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Fig. 13. As the algorithm advances, more sections are being replaced with the modified metric so geodesics are encouraged

to go through the already computed surface points.

B. The image derived metric

The image derived metric g highlights specific features of interest, e.g. edges, depending on
the particular application. Its design process requires choosing the particular shape of the g
function and usually the selection of a scale parameter. For the case at hand, and considering
the robustness of the algorithm we have developed as described above, we simply use g = [ +w
since the envelope of features to be segmented is stained more darkly than the background,
see Figure 1. Therefore, the raw volumetric data can drive the segmentation algorithm directly
and the minimal surface will be attracted towards the dark boundaries. Given the complexity of
the images (noise level, proximity of features, missing boundaries, background clutter, fiducial
markers, etc.), we found that any kind of regularization or selection of scale parameter will
inevitably hinder the subsequent segmentation. This is in contrast with the metric we used
in [23] that can enhance the boundaries of interest, but requires computation of derivatives
on a regularized version of the image. Again, given the noisy nature of the images, we have
found that any amount of regularization may discard valuable boundary information, e.g. causing
neighboring boundaries to merge, weak boundaries to disappear, and other common problems
of this type. The segmentation technique we reported in [23] required the use of the more
sophisticated image metric referred above. Now, because of the improved robustness of the one
presented here we can use the raw image directly and get the best possible (unbiased) localization

of boundaries.
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IV. 3D TOMOGRAM SEGMENTATION RESULTS

Full tomograms are processed by first manually selecting the interior points at individual
features, and then automatically segmenting each structure using the technique described above.
The 16-bit volumetric data of a single tomogram has a horizontal resolution of 2048x2048 pixels
in 120 vertical slices (requiring about a gigabyte of storage only for the raw data), and each
tomogram contains more than a hundred individual vesicular features. The segmentation for each
3D structure is run independently and in a serial fashion. The running time for each of them is
less than 20 seconds in a 1.2 Mhz laptop computer. The processing of the whole volume can well
be parallelized to significantly reduce the computation time when processing full tomograms. As
an optional refinement step, we can use the surface estimate as initial condition for the gradient
descent Equation (2) and usually very few iterations are required to achieve convergence. For

all the examples in this paper only two iterations were needed.

A. Results

In Figure 14 we show surface contours on top of slices of unprocessed tomogram for a
representative feature of interest. The segmented surface shows an excellent fit to the boundaries
of the vesicular features. Several other examples are show in Figure 15.

We also show that the segmentation algorithm can be used to classify the volumes in terms of
the mean internal density, we show classified 3D reconstructions in Figure 16 and results for full
tomograms in Figure 17. Regions are automatically classified (red and green) based on differing
internal average grey values, which presumably represent different stages of virus assembly.

Once all relevant structures are segmented, we can also perform some simple statistical analysis
on the results. As each volume is obtained as an implicit function, geometry computations (e.g.
size, average gray value, shape, etc.) are easily obtained. In Figure 18 we show histograms of the
average gray level (density) distributions inside the selected volumes in two different tomograms.
Note that we can clearly classify structures into two groups: the ones with the filled interior and
the empty ones. Furthermore, looking at the spatial distribution of gray values inside each of
them, more sophisticated criteria can be devised to classify in the different types presented in
Section 1.

Figure 18 also shows the size distribution of the segmented vesicles within each tomogram.

Note that as overall thickness of the tomogram is under 150 nm, and the virion/vesicular entities
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are ~100 nm wide, only a few objects are captured completely inside the volume. Acquisition of
serial tomograms from successive sections that are stitched together computationally should allow
analysis of larger volumes, therefore providing even more reliable statistics on the segmented

volumes.

V. DISCUSSION

In this paper we have reported a new algorithm specifically designed for the semi-automated
segmentation of critical features in cellular tomograms obtained by electron microscopy. This
work then addresses the fundamental challenge of translating the high volume of image infor-
mation contained in 3D tomograms into useful quantitative terms.

