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Abstract: Researchers have made substantial efforts to improve the measurement of structural re-
ciprocal motion using radars in the last years. However, the signal-to-noise ratio of the radar’s
received signal still plays an important role for long-term monitoring of structures that are susceptible
to excessive vibration. Although the prolonged monitoring of structural deflections may provide
paramount information for the assessment of structural condition, most of the existing structural
health monitoring (SHM) works did not consider the challenges to handle long-term displacement
measurements when the signal-to-noise ratio of the measurement is low. This may cause discontinu-
ities in the detected reciprocal motion and can result in wrong assessments during the data analyses.
This paper introduces a novel approach that uses a wavelet-based multi-resolution analysis to correct
short-term distortions in the calculated displacements even when previously proposed denoising
techniques are not effective. Experimental results are presented to validate and demonstrate the
feasibility of the proposed algorithm. The advantages and limitations of the proposed approach are
also discussed.

Keywords: Doppler radar; displacement measurement; distortion removal; IoT; jump detection;
radar signal processing; structural health monitoring; smart sensor

1. Introduction

The average age of bridges in the United States is approximately 44 years, and 8.7% of
them are considered to be in poor condition according to reports of the U.S. Department of
Transportation‘s Federal Highway Administration [1]. On the other hand, the preservation
of old historic constructions located in areas prone to seismic events or surface deformations
requires their constant condition monitoring. Besides the inherent cultural heritage of
historic places, there are economic, environmental, and educational benefits in preserving
old buildings [2–5]. In the last decades, researchers have made efforts to develop innovative
methods for monitoring the conditions of aging infrastructure, such as bridges, buildings,
and stadiums [6–9]. The set of measures and routines used to retrieve information on
the state of structures is called structural health monitoring (SHM). By detecting and
analyzing structural damages and weaknesses based on SHM, preventive measures can
be adopted to reduce the chances of fatal incidents and potential maintenance costs. The
entire structural integrity process involves selecting the data acquisition system, and the
number, the location, and the type of the sensors for the measurements. The main goal of
SHM is to identify features in the recorded data that distinguish a near-damaged/damaged
structure from an undamaged one [10–12].

Sensors that detect structural responses, such as acceleration and displacement, play
an important role in SHM. Its measurements can also be used to calibrate computer-based
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models of buildings, bridges, and other structures, making the decision process during
the maintenance stage more rational. Most of the current methods employed in SHM
systems rely on contact sensors (e.g., accelerometers). Camera-based sensors and laser
scanning systems are representatives of non-contact solutions. However, each of these
have limitations. Accelerometer-based displacement measurements, which are converted
from electrical signals obtained when a proof of mass is subjected to the action of a force
(proportional to the measured acceleration) due to vibration, are susceptible to errors
introduced by the numerical double-integration process. The performance of camera-
based sensors depends on the light conditions, and poor ambient lighting can result in
low-accuracy measurements and demand high computational loads for corrections. Laser
vibrometers suffer from relatively high costs, and the measurement accuracy is highly
affected by the superficial condition of the target.

Portable radar technology has been used in many applications that require motion
measurements. For example, it has been used in animal and human vital sign monitoring,
occupancy sensing, human activity classification, and security applications [13–18]. With
their ability to remotely provide accurate displacement measurements, modern portable
radar systems have been proved to be effective in SHM applications [19–23]. To obtain
structural dynamic responses, radars take advantage of the interferometric technique,
which relies on successively comparing the phase of the reflected electromagnetic waves at
different times. The displacement is calculated based on the phase difference between two
adjacent sampling points [24]. However, one of the drawbacks for long-term SHM using
radars is that occasional low signal-to-noise ratio (SNR) of the received radio-frequency (RF)
signals can introduce abrupt jumps and short-time distortions in the retrieved displacement
time histories, which significantly affects the accuracy of the measurement. In the past, this
issue was addressed through denoising algorithms that were able to calibrate corrupted
displacements [22–24]. Nonetheless, there are still situations in which the SNR is so low,
especially in the measurement of small-amplitude vibrations caused by environmental
loads, that denoising-based displacement calibration techniques might not be effective.

