima. We avoid this problem by taking a mul-
tiresolution approach. Using the adaptive parameterization frame-
work of Lee et al. [1998], we generate a high and a low resolution
version of our template mesh, and the relationship between the ver-
tices of each. We first run our optimization using the low resolution
version of T and a smoothed version of D. This optimization runs
quickly, after which the transformation matrices are upsampled to
the high-resolution version of T , and we complete the optimization
at full resolution.

We also vary the weights, α , β , and γ , so that features move
freely and match up in the early stages, and then finally the data
term is allowed to dominate. Although the marker data is useful for
global optimization, we found that the placement of the markers
was somewhat unreliable. To reduce the effect of variable marker
placement, we reduce the weight of the marker term in the final
stages of the optimization. The overall optimization schedule is as
follows:

At low resolution:

1. Fit the markers first: α= 0, β= 1, γ= 10
2. Allow the data term to contribute: α= 1, β= 1, γ= 10

At high resolution:

3. Continue the optimization: α= 1, β= 1, γ= 10
4. Allow the data term to dominate: α= 10, β= 1, γ= 1

3.5 Hole-filling
We now explain how our algorithm fills in missing data using do-
main information. Suppose that the closest point on D to a trans-
formed template point Tivi is located on a boundary edge of D (as
shown by the dashed red lines in Figure 3). In this situation we set
the weight wi in Ed to zero, so that the transformations Ti will only
be affected by the smoothness term, Es. As a result, holes in the
example mesh will be filled in by seamlessly transformed parts of
the template surface.

In addition to setting wi to zero where there is no data, we also
wish to downweight the importance of poor data, i.e., surface data
near the holes and samples acquired at grazing angles. Since each
vertex in the CAESAR mesh has a confidence value based on these
criteria, we simply set wi to the barycentrically interpolated confi-
dence value of the closest point on D. (In practice, we scale and
clamp the confidence values so that the range 0 . . .0.2 maps to a wi
in the range 0 . . .1.) Because the weights taper gradually to zero
near holes, we obtain a smooth blend between regions with good
data and regions with no data.

In some areas, such as the ears and the fingers, the scanned data
is particularly poor, containing only scattered fragments of the true
surface. Matching these fragments automatically to the detailed
template surface is quite difficult. Instead, we provide a mecha-
nism for manually identifying areas on the template that are known
to scan poorly, and then favor the template surface over the scanned
surface when fitting these areas. In the marked areas, we mod-
ify the data term’s wi coefficient using a multiplicative factor of
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Figure 7: Morphing between individuals. Each of the keyframe models (outlined) are generated from a Gaussian distribution in PCA space.
These synthesized individuals have their own character, distinct from those of the original scanned individuals. The in-between models are
created by linearly interpolating the vertices of the keyframes.

ui be si − s. We assemble the ui into a 3n × (k − 1) matrix U.
Principal component analysis of U yields a set of principal vectors
c1...k−1, each of size 3n. Associated with each principal vector ci is
a variance σ 2

i , and the vectors are sorted so that σ 2
1 ≥ σ2

2 ≥ · · · ≥
σ2

k−1.
We can use these variance terms to synthesize new random indi-

viduals. By sampling from the Gaussian distribution that the PCA
represents, we can create an unlimited number of new individu-
als who, for the most part, have a realistic appearance, but do not
look like any particular individual from the example set. A few
randomly-generated models are outlined in red in Figure 7. (Note
that we run PCA separately on the male and female data.)

4.3 Feature analysis
Principal component analysis helps to characterize the space of hu-
man body variation, but it does not provide a direct way to explore
the range of bodies with intuitive controls, such as height, weight,
age, and sex. Blanz and Vetter [1999] devise such controls for sin-
gle variables using linear regression. Here we show how to relate
several variables simultaneously by learning a linear mapping be-
tween the controls and the PCA weights. If we have l such controls,
the mapping can be represented as a (k−1) × (l+1) matrix, M:

M
!
f1 · · · fl 1

"T = p, (5)

where fi are the feature values of an individual, and p are the corre-
sponding PCA weights.

We can draw feature information from the demographic data as-
sociated with each CAESAR scan. After assembling the feature
vectors into an (l+1) × k feature matrix F, we solve for M as

M = PF+, (6)

where F+ is the pseudoinverse of F. We can then create a new fea-
ture vector, e.g., a desired height and weight, and create an average-
looking individual with those characteristics, as shown in the left
part of Figure 10 on the last page of this paper. (Since this method
is a linear approximation, and since weight is roughly proportional
to volume, we actually use the cube root of the weight, to make it
comparable with the height measurements.)

In addition, we can create delta-feature vectors of the form:

∆f =
!
∆f1 · · · ∆fl 0

"T (7)

where each ∆fi is the difference between a target feature value and
the actual feature value for an individual. By adding ∆p = M∆f to
the PCA weights of that individual, we can edit their features, e.g.,
making them gain or lose weight, and/or become taller or shorter,
as shown in the right part of Figure 10.

(a) (b) (c) (d) (e)

Figure 8: PCA-based fitting. (a) A scanned mesh that was not in-
cluded in the data set previously, and does not resemble any of the
other scans. (b) A surface match using PCA weights and no marker
data. (c) Using (b) as a template surface, we get a good match to
the surface using our original method without markers. (d) Next, we
demonstrate using very sparse data; in this case, only the 74 marker
points. (e) A surface match using PCA weights and no surface data.

4.4 Markerless matching
Principal component analysis also gives us a way to search the
space of possible bodies given partial data. Instead of finding a
smooth set of transformations applied to each vertex (as described
in section 3.2), we can search for a set of principle component
weights that match the data. This is similar to the bootstrapping
technique of Blanz and Vetter [1999].

Suppose we have a body scan without any marker data. If the
template surface is close enough to the new scan, then we can use
the same optimization as before, but if the new scan is substan-
tially different then the match will fail. In this case, we search in
PCA space instead of transformation space, and replace Es with the
following term indicating the likelihood of a particular set of PCA
weights:

Ep =
k′

∑
i=1

(pi/σi)
2, (8)

where the pi are the PCA weights, σ 2
i are the corresponding vari-

ances, and k′ is the number of components used.
The new data term is similar to the one in Section 3.1, except we

are matching against the PCA-reconstructed surface, r:

r = s+
k′

∑
j=1

pjcj (9)

E′
d =

n

∑
i=1

wi dist2([r3i r3i+1 r3i+2]
T,D) (10)

6
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SCAPE: Shape Completion and 
Animation of People

• Previous method: all humans in neutral poses
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SCAPE: Shape Completion and 
Animation of People

• Previous method: all humans in neutral poses 

• Next work: “SCAPE: Shape Completion and Animation of 
People,” Angelov et al., 2005 

• Decouples deformation into rigid and non-rigid components 
- body shape variation model and pose deformation model 

• Dataset 
• 70 poses of a particular person in wide variety of poses 
• 37 scans of different people in neutral poses + CAESAR
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Mesh processing pipeline
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Pose deformation model
• Factorize into joint rotation      and triangle transformation
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Figure 3: An illustration of our model for triangle deformation.

with triangle pk, we can write:

vik, j = Ri`[k]Q
i
kv̂k, j, j = 2,3 (1)

The deformation process is sketched in Fig. 3. A key feature of this
model is that it combines an element modeling the deformation of
the rigid skeleton, with an element that allows for arbitrary local
deformations. The latter is essential for modeling muscle deforma-
tions.
Given a set of transformation matrices Q and R associated with a

pose instance, our method’s predictions can be used to synthesize a
mesh for that pose. For each individual triangle, our method makes a
prediction for the edges of pk as RkQkv̂k, j . However, the predictions
for the edges in different triangles are rarely consistent. Thus, to
construct a single coherent mesh, we solve for the location of the
points y1, . . . ,yM that minimize the overall least squares error:

argmin
y1,...,yM

∑
k
∑
j=2,3

kRi`[k]Q
i
kv̂ j,k° (y j,k° y1,k)k2 (2)

Note that, as translation is not directly modeled, the problem has a
translational degree of freedom. By anchoring one of the points y (in
each connected component of the mesh) to a particular location, we
can make the problem well-conditioned, and reconstruct the mesh in
the appropriate location. (See [Sumner and Popović 2004] for a very
related discussion on mesh reconstruction from a set of deformation
matrices.)

4.2 Learning the Pose Deformation Model

We showed how to model pose-induced deformations using a set of
matrices Qik for the template triangles pk. We want to predict these
deformations from the articulated human pose, which is represented
as a set of relative joint rotations. If R`1 and R`2 are the absolute
rotation matrices of the two rigid parts adjacent to some joint, the
relative joint rotation is simply RT`1R`2 .
Joint rotations are conveniently represented with their twist coor-

dinates. Let M denote any 3£ 3 rotation matrix, and let mi j be its
entry in i-th row and j-th column. The twist t for the joint angle is
a 3D vector, and can be computed from the following formula [Ma
et al. 2004]:

t =
kθk

2sinkθk

" m32°m23
m13°m31
m21°m12

#

with θ = cos°1
µ
tr(M)°1

2

∂
.

