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Abstract
An optimal configuration of sensors that maximizes the insight on the structure is essential for reliable con-
dition monitoring. This work presents an approach for optimally placing sensors of different types. The
objective of the optimization process doesn’t only search for sensor locations that maximize the information
gain of each sensor type, but rather builds a network of sensors that collectively reduce the estimation er-
ror as their signals are fused to reconstruct the structure’s state. Fitness criterion is derived for each sensor
type by extending the classical effective independence approach. Based on that, measures of system’s ob-
servability are used as a metric of information gain and uniqueness for the respective sensor arrangements.
Numerical studies are presented to demonstrate the robustness and effectiveness of the method in finding the
optimal configuration for an electric motor and a steel structure operating under typical loading conditions
and anomalies.

1 Introduction

Advances in 3D simulation and modeling as well as high performance computing make it possible to push
designs of complex components to the limit, where weight can be reduced and borne loads conditions can
be maximized. With the emergence of Internet of Things (IoT) and the Digital Twin (DT) concept into
the industrial field, simulation is progressively contributing to modeling various operating scenarios, while
coupling their input and output ends to sensing and control systems to extend insight on the machinery,
leverage control precision, and improve steering decisions. One application which can be incubated in a
digital twin environment is the optimization of sensor placement to capture the responses of the structure.
Such captured signals can be exploited in state estimation, failure identification, damage assessment, and
other forms of on-line condition monitoring.

The estimate of the structure’s state involves uncertainties resulting from the limitations of the mathemati-
cal/simulation models, and measurement error in the acquired signal. The reliability of such estimations is,
thus, very sensitive to the properties of sensors feeding them with signals and their deployment. An influen-
tial parameter in such is the positioning of sensors with respect to the structure, as well as their arrangement
relative to one another.

Related Literature

An optimal sensors configuration that maximizes the insight on the structure is a challenging problem, that
has been attempted over the last decades. Many methodologies have been proposed to find the optimal sen-
sor positions that minimize the estimation error between the actual structure’s responses and their expected
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values estimated by mathematical models. Various methods derive the objective estimation error to be mini-
mized based on the Fisher Information Matrix (FIM). One of which is the modal kinetic energy (MKE) first
proposed in [1]; where the locations of maximum response amplitudes are favored as optimal. In [2] and [3],
the Effective Independence (EI) method was proposed, where the positions that increase the independence
between the significant estimated mode shapes are chosen. In [4] and [5], the locations of sensors are based
on minimizing the information entropy (IE) - a scalar measure representing the uncertainty in the estimated
response. In [6], Zhang et al. have proposed a more elaborate way to define the optimality criteria, based on
the covariance error in a generalized-state reconstructed using Kalman filter. A significant advancement in
this approach of deriving the estimation error is its robustness to tackle problems involving multiple sensor
types. A similar approach has been used in [7]. The drawback, however, is the exhaustive underlying mathe-
matical derivation and its involvement of matrices inversion, making it a tedious approach for structures with
large number of degrees of freedom (DOFs). In [8] and [9], the authors focus on optimal sensors placement
for parameter estimation in a multi-physics system; namely thermo-elastic systems. When employed to find
the optimal positions for a group of sensors, the aforementioned methods can be tackled through heuristic/-
greedy optimization approaches, summarized in [10], by step-wise addition or subtraction of optimal sensor
locations from a given candidate set of possible locations. Zhang et al. in [11] have employed a heuristic
approach for a Kalman-filter-based error estimation measure. An alternative approach to reach the optimal
set of sensors is using genetic algorithms [7, 12] by iteratively exploring the domain of candidate sensor
positions to find the optimal set. Papadimitriou in [5] concludes that heuristic approaches generally show
a computational advantage over genetic algorithms, as they require less number of computation and, as the
algorithm progresses, the domain of computation gets progressively smaller.

