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Abstract
In systems with a reduced number of sensors, the observability requirements of state-parameter estimation
schemes may lead to over simplified models, limiting the use of the estimation for condition monitoring. To
overcome this limitation, this paper presents a framework where a high-fidelity model is used in combination
with reduced estimation models. The estimation models are used to estimate variables related to the system’s
current condition, and the high-fidelity model provides the best guess on the non-observable phenomena.
Thus, the high-fidelity model may aid the estimation by providing virtual inputs and a first benchmark for
the estimation. In particular, this paper focuses on how to obtain estimation models from the high-fidelity
model, and how to select the right sensor sets. The framework is finally applied to an scaled test bench of a
vertical transportation system, showing the potential of this approach in the condition monitoring of complex
industrial systems.

1 Introduction

Condition monitoring strategies rely on the measurement of variables of interest that reflect the system’s
condition. Obtaining these measurements, however, is not always straightforward. Certain quantities require
sensors which are either too costly or too intrusive to be used in a continuous monitoring approach. In such
situations, a model-based monitoring scheme is a useful solution to estimate the required variables [1].

Model-based methods use a first principles model to monitor the system [2]. By running a high-fidelity
model of the system under the same operational conditions as the real system, immeasurable quantities can
be derived from the model in the form of virtual sensors. Furthermore, if the model is combined with the
available measurements, it can be continuously corrected, adapting its output to the current condition of
the system and improving the accuracy of the derived virtual sensors. Bayesian state/parameter estimation
techniques, such as Kalman Filtering, are a powerful tool to combine models and measurements, correcting
both model discrepancies and sensor noise [3].

State/parameter estimation is a useful tool to obtain accurate virtual sensors updated to the current condition
of the system. However, obtaining models suitable for state estimation is not a trivial task. To ensure the con-
vergence of state estimation methods, the physical phenomena described in the model has to be represented
in the measurements used [4]. Consequently, if the number of sensors is very limited, several approximations
have to be assumed in the system models. Hence, common industrial models are generally too large to be
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directly used in an state estimation framework. Therefore, estimation models are often developed ad-hoc for
a particular monitoring task, neglecting other physics that could be of interest. As an example, consider the
case where the underlying physics describing the evolution of a certain force are neglected, and this force
is estimated as an unknown input, such as in [5]. This approach may require less sensors, and thus help
making this monitoring scenario observable. However, there is no knowledge on why that force is changing.
In a condition monitoring scheme, this could mislead the assessment, as changes in that force due to current
operational conditions could not be isolated from changes due to faulty conditions.

As a workaround, a framework is proposed where a high-fidelity model of the system is used in combination
with estimation models. The estimation models are used to track different features of the system in combi-
nation with the measurements available, resulting in more updated virtual sensors. On the other hand, the
high-fidelity model is used to provide the best information possible on the non-observable quantities. This
way, the high-fidelity model can provide information to the estimation models in the form of virtual inputs, or
can provide a first benchmark, to track the system’s degradation by comparing its output with the estimation.

Additionally, the estimation models may update the high-fidelity model with the estimated parameters. For
instance, in phases where additional sensors are available, such as commissioning or during maintenance,
more advanced estimation models may be activated to estimate parameters and update other subsystems of
the high-fidelity model. Furthermore, using industrial model ex-change standards, estimation models aimed
at different monitoring scenarios may be automatically obtained from the high-fidelity model. This provides
a cost efficient way to adapt the high-fidelity model to other monitoring scenarios as new necessities arise.

In particular, this paper studies how new estimation models can be obtained from the high-fidelity model,
presenting an approach to select the right model approximation and sensors sets. As an application case,
the approach is used to select the best model approximation and sensor sets to monitor the condition of the
guiding system of vertical transportation systems.

The rest of the paper is organized as follows. In section 2, the state/parameter estimation algorithm used
is explained, including the observability requirements. Section 3 describes the proposed framework for the
model-based condition monitoring of large systems. Next, section 4 presents the application case, and shows
the results of applying the presented framework to an scaled test bench of the case study. Finally, conclusions
and future steps are drawn in section 5.

2 Model-based state and parameter estimation

Model-based state estimation filters combine available sensors with a first-principles model to estimate vari-
ables that could not be measured otherwise. The well known Kalman Filter (KF) is the most widely used
and the optimal state estimator, but it is limited to linear systems. Several extensions of KF may be found in
[3]. In this paper, the Extended Kalman Filter (EKF) is used due to its simple implementation and relatively
low computational cost.

The EKF uses a nonlinear model defined in state space form as shown in equation 1. Both the process and
measurement equations of this model are assumed to be disturbed by zero mean white Gaussian noise (w
and v in equation 1) of covariance Q and R respectively. Similarly, the system’s states (x) are assumed to
be Gaussian variables with a covariance P: (x̂ ∼ N (x̂,P)).