The direction of the twist vector represents the axis of rotation, and
the magnitude of the twist represents the rotation amount.
We learn a regression function for each triangle pk which pre-

dicts the transformation matrices Qik as a function of the twists of
its two nearest joints4ri`[k] = (4ri`[k],1,4r

i
`[k],2). By assuming that

a matrix Qik can be predicted in terms of these two joints only, we
greatly reduce the dimensionality of the learning problem.
Each joint rotation is specified using three parameters, so alto-

gether 4ri`[k] has six parameters. Adding a term for the constant

bias, we associate a 7£1 regression vector ak,lm with each of the 9
values of the matrix Q, and write:

qik,lm = aTk,lm ·
∑
4ri`[k]
1

∏
l,m= 1,2,3 (3)

Thus, for each triangle pk, we have to fit 9 £ 7 entries ak =
(ak,lm : l,m = 1,2,3). With these parameters, we will have
Qik = Qak (4ri`[k]).
Our goal now is to learn these parameters ak,lm. If we are given

the transformation Qik for each instance Y
i and the rigid part rota-

tions Ri, solving for the regression values (using a quadratic cost
function) is straightforward. It can be carried out for each triangle k
and matrix value qk,lm separately:

argmin
ak,lm

∑
i

≥
[4ri 1]ak,lm°qik,lm

¥2
. (4)

In practice, we can save on model size and computation by iden-
tifying joints which have only one or two degrees of freedom. Al-
lowing those joints to have three degrees of freedom can also cause
overfitting in some cases. We performed PCA on the observed an-
gles of the joints4ri, removing axes of rotation whose eigenvalues
are smaller than 0.1. The associated entries in the vector ak,lm are
then not estimated. The value 0.1 was obtained by observing a plot
of the sorted eigenvalues. We found that the pruned model mini-
mally increased cross-validation error, while decreasing the number
of parameters by roughly one third.
As discussed, the rigid part rotations are computed as part of our

preprocessing step. Unfortunately, the transformations Qik for the
individual triangles are not known. We estimate these matrices by
fitting them to the transformations observed in the data. However,
the problem is generally underconstrained. We follow Sumner et
al. [2004] and Allen et al. [2003], and introduce a smoothness con-
straint which prefers similar deformations in adjacent polygons that
belong to the same rigid part. Specifically, we solve for the correct
set of linear transformations with the following equation for each
mesh Y i:

argmin
{Qi

1,...,Qi
P}

∑
k
∑
j=2,3

kRikQ
i
kv̂k, j° v

i
k, jk

2+

ws ∑
k1,k2 adj

I(`k1 = `k2) ·kQ
i
k1 °Q

i
k2k

2, (5)

where ws = 0.001ρ and ρ is the resolution of the model mesh X .
Above, I(·) is the indicator function. The equation can be solved
separately for each rigid part and for each row of the Q matrices.
Given the estimated Q matrices, we can solve for the (at most)

9£ 7 regression parameters ak for each triangle k, as described
in Eq. (4).

4.3 Application to Our Data Set

We applied this method to learn a SCAPE pose deformation model
using the 70 training instances in our pose data set. Fig. 4 shows
examples of meshes that can be represented by our learned model.
Note that these examples do not correspond to meshes in the training
data set; they are new poses synthesized completely from a vector of
joint rotations R, using Eq. (3) to define the Q matrices, and Eq. (2)
to generate the mesh.
The model captures well the shoulder deformations, the bulging

of the biceps and the twisting of the spine. It deals reasonably well
with the elbow and knee joints, although example (g) illustrates a
small amount of elbow smoothing that occurs in some poses. The
model exhibits an artifact in the armpit, which is caused by hole-
filling in the template mesh.
Generating each mesh given the matrices takes approximately

1 second, only 1.5 orders of magnitude away from real time, open-
ing the possibility of using this type of deformation model for real-
time animation of synthesized or cached motion sequences.
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translational degree of freedom. By anchoring one of the points y (in
each connected component of the mesh) to a particular location, we
can make the problem well-conditioned, and reconstruct the mesh in
the appropriate location. (See [Sumner and Popović 2004] for a very
related discussion on mesh reconstruction from a set of deformation
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Qik = Qak (4ri`[k]).
Our goal now is to learn these parameters ak,lm. If we are given

the transformation Qik for each instance Y
i and the rigid part rota-

tions Ri, solving for the regression values (using a quadratic cost
function) is straightforward. It can be carried out for each triangle k
and matrix value qk,lm separately:

argmin
ak,lm

∑
i

≥
[4ri 1]ak,lm°qik,lm

¥2
. (4)

In practice, we can save on model size and computation by iden-
tifying joints which have only one or two degrees of freedom. Al-
lowing those joints to have three degrees of freedom can also cause
overfitting in some cases. We performed PCA on the observed an-
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are smaller than 0.1. The associated entries in the vector ak,lm are
then not estimated. The value 0.1 was obtained by observing a plot
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mally increased cross-validation error, while decreasing the number
of parameters by roughly one third.
As discussed, the rigid part rotations are computed as part of our
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individual triangles are not known. We estimate these matrices by
fitting them to the transformations observed in the data. However,
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related discussion on mesh reconstruction from a set of deformation
matrices.)

4.2 Learning the Pose Deformation Model

We showed how to model pose-induced deformations using a set of
matrices Qik for the template triangles pk. We want to predict these
deformations from the articulated human pose, which is represented
as a set of relative joint rotations. If R`1 and R`2 are the absolute
rotation matrices of the two rigid parts adjacent to some joint, the
relative joint rotation is simply RT`1R`2 .
Joint rotations are conveniently represented with their twist coor-

dinates. Let M denote any 3£ 3 rotation matrix, and let mi j be its
entry in i-th row and j-th column. The twist t for the joint angle is
a 3D vector, and can be computed from the following formula [Ma
et al. 2004]:

t =
kθk

2sinkθk

" m32°m23
m13°m31
m21°m12

#

with θ = cos°1
µ
tr(M)°1

2

∂
.

The direction of the twist vector represents the axis of rotation, and
the magnitude of the twist represents the rotation amount.
We learn a regression function for each triangle pk which pre-

dicts the transformation matrices Qik as a function of the twists of
its two nearest joints4ri`[k] = (4ri`[k],1,4r

i
`[k],2). By assuming that

a matrix Qik can be predicted in terms of these two joints only, we
greatly reduce the dimensionality of the learning problem.
Each joint rotation is specified using three parameters, so alto-

gether 4ri`[k] has six parameters. Adding a term for the constant

bias, we associate a 7£1 regression vector ak,lm with each of the 9
values of the matrix Q, and write:

qik,lm = aTk,lm ·
∑
4ri`[k]
1

∏
l,m= 1,2,3 (3)

Thus, for each triangle pk, we have to fit 9 £ 7 entries ak =
(ak,lm : l,m = 1,2,3). With these parameters, we will have
Qik = Qak (4ri`[k]).
Our goal now is to learn these parameters ak,lm. If we are given

the transformation Qik for each instance Y
i and the rigid part rota-

tions Ri, solving for the regression values (using a quadratic cost
function) is straightforward. It can be carried out for each triangle k
and matrix value qk,lm separately:

argmin
ak,lm

∑
i

≥
[4ri 1]ak,lm°qik,lm

¥2
. (4)

In practice, we can save on model size and computation by iden-
tifying joints which have only one or two degrees of freedom. Al-
lowing those joints to have three degrees of freedom can also cause
overfitting in some cases. We performed PCA on the observed an-
gles of the joints4ri, removing axes of rotation whose eigenvalues
are smaller than 0.1. The associated entries in the vector ak,lm are
then not estimated. The value 0.1 was obtained by observing a plot
of the sorted eigenvalues. We found that the pruned model mini-
mally increased cross-validation error, while decreasing the number
of parameters by roughly one third.
As discussed, the rigid part rotations are computed as part of our

preprocessing step. Unfortunately, the transformations Qik for the
individual triangles are not known. We estimate these matrices by
fitting them to the transformations observed in the data. However,
the problem is generally underconstrained. We follow Sumner et
al. [2004] and Allen et al. [2003], and introduce a smoothness con-
straint which prefers similar deformations in adjacent polygons that
belong to the same rigid part. Specifically, we solve for the correct
set of linear transformations with the following equation for each
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where ws = 0.001ρ and ρ is the resolution of the model mesh X .
Above, I(·) is the indicator function. The equation can be solved
separately for each rigid part and for each row of the Q matrices.
Given the estimated Q matrices, we can solve for the (at most)

9£ 7 regression parameters ak for each triangle k, as described
in Eq. (4).

4.3 Application to Our Data Set

We applied this method to learn a SCAPE pose deformation model
using the 70 training instances in our pose data set. Fig. 4 shows
examples of meshes that can be represented by our learned model.
Note that these examples do not correspond to meshes in the training
data set; they are new poses synthesized completely from a vector of
joint rotations R, using Eq. (3) to define the Q matrices, and Eq. (2)
to generate the mesh.
The model captures well the shoulder deformations, the bulging

of the biceps and the twisting of the spine. It deals reasonably well
with the elbow and knee joints, although example (g) illustrates a
small amount of elbow smoothing that occurs in some poses. The
model exhibits an artifact in the armpit, which is caused by hole-
filling in the template mesh.
Generating each mesh given the matrices takes approximately

1 second, only 1.5 orders of magnitude away from real time, open-
ing the possibility of using this type of deformation model for real-
time animation of synthesized or cached motion sequences.
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with triangle pk, we can write:

vik, j = Ri`[k]Q
i
kv̂k, j, j = 2,3 (1)

The deformation process is sketched in Fig. 3. A key feature of this
model is that it combines an element modeling the deformation of
the rigid skeleton, with an element that allows for arbitrary local
deformations. The latter is essential for modeling muscle deforma-
tions.
Given a set of transformation matrices Q and R associated with a

pose instance, our method’s predictions can be used to synthesize a
mesh for that pose. For each individual triangle, our method makes a
prediction for the edges of pk as RkQkv̂k, j . However, the predictions
for the edges in different triangles are rarely consistent. Thus, to
construct a single coherent mesh, we solve for the location of the
points y1, . . . ,yM that minimize the overall least squares error:
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Note that, as translation is not directly modeled, the problem has a
translational degree of freedom. By anchoring one of the points y (in
each connected component of the mesh) to a particular location, we
can make the problem well-conditioned, and reconstruct the mesh in
the appropriate location. (See [Sumner and Popović 2004] for a very
related discussion on mesh reconstruction from a set of deformation
matrices.)

