
Combined Generative Topographic Mapping and Graph Theory
Unsupervised Approach for Nonlinear Fault Identification

Matheus S. Escobar, Hiromasa Kaneko, and Kimito Funatsu
Chemical System Engineering Dept., The University of Tokyo, Hongo 7-3-1, Bunkyo-ku, Tokyo 113-8656, Japan

DOI 10.1002/aic.14748
Published online February 12, 2015 in Wiley Online Library (wileyonlinelibrary.com)

Identifying anomalies in chemical processes is highly desirable. Usually, one relies on previous knowledge of normal
and faulty samples, excluding anomalies from model training and associating deviations to faults. How reliable is such
knowledge, however, is questionable, especially during atypical scenarios. Unsupervised approaches, using no labels,
provide an unbiased analysis. A generative topographic mapping (GTM) and graph theory combined approach, then, is
proposed for unsupervised fault identification. GTM, given its probabilistic nature, highlights system features, reducing
variable dimensionality. With this information, correlation between samples is calculated. Graph theory, then, generates
a network, clustering similar samples. Two anomaly cases are analyzed: an artificial dataset and Tennessee Eastman
Process. Principal component analysis (PCA) and Dynamic PCA indexes Q and T2 along GTM and graph theory-
independent monitoring methodologies are used for comparison, considering supervised and unsupervised approaches.
The proposed method performed similarly to all supervised methodologies, motivating its application and developments.
VC 2015 American Institute of Chemical Engineers AIChE J, 61: 1559–1571, 2015
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Introduction

In the realm of chemical processes, machine learning tech-
niques are widely used with, generally, one idea in mind: to
highlight the most important features, characteristics, and
relationships between variables in a given system. This gen-
eral notion can be applied for different goals, such as fault
identification, which deals with the recognition of anomalies
from a so-called normal process state. These anomalies can
represent hidden plant states, disturbances, controller mal-
function, among other things, leading to different applica-
tions. Soft sensors,1 for instance, are directly affected by it,
since model database can be monitored to exclude anoma-
lous samples. Process control applications are also interest-
ing, where identifying faulty data is useful in alarm
technologies and hierarchical control systems, ensuring a
faster response to anomalous scenarios.

In this work, we focus on Multivariate Statistical Process
Control and Monitoring2,3 aspects. By evaluating how varia-
bles interact with each other and how this interaction influ-
ences the system, a complete understanding of one’s process
is possible. The most common methodology considers a pre-
viously known stable state, where any deviations from it are
flagged as anomalous.4,5 Such supervised approach associates
to each sample a label: “normal” or “anomaly.” In many
cases, nonetheless, such labels might be inexistent, unreli-
able, or just not openly available. From this premise, unsu-
pervised approaches for fault identification are interesting,

where no information on normal or anomalous samples is
given and only the relationship between variables and their
evolution over time is relevant for data discrimination.

Not relying on data labels also provides analyses free of
bias, free of vices, which can be helpful given the proper
scenario. It might be odd to imagine chemical plants dealing
with completely unsupervised approaches, considering that
operators, for example, possess intricate knowledge about
the process, acting as indicators of normal or faulty behavior.
To what extent, however, is such knowledge reliable?
Operators still suffer from human error, despite all their
efforts. Furthermore, how subtle can different anomalies be
identified? Can the human eye capture small, but anomalous,
changes in the process before the system is far from its nor-
mal operational region? Considering slow data drift, imagine
unexpected pipes clogging as time goes by. Operators may
lack the fine-tuning required for detecting such gradual tran-
sition. While we acknowledge that such knowledge is rele-
vant to a certain extent, a fully unsupervised approach is
unbiased, relying only on how variables relate with each
other and how patterns arise from those relationships.
Emergency scenarios pose an interesting challenge to opera-
tion as well, since few to no labeled data are available.
Consider an equipment shutdown, for example, which leads
to several alarms being triggered simultaneously not only in
the particular equipment, but also throughout the plant. The
presence of so many alarms is very difficult to manage and
almost impossible to track safely. Detecting fundamental
anomalies that might threat the safety of the plant based on
changes from previous stable states is highly desirable.

