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Abstract
A low-cost fiber Bragg grating (FBG) vibrometer specifically suited for structural monitoring
and aimed at the detection of low-amplitude vibrations is presented. The optical system
exploits an intensity modulation principle of operation, while signal processing techniques are
used to complement the transducer to improve the performances: a recursive least-squares
adaptive filter improves the noise power mitigation by 14 dB, and an efficient spectral
estimator permits operating spectral analysis even under high noise conditions. With these
methods, a strain sensitivity of 5.6 nε has been achieved in the ±60 με range. Experimental
assessment tests carried out in typical structural monitoring contexts have demonstrated that
the developed sensor is well suited to measure mechanical perturbations of different structures.
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1. Introduction

Optical fiber sensors are increasingly gaining interest from
the scientific community because of their intrinsic advantages,
such as immunity to electromagnetic disturbances, intrinsic
fire safety, reduced invasiveness and the attractive possibility
of performing distributed sensing along the fiber [1]. Among
these sensors, fiber Bragg gratings (FBGs) are one of
the most prominent technologies [2], currently having
several applications in structural monitoring contexts such
as military and aerospace industry [3], large infrastructures
[4, 5], cultural heritage maintenance [6] and geodynamics
[7]. The employment of FBGs accounts for further
advantages over generic optical sensors, namely possibility of
realizing multiplexed sensing networks, and predictable and
memoryless dependence on temperature.

Among the FBG interrogation techniques, the intensity-
based approaches have received great attention from end-
users since they require cheap components, moreover usually
arranged in simple layouts, and are therefore the most attractive
alternative to the direct measurement of the wavelength shift,
which is typical of many commercial FBG interrogators [6].
For instance, interrogation based on a broadband source

and a pair of matched filters [8, 9] yields good results
and provides temperature-independent readout, although its
main disadvantage is the low sensitivity. An alternative
is represented by the interrogation technique developed by
Morey [10] and Wilson et al [11], employing a fixed-
wavelength laser diode and an FBG, which acts as intensity
modulator of the source. However, this technique suffers from
the effects caused by the backreflection induced by the FBG
under measurement, which interacts with the coherent light
source, producing power fluctuations extremely difficult to
remove even with strong laser-FBG isolation. In [12] we
showed that these fluctuations, although almost chaotic, have
specific noise properties that lead to a possible mitigation
through signal processing, reducing the impact of this effect
on the signal-to-noise ratio (SNR) of the sensor.

In this paper, we present a FBG interrogator based on this
working principle, and specifically suited for measurement
of low-amplitude dynamic strain in structural monitoring
contexts. In addition to a well-established intensity-
based interrogation scheme, digital adaptive equalization is
employed to complement the optical transducer by increasing
its performance in terms of noise suppression. The measured
data are analyzed through an efficient spectral estimator that
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is capable of extracting the resonance frequency as required
in structural analysis. Furthermore, we also propose a novel
and general-purpose technique for fitting the dynamic strain
data to a damped oscillation model. The performance of the
sensor has been assessed through the usage in typical structural
monitoring applications to evaluate its capability of detecting
the vibrating frequency of sample structures.

The paper is organized as follows. Section 2 describes the
working principle of the sensing system and its experimental
realization; then, section 3 provides a description of the signal
processing techniques, consisting in frequency estimation
(subsection 1) and adaptive filtering (subsection 2). Section 4
details a novel technique for accurate fitting, and section 5
illustrates the experimental results drawn after the sensor is
tested on different structures. Finally, section 6 presents the
conclusions.

2. The sensing system

2.1. Working principle

The working principle of the FBG interrogator is based on
intensity detection, using the FBG as a modulator tuned by
temperature and strain effects. According to a linear model
[13], the peak wavelength of the FBG can be written as

λB(ε,�T ) = λ0 + kεε + kT �T (1)

where λ0 is the peak wavelength at reference temperature and
FBG unstrained [14], ε is the strain, �T is the temperature
shift from the reference value, and kε and kT are the strain-
and temperature-wavelength shift coefficients. In the case of
low perturbation, which is the case of interest, the linear model
of equation (1) can be extended to the whole spectral shape of
the FBG SB(λ):

SB(λ, ε,�T ) = SB(λ − kεε − kT �T ). (2)

The Bragg wavelength shift is measured by launching a laser
source at fixed wavelength, λL, and detecting the power
transmitted through the FBG. Assuming a laser with an
infinitely narrow spectrum, the output power as a function of
strain resembles the FBG spectral response and it is conversely
used as a calibration curve. The position of λL relative to the
steady-state FBG spectrum defines the working point of the
sensor.