4.2 Learning the Pose Deformation Model

We showed how to model pose-induced deformations using a set of
matrices Qik for the template triangles pk. We want to predict these
deformations from the articulated human pose, which is represented
as a set of relative joint rotations. If R`1 and R`2 are the absolute
rotation matrices of the two rigid parts adjacent to some joint, the
relative joint rotation is simply RT`1R`2 .
Joint rotations are conveniently represented with their twist coor-

dinates. Let M denote any 3£ 3 rotation matrix, and let mi j be its
entry in i-th row and j-th column. The twist t for the joint angle is
a 3D vector, and can be computed from the following formula [Ma
et al. 2004]:
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The direction of the twist vector represents the axis of rotation, and
the magnitude of the twist represents the rotation amount.
We learn a regression function for each triangle pk which pre-

dicts the transformation matrices Qik as a function of the twists of
its two nearest joints4ri`[k] = (4ri`[k],1,4r
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`[k],2). By assuming that

a matrix Qik can be predicted in terms of these two joints only, we
greatly reduce the dimensionality of the learning problem.
Each joint rotation is specified using three parameters, so alto-

gether 4ri`[k] has six parameters. Adding a term for the constant

bias, we associate a 7£1 regression vector ak,lm with each of the 9
values of the matrix Q, and write:
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Thus, for each triangle pk, we have to fit 9 £ 7 entries ak =
(ak,lm : l,m = 1,2,3). With these parameters, we will have
Qik = Qak (4ri`[k]).
Our goal now is to learn these parameters ak,lm. If we are given

the transformation Qik for each instance Y
i and the rigid part rota-

tions Ri, solving for the regression values (using a quadratic cost
function) is straightforward. It can be carried out for each triangle k
and matrix value qk,lm separately:
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In practice, we can save on model size and computation by iden-
tifying joints which have only one or two degrees of freedom. Al-
lowing those joints to have three degrees of freedom can also cause
overfitting in some cases. We performed PCA on the observed an-
gles of the joints4ri, removing axes of rotation whose eigenvalues
are smaller than 0.1. The associated entries in the vector ak,lm are
then not estimated. The value 0.1 was obtained by observing a plot
of the sorted eigenvalues. We found that the pruned model mini-
mally increased cross-validation error, while decreasing the number
of parameters by roughly one third.
As discussed, the rigid part rotations are computed as part of our

preprocessing step. Unfortunately, the transformations Qik for the
individual triangles are not known. We estimate these matrices by
fitting them to the transformations observed in the data. However,
the problem is generally underconstrained. We follow Sumner et
al. [2004] and Allen et al. [2003], and introduce a smoothness con-
straint which prefers similar deformations in adjacent polygons that
belong to the same rigid part. Specifically, we solve for the correct
set of linear transformations with the following equation for each
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where ws = 0.001ρ and ρ is the resolution of the model mesh X .
Above, I(·) is the indicator function. The equation can be solved
separately for each rigid part and for each row of the Q matrices.
Given the estimated Q matrices, we can solve for the (at most)

9£ 7 regression parameters ak for each triangle k, as described
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4.3 Application to Our Data Set

We applied this method to learn a SCAPE pose deformation model
using the 70 training instances in our pose data set. Fig. 4 shows
examples of meshes that can be represented by our learned model.
Note that these examples do not correspond to meshes in the training
data set; they are new poses synthesized completely from a vector of
joint rotations R, using Eq. (3) to define the Q matrices, and Eq. (2)
to generate the mesh.
The model captures well the shoulder deformations, the bulging

of the biceps and the twisting of the spine. It deals reasonably well
with the elbow and knee joints, although example (g) illustrates a
small amount of elbow smoothing that occurs in some poses. The
model exhibits an artifact in the armpit, which is caused by hole-
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Note that, as translation is not directly modeled, the problem has a
translational degree of freedom. By anchoring one of the points y (in
each connected component of the mesh) to a particular location, we
can make the problem well-conditioned, and reconstruct the mesh in
the appropriate location. (See [Sumner and Popović 2004] for a very
related discussion on mesh reconstruction from a set of deformation
matrices.)
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deformations from the articulated human pose, which is represented
as a set of relative joint rotations. If R`1 and R`2 are the absolute
rotation matrices of the two rigid parts adjacent to some joint, the
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In practice, we can save on model size and computation by iden-
tifying joints which have only one or two degrees of freedom. Al-
lowing those joints to have three degrees of freedom can also cause
overfitting in some cases. We performed PCA on the observed an-
gles of the joints4ri, removing axes of rotation whose eigenvalues
are smaller than 0.1. The associated entries in the vector ak,lm are
then not estimated. The value 0.1 was obtained by observing a plot
of the sorted eigenvalues. We found that the pruned model mini-
mally increased cross-validation error, while decreasing the number
of parameters by roughly one third.
As discussed, the rigid part rotations are computed as part of our

preprocessing step. Unfortunately, the transformations Qik for the
individual triangles are not known. We estimate these matrices by
fitting them to the transformations observed in the data. However,
the problem is generally underconstrained. We follow Sumner et
al. [2004] and Allen et al. [2003], and introduce a smoothness con-
straint which prefers similar deformations in adjacent polygons that
belong to the same rigid part. Specifically, we solve for the correct
set of linear transformations with the following equation for each
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where ws = 0.001ρ and ρ is the resolution of the model mesh X .
Above, I(·) is the indicator function. The equation can be solved
separately for each rigid part and for each row of the Q matrices.
Given the estimated Q matrices, we can solve for the (at most)

9£ 7 regression parameters ak for each triangle k, as described
in Eq. (4).

4.3 Application to Our Data Set

We applied this method to learn a SCAPE pose deformation model
using the 70 training instances in our pose data set. Fig. 4 shows
examples of meshes that can be represented by our learned model.
Note that these examples do not correspond to meshes in the training
data set; they are new poses synthesized completely from a vector of
joint rotations R, using Eq. (3) to define the Q matrices, and Eq. (2)
to generate the mesh.
The model captures well the shoulder deformations, the bulging
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with the elbow and knee joints, although example (g) illustrates a
small amount of elbow smoothing that occurs in some poses. The
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model is that it combines an element modeling the deformation of
the rigid skeleton, with an element that allows for arbitrary local
deformations. The latter is essential for modeling muscle deforma-
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pose instance, our method’s predictions can be used to synthesize a
mesh for that pose. For each individual triangle, our method makes a
prediction for the edges of pk as RkQkv̂k, j . However, the predictions
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Note that, as translation is not directly modeled, the problem has a
translational degree of freedom. By anchoring one of the points y (in
each connected component of the mesh) to a particular location, we
can make the problem well-conditioned, and reconstruct the mesh in
the appropriate location. (See [Sumner and Popović 2004] for a very
related discussion on mesh reconstruction from a set of deformation
matrices.)
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deformations from the articulated human pose, which is represented
as a set of relative joint rotations. If R`1 and R`2 are the absolute
rotation matrices of the two rigid parts adjacent to some joint, the
relative joint rotation is simply RT`1R`2 .
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the magnitude of the twist represents the rotation amount.
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a matrix Qik can be predicted in terms of these two joints only, we
greatly reduce the dimensionality of the learning problem.
Each joint rotation is specified using three parameters, so alto-

gether 4ri`[k] has six parameters. Adding a term for the constant
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values of the matrix Q, and write:
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Thus, for each triangle pk, we have to fit 9 £ 7 entries ak =
(ak,lm : l,m = 1,2,3). With these parameters, we will have
Qik = Qak (4ri`[k]).
Our goal now is to learn these parameters ak,lm. If we are given

the transformation Qik for each instance Y
i and the rigid part rota-
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and matrix value qk,lm separately:
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In practice, we can save on model size and computation by iden-
tifying joints which have only one or two degrees of freedom. Al-
lowing those joints to have three degrees of freedom can also cause
overfitting in some cases. We performed PCA on the observed an-
gles of the joints4ri, removing axes of rotation whose eigenvalues
are smaller than 0.1. The associated entries in the vector ak,lm are
then not estimated. The value 0.1 was obtained by observing a plot
of the sorted eigenvalues. We found that the pruned model mini-
mally increased cross-validation error, while decreasing the number
of parameters by roughly one third.
As discussed, the rigid part rotations are computed as part of our

preprocessing step. Unfortunately, the transformations Qik for the
individual triangles are not known. We estimate these matrices by
fitting them to the transformations observed in the data. However,
the problem is generally underconstrained. We follow Sumner et
al. [2004] and Allen et al. [2003], and introduce a smoothness con-
straint which prefers similar deformations in adjacent polygons that
belong to the same rigid part. Specifically, we solve for the correct
set of linear transformations with the following equation for each
mesh Y i:
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where ws = 0.001ρ and ρ is the resolution of the model mesh X .
Above, I(·) is the indicator function. The equation can be solved
separately for each rigid part and for each row of the Q matrices.
Given the estimated Q matrices, we can solve for the (at most)
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We applied this method to learn a SCAPE pose deformation model
using the 70 training instances in our pose data set. Fig. 4 shows
examples of meshes that can be represented by our learned model.
Note that these examples do not correspond to meshes in the training
data set; they are new poses synthesized completely from a vector of
joint rotations R, using Eq. (3) to define the Q matrices, and Eq. (2)
to generate the mesh.
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pose instance, our method’s predictions can be used to synthesize a
mesh for that pose. For each individual triangle, our method makes a
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Note that, as translation is not directly modeled, the problem has a
translational degree of freedom. By anchoring one of the points y (in
each connected component of the mesh) to a particular location, we
can make the problem well-conditioned, and reconstruct the mesh in
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translational degree of freedom. By anchoring one of the points y (in
each connected component of the mesh) to a particular location, we
can make the problem well-conditioned, and reconstruct the mesh in
the appropriate location. (See [Sumner and Popović 2004] for a very
related discussion on mesh reconstruction from a set of deformation
matrices.)

