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A B S T R A C T

Reliable and timely fault detection and isolation are necessary tasks to guarantee continuous performance in
complex industrial systems, avoiding failure propagation in the system and helping to minimize downtime.
Model-based diagnosis fulfils those requirements, and has the additional advantage of using reusable models.
However, reusing existing complex non-linear models for diagnosis in large industrial systems is not straightfor-
ward. Most of the times, the models have been created for other purposes different from diagnosis, and many
times the required analytical redundancy is small. The approach proposed in this work combines techniques from
two different research communities within Artificial Intelligence: Model-based Reasoning and Neural Networks.
In particular, in this work we propose to use Possible Conflicts, which is a model decomposition technique from
the Artificial Intelligence community to provide the structure (equations, inputs, outputs, and state variables)
of minimal models able to perform fault detection and isolation. Such structural information is then used to
design a grey box model by means of state space neural networks. In this work we prove that the structure of the
Minimal Evaluable Model for a Possible Conflict can be used in real-world industrial systems to guide the design
of the state space model of the neural network, reducing its complexity and avoiding the process of multiple
unknown parameter estimation in the first principles models. We demonstrate the feasibility of the approach in
an evaporator for a beet sugar factory using real data.

1. Introduction

Integrated Systems Health Management (ISHM) is an engineering
discipline that seeks to improve the operation of complex systems in the
presence of faults and degradations. The development of efficient and
reliable ISHM methodologies is fundamental to guarantee continuous
operation, to comply with safety requirements and to reduce costs
in large industrial systems. In particular, fault diagnosis of industrial
systems is an essential technology to avoid fault effects propagation,
to prevent failures, and to minimize downtime. The process of fault
diagnosis includes recognizing that a fault has occurred in the system
(i.e., fault detection), determining the root causes of the fault (i.e., fault
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isolation), and estimating the fault size (i.e., fault identification). In this
work we focus on model-based approaches for on-line fault detection,
isolation, and identification (FDII) in complex industrial systems.

Model-based diagnosis uses analytical models of the system to
estimate the proper behaviour and to compare with current observations
in order to detect anomalies. These models may come in different
formats: based on Physics first principles, usually as collection of
Ordinary or Differential Algebraic Equations, state-space models, or
based on empirical data and relating input and output measurements.
In the last three decades model-based diagnosis has been approached
by two different communities: DX (Hamscher et al., 1992) –using
Artificial Intelligence techniques–, and FDI (Gertler, 1998; Blanke et al.,
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2006; Patton et al., 2000) –based on Systems Theory and Control.
Both communities provide different but complementary techniques, as
demonstrated by recent works (Cordier et al., 2004; Bregon et al., 2014).
This work elaborates on the similarities of both approaches and focus
on consistency-based diagnosis using numerical models (Pulido et al.,
2001).

Consistency-based diagnosis proceeds in three stages: first, fault
detection is performed by detecting minimal conflicts in the system
(minimal set of equations or components involved in predicting a dis-
crepancy); second, fault isolation is achieved by computing the minimal
hitting-sets of the conflicts; third, fault identification requires using fault
models to predict the faulty behaviour (Reiter, 1987; Dressler and Struss,
1996), and rejecting those fault modes that are not consistent with
current observations. The main advantage of model-based diagnosis
techniques is the possibility to reuse existing models, but, when dealing
with complex industrial systems, this is also its main handicap. For these
systems, models are usually created for purposes different from fault
diagnosis (such as operator training), their calibration is a rather com-
plex problem, and the required analytical redundancy in the system is
small (due to the high price of including additional sensors, and because
their allocation is related to process control). Both problems exist in
large industrial systems where complexity comes from the highly non-
linear models required to mimic system performance. Consequently,
reusing existing non-linear models for diagnosis in those systems is not
straightforward.

Contrary to the model-based solutions, data-driven techniques have
been widely applied in industrial systems for monitoring and diagnosis
purposes. The basic idea behind these schemes is a direct construction
of a fault diagnosis system using a set of collected process data without
explicitly identifying an analytical system model, thus avoiding all
the complexity of the model generation and calibration. However, in
order to have an accurate and efficient solution to fault diagnosis using
data-driven techniques, very large amounts of nominal and faulty data
is necessary to correctly train the diagnosis system. This is specially
relevant for industrial systems exhibiting complex, non-linear dynamics.

In this work, we propose a hybrid solution where model decom-
position techniques can be used to analyse the relations among the
system model variables to design the basic structure of reduced grey-
box models that are then implemented using data-driven approaches.
Thus, we will not need complex analytical models specifically designed
for diagnosis purposes and we will not need large amounts of data
due to the smaller number of system variables interacting within the
reduced grey-box models. In particular, in this work we use Possible
Conflicts (PCs) (Pulido and Alonso-González, 2004) and state space
Neural Networks (ssNN) (Zamarreño and Vega, 1998). PCs define the
complete set of minimal redundant models that can become conflicts
and are computed off-line. PCs provide the structural model – equations,
input, output, and state variables – that can be used for fault diagnosis.
SSNN is a great tool for modelling non-linear processes as shown in
several cases (González Lanza and Zamarreño, 2002; Zamarreño et al.,
2000).

The main contribution of this work is a framework to use the
structural information in each PC to design a different kind of executable
model. In this work, where precise analytical models are difficult to
handle, we propose to build grey-box models based on a state space
neural network architecture derived from that structural information
in the PC, which links measurements with equations, and consequently
with parameters related to faulty behaviour. The ssNN are used to track
the system behaviour, but once a fault detection is confirmed we go back
to the structural information in the models and the consistency-based
diagnosis paradigm to perform fault isolation.

Preliminary results in an evaporation unit for a beet sugar factory
in Spain using real data show the feasibility of the approach. The
system has slow dynamics and due to the high costs of the start-up
mode, it should work for weeks uninterrupted. Main difficulty in the
existing models comes from the number of unknown parameters to be

identified in the model, and the presence of non-linearities that requires
expert manipulation in order to derive diagnosis-oriented models. An
additional problem to test any approach is that there is few information
about faults actually happening. Hence, any feedback from the model-
based diagnosis system will be very helpful for the system operators.

The organization of this paper is as follows: first we introduce the
Possible Conflicts technique used to find minimal models. Second, we
introduce the state space neural network approach to obtain grey-box
models for the Possible Conflicts. Next, we introduce the case study
which we later use for designing the grey-box models and test them
on nominal and faulty data, finally drawing some conclusions.

2. Possible Conflicts for structural model decomposition

In this section we introduce the basic definitions to understand the
model-based diagnosis approach using Possible Conflicts.

2.1. Possible Conflicts

The computation of the set of Possible Conflicts (PCs) (Pulido et al.,
2001; Pulido and Alonso-González, 2004) is a system model decompo-
sition method from the DX community, which searches for the whole
set of submodels with minimal analytical redundancy (the number of
equations in the submodel equals the set of unknown variables plus one)
from a given system model to perform fault diagnosis. PCs are computed
off line based on the analysis of the available system model, and each
PC is represented as a set of equations, together with its known and
unknown variables.

In this work we will focus our analysis on continuous systems, with
only one nominal operation mode, whose nominal behaviour can be
described as a set 𝛴 of Differential Algebraic Equations (DAEs). The
model of our system will be the required system description to perform
model-based diagnosis:

Definition 1 (Model). The system model can be defined as 𝑀(𝛴,𝑈, 𝑌 ,
𝑋,𝛩), where: 𝛴 is a set of DAEs, defined over a collection of known and
unknown variables: 𝑈 is a set of inputs, 𝑌 a set of outputs, 𝑋 a set of
state and/or intermediate, i.e., unknown variables, and 𝛩 is the set of
model parameters.

In our system model we have opted for not including explicitly in 𝛴
the observational model. In that sense, any variable in 𝑈 or in 𝑌 is the
potential source for a sensor fault. To cope with these faults explicitly
we should introduce one equation for each input (𝑢̂𝑖 = 𝑢𝑖𝑚𝑒𝑠 ) or output
(𝑦𝑗𝑚𝑒𝑠 = 𝑦𝑗), where we can introduce disturbance or sensor fault models.
For the sake of simplicity, instead of introducing one different equation
for each element in 𝑈 ∪ 𝑌 , we will use the notation 𝑚∗ to denote that
variable 𝑚 is computed directly from a sensor, either for input or as
output.

Off line PCs computation requires three steps:.

1. To generate an abstract representation of the system as a hyper-
graph. The nodes of the hypergraph are system variables and the
hyperarcs represent constraints between these variables. These
constraints are abstracted from the equations in 𝛴, because we
only need the information about the measured and unknown
variables in each model equation. Thus each equation 𝑐𝑖 ∈ 𝛴 will
provide one structural constraint: (𝑐𝑖 ∶ 𝑆𝑖, 𝑋𝑖), where 𝑆𝑖 ⊆ 𝑈 ∪𝑌
accounts for the measured input or output variables, and 𝑋𝑖 ⊆ 𝑋
accounts for the unknown (state or intermediate variables in 𝑐𝑖).

2. To derive Minimal Evaluation Chains (MECs), which are minimal
over-constrained subsystems. The existence of a MEC is a neces-
sary condition for analytical redundancy to exist. MECs have the
potential to be solved using local propagation (solving one equa-
tion in one unknown) from the set of available measurements.
Each MEC will define a model for a subsystem: 𝑀𝐸𝐶𝑚 =
(𝛴𝑚, 𝑆𝑚, 𝑌𝑚, 𝑋𝑚, 𝛩𝑚) ⊆ 𝑀 where 𝛴𝑚 ⊆ 𝛴,𝑆𝑚 ⊆ (𝑈 ∪ 𝑌 ), 𝑌𝑚 ⊆
𝑌 ,𝑋𝑚 ⊆ 𝑋,𝛩𝑚 ⊆ 𝛩, 𝑆𝑚 has at least one element, and 𝑌𝑚 has
exactly one element.
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3. To generate Minimal Evaluation Models (MEMs) by assigning
causality4 to the constraints in the set of MECs, if possible.
Each constraint (𝑐𝑖 ∶ 𝑆𝑖, 𝑋𝑖) ∈ 𝛴𝑚 can be solved in one or more
causal ways. Hence, for each 𝑐𝑖 there are (𝑐𝑖𝑗 ∶ 𝑆𝑖𝑗 , 𝑋𝑖𝑗 ) where
𝑗 ≥ 1.
Each MEM is a directed hypergraph derived from a 𝑀𝐸𝐶𝑚,
𝐻𝑚𝑒𝑚 = {𝑉𝑚𝑒𝑚, 𝑅𝑚𝑒𝑚}, where 𝑉𝑚𝑒𝑚 = 𝑈𝑚 ∪ 𝑌𝑚 ∪ 𝑋𝑚 and 𝑅𝑚𝑒𝑚 ⊂
𝑉𝑚𝑒𝑚 ×⋯ × 𝑉𝑚𝑒𝑚. The leaves in the hypergraph are the variables
in 𝑈𝑚, the intermediate nodes are the variables in 𝑋𝑚, and the
root is 𝑦̂𝑚 ∈ 𝑌𝑚. Each hyperarc 𝑟𝑖 ∈ 𝑅𝑚𝑒𝑚 in the MEM represents
one causal assignment (𝑐𝑖𝑗 ∶ 𝑆𝑖𝑗 , 𝑋𝑖𝑗 ) ∈ 𝛴𝑚 for 𝑐𝑖 in 𝑀𝐸𝐶𝑚.
That is, the MEM specifies the order in which equations in a MEC
should be locally solved starting from input measurements 𝑈𝑚 to
generate the subsystem output 𝑦̂𝑚, which is later checked against
𝑦𝑚 ∈ 𝑌𝑚. There will be zero or more MEMs for each MEC. If
there are zero, it means that the MEC cannot be solved using local
propagation. Otherwise, there is at least one MEM that represents
an ordering about how the set of equations can be solved to
estimate the redundant variable 𝑦̂𝑚, and such ordering can be
used to build an executable model.
Given that we have opted for an implicit observational model, the
presence of a measurement in the graphical description of a MEM,
expressed as 𝑚∗, represents two different equations given its place
in the graphical model. If 𝑚∗ is a leaf in the MEM, it represents
a value from 𝑈𝑚, and the node 𝑢∗𝑖 ∈ 𝑈𝑚 must be interpreted as
𝑢̂𝑖 = 𝑢𝑖𝑚𝑒𝑠 . If 𝑚∗ is the root, it is the only output value in the
MEM, and represents a value in 𝑌𝑚. The node 𝑦∗𝑚 ∈ 𝑌𝑚 must be
interpreted as 𝑦𝑚𝑚𝑒𝑠

= 𝑦̂𝑚.