Another category of optimality measures for sensor locations is based on the observability of the system,
quantified by the smallest eigenvalue, determinant, or trace of the inverse of the system’s observability ma-
trix or Gramian, as presented in [13]. Van der Berg et al. [14] and Georges [15] have utilized the concept
in various applications involving linear systems. Singh and Hahn in their work [16] have employed this
approach for non-linear system, and proven that it can be related to the FIM. The advantage however is the
ability to account for the dynamic behavior of certain processes, overcoming such shortcoming in FIM-based
approaches. The formulation of a minimization problem including the measures of a non-linear observability
Gramian is difficult, especially with large systems, making it a challenge to incorporate such an approach
[17]. Accordingly, Serpas et al. proposed the empirical observability Gramian as a computationally effective,
yet less complex equivalent, to substitute the true observability Gramian. In such, the same measurements
of the observability Gramian mentioned above are employed. In [17], the convexity of the scalar measure
of the empirical observability Gramian is exploited to formulate a mixed-integer gradient-based constrained
optimization problem, and propose a solution algorithm to solve it using non-linear programming methods.
Hinson in [18] addresses the issues arising when employing mixed-integer programming to large systems,
and proposes solutions to relax and regularize the associated binary constraints.

An additional objective to be borne in mind when using FIM-based approaches for sensor placement is the
uniqueness of the sensor information. In civil applications, e.g. buildings and bridges, where it is com-
mon to approximate the spatial and physical models of the structure by simplified mathematical models,
e.g. beam or truss finite elements, this might be irrelevant since the spatial distance between the model’s
evaluation points (nodes in FEM context) guarantee the uniqueness of sensor information. This, however,
is particularly important for structures described by mathematical models involving dense spatial discretiza-
tion, e.g. non-isogeometric solid finite elements, where nodes can be closely positioned to one another to
ensure the model’s accuracy. Without considering the uniqueness of information as an objective, the FIM-
based algorithm alone can result in clustered sensor positioning, which are chosen because they satisfy the
formulation’s fitness criteria (maximizing the FIM), yet don’t account for the information correlation gained
from the existing sensors and the sensor to be added to the optimal set. In this regard, different methods
have been proposed to tackle this problem. Gibanica has extended Kammer’s classical EI approach to reject
positions contributing to redundant information based on the their corresponding contribution to the trace
of the observability Gramian [19]. Feng et al. have derived a modal-shapes-based measure to evaluate the
similarity between the modes observed by adding a new sensor to the optimal set and the already existing
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optimal sensors [20]. Liu et al. in [21] have utilized the nodal contribution to the structure’s stiffness matrix
to evaluate its redundancy with respect to the existing optimal sensor positions.

Structure of Work

This work presents an approach for optimally placing sensors of different types; namely yet without losing
generality, accelerometers, strain gages and displacement probes. As an optimal sensor configuration should
minimize the estimation error between the expected and measured states, the objective of the optimization
process doesn’t only search for sensor locations that maximize the information gain for each sensor type, but
rather builds a network of sensors, that collectively reduce the estimation error when their signals are fused
to reconstruct the structure’s state. This inherently considers maximizing the uniqueness of information
obtained from the deployed sensor configuration.

In section 2, the problem statement for the multi-type optimal sensor placement is derived. First, a fitness
criterion is defined for each sensor type by utilizing the classical effective independence approach. Based on
the calculated fitness criteria, measures of system’s observability are investigated to determine an adequate
metric of both information gain and uniqueness for the respective sensor arrangements.

In section 3, numerical studies are presented to demonstrate the robustness and effectiveness of the method.
An industrial example of this work in the field of rotary machines is exhibited by applying the algorithm
on an electric motor operating under loading conditions and anomalies commonly experienced in ventilation
applications. Another application of the algorithm is demonstrated through a steel structure subject to random
ground vibrations.

2 Theoretical Formulation

Problem Statement

In systems theory, e.g. [22], the equation of motion describing the dynamics of a system, having n degrees
of freedom (DOFs) and is getting excited by p inputs, is given by

Mz̈(t) + V ż(t) +Kz(t) = Lu(t), (1)

where M ,V ,K ∈ Rn×n are the system’s mass, damping and stiffness matrices, respectively, u ∈ Rp and
z ∈ Rn are the inputs and displacements vectors, respectively, and L ∈ Rn×p is the mapping matrix relating
the system DOFs to the excitation inputs. The suffix (t) denotes the time dependency of displacements, and
the ˙(·) and (̈·) operators denote the first and second time derivatives.

