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Figure 4. A structural representation of the two tank model.

or
r = ẏ1 � h1 (g1(x̂1), u) . (5)

Equation (4) is an example of a residual with integral causal-
ity and Eq. (5) with derivative causality (Frisk et al., 2012).
If the redundant equation set does not contain any dynamic
equations the residual is said to be an algebraic relation. In
this work, only integral causality will be considered for resid-
uals with dynamic equations.

3.2.2. Model-Based Residual Design

Depending on which redundant set of model equations is used
to generate a residual, the residual will be sensitive to faults in
a certain part of the system. If different residuals are designed
using different sets of redundant equations, referred to as the
model support of the residual, the set of residuals will give a
specific fault pattern depending on where a fault occurs in the
system (Travé-Massuyès, 2014). Residuals that are designed
to monitor the part of the system where a fault occurs should,
ideally, deviate from their nominal behavior, while the other
residuals should not be affected. By comparing the model
support of the residuals that have deviated from their nom-
inal behavior, it is possible to identify possible locations of
the fault in the system based on the model equations (Pucel,
Mayer, & Stumptner, 2009).

4. NEURAL NETWORK-BASED RESIDUAL GENERA-
TION

Based on the structural model of the system, a set of different
redundant equation sets are identified using the fault diag-
nosis toolbox (Frisk et al., 2017). Based on each redundant

equation set, a residual is modeled using a recurrent neural
network where the location of the state variables are given by
the structural model. For example, the residual in Eq. (4) is
reformulated as

˙̂x1,t = ⇠ (x̂1,t�1, ut�1)

rt = y1,t � x̂1,t

(6)

where subscript t denotes time index, the unknown function
⇠ : R2 ! R is modeled using a neural network and the state
variable is approximated using the Euler forward method to
formulate a time-discrete model. The resulting residual func-
tion is a recurrent neural network with only one state variable,
as illustrated in Figure 3.

Similarly, six additional residuals are implemented from dif-
ferent redundant equation sets, using the principles described
in for example (Frisk et al., 2012), and the final residual set is
summarized as follows:

r1,t = y4,t � ⇠1 (y2,t) (7)

r2,t = y3,t � ⇠2 (y1,t) (8)

x̂2,t = ⇠3a (y3,t�1, x̂2,t�1)

r3,t = y4,t � ⇠3b (x̂2,t) (9)

x̂2,t = ⇠4 (y1,t�1, x̂2,t�1)

r4,t = y2,t � x̂2,t (10)

x̂1,t = ⇠5a (x̂1,t�1, ut�1)

r5,t = y3,t � ⇠5b (x̂1,t) (11)

x̂1,t = x̂1,t�1 + ⇠6 (y3,t�1, ut�1) + 0.01 (y1,t � x̂1,t)

r6,t = y1,t � x̂1,t (12)

x̂1,t = ⇠7a (x̂1,t�1, ut�1)

x̂2,t = ⇠7b (x̂1,t�1, x̂2,t�1)

r7,t = y2,t � x̂2,t (13)

where each function ⇠i(·) is modeled as a neural network.
Residuals r3, ..., r7 are modeled as recurrent neural networks
with similar structures as in Figure 3. The model support of
all residuals are summarized in Table 1.

Residuals r1 and r2 are static algebraic relations modeling the
relation between measured water levels in each tank and the
measured outflow in each tank. Residuals r3, ..., r7 have in-
ternal dynamics, where a small feedback term was introduced
in the dynamic equation of residual r6 in Eq. (12) because of
difficulties to achieve satisfactory prediction error when train-
ing the model. Also, note that in r6, with respect to the other
dynamic residuals, the term x̂1,t�1 is not included as an in-
put in the neural network model ⇠6(·) but kept outside. This
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