Such unsupervised monitoring relies on several factors to
be successful. Initially, for any unsupervised approach, the
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quality of the information available is fundamental for the
development of trustworthy models. Any real dataset suffers
from noise and redundant information, which if taken into
account for modeling can mask the true relation between dif-
ferent features and, therefore, different samples.
Dimensionality reduction plays an important role in this
aspect, identifying regions with similar characteristics and fil-
tering irrelevant information from data. Principal component
analysis (PCA) is one of the most widespread methods used
for process monitoring,6 which relies on assessing linear cor-
relation between different process variables, so to achieve
dimensionality reduction of highly correlated variables. Its use
was so successful that several PCA-based MSPMs were
developed, such as, for instance, dynamic PCA (DPCA),5

recursive PCA,7 distributed PCA,8 and maximum-likelihood
PCA.9 Despite its linear nature, extensions were developed to
overcome this issue and deal with non-linear systems, such as
kernel PCA.10 Other methods also tackle nonlinearity from
scratch, such as support vector machines,11 Gaussian Mixture
Models,12 generative topographic mapping (GTM),13 and even
the use of inferential models.14

Unsupervised fault identification relies on data discrimina-
tion, which depends on how similar samples are to each
other. From a practical point of view, process monitoring
methodologies should be applied to more complex, real
industrial scenarios. Given that PCA in inherently linear,
GTM, as a non-linear probabilistic technique, is more suited
to handle such complexity well. GTM has a probabilistic
nature, where each sample plotted in the latent space has a
unique probability distribution (PD), a fingerprint, associated
to each point pre-established in the latent grid. Assuming
that samples with correlated PD profiles represent data with
similar characteristics, GTM can be used for fault identifica-

tion and dimensionality reduction simultaneously, including
discrimination of normal and anomalous data.

The main issue with this approach, however, is how to
express this similarity in a way that the inner variations of sam-
ples can be overlooked, but still keeping the core relationship
between data belonging to similar clusters. Samples belonging
to the same cluster might not be highly correlated to every sin-
gle other sample in it. Graph theory deals with networks that
model pairwise relations between objects,15 where two basic
elements are always present: nodes (samples) and edges (con-
nections). For this work, each sample is connected to those
whose GTM probability profile correlation is higher than a
given threshold. In the end, a web of connections establishes a
network, where the density and number of connections unravel
clusters with different characteristics. This combination of
GTM and Graph theory, therefore, is proposed for unsupervised
fault detection. GTM highlights important data information and
calculates similarity between samples. Graph theory creates a
network and clusters it in normal and anomalous groups.

Two case studies were defined for performance compari-
son. Initially, an artificial dataset with different types of
anomalies was created. Second, the Tennessee Eastman
Process (TEP)16 was considered for validation of the meth-
odology. The proposed method was compared against unsu-
pervised PCA, DPCA, GTM, and graph theory-independent
approaches and supervised PCA, DPCA and GTM.
Dimensionality Reduction and Graph Theory section presents
a review on dimensionality reduction and graph theory.
Basic Structure section presents all fault identification meth-
ods considered for comparison in this work. Process
Monitoring section describes in detail the proposed method.
Results and Discussion section presents several results, dis-
cussing the impact of different methodologies on anomaly
detection. Conclusion and Final Remarks section presents
final remarks and future work.

Dimensionality Reduction and Graph Theory

Principal component analysis

For systems with too many variables or with nonlinear
features, visualizing the relationship between inputs and out-
puts (states) can be rather complicated. PCA is the most
straightforward linear approach known, where process varia-
bles are converted into linearly uncorrelated variables called
principal components (PC), via an orthogonal transforma-
tion.6 Equation 1 shows the basic concept behind PCA

Figure 1. GTM overall concept representation.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]

Figure 2. GTM PD heat map for (a) one sample and (b) a dataset.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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X5TPT1E (1)

Where X is the original dataset matrix, T is the score
matrix, P is the loading matrix, and E is the residual matrix.
P relates X and T, allowing the projection of X values onto
the transformed space T, whose column vectors are the PCs.
Each PC has a contribution to the original information con-
tained in X proportional to their eigenvalue. This can be
translated as the equation described in Eq. 2

Ct i
5

r2ðtiÞ
M

(2)

where Ct i
is the component contribution for PC ti and M is

the number of input variables. To select only relevant informa-
tion, PC with reduced relevance are excluded, keeping only
the ones whose accumulate component contribution is below a
given threshold. Heuristics mention 99% of component contri-
bution as an acceptable value for selecting relevant PC.

Dynamic PCA

DPCA is an extension to regular PCA where the introduc-
tion of dynamic features aim to represent better nonlinear
time series systems. The approach is rather simple, where
time shifted variable information is added as extra variable,
establishing a relation between current and past samples.17

Equation 3 shows how the new dataset is represented
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where X is the original dataset, N is the total number of sam-
ples, and d is the sample delay. xn is a row vector with all

variables for the nth sample. Essentially, DPCA has the
same approach as PCA, only with time shifted duplicate vec-
tors. From this premise, all analysis related to PCA, such as
determining the optimal number of PC, for example, apply
to DPCA as well.

