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Tensor Approximation (Higher-order PCA)

Selected Publications
[1] ! Suter, Iglesias Guitian, Marton,  Agus, Elsener,  Zollikofer, Gopi, Gobbetti,  Pajarola. Interactive Multiscale Tensor Reconstruction for Multiresolution Volume Visualization,  IEEE Transactions on 

Visualization and Computer Graphics, Dec 2011.
[2] ! Papageorgopoulou, Suter, Ruhli, Siegmund. Harris Lines Revisited: Prevalence, Co-Morbidities and Possible Aetiologies, American Journal of Human Biology, May 2011.
[3] ! Suter, Zollikofer, Pajarola, Application of Tensor Approximation to Multiscale Volume Feature Representations, Vision, Modeling and Visualization, Nov 2010.
[4] ! Suter, Harders, Papageorgopoulou, Kuhn, Szekely, and Ruhli, Technical Note: Standardized and Semiautomated Harris Lines Detection, American Journal of Physical Anthropology, Nov 2008.
[5] ! Zollikofer, Suter, Hartmann, and Ponce de Leon, Vom Moor in den Computer, Antike Welt - Zeitschrift für Archäologie und Kulturgeschichte, 2005.

CT Segmentation, Surface Extraction, 
and Surface Morphing of a Bogbody

www.virtuellemoorleiche.com

   
Biological Stress Marker Detection in X-Ray Images

www.harrislinestool.com

S.K. Suter & C.P.E. Zollikofer & R. Pajarola / Application of Tensor Approximation to Multiscale Volume Feature Representations

(a) Rank-(128,128,128) TA (b) Rank-(64,64,64) TA (c) Rank-(32,32,32) TA (d) Rank-(16,16,16) TA

(e) 2’195’456 WCs (f) 311’296 WCs (g) 57’344WCs (h) 16’384 WCs

Figure 6: Periodic microstructures in tooth enamel (2563, 16bit voxel depth, 0.75 microns per voxel). (a-d) Feature visualization
using different rank-(R1,R2,R3) TAs. Showing on the front side, horizontal growth prisms oriented left-to-right and diagonal
Retzius lines oriented bottom-left to top-right. (e-n) Reconstructions from corresponding numbers of biorthogonal 9/7 WCs.

but at lower spatial resolution (Figures 7(c) and 7(e)). For
pure visual approximation of objects, e.g. viewed from far,
WT may be the optimal choice, but for structural analysis of
features at different scales the TA may offer the better scale
selectivity.

5.3. Rate-Distortion

Above we have presented a qualitative evaluation of the
feature-preserving reconstruction performance of TA in
comparison to state-of-the-art WT based approaches. In ad-
dition to the visual assessment of feature-expressiveness, a
quantitative numerical approximation analysis is required to
fully establish the capability and potential of the proposed
TA based feature extraction and visualization framework.
Our numerical evaluation analyzes the performance of TA
versus WT in terms of its rate-distortion (Figure 8). As ex-
plained in Section 5.1, we measure the one-sided RMSE E
over all voxels in the intensity ranges indicating the selected
features, and put E in relation to the number of (non-zero)
coefficients NNC used for different approximation levels.

As can be seen in Figure 8, for the Bonsai tree and the
2563 mictrostructure volume, the rate-distortion curves of
TA and WT are close, with a slight advantage for the WT.
On the other hand, for the 643 microstructure volumes, the
TA maintains a better rate-distortion in particular at lower
reconstruction scales. Hence TA is as good in least-squares
data approximation as WT.

6. Discussion and Conclusion

In [WWS∗05, WXC∗08], it has been shown that TA could
generate higher quality images at larger data reduction ra-
tios than WT or PCA. In our work, we went one step further
and we have shown that the mathematical framework of TA
permits to highlight features, which were difficult to see in
the original data set (Figures 6(b) and 6(c)). This is in partic-
ular applicable for features at multiple scales, which can be
brought out with TA at corresponding approximation levels
(Figure 6). Notably at low-ranks, i.e., at high data reduction
ratios, TA showed higher quality reconstructions of internal
structures compared to WT.

While WT showed reconstructions with a closer visual
resemblance to the overall original appearance, TA identi-
fies specific structural features at different scales (e.g., Fig-
ures 6(b) or 6(d)). Wavelets focus on optimal data reduction
over the complete volume. That is, WT is beneficial when
the overall statistical distribution of the data set is intended
to be reconstructed with a coarser resolution (Figure 7(e)).
In contrast, we follow an approach that extracts specific fea-
tures based on statistical properties like the major direction
or a periodicity. TA, similar to PCA, which extracts the ma-
jor direction of a data set, is more powerful regarding this
latter aspect since it finds appropriate bases for reconstruc-
tion rather than assuming fixed basis functions as the WT.
An approach like TA extracts components with more impor-
tance and neglects irrelevant areas within the data set. Hence
TA is in advantage when we want to analyze features, e.g.,

c� The Eurographics Association 2010.
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Interests for Future Research 
‣ Volume Visualization
‣ Medical Imaging Applications
‣ Sparse Data Representations
‣ Data Compression
‣ Encoding
‣ Approximation Quality Assessment
‣ GPU-based Implementations

namespace vmml
{
// tensor with three modes, containing a series I3 of I1 x I2 vmml matrices
//I1 is number of rows, I2 is number of columns and I3 is number of tubes

template< size_t I1, size_t I2, size_t I3, typename T = float >
class tensor3
{ ... }} 

Vmmlib - a Templatized C++ Vector and Matrix Math Library 
vmmlib.sf.net

  
Detection of Plant Roots in Images
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Multiresolution Direct Volume Rendering
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