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Motivation

» Ubiquity, e.g.
» Traffic sensors
» Movement studies
» Public safety

» Maintaining privacy
» Power draw

Q{‘k\&ﬁ&\\




Motivation

» Ubiquity, e.g.
» Traffic sensors

» Movement studies
» Public safety

» Maintaining privacy
» Power draw

Price of electricity 2015-2021



DeepDish

» Raspberry Pi 4B
» Coral EdgeTPU
» TensorFlow-Lite
» (also full GPU support)




Tracking-by-detection
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No pipelining
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Pipelining
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Pipelining
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CPU clockspeed and power
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EdgeTPU effect
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EdgeTPU effect
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Model choice
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Looking forward

» 6-7W power usage: low but not low enough

» SSDMobileNetV2 still holding its own

» Object Detection / Feature Encoding: separate or combined?
» LSTM: does it offer hope?



Limitations & thoughts

» Tracking-by-detection: popular but flawed

» Context, motion & comprehension

» Ubiquity & privacy



Thank you!

Questions?
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