Generative topographic mapping

GTM is a widely used technique applied for visualization of
data with several variables. It consists of a probabilistic nonlin-
ear approach, where a low-dimensional latent space grid, usu-
ally 2-D, is represented as a high-dimensional manifold on the
original data space. This manifold approximates the original
data, modeled by a Gaussian function. If the transition between
both spaces were to be regulated between the grid and the
original space, the computational load would be too high. To
cope with that, an intermediary layer of radial basis functions
(RBFs), also Gaussian, is created and its parameters are deter-
mined via the Expectation-Maximization (EM) Algorithm.18

Figure 1 shows the schematics behind GTM.
RBFs are embedded in yðz;WÞ, which defines the non-

Euclidean manifold and connects both spaces. Two parame-
ters are optimized via EM during training: W and b. The for-
mer is a parameter matrix that regulates RBF weights and
the latter is the inverse variance scalar for all Gaussians
defined in the hyperspace. Once the map is trained, it is pos-
sible to determine for each sample the likelihood of it
belonging to each latent point in the grid, establishing a PD
profile. Such profiles can be represented as individual heat
maps or as one plot for all data, as Figure 2 suggests.

PD profiles are unique considering that the variables in
hyperspace have different values for each sample, which, for
this work, allows the similarity assessment of all samples on
the same basis.

GTM relies on a set of hyperparameters for its utilization:
latent grid size, number of RBFs, width of RBFs, and regula-
rization parameter k. The optimal value for each parameter

Figure 3. Schematic representation of a weighted AM and its respective graph.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 4. Modularity gain test, where different background patterns indicate different communities.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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is usually determined via exhaustive search, using cross-
validation to look for the minimization of reconstruction
error (RE), that is, distance from the manifold, once data is
recreated into the original hyperdimensional space. Root
mean squared error is usually used as an index for such
assessment, which does not take into account the smoothness
of the map and the need for significant sample PD profiles.
From this premise, Root mean squared error of midpoint
(RMSEM) is used,19 where midpoints to those existent in
training data are used for accuracy assessment. If those sam-
ples can be predicted accurately, then not only training data
has high prediction accuracy, but also the regions in
between, preventing overfitting and ensuring map smooth-
ness. RMSEM is calculated according to Eq. 4

RMSEM5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXl

i
kxmid

i 2xmid
rec; ik

2

lðl21Þ=2

vuut
(4)

where l is the number of midpoints selected, xmid
i is the ith

midpoint and xmid
rec; i is the respective reconstructed sample.

Midpoints are sampled randomly from all possible combina-
tions of training data, usually in a greater number than the
original dataset.

Graph theory

Basic Structure

Graphs are symbolic representations of networks that
model pairwise relations between objects.20 For practical

purposes, all graph-related structures presented in this work
will be referred as graphs. There are two basic elements for
every graph: nodes and edges. The former represents obser-
vations (samples) and the latter indicates connections
between those observations. For a given dataset, adjacency
matrix (AM) formalizes this web of connections, by repre-
senting all connections via a square matrix whose size is
directly related to the number of observations available.
Figure 3 shows an example of such representation.

All null values show that there is no connection between
respective pair nodes. Values different from zero, conversely,
reveal links between nodes, where the strength of the con-
nection is correlated to the respective adjacency value. AM
is the core element of any graph, from where graph analysis,
visualization, and clustering is possible. For this work, dis-
crimination between different data states is essential; there-
fore, focus on graph clustering (GC) is required.

Graph clustering

Albeit all approaches take into account graph features for
discrimination, GC can have very distinct algorithms, such
as spectral partitioning (SP)21 and Newman–Girvan algo-
rithm (NGA),22 for example. Some drawbacks, however, are
common and make discrimination difficult. SP lacks a termi-
nation criterion for optimal clustering and NGA relies on
betweenness,15 a graph centrality measure, for finding impor-
tant hubs in the graph for clustering assessment, which may
not be available for a given graph.

