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ABSTRACT 

Monitoring systems for civil engineering structures are becoming more sophisticated with the possibility 

of including more sensors of various types and qualities. This complicates the design of such systems 

since the choices are seemingly endless across many cost ranges. This paper introduces the concept of 

utility as a means to make choices about measurement systems to obtain desired results and achieve 

given monitoring objectives. Thereby, utility is defined as the quantitative description of the quality of 

a measurement with respect to a specific objective concerning the quantity of interest. In order to predict 

utility, the concept of measurement modeling and simulation is introduced. This incorporates certain 

phenomena from sensors and sensing systems into simple mathematical models rather than simulating 

the actual mechanical and electrical processes within the sensor and data acquisition unit. 

The paper considers sensing imperfections related to the sampling, quantization and noise in the 

proposed concept of predicting the measurement system utility. Any other shortcomings such as 

imperfect sampling of low-cost systems can easily be considered. Measurement data, specific to one set 

of sensing properties, can be produced artificially by manipulating numerical response time histories 

considering the data collection process. The simulated time histories can further be processed and used 

to determine the quantity of interest which can then be utilized to evaluate the utility. In this way, a 

quantitative comparison of competing monitoring systems is possible prior to measurement campaigns. 

The utility-based approach allows for a holistic view of the measurement process, where each aspect 

can be accounted for and considered. This paper shows that utility prediction provides an accurate means 

to assess monitoring systems of civil structures and provides a meaningful tool to design them. The 

usefulness of the proposed method is demonstrated exemplarily on a real-world SHM application. 

1. Introduction

The design of a monitoring system is a complex task. Fundamental to any monitoring campaign is a 

clear definition of its objectives[1]. Based on these objectives, a set of response quantities to be measured 

can be selected along with the necessary technical infrastructure to do so. In Structural Health 

Monitoring (SHM) the objectives are typically formulated in terms of parameters that differ from the 

ones that can be efficiently measured, e.g. one may want to identify the stiffness degradation of a girder 

through the use of accelerometer sensors. For a given measurement quantity, the associated practicalities 

* Corresponding author.

Creative Commons CC-BY-NC licence  https://creativecommons.org/licenses/by/4.0/ 

M
or

e 
in

fo
 a

bo
ut

 th
is

 a
rt

ic
le

: 
ht

tp
://

w
w

w
.n

dt
.n

et
/?

id
=

24
13

1



 

 

 

of implementation lead to further choices: individual sensor type, wired or wireless, data acquisition 

units, data storage, data processing, etc. Further, it is being envisaged but still generally not feasible to 

measure at a large number of locations, leading to the fundamental question of where to place the sensors. 

More often than not, these decisions are made based on experience or driven by the equipment available. 

 

In order to allow for a rational design of a monitoring setup it must be possible to quantify the effect of 

these choices on the final outcome of a given monitoring campaign. Ultimately such design should be 

understood as an optimization process whereby the effort (number of sensors, including installation and 

maintenance cost) would be optimized with respect to how well the setup actually meets the objectives. 

 

Several approaches to systematically account for the interaction between structural behavior, properties 

of interest and the experimental setup have been developed recently. Considering only monitoring 

design questions related to sensor placement, techniques related to maximizing modal response 

quantities are popular[2]. Inherently, the mode shapes and frequencies are determined by finite element 

modeling of the structure. Parameter-based methods also exist for model-based design of experiments 

(DoE)[3]. When errors are considered in measurements for DoE, simplifying assumptions are often made, 

such as assuming the errors to be random with an uncorrelated Gaussian white noise. While this makes 

numerical computations and mathematical derivations easier, it may or may not be an accurate 

representation of real behavior. 

 

Modeling of measurements is part of the “Guide to the expression of uncertainty in measurement” 
(GUM)[4] wherein a strategy to quantify the quality of measurements by means of determining 

measurement uncertainty is given. The procedure requires a detailed model of the measurement process 

along with probabilistic descriptions of the parameters in the model. The problem related to this is that 

the definition of the parameter is a nontrivial task, it requires experience and GUM has a purely 

probabilistic nature such that certain effects that occur during measurements and the use of data (see 

Section 2.2) might not be included since not all effects can be described in random variables. As an 

alternative to assuming randomly distributed errors, the sensors themselves as well as the system 

properties can be considered in the design of experiments. This leads to the concept of numerical 

experiments and sensor system simulation. 