Although these steps are done off line, the executable model pro-
vided by the MEM (in the form of simulation or state-observer, as it
will be explained later) can be used afterwards on line to estimate
nominal behaviour, thus allowing to track the system and computing
a residual for each MEM, being the difference between the estimated
and the measured variables: 𝑦̂𝑚 − 𝑦𝑚𝑚𝑒𝑠

.
In consistency-based diagnosis (Reiter, 1987; de Kleer and Williams,

1987) a conflict arises given a discrepancy between observed and
predicted values for the same variable.5 Hence, conflicts are the result
of the fault detection stage. PCs have been designed to find off line those
subsystems capable to become conflicts online. This notion leads to the
definition of a Possible Conflict:

Definition 2 (Possible Conflict (PC)). The set of constraints in a MEC that
give rise to at least one MEM.

Different works have demonstrated the relation between the DX and
FDI approaches (Cordier et al., 2004), between PCs/MECs, Analytical
Redundancy Relations (ARRs), and other structural model decompo-
sition methods for static systems (Armengol et al., 2009), and linear
dynamic systems (Bregon et al., 2014). Because we are interested in
diagnosing continuous dynamic systems, we need to include additional
information to make more explicit this similarity.

2.2. Inclusion of temporal information in the models

The common framework for DX and FDI diagnosis stated by Cordier
et al. (2004) and later extended by Armengol et al. (2009) works just
for static systems. There is no general theory for dynamic systems in
the DX world that can extend the Reiter formalization for consistency-
based diagnosis (Reiter, 1987). For that reason, it is necessary to
provide ad-hoc extensions to consistency-based diagnosis for dynamic

4 In this context, by causality assignment we mean every possible way one
variable in one equation can be solved assuming the remaining variables are
known.

5 In FDI terminology a conflict arises when the residual deviates significantly
from zero.

systems (Mosterman and Biswas, 1999; Travé-Massuyès and Milne,
1997; Bregon et al., 2014).

The main difference between static and dynamic system models is
the presence of equations or constraints linking state variables and their
derivatives (Dressler, 1996; Frisk et al., 2003; Pulido et al., 2010). As a
consequence, there are two kinds of constraints in the model: Differential
constraints, those used to model dynamic behaviour, and instantaneous
constraints, those used to model static or instantaneous relations be-
tween system variables. Differential constraints represent a relation
between a state variable and its first derivative (𝑥(𝑡), 𝑥̇(𝑡)). As shown by
Frisk et al. (2003) the fact that this equation is explicitly represented or
not does not introduce genuinely new structural information. In the PCs
approach this representation is always explicit.

Differential constraints in the MEMs can be interpreted in two ways,
depending on the selected causality assignment. In integral causality,
and assuming that we have a discretized model and a time sampling
equal to 1, this constraint is solved as 𝑥(𝑡) = 𝑥(𝑡 − 1) + ∫ 𝑡

𝑡−1 𝑥̇(𝑡)𝑑𝑡. In
derivative causality, 𝑥̇(𝑡) = 𝑑𝑥(𝑡)

𝑑𝑡 assumes that the derivative can be
computed based on present and past samples for 𝑥. Integral causality
usually implies using simulation, and it is the preferred approach in
the DX field. Derivative causality is the preferred approach in the FDI
approach. Both have been demonstrated to be equivalent for numerical
models, assuming adequate sampling rates and precise approximations
for derivative computation are available, and assuming initial condi-
tions for simulation are known (Chantler et al., 1996). PCs can easily
handle both types of causality, since they only represent a different
causal assignment while building MEMs (Pulido et al., 2010).

Special attention must be paid to loops in the MEM (set of equations
that must be solved simultaneously). Loops containing differential
constraints in integral causality are allowed, because under integral
causality the time indices are different to both sides of the differential
constraint (Dressler, 1994, 1996). It is generally accepted that loops
containing differential constraints in derivative causality cannot be
solved (Blanke et al., 2006).

Summarizing, each MEM for a PC represents how to build an
executable model to monitor the behaviour of the subsystem defined by
the PC, just traversing the MEM structure from leaves to the root (which
is 𝑦𝑚). Such executable model can be implemented as a simulation model
or as a state-observer (Pulido et al., 2010; Bregon et al., 2014). However,
building such model for complex non-linear systems is not a trivial task.

2.3. From DAEs to state-space representation in PCs

Our PCs are made up of a collection of DAEs: 𝛴𝑚 ⊆ 𝛴, and when
we include differential constraints they contain state variables. Can we
obtain a state-space representation equivalent to the DAE form? We will
explain that in this subsection.

Let us consider a dynamic nonlinear system described by

𝐱̇(𝑡) = 𝐟 (𝐱(𝑡),𝐮(𝑡), 𝐯(𝑡)) (1)
𝐲(𝑡) = 𝐠(𝐱(𝑡),𝐮(𝑡),𝐰(𝑡)) (2)

where 𝐱 ∈ ℜ𝑛𝑥 , 𝐮 ∈ ℜ𝑛𝑢 , 𝐲 ∈ ℜ𝑛𝑦 are the state, input, and output vectors,
respectively, 𝐯 ∈ ℜ𝑛𝑣 𝐰 ∈ ℜ𝑛𝑤 represents the process and measurement
noise vectors, respectively, and 𝐟 (⋅) and 𝐠(⋅) are nonlinear functions. The
dimension of a vector 𝑎 is denoted by 𝑛𝑎. The general model described by
Eqs. (1) and (2) can be implemented as a simulation or a state observer
model as follows:

̇̂𝐱(𝑡) = 𝐟 (𝐱̂(𝑡),𝐮(𝑡), 𝐯(𝑡)) + 𝐤 ⋅ (𝐲(𝑡) − 𝐲̂(𝑡)) (3)
𝐲̂(𝑡) = 𝐠(𝐱̂(𝑡),𝐮(𝑡),𝐰(𝑡)) (4)

where 𝐱̂ and 𝐲̂ are the estimated state and output variables, respectively.
𝐤 is the observer gain, which filters out the difference between the
measured and estimated variables, minimizing the error, 𝐞𝐲(𝑡) = 𝐲(𝑡) −
𝐲̂(𝑡), considering a given design criterion. Depending on the computed
value for 𝐤, if 𝐤 = 0 we have the simulation model for the system, but if

69



B. Pulido, J.M. Zamarreño, A. Merino et al. Engineering Applications of Artificial Intelligence 79 (2019) 67–86

𝐤 ≠ 0 we have a general state observer model for the same system (Puig
et al., 2006).

A MEM is built in such way that guarantees structural observability,
according to Staroswiecki (2007):

Definition 3 (Structural Observability). A system in integral causality is
structurally observable if there exists a matching6 that is complete on
the unknown variables.

As mentioned before in this work we have imposed integral causality
on Possible Conflicts calculation. Moreover, each PC defines a strictly
overdetermined set of constraints, i.e. a MEC. By construction each
MEC defines a bipartite graph, made up of the constraints and the
unknown variables, with a complete matching in the unknowns7 (Pulido
and Alonso-González, 2004). Consequently, once differential equations
are introduced, each MEM defines a subsystem that is structurally
observable (Bregon et al., 2014) if it contains at least one state variable
and its differential constraint.

Theorem 1. Given a PC, if its MEM describes a dynamic subsystem, this
subsystem is structurally observable.

Given a Minimal Evaluation Model, 𝑀𝐸𝑀𝑖, 𝐻𝑚𝑒𝑚𝑖
= {𝑉𝑚𝑒𝑚𝑖

, 𝑅𝑚𝑒𝑚𝑖
},

its state space representation can be expressed in a general way by the
tuple (𝐱𝐢,𝐮𝐢, 𝑦𝑖, 𝐟𝐢, 𝑔𝑖), where:

• 𝐱𝐢 = ⟨𝑥𝑖1 , 𝑥𝑖2 ,… , 𝑥𝑖𝑛 ⟩ is the state vector of the system described by
𝑀𝐸𝑀𝑖,

• 𝐮𝐢 = ⟨𝑢𝑖1 , 𝑢𝑖2 ,… , 𝑢𝑖𝑚 ⟩ is the input vector of the system described by
𝑀𝐸𝑀𝑖,

• 𝑦𝑖 is the output of the system described by 𝑀𝐸𝑀𝑖
• 𝐟𝐢 is the state function of the system described by 𝑀𝐸𝑀𝑖,
• 𝑔𝑖 is the output function of the system described by 𝑀𝐸𝑀𝑖.

with {𝑥𝑖1 , 𝑥𝑖2 ,… , 𝑥𝑖𝑛 , 𝑢𝑖1 , 𝑢𝑖2 ,… , 𝑢𝑖𝑚 , 𝑦𝑖} ⊆ 𝑉𝑚𝑒𝑚𝑖
, {𝑥̇𝑖1 , 𝑥̇𝑖2 ,… , 𝑥̇𝑖𝑛} ⊆

𝑉𝑚𝑒𝑚𝑖
, 𝑦𝑖 is the discrepancy node of 𝑀𝐸𝑀𝑖, {𝑢𝑖1 , 𝑢𝑖2 ,… , 𝑢𝑖𝑚 , 𝑦𝑖} are the

only observed variables of 𝑀𝐸𝑀𝑖 and

𝐱̇𝑖(𝑡) = 𝐟𝐢(𝐱𝐢(𝑡),𝐮𝐢(𝑡)) (5)
𝑦𝑖(𝑡) = 𝑔𝑖(𝐱𝐢(𝑡),𝐮𝐢(𝑡)) (6)

When 𝑀𝐸𝑀𝑖 has no algebraic loops, each component of the state
function, 𝑓𝑖𝑗 , is obtained from 𝐻𝑚𝑒𝑚𝑖

by the following procedure:

• Build subgraph 𝐻𝑓𝑖𝑗
⊆ 𝐻𝑚𝑒𝑚𝑖

, traversing 𝐻𝑚𝑒𝑚𝑖
from the occur-

rence of 𝑥̇𝑗 to the first occurrence of either an input or a state
variable.

• Compose the equations that label the arcs of 𝐻𝑓𝑖𝑗
from inputs and

state variables to 𝑥̇𝑗 .

Similarly, the output function 𝑔𝑖 is obtained from 𝐻𝑚𝑒𝑚𝑖
by the

procedure:

• Built subgraph 𝐻𝑔𝑖 ⊆ 𝐻𝑚𝑒𝑚𝑖
, traversing 𝐻𝑚𝑒𝑚𝑖

from the output 𝑦𝑖
to the first occurrence of either an input or state variable.

• Compose the equations that label the arcs of 𝐻𝑔𝑖 from inputs and
state variables to 𝑦𝑖.

6 In the structural approach defined by Staroswiecki, the structural model
defines a bipartite graph for the constraints and the unknown variables in the
system. The matching in the definition refers to a matching in that bipartite
graph. The reader can find additional information in those structural issues in
the work by Blanke et al. (2006).

7 This is easy to understand because MECs are built adding one constraint
in each step to determine an unknown variable, mimicking how the CBD
computational paradigm works on-line (de Kleer and Williams, 1987).

By construction, the causal matching in each MEM guarantees that
∀𝑖, 𝑗, 𝐻𝑓𝑖𝑗

and 𝐻𝑔𝑖 can be built for any 𝑀𝐸𝑀𝑖 and state variable 𝑥𝑖𝑗
in 𝑀𝐸𝑀𝑖. Consequently, when 𝑀𝐸𝑀𝑖 has no algebraic loops, the
analytical expression of 𝑓𝑖𝑗 and 𝑔𝑖 can always be obtained from 𝑀𝐸𝑀𝑖.

