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Abstract. This paper adresses the problem of estimating shape and
pose parameters of a 3D-non-rigid model from a single image. We in-
troduce a new fast and robust method to minimize reprojection error
between 3D model and feature image points. For this purpose, a recur-
sive process is proposed. First, pose is roughly approximated using a rigid
model. This permits to analytically determine shape parameters. Pose
and shape are updated in an iterative way. Tests carried out on both
synthetic and real data using the CANDIDE-3 parameterized mesh[1]
are very promising.

Keywords: 3D face modeling, non-rigid model, POSIT, least square
estimation, single image.

1 Introduction

Motion and shape estimation of deformable models is an important task in nu-
merous applications such as augmented reality, human computer interaction or
medical imaging. This paper deals with shape and pose estimation of a non-rigid
model using 2D feature points in one monocular image. Methods on this issue
are widely covered in the Structure From Motion literature. Tomasi and Kanade
[2] have developed a factorization method to estimate structure and motion of
rigid objects in an image sequence. A Singular Value Decomposition is applied
on the matrix which contains all tracked features for separating shape parame-
ters from motion parameters. This work was extended to non-rigid models [3].
More recent papers used bundle adjustment algorithm based on Levenberg Mar-
quart optimization to minimize reprojection residuals [4]. In [5], minimization
was achieved by a genetic algorithm.

We are more specifically focusing on the case where only one monocular image
is available. To address this problem, Chaumont and Beaumesnil [6] proposed a
two pass algorithm. In the first step, they have calculated a coarse shape and pose
approximation assuming model points were in the same 3D plane. This estimation
was then improved, shifting from weak perspective to perspective projection.

Main contributions of the method we suggest: (1) we divide parameters esti-
mation into shape and pose determination. By doing so, parameter estimation
has an analytical solution. (2) We suggest a recursive method inspired by Expec-
tation Maximization process which improves robustness. (3) Our approach can
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be applied on every linear non-rigid models and doesn’t require any assumption
such as coplanarity of model points.

Section 2 deals with our approach to recover motion (section 2.3) and shape
(section 2.4) parameters in one monocular image. Section 3 is devoted to exper-
imental results. Finally, conclusion of this paper is given in section 4.

2 Recursive Shape and Pose Determination

2.1 Model Description

The proposed approach is generic and applies to 3D parametrized model which
have a rigid shape modulated by deformation vectors. In literature, numerous
analytical and statistical models respond to this constraint.

A shape X = [X1, . . . ,Xi, . . . ,XN]T can be considered as a 4*N vector, where
Xi = [xi, yi, zi, 1]T are homogeneous coordinates of the ith model point, and N
the total number of points.

Each model instance is a linear combination of a mean vector X (the rigid
part of the model) and M deformation vectors weighted by the σ parameters
(non-rigid deformation):

X = X + Sσ (1)

Where S is a 4N × M matrix whose columns are deformation vectors.

2.2 General Principle

The main objective is to minimize the sum of reprojection residuals, i.e. the
distance between the image feature points U′ and the corresponding projected
3D points of the model U (cf. figure 1). 2D feature points can be set manually
or automatically, for example, with the help of an Active Shape Model [7].

This minimization implies that you estimate shape and pose parameters at
the same time. We start estimating head pose using POSIT algorithm [8]. De-
formation vector weights are supposed to be zero. As shown in algorithm 1 pose
and shape parameters are updated in an iterative way.

2.3 Model Pose Estimation

We cannot directly access 3D model vertices, but their projections in images. In
the perspective transformation case, coordinates of Ui = (ui, vi, 1)T of a model
point result in:

Ui = (ui, vi, 1)T = K [R|t]Xi = PXi (2)

where K is the calibration matrix containing internal parameters for finite pro-
jective camera. R is a 3×3 rotation matrix and t a translation vector representing
the model pose relative to the camera coordinate frame. Internal parameters are
supposed to be known. Otherwise, principal point is defined at the image center,
pixel skew is neglected and focal length is roughly estimated [9].
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Fig. 1. General principle: find shape and pose parameters such as reprojection error
is minimal

Algorithm 1. Recursive shape and pose determination
Require: 2D feature points U ′

Ensure: shape σ and pose R, t parameters
σ ← 0
while reprojection error E < ε (cf. eq. 3) do

pose estimation: (R, t) ← POSIT(U ′,σ)
(cf. section 2.3)
shape estimation: σ ← computeShape(U ′,R,t)
(cf. section 2.4)

end while
return σ, R and t.

R et t are estimated using POSIT algorithm. It supposes that the model
shape is determined. The model is initialized by the rigid part and the pose
estimation is refined after each new model parameters computation.