To cope with some of these limitations, Louvain commu-
nity finding (LCF)23 is an algorithm with interesting charac-
teristics, based on a metric that, generally speaking,
evaluates the density of edges within a group, called modu-
larity.24 LCF algorithm can be split in two steps: local mod-
ularity optimization and graph update. The initial assumption
considers a weighted graph of N nodes, where different clus-
ters are assigned to each node, that is, there are as many
clusters as nodes. From this framework, a maximization of
modularity is pursued, according to the pseudoalgorithm
below:

Figure 5. Graph evolution according to LCF algorithm.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 6. Modularity evolution during LCF cycles.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]

Figure 7. Correlation assessment between two sam-
ples using the same GTM grid.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]
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1. For each node i, consider all neighboring communities
j of i.

2. Compute modularity gain (DQi;j) when i moves to each
community j. i moves to the cluster with maximum gain, if
the gain is positive. Otherwise, i stays in its original commu-
nity. Figure 4 shows the schematic representation of step 2
for one node, when tested against three other communities.

3. Test modularity gain for all nodes in sequence, till no
further improvement is achieved.

Modularity gain is calculated as described in Eq. 5

DQi;j5
ki;j

2m
2

kiRtot

2m2
(5)

where m is the total sum of edge weights in the graph, ki;j is
the sum of edge weights from i to j, ki is the sum of edge
weights incident to i and Rtot is the sum of edge weights
incident to nodes in j. Second phase is the graph update,
where all nodes of each community are condensed into a sin-
gle node, keeping in mind that edges between nodes of the
same community lead to self-loops. After the update, both
steps are repeated until no more modularity gain is achieved.
Figures 5 and 6 show graph and modularity evolution during
LCF cycles for a trivial example.

After the second cycle, the graph reaches a modularity
peak, indicating that this is the optimal configuration. By
observing the original graph on cycle 0, one can easily see
that it corresponds indeed to the best clustering scenario.
Any further clustering beyond that results in a modularity
drop. Appendix shows LCF pseudocode.

Process Monitoring

Principal component analysis and DPCA

Both PCA and DPCA can be used for process monitoring
using two indexes, T2 and Q, which evaluate data variation
and prediction residuals, respectively,25 as shown in Eqs. 6
and 7. Those values are calculated for each sample, where a
Q 3 T2 plot is used to indicate discrimination between groups

T2
n5
Xk

i51

tni

ki

� �2

(6)

Qn5
XM

i51

xni2x̂nið Þ2 (7)

where M is the number of input variables and k is the num-
ber of PC selected. tni is the score component for the nth

Figure 8. Artificial dataset.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 9. Unsupervised PCA Q 3 T2 plots for ADS.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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sample and ith t-score variable and ki is the estimated stand-
ard deviation of this t-score. x̂ is the estimated input given k
PC for data reconstruction.

Data belonging to different states would have different
ranges of T2 and Q, allowing for data discrimination and,
therefore, process monitoring. The usual approach to this
technique is supervised, where the reduced model is trained
only with data from a particular state, looking for all data
that deviates from it. Unsupervised training is also possible,
where the model uses all data available and tries to establish
two or more groups with clearly distinct T2 and/or Q ranges.

Generative topographic mapping

Knowing that latent space approximates the hyperdimen-
sional space, trained GTM maps can be used for process
monitoring, once data reduced to a latent framework is re-
plotted into the original space, giving a RE that can be cal-
culated,26 according to Eq. 8

REn5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXM

i51

Xn2XGTMnð Þ2
vuut (8)

where Xn and XGTMn are the original and reconstructed nth
sample, respectively. Similar to PCA, both supervised and
unsupervised approaches are possible, where the former only
uses one previously defined “normal” group for map training
and the latter uses all data for training. The purely unsuper-
vised approach performs poorly, however, since the map fits
both normal and outlier samples into the map, where there is
no sensible difference between calculated REs.

Graph theory

Graph theory is being incorporated in this work since its
visualization and clustering capacities match the data simi-
larity concept embraced by GTM. For similarity assessment,
however, one does not need latent variables and probabilistic
distributions necessarily. If enough variables are available,
data comparison can be calculated from them for each nth

sample. By skipping GTM, a process monitoring method
based solely on graph theory can be achieved, where LCF
algorithm is used for clustering.

Proposed method—GTM and graph theory
combined approach

The proposed approach is based on two key elements:
extraction of essential information and effective data cluster-
ing. GTM reduces data to a 2-D latent plot, removing redun-
dant and irrelevant information from the original dataset.
Every sample in the latent space has a unique PD profile,
which is used for similarity assessment, as represented sche-
matically in Figure 7.