ẋ = f(x, u, t) + w

y = h(x, u, t) + v
(1)

The EKF is described in the pseudo-algorithm 1. In each k-time step the system model is simulated and
compared with measured data. Additionally, the EKF linearizes the model around the estimation point and
propagates a linear approximation of the covariance [3]. This is done recursively in two steps: prediction and
update. In the prediction step, an a-priori estimation of the states mean and covariance is obtained. In the
update step, this estimation is corrected using the available measurements. The simple implementation and
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reduced computational cost of the EKF make it an attractive option for the estimation of states in nonlinear
systems.

Algorithm 1 Extended Kalman Filter
1: Initialize:
2: x̂+

0 ,P
+
0

3: for each k do
4: State and Covariance prediction
5: x̂−k+1 = fk(x̂

+
k , uk, k) + wk

6: yk+1 = hk+1(x̂k+1, uk+1, k) + vk

7: P−
k+1 = FkP

+
k F

T
k +Qk with Fk = e

∂fk
∂xk

Ts

8: Update
9: Kk+1 = P−

k+1H
T
k+1(Hk+1P

−
k+1H

T
k+1 +R)−1 with Hk+1 =

∂hk+1

∂xk+1

10: x̂+k+1 = x̂−k+1 +Kk+1(zk+1 − yk+1) with zk+1 the measurement at step k + 1

11: P+
k+1 = (I −Kk+1.Hk+1)P

−
k+1

12: end for

Where: x is the states vector, y is the model output,u is the input, z is the system output, w is the process
noise, v is the measurement noise, P is the initial covariance of the states, Q is the covariance of w, R is the
covariance of v, F is the discretized system matrix, H is the output matrix, and Ts is the sampling frequency.

2.0.1 Unknown Input Estimation

In addition to estimating states, the EKF can be augmented to also estimate unknown inputs [6], [7]. The
system’s states vector is augmented with the unknown inputs, and the directional derivatives of the inputs
are included in the system matrices (equation 2). These unknown inputs are assumed to change according to
a random walk model (equation 3).

xaug =

[
x
u

]
A∗ =

[
∂f
∂x

∂f
∂u

0 0

]
(2)

u̇(t) = 0 + wu(t) (3)

2.0.2 Observability

The observability is the property of the system that determines if the outputs have enough information to
estimate the states of the model. A discrete-time system is observable if its initial state can be reconstructed at
any time k with the measurements available [3]. If a model is not observable for the selected measurements,
either additional sensors have to be included in the estimation or the model has to be reduced. There are
several methods to assess the observability of the system, with one of the most common ones being the
Popov-Belevitch-Hautus (PBH) criterion [8]. This method states that the corresponding linear system is
observable if the PBH matrix (eq.4) is full rank for each s ∈ C. In practice, the PBH matrix could only be
low rank if s is an eigenvalue of A or for s = 0. Therefore, it is enough to check the PBH matrix for the
eigenvalues of A. Furthermore, by checking which modes of the system are actually not observable, one can
draw conclusions on what extra measurements should be included.

PBH =

[
sI− A

C

]
(4)

Where s ∈ C, A is the system’s process matrix and C is the system’s output matrix.
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This method is meant for linear systems, and extending it to nonlinear systems is not straightforward. For
nonlinear systems, a good option is to assess the observability along the states’ trajectory, linearizing the
system at each time step and computing the observability matrix locally. In addition, since comparing the
matrix rank only gives a ‘true’-‘false’ observability assessment, to assess different sensors sets, it is more
interesting to compare the matrix condition number[9].

It should be noted, that these methods do not take into account the accuracy of the measurements used.
When adding a sensor with significant noise in its output, the observability will improve due to the additional
sensor, but due to the measurement’s high noise covariance, the estimation will not improve [10]. A work
around is to use the observability criteria to understand the effect of certain sensors, and then check these
sensor’s effect in the estimation’s accuracy by running subsequent estimations with synthetic measurements
from a high-fidelity model. Since all the estimated variables are available in the high-fidelity model, the
performance of the estimation using different sensor sets may be evaluated, and the best sensor set chosen.

3 Condition monitoring using state estimation and detailed system
models

As explained in section 2.0.2, to accurately estimate the physics of interest with an state estimation frame-
work, the observability of the system has to be ensured. If the system is not observable, either more sensors
have to be included or the model has to be reduced. This implies neglecting non-observable physics and
potentially limiting the possibilities of using the estimation to assess the system’s condition. To address this
problem, a high-fidelity model of the system could be used in combination with reduced models suitable for
state/parameter estimation. In this work, this high-fidelity model will be referred to as Digital Twin (DT).

