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Fig. 1) In situ images of chain aggregates observed during (a) the CapeExl19 Field Campaign and (b) the NASA Investigation of ' IMPACTS. Adapted from Lundstrom et al. 2025 (DOI.:
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Fig. 7) Temperature dependence of CNN-identified ice crystal chain aggregates during IMPACTS science-leg (on-station)
periods. Chain occurrence is aggregated within 2.5°C aircraft ambient temperature bins and normalized by along-track
distance (20 km). Error bars denote 1o Poisson counting uncertainty based on the total number of chain detections in each
bin, with exposure given by the summed distance across all included flights.

°Objective: Train a convolutional neural network (CNN) to
automatically detect chain aggregates from Cloud Particle Imager
(CPI) imagery and distinguish them from other ice habits (Fig. 2).
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® After distance normalization, chain aggregate occurrence reaches a maximum near
—30 °C (~19 chains per 20 km).
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®*This distribution may indicate two possible source regions for chain aggregates
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Fig. 2) A simple schematic of what we want the CNN to accomplish. CPI images are ingested into the trained CNN where the - -
chain aggregates are identified and segregated from the total CPI particle population. 1000

Conclusions & Future Work

*We have developed a CNN that can accurately detect chain aggregates
from 1n situ CPI imagery which can be used to map campaign-scale
detections.

*Future work will further interpret the spatio-temporal variability of
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Fig. 5) ResNet34 (Epoch 18) results on held out testing dataset represented in a

confusion matrix. Representative particle images outlined in the same colors are
_ shown below the confusion matrix for the corresponding categories.
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Data & Methods
*Compile CPI imagery from the NASA IMPACTS campaign (Fig. 3).

*Manually classity 56,191 1ce particles

(Dmax > 150 um) from multiple tlights |, umens. -~ 72 s chain-aggregate occurrence across IMPACTS flights by mapping their
for training. sl ‘. }/Elﬂﬁﬂ Tuble 2) ResNet34 (Epoch 18) resulis on held out testing dataset. distributions within storm life cycles and environmental context.
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