Each PD can be expanded in a vector, which then is used
for squared Pearson product–moment correlation coefficient
(r2) calculation. One aspect that needs to be taken into
account, however, is that the size of the grid has a direct
impact in the sparseness of the vectors and the skewness of
the correlation obtained. The bigger the grid, the smaller
probability values on each point tend to be. Ideally, then, a
small grid would be desirable, to minimize the sparseness
effect. This is not realistic, though, given the fact that GTM
grids have to be somewhat refined to be able to discriminate
data in the first place. To cope with this limitation, a sliding
window approach for r2 calculation is proposed. While keep-
ing grid size big, r2 is calculated locally via a squared win-
dow that slides through the entire grid. The average r2, then,
is calculated and used as the similarity index.

Once similarity assessment is finished, AM can be con-
structed. For any given AM, however, only values equal to
zero establish no connection between nodes. Regardless of
how poorly correlated two samples might be their correlation
will not be exactly equal to zero. It is necessary, thus, a sim-
ilarity threshold where all values below it are considered
null. The threshold should not be too high as to ignore
important connections between samples and not too low as
to consider correlation by chance. While it is true that LCF
takes into account the strength of connections for clustering
and it can handle low edge weights, a fully connected graph

Figure 10. Supervised PCA Q 3 T2 plots for ADS.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 11. Supervised GTM RE plots for ADS.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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results in very poor clustering, even if most of the connec-
tions have negligible weights. Determining, then, a low
threshold rather than a high threshold is more important,
excluding correlation by chance and reducing considerably
the number of unnecessary connections. For this work, the
threshold was defined heuristically as 0.1, guaranteeing at
least that the structure of the network will be preserved,
leading to effective clustering. In addition, most correlation
values are rather small (<1025). Considering the threshold
equal to 0.1, therefore, guarantees that such negligible values
will not be part of the network with a good margin. From
this premise, varying the threshold to slightly higher and
lower values has little effect on the overall structure of the
network. The total number of connections is affected, yes,
but with little impact in the communities formed.

With the AM built, LCF can cluster data into groups with
similar characteristics. As an unsupervised method, the main
point is to be able to identify among all clusters found,
which one represents the state of interest. For fault identifi-
cation, for example, it is assumed that faults are a minority
of the system and due to their faulty nature, their behavior is
usually more erratic, that is, less stable. Normal operational
data, conversely, represents generally a majority of the sam-
ples available, where data itself is stable. From a graph
theory perspective, this means that normal data has a far
higher number of connected nodes combined with higher
connection density, which is used as reference for identifying
the optimal normal cluster. It is also important to notice that
anomalous data might be detected as not one cluster, but
several representing different fault characteristics.

The network can also deal with new data, since it can be
integrated to the network without any concerns. Once corre-
lation is calculated against all samples, connections can be

established and the new observation is now part of the opti-
mal, reduced network. Then, through LCF, it can be diag-
nosed whether that sample belongs to normal or anomalous
clusters. For the work presented here, new data is integrated
to the network for diagnosis, but soon discarded, that is, the
original network remains intact. The main aspect discussed
in this work is whether data can be discriminated in normal
and anomalous data. If data is incorporated to the network as
other samples are also incorporated, other issues like applic-
ability domain27,28 and data maintenance29 within the graph
itself arise, which is subject for another article.

Results and Discussion

To evaluate the potential of the proposed methodology,
two case studies are presented. A simple artificial dataset is
introduced initially to check how different types of anoma-
lies can be detected. Besides that, TEP,16 a simulated com-
plex nonlinear system is used for corroboration of the
methodology.

Fault identification performance is compared against PCA,
DPCA, GTM, and graph theory monitoring-independent
approaches, where both supervised and unsupervised PCA,
DPCA, and GTM are tested. All networks presented in this
work were created using Gephi,30 a free graph visualization
tool.

Artificial data set

An artificial dataset with four pseudorandom variables was
created, with 1000 equally spaced samples. Five distinct
anomaly scenarios were proposed, considering the most com-
mon deviations encountered in chemical plants. Additive
Outliers (AO) represents spikes in data. Level Shift (LS)

Figure 12. Unsupervised GTM RE plots for ADS.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 13. LS Similarity matrixes for GT and GTM 1 GT methods.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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indicate sudden and sustained change in state. Local Trend
(LT) shows continuous drift over time. Transient Change is
related to sudden changes damped over time. Seasonal
Change (SC) presents oscillatory faulty behavior. Finally,
Variance Change (VC) shows changes in data variation. The
disturbances occur for all variables simultaneously. Figure 8
shows data plots over time for each anomaly scenario.