Applying the coordinate transformation z = Φq and pre-multiplying eq. (1) by Φ, where Φ ∈ Rn×n is
the mass-normalized mode shapes matrix (obtained by performing an eigenvalue analysis on the undamped
system in eq. (1)), results in the modal representation of the equation of motion, given by

q̈ + 2ΞΩq̇(t) + Ω2q = ΦTLu(t), (2)

where Ξ ∈ Rn×n and Ω ∈ Rn×n are diagonal matrices holding the modal damping ratios ξi, and modal
eigen frequencies ωi, where i ∈ {1..n}. Deriving the state-space representation of the equation of motion
based on the modal representation, the system dynamics are described as

x(t) =

{
q(t)
q̇(t)

}
, y(t) =




x(t)
ε(t)
ẍ(t)





ẋ(t) = Ax(t) +Bu(t)

y(t) = Cx(t) +Du(t)

(3)
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where the system matrices are defined as:

A =

[
0 I
−Ω2 −2ΞΩ

]
, B =

[
0

ΦTL

]
,

C =




Φ 0
Ψ 0
−ΦΩ2 −2ΦΞΩ


 , D =




0
0

ΦΦTL


 ,

(4)

where A ∈ R2n×2n,B ∈ R2n×p,C ∈ Rm×2n and D ∈ Rm×p are the state, input, output and transmission
matrices, respectively, m is the number of outputs, and Ψ ∈ Rn×n is the strain mode shapes matrix. Due
to the measurement noise associated with real applications, a discrepancy between the actual output of the
system y(a), and the estimated output y(e) is prone to exist. The measurement noise is denoted by v ∈
Rm ∼ N(0,R), where R = rI, I ∈ Rm is the noise covariance, assuming that the noise at each sensor r
is identical to and independent from others. Herein, the covariance matrix of the estimation error P can be
defined as

P = E
[(

y(a) − y(e)
)(

y(a) − y(e)
)T
]
=

simplifying to· · · =
[
ΦTR-1Φ

]-1
=

1

r

[
ΦTΦ

]-1
= Q-1, (5)

where Q is the known Fisher Information Matrix (FIM). Hence, the reduction in the estimation covariance
is directly related to, and can be achieved through maximizing the FIM; precisely one of its norm measures,
e.g. the determinant. In most cases, the noise term r is dropped from the formulation of Q, thus reducing
the definition in eq. (5) to Q = ΦTΦ.

Optimal Sensor Placement

Exploiting the mathematical model of the structure, different input vectors, corresponding to different oper-
ation modes, can be simulated and the estimated system’s output y(e)(t) can be evaluated. Adopting a time
space discretization scheme, as common in many transient FE solvers, the output can be evaluated only at
distinct time steps ti ∈ {t1, t2, .., ts} that can sufficiently describe the dynamics of the system.

Let Y = [y1,y2, ..,ys] ∈ Rn×s be the matrix of responses snapshots captured at discrete time steps.
The column space spanning Y can be represented in a reduced space in terms of d linearly-independent
columns U f ∈ Rn×d, if a proper set of the snapshots is chosen, where d = min(n, s) [23]. Singular value
decomposition (SVD) guarantees the existence of real, positive eigenvalues σ1 > σ2 > .. > σd > 0, and
two sets of orthogonal basis vectors U f ∈ Rn×d and Zf ∈ Rs×d such that

Y = U f Σf Z
T
f ; Σf = diag(σ1,σ2, ..,σd) ∈ Rd×d (6)

According to [24], for such a set of snapshots Y , having orthogonal basis vectors U f and Zf , there exists a
reduced sub-space represented by fewer basis vectors U r that can express the data contained in Y ∈ Rn×r
and Zr ∈ Rs×r, whose components are given by

U r, ij = U f, ij for i ∈ {1..n} , j ∈ {1..r},
Zr, ij = Zf, ij for i ∈ {1..s} , j ∈ {1..r}, (7)

where r is defined as

σ1 > σ2 > .. > σr � σr+1 > .. > σd i ∈ {1..d}, such that δ(r) =
∑r

i=1 σi∑d
i=1 σi

≈ 1 (8)

