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Summary 
NASA Glenn Research Center’s Systems Management and Operations Branch seeks to leverage its 

extensive instrumentation and historical data with machine learning to increase system efficiencies. The 
ultimate goal of this effort is to probabilistically model the behavior of Glenn’s central air service 
compressors for optimal decision making and planning. This project is a first step in that direction. We 
propose a multi-model approach that uses high-dimensional models to ask simple questions about 
complex dependent structures, and low-dimensional models to ask complex questions about simple 
dependent structures. While the low-dimensional models make strong assumptions, they can be visualized 
and they can be insightful. We show good fits for univariate models of compressor sensors and 
preliminary work on high-dimensional multivariate models. 

Introduction 
NASA Glenn Research Center’s central air service consists of a large network of compressors and 

exhausters that facilitate the distribution of air to various testing facilities. The value of the operations and 
the consequences of system failure make system maintenance a priority. The size, scale, and uniqueness 
of the system’s machinery make maintenance costly as well. The machinery and the system at large have 
extensive instrumentation that is used for monitoring and analytics. The central air service system’s scale 
of operations and instrumentation necessitate some form of automation in the data analysis process, if 
only to direct the attention of system operators who can manually review specific occurrences or trends. 
This project is a first step in applying machine learning methods to probabilistically model system 
behavior toward these ends. 

Machine learning is a broad term often considered to be a set of methods for statistical inference. Our 
goal is to use machine learning to identify when system behavior is trending away from baseline 
behavior. Our approach is most similar to unsupervised learning; however, this label can be constraining, 
and we prefer to consider our work to be using machine learning to probabilistically model system 
behavior. If we can learn accurate, empirical, probabilistic models of system behavior, we can use them to 
make empirically based decisions and plans. 
  

 
*Summer Intern in Lewis’ Educational and Research Collaborative Internship Project (LERCIP), 
Scientific Computing and Visualization. Graduate student at University of Virginia. 
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Figure 1.—Multi-model approach. 

 
A fundamental challenge in the data-driven analysis of large-scale systems is our ability to fit 

high-dimensional models that provide more than high-level insight. When modeling in high dimensions, we 
are often forced to trade off the specificity with which we can investigate models to ask questions about our 
system. To address this challenge, we propose a multi-model approach that uses high-dimensional models to 
ask simple questions about complex dependent structures, and low-dimensional models to ask complex 
questions about simple dependent structures. A rough model for this approach is shown in Figure 1. 

The idea represented in Figure 1 is to use high-dimensional models, which can consider system-level 
trends but are difficult to interpret, to direct questions and analysis of low-dimensional models, which are 
interpretable by deciders through visualizations, statistics, and reports. If the deciders are system experts, 
then the information loss that occurs by modeling in a lower dimension, as opposed to a higher 
dimension, can be offset by the expert knowledge that deciders bring to the analysis process. The 
pragmatic motivation for such an approach is that the best data-driven, high-dimensional distribution 
modeling techniques rely on deep learning, a notoriously difficult-to-interpret set of methods. By using 
low-dimensional models to explain findings and conduct analysis, this multi-model approach can 
interface directly with system operators, and the findings of the deep learning model are validated by 
interpretable, low-dimensional models. 

Methods 
In this project, we fit both low-dimensional and high-dimensional models to compressor data. The 

related methods are described here, with a discussion of the results in the following section. We did not 
explicitly study methods for realizing an analysis system like that shown in Figure 1; however, a 
discussion of how our modeling techniques can be used to realize such a system is included in the 
concluding section.  
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Low-Dimensional Modeling 

For low-dimensional modeling, we fit closed-form, parametric univariate distributions to the sensor 
data. We treat a sequence of sensor readings over the course of a run as a set of events and model the 
probability of realizing an event. Closed-form univariate models are interpretable and easy to measure 
and manipulate. To fit a univariate model, we first construct an empirical distribution function by 
arranging the events in ascending order and assigning each a plotting position corresponding to the 
probability that the event or an event of lesser magnitude is realized. We then fit a variety of candidate 
parametric distributions and judge the goodness of fit using the maximum absolute difference between the 
candidate model and the empirical distribution. 

While such an approach only considers the behavior of individual sensors, it is the foundation for 
constructing joint distributions using copula methods (Ref. 1) or numerically approximating joint 
distributions using Markov chain Monte Carlo methods (Ref. 2). Both of these approaches use lower 
dimensional models to fit higher dimensional models. They are well suited for modeling the distribution 
of small sets of sensors but are impractical methods for fitting the high-dimensional models we are 
interested in, which have hundreds or even thousands of sensors. 