 

This paper proposes the introduction of a property termed utility, which quantitatively describes the 

quality of the measurement with respect to the specific measurement objectives as described by the 

quantities of interest (QoI), e.g. change in girder stiffness. The concept further assumes that the 

measurement process can be treated as a mathematical mapping between the unknown physical quantity 

and the measurement data and that a model exists for the relationship between measured quantities and 

QoI. The latter will typically be a mechanical model linked to a system identification procedure, that 

e.g. links acceleration time histories to natural frequencies and those to girder stiffness. If the mapping 

process, which is mostly determined by the sensor behavior, can be cast into a quantitative model, a link 

is established between physical behavior and monitoring objective and a dependency on the specifics of 

the sensor setup. The paper proposes to perform numerical simulations of this conceptual model to 

quantitatively predict the monitoring setup’s utility.  
 

2. Measurements  
 

For the discussion of measurement systems, it is prudent to first consider the process of collecting 

measurement data. Consider the fictitious measurement system in Fig. 1 which includes four different 

types of devices for measuring different physical quantities at various locations. These sensing devices 

would be linked to data acquisition units in order to collect measurement data. This measurement process 

can be described as a mapping from a physical quantity (e.g. acceleration, temperature, etc.) to data 

output (often digital representations) as shown in Fig. 2. While the actual physical quantities and the 

associated true values remain unknown, the measurement quantity gives a quantitative representation of 



 

 

 

the associated physical phenomenon. This is a mapping, first from a physical quantity to a measurement 

quantity but also from continuous to discrete space. 
 

  
Figure 1. Sample monitoring system. Figure 2. Schematic of mapping process. 

 

The framework proposed in this paper is based on the assumption that this mapping process can be 

modelled mathematically by approximation of the characteristics of sensor and data acquisition system.  

 

Looking at measurements it is critical to understand that the sensor gives an electrical output that must 

be converted into a digital quantity. This refers to analog-to-digital conversion, which includes both 

sampling and quantization. In a typical setup analog piezoelectric sensors produce a voltage which is 

coupled to an analog-to-digital converter (ADC) in order store data in a machine-readable format.  

 

With the advent of extremely cheap yet less accurate sensors such as MEMS (microelectromechanical 

systems) based accelerometers it becomes important to account for the reduced accuracy. Considering 

these novel MEMS-based sensors the AD-conversion process is often internalized such that the sensor 

directly gives digital output. In the context of measuring on structures, sampling is an obvious 

consequence of measurements and duly considered whilst the discretization on the quantity known as 

quantization is often not considered in detail. However, the process adds quantization error, which 

comes from the imposed lower detectable limit of the difference between a measured value and reality.  

 

Inevitably, there will also always be noise in sensor systems but it can appear at different stages during 

the measurement process, with different amplitudes and characteristics. Additionally, most sensor 

systems also incorporate some form of filtering, either analog or digital (e.g. antialiasing, low-pass, etc.) 

which also becomes part of the mapping process and thus its characteristics. For more detailed 

characteristics of sensor systems, the reader is referred to the extensive available literature[5]. This paper 

will concentrate on the three major aspects that form a large part of the difference between the physical 

process and real measurement data: sampling, quantization and noise. 

 

2.1 Sensor behavior 
 

In this work, a sensor is taken as a device that is attached to a structure and reacts to physical input with 

an electrical signal as output. For the scope of this paper, the specifics of the sensor itself are neglected 

but could be included in future implementations. Some properties associated with these limitations 

include range, sensitivity, resolution, linearity, frequency range, and environmental effects such as 

temperature. When all these effects are neglected, it is equivalent to assuming that there is a one-to-one 

(perfect; no loss of information) mapping between the physical response quantity and the actual 

measurement mechanism of the sensor. Thus far only individual types of sensor measurements are 

considered. While the most common sensor systems use piezoelectric sensors, MEMS based sensors are 

growing in popularity because they are small, inexpensive and easy to include in embedded systems, 

cheap wireless networks and smartphones[6]. All the properties considered in the following discussion 

apply to both and many other types of sensors with slight variations noted below. 

