PennState  Contextual Spatial Outlier Detection with Metric Learning

Guanjie Zheng!, Susan L. Brantley?, Thomas Lauvaux3, Zhenhui (Jessie) Li!
College of Information Sciences and Technology!, Department of Geosciences?, Department of Meteorology and Atmospheric Science3
Pennsylvania State University
g)jz5038@ist.psu.edu, jessieli@ist.psu.edu

INTRODUCTION EXPERIMENTS

Improvements in high volume hydraulic fracturing, 1.¢., "fracking”, which T g¢cal Model: KNN Kernel Regression Case Study on Zillow House Dataset
allows the development of shale gas, have changed the energy landscape.

Based on "near things are more related" [4] assumption, we apply KNN kernel regression to
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Problem 1 (Contextual Outlier Detection) Given data set Z. = {z,,2», ..., 2, }, where
each data point z; = (X;,y;) is composed of a contextual attribute vector x; € R? (Global) Outlier Score = difference between predicted value and actual value
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(including spatial coordinates) and a behavioral attribute value y; € R. We wish to G _ ly; — 0] 1.6 lThe anomalous waterL“'----------\ downstream from a site Wh.ere We
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Water Example: Outliers in groundwater with potential leakage Our Solution: Outlier score with local confidence to address the heterogeneity inside regions.
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