In [25], Park and Kim have proven that for an existent Y , the formulation of FIM in eq. (5) can be re-
written based on the SVD set of vectors U f , given as Q = UT

fU f . Introducing the definition of reduced
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basis vectors in eq. (7) (which, from here on, will be referred to as U , without the subscript r, for notation
simplicity), Q can eventually be defined as

Q = UTU (9)

In relation to the optimal sensor placement problem, the minimum number of sensors Nmin should equal to
the reduced number of basis vectors r representing the structure’s responses; Nmin ≥ r.

To identify minimal set of optimal sensors indices Smin, the definition of effective independence (EI) is
recalled. From the matrix U , a projection matrix P ∈ Rn×n can be defined, whose diagonal terms are
proportional to the leverage gained by each estimated value, y(e), on its actual measurement, y(a), in eq. (3)
[10]. From this definition, the EI values are defined as

E = diag (P ) = diag
(
UQ-1UT

)
(10)

The purpose, however, of utilizing the EI is not to determine the final solution, but rather to filter the minimal
set of optimal sensors indices, Smin. Smin is defined as the subset of the candidate nodal indices, Sc, at
which the EI value is maximum for each EI iteration, where Smin ⊆ Sc ⊆ Sf , Sf = {1, 2, .., n}. The
process of determining Smin through EI iterations is described in full detail in literature such as [2], [26] and
[27], and a similar approach would be applied in this work on the definition in eq. (10).

Given the objective of the work to determine an optimal configuration of positions for different sensor types,
the filtering process of the minimum set of optimal indices should be repeated for each sensor type; that’s
determine the minimal set of optimal sensor positions to monitor a given physical response. The sets would
be denoted Sϑmin, where the superscript ϑ ∈ Θ = {x, ε, ẍ} distinguishes the corresponding measured
physical properties. It should be understood that any Sϑmin is a sub-optimal solution for our problem, and
that uniqueness of information within such sub-optimal solution could not be guaranteed, as it is possible for
a certain index to be present in more than one Sϑmin; i.e. sensors of different types could end up being placed
at the same position.

Attempting to find the optimal configuration comprising different sensor types is achieved through exploiting
the properties of the observability Gramian, W o, of the linear time-invariant system in eq. (3), evaluated by
solving the following discrete Lyapunov equation [28]

ATW oA−W o = −CTC (11)

According to [22], for a given linear time-invariant system, the system is considered observable if observ-
ability Gramian W o is non-singular. The Gramian characterizes the degree of observability, or correspond-
ingly unobservability [29], of the system, through quantifying how far W o is from being singular. Various
Gramian norm functions can be defined to measure the observability of the system, e.g. the determinant,
the condition number, the max-to-min singular value ratio, the trace [29]. In [30], Hinson has demonstrated
the adequacy of using those observability measures as metrics for the optimality of the sensor placement.
Their adequacy is proven on the basis of the inherent relationship between the effective independence and
the different metrics of the estimation error ellipsoid, and their relation to the covariance matrix of estimation
error of the system in eq. (5). Herein, the optimal sensor placement problem is an optimization problem with
an objective to find an optimal set of indices So of the system output matrix C including information about
the locations and the types of the sensors. This can be formulated as

So = argmax
i∈n,j∈Θ

ϕ

(
W o

(
C̃
))
6= {φ}, C̃ =

(
C lk

)
∀ (k, l) ∈ S̃

S̃ =
⋃

ϑ∈Θ
S̃ϑmin, S̃ϑmin ∈ Cϑmin = {φ} ∪ C

(
Sϑmin
ν

)
∀ ν ∈ {1, ..., Nϑ

min},
(12)

where {φ} is the empty set,
⋃
ϑ

is the set union operator running over all sensor types, C
(
Sϑmin
ν

)
is the

set of combinations of ν elements in the set of minimum optimal indices of the sensor type ϑ, Nϑ
min is
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minimum number of sensors of the corresponding type and S̃ϑmin is an element of the union set containing

the aforementioned combinations and the empty set. ϕ
(
W o

(
C̃
))

is a Gramian norm function, where the

Gramian is calculated by solving eq. (11) given the test output matrix C̃, holding only rows corresponding
to the sensor types and locations dictated by S̃.