The DT is a detailed model of the system, which takes into account all the physics of interest and is simulated
parallel to the real system, with the same input and known operational conditions. As stated above, such a
model will probably not be suitable for state estimation, as it may not be observable. Therefore, this model
runs in open-loop (i.e. without being corrected by current measurements), predicting the outcome of the
system. Since no correction is done, the output of this model will be subjected to model inaccuracies.
Furthermore, it will represent the condition of the system when the model was last updated, rather than the
current one.

In order to have an estimation of the system’s current condition, reduced models of the DT are used in an
state estimation framework. These estimation models, are adapted from the DT to suit the requirements of
a particular monitoring scenario. For instance, during maintenance or commissioning, as more sensors are
available, more detailed estimation models will be used. In such phases, the estimation models will be used
to estimate parameters of the installation that can be used to update the DT, ensuring that it will always
provide the most updated prediction possible.

On the other hand, during normal operation the system sensors are more limited, and therefore smaller
models will be required to ensure observability. In such phases, the estimation is mainly aimed at obtaining
accurate virtual sensors to be used for condition monitoring. As stated above, the main limitation of these
models is that the neglected phenomena may influence the estimation. In such cases, the DT may be used to
enhance the estimation in two ways. Firstly, by comparing the estimation and the DT, system changes not
related to operational conditions may be isolated, and thus faulty conditions and early degradation may be
detected and quantified. Secondly, the DT could provide equivalent parameters and non-measurable variables
to fit the phenomena neglected in the estimation model. These variables would enter the model as virtual
inputs, and will result in more realistic virtual sensors and parameters. The flowchart of this framework is
shown in Figure 1.

By using the right modeling approach, the DT can be automatically adapted to generate estimation models.
Therefore, the model-based monitoring framework may be extended in a cost efficient way to tackle new
necessities as they arise (e.g. to understand the underlying cause behind an unexpected behavior of the
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Figure 1: Combination of estimation sub-models with a high-fidelity Digital Twin of the model

system). However, there is still the question on how should a certain estimation model be approximated (i.e.
which dynamics of the DT to keep, and how the removed ones affect the estimation). The next sections
describe how to obtain reduced models in a cost efficient way and how to select of the best model-sensor
combination.

3.1 Modeling Strategies

Models are mainly used in the system’s early design and virtual commissioning phases. These models are
usually developed using advanced modeling tools, which reduce errors and speed up the modeling process.
Furthermore, sub-systems of the same plant may be modeled using different modeling tools, taking advantage
of the expertise of each tool to model a particular engineering domain. This approach results in cost efficiency
and model reliability in a sub-system level, but it hinders the re-usability of design models in a model-based
monitoring framework. As a consequence, it is common to hand-code estimation models in less efficient
languages, resulting in overly simplified models or increased modeling complexity (either in modeling the
system or in developing an ad-hoc interface).

The Functional Mock-up Interface (FMI) is a tool independent standard for model exchange and co-simulation
of dynamic systems, which could effectively address this problem. According to the FMI standard, the model
is exported (either for exchange or co-simulation) as a so called Functional Mock-up Unit (FMU). The FMU
is a compressed file containing an XML-file with the model description, a set of C-functions to execute model
equations and further data required by the model (including tables, icons and documentation). Simulation
programs or software packages that implement the FMI standard can import FMUs, access their resources,
and run simulations [11]. Unlike other model exchange tools, its implementation is open-source and does
not depend on the exchanging software version. Thus, as shown in Figure 2, it allows the combination of
simulation tools otherwise incompatible, settling a general approach that reduces errors and speeds up the
modeling process. This allows a simple model exchange between suppliers and OEMs but also a seamless
combination of models with custom applications, allowing the user to manipulate the solution at each time
step, as required by certain algorithms.

FEM CFD Signal Based Bond Graph Acausal Custom

OEM

SUPPLIER 1 SUPPLIER 2 SUPPLIER 3 SUPPLIER 4 SUPPLIER 5 SUPPLIER 6

Figure 2: FMI for model exchange
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The FMI is a promising candidate to become the industry standard for model exchange [12], and is being
supported by an increasing number of modeling tools. In particular, port-based modeling tools, such as
the Modelica modeling language, are an interesting option for the development of model-based monitoring
strategies. Such modeling languages enhance the re-usability of different models. For instance, some of
the model’s constitutive equations may be activated/deactivated by assigning boolean parameters to these
equations, as shown in Figure 3. Alternatively, the number of subsystems (or constitutive equations) could
be defined through an integer and a for loop. This way, it is straightforward to include or exclude certain
dynamic states from the model, easily adapting to the complexity level required by the monitoring scheme.
Thus, starting from large high-fidelity model of the system, new models could be compiled automatically to
address particular monitoring scenarios. Furthermore, open source alternatives are available for Modelica
software (e.g. OpenModelica, JModelica.org), resulting in a highly cost efficient and less version dependent
approach.