Three-dimensional reconstructions show the robustness of the technique to the various artifacts
characteristic of electron microscopy images, and are in clear agreement with features in the
volumetric image data. The results we show cannot be obtained with existing techniques that
are either poorly localized or fail to recover the correct minima of the energy.

Although the detection of interior points can be done automatically (e.g., from singularities
of the distance function to robust edges [24]), the structure of the tomograms is so complex
(membranes merged together, boundaries with large gaps, presence of secondary structural
elements, etc.), that it will require intensive post-processing to eliminate irrelevant objects that are
not meaningful for the subsequent analysis. Results in this direction will be reported elsewhere.
We should also note that at the present stage of the investigation, our goal is to select as many
features as possible in order to minimize user bias in particle selection. The segmentation result
is fairly independent of the specific position of the interior point as long as it is inside the feature
of interest. The degree of robustness depends largely on the strength of image boundaries, and
weaker edges will exhibit more variability as the minima of the energy will not be as strong.

We also demonstrate that our methods are applicable for the quantitative analysis of subcellular
features in HIV-infected macrophages. We are currently acquiring new data to study statistical
aspects of viral progression at different stages of infection. In addition to simple statistics such as
average gray value (representing the density inside the region) and volume, we plan to carry out
shape analysis and classification of the segmented regions using novel computational approaches

for shape statistics being developed in the computer vision literature.



21

ACKNOWLEDGMENT

We thank Drs. Sharon Wahl and J. Orenstein for providing sections from HIV-infected macrophages,
and Jonathan Lefman and Stanton Lee for assistance with the tomography. This work is partially
supported by the Office of Naval Research, the National Science Foundation, the National

Institutes of Health, and the National Geospatial-Intelligence Agency.

REFERENCES

[1] S. Subramaniam and J. L. S. Milne, “Three-dimensional electron microscopy at molecular resolution,” Ann. Rev. Biophys.
and Biomol. Struct., vol. 33, June 2004, in press.
[2] J. R. Kremer, D. N. Mastronarde, and J. R. McIntosh, “Computer visualization of three-dimensional image data using
IMOD,” Journal Of Structural Biology, , no. 116, pp. 71-76, 1996.
[3] G. Sapiro, Geometric Partial Differential Equations and Image Processing, Cambridge University Press, New York, 2001.
[4] S. Osher and J. A. Sethian, “Fronts propagating with curvature-dependent speed: Algorithms based on hamilton-jacobi
formulations,” Journal of Computational Physics, vol. 79, pp. 12-49, 1988.
[5] L. D. Cohen, “On active contour models and balloons,” Computer Vision, Graphics and Image Processing., vol. 53, no.
2, pp. 211-218, 1991.
[6] K. Siddiqi, Y.B. Lauziere, A. Tannenbaum, and S.W. Zucker, “Area and length minimizing flows for shape segmentation,”
IEEE Transactions on Image Processing, vol. 7, no. 3, pp. 433—443, March 1998.
[7] C. Xu and J.L. Prince, “Gradient vector flow: A new external force for snakes,” Proc. IEEE Conf. on Comp. Vis. Patt.
Recog. (CVPR), vol. Los Alamitos: Comp. Soc. Press, pp. 66-71, June 1997.
[8] Y. Boykov and V. Kolmogorov, “Computing geodesics and minimal surfaces via graph cuts,” in International Conference
On Computer Vision, Nice, France, October 2003.
[9] L. D. Cohen and R. Kimmel, “Global minimum for active contour models: A minimal path approach,” IJCV, vol. 24, no.
1, pp. 57-78, August 1997.
[10] J. A. Sethian, “A fast marching level set method for monotonically advancing fronts,” Proc. Nat. Acad. Sci., vol. 93, no.
4, pp. 1591-1595, 1996.
[11] J. N. Tsitsiklis, “Efficient algorithms for globally optimal trajectories,” IEEE Transactions on Automatic Control, , no. 40,
pp. 1528-1538, 1995.
[12] J. Helmsen, E. G. Puckett, P. Colella, and M. Dorr, “Two new methods for simulating photolithography development in
three dimensions,” SPIE Optical/Laser Microlithography IX, , no. 2726, pp. 253-261, 1996.
[13] B. Appleton and H. Talbot, “Globally optimal geodesic active contours,” Journal of Mathematical Imaging and Vision,
submitted, 2002.
[14] C. Sun and S. Pallottino, “Circular shortest path in images,” Pattern Recognition, vol. 36, no. 3, pp. 711-721, March
2003.
[15] B. Appleton and C. Sun, “Circular shortest paths by branch and bound,” Pattern Recognition, vol. 36, no. 11, pp.
2513-2520, November 2003.
[16] Dirk Farin, Magnus Pfeffer, Peter H. N. de With, and Wolfgang Effelsberg, “Corrisor scissors: A semi-automatic
segmentation tool employing minimum-cost circular paths,” in International Conference on Image Processing (ICIP),