This simple method can be used to detect at the same time
static and dynamic phenomena, as the absence of any scanning
or tuning element makes the maximum detectable bandwidth
limited only by the sampling frequency of the receiver.
The maximum operative strain range is approximately that
corresponding to a wavelength shift of half of the width of the
FBG spectrum. This configuration, although simple, opens
up to multiple interrogations by splitting the laser source into
different FBGs with the same Bragg wavelength.

In this paper, we limit the analysis to dynamic phenomena,
assuming that long-term strain variations and temperature
changes produce a mere shift of the working point. Further,
in the case of low-amplitude vibrations, the evaluation of
the calibration curve can be avoided, assuming a linear
relationship between strain and output power.

Figure 1. Schematic of the proposed FBG interrogation system: the
upper part refers to the ‘hardware’ optical components and the lower
part to signal processing.

2.2. Experimental setup

The experimental setup of the interrogation system is depicted
in figure 1. Given the target of a low-cost interrogator, we
use cheap components designed for communications in the
third optical window. The signal source is provided by a laser
diode module emitting at 1550.4 nm nominal wavelength and
driven by a thermo-electric controller (TEC) to finely adjust
its wavelength, in order to get the desired working point and
select its emission power. Then, a 1× N power splitter divides
the laser beam into N multiplexed channels corresponding to
the sensing FBGs. The sensors have strain and thermo-optic
coefficients kε = 1.10 pm με−1 and kT = 10.22 pm ◦C−1,
respectively. Since the gratings are highly reflective (>90%)
to achieve a steep spectral response, our design includes strong
isolation between the laser and the gratings, with the purpose
of mitigating the backreflected power. An isolation of 30 dB
ensures good laser stability, but it is not sufficient for
complete extinction of the induced chaotic noise, and hence
the need for adaptive equalization to mitigate this effect, as
will be described in the next section. For each channel,
the receiver consists of a telecom photodiode (responsivity
0.9 A W−1), connected to a transimpedance amplifier followed
by a three-stage low-noise voltage amplifier. Each output
signal is sampled through a digital acquisition card and sent
to a digital signal processor for further elaborations. In our
practical implementations, we tested the system in a four-
channel configuration and the acquisitions were carried out
using a National Instruments 6036E acquisition card, with
sampling frequency fS = 5 kS s−1 on each channel. Then the
signal processing was made by a PC through ad hoc developed
LabVIEW 8.2 routines.

Figure 2 shows the voltage/strain relationship for a pair
of FBGs used in experiments. Both FBGs have been pre-
strained in order to match their operative range and make
them sensitive to mechanical extensions and compressions.
The useful range of the FBG interrogator has been defined as
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Figure 2. Strain–voltage relationship for a pair of FBGs used in
experiments.

the left-side bandwidth corresponding to the interval [1550.45,
1550.58] nm and the laser wavelength has been set at the
middle point of this range. Therefore, considering the strain-
to-wavelength shift coefficient, this interval corresponds to
the useful strain interrogation range [−60, +60] με. The
voltage/strain curves, one for each FBG, have been derived
by reversing the curves shown in figure 2 in the monotonic
range. The sensitivity, computed from the derivatives of
the curves shown in figure 2, ranges from 0.01 V με−1 to
0.11 V με−1, depending on the working point, and the top
sensitivity is achieved around 0 με. The measurement range
of the FBG used here is limited, but it can be easily extended
by designing FBGs with a larger bandwidth at the expense
of lower sensitivity. Since we aimed at detection of small
amplitude phenomena, we preferred privileging the sensitivity
and use FBGs with a narrow spectrum.

