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One of the critical factors affecting flight safety of unmanned aerial vehicles (UAVs) is the
amount of vibration they are exposed to during a flight. On one hand, external causes such as
wind gusts and turbulences or internal vehicle-centric faults such as incorrect sensor mounting
or propeller imbalances can cause high vibrations in UAVs. On the other hand, high vibration
itself may induce noise in the onboard miniature sensors of the UAV such as its accelerometers,
gyroscopes and GPS that can lead to uncertain state estimation causing the multi-rotor to drift
from its desired position or even result in loss-of-control. Hence, it is important to monitor the
vibration levels during a UAYV flight. This paper specifically looks into vibrations recorded by
the autopilot system of a multi-rotor in presence of varying magnitudes of wind. Using data
from experimental flights conducted at two separate flight test regions under varying wind
conditions, we aim to classify between a nominal and anomalous vibration level for small UAV
systems. Further, we analyse other parameters of interest that affect vibrations in UAVs such as
UAV air speed and any propeller imbalance signatures. Analysis results from experimental
flights demonstrate the effect of wind on vibration magnitude in unmanned aircrafts.

I. Motivation and Related Work

Unmanned Aerial Vehicles (UAVs) are becoming increasingly common in several applications, including aerial
photography, surveillance, package delivery, and precision agriculture. While smaller aircrafts offer numerous benefits,
unique challenges arise with UAV flight safety especially due to small size of these vehicles in combination with
turbulence arising in the low altitude airspace. Larger manned aircrafts typically incorporate numerous redundancies in
their monitoring and control systems to ensure safety, but UAVs are restricted by their size and weight. Therefore, it is
critical to develop effective health monitoring systems for UAVs that can ensure continued and risk-averse operation.

Fault detection and diagnosis (FDD) is widely studied and applied to several components in UAVs to assess the state
of the vehicle and determine need for either early flight termination or vehicle maintenance or trajectory re-planning.
Under development of advanced in-time safety assurance tools that can monitor, assess and mitigate risks for UAV
operations [1]], several efforts have been made to investigate FDD methods on UAV powertrain components including
propellers and motors [2,[3]]. Over the last several years, analysis of vibration signals for FDD in UAVs, has become an
increasingly popular area of study [4}5]. Applications of such analysis can range from overall flight anomaly detection
[6], and diagnosing or predicting specific failure modes, such as FDD of propeller damage and friction [4, /] or issues
with excessive payload [5], to simply determining the optimal location for instrument placement to minimize the effects
of nominal vibrations [8]]. Frequency analysis is a common approach to understand vibration signals originating from
rotating parts, such as the motors and propellers in an aircraft, especially for fault analysis, as it can reveal features in the
frequency domain that arise as a result of changes in the usual periodic behavior of these components [5]. There are a
wide variety of approaches to frequency analysis, including the classical Fourier transform as well as the newer wavelet
decomposition and variations on each of these in an effort to resolve issues with loss of time information and cross-term
interference [9-11]]. However, one of the key challenges that we face in a typical small UAVs is low data sampling rate
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Fig.1 Vibrational Anomaly Detection and classification for a UAV- concept flowchart.

from on-board autopilot systems which limits our capability of obtaining key frequency domain features from the UAV
vibration data that can reasonably detect any anomaly. As a result, in this study we resort to time-series analysis and
data-mining methods to extract distinct signatures indicative of anomalies in UAV flights.

