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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 = I +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 I.

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.
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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.
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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.