 

  



 

 

 

2.2 Attributes of sensor systems 
 

2.2.1 Temporal resolution: sampling 
Sampling is a property inherent in all measured quantities because of the physical limitations of all 

measuring devices. Truly continuous measurement signals, often used to derive DoE and data processing 

techniques, only exist theoretically. In reality every measurement is taken at discrete points of time. This 

creates discrete time signals. The general form of a regular sampling as given for the input time history 

y(t) can be written as: 

ui = y(ti)    for ti = i/fs,    0 ≤ i ≤ ∞ (1) 

where ui denotes the discrete output of the ith sample and fs the sampling rate. The effect of sampling is 

shown in Fig. 3. 

 

 
Figure 3. Schematic showing the effect of 

sampling and quantization of the signal y (•) on 

the resulting data (─) with clipping outside of the 
effective quantizer range of -1.0 to 0.75. The 

quantizer is modelled with a resolution of 3 bit. 

 
Figure 4. Example of aliasing observed from 

harmonic signal with frequency content of 2 Hz,  

9 Hz, 25 Hz sampled with  20 Hz (I),  40 Hz 

(II), 60 Hz (III) shown in frequency spectrum. △accurate peaks and undersampled peaks ∘ (I) and × (II) including aliases. ‒ ‒ Nyquist frequencies.

 

In a wired system, the sampling is controlled by the data acquisition unit with its own precise clock. 

This ensures that samples taken from multiple sensors can be acquired at the same time. Errors in the 

sampling time are sometimes referred to as timing jitter or timing phase noise. Time synchronization is 

an issue that can become problematic for wireless measuring systems[7]. In embedded systems, such as 

wireless sensor nodes and smartphones, the time intervals between measurements are not always 

constant. This is usually due to the fact that the software running on the device gives the command to 

take a measurement and other processes running on the device simultaneously can cause a slight delay 

during the sampling process. 

 

While sampling is a fundamental property of all measurements and seemingly trivial, it plays an 

important part in the usefulness of data and simulating the measurement process. It is well known that 

the Nyquist sampling frequency, Nq = fs/2, provides a limit to which frequency content in sampled data 

can be measured and reproduced. If a time signal has higher frequency content than this limit, aliasing 

will occur (see example in Fig. 4). For this reason, many data acquisition units include either analog or 

digital anti-aliasing filters, which are low-pass filters with cut-off frequencies near or below Nyquist 

frequency. 

 

2.2.2 Amplitude range and resolution: quantization 
Any measurement has finite resolution, even if a measurement reading is merely written down and not 

digitized directly. Loss of resolution can also be due to rounding digital measurement readings, e.g. by 

only writing a certain number of digits into an output file. Digital measurement processes involve 

quantization which represents the conversion of a measurement quantity to a digital number. This is for 

example inherent in any AD-conversion and characterized by range and resolution of the quantizer. The 

quantization error induced is easily overlooked in civil engineering monitoring systems, but may play a 

significant role[8]. Range represents the maximum and minimum values of the measured parameter that 



 

 

 

can be measured by the sensor or digitized by the quantizer. Resolution is a limitation imposed by the 

acquisition equipment and/or the AD conversion. The input range, R, is given by 

R = �̂�max – �̂�min (2) 

where �̂�min and �̂�max are the minimum and maximum possible measured values respectively. When both 

input range and resolution b are combined, they form the smallest resolvable difference q of the 

quantizer, also sometimes referred to as precision or the ideal code width, 

q =  R
2b−w

 , (3) 

where the units are the same as the input range and the resolution has the unit bit. The constant w is 

traditionally omitted and can have a value of 0 or 1. Including the constant w results in a range that is 

not fully realized as output from the quantizer, i.e. the output is from �̂�min to �̂�max - q. This can be seen 

in Fig. 3, where �̂�min = -1 and �̂�max = 1, R = 2, b = 3, w = 0 and q = 0:25. To assign a digital value to the 

full input range, w in eq. (3) must be 1. This unfortunately is often limited to the choice of the ADC 

manufacturer. The limited precision causes the quantization error as there are only a finite number of 

digital values to represent an infinite number of analog inputs. 