The accuracy of the retrieved phase-demodulated measurements depends on several
factors, including multipath effects, the instantaneous magnitude of the noise level, the
carrier frequency of the transmitted radar signal, the amplitude of the observed reciprocal
motion, the power level of the transmitted signal, the gain of the baseband amplifiers,
and the directivity of the transmitting and receiving antennas. However, the major factor
that impacts the accuracy of the radar-based displacement measurements is the SNR
of the received microwave signals. For example, during the continuous monitoring of
the mast arm deflection of a traffic signal support structure, which will be used as an
example of application in this study, the amplitude of the motion has been found to be too
small during some short instants. This has resulted in either sudden jumps and/or short-
time distortions in the displacement measurements that cannot be effectively removed by
denoising techniques. The main contribution of this paper is to propose an automated
scheme that relies on the multi-resolution analysis of the maximal overlap discrete wavelet
transformation (MODWT) of the radar-based phase-demodulated measurements to identify
jumps and/or short-term distortions and correct the displacements even when denoising
strategies are not effective.

Other time-varying spectral analysis-based approaches, such as those that use em-
pirical mode decomposition (EMD), variational mode decomposition (VMD, and syn-
chrosqueezed wavelet transforms (SWT) may also be considered for the design of algo-
rithms for the automated detection and removal of sudden changes/short-distortions on
phase-demodulated Doppler radar data [25–28]. The application of empirical basis decom-
position methods, such as EMD and VMD to a time series, produces a set of intrinsic modes
and a residual signal without the need of a priori basis system. Particularly, EMD-based
techniques generate the so-called intrinsic mode functions. When the EMD-based tech-
niques are associated with the Hilbert transform, the resulting combination is known as
Hilbert–Huang transform (HHT), which has been used for radar-based vital sign detection,
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human activity recognition, and dam-age assessment [29–32]. Although EMD-based al-
gorithms might be utilized for the analysis of non-stationary/nonlinear signals and have
demonstrated its robustness and validity for various applications, it still lacks a reliable
and generally accepted theoretical foundation, which would allow for convergence proofs
and systematic optimization of the method [33]. Furthermore, EMD-based technique may
generate mode mixing during decomposition, which happens when a particular intrinsic
mode function possesses components of different frequencies [28,34,35]. On the other hand,
synchrosqueezing transforms (SST) is a recently developed time-frequency analysis method
recommended for the study of multicomponent signals with oscillating modes [36]. It
is a combination of a time-frequency decomposition method (wavelet packet transform,
curvelet transform, short-time Fourier transform, or continuous wavelet transform) and a
reassignment step. Researchers frequently employ it as an alternative to EMD-based algo-
rithms, since SST-based techniques benefit from having a closed mathematical derivation,
which allows for better understanding and the possibility of refinement based on the de-
sired application [37,38]. SST-based algorithms have been used for sinusoidal noise removal
in partial discharge measurements, seismic time-frequency analysis for hydrocarbon detec-
tion, and for the faulty diagnosis of a wind turbine planetary gearbox under nonstationary
conditions [39–41]. SST-based algorithms also rely on a linear time-frequency representa-
tion associated with a fixed time-frequency resolution, which is given by a general window
or wavelets [42,43]. In this work, the proposed algorithm is based on the multiresolution
analysis of the MODWT of the deflections measured by a Doppler radar. The MODWT
can be understood as a modified version of the discrete wavelet transform (DWT) with the
advantages of being able to handle measurements of any sample size and being invariant
to circular shifting of the time series. Furthermore, both discrete wavelet-based transforms
can be employed as a variance estimator. However, the MODWT-based wavelet variance
estimator is asymptotically more efficient than the equivalent DWT-based variance estima-
tor [44]. The reason why the MODWT is preferred over the wavelet-based synchrosqueezed
transform is because the latter is evaluated using the continuous wavelet transform (CWT)
of the non-stationary/nonlinear signals. Although the CWT also preserves time shifts and
time scaling, it also adds excessive redundancy, and it is computationally intensive [45].
Due to the translation invariant for the wavelet coefficients and the scale invariance, all
decomposition levels of the MODWT feature the same time resolution without phase dis-
tortion, which enables a comparison between the original time series and its decomposition.
In contrast to EMD-based methods, MODWT-based algorithms offer more flexibility; since
they can be easily adapted to the intended application, it can be readily understood because
it is based on a closed mathematical formulation, and it does not require a preliminary
investigation based on either empirical estimation or drastic changes of the sifting proce-
dure [46]. Since part of the statistical properties of the retrieved displacements corrupted by
sudden jumps/short-term distortions are known, empirical mode decomposition or even
empirical wavelet transforms would not be better choices. As a matter of fact, empirical
transformations would be less efficient as they initially need to adaptively decompose the
original signal without previous knowledge of its statistical properties.

