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What does this mean? 
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• Residential and commercial buildings consume 41% of 

primary energy (72% electricity) used in the U.S. 
• Retrofitting inefficient buildings with new and innovative 

technologies that help to curb energy consumption will 
reduce environmental impacts. 

What are the results? 

ZEBRAlliance House #1 

ORNL’s Flexible Research Platforms (FRPs) 
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How are experiments setup? 

What is the problem? 
• Hundreds of sensors collect data in these buildings to 

develop and characterize performance. 
• ORNL’s decades of experience with real-world natural 

exposure facilities has logged many expected issues as 
well as unforeseen entropy-related failures. 

• These include power backup outages, data acquisition 
kernel panics, multiplexer timing failures, sensor wire 
disconnects, failing sensors, and many other issues. 

• Decisions based on faulty data could lead to inaccuracies 
in simulation algorithms or when analyzing components, 
systems, and whole-buildings for optimal retrofit. 
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What is the solution? 
• Modeling techniques are used with validated data to 

generate models. 
• These models can be used to predict data points with 

missing or inaccurate data. 
• Observation windows are used to predict a sensor’s data 

value for each time-step within the observation window. 
• The observation window moves forward with no overlap 

for every possible window within a given set of time-
series sensor data. 

Example of actual and predicted temperature values of 
training (left) and testing (right) subsets. 

• The Kalman filter is used to model existing data. 
• Future states are predicted using a linear stochastic 

difference equation for a discrete-time controlled 
process. 

ZEBRAlliance Data 

Operation of the 
Kalman filter (Welch 
and Bishop, 2006) 

Flow diagram of linear predictive coding (LPC) 

• The linear predictive coding (LPC) filter is also used to 
model the data. 

• The LPC filter is a finite impulse response filter. 

• Data from ORNL’s ZEBRAlliance project was used to 
determine the predictive performance of both filters. 

• Specifically, temperature, humidity, energy usage, 
pressure, and airflow sensor data is used from house #2 
(of four) during the 2010 calendar year.  

Sensor Characteristics 

• Research sponsored by the Laboratory Directed Research 
and  Development  (LDRD)  Program  (WN12-036)  of  
Oak Ridge National  Laboratory, managed  by  UT-
Battelle,  LLC, for the U.S. Department of Energy (DE-
AC05-00OR22725).  

• Sensor data quality assurance is of great importance, 
particularly in regards to building technologies. 

• Data are used to determine performance, analyze energy 
efficiency technologies, validate energy simulation 
engines, and calculate optimal retrofit packages. 

• Kalman and LPC filters are used to generate models 
using validated data. 

• These models are used to predict time-steps where data 
is missing or corrupt. 

• The Kalman filter performs best with temperature, 
humidity, pressure, and airflow data. 

• The LPC filter performs best with energy usage data. 
• Alternative work includes investigating machine learning 

techniques such as artificial neural networks and 
Bayesian networks for sensor data quality assurance. • Data from the ZEBRAlliance project are randomly 

separated into two subsets: training (70%) and testing 
(30%). 

• For each observation window, a model is generated 
using the training dataset. 

• The generated model is then used to predict time-steps 
where data points are located as if they were missing. 

• Performance metrics such as absolute error (AE), relative 
error (RE), and root-mean-square error (RMSE) are 
calculated. 

• Different observation window sizes of 15-minute steps 
are investigated: 4, 6, 12, 24, 48, and 96 time-steps. 

• Observation window sizes that produce the lowest error 
for the Kalman filter are c  = 12 for temperature, c = 96 
for humidity, c = 48 for energy usage, c = 12 for pressure, 
and c = 6 for airflow. 

• Observation window sizes that produce the lowest error 
for the LPC filter are c  = 96 for temperature, c = 96 for 
humidity, c = 4 for energy usage, c = 96 for pressure, and 
c = 48 for airflow. 

Testing results for the LPC filter 

Testing results for the Kalman filter 
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