2.4 Shape Parameter Estimation

Reprojection error E between 2D feature points U ′ and the projected 3D models
vertices U is given by:

E = ‖U′ − U‖2 (3)

Shape parameters σ are obtained by solving this error:

σ = argmin
σ

∥
∥U′ − Q

(

X + Sσ
)∥
∥

2
(4)

With Q = diag (P, . . . ,P)1.
1 diag(A1, A2, . . . , An) is a block matrix which pseudo diagonal is made of matrices

A1, A2, . . . , An and other entries are 0.
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This equation leads to the following analytical solution:

σ = (QS)+ (U′ − QX) (5)

The problem is easily solved using a weighted Least-Squares approach in which
each point’s impact is adjusted.

σ =
(

(QS)T W(QS)
)−1

(QS)T W(U′ − QX) (6)

The weight matrix W is determined, is based on the reliability of each feature
point. In an Iterative Re-weighted Least-Squares approach, matrix W can also
be re-estimated at each iteration according to the residuals.

Most of the models have constrained parameters in order to limits the set of
plausible shapes. Parameters beyond these limits are projected onto the plausible
shape space.

3 Experiments

To assess the quality of our method, we have carried out tests with the CANDIDE-
3 parameterized 3D mesh [1]. First, we work on synthesized data for which all pa-
rameters are controlled. By doing so, the robustness can be tested depending on
parameters such as noise or the choice of model points. Then, some experiments
are carried out on real face images. It is not as convenient as synthetic data because
we don’t have the shape and pose ground truth but it is important to observe the
evolution of this method on real data.

3.1 On Synthetic Data

Rotation (3 parameters) and model deformation (25 parameters) are randomly
produced. A perspective transformation is simulated: focal length is equal to
1000 pixels and the principal point corresponds to the image center. Projected
vertices of the model are disturbed afterwards by a uniformly distributed random
noise as follows: (

ũi

ṽi

)

=
(

ui

vi

)

± k ∗ dio

(
bi1
bi2

)

(7)

where bi1 and bi2 are uniformly distributed random numbers on the unit interval,
dio is the interocular distance and k is a scalar in [0; 1] .

Three measures are computed on the estimated parameters. The first one is
Eproj , which is the mean of reprojection error between 2D feature points U′

and the projected 3D models vertices U related to the interocular distance of a
projected non-oriented face:

Eproj =
1

Ndio
‖U′ − U‖ (8)

.
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Let X be the model adjusted by synthetic shape parameters and X′ the de-
formed model by our estimated shape parameters. We define E3d as the mean
distance between 3D vertices of these two meshes. It is expressed in percent of
the 3D interocular distance of the rigid model. This measure is a better repre-
sentation of the distance between two sets of shape parameters but it can only
be measured on synthetic data.

E3d =
1

Ndio3d
‖X′ − X‖ (9)

A third measure is used to estimate the pose accuracy. Let R1 and R2 be the
two rotations applied on orthonormal basis (i, j, k). (i1, j1, k1) and (i2, j2, k2)
are the two resulting basis. The distance Eangle between two rotation matrices
is given by:

Eangle =
1
3

((i1, i2) + (j1, j2) + (k1, k2)) (10)

Experiments are repeated 100 times and errorbars denote the 95 percent con-
fidence interval. Figures below summarize average results and the corresponding
standard deviation. Results are always compared to the ones obtained with only
the rigid part of the model.
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Fig. 2. Sensitivity of shape and pose estimation to the amount of noise k (a) and points
(b). In each graph, the solid curve depicts performance for our method and the dashed
curve depicts performance for the rigid shape.
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Sensitivity to noise. First of all, noise sensitivity is analyzed by varying
according to the k factor of equation 7. For a face which is 250 pixels wide, a k
equal to 0.2 represents a variation of 15 pixels mean and 30 pixels max. Figure 2
summerized results obtained for the 3 errors defined in section 3.1.

It is noteworthy that projection error optimization improves significantly both
E3d and Eangle, which means that we have converged toward a better estimation
of the shape and the orientation of the face. Indeed, in the absence of noise on
data, E3d is divided by 6 compared to mean shape and by 1.5 for k = 0.5. It is
the same for pose. The error ranged from 1.2◦ to 4.9◦ with the optimized model
and from 4.3◦ to 5.8◦ with the rigid model.

Sensitivity to number of points. Our algorithm is tested for the 6 sets of
points and for k = 0.2. The first set is made with 15 points around mouth, nose
and eyes. Projection error is improved but there is no consequences on shape
and pose estimation (more than 13◦ of error). Improvement is significant if 21
points (6 extra points around the face) are taken into account. With 64 points,
E3d is 60 percent better than rigid model. Pose has 2.7◦ of error. Beyond this
number, results are not improved.

3.2 On Real Data

We have also tested our method on face pointing 04 database [10]. Further dif-
ficulties have arisen because: (1) 2D features points are not always semantically
well located, (2) there is not necessarily a solution in the plausible shape space,
and (3) camera parameters are often unknown.