The complete workflow of the proposed method to find an optimal network of multi-type sensors is summa-
rized in algorithm 1.

Algorithm 1 Algorithm for the Optimal Sensor Placement Problem

1: Define the set of sensor types, Θ = {θ1, θ2, ...}.
2: Define the set of candidate sensor indices for each sensor type, Sϑc .
3: Build the state space system of equations in eq. (3).
4: procedure FILTER THE SETS OF MINIMUM OPTIMAL POSITIONS, Sϑmin
5: for all ϑ ∈ Θ do
6: Solve eq. (3) for s time steps to build the matrix of response snapshots, Y = [y1,y2, ..,ys].
7: Solve the SVD problem in eq. (6); Y = U f Σf Z

T
f .

8: Reduce U f to U r = U , according to eq. (7).
9: Apply a proper EI algorithm to eq. (10) to find Sϑmin

10: end for
11: end procedure
12: procedure FIND THE OPTIMAL SENSOR COMBINATION, So
13: Generate the sets of possible filtered sensor combinations, Cϑmin ∀ ϑ ∈ Θ
14: for all S̃ϑmin ∈ Cϑmin do
15: Generate a network of sensors, S̃ =

⋃
ϑ∈Θ
S̃ϑmin

16: Build the selected output matrix, C̃

17: Evaluate and store the Gramian norm function, ϕ
(
W o

(
C̃
))

18: end for
19: Identify the sensor network So corresponding to the highest value of ϕ
20: end procedure

The method proposed here outperforms the classic EI approach by introducing the influence of sensor output
combination on the estimation error. In addition, the FIM-based approaches fail to describe the dynamics of
the system. Both drawback are proposed to be overcome by observability-based approaches [18]. Comparing
the proposed method to the observability-based approaches for linear, time-invariant systems in [14] and [15],
one can see that the sheer effort of formulating a discrete gradient-based optimization problem and deriving
a consistent objective function derivative with respect to the design variables is spared. Even the empirical
Gramian evaluation proposed by [16] can be seemingly more exhaustive, since the empirical functional
has to evaluated at each DOF of the system. This can be computationally costly, especially in real-world
applications, where systems with large number of DOFs can be typically encountered. On the other hand,
through the pre-requisite filtering process, the size of the problem can reduced down drastically to m � n
DOFs.

3 Numerical Investigation

The proposed algorithm for finding the optimal sensor configuration can be used for industrial various appli-
cations. In this section, two demonstration examples, a steel structure and an electric motor, are presented to
investigate the efficiency of the method in maximizing the system’s observability. An intuitive interpretation
of the results of the algorithm is also discussed for each case.
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Electric Motor

Figure 1: Electric Drive

The first investigated example is a 250-Watts asynchronous electric drive, see fig. 1, typically used for ven-
tilation applications and domestic appliances. The drive’s four feet are fully supported, an 8 N.m torque is
exerted on its shaft’s drive end. The intention of this sensor deployment is to be able to monitor the health
condition of the motor during operation and identify the presence of failures. One of the most frequent fail-
ures a motor is prone to is misalignment in its shaft’s drive-end. This in turn can cause severe overloading on
the bearings and high cyclic loading on the shaft’s root, both which can in practice drastically shorten the life
of the motor in service. In this case, the drive is subjected to a 0.1 mm parallel misalignment at its drive-end,
simulated by the external excitation.