4.2 Learning the Pose Deformation Model

We showed how to model pose-induced deformations using a set of
matrices Qik for the template triangles pk. We want to predict these
deformations from the articulated human pose, which is represented
as a set of relative joint rotations. If R`1 and R`2 are the absolute
rotation matrices of the two rigid parts adjacent to some joint, the
relative joint rotation is simply RT`1R`2 .
Joint rotations are conveniently represented with their twist coor-

dinates. Let M denote any 3£ 3 rotation matrix, and let mi j be its
entry in i-th row and j-th column. The twist t for the joint angle is
a 3D vector, and can be computed from the following formula [Ma
et al. 2004]:
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The direction of the twist vector represents the axis of rotation, and
the magnitude of the twist represents the rotation amount.
We learn a regression function for each triangle pk which pre-

dicts the transformation matrices Qik as a function of the twists of
its two nearest joints4ri`[k] = (4ri`[k],1,4r

i
`[k],2). By assuming that

a matrix Qik can be predicted in terms of these two joints only, we
greatly reduce the dimensionality of the learning problem.
Each joint rotation is specified using three parameters, so alto-

gether 4ri`[k] has six parameters. Adding a term for the constant

bias, we associate a 7£1 regression vector ak,lm with each of the 9
values of the matrix Q, and write:

qik,lm = aTk,lm ·
∑
4ri`[k]
1

∏
l,m= 1,2,3 (3)

Thus, for each triangle pk, we have to fit 9 £ 7 entries ak =
(ak,lm : l,m = 1,2,3). With these parameters, we will have
Qik = Qak (4ri`[k]).
Our goal now is to learn these parameters ak,lm. If we are given

the transformation Qik for each instance Y
i and the rigid part rota-

tions Ri, solving for the regression values (using a quadratic cost
function) is straightforward. It can be carried out for each triangle k
and matrix value qk,lm separately:
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In practice, we can save on model size and computation by iden-
tifying joints which have only one or two degrees of freedom. Al-
lowing those joints to have three degrees of freedom can also cause
overfitting in some cases. We performed PCA on the observed an-
gles of the joints4ri, removing axes of rotation whose eigenvalues
are smaller than 0.1. The associated entries in the vector ak,lm are
then not estimated. The value 0.1 was obtained by observing a plot
of the sorted eigenvalues. We found that the pruned model mini-
mally increased cross-validation error, while decreasing the number
of parameters by roughly one third.
As discussed, the rigid part rotations are computed as part of our

preprocessing step. Unfortunately, the transformations Qik for the
individual triangles are not known. We estimate these matrices by
fitting them to the transformations observed in the data. However,
the problem is generally underconstrained. We follow Sumner et
al. [2004] and Allen et al. [2003], and introduce a smoothness con-
straint which prefers similar deformations in adjacent polygons that
belong to the same rigid part. Specifically, we solve for the correct
set of linear transformations with the following equation for each
mesh Y i:
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where ws = 0.001ρ and ρ is the resolution of the model mesh X .
Above, I(·) is the indicator function. The equation can be solved
separately for each rigid part and for each row of the Q matrices.
Given the estimated Q matrices, we can solve for the (at most)

9£ 7 regression parameters ak for each triangle k, as described
in Eq. (4).

4.3 Application to Our Data Set

We applied this method to learn a SCAPE pose deformation model
using the 70 training instances in our pose data set. Fig. 4 shows
examples of meshes that can be represented by our learned model.
Note that these examples do not correspond to meshes in the training
data set; they are new poses synthesized completely from a vector of
joint rotations R, using Eq. (3) to define the Q matrices, and Eq. (2)
to generate the mesh.
The model captures well the shoulder deformations, the bulging

of the biceps and the twisting of the spine. It deals reasonably well
with the elbow and knee joints, although example (g) illustrates a
small amount of elbow smoothing that occurs in some poses. The
model exhibits an artifact in the armpit, which is caused by hole-
filling in the template mesh.
Generating each mesh given the matrices takes approximately

1 second, only 1.5 orders of magnitude away from real time, open-
ing the possibility of using this type of deformation model for real-
time animation of synthesized or cached motion sequences.
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Figure 3: An illustration of our model for triangle deformation.

with triangle pk, we can write:

vik, j = Ri`[k]Q
i
kv̂k, j, j = 2,3 (1)

The deformation process is sketched in Fig. 3. A key feature of this
model is that it combines an element modeling the deformation of
the rigid skeleton, with an element that allows for arbitrary local
deformations. The latter is essential for modeling muscle deforma-
tions.
Given a set of transformation matrices Q and R associated with a

pose instance, our method’s predictions can be used to synthesize a
mesh for that pose. For each individual triangle, our method makes a
prediction for the edges of pk as RkQkv̂k, j . However, the predictions
for the edges in different triangles are rarely consistent. Thus, to
construct a single coherent mesh, we solve for the location of the
points y1, . . . ,yM that minimize the overall least squares error:
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Note that, as translation is not directly modeled, the problem has a
translational degree of freedom. By anchoring one of the points y (in
each connected component of the mesh) to a particular location, we
can make the problem well-conditioned, and reconstruct the mesh in
the appropriate location. (See [Sumner and Popović 2004] for a very
related discussion on mesh reconstruction from a set of deformation
matrices.)

4.2 Learning the Pose Deformation Model

We showed how to model pose-induced deformations using a set of
matrices Qik for the template triangles pk. We want to predict these
deformations from the articulated human pose, which is represented
as a set of relative joint rotations. If R`1 and R`2 are the absolute
rotation matrices of the two rigid parts adjacent to some joint, the
relative joint rotation is simply RT`1R`2 .
Joint rotations are conveniently represented with their twist coor-
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(ak,lm : l,m = 1,2,3). With these parameters, we will have
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In practice, we can save on model size and computation by iden-
tifying joints which have only one or two degrees of freedom. Al-
lowing those joints to have three degrees of freedom can also cause
overfitting in some cases. We performed PCA on the observed an-
gles of the joints4ri, removing axes of rotation whose eigenvalues
are smaller than 0.1. The associated entries in the vector ak,lm are
then not estimated. The value 0.1 was obtained by observing a plot
of the sorted eigenvalues. We found that the pruned model mini-
mally increased cross-validation error, while decreasing the number
of parameters by roughly one third.
As discussed, the rigid part rotations are computed as part of our

preprocessing step. Unfortunately, the transformations Qik for the
individual triangles are not known. We estimate these matrices by
fitting them to the transformations observed in the data. However,
the problem is generally underconstrained. We follow Sumner et
al. [2004] and Allen et al. [2003], and introduce a smoothness con-
straint which prefers similar deformations in adjacent polygons that
belong to the same rigid part. Specifically, we solve for the correct
set of linear transformations with the following equation for each
mesh Y i:
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where ws = 0.001ρ and ρ is the resolution of the model mesh X .
Above, I(·) is the indicator function. The equation can be solved
separately for each rigid part and for each row of the Q matrices.
Given the estimated Q matrices, we can solve for the (at most)

9£ 7 regression parameters ak for each triangle k, as described
in Eq. (4).

4.3 Application to Our Data Set

We applied this method to learn a SCAPE pose deformation model
using the 70 training instances in our pose data set. Fig. 4 shows
examples of meshes that can be represented by our learned model.
Note that these examples do not correspond to meshes in the training
data set; they are new poses synthesized completely from a vector of
joint rotations R, using Eq. (3) to define the Q matrices, and Eq. (2)
to generate the mesh.
The model captures well the shoulder deformations, the bulging

of the biceps and the twisting of the spine. It deals reasonably well
with the elbow and knee joints, although example (g) illustrates a
small amount of elbow smoothing that occurs in some poses. The
model exhibits an artifact in the armpit, which is caused by hole-
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The deformation process is sketched in Fig. 3. A key feature of this
model is that it combines an element modeling the deformation of
the rigid skeleton, with an element that allows for arbitrary local
deformations. The latter is essential for modeling muscle deforma-
tions.
Given a set of transformation matrices Q and R associated with a

pose instance, our method’s predictions can be used to synthesize a
mesh for that pose. For each individual triangle, our method makes a
prediction for the edges of pk as RkQkv̂k, j . However, the predictions
for the edges in different triangles are rarely consistent. Thus, to
construct a single coherent mesh, we solve for the location of the
points y1, . . . ,yM that minimize the overall least squares error:
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Note that, as translation is not directly modeled, the problem has a
translational degree of freedom. By anchoring one of the points y (in
each connected component of the mesh) to a particular location, we
can make the problem well-conditioned, and reconstruct the mesh in
the appropriate location. (See [Sumner and Popović 2004] for a very
related discussion on mesh reconstruction from a set of deformation
matrices.)