If 𝑀𝐸𝑀𝑖 has an algebraic loop, we cannot obtain the analytical
expression of 𝑓𝑖𝑗 and/or 𝑔𝑖. Nevertheless, we still can built 𝐻𝑓𝑖𝑗

and
𝐻𝑔𝑖 , which provide the structural description of 𝑓𝑖𝑗 and 𝑔𝑖, respectively.
From these structural descriptions an external solver can compute the
value of all the unknown variables in state space formulation.

2.4. Fault detection and isolation capabilities for PCs

Each 𝑃𝐶 can be used to track a part of the system and consequently
is sensitive to faults in that part of the system. In this work we have
considered both additive and parametric faults related to output sensor
faults and faults in components. Each fault will affect a parameter in one
model equation. Regarding faults in components we will consider for
instance mass or heat leakages, together with broken pipes or blocked
valves.

If we decide to include explicitly faults in sensors, we should add one
column for each input in 𝑆𝑚, and the output 𝑌𝑚 in the model for each
PC.

Using this structural information we can build the Theoretical Fault
Signature Matrix for the set of PCs, linking measurements and paramet-
ric faults with their corresponding equations. This is the information
required to perform fault isolation.

Next section shows the fundamentals for the type of neural network
model used in this work, and later we will illustrate all these concepts
in our case study.

3. State space neural networks for behaviour estimation

3.1. Description

State space Neural Networks (ssNN) (Zamarreño and Vega, 1998)
is a great tool for modelling non-linear processes as shown in several
cases (González Lanza and Zamarreño, 2002; Zamarreño et al., 2000);
even in the sugar industry (Zamarreño and Vega, 1997). Main advan-
tages of such modelling approach are its ability for representing any
non-linear dynamics, and what is called a parallel model. This model
represents the cause–effect process dynamics without considering past
inputs and/or past outputs. The dynamic relation is modelled by the
state layer, which calculates the internal state of the network using just
current inputs of the model and internal state values from the previous
time step.

The architecture of the ssNN (see Fig. 1) consists of five blocks, and
each block represents a neural network layer. From left to right, the
number of neurons (or processing elements) at each layer is 𝑛, ℎ, 𝑠, ℎ2
and 𝑚. The third layer represents the state of the system (the dynamics).
As it can be seen in the figure, there is a feedback from the state layer to
the previous layer, which means that the current state depends (in a non-
linear way) on the state at the previous time step. The second and fourth
layers model the non-linear behaviour: from the inputs to the states and
from the states (and possibly inputs) to the outputs, respectively. The
first and the fifth layers provide linear transformations from inputs and
to outputs, respectively.

The ssNN is implemented by the following mathematical represen-
tation:
̂⃗𝑥(𝑡 + 1) = 𝑊 ℎ ⋅ 𝑓1(𝑊 𝑟 ⋅ ̂⃗𝑥(𝑡) +𝑊 𝑖 ⋅ 𝑢(𝑡) + 𝐵ℎ) (7)

̂⃗𝑦(𝑡) = 𝑊 𝑜 ⋅ 𝑓2(𝑊 ℎ2 ⋅ ̂⃗𝑥(𝑡) +𝑊 𝑢 ⋅ 𝑢(𝑡) + 𝐵ℎ2) (8)

where the parameters are weight matrices, 𝑊 , and bias vectors, 𝐵:

• 𝑊 𝑖, 𝑊 ℎ, 𝑊 𝑟, 𝑊 ℎ2, 𝑊 𝑢, 𝑊 𝑜 are matrices with dimension h x n,
s x h, h x s, h2 x s, h2 x n and m x h2, respectively.

• 𝐵ℎ and 𝐵ℎ2 are bias vectors with h and h2 elements respectively.
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Fig. 1. Generic state space Neural Network architecture.

• 𝑓1 and 𝑓2 are two functions (non-linear, in general) which are
applied elementwise to a vector or matrix. They are usually of
sigmoid type.

Eqs. (7) and (8) represent a discrete nonlinear state space model
where the nonlinear functions 𝑓1 and 𝑓2 map the nonlinearities of
the states and outputs, respectively. In this sense, Eqs. (7) and (8)
can be seen as a neural discrete form of the state space continuous
representation given by Eqs. (5) and (6).

For some processes, where some a priori knowledge about the first
principle equations can be obtained, a black box model could be too
generic to obtain good results. But this knowledge can be used to restrict
the architecture of the model, so we end up with a grey box model that can
be better adjusted to mimic the process. We will apply this procedure
at Section 5.1, when developing the neural models for the evaporation
case study.

As seen at Section 2, a MEM represents how the equations must be
used to compute the output, using measurements as inputs, and how the
inputs are used to compute the intermediate unknown variables. At each
MEM, the states can be easily identified as they appear as a differential
constraint (a directed arc between the derivative of the state and the
state itself). From this representation, a rather automatic procedure can
be derived to obtain a custom ssNN model that represents the process
characteristics in a better way. The steps to derive a custom ssNN model
from a MEM are very similar to those described in Section 2.3 to obtain
a state-space representation for a MEM. These steps are as follows:

• Identify the states. This gives us the number of states s for the ssNN
model.

• Obtain the dependency between each state and the measurements
(inputs) by analysing 𝑓𝑖 (Eq. (5)). This relationship establish a sim-
plified weight matrix (𝑊 𝑖) where some connections are missing
which results in a structured matrix with some zero submatrices.
Moreover, as each state is modelled independently, the second
layer at Fig. 1 can be split into s independent nonlinear blocks,
which also simplifies 𝑊 ℎ and 𝑊 𝑟 as some connections would not
be present.

• Obtain the dependency between the output and the states by
analysing 𝑔𝑖 (Eq. (6)). This relationship could simplify 𝑊 ℎ2 if the
output does not depend on all states.

As mentioned before, these neural models can also been obtained
through the state-space representation deduced at Section 2.3. This
procedure will be applied to the case study at Section 5.1 and explained
in detail at Section 5.1.4.

3.2. Training

Training is the process of modifying the parameters (weights and
bias) of the neural network to adjust its output to the process output.
Error between the neural network output and process output has to be
minimized, so the training procedure is an optimization task where some
index, Sum Squared Error (SSE) in our case, has to be minimized.

A feedforward network is quite easy to train, using the backpropa-
gation method or some of its variants. But a recurrent neural network
(such as ssNN) is more difficult to train due to the recurrent connections.

Stochastic methods are an alternative for this kind of neural network,
which results in easier to implement training algorithms. The Modified
Random Optimization Method (Solis and Wets, 1981) has been selected
in this work, but with some modifications to improve convergence as
shown in González-Lanza and Zamarreño (2002).

Summarizing, our proposal consist on analysing the system de-
scription in a given model finding the set of PCs, then using ssNN
to implement the MEMs just considering the causal relations between
variables. Then, the ssNN must be trained to track the system behaviour
using just nominal data. The residual obtained from the difference
between the expected and real behaviour will be used for fault detection.

4. Case study: an evaporation section in a beet sugar factory

4.1. Description of the evaporation unit

The proposed approach will be tested using real data corresponding
to an evaporation station of a beet sugar factory. Sugar production
involves various sections such as diffusion, purification, evaporation
and crystallization (van der Poel et al., 1998). Sucrose is extracted
from sugar beets in the diffusion section and then purified to remove
impurities. At the end of those two stages, a juice with low sucrose
concentration is obtained. Evaporation is one of the main parts of the
plant; in the evaporation section the water contained in that juice
is evaporated in order to obtain a higher concentration. Finally, the
resulting syrup is used to obtain sugar crystals in a set of vacuum pans.
Fig. 2 shows the main elements in an evaporation plant: the evaporation
units. In evaporation sections, in order to use steam efficiently, various
evaporators are arranged in a way that the steam produced in some
evaporators is used by others working at lower pressure, while the juice
flows from one effect to another increasing the sugar concentration. A
group of one or more evaporators working at the same pressure is called
an ‘‘effect’’. Only the first effect is fed with boilers steam and purified
juice. In the last effect, the evaporated steam escapes from the juice
chamber to a barometric condenser.

The case study plant corresponds to a sugar factory in Olmedo
(Spain) that has a set of six effects interconnected through pipelines
and valves. The total amount of measurements in the plant exceeds 850
sensors.

In sugar factories various types of evaporators are used. Usually, in
the first effects, Robert evaporators are used, while in the last effects,
due to the lower temperature difference between the steam and the
juice, falling film evaporators are used (Asadi, 2007). In this case study,
the first effect of the evaporation is analysed, so a Robert evaporator
is used. Robert evaporators have two chambers: the juice chamber and
the steam chamber. The steam chamber surrounds a set of vertical tubes
that contains boiling juice. A flow of steam enters the steam chamber
and transfers heat to the juice providing the energy needed for boiling.
The steam condenses around the tubes and leaves the evaporator as
condensate. Boiling juice overflows the tubes bundle and leaves the
evaporator through a tube, called ‘‘central well’’. The inner tubes, where
the heat transmission takes place is called ‘‘calandria’’ and together with
head space form the ‘‘juice chamber’’. The steam produced from the
water evaporation reaches the upper space and leaves the juice chamber
by a pipe at the top.

In Fig. 3, a scheme of a Robert evaporation is displayed. The location
of the variables used in the next sections to evaluate the PCs and the
SSNN is also shown. The nomenclature of the variables used in this paper
for the evaporator case study can be found in Table A.1 at Appendix.

4.2. The experimental data-set

Real data were collected from the 2015 campaign, from December
5th, 2014 to January 19th, 2015 with 30 s as sampling time in the sugar
factory located at Olmedo (Valladolid). Collected variables were (see
Fig. 3 for their location):
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Fig. 2. Six evaporation units for the evaporation section in a beet sugar factory in Spain.

• 𝑂𝑝: Opening of the control valve that regulates the juice coming
into the evaporator (%)

• 𝐿: Level of the evaporator (%)
• 𝑇𝑗𝑖: Juice temperature at the input (◦C)
• 𝑇𝑗𝑜: Juice temperature at the output (◦C)
• 𝑇𝑠: Temperature of the steam entering the steam chamber (◦C)
• 𝑊𝑠: Steam flow entering the steam chamber (T/h)
• 𝑃𝑠: Pressure of the steam entering the steam chamber (bar)
• 𝑇𝑣: Temperature of the generated steam (◦C)
• 𝑊𝑗𝑖: Juice flow at the input (m3∕h)
• 𝑊𝑗𝑜: Juice flow at the output (m3∕h) (estimated from other process

variables)
• 𝑃𝑣: Pressure of the generated steam (bar)
• 𝑃𝑣𝑛: Pressure at the next evaporator (bar). This variable does not

appear in Fig. 3, but it is important because the steam flow leaving
the evaporator depends on this pressure.

𝑐𝑗𝑖 and 𝑐𝑗𝑜 correspond to the sugar concentration at the input and
the output of the evaporator, respectively. The value of 𝑐𝑗𝑖 is obtained
by chemical analysis periodically but its dynamics are smaller than the
rest of variables analysed here. Hence, we consider 𝑐𝑗𝑖 as an input and
constant through the simulation process. On the other hand 𝑐𝑗𝑜 is not
measured until the end of the last effect.