For this investigation, finding the optimal network is attempted given three sets of sensor; (a) a set of only
uni-axial accelerometers in x-, y-, and z-directions, (b) a set of only uni-axial strain gauges oriented in x-,
y- and z-directions, and (c) a set of both uni-axial accelerometers and uni-axial strain gauges. The purpose
of this study is to examine the extent to which the proposed algorithm can reduce the hardware required for
observing the structure’s. The initial unfiltered result of eq. (10); i.e. the nodes corresponding to the minimal
set of sensors indices for each sensor type Sϑmin, are summarized in tables 1 to 3, along with evolution of
each set when the network optimization problem in eq. (12) is solved to obtain So. Additionally, the second
and third best network configurations are also listed, denoted by the subscript suffixes, 2 and 3, respectively.
The positions of the sensors on the motor’s housing are displyed in fig. 2

Table 1: Initial optimal set for each sensor type Sϑmin and final optimal network configuration So for attempt (a)

Initial Sets Optimal Networks

Sensor type ϑ Sϑmin So So,2 So,3
accelerometer x z̈x 319413 319413 319413 -

accelerometer y z̈y 323914 323914 - 323914

accelerometer z z̈z 307903 307903 307903 307903

ϕ
(
W o

)
−1.05× 10−3 −1.05× 10−3 −1.06× 10−3 −1.06× 10−3
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Figure 2: Positions of the initial set of sensors on the electric drive

Table 2: Initial optimal set for each sensor type Sϑmin and final optimal network configuration So for attempt (b)

Initial Sets Optimal Networks

Sensor type ϑ Sϑmin So So,2 So,3
strain gauge xx εxx 320174 320174 - 320174

strain gauge yy εyy 306300 306300 306300 -

strain gauge zz εzz 306301 306301 306301 306301

ϕ
(
W o

)
4.6× 10−4 4.6× 10−4 4.55× 10−4 4.54× 10−4

It is clear from tables 1 and 2 that trying to find a further optimal configuration of sensors using eq. (12) after
applying the EI algorithm doesn’t change the results. Even the second and the third optimal configurations
are only one-sensor different from the optimal one. That is explained by the relationship between the ob-
servability Gramian, and correspondingly its metrics, and the Fisher Information Matrix Q in eq. (5), which
the objective of the EI approach is to maximize. On the other hand, observing the configurations in table 3, a
significant reduction in the sensors required can be observed between the individual sets generated by EI and
the optimal and two sub-optimal sets. When attempting to deploy sensors to monitor different signal types,
the EI has the shortcoming that it can only handle the reduction of estimation covariance for the different
sensors independently. The observability metrics, on the other hand, overcome such a deficiency, as they
consider the presence of other system outputs.

Figure 3 shows the correlation between accelerometers’ signals, and strain gauge signals. Let aix denote the
acceleration signal in x-direction at node i, and respectively for other signals. Figure 3b shows an existent
correlation between the the strain signals y and z, and the acceleration signals in x and z. It also shows
another correlation between the strain signal x and the acceleration signals y and z. Although the correlation
between the acceleration signals is not as high, yet, the redundancy of information in the acceleration signals
with respect to the strain signals can be observed. This explains the rejection of the accelerometers from the
optimal configuration in table 1. A strong correlation can be also observed between the strain signals in y-
and z-directions. Referring to fig. 2, this can be explained by the close spatial positioning of the two sensors.
In theory, either of those two sensors could have been excluded as well since it is not adding any unique
information about the structure’s strain behavior. Exactly these are the two sub-optimal configurations in
table 3, with a reduction in the objective function of 1 %.
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Table 3: Initial optimal set for each sensor type Sϑmin and final optimal network configuration So for attempt (c)

Initial Sets Optimal Networks

Sensor type ϑ Sϑmin So So,2 So,3
accelerometer x z̈x 319413 - - -

accelerometer y z̈y 323914 - - -

accelerometer z z̈z 307903 - - -

strain gauge xx εxx 320174 320174 320174 320174

strain gauge yy εyy 306300 306300 306300 -

strain gauge zz εzz 306301 306301 - 306301

ϕ
(
W o

)
−1.04× 10−3 4.6× 10−4 4.55× 10−4 4.54× 10−4
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Figure 3: Cross-correlation between the electric drive signals

As mentioned before in section 2, the number pf modes resulting from the SVD of the snapshots corresponds
to the least number of sensors required to observe the system. Hence, a trivial approach to configure an opti-
mal sensor network would be to compile all results from eq. (10); i.e. position sensors at their corresponding
locations for each sensor type. However, it can be shown from table 3 that considering the dependency of
sensor positions on one another in proposed method results in notably less number of sensors than the least
requirement when the dependency between sensors is overlooked.