3. Signal processing

In the following, we discuss the signal processing techniques
that, applied to the optical system, improve the achieved
performance.

3.1. Frequency estimation

Since the measurement of amplitudes of the different vibration
components requires a spectral analysis and the sensors
typically operate in a disadvantageous SNR regime, an
efficient technique for estimating the spectrum of the acquired
signals is required [15]. The most common non-parametric
estimation techniques, such as fast Fourier transform (FFT),
zero-padding (ZP) FFT and Welch periodogram, are unsuitable
for this end since their performances are limited both in terms
of resolution and biasing. Indeed, the typical wrinkled spectral
response estimated by FFT and its intrinsic resolution limit
make its spectral estimation unsuitable in low SNR even if
zero-padding is applied.

On the other hand, parametric frequency estimators, such
as the Karhunen–Loeve transform (KLT) or the correlation
technique, are capable of dealing with extremely low SNR,

but require deep a priori information on the input signal; this
is impractical when we measure unknown resonant modes
perturbed by chaotic noise. In addition, these estimators
usually require a difficult implementation, which often leads
to unacceptable computational complexity.

A brilliant solution to this problem is the minimum
variance estimator (MVE), presented by Capon in 1969 [16]
and subsequently improved for faster computation as detailed
in [17]. This estimator is data dependent, but it self-adapts
on the input signal, so that knowledge of the input signal
is not required; moreover, this estimator has no resolution
limits as detailed in the following. Its main requirement
is a heavy computation demanding for the determination
of the covariance matrix of the input signal, but this can
be easily accomplished with statistical signal processing
techniques. The working principle of this spectral estimator
is the determination of a finite impulse response (FIR) filter
bank w(fc), one bandpass filter for each arbitrarily chosen
numeric frequency fc, c = 1, . . . , C. Each filter applied to the
input signal x[n] = x[1, . . . , N] has the goal of minimizing
the output variance of the filtered signal without distorting the
pitch frequency; hence, the optimum filter bank wopt(fc) is
derived from this optimization problem. Capon provided the
analytical solution of this problem, determining the optimum
L-tap filter as a function of the input signal:

wopt(fc) =
R−1

XX
a(fc)

aH (fc)R
−1
XX

a(fc)
(3)

where RXX is the estimated covariance matrix of x[n] and
a(fc) = [1, exp(−j2π fc), . . . , exp(−j2π (L − 1)fc)]T is the
steering vector; H refers to the Hermitian matrix. The
estimation technique requires the computation of one filter for
each frequency and the power spectral density GX is derived
by filtering the input signal for the corresponding bandpass
filter:

GX(fc) = 1

aH (fc)R
−1
XX

a(fc)
. (4)

We remark that the choice of fc is absolutely independent
of any constraint due to sampling or measurement length,
removing any limits of resolution (i.e. the minimum frequency
spacing); the spectral selectivity (i.e. the minimum frequency
interval between two distinct detectable peaks), instead, is
tightly linked to the filter size.

In our arrangement, we have estimated the L × L
covariance matrix of the input process by computing it on
the only available realization, using all the N samples of the
input signal.

The application of the MVE to the estimation of a
sinusoidal signal embedded into white noise shows that the
required SNR for correct detection of the sine frequency is
about −25 dB for L = 500 taps; the presence of noise is
even helpful in order to avoid bad conditioning issues in the
inversion of R

XX
. Since the noise floor is slightly dependent

on L, larger filters can improve performances, achieving
−32 dB of required SNR for L = 1500, which however is
not so practical due to the computational complexity. On the
other hand, the main limitation of the MVE is the low spectral
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Figure 3. Frequency estimation techniques applied to a reference
vibration at 7.8 Hz with duration 1 s: MVE with L = 500 and
L = 750 taps and FFT and ZP-FFT are compared.

selectivity, which can be reduced by increasing the number of
taps of the filters at the expense of computational complexity.
In any case, the spectral resolution of MVE is typically broader
than FFT-like algorithms.