In this work, the effectiveness of the novel MODWT-based algorithm for the identifi-
cation and removal of jumps/short-time distortions is evaluated. Although the presented
results are based on the long-term monitoring of a traffic signal structure conducted by
a Doppler radar, the proposed algorithm can be readily employed for other vibration
measurements by radars operating with different waveforms (e.g., frequency-modulated
continuous-wave radars, stepped-frequency continuous-wave radars). The rest of this
paper is organized as follows. In Section 2, the theory for SHM based on Doppler radar
and the multi-resolution analysis of the MODWT coefficients is reviewed. In Section 3, the
proposed wavelet-based algorithm is detailed. The experimental results are discussed in
Section 4. Finally, the conclusions are drawn in Section 5.
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2. Theory
2.1. Nonlinear Phase-Demodulation Procedure

Figure 1 exhibits the block diagram for the long-term SHM of a traffic signal structure
using Doppler radar. A continuous-wave (CW) microwave signal is transmitted towards
the ground. After the returned RF echo is mixed with a replica of the transmitted microwave
signal, the baseband in-phase and quadrature phase signals I(t) and Q(t) are obtained. The
normalized outputs I(t) and Q(t) can be represented as

I(t) = AI · cos(4πx(t)/λ + ∆φ(t)) + dcI (1)

Q(t) = AQ· sin(4πx(t)/λ + ∆φ(t)) + dcQ (2)

where AI and AQ are the corresponding amplitudes of the quadrature signals, dcI and dcQ
are the dc offsets, x(t) is the reciprocal motion, λ = c/f is the free-space wavelength, f is
the microwave frequency of the transmitted signal, and φ(t) denotes the phase associated
with the round-trip added to the residual phase noise of the voltage-controlled oscillator.
The I/Q signals must be preconditioned before the application of the nonlinear phase-
demodulation procedure [47,48]. After the use of a circle fitting algorithm to correct I/Q
amplitude imbalances and to calibrate the dc offsets, the resulting normalized complex-
valued baseband signal can be written as

s(t) = I(t) + jQ(t) =
∞

∑
n=−∞

Bn(4πδ/λ)· exp(jn2π f0t + ∆φ(t)) (3)

where I(t) and Q(t) are the normalized baseband signals, f0 is the dominant frequency of the
relative motion that vibrates with a periodic time-varying amplitude δ (x(t) = δ· sin(2π f0t)),
and Bn is the n-th order Bessel function of the first kind. The Doppler radar-based displace-
ment can be calculated as follows:

d(t) = (λ/4π)·arctan(Im[s(t)]/Re[s(t)]) (4)

which clearly indicates that an arctangent-based demodulation approach is required for
the accurate displacement reconstruction. The sampled version of (4) can be written as
d(n) = (λ/4π) × arctan

(
Im[s(n)]
Re[s(n)]

)
, where n = 0. ∆t, 1. ∆t, 2. ∆t, . . . , (N − 1).∆t, with

N being the digitized data length and ∆t = 1/ fs the sampling interval for a sampling
frequency equals to fs. Since the arctangent function has a domain limitation of (−π/2,
π/2), phase ambiguities must be addressed before the application of the arctangent trans-
formation. Phase ambiguities might happen when the amplitude of the reciprocal motion
is over a quarter wavelength. As a consequence, the length of the I/Q trajectory exceeds
π and discontinuities appear during the arctangent demodulation [24,47]. In fact, phase
ambiguity, which constitutes a critical issue in radar interferometric sensing of reciprocal
motion, may still exist even when the amplitude motion is less than a quarter wavelength
because the I/Q trajectory might sit across quadrants [48].