Steel Structure

The steel structure shown in fig. 4 consists of an arrangement of connected I-beams. The structure dimensions
are 4 m × 5 m × 9 m, and its four bottom nodes are subject to the 10-seconds long random displacement
excitation shown in fig. 5 in the Y-direction of an amplitude varying between -1 and 1 mm.

For this example, the sensor pool investigated consisted of three uni-axial accelerometers (x-, y-, z-directions)
and a uni-axial strain gauge in the x-direction. Similar to the previous investigation example, the network
consisting of all initial sets of individual sensors Sϑmin, the optimal network as well as the second and third
optimal networks are compared. The results are summarized in table 4.

The optimization algorithm in eq. (12) iterated over 255 sensor combinations. The advantage of the algo-
rithm is clearly indicated by the significant reduction in the hardware required to maximize the system’s
observability. For an optimal configuration, only the strain gauges were necessary, and the accelerometers
were all rejected. As well, none of the second and third optimal network did comprise any accelerometers.
The locations of the sensors resulting from the initial and the optimal sets are shown in fig. 6.
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Figure 4: Steel Structure
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Figure 6: Positions of sensors on the steel structure
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Table 4: Initial optimal set for each sensor type Sϑmin and final optimal network configuration So

Initial Sets Optimal Networks

Sensor type ϑ Sϑmin So So,2 So,3
accelerometer x z̈x 35 - - -

accelerometer y z̈y 49, 63, 64, 65 - - -

accelerometer z z̈z 47 - - -

strain gauge xx εxx 41, 56 41, 56 41 56

ϕ
(
W o

)
−4.69× 10−3 1.07× 10−3 1.05× 10−3 1.01× 10−3

In contrast to what would be presumed, table 4 shows that the observability metricϕ
(
W o

)
increases notably

when the accelerometers are removed from the network. This can be interpreted by examining the correlation
coefficients between the signals. Figure 7 shows the correlation between accelerometers’ signals, and strain
gauge signals. Let a35x denote the acceleration signal in x-direction at node 35, and respectively for other
signals. It is clearly shown the correlation coefficients are notably high between different accelerometers,
indicating a large correlation (positive or negative) among accelerometers’ signals. Additionally, correlation
can be observed between the strain gauge signal at node 41 and the accelerometers’ signals. One can hence
conclude that the additional information obtained from the accelerometers are redundant with respect to one
another, and with respect to the strain gauge at node 41. In comparison, the cross-correlation coefficients
between the two strain gauges responses in fig. 7c indicates almost no correlation between the two signals,
hence no redundancy of information resulting from adding the second strain gauge. This result goes in line
with the inherent property of the observability metrics as being a viable measure of information redundancy,
as well as a measure of system observability [30].
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Figure 7: Cross-correlation between the signals of the steel structure

4 Conclusion

In this paper, a method was proposed to optimally configure a network of sensors of multiple types; namely,
accelerometers, displacement probes, and strain gauges. The method is based on the simulation results of the
structure’s behavior under given operating conditions and excitation loads. The method runs in two steps:
first, an initial set of sensors for each type are independently obtained using the classic EI approach, from
which sensor network configurations are created. Following, observability metrics are used as objective
functions to evaluate the respective configurations. The proposed method was evaluated on two industrial
applications; an electric drive and a steel structure under typical operating conditions. The results have
demonstrated the strength of the method to configure multi-type sensor networks and exclude sensors with
redundant information. Additionally, it has been shown that the method is able to propose sensor networks
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Figure 8: Output signals for accelerometers (top) and strain gauges (bottom) at the different positions of the initial
sensor set Sϑmin

containing less hardware when compared to methods that find optimal sensor positions individually without
accounting for the dependency among sensors.

In the context of this work, the approach was only derived for uni-axial sensors; i.e. the sensor positions
are spatially independent. This is not the case for tri-axial accelerometers and strain-gauge rosettes, which
are frequently used in industrial applications for structural health monitoring. Further, as an outlook, the
efficiency of the method should also be investigated in finding the optimal sensor configuration for state
estimation of the structure.
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