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RFID (Radio Frequency |dentification)
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Sequence-to-sequence modeling for graph representation learning

- https://appliednetsci.springeropen.com/track/pdf/10.1007/s41109-019-0174-8.pdf
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OPTIMIZING GRAPH NEURAL NETWORKS WITH MESSAGE PASSING

DATA FLOW GRAPH

https://proceedings.mlsys.org/paper/2022/file/a87ff679a2f3e71d9181a67b7542122c-Paper.pdf
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3DLRA: An RFID 3D Indoor Localization Method Based on Deep
Learning
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3DLRA: An RFID 3D Indoor Localization Method Based on Deep
Learning
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3DLRA: An RFID 3D Indoor Localization Method Based on Deep
Learning
3DLRA: E2{'d 7|t RFID 3D AL{ S¢| &'
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A Model-Based Approach for RFID Application Testing
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A Model-Based Approach for RFID Application Testing
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A Model-Based Approach for RFID Application Testing
RFID OHZ2|#|0|8 E|AEE ot 22 7|8F ¥ T4
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Deep Convolutional Neural Network for Passive RFID Tag Localization Via
Joint RSSI and PDOA Fingerprint Features
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Deep Convolutional Neural Network for Passive RFID Tag Localization Via

Joint RSSI and PDOA Fingerprint Features
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Deep Convolutional Neural Network for Passive RFID Tag Localization Via
Joint RSSI and PDOA Fingerprint Features
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Deep Learning for RFID-Based Activity Recognition
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Deep Learning for RFID-Based Activity Recognition
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Deep Learning for RFID-Based Activity Recognition
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1 mSVM m Logistic Regression from low-level surgical n/a 0.75 | 0.74 | 0.74
White Desk Bayesian Network ~ ®Random Forest activities [10]
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