4.2 Learning the Pose Deformation Model

We showed how to model pose-induced deformations using a set of
matrices Qik for the template triangles pk. We want to predict these
deformations from the articulated human pose, which is represented
as a set of relative joint rotations. If R`1 and R`2 are the absolute
rotation matrices of the two rigid parts adjacent to some joint, the
relative joint rotation is simply RT`1R`2 .
Joint rotations are conveniently represented with their twist coor-

dinates. Let M denote any 3£ 3 rotation matrix, and let mi j be its
entry in i-th row and j-th column. The twist t for the joint angle is
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The direction of the twist vector represents the axis of rotation, and
the magnitude of the twist represents the rotation amount.
We learn a regression function for each triangle pk which pre-

dicts the transformation matrices Qik as a function of the twists of
its two nearest joints4ri`[k] = (4ri`[k],1,4r
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a matrix Qik can be predicted in terms of these two joints only, we
greatly reduce the dimensionality of the learning problem.
Each joint rotation is specified using three parameters, so alto-

gether 4ri`[k] has six parameters. Adding a term for the constant

bias, we associate a 7£1 regression vector ak,lm with each of the 9
values of the matrix Q, and write:

qik,lm = aTk,lm ·
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Thus, for each triangle pk, we have to fit 9 £ 7 entries ak =
(ak,lm : l,m = 1,2,3). With these parameters, we will have
Qik = Qak (4ri`[k]).
Our goal now is to learn these parameters ak,lm. If we are given

the transformation Qik for each instance Y
i and the rigid part rota-

tions Ri, solving for the regression values (using a quadratic cost
function) is straightforward. It can be carried out for each triangle k
and matrix value qk,lm separately:
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In practice, we can save on model size and computation by iden-
tifying joints which have only one or two degrees of freedom. Al-
lowing those joints to have three degrees of freedom can also cause
overfitting in some cases. We performed PCA on the observed an-
gles of the joints4ri, removing axes of rotation whose eigenvalues
are smaller than 0.1. The associated entries in the vector ak,lm are
then not estimated. The value 0.1 was obtained by observing a plot
of the sorted eigenvalues. We found that the pruned model mini-
mally increased cross-validation error, while decreasing the number
of parameters by roughly one third.
As discussed, the rigid part rotations are computed as part of our

preprocessing step. Unfortunately, the transformations Qik for the
individual triangles are not known. We estimate these matrices by
fitting them to the transformations observed in the data. However,
the problem is generally underconstrained. We follow Sumner et
al. [2004] and Allen et al. [2003], and introduce a smoothness con-
straint which prefers similar deformations in adjacent polygons that
belong to the same rigid part. Specifically, we solve for the correct
set of linear transformations with the following equation for each
mesh Y i:
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where ws = 0.001ρ and ρ is the resolution of the model mesh X .
Above, I(·) is the indicator function. The equation can be solved
separately for each rigid part and for each row of the Q matrices.
Given the estimated Q matrices, we can solve for the (at most)

9£ 7 regression parameters ak for each triangle k, as described
in Eq. (4).

4.3 Application to Our Data Set

We applied this method to learn a SCAPE pose deformation model
using the 70 training instances in our pose data set. Fig. 4 shows
examples of meshes that can be represented by our learned model.
Note that these examples do not correspond to meshes in the training
data set; they are new poses synthesized completely from a vector of
joint rotations R, using Eq. (3) to define the Q matrices, and Eq. (2)
to generate the mesh.
The model captures well the shoulder deformations, the bulging

of the biceps and the twisting of the spine. It deals reasonably well
with the elbow and knee joints, although example (g) illustrates a
small amount of elbow smoothing that occurs in some poses. The
model exhibits an artifact in the armpit, which is caused by hole-
filling in the template mesh.
Generating each mesh given the matrices takes approximately
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The deformation process is sketched in Fig. 3. A key feature of this
model is that it combines an element modeling the deformation of
the rigid skeleton, with an element that allows for arbitrary local
deformations. The latter is essential for modeling muscle deforma-
tions.
Given a set of transformation matrices Q and R associated with a

pose instance, our method’s predictions can be used to synthesize a
mesh for that pose. For each individual triangle, our method makes a
prediction for the edges of pk as RkQkv̂k, j . However, the predictions
for the edges in different triangles are rarely consistent. Thus, to
construct a single coherent mesh, we solve for the location of the
points y1, . . . ,yM that minimize the overall least squares error:
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Note that, as translation is not directly modeled, the problem has a
translational degree of freedom. By anchoring one of the points y (in
each connected component of the mesh) to a particular location, we
can make the problem well-conditioned, and reconstruct the mesh in
the appropriate location. (See [Sumner and Popović 2004] for a very
related discussion on mesh reconstruction from a set of deformation
matrices.)

4.2 Learning the Pose Deformation Model

We showed how to model pose-induced deformations using a set of
matrices Qik for the template triangles pk. We want to predict these
deformations from the articulated human pose, which is represented
as a set of relative joint rotations. If R`1 and R`2 are the absolute
rotation matrices of the two rigid parts adjacent to some joint, the
relative joint rotation is simply RT`1R`2 .
Joint rotations are conveniently represented with their twist coor-
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the magnitude of the twist represents the rotation amount.
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dicts the transformation matrices Qik as a function of the twists of
its two nearest joints4ri`[k] = (4ri`[k],1,4r
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`[k],2). By assuming that

a matrix Qik can be predicted in terms of these two joints only, we
greatly reduce the dimensionality of the learning problem.
Each joint rotation is specified using three parameters, so alto-
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values of the matrix Q, and write:
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Thus, for each triangle pk, we have to fit 9 £ 7 entries ak =
(ak,lm : l,m = 1,2,3). With these parameters, we will have
Qik = Qak (4ri`[k]).
Our goal now is to learn these parameters ak,lm. If we are given
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tions Ri, solving for the regression values (using a quadratic cost
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In practice, we can save on model size and computation by iden-
tifying joints which have only one or two degrees of freedom. Al-
lowing those joints to have three degrees of freedom can also cause
overfitting in some cases. We performed PCA on the observed an-
gles of the joints4ri, removing axes of rotation whose eigenvalues
are smaller than 0.1. The associated entries in the vector ak,lm are
then not estimated. The value 0.1 was obtained by observing a plot
of the sorted eigenvalues. We found that the pruned model mini-
mally increased cross-validation error, while decreasing the number
of parameters by roughly one third.
As discussed, the rigid part rotations are computed as part of our

preprocessing step. Unfortunately, the transformations Qik for the
individual triangles are not known. We estimate these matrices by
fitting them to the transformations observed in the data. However,
the problem is generally underconstrained. We follow Sumner et
al. [2004] and Allen et al. [2003], and introduce a smoothness con-
straint which prefers similar deformations in adjacent polygons that
belong to the same rigid part. Specifically, we solve for the correct
set of linear transformations with the following equation for each
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separately for each rigid part and for each row of the Q matrices.
Given the estimated Q matrices, we can solve for the (at most)
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We applied this method to learn a SCAPE pose deformation model
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examples of meshes that can be represented by our learned model.
Note that these examples do not correspond to meshes in the training
data set; they are new poses synthesized completely from a vector of
joint rotations R, using Eq. (3) to define the Q matrices, and Eq. (2)
to generate the mesh.
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each connected component of the mesh) to a particular location, we
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In practice, we can save on model size and computation by iden-
tifying joints which have only one or two degrees of freedom. Al-
lowing those joints to have three degrees of freedom can also cause
overfitting in some cases. We performed PCA on the observed an-
gles of the joints4ri, removing axes of rotation whose eigenvalues
are smaller than 0.1. The associated entries in the vector ak,lm are
then not estimated. The value 0.1 was obtained by observing a plot
of the sorted eigenvalues. We found that the pruned model mini-
mally increased cross-validation error, while decreasing the number
of parameters by roughly one third.
As discussed, the rigid part rotations are computed as part of our

preprocessing step. Unfortunately, the transformations Qik for the
individual triangles are not known. We estimate these matrices by
fitting them to the transformations observed in the data. However,
the problem is generally underconstrained. We follow Sumner et
al. [2004] and Allen et al. [2003], and introduce a smoothness con-
straint which prefers similar deformations in adjacent polygons that
belong to the same rigid part. Specifically, we solve for the correct
set of linear transformations with the following equation for each
mesh Y i:
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where ws = 0.001ρ and ρ is the resolution of the model mesh X .
Above, I(·) is the indicator function. The equation can be solved
separately for each rigid part and for each row of the Q matrices.
Given the estimated Q matrices, we can solve for the (at most)

9£ 7 regression parameters ak for each triangle k, as described
in Eq. (4).

4.3 Application to Our Data Set

We applied this method to learn a SCAPE pose deformation model
using the 70 training instances in our pose data set. Fig. 4 shows
examples of meshes that can be represented by our learned model.
Note that these examples do not correspond to meshes in the training
data set; they are new poses synthesized completely from a vector of
joint rotations R, using Eq. (3) to define the Q matrices, and Eq. (2)
to generate the mesh.
The model captures well the shoulder deformations, the bulging

of the biceps and the twisting of the spine. It deals reasonably well
with the elbow and knee joints, although example (g) illustrates a
small amount of elbow smoothing that occurs in some poses. The
model exhibits an artifact in the armpit, which is caused by hole-
filling in the template mesh.
Generating each mesh given the matrices takes approximately

1 second, only 1.5 orders of magnitude away from real time, open-
ing the possibility of using this type of deformation model for real-
time animation of synthesized or cached motion sequences.

Figure 3: An illustration of our model for triangle deformation.

with triangle pk, we can write:
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i
kv̂k, j, j = 2,3 (1)

The deformation process is sketched in Fig. 3. A key feature of this
model is that it combines an element modeling the deformation of
the rigid skeleton, with an element that allows for arbitrary local
deformations. The latter is essential for modeling muscle deforma-
tions.
Given a set of transformation matrices Q and R associated with a
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the appropriate location. (See [Sumner and Popović 2004] for a very
related discussion on mesh reconstruction from a set of deformation
matrices.)

