Development of an Artificial Neural Network tor Semantic Segmentation of Nuclei
and Mitochondria in Transmission Electron Microscopy and Serial Block Face

Scanning Electron Microscopy Images
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INTRODUCTION three parts are built with residual units. The encoding path
has three residual units. In each unit, instead of using
The field of 'Volume Electron Microscopy’ (VEM), a pooling operation to down-sample the feature map size, a RESULTS
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Blockface SEM (sbfSEM) and Focused lon Beam SEM hand-drawn segmentation mask. Training required the
(fibSEM). In these two methods sections are repeatedly refinement of 75,528,113 parameters, and was carried out
removed and discarded from a block of specimen surface for 60 epochs, each epoch representing the optimization of
inside the electron microscope, either via a diamond knife network parameters using 30 minibatches of 5 images
(SbfSEM) or via a focused ion beam (fibSEM). For example, each.
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1. Image pre-processing E | i T | network architecture as well as the efficiency and quickness
Nuclear masks in 21 TEM images of rat liver cells were i E with which the network was able to identify nuclei and
drawn manually using Matlab /mage Segmenter (below). 1 mitochondria. The development of this tool can prove to be

Paired images and masks were then split into a training set Riaiieieteleelleieieeleeieleiuietuieiietieieletelnieiutuininte === | extremely valuable for the reconstruction of 3D models of
of 15 pairs and a validation set of 4 pairs . cells. It is much more efficient than current methods of

identification and reconstruction and just as accurate,

| . Bridge giving pathologists and physiologists an asset that makes
o their work considerably easier.
G BRI As the loss function (the difference between the CONCLUSION

predicted and hand-drawn mask), a combination of the
cross entropy loss and of the Dice coefficient was used.
The dice coefficient has been shown to increase

performance over just the cross entropy loss. The Dice
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The goal of this study was to design and train an Artificial
Neural Network capable of identifying the nuclear envelope
S B @ in TEM/SEM images of mammalian cells, for the purpose of
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coefficient can be generalized to binary masks by the
summation of the probabilities in the denominator as
shown on the side:

reconstructing the 3D structure of nuclei from serial
sections. | have accomplished my goal by developing a
Residual-U-Network that, upon training, identified correctly
%Y | the nuclear envelope in TEM images that had not been

e momomom e o momomom e owowow o previously exposed to the network.

Manually drawn nuclear masks are show next to 6 different TEM images of rat liver cells.
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