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Abstract: The laser Doppler vibrometer (LDV) has been shown to be effective for a wide
application of vibration assessments that are well accepted. One of the new avenues for exploring
alternative measurement scenarios, mounting LDVs on unmanned aerial vehicles (UAVs) is
emerging as a potential avenue for remote and harsh environment measurements. Such
configurations grapple with the challenge of the LDV sensor head being sensitive to UAV
vibration during flight and signal loss due to tracking error. This study investigates the
effectiveness of several Time Synchronous Averaging (TSA) techniques to circumvent these
obstacles. Through comprehensive evaluations, all three TSA techniques under investigation
demonstrated significant potential in suppressing UAV-induced noise and minimising the effects
of signal dropout. Traditional TSA showcased a remarkable sixfold enhancement in signal
quality when analysed via the mean square error. However, the study also highlighted that while
TSA and Multi-Cycle Time Synchronous Average (MCTSA) elevated signal clarity, there is a
trade-off between noise suppression and signal duration. Additionally, the findings emphasise
the importance of synchronisation between scanning and target vibration. To achieve optimal
results in Continuous Scanning Laser Doppler Vibrometer measurements, there is a need for
advanced algorithms capable of estimating target vibration and synchronising scanning in real-
time. As the study was rooted in steady-state vibrations, future research should explore transient
vibration scenarios, thereby broadening the application scope of TSA techniques in UAV-
mounted LDV systems.

1. Introduction

Engineers tasked with the maintenance of machines, structures, vehicles or instruments use vibrations
to characterize the health of a system during its operation. This occurs because all objects, whether
moving or stationary, emit low levels of vibration caused by internal excitation or external,
environmental factors [1]. Conventionally, accelerometers have been the go-to instrument for measuring
vibrations. However, in scenarios where accelerometers are unsuitable—be it due to environmental
conditions or system constraints—a more advanced technology emerges as a viable alternative: the laser
Doppler vibrometer (LDV) [2]. The basic operating principle of an LDV system relies on a two-beam
laser interferometer that measures the frequency shift between an internal reference beam and a test
beam. The test beam is aimed towards the surface of interest and the scattered light from the target
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surface is collected by the sensor head and combined with the reference beam. By comparing the
frequency shift between the two beams using an interferometer, LDVs can remotely discern even the
minutest of vibrations [3].

Building on the foundational principles of the LDV, Continuous-scan Laser Doppler Vibrometry
(CSLDV) was developed as a further innovation. Unlike its predecessor which concentrates its beam on
one point during measurements, CSLDV sweeps its laser continuously across the surface, enabling the
capture of motion across multiple points simultaneously [4]. This continuous scanning feature of the
CSLDV presents a distinct advantage, especially when dealing with expansive structures such as bridges
or large buildings which would traditionally require multiple sensors. Research spearheaded by figures
like Allen & Sracic has emphasized how CSLDV can obtain high-resolution structural mode shapes in
a fraction of the time compared with traditional LDV systems [5].

Simultaneously, Unmanned Aerial Vehicles (UAVs) have seen widespread adoption across various
sectors due to their numerous applications, operational flexibility, and potential for cost-effectiveness.
Specifically, within the realm of infrastructure and structural health monitoring, UAVs mounted with a
variety of sensors and imaging devices have emerged as tool for remote, non-destructive evaluation that
can be safely controlled by a human operator[6]. This shift in assessment techniques overcomes several
challenges inherent to traditional methods such as accessibility, safety concerns, time constraints and
cost inefficiencies. The mobility and agility of UAVs further empower them to swiftly inspect vast
infrastructures or multiple structures within a limited timeframe. Recent research has showcased a
variety of unique frameworks from full field mapping of entire bridges using image processing systems
for crack detection [7] to structural assessments of large wind turbines using target free Discriminative
Scale Space Tracker (DSST) vision algorithms [8]. These applications of UAV-borne sensors highlight
the potential for cost-effective and efficient structural monitoring of expansive civil infrastructures.