model BooleanMass

 parameter Boolean UseTwoMasses = true;

 Components.Fixed fixed (s0=0.0);

 Components.Mass Mass1(m = 20);

 Components.Mass Mass2(m = 20) if UseTwoMasses;

 Components.SpringDamper springDamper1(c = 1000, d = 10);

 Components.SpringDamper springDamper2(c = 1000, d = 10) 

 if UseTwoMasses;

 Sources.Force InputForce;

equation

 if UseTwoMasses then

   connect(Mass2.flangeb, InputForce.flange);

 else

   connect(Mass1.flangeb, InputForce.flange));

 end if;

 connect(springDamper2.flangeb, Mass2.flangea);

 connect(Mass1.flangeb, springDamper2.flangea);

 connect(springDamper1.flangeb, Mass1.flangea);

 connect(fixed.flange, springDamper1.flangea);

end BooleanMass;

UseTwoMasses=true

UseTwoMasses=false

Figure 3: Example of a Boolean activation of sub-systems within the same model

3.2 Model-Sensor selection

Following the framework explained in section 3.1, it is straightforward to create and/or reuse detailed models
of complex systems and connect them to state estimation algorithms. However, not every model is directly
suitable for state estimation. As explained in section 2.0.2, the measurements used in the estimation should
capture the physical phenomena represented in the model. Consequently, as models increase in size a greater
number of sensors is usually required. Given the commonly limited number of sensors, it is highly important
to select a sensor-model combination that minimizes the number of sensors while still being able to capture
he relevant physics of the system.

In this section, a method is proposed to aid in the selection of the required sensor set and system model.
Firstly, the possible sensor sets and model approximations are defined. Following the approach described
in section 3.1, the detailed model of the system could be reduced automatically, directly compiling reduced
models with the defined states’ sets. Secondly, the PBH criterion (see section 2.0.2) is used to determine
which model-sensor combinations are not observable (i.e. PBH matrix is not full rank for at least one of the
eigenvalues of the system matrix). These model-sensor combinations are then excluded from the selection.
In addition, the combinations where a certain sensor is not relevant in the model are also excluded (e.g.
if the vibration of a certain element is neglected, the acceleration of that element wont be included as a
sensor). For the sensor set-model combinations which are observable, the condition number of the PBH
matrix is compared. This allows having a first quantitative evaluation of the observability of the different
sensor set-model combinations.

As explained in section 2.0.2, the PBH criterion does not provide a metric on the accuracy of the estimation.
Thus, to also take the expected estimation accuracy into account, the observable sensor-model combinations
are used to estimate the variables of interest using synthetic data from the high-fidelity model. As the
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estimated variables are known (since this process is done using synthetic data from the model), the accuracy
of each sensor-model combination can be evaluated to add to the outcome of the PBH criterion. Additionally,
it is also worth considering the estimated steady state covariance, since an increasing covariance will also
indicate non-observability. By checking these three metrics (i.e. condition number of the PBH matrix, root
mean square error (RMSE) of the estimation and covariance of the estimation), the most suitable sensor-
model combinaton may be selected.

Possibly, different model abstraction levels will require different filter tuning (i.e. different assumptions of
the model’s noise covariance matrix, Q, as R will only depend on the sensors). To compare different estima-
tions equivalently, the automatic tuning procedure shown in Figure 4 is used. Firstly, an initial assumption
on the filter’s Q matrix is obtained based on the state’s trajectory (Q0). Namely, a diagonal Q is used, where
the covariance associated to each state is computed as a 1% of the magnitude of that state. Next, subsequent
estimations are run where the filter Q is Q0 multiplied by a factor ε. The final Q is selected using the εwhich
minimizes the difference between the estimated state covariance and the real covariance (i.e. covariance of
the difference between the estimated state and the actual state). In the real installation, the filter design will
need further tuning, as the high-fidelity model is more similar to the estimation model than the real system.
Thus, this tuning may be used as a starting point, but the final tuning is done manually with the aid of the
filter performance statistics shown in [13].

Figure 4: Tuning process to compare different models under similar conditions

4 Case study

The proposed framework is applied to the condition monitoring of a vertical transportation system (VTS),
particularly on an electric traction lift with a 1:1 suspension. In particular, this paper focuses on the condition
of the guiding system, as it significantly affects the energy efficiency and ride quality of the installation [14].
This is the most common type of vertical transportation system, and it is usually composed of the following
components [15]:

• Lift Cabin: It is the component carrying the payload.