High-Dimensional Modeling 

Deep learning methods are the current state of the art for data-driven distribution modeling in high 
dimensions (Refs. 3 and 4). Deep learning methods are parameter-heavy algorithms that use large 
amounts of data to learn a particular mapping. Their primary benefit is in automatically finding useful 
features to describe data. Instead of using expert knowledge to craft features for modeling data, deep 
learning algorithms iteratively search for transformations on the input data that are useful for solving the 
learning problem. The exact nature of this search and these transformations varies with the deep learning 
network architecture and learning task. 

The scale of Glenn’s central air service system may necessitate representation-learning techniques 
such as deep learning. Manual feature selection may be insufficient to deal with the number of sensors 
and the complexity of the interactions between subsystems. Fortunately, deep learning methods are well 
suited for the central air service system because of the volume of data the system produces. Thus, deep 
learning was selected as the starting point for high-dimensional modeling because of its relevance in the 
technical literature and its relevance to the fundamental nature of modeling the dynamics of large-scale 
systems like the central air service. 

The two main approaches to distribution modeling using deep learning are variational autoencoders 
(VAEs) (Ref. 5) and generative adversarial networks (GANs) (Ref. 6). The two approaches solve similar 
problems, but they are fundamentally different. GANs consist of a generator that produces synthetic data 
and approximates the joint distribution of interest, and a discriminator that tries to identify whether a 
given sample is real or synthetic. The generator tries to “trick” the discriminator by generating realistic 
data, and the two iteratively update their parameters to improve their performance as they play this game. 
In doing so, GANs implicitly learn a joint distribution by learning a generator that can be sampled to 
produce realistic synthetic samples, and a discriminator that can be queried to approximate the probability 
that a given sample comes from the joint distribution of interest. VAEs are used to learn an explicit, 
closed-form latent distribution in a lower dimension than the input dimension. VAEs consist of an 
encoder that maps the input data into a latent distribution and a decoder that maps the latent distribution 
back to the original input space. The VAE is trained to learn a well-fit latent distribution that minimizes 
the difference between the input and the reconstructed input—that is, the input after it has been passed 
through the encoder and decoder.  
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We are interested in studying how system behavior varies in the central air service. GANs are inferior 
to VAEs in accomplishing this task because (1) comparing generators still requires high-dimensional 
modeling of the output of the generators and (2) although the discriminator can provide a probability of 
whether distributional changes have occurred in system behavior, it does not provide direct insight into 
how the distribution has changed. VAEs, in contrast, learn a mapping to an explicit, low-dimensional 
probability distribution that can be studied in detail. Differences between behavior in the latent space can 
be decoded into the original input space. Furthermore, learning an explicit distribution aligns directly with 
our high-level goal of learning an empirical probabilistic model of the system for decision making and 
planning. 

We learn the canonical VAE, which learns a latent multivariate Gaussian distribution with 
independent marginals. A VAE provides a mapping to a conditional distribution function: the latent 
random variable conditioned on the input. Thus, for a single sample of system behavior, we obtain many 
conditional distributions; we obtain one distribution for each instance. To reduce this set of distributions 
to a cardinality more amenable for our purposes, we cluster over the means of the conditional multivariate 
Gaussians and average the distributions of each cluster to obtain a single distribution function for each 
cluster. Because we are learning a multivariate Gaussian distribution with independent marginals, it can 
be shown that the average of the distributions is a multivariate Gaussian distribution with independent 
marginals as well. In other words, we retain a closed-form parametric model of system behavior after 
clustering. 

Results 
We tested our proposed methods on a single casing of a single compressor. We used 12 sensors, 

which provided a mix of temperature, vibration, and voltage readings. The data was minimally processed, 
in part because of the time constraints. 

Low-Dimensional Modeling 

We successfully modeled the sensors with closed-form univariate distributions. Most models of 
sensors obtained a tight fit. The benefit of doing this is that we can compare runs by using measures 
between the distributions of their respective sensor readings. Furthermore, if we wanted to compare runs 
using summary statistics such as quantiles instead of the full distribution, we can obtain these statistics 
from a well-fit distribution. We do not have to assume normality to obtain statistical measures of the 
distribution. This is particularly useful considering that of all the sensors we studied, none were Gaussian 
and all were skewed. Examples of a fitted temperature distribution and a vibration distribution plotted 
against raw data are shown in Figure 2 and Figure 3, respectively. 
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Figure 2.—Univariate temperature example. Specific temperature, t. 