4.2 Learning the Pose Deformation Model

We showed how to model pose-induced deformations using a set of
matrices Qik for the template triangles pk. We want to predict these
deformations from the articulated human pose, which is represented
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The direction of the twist vector represents the axis of rotation, and
the magnitude of the twist represents the rotation amount.
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In practice, we can save on model size and computation by iden-
tifying joints which have only one or two degrees of freedom. Al-
lowing those joints to have three degrees of freedom can also cause
overfitting in some cases. We performed PCA on the observed an-
gles of the joints4ri, removing axes of rotation whose eigenvalues
are smaller than 0.1. The associated entries in the vector ak,lm are
then not estimated. The value 0.1 was obtained by observing a plot
of the sorted eigenvalues. We found that the pruned model mini-
mally increased cross-validation error, while decreasing the number
of parameters by roughly one third.
As discussed, the rigid part rotations are computed as part of our

preprocessing step. Unfortunately, the transformations Qik for the
individual triangles are not known. We estimate these matrices by
fitting them to the transformations observed in the data. However,
the problem is generally underconstrained. We follow Sumner et
al. [2004] and Allen et al. [2003], and introduce a smoothness con-
straint which prefers similar deformations in adjacent polygons that
belong to the same rigid part. Specifically, we solve for the correct
set of linear transformations with the following equation for each
mesh Y i:
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where ws = 0.001ρ and ρ is the resolution of the model mesh X .
Above, I(·) is the indicator function. The equation can be solved
separately for each rigid part and for each row of the Q matrices.
Given the estimated Q matrices, we can solve for the (at most)

9£ 7 regression parameters ak for each triangle k, as described
in Eq. (4).

4.3 Application to Our Data Set

We applied this method to learn a SCAPE pose deformation model
using the 70 training instances in our pose data set. Fig. 4 shows
examples of meshes that can be represented by our learned model.
Note that these examples do not correspond to meshes in the training
data set; they are new poses synthesized completely from a vector of
joint rotations R, using Eq. (3) to define the Q matrices, and Eq. (2)
to generate the mesh.
The model captures well the shoulder deformations, the bulging

of the biceps and the twisting of the spine. It deals reasonably well
with the elbow and knee joints, although example (g) illustrates a
small amount of elbow smoothing that occurs in some poses. The
model exhibits an artifact in the armpit, which is caused by hole-
filling in the template mesh.
Generating each mesh given the matrices takes approximately

1 second, only 1.5 orders of magnitude away from real time, open-
ing the possibility of using this type of deformation model for real-
time animation of synthesized or cached motion sequences.
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Figure 4: Examples of muscle deformations that can be captured in the SCAPE pose model.

Figure 5: The first four principal components in the space of body shape
deformation

5 Body-Shape Deformation

The SCAPE model also encodes variability due to body shape
across different individuals. We now assume that the scans of our
training set Y i correspond to different individuals.

5.1 Deformation Process

We model the body-shape variation independently of the pose vari-
ation, by introducing a new set of linear transformation matrices
Sik, one for each instance i and each triangle k. We assume that
the triangle pk observed in the instance mesh i is obtained by first
applying the pose deformation Qik, then the body shape deforma-
tion Sik, and finally the rotation associated with the corresponding
joint Ri`[k]. The application of consecutive transformation matrices
maintains proper scaling of deformation. We obtain the following
extension to Eq. (1):

vik, j = Ri`[k]S
i
kQ

i
kv̂k, j. (6)

The body deformation associated with each subject i can thus be
modeled as a set of matrices Si = {Sik : k = 1, . . . ,P}.

5.2 Learning the Shape Deformation Model

To map out the space of body shape deformations, we view the dif-
ferent matrices Si as arising from a lower dimensional subspace. For
each example mesh, we create a vector of size 9£N containing the
parameters of matrices Si. We assume that these vectors are gener-
ated from a simple linear subspace, which can be estimated by using
PCA:

Si = SU,µ (β i) =Uβ i+µ (7)

whereUβ i+µ is a (vector form) reconstruction of the 9£N matrix
coefficients from the PCA, andUβ i+µ is the representation of this
vector as a set of matrices. PCA is appropriate for modeling the ma-
trix entries, because body shape variation is consistent and not too
strong. We found that even shapes which are three standard devia-
tions from the mean still look very much like humans (see Fig. 5).
If we are given the affine matrices Sik for each i,k we can easily

solve for the PCA parameters U , µ , and the mesh-specific coeffi-
cients β i. However, as in the case of pose deformation, the indi-
vidual shape deformation matrices Sik are not given, and need to be
estimated. We use the same idea as above, and solve directly for Sik,
with the same smoothing term as in Eq. (5):

argmin
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Importantly, recall that our data preprocessing phase provides us
with an estimate Ri for the joint rotations in each instance mesh,
and therefore the joint angles 4ri. From these we can compute the
predicted pose deformations Qik = Qak (4ri`[k]) using our learned
pose deformation model. Thus, the only unknowns in Eq. (8) are
the shape deformation matrices Sik. The equation is quadratic in
these unknowns, and therefore can be solved using a straightforward
least-squares optimization.

5.3 Application to Our Data Set

We applied this method to learn a SCAPE body shape deformation
model using the 45 instances in the body shape data set, and taking
as a starting point the pose deformation model learned as described
in Sec. 4.3. Fig. 5 shows the mean shape and the first four prin-
cipal components in our PCA decomposition of the shape space.
These components represent very reasonable variations in weight
and height, gender, abdominal fat and chest muscles, and bulkiness
of the chest versus the hips.

Body shape deformations
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Figure 4: Examples of muscle deformations that can be captured in the SCAPE pose model.

Figure 5: The first four principal components in the space of body shape
deformation

5 Body-Shape Deformation

The SCAPE model also encodes variability due to body shape
across different individuals. We now assume that the scans of our
training set Y i correspond to different individuals.

5.1 Deformation Process

We model the body-shape variation independently of the pose vari-
ation, by introducing a new set of linear transformation matrices
Sik, one for each instance i and each triangle k. We assume that
the triangle pk observed in the instance mesh i is obtained by first
applying the pose deformation Qik, then the body shape deforma-
tion Sik, and finally the rotation associated with the corresponding
joint Ri`[k]. The application of consecutive transformation matrices
maintains proper scaling of deformation. We obtain the following
extension to Eq. (1):

vik, j = Ri`[k]S
i
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kv̂k, j. (6)

The body deformation associated with each subject i can thus be
modeled as a set of matrices Si = {Sik : k = 1, . . . ,P}.

5.2 Learning the Shape Deformation Model

To map out the space of body shape deformations, we view the dif-
ferent matrices Si as arising from a lower dimensional subspace. For
each example mesh, we create a vector of size 9£N containing the
parameters of matrices Si. We assume that these vectors are gener-
ated from a simple linear subspace, which can be estimated by using
PCA:

Si = SU,µ (β i) =Uβ i+µ (7)

whereUβ i+µ is a (vector form) reconstruction of the 9£N matrix
coefficients from the PCA, andUβ i+µ is the representation of this
vector as a set of matrices. PCA is appropriate for modeling the ma-
trix entries, because body shape variation is consistent and not too
strong. We found that even shapes which are three standard devia-
tions from the mean still look very much like humans (see Fig. 5).
If we are given the affine matrices Sik for each i,k we can easily

solve for the PCA parameters U , µ , and the mesh-specific coeffi-
cients β i. However, as in the case of pose deformation, the indi-
vidual shape deformation matrices Sik are not given, and need to be
estimated. We use the same idea as above, and solve directly for Sik,
with the same smoothing term as in Eq. (5):
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Importantly, recall that our data preprocessing phase provides us
with an estimate Ri for the joint rotations in each instance mesh,
and therefore the joint angles 4ri. From these we can compute the
predicted pose deformations Qik = Qak (4ri`[k]) using our learned
pose deformation model. Thus, the only unknowns in Eq. (8) are
the shape deformation matrices Sik. The equation is quadratic in
these unknowns, and therefore can be solved using a straightforward
least-squares optimization.

5.3 Application to Our Data Set

We applied this method to learn a SCAPE body shape deformation
model using the 45 instances in the body shape data set, and taking
as a starting point the pose deformation model learned as described
in Sec. 4.3. Fig. 5 shows the mean shape and the first four prin-
cipal components in our PCA decomposition of the shape space.
These components represent very reasonable variations in weight
and height, gender, abdominal fat and chest muscles, and bulkiness
of the chest versus the hips.
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5 Body-Shape Deformation

The SCAPE model also encodes variability due to body shape
across different individuals. We now assume that the scans of our
training set Y i correspond to different individuals.

5.1 Deformation Process

We model the body-shape variation independently of the pose vari-
ation, by introducing a new set of linear transformation matrices
Sik, one for each instance i and each triangle k. We assume that
the triangle pk observed in the instance mesh i is obtained by first
applying the pose deformation Qik, then the body shape deforma-
tion Sik, and finally the rotation associated with the corresponding
joint Ri`[k]. The application of consecutive transformation matrices
maintains proper scaling of deformation. We obtain the following
extension to Eq. (1):

vik, j = Ri`[k]S
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kv̂k, j. (6)

The body deformation associated with each subject i can thus be
modeled as a set of matrices Si = {Sik : k = 1, . . . ,P}.

5.2 Learning the Shape Deformation Model

To map out the space of body shape deformations, we view the dif-
ferent matrices Si as arising from a lower dimensional subspace. For
each example mesh, we create a vector of size 9£N containing the
parameters of matrices Si. We assume that these vectors are gener-
ated from a simple linear subspace, which can be estimated by using
PCA:

Si = SU,µ (β i) =Uβ i+µ (7)

whereUβ i+µ is a (vector form) reconstruction of the 9£N matrix
coefficients from the PCA, andUβ i+µ is the representation of this
vector as a set of matrices. PCA is appropriate for modeling the ma-
trix entries, because body shape variation is consistent and not too
strong. We found that even shapes which are three standard devia-
tions from the mean still look very much like humans (see Fig. 5).
If we are given the affine matrices Sik for each i,k we can easily

solve for the PCA parameters U , µ , and the mesh-specific coeffi-
cients β i. However, as in the case of pose deformation, the indi-
vidual shape deformation matrices Sik are not given, and need to be
estimated. We use the same idea as above, and solve directly for Sik,
with the same smoothing term as in Eq. (5):
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Importantly, recall that our data preprocessing phase provides us
with an estimate Ri for the joint rotations in each instance mesh,
and therefore the joint angles 4ri. From these we can compute the
predicted pose deformations Qik = Qak (4ri`[k]) using our learned
pose deformation model. Thus, the only unknowns in Eq. (8) are
the shape deformation matrices Sik. The equation is quadratic in
these unknowns, and therefore can be solved using a straightforward
least-squares optimization.

