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Figure 1 PhytoOracle pipelines process raw 2D image and 3D point cloud data into numerical phenotypic trait data, r'esulting
in large, time-series phenomic data.

(The Wall Street Journal)

PhytoOracle was developed for processing data collected by the world's largest Amo o il 0

plant phenotyping platform, the Field Scanalyzer, which is located at the PhytoOracle leverages CCTools’ Makeflow and g —re f,/f#ff“‘f"’”"’fj -

University of Arizona's Maricopa Agricultural Center (pictured above). It is Workqueue frameworks to distribute processing tasks f > gm"

equipped with a diverse set of sensors able to capture a variety of phenotypic across thousands of workers on high performance %moo /’/ %1000
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genetic components associated with abiotic stress tolerance. Data extraction is efficient processing of various data types across ; 00 ;’ § i (L
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individual plants throughout the growing season, allowing for the precise times at a maximum of 1,024 workers (Fig. 2): ol O L
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30,000 plants per scan. This level of data capture requires distributed computing ® 13 minutes for 39,678 PSIl images (86.2 GB) Figure 2 Processing times for PSII, thermal, and RGB data. (A) Average tasks processed with increasing workers. (B) Total processing time in

minutes with increasing workers. Benchmark datasets for each sensor were processed over the following range of available workers: 1, 4, 8, 16,

to extract phenotypic trait data efficiently.
P ¥YP Y 32,64, 128, 256, 512, and 1024. Each configuration was run three times, for a total of 30 benchmark observations.
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