𝐿𝐶 is the acronym for a level controller existing in the evaporator
which is a Proportional Integral Derivative (PID) regulator that mea-
sures the level of the evaporator 𝐿 and calculates the value for the valve
opening 𝑂𝑝 for the juice entering the evaporator, see Eqs. (20), (40) and
(41). The juice flow leaving the evaporators 𝑊𝑗𝑜 is not directly measured
in the plant. Nevertheless, this flow can be easily estimated using other
plant measurements and applying the equation for the calculation of the
flow of an incompressible fluid through a valve:

𝑊𝑗𝑜 = 𝑂𝑝𝑛 ⋅ 𝐶𝑣𝑛 ⋅ 𝑠𝑔𝑛(𝛥𝑃𝑛) ⋅
√

|

|

𝛥𝑃𝑛
|

|

(9)

being 𝛥𝑃𝑛 the pressure difference between effect 1 and 2:

𝛥𝑃𝑛 = (𝑃𝑣 + 𝜌 ⋅ 𝑔 ⋅ ℎ) − (𝑃𝑣𝑛 + 𝜌𝑛 ⋅ 𝑔 ⋅ ℎ𝑛) (10)

4.3. The simulation models

In process industry, there are usually available simple stationary
models used by plant engineers to make calculations about the process
performance. Recently, more elaborate dynamic models have been
developed in process plants to implement Data validation and Recon-
ciliation, Real Time Optimization (RTO), Economic Model Predictive
Controllers, training simulators, etc. (Engell, 2007). For the case study
described in this paper, there exists a training simulator, and stationary
models for RTO (Merino et al., 2005; Acebes et al., 2009).

Rigorous modelling of an evaporator is quite complex. Besides
classical mass and heat balances, models should include complex flow
patterns, evaporation calculations and thermodynamic equations. If
those models are also going to be used in fault detection, extra relations
to represent the faulty behaviour should be included. Even with the
existence of complex dynamic models for other purposes, the reuse of
those models for diagnosis is not straightforward.

On the one hand, the available set of measurements in the process
together with the set of equations will determine the available analytical
redundancy in the system, which will be the basis for our model-based
diagnosis proposal.

On the other hand, there is no need of a match between the physical
causality of the modelled system and the causality imposed by the

Fig. 3. Schematic of an evaporator.
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Table 1
RMSE for simulated variables using the first principles mathematical model.

Variable RMSE Output mean Relative error

𝑊 𝑗𝑖 16.62 m3∕h 540 m3∕h 3%
𝑇 𝑣 0.74 ◦C 124 ◦C 0.6%
𝑃𝑣 0.048 bar 1.4 bar 3.4%

availability of the measures. This involves the symbolic manipulation
of the mathematical model, which is usually complex, even when using
object oriented modelling languages that allow non-causal modelling.
For example, in the case of evaporation, the juice level is a measured
variable. This variable, from the point of view of the physical modelling,
is a state variable that is calculated by numerical integration. In the
case of fault diagnosis, this variable is a measurement that cannot
be calculated by the model by integration without appearing a high
index problem (Pantelides, 1988). This makes necessary to manipulate
the model so that the present binding disappears. In the simple case
described that includes only one effect of an evaporation section, six
parameters need to be estimated, and the assumptions and simplifica-
tions made in the models can cause mismatches that can induce false
detection.

To develop this work two different models of one evaporator have
been used. The first one is a simple model, provided in Section 4.4,
similar to the basic mass and energy balances available in many
industries. This model is enough for the proposed methodology because
it provides the relations between process variables necessary to imple-
ment PCs, avoiding the intensive work related with detailed modelling
development.

The second model was developed to simulate the behaviour of the
evaporator when failures occur and was necessary due to the difficulty
to obtain real plant data with the failures needed to perform the tests
for this study. In this case, the model is a detailed rigorous complex
dynamic mathematical model that uses first principles equations. This
model is based on previous models created for a training simulator
carried out at the University of Valladolid, Spain (Merino et al., 2005).
The model has been developed using the EcosimPro (Empresarios
Agrupados Internacional, 2012) simulation language, by the aggrega-
tion of libraries of elemental units in an object oriented modelling
approach (Merino, 2008). The model includes the evaporator and other
auxiliary equipment of the plant, resulting in 144 equations and 10 state
variables and is able to represent accurately the plant performance.8

Fig. 4 shows the comparison between the simulated and the real
measured variables for two main variables on the evaporation process.
The upper graph shows the juice flow entering the juice chamber; such
flow is regulated by a valve controlling the level. The lower graph shows
the evolution of the juice temperature leaving the juice chamber. The
model also includes equations to simulate several malfunctions that can
eventually occur in evaporation sections. Due to the lack of failures in
the collected data, the simulator is going to be used to generate data
corresponding to the expected malfunctions, as described in Section 6.

Table 1 shows the RMSE (Root-mean-square error) for some plant
measurements compared with the values obtained with the mathemati-
cal model.

4.4. Model equations for the evaporator

In this section, the model used to perform the different MEMs for
the evaporator is detailed. This model is a reduced version of the
model used for the generation of failures. The complete model is quite
complex and will not be described here. For details about the complete
model (Merino, 2008) can be consulted. The models are presented
attending to the different parts of a Robert evaporator as described

8 The complete Ecosim model for only the evaporation section of the factory
contains more than 2500 equations and more than 250 state variables.

before: the juice chamber and the steam chamber. As it was mentioned
before, the nomenclature used for the evaporation case study is detailed
in Table A.1 at Appendix.

The general assumptions for the model described here are the
following:

• Inside all chambers perfect mixing is considered, so properties
are homogeneous inside the whole chamber and equal to the
properties at the outlet.

• Steams are considered always saturated, so no sensible heat is
considered.

• Energy losses are neglected.
• Gases are considered as ideal.
• Liquid and gas phases are perfectly separated.

Specific assumptions for the different parts of the evaporator are in-
cluded in the next subsections.

4.4.1. Juice chamber
The juice chamber includes the calandria, in the lower part, in which

the heat is transferred from the steam to the juice, and the head space
where the produced steam is separated from the juice.

4.4.2. Calandria
Assumptions made for the juice in the calandria are described next.

• Dynamic is considered for the mass and energy balances.
• For the calculation of properties, juice is considered a technical

sucrose solution.
• Purity does not change, so purity will be considered constant and

equal to 0.92.
• Juice density is considered constant, so the level can be considered

proportional to the mass of juice inside the evaporator.
• The calandria is considered as a unique chamber without distinc-

tion of central well, tubes, etc.

Equations for the juice in the calandria are the following. Thermo-
dynamic relations 𝑓1, 𝑓2, 𝑓3 and 𝑓4 are detailed in Section 4.4.5.
𝑑𝑚𝑗

𝑑𝑡
= 𝑊𝑗𝑖 −𝑊𝑗𝑜 −𝑊𝑒𝑣 (11)

𝑑(𝑚𝑗 ⋅ 𝑐𝑗𝑜)
𝑑𝑡

= 𝑊𝑗𝑖 ⋅ 𝑐𝑗𝑖 −𝑊𝑗𝑜 ⋅ 𝑐𝑗𝑜 (12)

𝑑(𝑚𝑗 ⋅𝐻𝑗𝑜)
𝑑𝑡

= 𝑊𝑗𝑖 ⋅𝐻𝑗𝑖 −𝑊𝑗𝑜 ⋅𝐻𝑗𝑜 −𝑊𝑒𝑣 ⋅𝐻𝑒𝑣 +𝑄 (13)

𝐿 =
𝑚𝑗

𝑚𝑗𝑚𝑎𝑥
(14)

𝐻𝑗𝑖 = 𝑓1(𝑇𝑗𝑖, 𝑐𝑗𝑖, 𝑃 𝑢) (15)

𝐻𝑗𝑜 = 𝑓1(𝑇𝑗𝑜, 𝑐𝑗𝑜, 𝑃 𝑢) (16)

𝑃𝑒𝑣 = 𝑓2(𝑇𝑗𝑜, 𝑐𝑗𝑜) (17)

𝑇𝑒𝑣 = 𝑓3(𝑃𝑒𝑣) (18)

𝐻𝑒𝑣 = 𝑓4(𝑇𝑒𝑣) (19)

The juice entering the juice chamber, can be estimated using Eq. (21)
that calculates the flow through a valve as a function of the valve
opening 𝑂𝑝 that is calculated from the control law of the regulator 𝑓𝑃𝐼𝐷.

𝑂𝑝 = 𝑓𝑃𝐼𝐷(𝐿) (20)

𝑊𝑗𝑖 = 𝑓𝐿(𝑂𝑝) (21)

4.4.3. Steam phase
• Dynamic is considered for the mass and energy balances.
• Generated steam is saturated, so Antoine equation (Antoine, 1888)

(Eq. (24)) is used to relate temperature and pressure of the vapour.
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Fig. 4. Comparison of real plant data with simulation results for 𝑊𝑗𝑖 and 𝑇𝑗𝑜 measurements.

• Pressure of the steam vapour leaving the chamber is equal to the
pressure inside the juice chamber.
𝑑𝑚𝑣
𝑑𝑡

= 𝑊𝑒𝑣 −𝑊𝑣 (22)

𝑑(𝑚𝑣 ⋅𝐻𝑣)
𝑑𝑡

= 𝑊𝑒𝑣 ⋅𝐻𝑒𝑣 −𝑊𝑣 ⋅𝐻𝑣 (23)

𝑇𝑣 = 𝑓3(𝑃𝑣) (24)

𝐻𝑣 = 𝑓4(𝑇𝑣) (25)

𝑃𝑣 ⋅ 𝑉 =
𝑚𝑣

0.0018
⋅ 8.31 ⋅ 10−5 ⋅ (𝑇𝑣 + 273.15) (26)

𝑊𝑒𝑣 = 𝑘𝑤1

√

𝑃 2
𝑒𝑣 − 𝑃 2

𝑣 (27)

𝑊𝑣 = 𝑘𝑤2

√

𝑃 2
𝑣 − 𝑃 2

𝑣𝑛 (28)

4.4.4. Steam chamber
For the case of the steam chamber, the model is very simple. The

following assumptions have been made.

• Perfect mixing is considered for the steam.
• No dynamic in the energy balances is considered for the steam

chamber.
• The steam entering the chamber not saturated, but sensible heat

is neglected.
• Neither accumulation of steam nor condensed water is considered,

so mass balances are not needed and the flow of condensed water
is equal to the steam flow entering the chamber.

• Non-condensable gases are not considered.
• The heat transfer coefficients are considered constant and inde-

pendent of any other variable.
• Pressure in the steam chamber is considered equal to the pressure

of the entering steam.

With this modelling assumptions, the model equations for the steam
chamber are:

𝑄 = 𝑈 ⋅ 𝑆 ⋅ (𝑇𝑠 − 𝑇𝑗𝑜) (29)

𝜆𝑠 = 𝑓5(𝑃𝑠) (30)

𝑊𝑠 =
𝑄
𝜆𝑠

(31)

4.4.5. Auxiliary functions
Auxiliary functions, named with the letter 𝑓 and a sub-index are

detailed next. 𝑓1 to 𝑓5 correspond with physico-chemical properties and
have been obtained from (Bubnik et al., 1995).

• 𝑓1 is the relation between the enthalpy, brix and temperature of
the juice and can be calculated with the following equation.

𝐻𝑗 = 𝑇𝑗 ⋅ (4.1868 − 𝑐𝑗 ⋅ (0.0297 − 4.6 ⋅ 10−5 ⋅ 𝑃𝑢𝑗 )

+ 3.75 ⋅ 10−5 ⋅ 𝑐𝑗 ⋅ 𝑇𝑗 ) (32)

• 𝑓2 is the thermodynamic calculation of the vapour pressure of
the juice; this correlation can be evaluated using the following
equations:

𝑃 = 10
(

−2147
𝑇𝑥+273.15

+5.7545
)

(33)

𝑇𝑥 =
−𝑘2 +

√

𝑘22 − 4 ⋅ 𝑘3 ⋅ (𝑘1 − 𝑇𝑗 )

2 ⋅ 𝑘3
(34)

𝑘1 = −0.2 + 𝑒
(

−1.5254+0.022962⋅𝑐𝑗+0.0001161⋅𝑐2𝑗
)

(35)

𝑘2 = 0.9985 + 0.01 ⋅ 𝑒
(

−3.2021+0.066743⋅𝑐𝑗+0.0002163⋅𝑐2𝑗
)

(36)

𝑘3 = 0.0001 + 𝑒
(

−1.4276+0.024362⋅𝑐𝑗+0.0006047⋅𝑐2𝑗
)

(37)

• 𝑓3 is the relation between the pressure and temperature of satu-
rated steam.