Texture transfer. The first test is primarily a visual one. Shape parameters
and texture are extracted from an image of frontal face. Model is then overlaid
on an image of the same person with a different head orientation (figure 3). A
resemblance between real and synthetic images is expected if shape and pose are
correctly recovered.

Fig. 3. Top images are models rendered overlaid on image of the same person with
different head orientations. Bottom images are the corresponding real frames.
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Fig. 4. Faces used for stability of morphological parameters measurement

Table 1. Shape error between each faces of figure 4

v1 v2 v3 v4 v5 v6
v1 0 1.9 2.5 4.7 7.2 11.7
v2 1.9 0 3.4 3.9 5.3 11.0
v3 2.5 3.4 0 5.6 7.8 11.8
v4 4.7 3.9 5.6 0 5.3 9.9
v5 7.2 5.3 7.8 5.3 0 13.3
v6 11.7 11.0 11.8 9.9 13.3 0

Stability of morphological parameters. A second analysis tests the stabil-
ity of the model parameters estimation. In CANDIDE-3 model, some parameters
correspond to morphological features [1]. They can be different between two peo-
ple but they must remain constant for the same person. Morphological properties
are compared using equation 9. Faces v1, v2, v3 and v4 correspond to faces of
the same person in different orientations. v5 and v6 are two different faces (cf.
figure 4).

The shape errors E3d (cf. equation 9) between each couple of faces are reported
in table 1.

With this test, the shape error should be low for face of a same person and
large for two different individuals. The average error for the same person (v1,
v2, v3 and v4) is 3.7%. The mean error is 6.4% if we compare shape parameters
of a man and a woman, and 11.1% between an adult and a baby. It is also
noticeable that shape error increases between two faces far from the frontal
view. For instance, v4 face has a mean shape of 4.7% with v1, v2 & v3 and
the maximum error arises between the two more turned faces. This result was
mostly due to: (1) points are more easily located on frontal view (no self-occluded
points for instance), and (2) some parameters estimation depends on face pose.
For example, it is very difficult to estimate the nose depth in a frontal view.

4 Conclusion

In this work, we have proposed a new fast and robust technique to recover shape
and pose parameters of a non-rigid 3D model. To achieve this goal, we have
used a set of feature points from a single image. We compute pose and shape
separetely. Fisrt, pose is roughly estimated by using POSIT algorithm with a
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rigid model. The next step determines shape parameters solving a weighted least
squares problem. Pose is re-estimated with the new shape. These two steps are
repeated until no improvement is detected. We presented experimental results
that show how our method improves pose determination using rigid model. Ex-
tensive experiments using synthetic data showed that the method is robust with
respect to noise .
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Linköping University (2001)

2. Tomasi, C., Kanade, T.: Shape and Motion from Image Streams under Orthogra-
phy: a Factorization Method. J. Comp. Vis. 9, 137–154 (1992)

3. Bregler, C., Hertzmann, A., Biermann, H.: Recovering non-Rigid 3d Shape from
Image Streams. Technical report, New York University (1999)

4. Bue, A.D., Smeraldi, F., Agapito, L.: Non-Rigid Structure from Motion using non-
Parametric Tracking and Non-Linear Optimization. In: Conference on Computer
Vision and Pattern Recognition Workshop (2004)

5. Koo, H.S., Lam, K.M.: Recovering the 3d Shape and Poses of Face Images based
on the Similarity Transform. J. Pat. Reco. Lett. 29, 712–723 (2008)

6. Chaumont, M., Beaumesnil, B.: Robust and Real-Time 3d-Face Model Extraction.
In: IEEE International Conference on Image Processing, pp. 461–464 (2005)

7. Cootes, T.F., Taylor, C.J., Cooper, D.H., Graham, J.: Active Shape Models. Their
Training and Application. J. Comp. Vis. and Im. Under. 61, 38–59 (1995)

8. Dementhon, D.F., Davis, L.S.: Model-Based Object Pose in 25 Lines of Code. J.
Comp. Vis. 15, 123–141 (1995)

9. Cheong, L.F., Peh, C.H.: Depth Distortion under Calibration Uncertainty. J.
Comp. Vis. and Im. Under. 93, 221–244 (2004)

10. Gourier, N., Hall, D., Crowley, J.L.: Estimating Face Orientation From Robust De-
tection of Salient Facial features. In: International Workshop on Visual Observation
of Deictic Gestures (2004)


	Recursive Shape and Pose Determination Using Deformable Model
	Introduction
	Recursive Shape and Pose Determination
	Model Description
	General Principle
	Model Pose Estimation
	Shape Parameter Estimation

	Experiments
	On Synthetic Data
	Sensitivity to noise. 
	Sensitivity to number of points. 

	On Real Data
	Texture transfer. 
	Stability of morphological parameters. 


	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.01667
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 2.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /DEU ()
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.000 842.000]
>> setpagedevice