 

2.2.3 Noise 
Noise in this paper is taken as the physical phenomenon observed in sensor systems (electrical and 

mechanical) and not external environmental or unexplained load effects. Various types of electrical and 

mechanical noise exist and the details are outside the scope of this paper and are described in[9]. Often 

noise is treated as the error in measurements in a general sense. This is the most simplified assumption 

when random errors are considered and the noise is taken as a Gaussian random variable. The choice of 

this distribution type simplifies computations and is often justified by the central limit theorem. The 

problem comes in practice when all or most of the discrepancies are treated as Gaussian white noise 

with a zero mean. Even though this is better than treating measurements as perfect and clean, the 

assumption of Gaussian white noise requires more justification. Noise can also have different effects on 

the frequency spectrum. Spurious frequency peaks or bands are often disregarded as noise, which is 

inconsistent with the basic assumption of white noise that contains frequency content over the full 

spectrum. However, even the most expensive measurement equipment is not free of noise. 

 

3 Modeling and simulation of sensor system attributes 
 

3.1 Concept 
 

The approach proposed here is based on modeling the mapping process introduced in the previous 

sections as the relationship between physical quantity and data output as governed by the characteristics 

of the sensor and data acquisition system. Minimally these include the sensing behavior itself including 

location and orientation on the structure and the physical quantity that is being sensed, the sampling and 

the quantization as shown in Fig. 2. The aim is to cast this mapping into a model that can be computed 

digitally as part of a simulation procedure for predicting the measurement utility. 
 

For the simulation model of the measurement mapping process to be computable, it needs to be 

deterministic and parametrized. Random components such as noise can be represented by stochastic 

simulations. The parameterization of sensor attributes to be used in simulations can come from a number 

of areas: (i) physics, (ii) known properties from data sheets, general knowledge and experience or (iii) 

targeted experiments to quantify attributes, i.e. identify parameters.  

 

For the example of this paper, it is assumed that the sensors exhibit one-to-one mapping from the 

physical quantity to output, i.e. sensor-specific behavior is not modeled. For simulation of sensor data, 

this means that the computed structural model response, i.e. the quantity the sensor measures, can be 

equated to the sensor output in the mapping process and is subjected to sampling, quantization and noise. 

 



 

 

 

3.2 Simulating sampling 
 

Sampling is easily simulated by interpolation on a given input time history. By slightly modifying eq. (1), 

this can be written as:  

ui = y(ti)    for ti = t0 + i/fs, + 𝜀𝑖     i = 0 … Ns , (4) 

where the input signal starts from t0 and Ns corresponds to the final time tend. The sampling time error εi 
can be added to simulate irregularly spaced sampling points for -1/fs ≤ 𝜀𝑖 ≤ 1/fs. If the interpolation 

points exist in the original data, this is a downsampling. Interpolation is necessary if the output contains 

time instances different from the ones in the original signal. The error introduced here depends on type 

and order of the interpolation applied. When a downsampling is preceded by a low-pass filter, this is 

referred to as decimation. Sampling and aliasing of a harmonic signal is exemplarily shown in Fig. 4. 

 

3.3 Simulating quantization 
 

While sampling is interpolation in time, quantization can be thought of as interpolation in amplitude. 

The fundamental difference, however, is that quantization is limited to discrete steps governed by the 

precision of the quantizer. A basic simulation can be achieved by assigning values to the signal 

corresponding to the code values (precision levels) of the quantizer. This involves rounding the 

simulated sensor output to the closest step value: 

u(t) = round(y(t) + ξ(t)
q

) q (5) 

where q is the resolution, i.e. the step height, and ξ corresponds to noise added to the signal in order to 

simulate imperfect quantization. More complex models could be used for the individual effects 

associated with ADCs[10]. Due to the fixed range of a quantizer, the output must be limited: 

u̅(t) = { ŷmin                         if u̅(t) <  ŷmin 
ŷmax                        if u̅(t) <  ŷmax
u̅(t) acc. to eq. (5) otherwise.          

and w = 1  (6) 

Note that this assumes a mid tread quantizer, which is commonly implemented in measurement systems 

and ensures that one code bin corresponds to exactly zero for a symmetric positive/negative range.  

 

3.4 Simulating noise 
 

Noise can be added during any stage of the simulated measurement process (see Fig. 2). This is done by 

means of including random fluctuations ξ (t): 

u(t) = y(t) + ξ(t). (7) 

The most basic form of this noise is a zero mean Gaussian random variable, referred to as white noise, 

which is also the most common assumption about measurement noise. However, this assumption does 

not need to be restrictive. For more detailed models of noise in electrical systems, see [11]. 