𝑇 =
(

3816.44
11.68346 − log (𝑃 + 43.73)

)

− 273.15 (38)

• 𝑓4 is the relation between the temperature and enthalpy for
saturated steam, it can be calculated interpolating in a table. The
table can be found in Bubnik et al. (1995) in pages from 283 to
289.

• 𝑓5 corresponds with the calculation of the latent heat released from
the condensing steam as a function of the condensing pressure 𝑃 :

𝜆𝑠 =
(

5.9893 ⋅ 10−2 + 𝑓3(𝑃𝑠) ⋅
(

−6.1910−1 + 𝑓3(𝑃𝑠)

⋅
(

6.82 ⋅ 10−4 + 𝑓3(𝑃𝑠) ⋅
(

−4.86 ⋅ 10−6
))))

⋅ 4.184 (39)

• 𝑓𝑃𝐼𝐷 corresponds to the control law of Proportional Integral
Derivative (PID) regulator.

𝑓𝑃𝐼𝐷 = 𝐾𝑝

(

𝑒(𝑡) + 1
𝑇𝑖 ∫

𝑡

0
𝑒(𝜏)𝑑𝜏 + 𝑇𝑑

𝑑
𝑑𝑡

𝑒(𝑡)
)

(40)

𝑒(𝑡) = 𝐿𝑟𝑒𝑓 − 𝐿 (41)

• 𝑓𝐿 corresponds with the formula to calculate the flow of an
incompressible fluid through a valve.

𝑊𝑗𝑖 = 𝑂𝑝𝑗𝑖 ⋅ 𝐶𝑣𝑗𝑖 ⋅
√

𝑃𝑣𝑗𝑖 − (𝑃𝑣 + 𝜌 ⋅ 𝑔 ⋅ ℎ) (42)

This equation is similar to Eq. (9) but applied to the incoming
fluid.
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Table 2
PCs for the evaporation unit model. Relations between PCs and equations.

PC Equation

(11) (12) (13) (15) (16) (17) (18) (19) (21) (22) (23) (24) (25) (26) (27) (28) (29) (30) (31) (𝑠𝑡1) (𝑠𝑡2) (𝑠𝑡3) (𝑠𝑡4) (𝑠𝑡5) 12𝑎𝑢𝑥 13𝑎𝑢𝑥 23𝑎𝑢𝑥
1 1
2 1
3 1 1 1 1 1 1 1
4 1 1 1 1 1 1 1 1 1 1
5 1 1 1 1 1 1 1 1 1 1 1 1 1 1
6 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
7 1 1 1
8 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Additionally to these equations that are required to estimate the
behaviour of the different subsystems, as it was mentioned in Section 2,
it is necessary to introduce in our models the relation between the state
variables in the system and their derivatives. In our case study there
are five state variables: {𝑐𝑗𝑜,𝐻𝑣, 𝑚𝑗 ,𝐻𝑗𝑜, 𝑚𝑣}. Consequently, we need to
introduce five additional equations that relate these variables and their
derivatives in our discretized model as follows:

𝑚𝑗 (𝑡) = 𝑚𝑗 (𝑡 − 1) + ∫

𝑡

𝑡−1
𝑚̇𝑗𝑑𝑡 (𝑠𝑡1)

𝑐𝑗𝑜(𝑡) = 𝑐𝑗𝑜(𝑡 − 1) + ∫

𝑡

𝑡−1
𝑐̇𝑗𝑜𝑑𝑡 (𝑠𝑡2)

𝐻𝑗𝑜(𝑡) = 𝐻𝑗𝑜(𝑡 − 1) + ∫

𝑡

𝑡−1
𝐻̇𝑗𝑜𝑑𝑡 (𝑠𝑡3)

𝑚𝑣(𝑡) = 𝑚𝑣(𝑡 − 1) + ∫

𝑡

𝑡−1
𝑚̇𝑣𝑑𝑡 (𝑠𝑡4)

𝐻𝑣(𝑡) = 𝐻𝑣(𝑡 − 1) + ∫

𝑡

𝑡−1
𝐻̇𝑣𝑑𝑡 (𝑠𝑡5)

Finally, we have used three auxiliary equations to compute Possible
Conflicts that were required to ease the EcosimPro model analysis while
computing equations of the form:

𝑑(𝑥𝑖 ⋅ 𝑥𝑗 )∕𝑑𝑡 = 𝑥𝑖 ⋅ 𝑑(𝑥𝑗 )∕𝑑𝑡 + 𝑥𝑗 ⋅ 𝑑(𝑥𝑖)∕𝑑𝑡 (𝑥𝑎𝑢𝑥)

These auxiliary equations could be removed if there was no previous
simulation model. We have three auxiliary equations in our model:
(12𝑎𝑢𝑥, 13𝑎𝑢𝑥, 23𝑎𝑢𝑥) related to Eqs. (12), (13), and (23), respectively.

5. Grey-box models design for fault diagnosis

5.1. PCs for the evaporation unit and their associated ssNN

As mentioned in Section 4.1, the evaporation section of the sugar
factory is made up of six effects working sequentially to increase the
sugar concentration in the syrup. All the evaporation units in the same
effect share the same steam output conduit, and provide the steam for
the next effect, thus partially coupling the behaviour of all the units. For
our tests we have focused on the first evaporation unit in the first effect.

There are several assumptions that must be made in order to simplify
the original model used in the training simulator, and to use those
first principles equations for diagnosis. In our case, we simplified the
dynamic processes actually happening inside the evaporation chamber,
and we assumed the system was in only one operation mode. The dy-
namic processes considered in the evaporation unit were: conservation
law for the amount of sugar and no-sugar products, global mass balance
in the evaporation chamber, sugar balance, level in the chamber, energy
balance, steam volume balance, interchanged heat, and pressures in the
chamber.

As a result of this simplification process, our model was made up
of 27 equations based on first principles of physics, with 21 unknown

variables, and 13 measured variables. Only five of these equations were
used to model the evolution of state variables: 𝑐𝑗𝑜, 𝐻𝑣, 𝑚𝑗 , 𝐻𝑗𝑜, 𝑚𝑣,
corresponding to the sugar concentration of the juice leaving the juice
chamber, the steam enthalpy (measured through the steam tempera-
ture), the juice mass in the juice chamber, the enthalpy of the juice
leaving the juice chamber (measured through the juice temperature
flowing out of the chamber), and the mass of steam in the steam
chamber (measured through the generated steam), respectively. As
previously mentioned, 𝑐𝑗 is the sucrose concentration of the syrup, being
its dynamic much slower than the rest of variables in the system. As a
consequence, the input value 𝑐𝑗𝑖 is assumed to be known and constant
during the diagnosis experiments.

The set of variables that can be measured is fixed by the set of sen-
sors: inputs, {𝑇𝑗𝑖 , 𝑇𝑠, 𝑂𝑝}, and outputs, {𝑃𝑣, 𝑇𝑣, 𝐿, 𝑇𝑗𝑜,𝑊𝑗𝑖,𝑊𝑠, 𝑃𝑠, 𝑃𝑣𝑛}.
Finally, we have an estimation of the input flow in the evaporator that
can be used as both input or output {𝑊𝑗𝑜}.

Further details about the equations, the variables, and the assump-
tions used in this case study have been presented at Section 4.4.

The algorithms used to compute the set of PCs provided 162 MECs,
but only twelve MEMs. The total number of PCs (MECs with at least one
MEM) in this system was eight. The relation between the PCs and the
original model equations is represented in Table 2, where an entry of 1
in row 𝑖 and column 𝑗 represents that equation 𝑗 is part of the subsystem
described by 𝑃𝐶𝑖.

The reason behind the small number of PCs, with respect to the
number of MECs, is that in the original model there are several equations
containing partial derivatives, and several non-linear functions. These
equations usually force only one causal way for solving the unknown
variables in the equation. For that reason, most of the generated
MECs have no MEM. Additionally some of the MEMs can be hardly
implemented, because of those non-linearities, although it is analytically
possible. The problem we faced at that point was to select and imple-
ment the relevant MEMs for the set of PCs, because it would be necessary
to write down by hand each simulation model. The process needs to be
supervised by the modelling expert, thus producing a bottleneck in the
development of the diagnosis system.

Table 3 represents the relation between the different PCs and their
sets of inputs and output variables. The column residual in the table
represents the root in the MEM, which is the system observation to be
tracked and it is used to build the residual for fault detection, while
the remainder set of variables in Table 3 must be considered as input
variables (they are the leaves in the MEM). As mentioned in Section 2,
we do not explicitly include in the set of equations the observational
model. Hence, the presence of variables such as 𝑚∗ in the MEMs related
to the PCs must be interpreted in a different way depending if it is found
as a leaf or as the root of the directed graph. In both cases, the presence
of those measurements in the PCs could be also considered as a potential
source of sensor faults in the Theoretical Fault Signature Matrix.

In the following we analyse the semantics of the eight Possible
Conflicts found and how they were used for fault diagnosis in the
evaporation unit.
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Table 3
PCs for the evaporation unit model. Relations between PCs and observations.

PC Residual Measured Variables used in the PC

𝐶𝑗𝑖 𝑊 𝑗𝑖 𝑊 𝑗𝑜 𝑇 𝑗𝑖 𝑇 𝑗𝑜 𝑂𝑝 𝐿 𝑇 𝑠 𝑇 𝑣 𝑃𝑣 𝑃𝑣𝑛 𝑊 𝑠 𝑃𝑠

1 𝑊𝑗𝑖 1 1 1
2 𝑇𝑣 1 1
3 𝐿 1 1 1 1 1 1
4 𝑃𝑣 1 1 1 1 1 1 1 1
5 𝑇𝑗𝑜 1 1 1 1 1 1 1 1
6 𝑇𝑣 1 1 1 1 1 1 1 1
7 𝑊𝑠 1 1 1 1
8 𝑇𝑗𝑜 1 1 1 1 1 1 1 1 1

Fig. 5. Minimal Evaluable Model schematics for Possible Conflict 𝑃𝐶1. The estimated
variable is 𝑊𝑗𝑖.

Fig. 6. Minimal Evaluable Model schematics for Possible Conflict 𝑃𝐶2. The estimated
variable is 𝑇𝑣.

5.1.1. Possible Conflict 1: residual generation for 𝑊𝑗𝑖
The first PC being modelled is 𝑃𝐶1, whose MEM is graphically

described in Fig. 5. This subsystem contains only one equation, two
input measurements –𝐿 and 𝑂𝑝–, and one observed output variable, 𝑊𝑗𝑖.

In this case, as the relationship is static, it is not necessary to use a
ssNN, as it is oriented towards representation of dynamic systems. The
equation that relates these three variables is well known in the literature
as the flow through a valve is proportional to the opening percentage
𝑂𝑝 and also depends on the pressure drop which is proportional to the
squared root of the pressure difference in the two ends of the valve
(Eq. (43)). So, for this simple case, a parametric equation has been
chosen to represent this PC, where its parameters, like 𝐶𝑣𝑛−1, have to
be adjusted to the real data. This situation is also true for two other PCs:
𝑃𝐶2 that estimates 𝑇𝑣, and 𝑃𝐶7 that estimates 𝑊𝑠.

𝑊𝑗𝑖 = 𝑂𝑝𝑛−1 ⋅ 𝐶𝑣𝑛−1

√

𝑃𝑣𝑛−1 − 𝜌 ⋅ 𝑔 ⋅
𝐿 ⋅ ℎ𝑚
100

(43)

Subindex 𝑛 − 1 refers to the conditions previous to the first effect,
and ℎ𝑚 is the maximum height of the juice level in the evaporator (m).

5.1.2. Possible Conflict 2: residual generation for 𝑇𝑣
The second PCs being modelled is 𝑃𝐶2, whose MEM is graphically

described in Fig. 6. In a similar way to the previous PC, this subsystem
contains only one equation, one input measurement –𝑃𝑣–, and one
observed output variable, 𝑇𝑣. The equation corresponds to Antoine’s
equation for saturated steam. This equation has been corrected including
a small bias to adjust real plant data. The equation can be found at Sec-
tion 4.4, Eq. (24) (and Eq. (38) provides its mathematical expression).

Fig. 7. Minimal Evaluable Model schematics for 𝑃𝐶3. The estimated variable is 𝐿.

