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AlM Imaging modalities

Brain organoids are tissues cultured in-vitro from human stem XNH: 3D reconstructed volumes of unstained tissues by phase-
cells. They recreate a 3 dimensional structure of the brain. contrast tomography (Beamline ID16A)
increasing propagation distance z / decreasing Fresnel number F - Extracted from [5]

Organoids can be used in_ vario_us research areas such as: Voxel Size : 110x110x110 nm® i
neurodevelopmental studies, disease modeling or drug Exposure time :200ms ~— w-|
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K-Means Clustering [1] SAXS : 2D map of X-Ray scattering intensity (Beamline 1D13)
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Scanning the Sample in 2D (X,Y) Eixelsize : 100x100 nm

Field of View : 80x80 um®

Fenrs X Exposure time : 25 ms
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K- Means SAXS is valuable for

iInvestigating the size,
shape and arrangement
of component at the
nanoscale

Results : Manual Processing

Chan-Vese Segmentation [2]

Results : Supervised Methods

Cons - Pros - Parrallel Random Forest [3] Dataset
Not based on Al Low CPU/GPU Resource Demand Training data is labeled by hand. |
Very sensitive to image contrast  No need for up/down scaling The model computes weights of x> U e
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o - Majority voting
This process uses human input to Class 2
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We substract the references to

voting of all the trees in the forest
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