Given the immense potential and benefits of UAVs in structural monitoring, there is an increasing need
for UAV mounted LDV solutions. But while UAVs equipped with LDV’s introduce unprecedented
capabilities, they come with a unique set of problems that are not present with other sensors [2]. The
most significant of these factors being the vibration of the LDV's sensor head. When LDVs are mounted
on vibrating platforms, the vibration of the surface is transferred to the LDV sensor head. This produces
an interference pattern that is subsequently transferred to the measurement signal [9]. It becomes
impossible to distinguish between the vibration of the sensor head and that of the target being measured
as the LDV only detects a doppler shift in the light — it cannot isolate the cause of the shift. To mitigate
this challenge, researchers have proposed techniques such as employing accelerometer(s) behind the
instrument sensor head that can be used as a reference signal to extract the vibration of the sensor head
from the LDV signal [10]. Such methodologies, coupled with other time domain post-processing-based
approaches, can substantially enhance the accuracy of LDV measurements, especially in high-vibration
scenarios such as those encountered with UAVs.

Another challenge in LDV-mounted UAV solutions arises from the necessity of a tracking system to
precisely target specific points on a structure for vibration measurement[12]. Even minor misalignments
can lead to signal loss or flawed data, a critical concern when the UAV is subjected to dynamic
environmental factors such as wind or turbulence[13]. Acknowledging that there will always be some
level of tracking error is inevitable in these complex conditions, there is a pressing need to enhance not
only the tracking algorithms and stabilization mechanisms of UAVs but also to implement advanced
signal processing techniques[ 14].

Considering the issues outlined above, investigations into the development of sophisticated signal
processing techniques capable of compensating for these inaccuracies and maintaining the integrity of
the vibration data collected become important. While the immediate focus of this research is on
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enhancing the reliability and accuracy of structural health assessments for UAV-mounted LDV
measurements, the improvements in signal processing methodologies have the potential to be beneficial
in a diverse range of applications [11]. These could extend to other remote sensing technologies,
vibration analysis in different environments, or even industries where precision measurement under
challenging conditions is critical.

2. Time Synchronous Averaging

Time Synchronous Averaging (TSA) is a time-domain based signal processing technique that can be
used to extract periodic waveforms in a composite signal. It is commonly used in vibration analysis of
rotating machinery by synchronising the signal with the rotational position of the target component such
as a gear or bearing [15]. This synchronisation ensures that, at each revolution, the repeating vibration
signals from the shaft are constructively added, while non-synchronous noise tends to cancel out through
the averaging process. One of the prerequisites for TSA is a reference signal, often acquired from a
tachometer or encoder which represents the rotational position or speed of the component being
monitored [16].

TSA is particularly advantageous in conditions where the signal-to-noise ratio is low. For instance, when
examining the behaviour of a specific gear mesh within a complex gearbox system, the vibrations
resulting from the mesh may be overwhelmed by other machine vibrations or ambient noise. In utilising
TSA, these gear mesh vibrations can be emphasised such that it becomes possible to detect minute
changes in the mesh behaviour that might indicate wear, misalignment, or other faults. By analysing the
time-synchronous averaged signal, specialists can infer not only the presence of a fault but in many
cases the specific nature and location of that fault within the machinery[17].

CSLDVs output vibration signals that are inherently periodic as they are driven by the operation of
motor-controlled mirrors. Time Synchronous Averaging (TSA) presents as a potential signal processing
technique for transient noise sources such as drone noise or signal dropouts in CSLDV measurements.
When the vibration signals of the LDV is synchronised to the rotation of these mirrors, TSA allows for
the precise isolation and analysis of these periodic components from the target vibration amidst potential
noise. The goal of using TSA in this scenario is to average out transient sources of noise from the drone
and signal loss.