5.1.3. Possible Conflict 3: residual generation for 𝐿
With respect to 𝑃𝐶3, shown at Fig. 7, and whose output is 𝐿, we

are not able to train the associated ssNN since 𝐿 is a controlled variable
in the factory so it is always maintained at an almost constant value
and no model is able to predict a constant output as a function of the
inputs (except an obvious constant function). If we try to train a neural
network to give a constant output, the obvious solution is to make zero
the weights that connect to the inputs. So, this model is not going to
give us any information about faults. In fact, as controlling this variable
is critical (the evaporator tubes can be severely damaged if there is
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Fig. 8. Minimal Evaluable Model schematics for 𝑃𝐶4. The estimated variable is 𝑃𝑣.

not enough juice in the chamber), if the level at a tank previous to
the evaporators is lower than a certain value, the control system of
the factory automatically feeds water into the tank to guarantee the
presence of fluid in the juice chambers of the evaporators. For those
reasons, this PC is no longer useful for model-based diagnosis using our
models.

5.1.4. Possible Conflict 4: residual generation for 𝑃𝑣
𝑃𝐶4 is the next PC being modelled. Its related MEM, used to estimate

𝑃𝑣, is in Fig. 8, which graphically describes the relation between its
inputs, state and intermediate variables, and its unique output. The
subsystem contains 10 equations, one output measurement 𝑃𝑣, six input
measurements –𝐿, 𝑇𝑗𝑜, 𝑇𝑣, 𝑃𝑣𝑛, 𝑊𝑗𝑖, and 𝑊𝑗𝑜–, two state-variables –𝑚𝑣
and 𝑐𝑗𝑜–.

Taking into account the procedure stated at Section 3, the ssNN
architecture can be customized to represent the process characteristics
in a better way, as described in Fig. 9. Looking at that figure, the second
non-linear layer representing the non-linear relationship between 𝑃𝑣 and
𝑚𝑣 and 𝑇𝑣 corresponds to Eq. (26). The first non-linear layer representing
the non-linear relationship between the state 𝑚𝑣 and the inputs 𝑇𝑗𝑜,
𝑇𝑣 and 𝑃𝑣𝑛 and the state 𝑐𝑗𝑜 corresponds to dependencies obtained
from Eqs. (17), (22), (26), (27), (28). At the same layer, the non-linear

Fig. 9. Simplified ssNN representing the Minimal Evaluable Model 𝑀𝐸𝑀5 for 𝑃𝐶4.

relationship between the state 𝑐𝑗𝑜 and the inputs 𝐿, 𝑇𝑗𝑜, 𝑇𝑣, 𝑊𝑗𝑖 and 𝑊𝑗𝑜
and the state 𝑚𝑣 corresponds to dependencies obtained from equations
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Fig. 10. Simplified weight matrix 𝑊 𝑢 for the ssNN implementing 𝑃𝐶4.

(12𝑎𝑢𝑥), (11), (12), (26), (27). As it can be seen, the non-linear (hidden)
layer is split into two parts, and each part (represented by NL inside a
square) has a number of neurons (ℎ1, ℎ2) that must be adjusted by trial
and error to represent the nonlinear dynamics of each state.

This simplified ssNN architecture can be viewed as removing some of
the weights between layers, or setting zeros in some specific elements of
the weight matrices. The structure of these matrices will be clearly seen
for the next PC in detail. The main novelty of this model is the existence
of matrix 𝑊 𝑢 whose structure is represented as shown in Fig. 10.

5.1.5. Possible Conflict 5: residual generation for 𝑇𝑗𝑜
𝑀𝐸𝑀7 related to 𝑃𝐶5 is graphically described in Fig. 11. The MEM is

a directed hypergraph which represents how the equations must be used
to perform a double estimation of the variable 𝐻𝑗𝑜 using Eq. (16) and
(𝑠𝑡3). However, since 𝐻𝑗𝑜 is not directly measurable, we can estimate 𝑇𝑗𝑜
which is measured by inverting Eq. (16). Now, we have an estimation
of a measured variable 𝑇𝑗𝑜, using just measurements as inputs, and how
the inputs are used to compute the intermediate unknown variables.

The reader should notice that 𝑇𝑗𝑜 appears both as a leaf and as the
root of the directed graph. Nodes labelled 𝑇𝑗𝑜 in the leaves represent
past and previously estimated values for the variable, while 𝑇𝑗𝑜 as the
root represents the new and actual estimation of the MEM, ̂𝑇𝑗𝑜, which is
then used to compute the residual by comparison with sensor value 𝑇 ∗

𝑗𝑜.
This subsystem contains fourteen equations, six input measurements

–𝐿, 𝑃𝑣, 𝑊𝑗𝑖, 𝑊𝑗𝑜, 𝑇𝑠, and 𝑇𝑗𝑖–, and two state-variables –𝑐𝑗𝑜 and 𝐻𝑗𝑜–. The
observed output variable is 𝑇𝑗𝑜.

𝑀𝐸𝑀7 graphically specifies in Fig. 11 the relations between the
inputs, and the states, to estimate the output of the model, 𝑇𝑗𝑜. Taking
into account the procedure stated at Section 3, the ssNN architecture can
be customized to represent the process characteristics in a better way,

Fig. 12. Simplified ssNN representing 𝑀𝐸𝑀7 for 𝑃𝐶5.

Fig. 13. Simplified weight matrices 𝑊 𝑖, 𝑊 ℎ, and 𝑊 𝑟 for the ssNN implementing 𝑃𝐶5.

as described in Fig. 12, obtained analysing the dependencies in the same
way that the previous PC. The non-linear (hidden) layer is split into two
parts, and each part (represented by NL inside a square) has a number

Fig. 11. Minimal Evaluable Model schematics for 𝑃𝐶5. The estimated variable is 𝑇 𝑗𝑜.
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Fig. 14. Minimal Evaluable Model schematics for Possible Conflict 𝑃𝐶6. The estimated variable is 𝑇𝑣.

of neurons (ℎ1, ℎ2) that must be adjusted by trial and error to represent
the nonlinear dynamics of each state.

This simplified ssNN architecture can be viewed as removing some
of the weights between layers, or setting zeros in some specific elements
of the weight matrices (the matrices can be seen in Fig. 13). Dimension
of ad hoc matrices 𝑊 𝑖, 𝑊 ℎ, and 𝑊 𝑟 is (ℎ1 + ℎ2) × 6, 2 × (ℎ1 + ℎ2), and
(ℎ1 + ℎ2) × 2, respectively. The rest of the matrices (𝑊 ℎ2, 𝑊 𝑜) maintain
their original structure.

As the ssNN structure is more suited to the underlying equations
governing the dynamics of the system, training of the neural network
is carried out in an easier way, with excellent results as it will be seen
later (Fig. 19 at Section 6).

5.1.6. Possible Conflict 6: residual generation for 𝑇𝑣
The next PC being modelled is 𝑃𝐶6, whose MEM is graphically

described in Fig. 14.

This subsystem contains 15 equations, 6 input measurements –𝐿, 𝑇𝑗𝑜,
𝑃𝑣, 𝑃𝑣𝑛, 𝑊𝑗𝑖 and 𝑊𝑗𝑜–, and three state-variables –𝐻𝑣, 𝑚𝑣 and 𝑐𝑗𝑜–. The
observed output variable is 𝑇𝑣.

𝑃𝐶6 graphically specifies in Fig. 14 the relations between the inputs
(𝐿, 𝑇𝑗𝑜, 𝑃𝑣, 𝑃𝑣𝑛, 𝑊𝑗𝑖, and 𝑊𝑗𝑜) and the states (𝐻𝑣, 𝑚𝑣 and 𝑐𝑗𝑜). The output
of the model is 𝑇𝑣. Again, taking into account the procedure stated at
Section 3, the ssNN architecture can be customized to represent the
process characteristics in a better way, as described in Fig. 15. The non-
linear (hidden) layer is split into three parts, and each part (represented
by NL inside a square) has a number of neurons (ℎ1, ℎ2, ℎ3) that must be
adjusted by trial and error to represent the nonlinear dynamics of each
state.

Again, this simplified ssNN architecture can be viewed as removing
some of the weights between layers, or setting zeros in some specific
elements of the weight matrices. The simplified structure of these
matrices could be represented in the same way as in the previous model.

79



B. Pulido, J.M. Zamarreño, A. Merino et al. Engineering Applications of Artificial Intelligence 79 (2019) 67–86

Fig. 15. Simplified ssNN representing the Minimal Evaluable Model 𝑀𝐸𝑀8 for 𝑃𝐶6.

Fig. 16. Minimal Evaluable Model schematics for Possible Conflict 𝑃𝐶7. The estimated
variable is 𝑊𝑠.

5.1.7. Possible Conflict 7: residual generation for 𝑊𝑠

The seventh PC being modelled is 𝑃𝐶7, whose MEM is graphically
described in Fig. 16. This PC contains only three equations, with three
input measurements –𝑇𝑗𝑜, 𝑇𝑠, 𝑃𝑠–, and one estimated variable 𝑊𝑠.

Fig. 18. Simplified ssNN representing 𝑃𝐶8.

This static relationship is similar to the 𝑃𝐶1 and 𝑃𝐶2 cases, where
the equations are known (see Eq. (29), (30) and (31) at Section 4.4) and
only some parameters have to be tuned to the real data.

5.1.8. Possible Conflict 8: residual generation for 𝑇𝑗𝑜
The last PC being modelled is 𝑃𝐶8. The MEM described graphically in

Fig. 17 is almost identical to the MEM used to compute 𝑃𝐶5. This strong
similarity can be also confirmed looking at Table 2 and 3. 𝑃𝐶8 contains
15 equations, with seven input measurements –𝐿, 𝑃𝑣, 𝑊𝑗𝑖, 𝑊𝑗𝑜, 𝑇𝑗𝑖, 𝑃𝑠,
and 𝑊𝑠–, and two state-variables –𝑐𝑗𝑜 and 𝐻𝑗𝑜–. The observed output
variable is 𝑇𝑗𝑜. The main difference with 𝑃𝐶5 is the way the intermediate
variable 𝑄 is estimated. In 𝑃𝐶5 we used Eq. (29), with inputs 𝑇𝑗𝑜 and
𝑇𝑠, while in this case we use Eqs. (30) and (31), with inputs 𝑊𝑠 and 𝑃𝑠,
hence covering different physical components.

Accordingly, the simplified ssNN used to implement this MEM is very
similar to that used for 𝑃𝐶5, as can be seen in Fig. 18.

6. Results on the case study

6.1. ssNN training

Collected data (see Section 4.2) from the real factory were used for
adjusting the parameters of the neural models obtained at Section 5.1.

Fig. 17. Minimal Evaluable Model schematics for Possible Conflict 𝑃𝐶8. The estimated variable is 𝑇𝑗𝑜.
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Fig. 19. Adjustment of one of the models (𝑇𝑗𝑜 as output) to training (left) and validation (right) data.

Table 4
RMSE for training and validation datasets for each neural model. For 𝑃𝐶1, 𝑃𝐶2 and 𝑃𝐶7,
static equations were manually adjusted to real data.

Model Output variable RMSE Output mean Relative error

Training Validation

𝑃𝐶1 𝑊𝑗𝑖 22.05 m3∕h 540 m3∕h 4%
𝑃𝐶2 𝑇𝑣 0.21 ◦C 124 ◦C 0.2%
𝑃𝐶4 𝑃𝑣 0.025 bar 0.038 bar 1.4 bar (1.8, 2.7)%
𝑃𝐶5 𝑇𝑗𝑜 0.27 ◦C 0.34 ◦C 127 ◦C (0.2, 0.3)%
𝑃𝐶6 𝑇𝑣 0.10 ◦C 0.12 ◦C 124 ◦C (0.08, 0.1)%
𝑃𝐶7 𝑊𝑠 7.49 m3∕h 140 m3∕h 5%
𝑃𝐶8 𝑇𝑗𝑜 0.14 ◦C 0.14 ◦C 127 ◦C 0.1%

From these data, only part of them were used for training and validation.
For each of the four neural models, the first 45000 data samples were
used for training and 15000 intermediate data samples were used for
validation on fresh data.