2.2. Theory of the Multiresolution Analysis for MODWT Coefficients

The wavelet-based multi-resolution analysis of measurements contaminated with
jump/short-term distortions can provide the onset times of jump/short-term disturbances
on the retrieved radar displacement with relatively high time resolution. In this work, the
maximum overlap discrete wavelet transform (MODWT), which is a version of the discrete
wavelet transform (DWT), was utilized because the MODWT coefficients are not affected
by the starting point of the time series or the size of the recorded data [49–53].
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Doppler radar.

In the discussion to follow, boldface lowercase letters and boldface uppercase letters
will denote vectors and matrices defined for n = 0.∆t, 1.∆t, 2.∆t, . . . , (N − 1).∆t, respec-
tively. The i-th component of an N-element vector d will be refer to as di. Consider
the sampled value of the displacement organized as a vector d = {d0 d1 d2 . . . dN−1} to
eliminate the sensitivity of the DWT to the starting point of d, which is caused by the down-
sampling of the outputs from the scaling and the wavelet filters, one should apply the
DWT to d and the circularly shifted column vector Sd = {d2 d3 d4 . . . dN−1 d1}, where S is
an N×N circular shift matrix, and then concatenate the set of resulting coefficients to create
the MODWT coefficients. However, to recognize the fast ruptures of the displacement
measurements with high time resolution, particularly the starting point of sudden jumps
and/or short-term disturbances, the multi-resolution analysis (MRA) of the MODWT coef-
ficients must be employed because the MODWT does not provide time-aligned detailed
features. The MRA of the MODWT can be considered as zero-phase bandpass filtering of
the original signal, i.e., the detailed features on several scales will be time-aligned [53,54].

To decompose a finite time-series signal using the MODWT to J levels, one must apply
J pairs of wavelet (high-pass) h̃j,l and scaling (low-pass) filters g̃j,l . The filtering operation
at the j-th level yield a set of wavelet and scaling coefficients as shown below:

w̃j,t = ∑
Lj−1
l=1 h̃j,l ·d t−l mod N (5)

ṽj,t = ∑
Lj−1
l=1 g̃j,l ·d t−l mod N (6)

where t = 0, 1, 2, . . . , N − 1, h̃j,l , and g̃j,l are the j-th level MODWT wavelet and scal-
ing filters. w̃j,t and ṽj,t are the wavelet and scaling coefficients, and α mod β stands for
α modulo β from modular arithmetic [55–57]. Each of the MODWT filters has width
Lj =

(
2j − 1

)
(L− 1)+ 1, where L is the width of the base filter (j = 1) and constitute a set of

scale-dependent differencing and averaging operators, respectively. Additionally, they can
be interpreted as the stretched versions of the base filters (j = 1). For example, the nonzero
portion of the Haar MODWT base filter is defined as h̃1,l = h̃l = {1/2− 1/2} and the
nonzero portion of the corresponding MODWT scaling base filter is g̃1,l = g̃l = {1/2 1/2}.

Assuming that h̃◦ j,l represents h̃j,l periodized to length N, and g̃◦ j,l is g̃j,l periodized to
length N, the evaluated displacement can be cast as the following linear combination:

d = aJ + ∑J
k=1 bk (7)

aJ,t = ∑N−1
l=0 g̃◦ J,l ṽJ,t+l mod N (8)
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bk,t =
N−1

∑
l=0

h̃◦k,lw̃k,t+l mod N (9)

where k = 1, 2, 3, . . . , J is the scale number, J is the number of levels for the wavelet
decomposition, usually defined as the nearest integer less than or equal to log2(N), aJ is
the approximation vector, and bk are the detail vectors at successive scales. The detail
vectors are calculated at each level. In contrast, the scaling vector is only produced for
the final level. In other words, the MRA of the MODWT returns the projections of d onto
the various wavelet subspaces and final scaling subspace. The detail vectors vl contain
high-frequency content, while aJ is the coarse scale approximation (low-frequency content)
of the estimated displacement for each scale J [49–54]. This paper does not cover all the
aspects of MODWT and its MRA derivations. Interested readers are recommended to refer
to [49], where a complete description of the calculations required to evaluate the MRA of
the MODWT of a time-domain signal are explained.