2004.



(7]

(18]

(19]

(20]

(21]

(22]

(23]

[24]

22

Q. Lin, Enhancement, Extraction, and Visualization of 3D Volume Data, Dissertations no. 824, isbn 91-7373-657-0,
Linkping University, Sweden, 2002.

B. P. Burton, Automated 3D Reconstruction Of Neuronal Structures From Serial Sections, Ph.D. thesis, Texas University,
1999.

A. Branzan-Albu, J. M. Schwartz, D. Laurendeau, and C. Moisan, “Integrating geometric and biomechanical models of
a liver tumour for cryosurgery simulation,” in IS4TM : International Symposium on Surgery Simulation and Soft Tissue
Modelling, Juan-Les-Pins, France, June 12-13 2003.

G. M. Treece, R. W. Prager, A. H. Gee, and L. Berman, “Surface interpolation from sparse cross-sections using region
correspondence,” Transactions on Medical Imaging, vol. 19, no. 11, pp. 1106—-1114, November 2000.

C. Sun, “Fast stereo matching using rectangular subregioning and 3D maximum-surface techniques,” International Journal
on Computer Vision, vol. 47, no. 1/2/3, pp. 99-117, May 2002.

R. Ardon and L. D. Cohen, “Fast constrained surface extraction by minimal paths,” in 2nd IEEE Workshop on Variational,
Geometric and Level Set Methods in Computer Vision, Olivier Faugeras and Nikos Paragios, Eds., Acropolis, Nice, France,
October 2003, pp. 233-240.

A. Bartesaghi, G. Sapiro, S. Lee, J. Lefman, S. Wahl, J. Orenstein, and S. Subramaniam, “A new approach for
3d segmentation of cellular tomograms obtained using three-dimensional electron microscopy,” in IEEE International
Symposium on Biomedical Imaging, Special Session on PDEs in biomedical image analysis, April 2004.

Z. Yu and C. Bajaj, “Picking circular and rectangular particles based on geometric feature detection in electron

micrographs,” Journal of Structural Biology, vol. 145, no. 1-2, pp. 168-180, January 2004.



23

Fig. 14. Top: Raw image slices and the corresponding surface contours. Note how even the weakest boundaries are nicely

captured by the algorithm. Bottom: Three-dimensional view of the extracted 3D surface.



Fig. 15.

Additional examples of 3D segmented vesicular structures.
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Fig. 16. Two density classes are shown (red and green) automatically classified according to the average gray level inside the

volumes.
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Fig. 17. Classification results for full tomograms. Each tomogram contains more than a hundred individual features that
can be automatically classified once the segmentation is available. We show 2D slices of two different tomograms with the

corresponding surface contours.
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Fig. 18. Top: Distribution of average gray levels inside segmented regions in two different tomograms from different regions
of the infected cell. Bottom: Distribution of size in segmented volumes within a tomogram, normalized with reference to the

largest volume in the set.