As a proof of the Capon estimator efficiency, we report in
figure 3 the comparison of this algorithm with FFT and ZP-
FFT applied to the measurement of the resonance frequency of
a flexible structure perturbed by pulsed excitation and having
a resonance frequency of 7.8 Hz. Clearly, the MVE estimator
yields much better results, as it provides a smoother spectrum
with increased resolution; the spectral selectivity of the 750-
tap MVE (FWHM = 1.40 Hz) is significantly narrower than
the 500-tap filter (FWHM = 3.04 Hz) and is comparable to
FFT and ZP-FFT. The FFT has a fluctuating response due to
the bias effect and has insufficient frequency spacing (1 Hz).
The ZP-FFT increases the spectral resolution and improves the
selectivity, giving a better approximation of the peak position,
but also enhances spectral fluctuations typical of FFT; hence,
it is more sensitive to noise.

3.2. Adaptive filtering

The employment of adaptive filters (AFs) is an efficient and
general-purpose way to mitigate disturbances. In the proposed
interrogation setup, the main noise sources arise from the
intrinsic structure of the sensor rather than from external
disturbances. In particular, the backreflection from highly
reflective FBGs interacting with a coherent light source, as
demonstrated in [12], is responsible for strong and chaotic
perturbations of the output power, and since this is the
dominant noise in our system, the SNR under operative
conditions drops as a consequence. This is still the main reason
why this FBG interrogation technique has not gained great
interest within the intensity-based demodulation techniques,
while matched-filter interrogators based on a broadband source
[8, 9], which do not involve coherency issues, are preferred.
However, the application of an AF in the receiver chain
permits smartly escaping this situation since it implies the
application of a signal processing routine that does not require
full knowledge of the statistical properties of this chaotic noise.

Figure 4. Schematic of the application of RLS adaptive filter to
noise mitigation.

A good solution for noise mitigation is to exploit the pre-
training equalization typical of digital communication systems
[18]. Using the scheme sketched in figure 4 together with
the naming conventions for the involved signals, data to be
acquired are preceded by a reference sequence, known a priori
and composed of NT samples; by comparing the acquired data
to the desired ones, the AF computes a FIR filter with M taps
that aims at transforming the measured digital signal x[n] =
x[1, . . . , NT ] into the desired one d[n] = d[1, . . . , NT ]. This
conversion is performed by the AF algorithm which, at each
iteration n = 1, . . . , NT , updates the coefficients w(n) that
best transform the input signal into the desired one; the
filtered signal y[n] is the best approximation of d[n]. Then,
assuming that noise properties are time invariant during the
whole interval n = 1, . . . , NF , the final filter w(NT ) is used to
filter all the remaining data set xV [n] = x[NT + 1, . . . , NF ],
which contains the target measurement, obtaining the filtered
signal yV [n] = y[NT + 1, . . . , NF ]. The critical point of
this arrangement is the definition of the reference signal d[n].
Ideally, a broadband excitation is the best technique since it
stimulates all the frequencies, but it is extremely impractical
to be applied to the typical structure under test. The most
convenient solution is therefore to compute the training set
in the absence of excitation, with a duration long enough to
assume that disturbances are zero average. Trivially, in this
case the ac component of x[n] contains only the recorded noise,
while its dc component is the offset due to static phenomena;
hence, d[n] is a constant signal equal to the dc component
of x[n], which can be simply estimated as the average of
x[1, . . . , NT ].

In order to choose the type of filter and the values of
its parameters, we performed a preliminary analysis on a
sample data set acquired in the absence of excitations, so
as to evaluate the noise properties. The noise autocorrelation
estimate exhibits a strongly correlated pattern, even after some
minutes. This suggests that the computed AF can be applied
even to long data sequences without needing to compute a
new filter. However, as shown in [12], this noise due to
FBG backreflection assumes different statistical properties
in different working points, so static strain/temperature
variations require the evaluation of a new filter. Since we
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aim the proposed sensor at monitoring fast phenomena, each
one preceded by its own training phase, we do not consider
this problem, but in the case of an extended employment of the
FBG sensor, in which temperature and strain statically vary,
this phenomenon should be properly taken into account.