 

It should be noted that the above discussion about quantization is different from what some authors refer 

to as quantization noise. The latter is a modeling simplification that assumes errors coming from 

quantization can be represented by adding a uniformly distributed random variable corresponding to one 

LSB (least-significant bit). The quantization process is modeled directly in this study and not simply 

treated as an additional noise. 

 

  



 

 

 

4 Prediction of measurement system utility 
 

4.1 Importance of utility 

 

Every measurement in the context of monitoring of civil engineering structures relates back to a physical 

phenomenon. The physical process or phenomenon (structural response) may set the observability of a 

quantity, namely by providing a lower limit for temporal and amplitude resolution of the necessary 

measurement devices. However, that by itself should not be the basis to judge measurement quality. 

With limited resources of time and money, a prudent question might be what is the best, i.e. most useful 

sensor that fits within a budget. However, this raises the secondary question that comes along with 

potentially sacrificing quality: what is the effect on the final result? In this sense, all monitoring tasks 

should be viewed in terms of their objectives. Utility is here introduced as the quantity that relates back 

to how well that objective is achieved. It can be used to make decisions about competing sensor systems 

or to set an objective function in an optimization process of the design of a monitoring system.  

 

In case of a direct measurement of the quantity of interest (QoI) as well as for indirect measurements it 

could be naturally assumed that a higher quality sensor will achieve a better approximation of the QoI. 

As such, conclusions of this nature could be arrived at intuitively without much extra thought or 

computation. The direct case is easier to estimate, since the QoI is the measurement quantity. For 

example, if a certain magnitude of acceleration is to be measured, then a sensor with sufficient range 

will be able to pick up the excitation and the accuracy to which it is measured will depend on resolution 

and noise. If the signal has a narrow peak, sampling rate may come into the picture. In case of indirect 

measurements, a basic comparison of the quality of measurement is insufficient. A common example of 

this in the context of monitoring of civil engineering structures is measuring acceleration and using those 

recorded time histories to extract structural properties like, frequencies, mode shapes and damping. Each 

or all of those may be the QoI, but none of them are measured directly. The same applies to curvatures 

computed from several strain gauges. For this reason, conclusions using only individual sensor qualities 

are rudimentary because they compare expected measurement values and not the QoI. Further, the utility 

may depend on the aggregated properties of several sensors and how they are fused to the QoI.  

 

4.2 Quantitatively predicting utility 
 

The task of monitoring seeks to extract information about the structure that is able to provide insight on 

the current condition. Since the connection between physical phenomena and monitoring objectives is 

through measurements, the presented framework strives to emphasize that connection while accounting 

for indirect measurements where the structural behavior and identification procedures enter the picture. 

 

An overview of the proposed framework is given in Fig. 5, which advocates for the full simulation of 

the entire monitoring process. This begins with the simulation of the physical phenomena which can 

either be numerical or already experimental. For the numerical case, a structural model is needed that 

simulates the physical process. In most cases this will be a mechanical model. In the case of a physical 

reference system, data obtained from experimental tests of that system are considered to be of high 

enough quality and resolution to serve as the input for the subsequent simulation.  

 
Figure 5. Schematic view of the measurement process and framework for utility prediction. 
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The action considered to cause the physical response could be external forces such as from vehicles or 

wind but could also be base excitation or thermal effects. Based on a definition of the sensor placing 

(location, orientation) the simulated system quantity can be used as input to the mapping that describes 

the relation between physical quantities and data output. This, again, can be simulated based on the 

mathematical mapping model according to section 3, arriving at a prediction of the sensor output. From 

there, the utility of the monitoring data can be derived directly or, in case of an indirect measurement, 

as the result of data analysis procedures, e.g. FFT, system identification procedures, etc., which may 

also involve the combination of several sensor outputs. The three major pieces of this framework are 

then, the simulation of the system behavior, the sensor system simulation and data analysis procedures.  