5.3 Application to Our Data Set

We applied this method to learn a SCAPE body shape deformation
model using the 45 instances in the body shape data set, and taking
as a starting point the pose deformation model learned as described
in Sec. 4.3. Fig. 5 shows the mean shape and the first four prin-
cipal components in our PCA decomposition of the shape space.
These components represent very reasonable variations in weight
and height, gender, abdominal fat and chest muscles, and bulkiness
of the chest versus the hips.
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5 Body-Shape Deformation

The SCAPE model also encodes variability due to body shape
across different individuals. We now assume that the scans of our
training set Y i correspond to different individuals.

5.1 Deformation Process

We model the body-shape variation independently of the pose vari-
ation, by introducing a new set of linear transformation matrices
Sik, one for each instance i and each triangle k. We assume that
the triangle pk observed in the instance mesh i is obtained by first
applying the pose deformation Qik, then the body shape deforma-
tion Sik, and finally the rotation associated with the corresponding
joint Ri`[k]. The application of consecutive transformation matrices
maintains proper scaling of deformation. We obtain the following
extension to Eq. (1):

vik, j = Ri`[k]S
i
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kv̂k, j. (6)

The body deformation associated with each subject i can thus be
modeled as a set of matrices Si = {Sik : k = 1, . . . ,P}.

5.2 Learning the Shape Deformation Model

To map out the space of body shape deformations, we view the dif-
ferent matrices Si as arising from a lower dimensional subspace. For
each example mesh, we create a vector of size 9£N containing the
parameters of matrices Si. We assume that these vectors are gener-
ated from a simple linear subspace, which can be estimated by using
PCA:

Si = SU,µ (β i) =Uβ i+µ (7)

whereUβ i+µ is a (vector form) reconstruction of the 9£N matrix
coefficients from the PCA, andUβ i+µ is the representation of this
vector as a set of matrices. PCA is appropriate for modeling the ma-
trix entries, because body shape variation is consistent and not too
strong. We found that even shapes which are three standard devia-
tions from the mean still look very much like humans (see Fig. 5).
If we are given the affine matrices Sik for each i,k we can easily

solve for the PCA parameters U , µ , and the mesh-specific coeffi-
cients β i. However, as in the case of pose deformation, the indi-
vidual shape deformation matrices Sik are not given, and need to be
estimated. We use the same idea as above, and solve directly for Sik,
with the same smoothing term as in Eq. (5):

argmin
Si

∑
k
∑
j=2,3

kRikS
i
kQ

i
kv̂k, j°v

i
k, jk

2+ws ∑
k1,k2 adj

kSik1 °S
i
k2k

2. (8)

Importantly, recall that our data preprocessing phase provides us
with an estimate Ri for the joint rotations in each instance mesh,
and therefore the joint angles 4ri. From these we can compute the
predicted pose deformations Qik = Qak (4ri`[k]) using our learned
pose deformation model. Thus, the only unknowns in Eq. (8) are
the shape deformation matrices Sik. The equation is quadratic in
these unknowns, and therefore can be solved using a straightforward
least-squares optimization.

5.3 Application to Our Data Set

We applied this method to learn a SCAPE body shape deformation
model using the 45 instances in the body shape data set, and taking
as a starting point the pose deformation model learned as described
in Sec. 4.3. Fig. 5 shows the mean shape and the first four prin-
cipal components in our PCA decomposition of the shape space.
These components represent very reasonable variations in weight
and height, gender, abdominal fat and chest muscles, and bulkiness
of the chest versus the hips.
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Figure 4: Examples of muscle deformations that can be captured in the SCAPE pose model.

Figure 5: The first four principal components in the space of body shape
deformation

5 Body-Shape Deformation

The SCAPE model also encodes variability due to body shape
across different individuals. We now assume that the scans of our
training set Y i correspond to different individuals.

5.1 Deformation Process

We model the body-shape variation independently of the pose vari-
ation, by introducing a new set of linear transformation matrices
Sik, one for each instance i and each triangle k. We assume that
the triangle pk observed in the instance mesh i is obtained by first
applying the pose deformation Qik, then the body shape deforma-
tion Sik, and finally the rotation associated with the corresponding
joint Ri`[k]. The application of consecutive transformation matrices
maintains proper scaling of deformation. We obtain the following
extension to Eq. (1):

vik, j = Ri`[k]S
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The body deformation associated with each subject i can thus be
modeled as a set of matrices Si = {Sik : k = 1, . . . ,P}.

5.2 Learning the Shape Deformation Model

To map out the space of body shape deformations, we view the dif-
ferent matrices Si as arising from a lower dimensional subspace. For
each example mesh, we create a vector of size 9£N containing the
parameters of matrices Si. We assume that these vectors are gener-
ated from a simple linear subspace, which can be estimated by using
PCA:

Si = SU,µ (β i) =Uβ i+µ (7)

whereUβ i+µ is a (vector form) reconstruction of the 9£N matrix
coefficients from the PCA, andUβ i+µ is the representation of this
vector as a set of matrices. PCA is appropriate for modeling the ma-
trix entries, because body shape variation is consistent and not too
strong. We found that even shapes which are three standard devia-
tions from the mean still look very much like humans (see Fig. 5).
If we are given the affine matrices Sik for each i,k we can easily

solve for the PCA parameters U , µ , and the mesh-specific coeffi-
cients β i. However, as in the case of pose deformation, the indi-
vidual shape deformation matrices Sik are not given, and need to be
estimated. We use the same idea as above, and solve directly for Sik,
with the same smoothing term as in Eq. (5):
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Importantly, recall that our data preprocessing phase provides us
with an estimate Ri for the joint rotations in each instance mesh,
and therefore the joint angles 4ri. From these we can compute the
predicted pose deformations Qik = Qak (4ri`[k]) using our learned
pose deformation model. Thus, the only unknowns in Eq. (8) are
the shape deformation matrices Sik. The equation is quadratic in
these unknowns, and therefore can be solved using a straightforward
least-squares optimization.

5.3 Application to Our Data Set

We applied this method to learn a SCAPE body shape deformation
model using the 45 instances in the body shape data set, and taking
as a starting point the pose deformation model learned as described
in Sec. 4.3. Fig. 5 shows the mean shape and the first four prin-
cipal components in our PCA decomposition of the shape space.
These components represent very reasonable variations in weight
and height, gender, abdominal fat and chest muscles, and bulkiness
of the chest versus the hips.
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5 Body-Shape Deformation

The SCAPE model also encodes variability due to body shape
across different individuals. We now assume that the scans of our
training set Y i correspond to different individuals.

5.1 Deformation Process

We model the body-shape variation independently of the pose vari-
ation, by introducing a new set of linear transformation matrices
Sik, one for each instance i and each triangle k. We assume that
the triangle pk observed in the instance mesh i is obtained by first
applying the pose deformation Qik, then the body shape deforma-
tion Sik, and finally the rotation associated with the corresponding
joint Ri`[k]. The application of consecutive transformation matrices
maintains proper scaling of deformation. We obtain the following
extension to Eq. (1):
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The body deformation associated with each subject i can thus be
modeled as a set of matrices Si = {Sik : k = 1, . . . ,P}.

5.2 Learning the Shape Deformation Model

To map out the space of body shape deformations, we view the dif-
ferent matrices Si as arising from a lower dimensional subspace. For
each example mesh, we create a vector of size 9£N containing the
parameters of matrices Si. We assume that these vectors are gener-
ated from a simple linear subspace, which can be estimated by using
PCA:

Si = SU,µ (β i) =Uβ i+µ (7)

whereUβ i+µ is a (vector form) reconstruction of the 9£N matrix
coefficients from the PCA, andUβ i+µ is the representation of this
vector as a set of matrices. PCA is appropriate for modeling the ma-
trix entries, because body shape variation is consistent and not too
strong. We found that even shapes which are three standard devia-
tions from the mean still look very much like humans (see Fig. 5).
If we are given the affine matrices Sik for each i,k we can easily

solve for the PCA parameters U , µ , and the mesh-specific coeffi-
cients β i. However, as in the case of pose deformation, the indi-
vidual shape deformation matrices Sik are not given, and need to be
estimated. We use the same idea as above, and solve directly for Sik,
with the same smoothing term as in Eq. (5):
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Importantly, recall that our data preprocessing phase provides us
with an estimate Ri for the joint rotations in each instance mesh,
and therefore the joint angles 4ri. From these we can compute the
predicted pose deformations Qik = Qak (4ri`[k]) using our learned
pose deformation model. Thus, the only unknowns in Eq. (8) are
the shape deformation matrices Sik. The equation is quadratic in
these unknowns, and therefore can be solved using a straightforward
least-squares optimization.

5.3 Application to Our Data Set

We applied this method to learn a SCAPE body shape deformation
model using the 45 instances in the body shape data set, and taking
as a starting point the pose deformation model learned as described
in Sec. 4.3. Fig. 5 shows the mean shape and the first four prin-
cipal components in our PCA decomposition of the shape space.
These components represent very reasonable variations in weight
and height, gender, abdominal fat and chest muscles, and bulkiness
of the chest versus the hips.

Figure 4: Examples of muscle deformations that can be captured in the SCAPE pose model.

Figure 5: The first four principal components in the space of body shape
deformation

5 Body-Shape Deformation

The SCAPE model also encodes variability due to body shape
across different individuals. We now assume that the scans of our
training set Y i correspond to different individuals.