A reasonable choice for the AF is the exponentially
weighted recursive least-squares (RLS) filter with 40 taps,
which ensures a fast convergence and a good spectral
selectivity. The RLS update algorithm performs the following
steps for each iteration n = 1, . . . , NT [19]:

ξ(n) = λ−1P(n − 1)x∗[n]

1 + λ−1xT [n]P(n − 1)x∗[n]
(5)

α(n) = d[n] − wT (n − 1)x∗[n] (6)

w(n) = w(n − 1) + α(n)ξ(n) (7)

P(n) = λ−1[P(n − 1) − k(n)ξT [n]P(n − 1)] (8)

where the parameter λ is the forgetting factor; x[n] is a vector
of size M that collects the samples x[M−L + 1, . . . , M], α(n)
is the discrepancy between the desired and filtered signals at
the nth iteration, and ξ (n) and P(n) are used for the update
process; the RLS filter is initialized by setting w[0] = [1 0 0
. . . 0] as an all-pass filter and P(0) = δ−1 I (I is the M ×
M identity matrix). Experimental results on sample-acquired
data have shown that the behavior of the RLS filter is almost
independent from the parameters λ and δ, making AF robust
with respect to the choice of its parameters.

The improvement introduced by the application of a RLS
filter with 40 taps and λ = 0.999 can be evaluated from
the example shown in figure 5 where we report a reference
measurement of vibrations analogous to that in figure 3.
Signals are plotted in the discrete-time domain, with sampling
frequency 5 kS s−1; the upper graph reports the training phase
in the absence of perturbations and clearly shows the strong
noise reduction: the standard deviation of x[n] is 2.22 με,
while the standard deviation of the filtered signal y[n] is
0.41 με. The RLS filter is then applied to the measurement of
vibrations, as shown in the second graph. Again, we clearly see
a reduction in terms of noise comparable to the training phase;
the standard deviation of xV [n], calculated in the segment n =
[20 000 − 26 000] in which the oscillation is assumed to be
completely damped, is 2.76 με, while the standard deviation
of the same frame of yV [n] is 0.55 με. Therefore, the RLS
permits increasing the SNR by 14.0 dB. As a consequence,
we see an improvement in the quality of spectral estimation
(figure 5(c)) due to the reduced noise power.

Considering that the typical implementation of the MVE
can operate with SNR ∼−25 dB to extract a single-tone signal
from noisy measurement and that 14 dB of extra SNR can be
gained thanks to the AF, the target SNR becomes ∼−39 dB.
Such a value implies that for a single FBG interrogator,
the minimum detectable oscillation for a correct frequency
analysis shall range from 5.0 nε to 61.8 nε, depending on the
working point. In conclusion, the interrogation unit proves
to be effective in measuring nano-strain vibrations in the
frequency domain, provided a proper signal filtering/spectral
estimation is applied to the sensing signals out of the FBGs.

(a)

(b)

(c)

Figure 5. Application of a RLS filter to a sample measurement of
vibrations. (a) Training phase with duration 1.6 s, in the absence of
excitation; (b) comparison between the acquired signal and the
filtered signals for measurement of vibrations; (c) PSD estimation of
the signals with an MVE technique (L = 500).

4. Data modeling

Besides spectral analysis, monitoring of vibrations in civil
structures may require evaluation of specific characteristics
such as resonance frequency and damping coefficient. Fitting
the data acquired after the RLS filtering process to a model is
helpful in the evaluation of such parameters. In the proposed
scheme, we have used a damped oscillation model with
seven parameters that permits the extraction of the damping
coefficient of the excited structure. The formal definition of
the model, which expresses the strain value in discrete-time
domain, is as follows:

s[n] =
{
A

sin(2πfRn + ϕ)

exp[αD(n − n0)]
+ �ε

}
u(n − n0) + ε0 (9)

where A, fR and ϕ are amplitude, numeric frequency and phase
of the oscillation, respectively; αD is the normalized damping
coefficient, n0 is the starting instant of the excitation, u(n) is
the Heaviside step function, ε0 is the dc term and �ε is the
difference between the offset before and after the excitation.
In particular, this last parameter permits the evaluation of
permanent effects on the structure due to the excitation. The
problem of fitting data to the nonlinear model can be solved
by means of nonlinear programming techniques (NLP) [20].
In this case, the goal of the Pth-dimensional NLP is the
estimation of the P model parameters p = [p1, . . . , pP ] in
order to minimize the mean square error (MSE) between the
data y[n] and the model s[n] = f (p)[n]:

p̂ = arg min
p

√√√√ N∑
n=1

(x[n] − s[n])2. (10)
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Figure 6. Schematic of the iterative algorithm used for data
modeling.

