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Recognition of Fire Levels based on Fuzzy Inference System using
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Abstract Fire monitoring system detects a fire based on the values of various sensors, such as smoke, CO,
temperature, or change of temperature. It detects a fire by comparing sensed values with predefined threshold
values for each sensor. However, to prevent a fire it is required to predict a situation which has a possibility
of fire occurrence. In this work, we propose a fire recognition system using a fuzzy inference method. The rule
base is constructed as a combination of fuzzy variables derived from various sensed values. In addition, in
order to solve generalization and formalization problems of rule base construction from expert knowledge, we
analyze features of fire patterns. The constructed rule base results in an improvement of the recognition
accuracy. A fire possibility is predicted as one of 3 levels(normal, caution, danger). The training data of each
level is converted to fuzzy rules by FCM(fuzzy C-means clustering) and those rules are used in the inference
engine. The performance of the proposed approach is evaluated by using forest fire data from the UCI
repository.
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Fig 1. General Fire Monitoring System
Architecture
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