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Optimize the location
of sensors

Evolutionary Algorithm

Given a lower bound on
the performance of downstream

Sensor Placement Techniques

applications

Brian L Thomas, Aaron S Crandall, and Diane J Cook. A ﬂ )
genetic algorithm approach to motion sensor placement

in smart environments. Journal of reliable intelligent
environments, 2(1):3-16, 2016.

The function being optimized:
some performance measure
of the ML model

Greedy

Andreas Krause, Jure Leskovec, Carlos Guestrin, Jeanne
VanBriesen, and Christos Faloutsos. Efficient sensor
placement optimization for securing large water distribution

networks. Journal of Water Resources Planning and
Management, 134(6):516-526, 2008.
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A sensor placement

Optimizer: Bayesian Optimization
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Estimation of Distribution Algorithms

Bayesian Optimization

(BO)

Bobak Shabhriari, Kevin Swersky, Ziyu Wang, Ryan P Adams, and Nando De
Freitas. Taking the human out of the loop: A review of bayesian optimization.
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Uses local information to
build a probabilistic
surrogate model
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Bayesian Optimization (BO)

A

input x =—————>

== noisy observation f(x)

J(x)

Optimization over The main shortcoming: Active monitoring of

permutation spaces Disregards any inherent, air pollution
Aryan Deshwal, Syrine Belakaria, Janardhan Rao Doppa, and Dae Hyun Kim. d om a| N kn OWI ed g e th at m | g ht Sigrid Passano Hellan, Christopher G Lucas, and Nigel H Goddard. Bayesian

Bayesian opti- mization over permutation spaces. In Proceedings of the AAAI optimisation for active monitoring of air pollution. In Proceedings of the AAAI
Conference on Artificial Intel- ligence, volume 36, pages 6515-6523, 2022. Conference on Atrtificial Intelligence, volume 36, pages 11908-11916, 2022.

exist about f(x)

Conference on Artificial Intelligence and Statis- tics, pages 7021-7039.
PMLR, 2023.
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Grey—Box Bayesian Optimization

4

X : a sensor placement -2 f(x) : performance of an activity

recognition model

Raul Astudillo and Peter | Frazier. Thinking inside the box: A tutorial on grey-
box bayesian optimization. In 2021 Winter Simulation Conference (WSC),
pages 1-15. IEEE, 2021.

Our hypothesis: Research Question:

f(x) contains inherent domain

knowledge about the spatial How to reduce the number of queries

distribution of activities and improve the quality of solution
that could help BO quickly identify found by BO

important regions in the search space
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Distribution—Guided BO (DGBO)

>/

X : a sensor placement -2 f(x) : performance of an activity

recognition model

!

Domain
knowledge about
spatial distribution
of activities

Iterative selection

of next query point
in BO

Integrate
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Vanilla BO
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Experiments
Case Study
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Experiments
Case Study

Real-World
Case Study
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Experiments

Activity Classifier and Model Performance
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Experiments

Comparison

GA, Greedy, BO, DGBO
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Experiments

Results

T1 withe = 1 T2 withe = 1 Aruba
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Discussion

DGBO learns the spatial distribution of activities, DGBO in other domains:
that results In:
e High quality sensor placement
e Significantly fewer queries

Expected Information Gain Convergence (after 50 iterations)
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Conclusion
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