Due to the nonlinear optimization problem, NLP often requires
a starting value of all the parameters pS .

A novel and general-purpose technique for data modeling
can be obtained taking advantage of the presence of the AF
as discussed in the previous section and therefore combining
NLP and AF in an iterative way; this algorithm yields better
performance than the stand-alone NLP/AF at the expense
of computational complexity and turns out to be particularly
advantageous in low SNR regime. The principle of operation
of the proposed algorithm is shown in figure 6. At each
iteration k (k = 1, . . . , K), the AF receives the input xk[n]
and the desired signal sequences dk[n], both resulting from
the previous iteration, as it will be clarified later. The AF
routine computes the FIR filter coefficients wk and returns
the output signal yk[n] as a result of the filter applied to the
input signal xk[n]. The filtered signal is then sent to the Pth-
dimensional minimization algorithm that fits the input process
to the nonlinear model s[n], function of the P parameters p =
[p1, . . . , pP ]. The cost function to be minimized is the mean
square error (MSE) between the input signal and the model
output. Hence, after every iteration, the estimated parameters
pk and the corresponding model sk[n] are updated. Then,
the outputs of the kth iterations are linked to the next step
as follows: the estimated model output becomes the desired
signal of the wk+1 adaptive filter (sk[n] = dk+1[n]), while the
filtered signal is the new input process of the filter (yk[n] =
xk+1[n]). Furthermore, the estimated parameters are the
starting values for the (k + 1)th optimization (pk = pk+1

S).
The iterative algorithm is initialized using a priori

information, e.g., a set of previously acquired data x0[n] with a
reference signal d0[n], in order to pre-train the adaptive filter.
If a training set is not available, the measured data can be
directly sent to the NLP algorithm, bypassing the initial AF.
The optimization routine is initialized by choosing the starting
set of parameters p0

S.
The combination of the adaptive filter and the nonlinear

identification permits an improvement of the modeling. At

each iteration, the AF output tends to progressively converge
to the identified model, rejecting disturbances that affect
the input signal; at the same time, the accuracy of the
nonlinear optimization gradually increases since the noise
sources affecting the input signal are attenuated by the
filtering processes. Moreover, the cascade of FIR filters w1,
w2, . . . , wK that progressively approximates the model output
can be a good replacement of the whole filtering process,
if the system operates under the time-invariant disturbance
condition, for analyzing subsequent data sets.

The validation of this technique has been performed on
a sample data set corresponding to a measured vibration
acquired with the FBG sensor, using equation (9) as a model.
The employed AF is the same RLS filter as described in
the previous section. As NLP, we employ the Nelder–Mead
algorithm [21], which uses a direct method for minimizing the
MSE starting from an initial estimate. The advantages of the
proposed algorithm are evident from the example in figure 7,
in which the signal acquired from a vibrating aluminum beam
is compared to the estimated model at the first run s0[n] and
after 12 iterations s12[n]. In the latter, we observe better
agreement of the estimated model with the input data, while
s0[n] does not accurately reproduce the profile of the input
data. The most critical parameters to be jointly estimated are
amplitude and damping coefficient, due to the exponential
envelope of the oscillation model. The inset in figure
7(b) enlightens this behavior and also shows a small phase
mismatch between s12[n] and x[n] due to the accumulated
transient of all the filters w0, . . . , w12. This however does not
affect the quality of estimation, but only comes out as a small
delay on the recorded data; if needed, the phase delay can be
removed by estimating all the phase delays of each filter.

