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v Developing UDAT, an user identifier cum discriminator model
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= |t identifies the users’ multiple patterns of activity

v' Temporal Classification:
= The module discriminates the users inside each activity bucket
Motivation = Models: kNN, Random Forest, Logistic Regression, SVC

» Personalized recommendation is necessary for the development " Temporal features:
y P I.  First start time of the activity

of the future generation services in the domain of “Smart City” i. Total duration for that activity

= Smart devices should automatically recognize individual users il Maximum activity duration

_ _ S _ o Iv. Activity trip count
= Registering individual users each time may appear restrictive
= System should automatically identify the users In a privacy
preserved manner without accessing any personally identifiable
iInformation (like IMEI) and perform service differentiation

v Dally activity patterns of Alice & Bob are substantially different in
terms of activities and temporal information

Experimental Results
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Does dalily routine discriminate the users?
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v' Developing UDAT, a user discrimination model, which involves ol . = Random Forest
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three major modules — (a) Activity based classification, (b) Activity surpasses others
Outliers detections’ and (C) Temporal classification Accuracy chart of UDAT dataset using different classifier

v' Developing smartphone based data collection framework,
named as UDAT Dataset
v UDAT model discriminates users with 73.3% and 80.68%

accuracy, for Microsoft Geolife and UDAT datasets respectively

Conclusion
v Demonstrate activity signatures as a valid alternative to
sensor-driven user identification paradigm

v Developed UDAT model discriminates the users using the daily
activity patterns

Experimental results state that UDAT model outperformed the
sensor-driven competing algorithms for both Microsoft Geolifel
and UDAT dataset

Dataset

v' Geolife! Dataset: v
= Users: 24 out of 178 labelled
= Time: 4 years
= Transportation mode: Bike, Bus, Car, Subway, and Walk
v' UDAT Dataset: Launch experiment at [IT Kharagpur
= Users: 15
= Time: 3 months
= Activity: InVehicle, OnFoot, OnBicycle, Running, Walking, Still, Tilting, | 2.
and Unknown
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