 

4.3 Using utility to evaluate monitoring systems 

 

The level and location of the observed physical phenomena, the individual sensors and the applied 

methods to process and analyze the data represent a quality of the measurement and affect the final 

utility with respect to the desired QoI. Considering Fig. 6, which shows a schematic relationship between 

measurement quality and the conceptual utility, it is easy to imagine a theoretically perfect system, 

where measurements have an infinite resolution and methods give exact results. This theoretical system 

corresponds to the theoretical maximum level of utility, which incidentally could be normalized to unity.  
 

 
Figure 6. Schematic showing the relation between quality of measurement and utility. 

 

Each actual measurement performed will have limitations on each of the properties that reduce the level 

of utility from the theoretical maximum to the achievable level with the best available equipment and 

the best data processing and analysis methods. At the other end of the possible outcomes is the minimum 

quality of a measurement system that still produces usable results. Below this level, the measurements 

would have no value and therefore no utility.  

 

Each part of the measurement process has an effect on the efficacy of monitoring systems. Worse data 

may be sufficient with better data processing and analysis. This is why the final result should be the 

utility of the QoI and not simply of the individual qualities that contribute to it. As such, utility must 

attribute a value to how well the QoI will be realized by the monitoring system in the context of the 

interpretation of this information. There are two obvious ways in which this can be done: 

− If the maximum possible accuracy of the identification of the QoI (assuming exact measurements) 

has been determined, the actual utility can be computed as the ratio between the actual accuracy and 

the maximum accuracy. Similarly, the uncertainty of the QoI as it relates to the actual QoI can define 

utility. 

− If a specific interpretation of the QoI is known, the utility can be defined w.r.t. this associated 

required accuracy, e.g. the reduction of grider stiffness. 

The utility can be quantified in terms of accuracy, uncertainty or probability of detection. They can be 

looked at individually or combined. The basic idea common to each is that they assign a numerical value 

to a monitoring system by predicting how well it produces the particular QoI. For the utility description 

via accuracy or uncertainty the relative decrease from unit number can be used whereas for probability 

of detection case considers the probability of a QoI exceeding a certain threshold value. 

 



 

 

 

When the utility concept is used to compare different sensor setups, the absolute value of the utility will 

be less important whilst the difference will be studied and potentially be interpreted with respect to cost.  

 

5 Application 
 

The proposed framework includes the possibilities to consider structural response obtained by numerical 

calculations and data measured by a reference system during an experiment. The latter case shall be 

presented here to demonstrate the usability of the concept and utility prediction of various sensor 

systems. 

 

5.1 Assessment of bridge response to base excitation 
 

The structure under consideration is a highway bridge that is partly founded in a quarry (Fig. 7). Due to 

the nearby blast the bridge experiences ground motion. The monitoring objective is to determine the 

maximum peak velocities in three directions at the top of the tallest pier that occur during the blasts. 
 

 
Figure 7. Highway bridge and nearby quarry. 

 
Figure 8. Sensor systems at bridge pier top.

 

Vibration measurements were performed using accelerometers. The velocity time history v(t) is then 

computed by integrating the measured accelerations a as: 

v(𝑡)  = ∫ a(τ) dτ tt0 + v0. (8) 

The measured acceleration data was numerically integrated after applying a band-pass filter in order to 

determine the velocity time histories and the corresponding velocity extrema. The initial velocity v0 is 

assumed to be zero in the following discussion.  

 

During the measurement campaign multiple sensing systems were used including a high-quality 

reference system (I, ref). The employed systems are listed in Tab. 1 and shown in Fig. 8. The four 

alternative systems used non-traditional data acquisition hardware and MEMS-based accelerometer. 

However, they have fairly comparable resolution but differ in the available sampling rate. System II was 

based on an external accelerometer connected to a microcomputer and the systems III, IV and V were 

smartphone devices equipped with software to record vibration measured by the built-in accelerometer.  

 

Table 1. Properties and determined utilities of the employed sensor systems. 𝑈𝑚𝑒𝑎𝑠 = 1 − 1𝑛 ∑ |𝑣𝑚𝑒𝑎𝑠 − 𝑣𝑟𝑒𝑓|/𝑛 𝑣𝑟𝑒𝑓 and 𝑈𝑝𝑟𝑒𝑑 = 1 − 1𝑛 ∑ |𝑣𝑝𝑟𝑒𝑑 − 𝑣𝑟𝑒𝑓|/𝑛 𝑣𝑟𝑒𝑓. 

