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fault in the actual system without training data from that fault.
One solution is to utilize physical insights about the system
when implementing a machine learning algorithm.

In this work, a simulation study is performed to investigate if
it is possible to point out the fault location in a system using
a set of unconventional neural network-based residuals where
the network design represents the structure of the system. The
neural network design is implemented using Python 3 and Py-
Torch (Paszke et al., 2017). It is assumed that training data to
train the neural network models are available from nominal
system operation only, i.e. no data from any fault scenario
are used during the training phase. The study shows that in-
cluding some physical insights in the neural network design
makes it possible to detect and localize system faults even
though the networks are trained using data from nominal sys-
tem operation only.

For the neural network design, structural model decomposi-
tion methods are used on a structural representation of the
system. A structural model describes the relationship be-
tween system variables without considering the analytical re-
lation, i.e., it only describes which variables are included in
each model equation (Blanke, Kinnaert, Lunze, Staroswiecki,
& Schröder, 2006). Different residual generation algorithms
use the structural model to create computational graphs to
evaluate the model equations from sensor data to compute
a residual, see for example (Frisk, Krysander, & Jung, 2017;
Pulido & González, 2004). If a detailed analytical model of
the system is not available, a structural model representing
the physical-based relations, describing the system behavior,
can still be used to design neural-networks for residual gen-
eration.

2. A NON-LINEAR TWO TANK SIMULATION CASE
STUDY

To illustrate the proposed method, a non-linear two-tank sim-
ulation model is used to simulate sensor data. An illustration
of the system is shown in Figure 1 and the model dynamics
are derived from the Bernoulli equation as
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where xi is water level in tank i, u is a known input flow
in tank one, y1 and y2 measure the water level in each tank,
respectively, y3 and y4 measure the out-flow from each tank,
respectively, and d1, . . . , d6 are model parameters.

In this case study, it is assumed that an accurate model of the
system is not available for the diagnosis system design. In-
stead, a qualitative model is available that describes the gen-
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Figure 1. An illustration of the two tank system.

eral system behavior as follows:

e1 :ẋ1 = h1(xf,1, u) e5 :y1 = x1

e2 :ẋ2 = h2(xf,1, xf,2) e6 :y2 = x2

e3 :xf,1 = g1(x1) e7 :y3 = xf,1

e4 :xf,2 = g2(x2) e8 :y4 = xf,2

(2)

where xf,i is out-flow from tank i, u is a known input flow
into tank one, and y1, y2, y3, y4 are sensor data. The functions
h1(·) and h2(·) state that the change in water level in each
tank depend on the inflow and outflow. The functions g1(·)
and g2(·) say that the outflow depends on the water level in
the tank.

An example of simulated data from the system is shown in
Figure 2. For the evaluation, the simulation model can be
used to simulate different faults, for example leakages in the
tank, clogging in the outflow pipes, and sensor faults.
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Figure 2. An example of simulated data from the two tank
system.

3. BACKGROUND

First, a brief summary of artificial neural networks is pre-
sented. Then, the principles of model-based diagnosis and
structural analysis methods are summarized.
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