Given a periodic vibration signal, x(t), and noise signal, w(t), we can equate a measurement signal,
y(t) containing both a periodic signal (of N cycles) of interest and noise signal by:

y() = x(t) + w(t),t € (O,NT] D

Thus, a TSA of the measurement signal, yrs4 can be expressed:

N-1
1
Vrsa = N Z y(t +nT) (2)
n=0
1 N-1
Yrsa =x(t)+NZw(t+nT),t e (0,T] 3)
n=0
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In the TSA process, as the number of cycles (N) increases, the noise signal gets progressively averaged
towards zero, leading to an enhanced signal-to-noise ratio in the resultant data. However, it’s important
to note that while TSA effectively suppresses the noise, it also compresses the duration of the signal,
resulting in a TSA signal that represents only a single cycle of the periodic waveform. This compression
has significant implications for subsequent analysis, particularly when performing Fourier
Transformations for frequency domain analysis. The shortened signal duration means that the resultant
spectrum from a Fast Fourier Transform (FFT) will have a reduced frequency resolution.

Time Synchronous Moving Average

TSA is known for efficiently suppressing noise and isolating periodic signals, although it has drawbacks
in reducing the signal duration — which affects the frequency resolution in subsequent Fourier
Transforms. Conversely, moving averaging (MA) preserves signal periodicity and reduces noise, it
filters out vital high-frequency signal components. Addressing these issues, Zhang and Hu (2019)
introduced the Time-Synchronous Moving Average (TSMA) an enhanced version of TSA that
incorporates elements of MA to improve periodic signal detection. TSMA, as proposed by Zhang and
Hu, averages the signal over M neighboring cycles of the measurement signal. This process acts as an
averaging window that moves from the beginning to the end of the original signal, N-M=+1 cycles of the
averaged signal can be obtained rather than only 1 cycle as per the TSA. Using the same notation as the
TSA with a measurement signal given by eq. (1), the TSMA can be expressed:

M-1
1
Yrmsa = 3y ZO y(t + mT) 4)
M-1
1
Yrmsa = x(t) +Mzow(t + mT), te (0O0(N— M+ 1T (5)

Multi-cycle Time Synchronous Averaging (TSMA)

Building on the strengths and addressing the limitations of TSA and MA, this paper introduces Multi-
Cycle Time-Synchronous Averaging (MCTSA), an alternative technique designed to optimize noise
suppression while preserving signal periodicity and high-frequency content. Just like TSA, MCTSA
aligns the data with the rotational position of the machinery component, ensuring that periodic signals
are constructively combined. However, instead of averaging over the entire signal, MCTSA divides the
signal into segments, each consisting of p cycles. Within each segment, the signal is averaged, resulting
in a set of N/p averaged segments. These averaged segments are then combined to form the final
MCTSA signal:

N
p
sp -1
1
yuersa (0= x(O + 57 > we+nn|,  te[0pT) ©)
p n=(s—-1)p
s=1

By dividing the signal into segments of p cycles, the method introduces a trade-off between signal length
and noise suppression. The final MCTSA signal length is equal to the segment length of p cycles, with
longer segments resulting in an extended signal duration (compared to single cycle TSA) but at the
expense of noise suppression.
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3. Simulating UAV noise and Signal Dropout in CSLDV measurement
Experimental Setup

A CSLDV measurement was conducted on an aluminium rectangular hollow section with length Im.
Its lower end was clamped securely with two clamps, the clamped end was 25 cm, the free end of the
beam had a remaining length of 75 cm as shown in figure 1a. The cantilever beam was excited with a
small electro-dynamic shaker with an integrated amplifier (K2004E01) which was run using a GW
Instek multi-channel function generator (MGF-2260MFA). The output signal from the function
generator was recorded on a Siemens Digital Industries Simcenter SCADAS Mobile data acquisition
system. The tube was excited near the base of the clamped end, parallel to its smaller dimension. The
shaker and cantilever beam were placed on a passive anti-vibration table to minimise ambient vibration
thereby ensuring that the measurement reflects the true response of the beam with minimal interference
from environmental noise.