We measure the quality of reconstruction through the pro-
posed algorithm with two different metrics. First in figure 8(a),
we show the root-mean-square error (RMSE) between the
filtered signal yk and the identified model sk at each iteration,
which quantifies the agreement between filters and models.
We observe a fast decrease in the RMSE within the first
iterations, until a floor is reached at about 12 iterations. The
achieved RMSE floor (∼0.32 με) is significantly lower than
the one obtained from the stand-alone AF/NLP (11.45 με),
confirming the increase in the performance. Then, in order to
verify the capability of the filters cascade to mitigate noise,
we also measure the variance of the filtered signal yk,rest[n]
(figure 8(b)) when the system is in rest condition (i.e. when
the oscillations are almost totally damped), which can be
assumed as the noise power. Again, we observe a fast decrease
within the first iterations and the achievement of a floor for
k > 12, with a behavior analogous to figure 8(a). This confirms
that the proposed algorithm leads to a remarkable mitigation
of noise effects with respect to the stand-alone application of
AF and NLP and that the iteration over a large number of
runs does not provide significant advantages with respect to
k = 12.

5. Experimental results

In this section, we report the analysis of vibrations performed
on some sample structures. First, we present the results of the
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(a) (b)

Figure 7. (a) Comparison of the acquired signal x[n] resulting from an excitation of a flexible structure (gray line) and the corresponding
model estimation without the application of the iterative algorithm s0[n] (black dashed line) and after 12 AF/NLP iterations s12[n] (black
solid line); (b) inset reproducing a frame of the x and s signals.

(a)

(b)

Figure 8. Performance analysis of the iterative algorithm.
(a) Evaluation of the RMSE between the AF-filtered signal yk[n]
and the corresponding model sk[n] for each iteration k; (b) variance
of the portion of the filtered signal yk,rest[n] when the system is in
rest condition, i.e. the excitation is almost completely damped.

Figure 9. Picture of the experimental setup.

measurement of the resonance mode of a flexible aluminum bar
of size 1 m × 3 cm × 2 mm. The bar has been mounted on two
holders finely controlled by piezoelectric actuators, keeping a
distance of 23.5 cm between the two supports (figure 9).

A single FBG, protected by a polyimide film, has been
mounted along the bar with adhesive tape. Vibration has
been measured simultaneously with an ADXL202E MEMS
accelerometer [22] for comparison, mounted on the vertical
side of the bar. It must be pointed out that the MEMS sensor
yields an electrical signal proportional to the acceleration
of the bar, whereas the FBG provide information on the
relief strain. A direct comparison of the two quantities is
made possible by approximating signals with sinusoidal or
damped sinusoidal waveforms, as it occurs during the resonant
vibration of structures. Despite optical fibers, the MEMS
physical properties (dimensions, weight) influence the
structure to be measured and non-invasive detection is not
feasible. The bar has been excited by applying pulsed stimuli
with different strengths. Results are plotted in figure 10,
in which we compare the spectral estimates from both sensor
outputs using the MVE algorithm and the spectrum of the
parametric model, analytically evaluated from the Fourier
transform of equation (9) and converted into the continuous-
time domain. We observe an agreement in the measurement of
the peak position: both the direct analysis from the FBG sensor
output and result of the application of the parametric model
described in the preceding section give a pitch frequency of
7.76 Hz, while the MEMS measures 7.94 Hz as the peak.
We also observe a good coincidence between the spectrum
estimated with the FBG sensor. The noise floor of the
FBG sensor is significantly lower than that of the MEMS
accelerometer, their difference being approximately 14 dB.
With the application of the modeling technique described in
section 4, we have also obtained the estimate of the damping
coefficient of oscillations (α = αDfS , referring to equation (9)),
which is 2.87 s−1. A series of measurements, performed in
the absence of the MEMS circuitry on the bar, have shown
changes of the resonance frequency (7.94 Hz versus 7.85 Hz)
and a decrease in the damping coefficient (2.87 s−1 versus
2.49 s−1); this proves the advantages of the FBG sensor
with respect to MEMS for non-invasive measurements on
structures.