As an example, for one of the models, Fig. 19 shows the adjustment
of the neural model to the training data as well as the performance
when fresh data are fed to the model. For the rest of the models, similar
results were achieved. As a summary, Table 4 shows the RMSE (Root-
mean-square error) for training and validation datasets for each of the
four neural models as well as the RMSE for 𝑃𝐶1, 𝑃𝐶2 and 𝑃𝐶7 static
equations.

6.2. Faulty behaviour in the case study

Most of the real data available from the factory were related to
nominal behaviour. As a consequence we have almost no real data
corresponding to abnormal or faulty behaviour. But, our model-based
diagnosis approach is based on using only models for correct behaviour
and to provide an early alarm to operators even for unexpected faults.
Hence, we need to feed the PCs with both nominal and faulty scenarios
to test the validity of the approach.

To overcome the problem of the lack of real data from faulty
situations we decided to test our proposal using the highly complex
simulator (described in Section 4.3), whose behaviour had been tuned
for representing the real factory. To obtain the faulty behaviour we fed
real data as inputs to the model and we injected several faults in the
simulator code. 5500 samples were generated with the simulator and
various experiments were performed introducing two typical faults at
the 3000 sample. To generate the faulty scenarios, we have computed
the residual between the estimated nominal and faulty behaviours. That

residual was later added to real output data after the 3000 time instant,
thus simulating the effect of the fault on real data.

Take into account that the neural models have been trained on real
data, not on the simulator, so the performance hopefully would be even
better in case of real faults in the real plant.

Two faults were simulated: Steam leak –𝐹1– and Sensor failure –𝐹2.
Additionally to these simulated faulty scenarios, we found a fault in the
real data, related to measurement 𝑃𝑣 that was acknowledged by plant
operators as clearly abnormal, but they were unable to find the root
cause of such behaviour. Consequently, we have introduced such data
as our 𝐹3 fault, labelled as Unknown fault on 𝑃𝑣.

• 𝐹1 - Steam leak: Sometimes, steam can leak from the juice
chamber. This can be produced for various reasons. Sometimes
tubes can crack due to thermal or mechanical stress. In the case
of evaporators of Robert type, the central tube can be emptied,
and the steam can flow from one juice chamber to the next
one. The effect of this failure in the process is that for the same
energy provided by the heating steam and the same juice flow
and temperature, the vapour pressure in the juice chamber will
decrease (see Fig. 20).

• 𝐹2 - Sensor failure at 𝑃𝑣: Sometimes, due to different factors such
as mechanical or electrical failures, sensors can provide wrong
measurements. In this case a bias in the sensor for variable 𝑃𝑣 is
artificially introduced.

• 𝐹3 - Unknown fault on 𝑃𝑣: This corresponds to a detected change
in the sensor dynamics on the real plant whose behaviour suggests
a real fault has been found on the original data; no simulation bias
is involved on this fault. According to Fig. 21, this effect is clearly
seen from sample 5640. Plant operators were not able to find a
source of the abnormal behaviour. Consequently, we labelled the
fault as ‘‘abnormal evolution of 𝑃𝑣’’ signal dynamics with unknown
root cause.

These faults introduce changes in the dynamics of the system because
they affect different equations. In these scenarios we have the following
dependencies, obtained by analysing the presence of fault parameters in
the equations:

• 𝐹1 - Steam leak: it is related to the computation of variable 𝑊𝑣,
which is located in Eq. (28) at Section 4.4.

• 𝐹2 - Sensor failure in 𝑃𝑣: as a sensor failure, every PC should be
sensitive to this fault if 𝑃𝑣 is an input or an output. Additionally,
Eq. (26) at Section 4.4 is used to estimate 𝑃𝑣, hence all PCs
containing this equation will be sensitive to this fault.
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Fig. 20. Pv signal: original and affected by steam leak fault.

Fig. 21. Pv sensor output from real data.

Table 5
Relation between faults and equations in the model.
Fault Equations

𝐹1 (28)
𝐹2 (26)

• We cannot link fault 𝐹3 to any equation, because of its unknown
origin. We can only guess that those PCs containing 𝑃𝑣 as an
input or as an output could be sensitive to this fault. Due to
this uncertainty, we propose to mark with 𝑋’s the corresponding
entries in the Theoretical Fault Signature Matrix (TFSM), instead
of the classical 1 which represents certainty.

Table 5 summarizes the relation between faults and equations in the
system:

As a consequence, the relation between faults and PCs as represented
in the TFSM can be seen in Table 6. An entry 𝑡𝑓𝑠𝑚𝑖,𝑗 = 0 in that
table means that 𝑃𝐶𝑗 is not sensitive to fault 𝐹𝑖. Conversely, an entry
𝑡𝑓𝑠𝑚𝑖,𝑗 = 1 in that table means that 𝑃𝐶𝑗 must be sensitive to fault 𝐹𝑖.
Finally, an entry 𝑡𝑓𝑠𝑚𝑖,𝑗 = 𝑋 in that table means that 𝑃𝐶𝑗 could be
sensitive to fault 𝐹𝑖 or not. Hence, both 1 or 0 values are allowed.

6.3. Results

The performance of each PC for each one of these faults is shown
next, computing the value of the residuals, and finally applying a
statistical test to determine if there was a fault detection or not.

Table 6
Relation between faults and PCs: the Theoretical Fault Signature Matrix.

Faults/Pcs 𝑃𝐶1 𝑃𝐶2 𝑃𝐶4 𝑃𝐶5 𝑃𝐶6 𝑃𝐶7 𝑃𝐶8

𝐹1 0 0 1 0 1 0 0
𝐹2 0 1 1 1 1 0 1
𝐹3 0 X X X X 0 X

Table 7
Real Fault Signature Matrix for the case study showing the activation times for each PC
and each fault. FN indicates a false negative and FP a false positive.

Faults/Pcs 𝑃𝐶1 𝑃𝐶2 𝑃𝐶4 𝑃𝐶5 𝑃𝐶6 𝑃𝐶7 𝑃𝐶8

𝐹1 0 0 3405 4000 (FP) 3460 0 3108 (FP)
𝐹2 0 3019 3019 3062 0 (FN) 0 3145
𝐹3 0 5699 5757 0 0 0 0

For each of the faults, activated at sample 3000, a residual is
computed as the difference between the output of the PC model and the
output of the process (whose output has been modified as a consequence
of the fault as predicted by the simulator for faults 𝐹1 and 𝐹2).

In this work, for robust fault detection, we used the statistical Z-test
with a set of sliding windows. In the Z-test, a small window, 𝑊2, is
used to estimate the current mean of a residual signal. The variance of
the nominal residual signal is then computed using a large window 𝑊1
preceding 𝑊2, by a buffer 𝑊𝑑𝑒𝑙𝑎𝑦 that is meant to ensure that 𝑊1 contains
no samples after fault occurrence. A user-specified confidence level
determines the bounds for a two-sided Z-test that are used to compute
the fault detection thresholds. The parameters 𝑊1, 𝑊2, 𝑊𝑑𝑒𝑙𝑎𝑦, and the
𝑧 bounds must be tuned to optimize performance. The 𝑊1 window must
be large enough to accurately compute the nominal residual variance,
but constrained by memory requirements. The 𝑊2 window must be
large enough to accurately compute the mean, but small enough to
respond quickly to faults. This technique is described in further detail
in Biswas et al. (2003). For the case study discussed in this paper, we
empirically determined the window sizes as 2500 for 𝑊1, 100 for 𝑊2, and
50 for 𝑊𝑑𝑒𝑙𝑎𝑦. The confidence level is 5%. These window values ensure
a robust fault detection decision, considering the slow dynamics of the
evaporation system.

Table 7 shows the results on the three fault scenarios for our
proposal. The values in the table correspond to the activation times (0
if there is no activation) returned after applying one Z-test for each PC
on each faulty scenario. Consequently, Table 7 represents the real Fault
Signature Matrix. We discuss these results for each faulty scenario.

6.3.1. Steam leak
This fault is simulated starting at sample 3000. As compared with

Table 6, Table 7 shows good performance although two false positive
cases appear, corresponding to 𝑃𝐶5 and 𝑃𝐶8. This two 𝑃𝐶𝑠 are related
because both of them predict 𝑇𝑗𝑜 as output and, as seen at Section 5.1.8,
they share a strong similarity. The reason for these false positive comes
from the fact that the steam leak fault forces the process to work in an
operating point where the neural network has not been designed for.
For example, 𝑊𝑠 variable goes up to 230 m3∕h while the neural network
training dataset included only values less than 160 m3∕h. It is a big
difference that explains the early false positive in 𝑃𝐶8.

As for the other PCs that correctly trigger a fault (𝑃𝐶4 and 𝑃𝐶6), for
instance, Fig. 22 shows the output of the neural model corresponding
to 𝑃𝐶6 as compared with data from the process, as well as the residual.
The effect of the fault is clear just looking at the drift in the residual.
This deviation could also be seen on 𝑃𝐶4. For these two models, the
Z-test was able to detect the steam leak at 𝑡 = 3405 sample (𝑃𝐶4) and at
𝑡 = 3460 sample (𝑃𝐶6).
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Fig. 22. Comparison between the neural model corresponding to 𝑃𝐶6 and process data.
Steam leak starts at sample 3000.

Fig. 23. Comparison between the neural model corresponding to 𝑃𝐶5 and process data
for 𝑇𝑗𝑜. Sensor failure occurs at sample 3000.

6.3.2. Sensor failure
A bias in the 𝑃𝑣 sensor is simulated from sample 3000, just subtract-

ing 0.2 bar to the real signal. As Table 7 reflects, this affects all PCs
except 𝑃𝐶1 and 𝑃𝐶7. For every model, detection is rather fast. As an
example, Fig. 23 shows the output of the neural model corresponding
to 𝑃𝐶5 as compared with process data. In this particular case, the Z-test
was able to detect the sensor fault at 𝑡 = 3062 sample.

Table 7 also shows (𝐹2 row) that a false negative appears for 𝑃𝐶6
model. This false negative can be justified analysing the sensitivity of
the model output (𝑇𝑣) with respect to the inputs: a 1% increase in the 𝑃𝑣
input causes an increment of only 0.13 ◦C in 𝑇𝑣. In contrast, the input
with more correlation for this model is 𝑇𝑗𝑜: a 1% increase in 𝑇𝑗𝑜 causes
an increment of 1.12 ◦C in 𝑇𝑣. For this reason, the responsiveness of
𝑃𝐶6 to changes in 𝑃𝑣 is almost null and it explains the false negative in
this case; theoretically 𝑃𝑣 is an input to the model, but in practice its
influence is negligible for this model.

6.3.3. Unknown fault on 𝑃𝑣
As it was mentioned before, an anomaly was detected on the

dynamics of the 𝑃𝑣 sensor (see Fig. 21) for the real data collected at
the factory. As Table 7 reflects (𝐹3 row), it is detected by 𝑃𝐶2 and 𝑃𝐶4.

𝑃𝐶2 is sensitive to faults in Eq. (24), and sensors 𝑇𝑣 and 𝑃𝑣.
𝑃𝐶4 is sensitive to faults in Eqs. (11), (12), (17), (22), (26), (27), and

(28), and faults in sensors 𝑇𝑣, 𝑃𝑣, 𝑊𝑗𝑖,𝑊𝑗𝑜, 𝑇𝑗𝑜, and 𝐿.
Since we have provided 𝑋 as entries in the TFSM we analyse the

results using the DX approach for fault isolation. In that approach,
residuals are analysed row-wise, instead of column-wise (Cordier et al.,

2004). Once residual activation is detected, the diagnosis approach
computes the potential fault candidates given the structural information
related to each PC. Using a minimal-hitting set algorithm, it is possible to
automatically provide the set of multiple fault candidates. In our case
study, simultaneous activation points towards faults in sensors 𝑇𝑣 or
𝑃𝑣 as the only single fault candidates. Any other cause for activation
can be explained as double faults (combination of fault in (24) and any
fault from 𝑃𝐶4): there are 11 double fault candidates. It is a common
procedure to prefer single-fault over double-faults diagnoses, hence
faults in 𝑃𝑣 or 𝑇𝑣 sensors would perfectly fit as explanations for these
abnormal data.