• Counterweight (cw): balances the lift cabin’s weight, making the lifting more efficient.

• Electric Machine: Commonly a gearless Permanent Magnet Synchronous Machine (PMSM) is used
due to its high energy density.

• Control System: A Field Oriented Control (FOC) strategy is used, which aims at maximizing the ac-
tive power and minimizing the reactive power of the machine, by controlling the direct and quadrature
axis currents independently.
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• Guiding System: ensures an homogeneous vertical movement of the cabin. It normally consists of
two T-shaped rails mounted on the walls of the elevator shaft. Defects such as narrowing of the rails
due to misalignment, bumps at the rail joints, or rail deflections, have a significant influence in the
efficiency, comfort and useful life of vertical transportation systems.

• Sliding shoe: U-shaped polymeric pads located in the corners of the cabin and counterweight frames,
which grab the guiding rails. It is does the interface between the guiding system and the cabin/counterweight.

• Suspension Rope and Driving Pulley: A steel rope is used to connect the car and the counterweight.
In the simplest rope arrangement (1:1 suspension), the rope passes once over the traction sheave. The
pulley transmits the traction from the electric machine.

4.1 Model of a VTS

Since faults in the guiding system tend to increase friction forces, estimating these friction forces provides
a valuable indicator of the guiding rails condition. These friction forces depend mainly in four parameters:
1) friction coefficient, 2) condition of the guides, 3) geometry of the cabin, and 4) operational conditions
(load, acceleration profile). Therefore, in order to isolate the condition of the guides from other operational
conditions, a first approach may be to use a detailed model of the system, including the lateral and rotational
movement of the cabin and a contact and friction model. To account for the condition of the guides, the
model is updated as described in [16]: using an equivalent friction coefficient which takes into account both
the coulomb friction coefficient and the condition of the guides. This model, can effectively account for the
phenomena affecting the friction in the guides, but as shown in Table 1, it has a large number of states.

Table 1: Description of the dynamic states of a VTS model with all the relevant subsystems
System States Description

Cabin
x, y,z, ẋ,ẏ,ż Cabin’s translation movement
α, β, γ, α̇, β̇, γ̇ Cabin’s rotation movement

Counterweight x, y,z, ẋ,ẏ,ż CW’s translation movement
α, β, γ, α̇, β̇, γ̇ CW’s rotation movement

Pulley ϕP ,ωP Pulley’s rotation

Pulley/Machine Set zm,żm Pulley/machine set’s vertical vibration
αm,α̇m Pulley/machine set’s off-axis inclination

PMSM id,iq Currents in the electric machine
Controller xs,xq ,xd Derivative of the input error in each of the controller’s PI

loops

Therefore, although this model is useful to understand the effect of faults and different operational conditions,
it may not be suitable for an estimation framework due to the large number of states. Particularly, due to
the inherent uncertainty in the contact between the guides and the cabin, the states related to the lateral and
rotational movement would have to be measured, with the consequent additional sensor cost. Therefore, a
better approach may be to neglect the physics related to the unobservable states, i.e the rotation and lateral
translation of the cabin, and don’t make any assumptions on the underlying physics of the forces acting on
the cabin. Instead, all the contact and friction forces are summarized in a single resultant force acting on
the cabin and counterweight center, as shown in Figure 5. This forces may then be estimated together with
the states as unknown inputs. However, the direct estimation of forces may lead to False Positives in the
condition monitoring scheme, as there is no knowledge on the underlying physics of these forces. To aid
in the assessment, the framework described in section 3 is used. This detailed model may then be used to
predict the expected friction forces, and the estimation model may be used to obtain the actual ones.
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Figure 5: Detailed model of the system and equivalent reduced estimation model

In addition to summarizing the friction force in a single resultant force, there is still the question of which
sensors should be used, and if other states should be neglected as well. Next, the approach shown in section
3.2 is followed to evaluate the optimal model and set of sensors.

4.2 Model-Sensor selection

In this section, the approach described in section 3.2 is used to select the best possible sensor set and model
abstraction to monitor the friction forces in a vertical transportation system. In addition to removing the
lateral and rotational dynamics of the cabin, there is still the question on what other states of the system
will affect the estimation. As more states are included in the model, the computational cost increases and
the observability tends to decrease. In addition, if the parameters associated to these states are uncertain,
including them may reduce the estimation accuracy. In particular, the effect of the following states is studied:

• Controller states: The PI loops of the FOC introduce three states. Removing them leads a steady
state error in the simulation, that can be assumed as another model disturbance and corrected with the
estimation.

• Machine direct axis: The FOC keeps the direct axis current at zero. Thus, it is studied whether this
state can be neglected.