System Sampling rate Resolution Cost Utility [%] 

 fs [Hz] b [bit] [€] Umeas Upred 

I (ref) 2,400 23 10,000 - 100 

II 565 14 100 98.2 99.1 

III 177 15 400 93.3 95.7 

IV 177 14 200 93.3 93.2 

V 219 13 700 97.4 97.3 



 

 

 

 
Figure 9. Comparison of acceleration a time histories and the corresponding velocity v time histories 

in x-direction. (─) reference, (‒ ‒) measured, (─) sample simulated. 

 

The obtained acceleration record of the high-quality reference system was taken as the input for a sensor 

simulation where the given sampling rates fs, the resolution b, and a fixed range of ±2g were considered 

to predict the sensor output (acceleration time history) and the QoI. In order to achieve stochastic 

variation in the results, t0 was taken as a uniformly distributed random variable from 0 to 1/fs and the 

simulation process was repeated 100 times.  

 

The proposed framework was used to compare the sensor systems. A sample comparison of the 

measured and simulated acceleration and velocity time histories in x-direction is shown for sensor 

system II in Fig. 9. The prediction of the utility is shown both in Tab. 1 as well as Fig. 10. The figure 

compares the accuracy and uncertainty of each sensor system for the x-direction. The predicted utility 𝑈𝑝𝑟𝑒𝑑  is relatively comparable between the competing systems. The actual accuracy of the systems 

when compared to the velocity of the reference system 𝑣𝑟𝑒𝑓 is also shown in the figure. Generally, each 

sensor performed better than predicted with most actual values falling within an interval of one standard 

deviation. Another way to compare these systems is to combine descriptions of utility in each direction 

giving a total error. These values are given in Tab. 1 for the utility computed based on the measured 

sensor output 𝑈𝑚𝑒𝑎𝑠 and the simulated sensor output 𝑈𝑝𝑟𝑒𝑑 . The predicted level of utility deviates 0.1% 

– 6.8% from the reference system. The actual utility of the velocity determined from the recorded 

measurements of each system is generally higher than predicted, which means the prediction in this case 

is conservative. The actual level of utility is more relevant for comparing competing systems. Since all 

four alternative systems fall into a similar range, cost can be the last factor to choose between them as 

an alternative to the reference system. Interestingly, the best alternative system was actually the cheapest, 

unsurprisingly with better sampling rate. This shows the power of the framework, to be able to predict 

the utility of these competing systems with accuracy. System II could be used for future measurements 

 

 

Figure 10. Peak velocity from simulated signal 𝑣𝑝𝑟𝑒𝑑 using the given sensor attributes in x-directions. 

The range shown by the horizontal tick bars indicate the standard deviation of the velocity prediction 

normalized by 𝑣𝑟𝑒𝑓. (•) Velocities determined from measured signals using each sensor system shown. 



 

 

 

in place of the reference system for 100 times lower cost, with the potential of achieving an accuracy 

within 3%. This opens up the possibility of using more lower quality sensors than one high quality 

system. The benefits of additional measurement points and data redundancy can outweigh the slight loss 

in accuracy.  

 

6 Conclusions 
 

Measurement on structures is a complex task with many aspects involved. This paper has introduced the 

concept of utility of measurements and has shown that it can serve as meaningful quantity to compare 

measurement systems. In essence, utility assigns a numerical value to the inherent ability of a monitoring 

system to achieve a desired objective. This was shown by relating monitoring objectives to desired QoI 

and relating the values measured to those quantities. In order to predict the utility of a given 

measurement system, a concept of measurement modeling and simulation was introduced. This concept 

provides a simple approach to simulate aspects of the measurement process. While every sensor 

phenomenon is not captured by these simple techniques, the aspects included provide insight into the 

prediction of utility. 

 

This paper has shown that this holistic approach provides an estimate for utility and considers all major 

aspects involved in the monitoring process. The example showed the possibilities of using reference 

system data for predicting utility and demonstrated that the method is capable of accurately predicting 

the utility of measurements based on sensor modeling using known system properties. Further work 

could explore using the concept of utility prediction to define an optimization problem whereby sensor 

properties, sensor placement, and number of sensors could be varied to achieve optimal values with the 

restraints of a budget. This would facilitate the design of monitoring systems for civil engineering 

structures by a more holistic few. 
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