 
 
 

 
Figure 3.—Univariate vibration model example. Specific vibration, v.  
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High-Dimensional Modeling 

We trained a VAE to learn a latent bivariate Gaussian distribution. The model was trained on roughly 
10 runs, which together contained hundreds of thousands of samples. The runs were taken from a mix of 
summer and winter months. Validation is plotted in Figure 4. The model learned little with respect to the 
loss function; however, as we will show, it still provided insight. The performance of the model was 
highly limited by the data quality. Proper feature selection, data selection, and in-depth analysis of the 
structure of the samples would likely improve model performance. Thus, this model serves as a rough 
upper bound on performance. 

The latent distributions of the data are plotted and clustered using their bivariate means in Figure 5, 
using K-means clustering, and in Figure 6, using agglomerative clustering (Ref. 7). The number of 
clusters were chosen by observing the improvement in intracluster density as the number of clusters 
increased, as measured by the median Euclidean distance from the cluster center. Under visual inspection, 
the agglomerative clusters appear to better fit the nuanced structure of the encoded data. 

The distributions are averaged together according to their agglomerative cluster, and the averaged 
distributions are plotted in Figure 7, where the center point is the bivariate mean and the ring around the 
center point is a single standard deviation from the bivariate mean. The five distributions in Figure 7 
represent a model of the expected behavior of the system as defined by a sample of a year’s operations. If 
this model is taken to represent baseline behavior, any encoded run for which data does not occupy 
regions of the latent space near the clusters can be said to deviate from baseline behavior. 

We know from observation and experience that system behavior in summer months differs from 
system behavior in winter months. We tested to see if this was reflected by our model. Figure 8 and 
Figure 9 show two summer runs and two winter runs, respectively, plotted over the averaged 
distributions, where each season is differentiated by color. We can see that the summer runs are similar to 
each other and that the winter runs are similar to each other. 

The differences between the summer and winter runs can be seen more clearly after the distributions 
are clustered and averaged, as in Figure 7. The averaged summer and winter distributions are plotted in 
Figure 10 and Figure 11, respectively, using the same convention as Figure 7. We can see that the 
summer months tend to have behavior occupying higher values for the y-axis, whereas the winter months 
tend to occupy lower values for the y-axis. These differences show that the model reflects a basic system 
dynamic we know to exist. Despite the poor fit, the VAE proves able to capture aspects of the system’s 
behavior. This is promising, as we expect future iterations to benefit from feature selection and higher 
data quality that will improve the fit. 
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Figure 4.—Variational autoencoder validation. Mean squared error, MSE. 

 
 
 

 
Figure 5.—Full-year K-means clusters. Z is latent 

space. 
Figure 6.—Full-year agglomerative clusters. Z is latent 

space. 
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Figure 7.—Full-year grouped distributions. Z is latent space. 

 
 
 

 

 
Figure 8.—Summer data; full-year grouped 

distributions. Z is latent space. 
Figure 9.—Winter data; full-year grouped distributions. 

Z is latent space. 
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Figure 10.—Summer grouped distributions. Z is latent space. 

 
 
 

 
Figure 11.—Winter grouped distributions. Z is latent space.  
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Concluding Remarks 
We fit both univariate and multivariate models to the data. We found that closed-form univariate 

distributions can capture the behavior of individual sensors and that the variational autoencoders can 
capture some aspects of system behavior. This work is preliminary and will benefit greatly from future 
work. In particular, feature selection, data quality, and the development of validation test cases will 
greatly improve the ability to experiment with model selection and hyperparameter tuning.  

We have not shown how these models can be used to realize a multi-model system that uses 
high-dimensional models to ask simple questions about complex dependent structures, and low-
dimensional models to ask complex questions about simple dependent structures. We studied the latent 
distributions, but we did not demonstrate how we can study differences between latent distributions in 
terms of actual sensor data by using the decoder to transform a region of the latent space back into the 
input space. For example, what do the summer and winter cluster differences mean in terms of sensor 
readings? We can identify a region of interest, decode it, and then study the differences in the sensor 
readings between the summer and winter months. Future work demonstrating this would show how black-
box, deep learning models can be usefully applied to the central air service system in an explainable way 
that allows system operators to integrate their knowledge with the model output. 

This work used a small dataset relative to the available data and considered a particular subsystem of 
the central air service. Access to more data and more subsystems would increase the performance of 
models, test the proposed frameworks’ ability to scale, and introduce new aspects such as transfer 
learning and meta learning. 
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