A Polytec NLV-2500 Laser Vibrometer was fixed to a bespoke Scanning Laser Doppler Vibrometry
Assembly containing a pair of orthogonal motor-controlled mirrors. The LDV output and motor-control
inputs were recorded and driven by the SCADAS system. The LDV assembly was placed 1.90 m from
the centre of the cantilever beam; the stand-off distance (for visibility maxima) being 2.25m. The
tracking filter was set to 'fast’ with high and low pass filters turned off. The sensitivity was set to 1000
mm/s/V. The SCADAS mobile device was operated on a laptop using the Simcentre Testlab software
running the Spectral Testing application as displayed in figure 1b.

The first resonant frequency of the cantilever beam was estimated to be 17.5 Hz using an analytical
approach. During pre-testing a resonance search was conducted around the first resonant frequency, it
was found that 17.45 Hz produced the maximum system response, the resonant frequency of the system
were updated accordingly. The beam was scanned at 0.25x, 0.5x, 1x and 2x multiples of the beam
fundamental frequency ensuring a periodic signal for each scanning cycle; these were 4.363 Hz, 8.725
Hz, 17.45 Hz 34.9 Hz. The SCADAS system was set at a sampling frequency of 102.4 kHz with a
measurement window of 30 seconds consisting of 3.072 x 10° samples.

CANTILEVER BEAM

SHAKER
SHAKER
WAVE-GEN. J | BESPOKE SLDV
T ¥ ASSEMBLY
h 4
X .
FUNCTION DAQ SYSTEM WITH ¢
GENERATOR SIGNAL GENERATOR LDV
LAPTOP
a) - b)

Figure 1 — Experimental layout of continuous scanning of cantilever beam, a) actual arrangement, b) block diagram
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UAV platform vibration simulation

The DJI Matrice Pro drone is frequently used for high-resolution video/photo capture and presents
opportunities for remote LDV measurements. Ge et al. [18] conducted a study that characterised the
vibration dynamics of this drone model during flight in the form of a PSD spectra and Gus values.

Using the findings of the study, we simulated the drone's vibration profile by beginning with a linear
interpolation of the PSD values across the defined frequency range. An exponential decay was applied
to frequencies beyond the highest specified value to simulate the natural decrease in vibration intensity
at higher frequencies. Additionally, random phase information was incorporated to create a realistic
frequency-domain representation of the noise. Through an inverse Fourier transform, this frequency-
domain drone noise profile was converted back into the time domain. This signal encapsulated the
intricate vibration patterns of the UAV and was subsequently added to the original LDV signal. The
resulting LDV signal carried the characteristics of both the structural vibrations from the CSLDV
experiment and the drone-induced vibration providing a realistic representation of the measurement
signal expected from UAV-mounted CSLDV campaigns.

CSLDV Measurement
10 T T T

s
V (mm/s)
o

| |

0 5 10 15 20 25 30
t(s)

CSLDV Measurement with Drone Vibration

(b)

V (mm/s)

1 1 1 1 1
0 5 10 15 20 25
t(s)

Figure 2: CSLDV signal; a) measured signal, b) simulated signal with drone vibration
Signal dropout simulation

Drones equipped with LDVs must rely on precise tracking systems to maintain focus on the target
surface, factors such as drone dynamics and environmental conditions can lead to 'signal dropout,' which
results in a loss of signal during measurements. The exact nature, duration and frequency of these signal
dropouts depends on multiple factors that vary depending on environmental conditions. As such there
is no set manner to replicate signal dropouts. To mimic signal dropouts in LDV-equipped drones, a
square wave model was used with 'high' segments representing clear signal collection and 'low' segments
for dropouts. An exponential distribution was chosen to model the dropouts to ensure the simulation
captures the unpredictable nature of signal dropouts in real world environments, the square wave was
randomised with the exponential distribution with the signal dropout rate and average duration of
dropouts arbitrarily determined. The parameters used to simulate the dropouts are presented in the table
below.
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Signal Dropout rate 50%
Average duration of Dropout | 1 second
Dropout Distribution Exponential

Table 1: Signal dropout parameters

Once the square wave with embedded dropouts is prepared, it is multiplied with the CSLDYV signal. The
resultant signal incorporates the simulated signal dropouts as would be expected from CSLDV
measurements from UAVs with frequent signal dropouts.

