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NASA Data Systems

ÅEarth and Space Science

ïEarth Observing System generates ~21 TB of data 
per week.

ïNASA Ames simulations generating 1-5 TB per day

ÅAeronautical Systems

ïDistributed archive growing at 100K flights per 
month with 2M flights already.

ÅExploration Systems

ïSpace Shuttle and International Space station 
downlinks about 1.5GB per day.



DevelopingVirtualSensors
Å Virtual Sensors predict the value of one sensor measurement by learning the 

nonlinear correlations between its values and potentially hundreds of other 
sensor measurements.

Space Shuttle Example:  Detecting Anomalies in the Main Propulsion System
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Virtual Sensors for Estimating the 
Large Scale Structure of the Universe
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Virtual Sensors in the Earth Sciences
ÅDetecting change in cloud cover

ÅNew sensors on the MODIS system can detect clouds over snow and ice in the 1.6mm band (circa 1999).

ÅDifficult over snow and ice-covered surfaces because of low contrast in visible and thermal infrared wavelengths.

ÅOlder sensors from the AVHRR system do not detect cloud cover over snow and ice because of poor contrast.

ÅPredict 1.6mm channel using a Virtual Sensor

ÅDetecting land cover change using surface reflectance measurement
ωPredict missing surface reflectance data in one sensor channel using observations from a combination of other 
channels.

ωCreate a high quality complete data record for use in new Earth science analysis and explorations.

ωStudy the residual pattern of the prediction algorithm across years in order to make significant conclusions 
regarding change in land cover across the globe.
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Prediction Methods for Virtual Sensors

ÅBuild a prediction model that offers
ï Interpretability

ïConfidence in the prediction

ïScalability

ÅChoices of Regression Functions
ïLinear regression

ïGeneralized Linear Models such as Elastic Nets* (perform Lasso and 
Ridge Regression simultaneously)

ïNeural networks

ïSupport vector machines & Gaussian Process Regression

*  J. Friedman, T. Hastie, R. TibshiraniΣ άwŜƎǳƭŀǊƛȊŀǘƛƻƴ tŀǘƘǎ ŦƻǊ DŜƴŜǊŀƭƛȊŜŘ [ƛƴŜŀǊ aƻŘŜƭǎ Ǿƛŀ /ƻƻǊŘƛƴŀǘŜ 5ŜǎŎŜƴǘέΣ WƻǳǊƴŀƭ ƻŦ 
Statistical Software, 2010.



Gaussian Process Regression

Training data
ω data matrix of observations ςn x d
ωy vector of target data ςn x 1

Test data
ωX* matrix of new observations ςn* x d

Covariance function

Goal
ωPredict y* corresponding to X*

Model building
ωTrain hyperparameters on a sample of X
ωCompute covariance matrix K (n x n)

Prediction
ωCompute cross covariance matrix K* (n* x n)
ωCompute mean prediction on y* using

ωCompute variance of prediction using

Algorithm Analysis

ωStorage Complexity: Storing covariance matrix O(n2) 

ωTime Complexity: Computing matrix inversion O(n3) 


