
• Problem: Instrumented field sites may generate hundreds of thousands of sensor 
observations per year . These observations may be corrupted by sensor failure.

• Question: How to perform quality control on this data to flag/remove data 
anomalies? 

• Manual inspection requires a domain expert and is time consuming
• Defining rule sets and range checks requires domain knowledge and does   

not generalize to unknown types of data anomalies
• Approach: Apply generative machine learning methods to address these issues

• Learn probability model P(X) of the sensor observations from existing data 
• Generalizes to new kinds of errors; avoids modeling known fault types

1. Compute the most likely configuration of the sensor-state variables given
their corresponding observations as evidence.

2. Adopt these values and propagate the distribution over the process variables

A Generative, Multisensor Model for Quality Control in Ecological Data
Ethan Dereszynski, School of Electrical Engineering and Computer Science, dereszet@eecs.orst.edu

Advisors:  Thomas Dietterich, School of Electrical Engineering and Computer Science, tgd@eecs.orst.edu,
Julia Jones, Department of Geosciences, jonesj@geo.orst.edu

Oregon State University, Corvallis, Oregon 97331-4501

Abstract

Environmental Sensor Data

Methods I: Joint Process Modeling

Results

Methods II: Observations and Inference

1.

2.

3.

1. Logger malfunction (day 51)
2. Erratic measurements (days 30 to 51) 

3. Frozen Anemometer (days 33 & 53)
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The HJ Andrews LTER (right) is a
test bed for our automated QC
research. We examine observations
taken from 3 meteorological stations
at this site. Below is a plot of 6 data
streams over a 30-day period. The
streams correspond to readings from
4 air temperature, a solar radiation,
and anemometer sensor located at
the Central meteorological station.
Air temperature and solar radiation
are recorded at 15-minute resolution,
and wind speed at 1-hour averages.

Observations from different sensors are often correlated due to spatial proximity,
phenomena being measured, and topography. In order to exploit this relationship,
we learn1 a correlation structure from past observations automatically. This
structure is represented by a probabilistic graphical model.
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For every sensor in our model, we include a Bernoulli “sensor state” variable Si
and Gaussian observation variable Oi. When Si = broken, the model disconnects
the observation Oi from the true value Xi.
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Inference is handled in a
two-step forward message-
passing algorithm3.
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The figure below displays the results of our automated QC algorithm applied to
the data shown in the left column using the Full model (3). Predicted values from
the process model are overlaid in red. Quarter-hour readings diagnosed as data-
anomalies are flagged with a red hash mark at the bottom of each plot.

Environmental data may also exhibit a significant degree of autocorrelation with
past measurements, as well as cross-correlation with past measurements from
other sensors. We learn this temporal correlation structure and represent the joint
process model as a Dynamic Bayesian Network2.
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• Nodes represent 
probability distributions 
over variables

• Elliptical nodes are 
Gaussian

• Square nodes are 
multinomial

• Arcs represent conditional 
dependency relationships 
between variables

• The entire network 
represents a multivariate 
Gaussian distribution
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• Intra-slice arcs represent dependencies 
between sensors in a single time slice

•

• Inter-slice arcs represent dependencies 
between sensors across time

•
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Experiments
We analyze the performance of 3 different joint process models. Each process
model is combined with the observation model and used to QC 5 years of
environmental sensor data.
1. Auto-regression (AR) Model: Each sensor is modeled as an independent 

auto-regressive process.
2. Partial Model: 4 air temperature sensors are allowed inter and intra-slice 

arcs. Solar and wind are autoregressive
3. Full Model: All sensors are allowed intra-slice and inter-slice arcs.

Sensor
Precision Recall False Positive Rate

AR 
Model

Partial
Model

Full
Model

AR 
Model

Partial
Model

Full
Model

AR 
Model

Partial
Model

Full
Model

1.5m Air .397 .812 .829 .872 .912 .921 .017 .003 .002
2.5m Air .195 .739 .752 .685 .765 .702 .013 .001 .001
3.5m Air .209 .600 .628 .723 .793 .827 .012 .002 .002
4.5m Air .264 .766 .795 .825 .855 .855 .016 .002 .002

Solar Rad. .024 .033 .157 .245 .245 .245 .050 .037 .007
Mean Wind .047 .043 .079 .454 .454 .477 .083 .092 .050

Overall .189 .499 .540 .634 .671 .671 .032 .023 .011

We calculate the Precision, Recall, and False Positive (FP) Rate of our QC
algorithm for 5 years of sensor data collected at the Primary Met. station.

• Precision: percent of values diagnosed as data-anomalies that actually are 
data-anomalies.

• Recall: percent of all existing data-anomalies found in record.
• False Positive Rate: percent of data mislabeled as being data-anomalies.

Contemporary environmental science is increasingly reliant upon networks of
distributed automated sensors in remote locations. Decreased cost and improved
portability of these sensors have allowed researchers to monitor landscapes at
very fine spatial and temporal granularities. An instrumented research site may
generate dozens to hundreds of near-continuous data streams of environmental
measurements. However, in-situ sensors are often subject to harsh conditions
that can lead to malfunctions in individual sensors and failures in network
communications. Quality control (QC) is essential to identify incorrect
measurements before these data can be assimilated in models and analyses.
However, the abundance of data makes manual inspection by domain experts
impractical and delays the release of data.

In this poster, we describe a generative modeling approach to automated
QC. A probabilistic framework is provided that allows us to maintain a distribution
over the functioning state of a sensor and the true value of the monitored
phenomena. This framework facilitates real-time QC wherein we simultaneously
diagnose the working state of the sensor and infer a distribution over its current
reading. We explore machine learning techniques for learning the joint
relationship among different types of sensors at a monitoring site. Our model is
evaluated using three meteorological stations deployed in the H.J. Andrews
Forest, a Long-term Ecological Research (LTER) site in western Oregon. We
compare our results to existing single and multiple-sensor QC models.

Conclusion
The best overall performance was achieved using the full process model, which
allowed for correlation among different sensors and auto-correlation with past
observations. Precision and recall for individual sensors were weakest for the
anemometer and solar sensor, perhaps because (1) solar radiation and wind
vary over shorter time scales than temperature, or (2) correlations of
temperature with wind and/or solar are weaker than among temperature
sensors. In future work, we will explore hypotheses (1) and (2) by adding
solar, wind, and temperature sensors from other meteorological stations
and testing their effect on QC over larger spatial scales.
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