CSLDV Measurement
T

10 T
5 -
g
(a) £ 0 -
>
5 -
| | | | |
0 5 10 15 20 25 30
t(s)
10 CSLDV Measurement with Signal Dropouts
T T T T T
5 -
0
b) E o i
= f
-5 H -
10 1 1 1 1
0 5 10 15 20 25 30

t(s)

Figure 3: CSLDV signal; a) measured signal, b) simulated signal with dropouts
4. Results
Quantifying signal correction

To critically assess the signal correction efficiency of Time Synchronous Averaging in CSLDV
measurements influenced by drone noise and signal dropout, it's vital to establish an appropriate set of
evaluation metrics. We achieve this through a two-step process, the initial step calculates the Mean
Square Error (MSE) of all the simulated drone dropout/noise signals both before and after TSA. The
second step utilises a R function with a base-10 logarithm to determine relative changes MSE values pre
and post TSA.

Mean Square Error calculation

The Mean Squared Error, or MSE, is a statistical metric commonly used to measure the difference
between predicted and observed values. In the context of our research, the MSE is employed to quantify
the deviation of the simulated CSLDYV signals with drone noise or signal dropout, from our measured
CSLDYV signal. Our measured CSLDV signal serves as the reference signal, as it was performed in a
controlled environment with minimal ambient noise under perfect signal conditions. By analysing the
MSE of all the simulated signals, we can determine the baseline signal quality from the reference. We
define the MSE of a given signal to be:

1 2

MSESignal = n (Z?:l(yi,sig - yi,ref) (7)

In this expression, n is the total number of data points, y; sis is the amplitude of the signal of interest
and y; rer is the amplitude of the reference CSLDV signal.
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R Value calculation

After the MSE of all the signals is calculated we can determine the improvements in signal quality
following the TSA using an R-value. R can be quantified using the mean error reduction of a TSA
technique of interest relative to the simulated signal without TSA, given by[10]:

®)

MSEg; i
R = —1010910 ( Sigal with TSA )
MSE Signal
In this expression, MSEg;gq1 with 7sa 18 the mean squared error of the noise-affected signal post-TSA
application, while MSE g;4y,4; 1s the simulated signal without TSA.

Improvements in CSLDV measurements in the Time-Domain

The figure below illustrates all three TSA techniques on CSLDV measurements experiencing drone
noise or signal dropout. In the TSMA an averaging window of three cycles was used and in the MCTSA
a segment window of five cycles was used.

LDV Sample LDV Sample

10 10
—~ 5 —~ 5
2 K4
1 £

(@) EFC £ 0 ®

Z s Z s
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Figure 4: CSLDV signals - Single cycle comparison,; a) measured signal, b) simulated signal with drone vibration, ¢) TSMA
of simulated signal with drone vibration, d) MCTSA of simulated signal with drone vibration, e) TSA of simulated signal with
drone vibration, f) measured signal, g) simulated signal with dropouts, h) TSMA of simulated signal with dropouts, i) MCTSA
of simulated signal with dropouts, j) TSA of simulated signal with dropouts
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While all the plots display just a single cycle for clarity, it's important to emphasize that only the TSA
signals (e, j) consisted of a single cycle. The improvements in signal quality from the TSA techniques
are demonstrated in the below table using the R value described earlier.

TSA (dB) TSMA (dB) MCTSA (dB)
Drone Vibration +8.07 +4.27 +7.91
Signal Dropouts +3.35 +3.02 +3.89

Table 2: R values for all time synchronous techniques

All three TSA techniqiues demonstrate marked improvemennts in suppressing noise from the UAV. The
TSA technique yielded the most significant improvement of +8.07 dB, which, when translated via the
R metric equautes to a sixfold enhancement in signal quality. Additionally, while all three TSA
techniques enhances the signal posed by signal dropout, the extent of improvement is somewhat milder.

