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This poster describes a new approach to automatically compute a segmentation of 3D electron microscopic image data of nervous tissue.

Introduction

Segmentation Algorithm

Serial Block-Face Scanning Electron Microscopy (SBFSEM):

* An automatized microtome removes slices from
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[Denk and Horstmann, 2004]

» After each cut, the surface of the block is scanned
using surface scanning electron microscopy (SEM) PR

block

Advantages: o

« Automatic and fast acquisition of 3D tissue volumes at EM resolution
* Images in almost perfect alignment, no distortions

Disadvantages:
» Low contrast in images, high amount of noise
» Segmentation of neurons by hand is not feasible [Briggman and Denk, 2006]

— SBFSEM is a promising tool for the reconstruction of neurons and neural circuits,
but algorithms for automatic segmentation of cells in the tissue data are needed

Previous approaches for SBFSEM segmentation:

 [Jurrus etal.,2006] and [Macke et al., 2007]: Semi-supervised contour propagation
through the image stack; Uses contour found in one slice for the next (each slice
processed separately)

* [Jain et al., 2007]: Supervised learning of segmentation using Markov random
fields, conditional random fields, and convolutional networks; uses local areas in
the 3D data block, up to 25x25x25 voxels; computationally expensive

Our approach:

« We need to know for segmentation: Which voxels belong to the same neuron?
« Compute connectedness probabilities first
» Derive connectedness from edge probabilities

» Probabilistic framework: Compute probabilities for edges in voxels, given the image

» Compute edge probability for each voxel from templates matched to local 3D
surround

» Generate set of templates with defined edges (ground truth) automatically

» Pre-process data by using K-Means clustering of local 4x4x4 voxel cubes

STEP 1: Compute set of K-Means patterns and associated edge probabilities

Original SBFSEM
3D image data

Extract overlapping voxel cubes
of 4x4x4 voxels each

Compute 3D FFT
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We are interested in local features K-Means-clustering:
Extract information

and remove noise

K-Means clustering r = Al =
(done in Fourier space) !____
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Generate groundtruth
patterns: edges in 3D with
different orientations
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Groundtruth specifies what we expect to find

to K-Means to compute
edge probabilities

Give meaning to the patches (where are edge voxels?)

STEP 2: Use K-Means/edge probability patterns to
compute edge probability map for tissue volume

* For each voxel, combine edge probability predictions
from all 4x4x4 overlapping voxel cubes
 Probabilistic inference problem:
[P(edge|v1), P(edge|v2),...] — P(edge|vi,v2,..)
 Arithmetic mean, fit-weighted arithmetic mean,
Bayesian combination, ...

STEP 3:Fill connected areas within the edge probability map

Watershed algorithm (flood fill) in 3D:

» First, fill all voxels with edge probability above a threshold as ‘edge’

* Repeat: place seed at unfilled voxel which is most unlikely an edge and fill

Optional edge probability propagation:

» Connectedness approximated by integrating edge probability on the path
from the seed point; stop if threshold reached

L PELE s T - Ty A i "l e
'l'll'-i'#.li:-"':""":--'.r-'!'l-_l_ L ..___._
¥ & S, e L 555

Original image K-Means filtere

Advantages of this approach:

» Fast: K-Means and associated groundtruth can be precomputed and stored, and assigned to new data sets
» Simple to use: Extensive hand-labeling of images by experts to generate training data is not necessary
* Probabilistic framework allows to approximate the actual edge probabilities for optimal segmentation

Current limitations:

 Detection of edges still not robust enough; a single hole in a cell border can cause spillover of the watershed algorithm
— Use downscaled images to capture blurry edges (blocks larger than 4x4x4 would contain features of high complexity)
— Use edge continuity: for example by clustering local patterns of K-Means ("secondary K-Means”)

— Use more complex patterns, for example T-junctions; maybe use parametric groundtruth patterns fitted to K-Means
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