Nevertheless, a more detailed analysis would be necessary to find
the causes of the anomaly in the sensor and evaluate if it is important
enough for triggering an alarm to the operator.

6.4. Discussion of results in the case study

Looking at the results in Table 4 and comparing the RMSE in Table 1
we can conclude that the proposal to use structural and behavioural
information to automatically derive information to develop grey-box
neural models works well. These results have shown that our proposal
allows to develop smaller models, in terms of unknown parameters to
be estimated, while keeping the accuracy in the estimation. Regarding
fault detection capabilities, in our case study we have found that our
proposal works well in 18 out of 21 cases (85.7%), with only 2 false
positives (9.5%) and one false negative (4.8%).

The presence of false positives in our approach, specially for 𝐹1, due
to the neural model working in a new operation point is due to the
well known limitation for neural networks, that they are not able to
extrapolate a new behaviour; they only shows good performance in the
range in which they have been trained. A possible solution is to get data
for a wider range of operating points, but this is quite complicated in
a real continuous process where the operators always try to maintain
all the variables in a narrow range because that is the optimal way of
operating the process.

The presence of a false negative for 𝐹2 makes clear that it is necessary
to perform a sensitivity analysis for each potential fault and each PC.
This would benefit the fault isolation process, changing the binary
information in the TFSM for another entry that explains each residual
sensitivity, thus leading to some kind of enhanced Fault Signature
Matrices (Koscielny, 1995; Puig et al., 2005).

Finally, even for these three diagnosis scenarios, the diagnosis
proposal has shown that it does not provide false alarms in absence of
faults (there is no false residual activation before the 3000 time point
in any of the 21 cases). And even more important, it is able to detect
unexpected faults due to the usage of models of correct behaviour.

7. Related work

Previous works on fault diagnosis of an evaporation section were
developed using knowledge-based approaches (Alonso González et al.,
1998; Alonso Gonzalez et al., 2001) given the amount of experience
available. However, these approaches cannot be easily generalized and
have a strong dependency on continuous knowledge model update.
On the other hand, consistency-based diagnosis techniques have the
advantage of requiring only models of correct behaviour that are more
easily parameterizable and they can be used in more than one factory,
just by reusing the models (Hamscher et al., 1992).

In this work we have proposed to combine a model-compilation
technique to find the complete set of minimal analytically redundant
subsystems, using the Possible Conflict concept, with ssNNs, which pro-
vide grey-box type models capable to track dynamic system behaviour.

Possible Conflicts have been used before with first-principle models
to track and to perform model-based diagnosis in dynamic systems:
using simulation models (Pulido et al., 2001), state-space observers, and
a combination of both (Bregon et al., 2014). In all the cases explicit
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causal assignments for each equation in the model was required to build
the executable model capable to track the system. Main difference with
this approach is that using ssNN we can overcome this limitation and
just use the structural model to build the ssNN model.

Possible Conflicts were also combined with statistical methods based
on Principal Components Analysis to perform fault detection and iso-
lation (Garcia-Alvarez et al., 2011) of dynamic systems. While in
that work we used PCs to determine subsets of measurements that
were physically and structurally dependants, there were no additional
information between the models and the measurements. In this work we
use the explicit information about structure and causality in the original
equations to design a ssNN which resembles a grey-box model for a
state-space observer.

The dynamic neural network used in this work, i.e. ssNN, was
presented in Zamarreño and Vega (1998) and used for modelling of non-
linear processes in Zamarreño and Vega (1999) and Zamarreño et al.
(2000). However, in those works, no structural information about the
processes were used in the design of the ssNN besides the number of
inputs, outputs and eventually number of states. In this sense, the neural
network was considered as a black box model and specific relationships
between states and inputs and between outputs and states were deduced
indirectly in the training process. A high computation cost arises from
this lack of knowledge, resulting in long training times. In this work, the
structural information of the model has been included in the structure
of the ssNN, making the training process easier to be carried out by the
training algorithm and using these known relationships for obtaining a
grey-box model more suitable for representing the process.

State space neural networks for fault diagnosis has been presented
by other authors, i.e. Czajkowski et al. (2014) and Czajkowski and Patan
(2011), but as they use the model like a black box, a simplified structure
is considered where a linear relationship is assumed in the observation
equation. In our case, we prefer to use a non-linear relationship in the
observation equation because it describes in a better way the inner
structure of the model as reflected by the first principles model. As it
was justified in the previous paragraph, if the neural network model
structure follows the structure of the physical model, training would be
easier and its generalization capability improved as a grey-box model is
a more precise representation of the system.

Recent works have also used different kinds of black-box models,
including Recurrent Neural Networks (RNN) (Sorrentino et al., 2014;
Pohjoranta et al., 2015), or Supervised Self-Organizing Maps (Wu and
Liu, 2015), to perform fault diagnosis on dynamic systems. These
techniques are used alone, or in combination with other model-based
or statistical/machine-learning approaches, for fault isolation. Main
difference with our proposal is the presence of structural information
derived from the analytical models to link faults and models automati-
cally, allowing fault isolation, and also providing precise guidelines for
building the internal model for the state space Neural Network.

For dealing with model uncertainty and measurement noise, a great
issue when working with real processes, Witczak et al. (2015) use a
robust state space GMDH neural network that improves fault detection
in sensor and actuator faults. Based on Marcin (2013), a dynamic
neuron model is built to represent the dynamic nature of the process. In
contrast, our proposal deals with model uncertainty assuming an expert
knowledge of the structure of the physical model in the form of DAE
equations.

The usage of grey-box models mixing structural models and param-
eters learnt from data, as proposed in this work, is an alternative to
avoid model linearization or to rely upon intervalar models to deal
with parameter uncertainty as proposed by Rotondo et al. (2016) and
references therein.

The combination of model-based diagnosis and data-driven models
is different from the typical combination of model-based diagnosis
methods coupled with machine-learning techniques (Alonso et al., 2004;
Costamagna et al., 2016). In this case we use the data from the process
to learn the parameters of grey-box models, conceptually closer to

parameter estimation in FDI, than to learn classification models that can
be used to refine the fault candidates once the model-based approach is
used for fault-detection. With that said, if enough data are available for
using these techniques, they could be also coupled with our approach,
as long as they are used to confirm the results from the model-based
fault detection and isolation stages.

Finally, the current work extends a former version presented in
Pulido et al. (2012) in almost every aspect. First, we provide a complete
detailed model of the evaporator used to build the diagnosis model.
We also have extended the description of the Possible Conflict concept,
including a precise characterization of the model structure to ease the
definition of the algorithm required to design the state space Neural
Networks. The new diagnostic model provides a new set of minimally
analytical redundant subsystems which are completely described, to-
gether with their corresponding state space Neural Networks. We have
also included a more robust statistical fault-detection method. Finally,
the real data used in this work are different, both for the nominal and
the faulty situations. In this case we have generated two synthetic faults
using real data as inputs because the system is tightly controlled. But
additionally we have found an unexpected fault, acknowledged by plant
operators, within the real data.

8. Conclusions

In this work we have proposed to use Possible Conflicts to decompose
a large system model into smaller models with minimal redundancy for
fault detection and isolation. Possible Conflicts provide the structural
models (equations, inputs, outputs, and state variables) required for
model-based fault detection and isolation, which can be later imple-
mented as simulation or state-observer executable models. Since deriv-
ing such models for complex non-linear models is not straightforward
and requires the participation of modelling experts, we have proposed to
use the structural information in the model to design a neural network
grey-box model using a state space architecture.

The main conclusion is that the structure of the Minimal Evaluable
Model for a Possible Conflict can guide the design of the state space
model of the neural network, reducing its complexity and avoiding the
process of multiple unknown parameter estimation in the first principles
models. Comparing results of this approach in an evaporation unit of a
beet sugar factory we have observed that the ssNN is able to obtain
similar or even better results than a simulation model manually derived
by an expert. Both types of models were used to successfully monitor
the process and to detect faults.

The ssNN models have proven to be capable to detect small/synthetic
faults, but also capable to detect anomalies that were undetected by
the plant operators. The main drawback found so far are sensitivity
problems that should be analysed in future works. Obtaining real data in
different operation points for assuring good representation of the system
in the overall working range is an issue for any kind of neural model,
but we can still argue that we have had promising results, obtaining
correct detection results in 85.7% of the cases. The difficulties found
in the fault detection stage are due to the use of real data in a slow
dynamics continuous process that is very well controlled, where it is
really difficult to find real measurements related to faulty situations. We
plan to test the ssNN models on a larger experiment data-set; hopefully
with richer behaviours since one of the main handicaps we had to cope
with was the low variability of the real data sets, a common problem
when working with data from real continuous processes. Another option
would be to provide a method to analyse those cases where the PCs
do provide a false positive and use those data, usually related to new
operation modes, to re-train the networks.

Since the proposed method relies upon structural information about
the models and data availability to tune the grey-box models provided
by the PCs, it is clear that it is a generalizable proposal and it can be
used in many different domains.

As future work we plan to develop grey-box ssNN models for those
PCs without a MEM. Those models has no global valid causal assignment
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Table A.1
Nomenclature.
Symbol Description Units

𝑗𝑖 Sub-index used for juice entering the juice chamber –
𝑗𝑜 Sub-index used for juice leaving the juice chamber –
𝑒𝑣 Sub-index used for steam evaporated from the juice –
𝑣 Sub-index used for steam leaving the juice chamber –
𝑛 Sub-index used for steam in the next evaporator –
𝑠 Sub-index used for steam entering the steam chamber –
𝑚 Mass of juice kg
𝑊 Mass flow kg/s
𝑐 Brix of the juice weight %
𝑃𝑢 Purity of the juice weight %
𝑇 Temperature ◦C
𝑃 Pressure bar
𝑉 Volume m3

𝐻 Enthalpy kJ/kg
𝑄 Heat flow from the steam entering the steam chamber to the juice kW
𝑚𝑗𝑚𝑎𝑥 Maximum mass of juice in the juice chamber kg
𝑈 Overall heat transfer coefficient W∕(m2 K)
𝑆 Heat transfer surface m2

𝜆𝑠 Latent heat of the condensing steam kJ/kg
𝑂𝑝 Valve opening %
𝐶𝑣 Flow coefficient for the valve m3∕𝑠 bar−1

𝑘𝑤1 , 𝑘𝑤2 Adjustment parameters kg/s bar−1

𝐿 Juice level %
𝐿𝑟𝑒𝑓 Reference for the juice level %
𝑒(𝑡) Level controller output error %
𝑡 time 𝑠
𝜏 Variable for time integration 𝑠
𝐾𝑝 Proportional coefficient of the PID regulator output units ⋅ input units−1

𝑇𝑖 Integral time constant of the PID regulator s
𝑇𝑑 Derivative time constant of the PID regulator s−1

𝜌 Juice density kg∕m3

𝑔 Gravitational constant m∕s2

ℎ Height of juice in the evaporator m

for every equation in a MEC. We need to derive a new set of guidelines
for building the ssNN structure.

Additionally we plan to use the structural information from the PCs
to analyse the sensitivity of the different residuals to different faults.
This would produce an enhanced Fault Signature Matrix as in Koscielny
(1995) or Puig et al. (2005), and also it could help to tailor the detection
process for each PC. In this initial proposal we have used the same values
for the Z-test used in the fault detection stage.

We need to test the approach at different times of the season, because
this is a very slow evolving process whose parameters vary over time.
Moreover, we can test more abstract models that will produce fewer
PCs, but still containing the same structural information, for instance
using another set of modelling assumptions. Finally, once we introduce
larger data sets, we will use statistical tests to perform fault detection,
and to determine the threshold to guarantee a minimum percentage of
false positives and false negatives, where the sensitivity of the inputs
would be one of the factors to take into account for effective detection.

Appendix. Notation

See Table A.1.
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