3. Proposed MODWT-Based Algorithm

Figure 2 details the proposed wavelet-based approach for the identification and re-
moval of jumps and/or short-time disturbances in contaminated phase-demodulated
measurements. The distorted displacement (disp), the sampling frequency (Fs), the window
length in seconds used on the Find local maxima subroutine (T), and the maximum duration
of the short-time disturbances are the inputs required by the proposed algorithm. Since the
sudden jumps and short-term discontinuities would better match short width wavelets,
the Haar wavelet was chosen as the basis wavelet. Additionally, the appearance of jumps
and short-term distortions would add high-frequency spectral components to the analyzed
displacement measurement. Therefore, the detail features of the spectral decomposition of
the displacement measurements were the focus of our study. The close time synchroniza-
tion between the i-level detail vector and the contaminated displacement measurement for
the sudden occurrences of jumps/short-term disturbances plays the key role in choosing
the best detail vector.
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In the algorithm illustrated in Figure 2, the MODWT of the total displacement (disp) is
initially calculated. Then, the MRA for the MODWT coefficients is evaluated. In the Find
local maxima subroutine, the amplitude threshold for the detection of jump/short-term
disturbance is assigned as three times the root-mean-square (RMS) value of the normalized
amplitude of the i-th level detail coefficients to reduce the number of false positive detec-
tions. This value was determined after the extensive analysis of several datasets recorded
over approximately three months. To accurately identify the points of local maxima, which
are the starting points of abrupt changes on the analyzed displacement, the Find local
maxima subroutine is applied to T-seconds-long portions of displacement measurements,
and a vector with the corresponding times of the jumps/short-term disturbances is created.
Since an objective is to remove potential short-term disturbances, distortions that follow the
sudden jumps are also recognized by a subroutine that looks for successive points of local
maxima. Based on the fact that the mean value of a sinusoidal evolution over time is con-
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stant and by taking advantage of the starting points for the jumps/short-term disturbances,
a displacement calibration subroutine is applied to disp to remove potential deviations on
the baseline level of the measurements. Finally, a displacement correction subroutine is
applied to the portion of the measurements with sudden jumps and/or distortions. To
eliminate contaminated measurements that may lead to wrong structural assessments, their
amplitude values are set to zero, which is assumed as the mean value of the sinusoidal
measurement. Furthermore, since the time location of the jumps/short-term disturbances
might not coincide with the actual time location of the abrupt changes, the vector with the
corresponding time locations of the jumps/short-term disturbances is updated by adding
the period of the observed motion (1/ f0) to each entry. The entries of the time-localization
vector will be used to automatically localize the non-distorted radar-based measurements
that can be employed on further structural analysis.

