Using an evolutionary algorithm to optimize a building footprint detection deep learner's hyper-parameters
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e use a deep learner to identify building footprints from satellite imagery that inform

population models
e deep learners have associated hyper-parameters that influence their training

— which can have a pronounced effect on the quality of learned models
— there is little guidance for ideal hyper-parameter settings

e the state-of-the-art relies on uniform or random hyper-parameter sweeps to improve
model accuracy

We share the results of using an alternative approach to deep learner hyper-parameter
tuning that uses an evolutionary algorithm to improve the accuracy of our building
footprint detection models. We found that the kernel and batch sizes surprisingly differed
from what a brute force uniform grid approach discovered.
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Members of the ORNL Geographic Information Science and Technology group use deep-
learning to detect building footprints in satellite imagery. The buildings in this image
have been marked in purple based on applying a deep-learner model.
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e kernel sizes for all four Conv2D layers € {3,5,7,9,11,13,15,17}
e batch size € 22, 150]
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optimizer

e categorical cross-entropy
e momentum 0.9

e Nesterov momentum

e learning rate of 0.00273
e decay rate of 0

Training and Validation
e CUDA 8

o 1 X 144 x 144 “image chips”

e 18,000 training images
e 2,300 validation images

e Daykundi Province, Afghanistan
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e Baseline comparison to brute force gride search of hyper-parameters.
e Converged on a kernel size 3 for all Conv2D layers, and a batch size of 160.
e Took 14 days of computation on a dedicated Nvidia DGX.
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