5.1 Deformation Process

We model the body-shape variation independently of the pose vari-
ation, by introducing a new set of linear transformation matrices
Sik, one for each instance i and each triangle k. We assume that
the triangle pk observed in the instance mesh i is obtained by first
applying the pose deformation Qik, then the body shape deforma-
tion Sik, and finally the rotation associated with the corresponding
joint Ri`[k]. The application of consecutive transformation matrices
maintains proper scaling of deformation. We obtain the following
extension to Eq. (1):

vik, j = Ri`[k]S
i
kQ

i
kv̂k, j. (6)

The body deformation associated with each subject i can thus be
modeled as a set of matrices Si = {Sik : k = 1, . . . ,P}.

5.2 Learning the Shape Deformation Model

To map out the space of body shape deformations, we view the dif-
ferent matrices Si as arising from a lower dimensional subspace. For
each example mesh, we create a vector of size 9£N containing the
parameters of matrices Si. We assume that these vectors are gener-
ated from a simple linear subspace, which can be estimated by using
PCA:

Si = SU,µ (β i) =Uβ i+µ (7)

whereUβ i+µ is a (vector form) reconstruction of the 9£N matrix
coefficients from the PCA, andUβ i+µ is the representation of this
vector as a set of matrices. PCA is appropriate for modeling the ma-
trix entries, because body shape variation is consistent and not too
strong. We found that even shapes which are three standard devia-
tions from the mean still look very much like humans (see Fig. 5).
If we are given the affine matrices Sik for each i,k we can easily

solve for the PCA parameters U , µ , and the mesh-specific coeffi-
cients β i. However, as in the case of pose deformation, the indi-
vidual shape deformation matrices Sik are not given, and need to be
estimated. We use the same idea as above, and solve directly for Sik,
with the same smoothing term as in Eq. (5):

argmin
Si

∑
k
∑
j=2,3

kRikS
i
kQ

i
kv̂k, j°v

i
k, jk

2+ws ∑
k1,k2 adj

kSik1 °S
i
k2k

2. (8)

Importantly, recall that our data preprocessing phase provides us
with an estimate Ri for the joint rotations in each instance mesh,
and therefore the joint angles 4ri. From these we can compute the
predicted pose deformations Qik = Qak (4ri`[k]) using our learned
pose deformation model. Thus, the only unknowns in Eq. (8) are
the shape deformation matrices Sik. The equation is quadratic in
these unknowns, and therefore can be solved using a straightforward
least-squares optimization.

5.3 Application to Our Data Set

We applied this method to learn a SCAPE body shape deformation
model using the 45 instances in the body shape data set, and taking
as a starting point the pose deformation model learned as described
in Sec. 4.3. Fig. 5 shows the mean shape and the first four prin-
cipal components in our PCA decomposition of the shape space.
These components represent very reasonable variations in weight
and height, gender, abdominal fat and chest muscles, and bulkiness
of the chest versus the hips.

Covariance matrix eigenvectors 
and mean transformation

Image credit: D. Anguelov



Shape deformation generation
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Motion capture animation
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Motion capture animation
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Further afield
• “A model for pose and body shape,” Hasler et al., 2009 
• Suggested joint pose and body shape model
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Further afield: Prof. Michael Black’s lab

• Prof. Michael Black’s lab in Tübingen has various human body 
and pose-related projects

39

“SMPL: A Skinned Multi-Person Linear Model,” Loper et al., 2015 

Image credit:  https://ps.is.tuebingen.mpg.de/



LEARNING TO MODEL MAN-
MADE SHAPES
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Approaches
• Part-based template learning 

• “Learning Part-based Templates from Large 
Collections of 3D Shapes,” Kim et al., 2013 

• Component-based probabilistic model 
• “A Probabilistic Model for Component-Based Shape 

Synthesis,” Kalogerakis et al., 2012
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Collections of 3D shapes

42

1000s  
of models!

Slides credit: V. Kim



Understand Variations
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OR

Seats vary 
in width

1000s  
of  

models!

Slides credit: V. Kim



Need Joint Analysis
• The problems are inter-related: 

• Correspondences 
• Consistent Segmentations 
• Shape Variations

44Slides credit: V. Kim
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Smaller search space 
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Need Joint Analysis
• The problems are inter-related: 

• Correspondences 
• Consistent Segmentations 
• Shape Variations
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Translate

Scale

Smaller search space 
More accurate search space 

Slides credit: V. Kim



Need Joint Analysis
• The problems are inter-related: 

• Correspondences 
• Consistent Segmentations 
• Shape Variations
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Translate

Scale

Smaller search space 
More accurate search space 
Man-made object vary w.r.t. parts

Slides credit: V. Kim



Box-like Templates
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Deformable Template

Slides credit: V. Kim



Box-like Templates
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Deformable Template

variance in scale

variance in positions

Slides credit: V. Kim



Box-like Templates
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Deformable Template

Slides credit: V. Kim



Box-like Templates

52

Deformable Template

Slides credit: V. Kim



Box-like Templates

53

Deformable Template

Slides credit: V. Kim



Box-like Templates
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Deformable Templates

Slides credit: V. Kim



Box-like Templates
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Deformable Templates

Slides credit: V. Kim



Box-like Templates
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Deformable Templates

Slides credit: V. Kim



Algorithm Overview
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Shapes

Slides credit: V. Kim



Algorithm Overview
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Algorithm Overview
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Algorithm Overview
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Algorithm Overview
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Algorithm Overview
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Algorithm Overview
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Algorithm Overview
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Slides credit: V. Kim



Template Initialization
• Manual initialization 

• The user aligns boxes to semantic parts ( ≈ 5 min)
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Algorithm Overview

68

Template  
Fitting

Template  
Refinement

Shapes

Templates

Template 
Initialization

Shapes

Templates

Shapes

Templates

Slides credit: V. Kim



Fitting Parameters
• Rigid alignment  
• Per part deformations 

• Existence 
• Centroid position 
• Anisotropic scale 

• Labeling of points in the shape 
• Shape ↔ template mapping

69Slides credit: V. Kim



Fitting Energy

• Edata  (template ⟷ shape distance + local shape 
features) 

• Edeform (plausibility of template deformation) 

• Esmooth (close & similar regions should get the same label)
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E = E
data

+ �E
deform

+ �E
smooth

Slides credit: V. Kim



Fitting Optimization
• Alternate steps until shape segmentation converges: 

• Segmentation 
• Correspondences 
• Deformation
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Fitting Optimization
• Alternate steps until shape segmentation converges: 

• Segmentation 
• Correspondences 
• Deformation
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Fitting Optimization
• Alternate steps until shape segmentation converges: 

• Segmentation 
• Correspondences 
• Deformation
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Method: Graph cut [Boykov et al. 2001]

E = E
data

+ �E
deform

+ �E
smooth
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Fitting Optimization
• Alternate steps until shape segmentation converges: 

• Segmentation 
• Correspondences 

• Deformation
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Method: Part-aware closest points

E = E
data

+ �E
deform

+ �E
smooth

Slides credit: V. Kim



Fitting Optimization
• Alternate steps until shape segmentation converges: 

• Segmentation 
• Correspondences 

• Deformation
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@(E
data
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Method: Solve for critical points.

position:

scale:

E = E
data
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+ �E
smooth

Slides credit: V. Kim



Algorithm Overview
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Slides credit: V. Kim

Template Refinement
• Update template set from deformations in Learning Set 

• Update current 
• Spawn new 
• Reject outliers

77Learning Set ...Current Template Set



Template Refinement
• Update template set from deformations in Learning Set 

• Update current 
• Spawn new 
• Reject outliers
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Template Refinement
• Update template set from deformations in Learning Set 

• Update current 
• Spawn new 

• Reject outliers
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Template Refinement
• Update template set from deformations in Learning Set 

• Update current 
• Spawn new 
• Reject outliers
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Algorithm Overview
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3D Warehouse: 3113 airplanes
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Initial Template:

Slides credit: V. Kim



3D Warehouse: 3113 airplanes
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Initial Template:

Final Templates:

1508 1605

Slides credit: V. Kim



3D Warehouse: 3113 airplanes
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1508 1605

Slides credit: V. Kim



3D Warehouse: 3113 airplanes

85

1508 1605

Failure
Slides credit: V. Kim



3D Warehouse: 471 bikes
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Initial Template:

Slides credit: V. Kim



3D Warehouse: 471 bikes
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Initial Template:

Final Templates:

378 63

23 7 ...
Slides credit: V. Kim



3D Warehouse: 471 bikes
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378 63

Slides credit: V. Kim



3D Warehouse: 471 bikes
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378 63

Failure
Slides credit: V. Kim



Learning a probabilistic model
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Learning a probabilistic model
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Learning a probabilistic model
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Slides credit: E. Kalogerakis



Synthesis stage
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Example of obtained model
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Kalogerakis, Chaudhuri, Koller and Koltun, SIGGRAPH 2012Slides credit: E. Kalogerakis



Learning

• Structure learning: given observed data O, find 
structure G that maximizes
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Learning

• Structure learning: given observed data O, find 
structure G that maximizes 

• Parameter learning: assuming uniform prior over 
structures, maximize marginal likelihood
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Shape synthesis

• Enumerate high-probability instantiations of the 
model
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Shape synthesis

• Enumerate high-probability instantiations of the 
model
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Component placement
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Database Amplification - Airplanes
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Database Amplification - Airplanes

110Slides credit: E. Kalogerakis



Database Amplification - Chairs
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Database Amplification - Chairs
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Database Amplification - Ships
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Database Amplification - Ships
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Database Amplification - Animals
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Database Amplification - Animals
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Database Amplification – Construction 
vehicles
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Database Amplification – Construction 
vehicles
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THE END
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