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Many digital pathology workflows require the generation of large, multiresolution images for visualization or analysis. Increasing utilization of highly multiplexed imaging
Is also producing new multichannel data that is complex to process and store. This data can be massive; a processed 5 gigapixel image with numerous channel and
parameter variations can produce terrapixels worth of results. This motivated us to create a simple, yet flexible, Python API to write WSI and multi-dimension large
images. This open source library can store generated or modified imaging data into existing formats that can be directly and efficiently handled by existing tools. We
demonstrate this in exploring optimum parameters for several use cases

Parameter Sweep Example: Positive Pixel Count Efficient API for Writing Many-Dimension WSI

Writing large images is efficient and simple. The open source large _image library (see QR code)
makes this easy in Python:

import large_image

result = large image.new()

for nparray, X, y in fancy_algorithm():
result.addTile(nparray, x, y)

result.write('sample.tiff', lossy=False)

Multi-dimension data is just as clean, whether the dimensions are channels, z, time, or complex
parameter sweeps:
result = large image.new() @ Frame Selector A
wsi = large image.open('multi channel.tiff") —
for channel in range(wsi.frames): | Channel Compositing v
for paraml in parameter list: |Example 1 v|@_f
for tile in wsi.tileIterator(frame=channel, format='numpy'): e ‘5 | o—— =
data = my algorithm(tile[ "tile']) [ QR
result.addTile(data, tile['x'], tile['y'], c=frame, pl=paraml) ‘0.2 %l
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result.write('sample.zarr.zip', lossy=False)
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the sample, the parameter sweep also shows the miscalibration of the lighting in the original scan.
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added data volume, the smaller
deduplicated tiffs are both faster and
cheaper. If we need to run this
process on a lot of images, our budget

significantly. The processing method
only made a mild difference. If we
need to run this process on a lot of
images, the cheaper instances are

parallellizable; deduplicate tiff reduces
data volume at the expense of
computation.

Algorithms can run on the same machine or scale  Easily run an algorithm as a batch on any number of images. The

out to arbitrarily many worker nodes. same parameters can be applied in all cases. For algorithms that
take multiple inputs this can be processed as a matrix of values or a
parallel set of values.

sufficient. _ and time constraints will determine
Data was loaded and saved directly to

an S3 bucket.

which instances we prefer.

Superpixels and Masks Parameter Sweep Example: Segmentation
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e ... Many segmentation algorithms are optimized for
T specific images and structures, such as nuclei on

hematoxylin stained images. When using other

Image modalities, these segmentation methods

may not produce the desired results. A sweep of
Using our new API, this process becomes vastly easier and more parallelizable. Prior to this, the generation code had to do algorithm parameters can show if the algorithm
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To improve concordance between annotations, images can be divided into superpixels using standard algorithms like it
SLIC-0. Typically, these algorithms expect the entire image to fit in memory, which is unrealistic with many WSI. Rather, we AT, o5
can run superpixel algorithms on tiled subsets of the original image with overlapping regions between tiles. This requires
masking off edge superpixels, and providing a prefilled mask where adjacent superpixels were already located.
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° To better visualize the segmentations, colors can
S SRR be adjusted or the image itself can be adjusted to
L BN ¥ be dimmer or brighter.
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The examples shown are based on open source software by Kitware, Inc. Some of this work has been funded by Kitware provides advanced technical computing, state-of-the-art Al, and tailored software solutions to our customers.
National Library of Medicine grant RO1LM013523, “Cloud strategies for improving cost, scalability, and accessibility of The Data and Analytics depatment works in digital special collections, including HistomicsTK as a platform for
a machine learning system for pathology images” in collaboration with Northwestern University. Some of the data is histology visualization and analysis. Kitware partners with academic and commercial customers to optimize
also from an Alzheimer’s research project at Emory. The core software is HistomicsTK using the Digital Slide Archive workflows, develop new capabilities, and advance scientific research.

reference deployment. Most of the API shown for efficient image storage is part of the large_image python library.
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