• Unknown inputs: It is studied whether the forces acting on the guiding system of cabin and counter-
weight may be estimated together with the states, or if a different approach is required.

• Split mechanical and electrical models: It is studied whether splitting the electrical and mechanical
sub-systems is better than including both together in the model. Splitting the model in two leads to
smaller models, which may be better conditioned and thus improve the estimation.

The models and sensor sets studied are described in Tables 2 and 3 respectively. Figure 6 shows the observ-
ability results for the studied model-sensor set combinations. As explained in section 2.0.2, the following
indicators are used to check the observability of each sensor-model combination: 1) PBH matrix condition
number (shown for the eigenvalue of A leading to the largest PBH condition number), 2) Accuracy of the
estimation, as the rmse of the estimation with respect to the actual variable taken from the high-fidelity model
and 3) Estimated covariance (not shown due to size limitations). Next, these results are discussed in detail.
This model-sensor selection strategy can be directly extended to other estimation scenarios.

Joint estimation of Fcabin
fric and Fcw

fric (models x1 to x4): Taking a look at models x1-x4, it is clear that the
joint estimation of friction forces both in cabin and counterweight sides is only possible by measuring the
cabin side’s cable tension. This is because both friction forces have the same overall influence on the other
measurements:
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Table 2: Model approximations studied

Tag
Model

Description Statesgroup

a Control
Controller xs, xq ,

states xd
Model

Groups
Model

Groups

b Machine 1
Quad. and Direct

iq , id,
used used

current x1 a,b,d,e,f,g,h x8 c,e,f,g
c Machine 2 Quad. current iq x2 b,d,e,f,g,h x9 a,b,f,i

d Pulley Vib.
Pulley/Machine

zp, vp
x3 b,e,f,g,h x10 b,f,i

vertical vibration x4 c,e,f,g,h x11 c,f,i

e
Vertical Cabin and zc, vc x5 a,b,d,e,f,g x12 d,e,f,g

Dynamics CW move zcw, vcw x6 b,d,e,f,g x13 e,f,g
f Pulley Rot. Pulley move ϕ, ω x7 b,e,f,g
g FricCabin Cabin friction F c

fric

h FricCw CW friction F cw
fric

i Torque
Machine generated

τ
torque

Table 3: Sets of sensors studied
Tag

Sensor
Description Namegroup

A Force 1

Force in

Fs
the machine Sensor Groups Sensor Groups

support set used set used

B Force 2
Cabin side

Fc

y1 A, C, F, G y10 C, F, H
cable tension y2 B, C, F, G y11 D, F, H

C Cabin 1
Cabin acc.

Ac, Zc
y3 C, F, G y12 E, F, H

and position y4 D, F, G y13 F, H
D Cabin 2 Cabin acc. Ac y5 E, F, G y14 C, H
E Cabin 3 Cabin position Zc y6 F, G y15 C,F

F Encoder
Rotor acc.

α, ϕ
y7 C, G y16 D,F

and position y8 A, C, F, H y17 E,F

G Machine 1
Quad. and Direct iq , id, y9 B, C, F, H y18 F

current and voltage Vq , Vd

H Machine 2
Quad. current

iq , Vqand voltage

• The cable couples the dynamics of the cabin, pulley and counterweight. Consequently, the vertical
movement of cabin and counterweight are described mainly by two modes: a rigid-body mode which
couples their movement to the rotation of the pulley, and the first vertical vibration mode of the cable
(10-30Hz in the current case). Therefore, the acceleration of cabin and counterweight follow closely
the angular acceleration of the pulley. Increments on the guides’ friction (e.g. due to misalignment in
the guides), will lead to a small increment in the cable’s elongation and tension force. If this friction
force decreases again, the cable will go back to its former elongation, and will behave as spring,
affecting the vertical vibration related to the first mode. However, the movement related to the rigid-
body mode will generally not be affected, as that would require a significantly high friction force that
makes the cable slip in the pulley, uncoupling their movement. Thus, increments in friction force are
not directly seen in the acceleration measurements.

• The friction forces in cabin and counterweight will lead to increased tension in both cable sides, both
of them resulting in a torque opposed to the movement of the pulley. Consequently, both friction
forces have the same overall effect on the measurements of the electric machine and the pulley. These
measurements are thus not enough for the evaluation of friction forces in both sides.

• A theoretical (rather than practical) alternative to the tension in the cable would be to use the resultant
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Figure 6: PBH matrix condition number (left) and rmse of the estimated input (right) for all the studied
sensor-model combinations

force in the support of the electric machine. This could be a suitable measurement, as the friction
forces affect this resultant force in an opposite way (as they have opposite directions). However, the
estimation using this measurement leads to very high error, suggesting that the system is not observ-
able with this measurement. Possibly, as Fs is significantly larger than the friction forces, the effect
of F cabin

fric is blurred out with other estimation errors (e.g. differences in cabin/counterweight accelera-
tion). Thus, even though this sensor set has a good observability index according to the PBH criterion,
it is deemed as not observable.

