
Non-Rigid Structure from Motion (NR-SFM): given corresponding 2D points in multiple images of a non-rigid object,

the goal is to recover the object’s 3D shape and pose in each image.

Standard factorization approach: deformation of all object points is modeled with the same number of parameters.

Often, some 3D points are modeled with too many degrees-of-freedom, yielding spurious shape deformations.

Complementary Rank-3 Spaces: we propose new constraints on the magnitude of the recovered modes of shape

deformation. We also represent smooth deformation compactly in the domain of the Discrete Cosine Transform.

1. Overview

Non-Rigid Structure from Motion with Complementary Rank-3 Spaces
Paulo F. U. Gotardo, Aleix M. Martinez  – www.ece.osu.edu/~{gotardop,aleix}

Input matrix: each column of represents the trajectory of a 2D point (xt,j,yt,j) over images t {1, ... , T}.

Standard factorization approach: decompose W into a product of low-rank matrix factors,

 matrix D and vector t have the rotation and translation parameters of orthographic projections (cameras).

 the K basis shapes (k = 1, ..., K) define a linear shape space.

 the 3D shape observed in image t is a K-dimensional point (the tth row of C) in this shape space (Fig. 1).

2. The Shape Trajectory Approach
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Figure 1. Linear shape space for a swimming

shark model. For each image, the observed 3D

shape is a point in this space.
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Table 1. Average 3D reconstruction error of NR-SFM

algorithms on complete datasets.

Figure 5. Result of CSF2 on a video sequence of an 

American Sign Language sentence: (left) five out of 

114 images with annotated points (11.5% occlusion); 

(middle, right) two views of the recovered 3D shapes.

Figure 4. Result of CSF2 on the challenging “walking” sequence of Torresani et al. (PAMI 2008). Reconstructed 

3D shapes (blue circles) are shown against the original 3D data (dark dots) of 12 out of 260 frames.

General Approach

 assume W is complete (occlusion is considered below).

 normalize W to zero-mean columns and remove t from the model.

 consider factor S impliclitly, as a function of M and W,

(two methods for representing S are discussed below):

 compute a solution M (i.e., D, X) that minimizes the reprojection error:

 coarse-to-fine optimization: over-smoothed initialization X0,

– the final solution of the PTA model (Akhter et al., NIPS 2008).

– our model generalizes PTA, which is used to estimate D.

– then refine X using a Gauss-Newton method.

CSF1 Method: The Standard Representation,

 the (unbiased) least squares estimate of each column, .

 each 3D point has a deformation basis with 3K degrees-of-freedom (d.o.f.):

 some points are modeled with too many d.o.f. (Fig. 2).

 extra d.o.f. introduce large, spurious shape deformations.

Figure 2. Motion capture 

data of a walking person.
CSF2 Method: Complementary Rank-3 Spaces

 consider column triplets (rank-3 spaces) of ,

 then

 constrains the energy of each column of as k increases.

 basis shapes are PCA-like deformations of decreasing magnitude (Fig. 3).

NR-SFM with Occlusion (Missing Data)

 assume camera motion is also smooth over time (i.e., monocular video).

 reconstruct complete and smooth 2D point trajectories in the columns of W,

– each vector wj has the available entries in the jth column of W.

– Mj has the corresponding rows of M.
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Figure 3. Complementary modes 

of deformation                  over 

main shape      of walking person.   
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Quantitative Evaluation

 on motion capture and artificial 3D datasets:

 CSF1 and CSF2 compared to state-of-the-art methods

– Table 1 shows results for the best K {2, 3, ... , 13}
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Our shape trajectory approach:

 object deforms gradualy along the image sequence.

 object is a single K-dimensional point in shape space,

 moves (deforms) along a smooth time-trajectory.

DCT-based model: compact representation

 truncated Discrete Cosine Transform matrix,

d low-frequency 

basis vectors

Number of Unknowns:

deformation modes with 

decreasing energy
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