Time Synchronous averaging effects in the frequency domain

While the enhancements observed in the time domain are vital to comprehending the efficacy of Time
Synchronous Averaging (TSA), understanding its implications in the frequency domain is equally vital.
In this regard, a Fast Fourier Transform (FFT) was executed on all the LDV signals to extract both the
magnitude and phase of the signals. This allowed for a precise comparison of the changes introduced by
the TSA techniques. Presented here are two sets of plots. The first set focuses on the LDV signals
influenced by drone vibration, offering a clear visual depiction of the before-and-after effects of the
TSA application. The second set provides insights into the LDV signals affected by signal dropouts.
Both sets of plots showcase not only the magnitude spectrum but also the phase responses, painting a
holistic view of the impact of TSA in the frequency domain.
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Figure 5: FFT plots; a) magnitude measured signal, b) magnitude simulated signal with drone vibration, c) magnitude TSMA
of simulated signal with drone vibration, d) magnitude MCTSA of simulated signal with drone vibration, e) magnitude TSA of
simulated signal with drone vibration, f) phase measured signal, g) phase simulated signal with drone vibration, h) phase
TSMA of simulated signal with drone vibration, i) phase MCTSA of simulated signal with drone vibration, j) phase TSA of
simulated signal with drone vibration
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Figure 6: FFT plots; a) magnitude measured signal, b) magnitude simulated signal with dropouts, c) magnitude TSMA of
simulated signal with dropouts, d) magnitude MCTSA of simulated signal with dropouts, e) magnitude TSA of simulated
signal with dropouts, f) phase measured signal, g) phase simulated signal with dropouts, h) phase TSMA of simulated signal
with dropouts, i) phase MCTSA of simulated signal with dropouts, j) phase TSA of simulated signal with dropouts

o

Following the FFT analyses, the plots reveal important insights into the behaviour of signals in the
frequency domain. A primary observation is the loss of phase information in the signal dropout plots, a
consequence of the sporadic nature of signal dropouts disrupting consistent phase relationships. The
TSA and MCTSA techniques methods introduce a trade-off between signal clarity and signal duration.
The reduced signal duration leads to diminished frequency resolution making it difficult to decipher side
bands and their relative amplitudes, especially in the TSA.

In contrast to the original and TSMA plots, the TSA and MCTSA frequency responses appear smoother.
Specifically, the sidebands and peaks become less pronounced in the TSA plots due to this reduced
frequency resolution. The efficacy of TSA in attenuating noise, particularly from drone vibrations, is
notable in the lower frequency bands of its spectrum. Concurrently, MCTSA's representation showcases
its balance between noise reduction and signal length.

5. Conclusions

This study found that for time-synchronous signal processing techniques to be implemented in CSLDV
measurements, it's imperative to sychronise scanning with target vibration, this study implemented time
synchronous techniques for CSLDV measurements when target vibration and scanning frequencies were
manually synchronised.

Results revealed that all three TSA methods — TSA, TSMA, and MCTSA — significantly mitigate
UAYV noise and signal dropout. Specifically, TSA and MCTSA techniques demonstrated a notable
sixfold enhancement in signal quality when simulated with UAV noise and all three TSA techniques
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resulted in a twofold improvement in signal quality when simulated with signal dropouts. These results
suggest that TSA techniques may be highly effective when performing CSLDV measurements from
UAVs for remote measurements with high levels of drone noise or signal dropouts. However, while
TSA and MCTSA bolster signal clarity, they can simultaneously reduce the signal length which
subsequently compromises frequency resolution which may be a limiting factor in certain applications.

The necessity for synchronising the scan frequency and target vibration currently prevents the
application of TSA in real world measurements where target vibration is unknown. This may be solved
by in field algorithms that can estimate target vibration and sychronise scanning accordingly. It's also
noteworthy that this investigation was performed in steady-state vibration conditions, underlining the
need for further research centered on transient vibration scenarios.
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