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Abstract Experimental Setup Results (Cont.)

Testbed development for smart homes is a timely and expensive process. Figure 6 shows the Prediction vs Actual plots of best performing algorithms. Grid

By using a scaled model home in an isolated environment as a testbed, we search on parameters was applied to find the best parameters for each algorithm.

are able to perform accelerated experiments on smart homes under
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Conclusion and Future Work

 LSTM, KNN, and Random Forest all performed well on both datasets.
* Excluding time as a variable only slightly improved the performance of
LSTM and KNN while leaving Random Forest unchanged.
 QOverall, LSTM had the most accurate predictions.
* Proposed future work includes:
o Collecting more data focused on humidity
o Mapping collected data back to real world measurements
o Developing an intelligent agent that is able to change internal
temperature and humidity by altering the state of the home

: Figure 4. Accuracy comparison of the three algorithms trained.
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Figure 1. A map of the chosen locations [4]. Time Modeled as Sinusoidal Variable

100  The cyclic pattern of a day can
be represented by sine and
cosine functions.

e LSTM and KNN performed
comparably, and RF performed
the same when time was not
given as input.
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Simulation Development:

 We created three types of simulations that model the movements of one
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to three people inside the house.
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* Each city has its own version of the three simulations, giving us a total of
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