For unsupervised PCA, Q 3 T2 plots shown in Figure 9
indicate poor monitoring performance for PCA, since only
AO and LS scenarios could be split in two groups. The hard-
ship on unsupervised monitoring lies on how to discriminate
groups with distinct characteristics effectively. PCA’s sim-
plistic approach and inherent linear capabilities show how
poorly PCA distinguishes time varying anomalies.

Supervised PCA can be seen in Figure 10, where a mild
improvement is obtained, even though still some scenarios
cannot be discriminated efficiently. Despite the supervised
knowledge available, PCA’s linear nature still takes a toll on
the overall fault identification performance.

As for the dynamic aspect of it, there are positive and
negative aspects of such insertion that should be mentioned.
While it is true that DPCA gives a better insight on the rela-
tionship between current and past samples, harm can also
come from it. In cases where faults are instantaneous, like
AO, not only outliers are detected as anomalies, but also
nearby normal data. The use of DPCA should be saved for
scenarios which clearly benefit from it, such as TEP. In addi-
tion, for this simple case study, the main goal is to motivate

Figure 14. GTM1GT ADS networks where upper networks are represented without any edges and lower networks
are represented with all available connections.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 15. Tennessee Eastman Process flow sheet.
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the use of the proposed method, relying on the nature of
dimensionality reduction and network clustering. The use of
DPCA is, therefore, not as interesting. DPCA analysis is,
thus, not shown here, so to be explored in its fullest in the
TEP section.

As for GTM, there is a clear difference between unsuper-
vised and supervised approaches. The latent map structure is
highly dependent on the data used for training. When only
normal data is used for map training, anomalous data clearly
has a greater RE, as seen in Figure 11 for all cases.
Unsupervised results, conversely, show a poor, yet predictable
scenario. The concept of RE assumes that samples not belong-
ing to the map domain will have higher RE than the ones
used for the delimitation of this domain. Since all data, both
normal and anomalous, are being used for training, there is no
sensible difference between faulty and normal samples, as
Figure 12 demonstrates. Unsupervised GTM, therefore, cannot
be used for fault identification when RE is used as an index.

Graph theory also had poor performance, since its similar-
ity matrixes could not detect any difference between normal
and faulty data. Figure 13 compares, for example, LS sce-
nario for Graph Theory and GTM/Graph Theory. If the simi-
larity matrix cannot recognize any patterns, the network has
similar connection density everywhere, resulting in one sin-
gle cluster or various small ones completely disconnected.
This is the result of all data complexity being reduced to
four features, which are not enough for discrimination of dif-

ferent states. Furthermore, all data information, both relevant
and irrelevant are being taken into account for similarity
assessment. The results are similar for the other cases as
well. The proposed method, conversely, deals with filtered
information, which clearly improves the resolution of the
similarity matrixes obtained.

Once GTM can select the most important data features, dis-
crimination becomes much more evident. This case study
motivates the use for the proposed method as a tool for fault
identification, where the networks shown in Figure 14 can
show such discrimination. Upper networks present all samples
without connections, so to ease the visualization of different
clusters. Lower networks show the relationship between sam-
ples in their entirety, presenting all nodes and edges.

For all cases, it is clear that one densely connected cluster
is formed, where anomalous clusters are just scattered.
Particularly for time varying faults, it can be seen that dis-
crimination is not perfect, but close to it. In LT, the variation
of the two initial anomalous samples was not big enough to
compensate the inner variation of normal data. It was, there-
fore, considered as normal. For SC, within the oscillatory
behavior, each sample that crossed the normal state was said
to be normal. As for VC, the samples whose change in varia-
tion was not enough to compensate the noise of the normal
state were still considered as normal. GTM treats every sam-
ple independently of time, which means the dynamics are
not being taken into account. Nonetheless, these results moti-
vate the use of the proposed approach for process
monitoring.

This simplified case study also gives some insight on the
nature of certain anomalies and their plants. In the case of
planned transitions, for example, the system could behave
similarly to the fault presented in LT. Assuming that normal
data is only the steady normal operation data, such transition
would be detected as a fault. Once the characteristics of the
transitioned cluster are known, however, one could take this

Table 1. Faults Defined in the TEP Process.