Joint estimation of Fcabin
fric (models x5 to x8): As explained in 3, a possible alternative when some physics

of the system are required but not observable, is to use a Digital Twin of the system to provide the missing
information. In this case, the F cw

fric is a virtual input coming from the DT (i.e. an updated high-fidelity model
of the system) and only the F cabin

fric is estimated with the states. Next, the effect of different sensor sets on
this estimation are explained.

• The combination of the measurements Zc with ϕ ( sets y3, y5, y10, y12, y15, y17) leads to larger
estimation errors than those which do not combine these two measurements. Although increasing
the number of sensors tends to improve system’s observability, in this case it occurs otherwise. The
reason for this is that both Zc and ϕ are essentially the same measurement (as explained earlier, the
cabin moves mainly with a rigid-body motion, Zc, coupled with the pulley’s motion,ϕ). Errors in one
of these measurements could thus make the estimator over-correct some states and yield unrealistic
estimations of the augmented states. In this particular case, due to differences in the estimation model
and the simulation model, the estimator over-corrects the position of the cabin, which leads to a larger
elongation in the cable and wrong friction force estimations. This issue could be solved by improving
the tuning of the filter. In particular, increasing the covariance of the position sensor. However, then it
may not influence the estimation at all. Therefore, it is preferred not to use the position (Zc) sensor in
this case.

• Looking at measurements y16 and y18, it seems that not using current and voltage measurements will
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lead to higher errors than if those measurements are used. As the error is not significantly high, one
could argue that this is a suitable measurement set. However, taking a closer look at those estimations,
the covariance of the estimated augmented states grows continuously, suggesting that the system is
not observable with this measurement sets. In fact, the value of the estimated F cabin

fric is constant along
the estimation, and the small RMSE is only due to the initial value of F cabin

fric being close to the actual
one. Thus, this matrix has to be interpreted with caution, and is better to check it together with another
matrix showing the estimated covariance (not shown here due to size limitations).

• Including the vibration of the pulley in the estimation models worsens the estimation slightly, and
therefore it is preferred to remove the related states.

Joint estimation of τ (models x9 to x11): In this models, no assumption is made on the friction forces
affecting on the system. Instead, the mechanical sub-system is neglected and only the torque (τ ) generated
in the electric machine is estimated. Assessing the effect of different sensor sets on models x9 to x11 yields
similar conclusions as in the precious cases. The assessment suggests that both the controller states and the
direct current axis may be neglected, and that the measurement sets required are the encoder and the machine
current and voltage.

Joint estimation of Fcabin
fric with τ as model input (models x12 and x13): In this models, only the me-

chanical sub-system is taken into account. The torque generated by the electric machine is used as input to
the model, and the friction in the counterweight is assumed known (e.g. coming from a Digital Twin of the
system). As in the previous cases, the combination of Zc and ϕ in the same measurement set provides worst
estimation results.

Continuously measuring the tension in the cable is a costly solution and may limit the operational range
of the system (in certain cases the sensor may clash with the driving pulley). Consequently, it may be used
during certain operations, such as maintenance or commissioning, but is not suitable to continuously monitor
the system. As a consequence, based on the previous assessment, the most suitable model-based monitoring
solution is to use the model x5 without the states in the pulley, together with the measurement set y6. In
this model, friction in the counterweight is introduced as a virtual input coming from the DT, as explained in
section 3. For that, the high-fidelity model has to be properly updated (for example, estimating an equivalent
friction coefficient as shown in [16]). In addition, this implies that the condition of the counterweight’s
guiding system will remain the same as when the high-fidelity model was updated. In this particular case,
this assumption is deemed valid because: 1) the counterweight is usually well balanced, leading to smaller
friction forces and less wear and 2) it is not subjected to varying loads as the cabin.

4.3 Estimation of friction forces using the selected sensors and models

This section shows the results of estimating friction forces in a VTS, using the framework presented in
section 1. The proposed methodology is tested in the scaled test bench of a vertical transportation system
presented in [17], which has a height of 2.5 meters and allows a travel length of circa 1.8 meters. This test
bench allows studying defects and using sensors that could not be tested in real installations. The guiding
system consists of two guiding rails for the counterweight and two for the cabin. Each of these rails is made
up of four rail segments (I to VI).

