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Abstract: 1If wireless sensor nodes become more powerful and more energy-efficient, data processing tasks
such as classification and anomaly detection, which has been performed in cloud servers, can be offloaded
to the wireless sensor network. This enables to realize an autonomous intelligent sensor network which can
efficiently perform the tasks at places close to the data sources. In this paper, we propose new architec-
ture, protocol and algorithm to distribute and execute CNN (Convolutional neural network) over wireless
sensor nodes. The idea is to appropriately assign neurons of the CNN to wireless nodes, each of which has
limited processing capability but can have some power when they are united. We virtually implement a
program that can execute distributed learning by multiple nodes on one PC and conducted two experiments
by simulation using real data; one is for anomaly detection of temperature in an over-1,400 m? lounge space
using 50 temperature sensors to confirm the learning capability as well as communication overhead, and
another is for activity recognition using a 6 x 6 array of thin-, energy-efficient film-type infra-red sensors
with micro-processors to demonstrate our concept. As a result, it was found that the proposed method can
achieve learning accuracy comparable to normal CNN with adequate communication overhead.
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Fig. 6 Communication Costs of Sensor Nodes (Temperature).
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Fig. 15 Communication cost of sensor node (Motion).
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