Fault ID Description Type

F1 A/C feed ratio, B composition constant Step
F2 B composition, A/C ratio constant Step
F6 A feed loss Step
F8 A, B, C feed composition Variation
F13 Reaction kinetics Slow Drift

Figure 16. Unsupervised PCA Q 3 T2 plots for TEP.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 17. Supervised PCA Q 3 T2 plots for TEP.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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information and incorporate it to the normal dataset, or hide
it from the network, or even ignore alerts coming from that
particular cluster. A more comprehensive framework is
required, however, the potential for such analysis is present.

Tennessee eastman process

TEP is a realistic industrial process for evaluating process
control and monitoring methods,16 as shown in Figure 15.
The system has eight components (A–H), 12 manipulated
variables and 41 process (measured) variables. In this pro-
cess, 21 preprogrammed faults (anomalies) are included,
with both training and test data available. Five of those
faults are explored in this work, according to Table 1. The
dataset was obtained from the literature.5

As shown in Table 1, three distinct types of faults were
considered: step change, random data variation, and slow drift
over time. In addition, differently from ADS, faults now are
local, happening in one variable instead of all simultaneously.
This adds an extra level of complexity for identification.

PCA had different results for this process, compared with
ADS. Unsupervised PCA kept performing poorly, as it can
be seen in Figure 16. Supervised PCA, conversely, could
handle discrimination rather well, according to Figure 17.
Labeled data can indeed help a great deal for data discrimi-
nation and clustering, even if the technique is as simplistic
as PCA. It is important to keep in mind, however, that such
positive result only motivates the comparison with our pro-
posed method, which is fully unsupervised.

The use of DPCA relies on knowing which delay is appro-
priately representing the existing dynamic information in the
system. By referring to the literature,17 the time shift d was
considered to be equal to 2, implying that each sample is
related to two immediate past samples. This approach shows
interesting results, which depict how the system behaves
once dynamical information is added, as it can be seen in
Figures 18 and 19. In its unsupervised form, clear discrimi-

nation is rather troublesome. Despite knowing that labels are
undisclosed, PCA presents a better potential for discrimina-
tion than DPCA. For the latter, most normal and anomalous
data occupy similar regions, resulting in nearly impossible
effective clustering. Once the supervised approach is consid-
ered, however, there is almost clear discrimination for all
cases. Improvement is achieved given that labels are known.
This gives an indication of how insertion of dynamics might
even lead to poorer discrimination in unsupervised
approaches, supporting the use of our proposed approach
instead.

As for GTM, the notion of a fully unsupervised GTM
approach for process monitoring fails similarly to the ADS
scenario, where no discernible difference between normal
and faulty REs can be detected. Supervised GTM, con-
versely, shows the benefit of labeled data again, where there
is a clear discrimination between samples, as shown in
Figure 20.

The proposed method, despite its unsupervised nature,
presents good discrimination results, where again one big,
densely connected cluster is formed, followed by other scat-
tered clusters with no particular pattern. Figure 21 shows the
networks generated for each scenario.

Finally, the graph theory approach had interesting results.
The presence of more variables allowed a better assessment
of correlation between samples, which allowed discrimina-
tion to a certain extent. For all cases but one faulty data
identification performance was poor, even though for the sin-
gle case where it worked the performance was on almost the
same level as the proposed method. This shows the contribu-
tion of not only GTM, but also graph theory to the identifi-
cation of data with different patterns.

Table 2 shows a summary, with the discrimination accu-
racy for all approaches. The scenarios marked with a hyphen
indicate where discrimination was not remotely possible,
which includes unsupervised PCA, DPCA, and GTM and

Figure 18. Unsupervised DPCA Q 3 T2 plots for TEP.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 19. Supervised DPCA Q 3 T2 plots for TEP.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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some graph theory cases. The most important aspect of this
analysis is that the proposed method, as an unsupervised
method, could discriminate normal and faulty data almost as
well as fully supervised PCA, DPCA, and GTM approaches.
This shows the potential that the proposed method has for
fault identification.

GTM can extract all essential information required for data
discrimination, while graph theory can take this information
and structure it in a way that samples with different character-
istics can be effectively clustered. One interesting aspect of
graph theory that can be misleading is what criterion is being
used for clustering. As Figure 21 shows, even clusters with
completely different characteristics have some interaction,
expressed by the connections between normal and anomalous
data. Connections alone, however, are not important for clus-
tering. What really matters is the density of connections
within each cluster and the discrepancy between densities of
different clusters. Once highly connected clusters are avail-
able, it is far more likely that this cluster will isolate itself
from other minor, unimportant clusters in the network.