As explained in section 3, in this problem a high-fidelity model of the system (DT) is used in combination
with estimation sub-models. The DT for this application is summarized in section 4.1. Prior to using this
model, it has to be calibrated to accurately represent the system, for which additional sensors are required.
In this particular case, the DT is updated by estimating an equivalent friction coefficient as shown in [16]).
For that, the additional measurements required are the cable’s tension, acceleration in the cabin and cabin’s
position. The estimation sub-model used to continuously monitor the friction forces in the system is obtained
from the analysis done in section 4.2. This estimation model is a reduced version of the DT, where mainly
the lateral and rotational movement of the cabin is neglected. The states of this model and the sensors used
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Table 4: Summary of the states, sensors and tuning of the estimation model

States Q matrix Measurements R matrix Input

zcw,żc,zcw, ˙zcw, diag(1−9, 1−9, 1−9, 1−9 Vq, iq, diag(1−3,1−6

Wref , F̂ cw
fricφP ,ωP ,iq,id, 1−6, 1−1, 1−1, 1−1 Vd, id, ,1−3, 1−7)

xq,xi,xs, F cabin
fric , 1−7, 1−7, 1−7, 10) , φ,α

in the estimation are shown in Table 4. By following this approach, friction force in the cabin side may
be estimated, improving the accuracy of other virtual sensors. Additionally, the estimated friction may be
compared to the one predicted by the DT. As the later one is not updated to the current condition of the
system, differences in the estimated and the predicted friction forces may be used as damage indicators. This
is shown in Figure 7, which compares the friction virtual sensor of the estimation model, the friction virtual
sensor of the detailed model and the measured friction (obtained from the difference between the measured
tension and cabin acceleration). In the counterweight side, the friction is introduced as a virtual input in the
estimation model. Thus, only the friction virtual sensor of the detailed model and the measured friction are
shown. This estimation was done after introducing a fault in the guiding system. In particular, the position of
the joint between cabin’s rail’s segments 3 and 4 (h=1.25m) of the guide is modified, changing the condition
of the guide. The current condition of the guide, differs thus from the condition for which the DT was
calibrated.

Consequently, in the counterweight side, the friction virtual sensor of the DT still follows closely the mea-
sured friction. On the cabin side, however, the detailed model differs significantly from the measurement
in the region near the defect. On the other hand, the virtual sensor of the estimation model adapts to this
change, and has a value closer to the actual measurement.

By continuously comparing the estimation and the output of the detailed model, a Key Performance Indicator
(KPI) of the guiding system’s condition can be defined. Although the estimation adapts better to changes in
the actual system, there is still a significant deviation between heights 1.01m and 1.55m. This is due to the
error in the virtual input of the counterweight’s friction, which directly affects the estimation. This reflects
the main limitation of this framework: errors in the virtual inputs obtained with the DT directly affect the
estimation. Consequently, when following the presented approach it should be ensured that the virtual inputs
are as accurate as possible, and do not change in the system’s life cycle. In order to validate the estimation,
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Figure 7: Friction forces estimated and measured

the tension in the cable and vertical accelerations both in cabin and counterweight sides are used used. The
cable tension depends directly on the friction in the guides and the acceleration of the cabin, and therefore it
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reflects the accuracy of the friction estimation. In Figure 8, the estimated tension forces and accelerations are
compered to the ones measured in the test bench. The estimation remains bellow a 5%, showing the potential
of these techniques.
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Figure 8: Comparison of the estimated and measured cable tension forces and cabin and counterweight
accelerations

5 Conclusions

State estimation techniques combine available sensors with a system’s model, correcting both sensor noise
and model inaccuracies to obtain virtual sensors. Thus, they can virtually measure variables of interest that
could not be measured otherwise. To ensure the convergence of these methods, the physical phenomena
described in the model has to be included in the measurements used. Consequently, if the number of sensors
is very limited, a number of approximations have to be assumed in the system models. This poses mainly
two limitations: First, the neglected physics could mislead the assessment of the system’s condition. Second,
adapting to new monitoring scenarios as they are required requires new modeling effort.

In this paper, a high-fidelity model (Digital Twin, DT) of the system was used to overcome these limitations.
In particular, the paper was focused on how to select the required model and sensor sets. A main limitation
of this method, is that if the virtual inputs are not accurate enough, they may have a significant influence on
the estimation’s accuracy.

In future steps, the framework will be extended to assess other sub-systems. Similarly, the DT will provide
virtual inputs to the estimation models, but in addition it will be updated with the outcome of the estimation
models. Thus, in case additional sensors are available (e.g. during maintenance or commissioning), the
DT can be updated with the estimated parameters in order to represent always the most updated system’s
condition. This DT will then be used to obtain KPIs on the system’s condition, and to run what-if analyses,
by simulating the results of setting a maintenance action.
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