4. Experimental Results

To investigate the effectiveness of the proposed automated jump/short disturbance
identification and removal algorithm, a traffic signal structure, which consists of a 12 m
horizontal mast arm and a 6 m vertical pole, was used as a testbed. The deflections of the
horizontal mast arm induced by random environmental loads were continuously monitored
for several weeks by a Doppler radar housed in a plastic enclosure and mounted near
the tip of the mast arm. In the meantime, the mast’s vibration was also measured by a
conventional tri-axial DC-response accelerometers of ±4 g measurement range that was
mounted at the same axial location of the radar on the arm. Both the I/Q channels of the
radar and the channels of the accelerometer were sampled at 200-Hz by a data acquisition
system (DAQ) consisting of National Instrument NI-9239 voltage input modules on a
CompactRIO platform. Figure 3 exhibits the experimental setup.
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After analyzing several recorded datasets, it was determined that the recovered base-
band signals related to the motion amplitudes of ~2 cm were the ideal candidates to validate
the proposed algorithm. Since the amplitude of the motion of the tip of the mast was ~2 cm,
the SNR of the recovered baseband signals was considerably low. Therefore, sudden jumps
appeared on the phase-demodulated displacement measurements. The Adaptive Joint Sig-
nal Processing Algorithm (AJSPA) and the Adaptive Lowpass Filtering Algorithm (ALFA),
which are denoising strategies proposed by the authors in a previous study, were then
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applied to the baseband signals [22]. The SNR was so low that the abrupt jumps were not
successfully removed by the denoising techniques. In addition, short-term distortions were
seen in the demodulated radar data. Figure 4 shows a 125-s radar-based displacement
after applying the AJSPA to the baseband signals, and the reference, which is the displace-
ment calculated by numerically integrating the corresponding accelerometer measurement
twice and high-pass filtering the result of each step of integration with a cutoff frequency
of 0.5 Hz. Four abrupt jumps and two short-term distortions can be visually identified
around the instants 30.00 s, 44.05 s, 64.74 s, 67.47 s, 81.74 s, 82.34 s, 98.15 s, and 117.89 s.
The RMS error (using the accelerometer measurement as the reference) for the estimated
displacement is 1.14 cm. The proposed MODWT-based algorithm introduced in Section
III was programmed in MATLAB and applied to the analyzed displacement. The window
length T was chosen to be 5 s. Although the standard MODWT algorithm implements the
circular convolution in the time domain, the wavelet and scaling filter coefficients at level j
(j > 1) were evaluated by the circular convolutions in the frequency domain by taking the
inverse discrete Fourier transform of the products of the discrete Fourier transforms. Due
to the close time synchronization between the 5th-level detail vector and the displacement
measurement contaminated with sudden jumps and/or short-term distortions, the coeffi-
cients of the 5-th level detail vector were chosen. In this work, distortions that appear for
up to 3 s (STTH = 3 s) are considered short-term disturbances. Figure 5 shows the MODWT
5th-level detail decomposition associated with the radar-based measurement shown in
Figure 4. The points of local maxima are highlighted, and they can be easily seen around
29.53 s, 43.69 s, 64.36 s, 66.93 s, 81.29 s, 81.75 s, 97.72 s, and 117.52 s. It should be noted that
they are closely separated from the actual starting points of the sudden jumps/short-term
distortions highlighted in Figure 4. In fact, the MODWT-based technique anticipates the
time instants for the commencement of the disturbances in less than ~1 s.
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Since the changes can be clearly seen on the baseline of the displacement, one can
argue that a time-domain-based strategy would be more effective for the identification
and removal of jumps/short-term disturbances in phase-demodulated signals. Figure 6
reveals the displacement measurement obtained after applying a corresponding time-
domain-based algorithm (TDBA) to the deteriorated measurement shown in Figure 4. The
main difference between the TDBA and the proposed MODWT-based technique is that
the occurrence of a sudden jump is associated with the absolute difference between the
baselines of the first half and the second half of the demodulated displacement for each
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window length T, which is programmed as 5 s as it was programmed for the MODWT-
based strategy. The TDBA would flag the presence of jumps/distortions if the absolute
difference between the mean of the two halves of the displacement for each window was
larger than 1 mm. As shown in Figure 6, the corresponding time-domain-based approach
method showed the presence of discontinuities at several windows, including portions of
the displacement that did not have any distortion. Due to the lack of time resolution of the
TDBA, the exact locations of the jumps/distortions could not be provided.
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The MODWT-based technique was also applied to the analyzed displacement. Figure 7
illustrates the corrected measurement after the application of the proposed jump/short-
distortion identification and removal technique. By employing a MODWT-based approach,
the exact locations of the jumps/distortions were provided due to the localization property
of the wavelet-based approach. The amplitude of the portions of demodulated Doppler
radar data identified as deteriorated were set to zero. Four abrupt jumps and two short-
term distortions were correctly identified. The vector with the corresponding time locations
of the jumps/short-term disturbances was updated by adding the period of the observed
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motion (~1 s) to each entry, and the starting/end points of the corrected portions of the
recovered radar-based displacement were successfully recognized.

IoT 2022, 3, FOR PEER REVIEW 10 
 

 

 
Figure 6. Displacement corrected by a time-domain-based approach. The distortions are high-
lighted. 

