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Abstract

[Recently, researches on the recognition of indoor user situations through various sensors in a

smart home environment are under way. In this paper, the case study was conducted to determine

the operation of the robot vacuum cleaner by inferring the user 's indoor situation through the

operation of home appliances, because the indoor situation greatly affects the operation of home

appliances.

In order to collect learning data for indoor situation awareness model learning, we

received feedbacks from user when there was a mistake about the cleaning situation. In this paper,

we propose a semi—supervised learning method using user feedback data. When we receive a user
feedback, we search for the labels of unlabeled data that most fit the feedbacks collected through

genetic algorithm, and use this data to learn the model. In order to verify the performance of the

proposed algorithm, we performed a comparison experiments with other learning algorithms in the

same environment and confirmed that the performance of the proposed algorithm is better than the

other algorithms.
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2.1 Method of Collecting User’s Data
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Table 2. Performance Measures

Measure Description & Formula

The proportion of correctly
classified examples
(TP+TN)/(TP+TN+FP+FN)

Accuracy

The proportion of examples labeled True
among examples classified as True
TP/(TP+FP)

Precision

The proportion of examples classified True
among examples labeled as True
TP/(TP+FN)

Recall

The proportion of examples labeled False
among examples classified as True
FP/(TP+FP)

False Positive Rate

The proportion of examples labeled True
among examples classified as False
FN/(TN+FN)

False Negative Rate

The harmonic mean of
Precision and Recall
2- Precision+ Recall/(Precision+Recall)

F-measure
(F1 score)
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Population size 100

Decision vanable 164 jreal valug) 15 (binary value)

Objective function Multiplication of likelihoods about feedbacks

Number of

generation i

Selection method Toumament selection (toumament size = 2)

Crossover method | SBX (simulated binary crossover) Discrete crossover

Mutation method Polynomial mutation Flip mutation

Fig. 17. GA Parameters
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