
Cell and Nuclear Shapes! Low Dimensional Shape Space! Synthetic Shapes!

Let	  I1	  and	  I2	  be	  our	  binary	  images	  
	  
	  
	  
	  
	  
The	  goal	   is	   to	   7ind	  a	  mapping	   from	  I1	   to	   I2	  which	  minimizes	  the	  
following	  distance,	  
	  
	  
	  
Where	  L	  is	  a	  linear	  operator,	  and	  W	  is	  a	  function.	  
	   The	   7irst	   step	   in	   our	   approach	   is	   to	   7ind	   a	   smooth	   initial	  

mapping	   [f0,g0]	   to	   start	   the	   optimization	   on	   the	   distance.	   We	  
have	   designed	   a	   fast	   algorithm	  which	   gives	   us	   a	   reliable	   initial	  
map,	  
	  
	  
	  
	  
	  
	  
where	   all	   the	   mappings	   to	   and	   from	   the	   convex	   hulls	   are	  
calculated	   based	   on	   a	   multiscale	   gradient	   descent	   method.	   In	  
order	  to	  assure	  getting	  smooth	  mappings,	   f	  and	  g	  are	  expanded	  
via	  smooth	  kernel	  functions,	  φ(x,	  y),	  as	  follows,	  
	  
	  
	  
	  
The	   optimal	  map	   at	   each	   step	   is	   then	   obtained	   by	   updating	   Cu	  
and	  Cv.	  
	  
Following	   7igures	   show	   the	   results	   of	   applying	   the	   developed	  
code	  to	  a	  pair	  of	  binary	  cell	  shapes:	  
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CellOrganizer: Image Derived Models for Cellular Organization	


Motivation 
There exists a need for computational models that accurately 
represent the number, size, shape, and positions of subcellular 
structures, the spatial relationships between different structures, and 
how proteins are distributed between them. 

Spatially Realistic Biochemical 
modeling via CellBlender 
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The CellOrganizer system carries out two main tasks, (1) learning 
generative models from images and (2) synthesizing new instances 
of images from learned models. Current components of 
CellOrganizer can learn models of cell shape, nuclear shape, 
chromatin texture, vesicular organelle size, shape and position, and 
microtubule linearity and distribution. This generative modeling 
framework allows models learned from separate experiments to be 
combined into one synthetic cell instance that can be used to 
construct spatially realistic simulations to better understanding of 
cellular mechanisms. 

Shape Space Training 
Cells maintain and evolve through specific shapes depending on 
cell type, as well as response to disease, drug treatment, or other 
perturbation. We compute a complete distance matrix M of a set of 
cellular shape images. We then project this distance representation 
into a lower dimensional embedding, preserving the distances 
between all shapes. This “shape space” can then be used to register 
shapes and new cell instances can be generated by interpolating 
between observed shapes.  
 
Considering computing a complete distance matrix is 
computationally expensive, we can reconstruct missing entries 
with a low-rank optimization method.  

  
 
 
 

To simulate chemical reactions in discrete components of the cell, it is 
desirable to model vesicular components, such as lysosomes and 
endosomes, in such a way that they form non-intersecting regions that 
lie entirely within the cellular or nuclear boundaries.   
 
Here we adopt a greedy approach, to object placement. Objects 
placements are chosen from the probability density map (PDM) for 
vesicular object localization. Once an object is placed its volume is 
removed from the PDM. This process is repeated for all objects until the 
desired number of objects are synthesized. 

To allow for the most efficient use of computational resources, 
CellOrganizer has adopted a platform agnostic parallelization schema that 
allows for asynchronous computation of per-cell parameterizations, and 
shape space distance computations. 
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One application for the the resulting manifold cell and vesicular meshes is 
the simulation of biochemical systems. To communicate these model 
instances we utilize SBML-Spatial. These instances can then be imported 
to CellBlender and used to simulate biochemical agent based models 
using spatially realistic geometries. One such system below shows an 
endosome containing Na+/K+ and proton pumps to model the acidification 
of early endosomes.  
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