In the second experiment, we have applied the FBG sensor
for detecting the vibration of a plaster partition wall induced by
the air conditioning ducts embedded within this wall. Again,
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Figure 10. Spectrum of measurement vibration on an aluminum
bar, comparing the FBG sensor with the RLS filter (M = 40), the
MEMS accelerometer and the analytical spectrum derived from the
modeling algorithm of equation (9). The first two spectra are
computed with MVE (L = 700).

Figure 11. Spectrum of vibration recorded with the FBG sensor on
a vibrating wall perturbed by the air conditioning system. See
figure 9 of [23] for the analogous measurement with a plastic fiber
vibrometer developed in our labs.

the polyimide-protected FBG transducer has been fixed to the
wall with adhesive tape. The obtained results are plotted in
figure 11, showing the spectral measurement of the acquired
signal. The measurement clearly shows a resonance peak
around 7.6 Hz, while the noise floor is almost 15 dB lower.
This result is in good agreement with the similar measurement
performed with another non-contact plastic optical fiber (POF)
vibrometer developed in our lab [23, 24]. In this case,
the sensing principle relies on the measurement of the light
launched by a POF and reflected from the vibrating surface
followed and compensation of the target reflectivity. From the
data in figure 9 of [23], the peak frequency estimated through
FFT is 7.8 Hz; by comparing these results, the effectiveness
of signal processing comes out: while the POF sensor exhibits
a peak/floor ratio of about 10 dB and a wrinkled spectral
response that makes it hard to unambiguously detect the peak
position, the proposed FBG sensor achieves a better SNR and
a clearer spectral response.

(a)

(b)

(c)

Figure 12. Measurement of the resonance frequency of a wood
board through FBGs. (a) Acquired (gray line) and RLS-filtered
(black line) signals in the continuous-time domain; (b) the estimated
spectrum in the range of interest, computed with MVE (L = 600);
(c) spectral response of the RLS adaptive filter used for noise
mitigation.

In the last experiment, we tested the capability of
the presented system to work under worst-case conditions,
i.e. we performed a measurement on a rigid wood board
while the hardware (photodiode, data acquisition and signal
processing unit) was subjected to strong 50 Hz electromagnetic
interference from a power supply system. In this case of
the rigidness of the structure, vibrations are rapidly damped
and only a few periods can be observed. The low duration
of vibrations, relative to the long interval processed, makes
the spectral estimation critical as the energy of the signal
is concentrated in the very first oscillation while noise lasts
for the whole time. As a result, oscillations cannot be
detected without accurate signal processing; the amplitude
of the vibration is so small that the MEMS does not work on
this structure, thus proving the superior capability of FBGs
provided with signal processing. Figure 12(a) shows the
acquired signals before and after RLS filtering, highlighting
an increment of SNR of 14.4 dB. With this improvement,
the MVE extracts the resonance peak at 26.9 Hz (consistent
with theoretical vibration analysis), with an amplitude of
6 dB greater than the floor, as from figure 12(b); several
subsequent measurements have confirmed the peak position
with a repeatability of ±0.1 Hz. In figure 12(b), the spectral
response of the AF is reported; the power supply interference
forces the filter to position minima at 50, 100 and 150 Hz,
with a rejection approximately equal to the amplitude of each
spectral line.

6. Conclusions

We presented a low-cost FBG interrogation unit based on
intensity modulation that uses a fixed-wavelength laser source,
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operating on a strain interval of 120 με with the maximum
sensitivity of 0.11 V με−1. The sensor can operate under very
low SNR conditions (up to about −39 dB) thanks to proper
signal processing consisting of adaptive filters, which increase
the SNR of the system by 14.0 dB, followed by a minimum
variance estimator, which permits a spectral analysis under low
SNR condition (about −25 dB) and without resolution limits.
Both these routines, though data dependent, do not require
characterizing the noise acting on the system, and therefore
are extremely straightforward in their application. We also
presented a novel modeling technique, based on adaptive filters
in an iterative structure, which represent an improvement in the
standard nonlinear programming techniques. Experimental
measurements, carried out in structural monitoring contexts,
confirm the applicability of the proposed optical system for
measurement of small vibrations.
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