The MODWT-based technique was also applied to the analyzed displacement. Figure 
7 illustrates the corrected measurement after the application of the proposed jump/short-
distortion identification and removal technique. By employing a MODWT-based ap-
proach, the exact locations of the jumps/distortions were provided due to the localization 
property of the wavelet-based approach. The amplitude of the portions of demodulated 
Doppler radar data identified as deteriorated were set to zero. Four abrupt jumps and two 
short-term distortions were correctly identified. The vector with the corresponding time 
locations of the jumps/short-term disturbances was updated by adding the period of the 
observed motion (~1 s) to each entry, and the starting/end points of the corrected portions 
of the recovered radar-based displacement were successfully recognized. 

 
Figure 7. Displacement corrected by the proposed algorithm. The corrected portions of the retrieved 
radar-based displacement were successfully recognized. 

To further investigate the robustness of the proposed method, several contaminated 
datasets were analyzed as depicted in Table 1. Due to low SNR for the recorded I/Q base-
band signals at times, various jumps and/or short-term distortions were recognized at the 
phase-demodulated displacement recorded at the tip of the mast. Therefore, both the 

Figure 7. Displacement corrected by the proposed algorithm. The corrected portions of the retrieved
radar-based displacement were successfully recognized.

To further investigate the robustness of the proposed method, several contaminated
datasets were analyzed as depicted in Table 1. Due to low SNR for the recorded I/Q
baseband signals at times, various jumps and/or short-term distortions were recognized at
the phase-demodulated displacement recorded at the tip of the mast. Therefore, both the
AJSPA and the ALFA were applied to 11 different datasets collected after monitoring the
traffic signal structure for almost a month. The length of the datasets varies from 40 s to 500 s.
The accuracy of the free vibration displacement measurements is evaluated by comparing
Doppler radar-based measurements and the accelerometer-based measurements through
the calculation of the RMS error for each data set. Since the denoising techniques were not
able to eliminate the disturbances, Haar wavelet-based algorithm was applied to them to
identify and remove the deteriorated portions of phase-demodulated radar measurements.
As is shown on Table 1, the proposed strategy was able to correctly identify and remove
the distortions, reducing the RMS errors for each analyzed dataset. No correlation between
the calculated RMS errors and the length of the analyzed time series was identified.

Table 1. Accuracy of the radar-based measurements.

Data Set Length (s) Denoising
Algorithm

Denoising Algorithm
RMS Error (cm)

Proposed Approach
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2 500 AJSPA 1.89 0.25

3 50 ALFA 0.73 0.28

4 100 AJSPA/ALFA 1.35/0.65 0.37/0.30

5 101 AJSPA 1.19 0.25

6 40 AJSPA/ALFA 0.86/0.74 0.38/0.31

7 100 AJSPA 1.19 0.28

8 50 AJSPA 0.87 0.39
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Table 1. Cont.

Data Set Length (s) Denoising
Algorithm

Denoising Algorithm
RMS Error (cm)

Proposed Approach
RMS Error (cm)

9 250 AJSPA 2.01 0.30

10 200 AJSPA 1.28 0.26

11 100 AJSPA/ALFA 0.40/0.76 0.25/0.35

5. Conclusions

The identification of jumps and/or short-term distortions on radar-based displace-
ments is of paramount importance for the effective application of radar-based SHM. The
presence of disturbances on the phase-demodulated radar measurements can cause incor-
rect estimation of structural parameters and lead to false alarms. In this paper, we propose
a novel automated jump/short-term distortion identification and removal algorithm using
MODWT-based spectral analysis. A series of full-scale experiments demonstrated that the
wavelet-based approach has significantly better performance than the time-domain-based
technique and can be successfully applied to distorted displacements even when denoising
techniques are not effective. Although a traffic signal structure was used as a testbed,
the proposed method may be employed in long-term SHM of other structures, such as
buildings and bridges, that rely on the analysis of displacement measurements. Future
work will focus on the impact of the environment variations, such as temperature and
humidity, on the accuracy of radar displacement measurements used for long-term SHM.
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