As a final analysis, it is of general knowledge that chemi-
cal plants do not express one single type of anomaly
throughout its operation. The detection of multiple outliers,
therefore, or at least the discrimination between multiple
faults and normal scenarios, is highly desirable. With that in
mind, two new TEP datasets were created by simply merg-
ing different anomaly datasets. The first scenario involves
Faults 1 and 8, where anomalous data from Fault 8 was sim-
ply added to the end of the Fault 1 sequence, giving two dis-
tinct periods with different outliers. The second scenario,
more extreme, also added anomalous samples to the end of

Fault 1’s data sequence, but this time from all remaining
faults discussed in this work (Faults 2, 6, 8, and 13).
Knowing that the proposed method had an overall good per-
formance compared with the other methods presented, only
its results are shown. The final networks can be seen in
Figure 22 for both cases.

When both step change (F1) and random variation (F8)
are assessed together, the proposed methodology can dis-
criminate both anomalies from the normal data well, where
the anomalies assessed as outliers are the ones undetected
from F8 and normal samples are still highly connected to
each other. When all faults are considered, the connectivity
of normal samples is still present, however, there is much
more interference of outliers in the normal cluster.
Furthermore, there is a greater fuzziness present in the con-
nections between faulty and normal clusters, indicating a
greater interaction between samples in the GTM map.

Conclusion and Final Remarks

The use of unsupervised data rise some caution about the
nature of the analysis and about the real availability of
supervised data in practical applications. This work aimed to
show how it is possible to identify normal and faulty data in
a process, even when the notion of what is normal and what
is anomaly is inexistent. This can be triggered from a simple
lack of knowledge, given special scenarios such as emergen-
cies, but it is mainly about a change of perspective based on
unbiased analysis. More than the availability of knowledge,
the reliability of such should be questioned. If not always, at
least from time to time.

Figure 20. Supervised GTM RE plots for TEP.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 21. GTM1GT TEP networks where upper networks are represented without any edges and lower networks
are represented with all available connections.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

AIChE Journal May 2015 Vol. 61, No. 5 Published on behalf of the AIChE DOI 10.1002/aic 1569

http://wileyonlinelibrary.com
http://wileyonlinelibrary.com


Complete understanding of a chemical process subjected
to several uncertainties is an illusion and, at most, a naive
perspective. A false sense of security can be easily manufac-
tured by routine itself or by epistemic overconfidence. Being
able to perform an analysis free of biases and vices might
prevent false information to be carried out, which conse-
quently could avert accidents and/or economical mishaps.

By comparing two distinct scenarios, where labels are
assumed to be completely reliable (supervised approach) or
inexistent (unsupervised approach), this work showed that
the proposed scenario involving the combination of GTM
and graph theory performed closely to the supervised meth-
ods presented (PCA, DPCA, and GTM) for both case stud-
ies. Unsupervised process monitoring brings some
challenges, specially related to extracting the true relation-
ship between variables in a system. GTM highlights what is
important from the dataset, and graph theory finds a way to
bring this together into a concise, visual, and clear represen-
tation of different clusters, validating its use for fault identi-
fication of nonlinear processes in scenarios where labeled
data might not be available.

Finally, the use of graph theory for chemical engineering
applications is rather scarce, if not inexistent, where most
applications focus on representing the process itself as a
graph and not the observations from this process. The results
presented here reveal an unexplored potential arisen from the
exploration of connections between data, which has space
for further developments. Determining the optimal similarity
threshold for each network, for instance, can improve the
methodology even further, as also as adding a comprehen-
sive framework for considering transition clusters within the
network, leading to more achievements in the future.
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Appendix: LCF Pseudo-code

READ adjacencyMatrix

GET edgeList for each node from adjacencyMatrix

ASSIGN N clusters to N nodes

COLD5N

WHILE termination 5 false

termination 5 true

WHILE converged 5 false

converged 5 true

FOR i 5 1 to N

DECLARE DQMAT

FOR j 5 edgeList(i)

DQij 5 modularityDelta(i,j) #Modularity
calculation according to Eq. 1

DQMATðjÞ5DQij

END

IF maxðDQMATÞ > 0

ASSIGN i to respective max ðDQMATÞ cluster j

converged 5 false

END

END

ERASE K empty clusters

C 5 COLD - K

END

IF COLD 6¼ C

GET selfLoops for each cluster #Edges between
observations inside cluster C

GET interConnections for each cluster #Edges
connecting different clusters

adjacencyMatrix 5 newadjacencymatrix(selfLoops,
interConnections)

GET edgeList for each cluster from adjacencyMatrix

termination 5 false

END

END
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