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ABSTRACT

Recently, there have been growing requirements in the public safety sector to ensure safety through
detection of hazardous situations or preemptive predictions. It is noteworthy that various sensor data can
be analyzed and utilized as a result of mobile device's dissemination, and many advantages can be used
in terms of safety and security. An effective modeling technique is needed to combine sensor data
generated by smart-phones and wearable devices to analyze users' moving patterns and behavioral patterns,
and to ensure public safety by fusing location-based crime risk data provided.
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