When looking at a vibration signal to extract information on vehicle health, a three stage classification system can
be helpful, as shown in Figure[I] Upon measuring the vibration signal, the first stage of classification would be to
determine if the vibration is a nominal vibration resulting from expected sources in the aircraft such as its rotating
components, or if it is an anomaly that affects flight safety. If the vibration is classified as an anomaly, the second stage
is to determine if the cause is internal or external to the aircraft. When the anomaly is due to a fault within the aircraft,
the third and final stage would be to isolate the anomaly source such as motor failure, propeller imbalances or IMU
degradation. However, before attempting to diagnose a fault within the aircraft, causes external to the system should be
eliminated. Therefore, of particular interest in this study is determining when anomalies are due to external factors,
specifically wind. Particularly for low-altitude airspace where typical small and mid-size UAVSs are planned to operate,
atmospheric turbulence and wind gusts are a major source of disruptions to its planned path causing trajectory deviations
[12] and may lead to higher than expected vibration levels. An additional interest to identify the source of vibration
anomalies is that decision making post anomaly detection depends on the source. For example, if a UAV is operated on
a wildfire monitoring zone with high wind and high temperature environment and it experiences vibrations caused due
to the external factors, it needs to be re-routed or re-planned accordingly. On the other hand, if vibrations arise from a
vehicle-centric fault, the UAV operation may need to be terminated, either taken out for repair or replacement. Hence
it is important to study the effect of both external and internal factors on UAV vibrations. In this paper, we focus on
studying the effect of wind on vibrations measured by on-board sensors on the UAV. In section [[I} different sources
of vibration anomalies and their effect on UAV flight safety are reported based on the findings from related studies
in literature. Section [[II] presents the K-means clustering algorithm that is implemented in this study to group UAV
data based on vibration related parameters. In section[[V] specific flight data obtained from UAV flight experiments
conducted at varying wind conditions are analysed. Finally, high dependence of vibration levels in UAVs on wind gust
and vehicle factors such as propeller imbalance are identified from the results with the study being concluded in section
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II. Failure Mode and Effect Analysis of Vibrations in UAVs

Failure mode and effects analysis (FMEA) is a systematic approach widely used in system health management
and reliability studies in order to identify possible failure sources, their causes, criticality aspects, and impact on the
overall system. It helps prioritize fault handling in the event of failures. It is important to identify failures in UAVs
and their root causes that are related to vibration as those may have direct and indirect relation to the UAV operational
safety. Internal subsystems in UAVs, such as unbalanced propellers or propeller damage, motor bearing issues, and
poor motor control (less damping) can cause vibrations. On the other hand, environmental disturbances such as high
wind/wind-gusts can also cause vibrations in UAVs during its flight. Hang et al. reported that along with the rotating
parts and equipment malfunction, different types of wind (turbulent flow, wind shear, propeller vortex, etc.) may cause



abnormal vibration in UAVS [13]]. The wind interaction with UAV body and propeller changes due to wind turbulence,
wind gusts, and other environmental factors such as terrain, altitude, temperature, etc., have also been reported in [14].
Other causes such as insufficient damping caused by possible sensor malfunction may result in reduced capability the
UAV to control the vibrations [13]. Moreover, sustained vibrations can cause other components to fail in the UAV
systems. The objective of this FMEA study is to recognize vibration-related failures, their root causes, and effects to aid
in understanding the failure origination, detection, and diagnostic process. There are different FMEA-related studies
for UAV system reported in the literature [6} [7, 15 [16] focusing on various components of a UAV system. TableE],
summarizes FMEA of UAVs that are directly or indirectly related to vibrations. It has columns a) component, b) failure
mode, c) root cause, d) effects, e) relation to vibration, f) likelihood and e) severity. It should be noted that vibration in a
UAV itself can either be an effect of another source or a cause to another failure in the system (or sometimes both), as
indicated in the ‘relation to vibration’ column. There are four different category labels in this column of the FMEA table.
A direct effect means that vibration is the failure mode directly leads to vibration anomalies in the UAV whereas an
indirect effect means the failure mode leads to another characteristic change in the UAV which in turn leads to faulty
vibrations. Similarly meaning is attached to direct and indirect cause. Moreover, some failure modes may result from
external vibration (as the cause) and the failure mode effect can be internal vibration (see row 1) .The likelihood of a
failure and its severity are classified into three levels: low (L), medium (M) or high (H) [16]].

Table 1 FMEA of vibration anomaly in UAV systems

Relation to vi-

SN Component Failure Mode Root Cause Effects bration Likelihood Severity
1. Airframe Main  body Collision/ Altered aero- Direct cause L M
or Wings bad landing dynamics/loss and effect
-structural /external vibra- of functionali-
tions ties
2. Motor Bearing Lubrication/hard Motor rotation, Indirect effect M H
failure thrust, loss of
control
3. Motor Unbalanced ro- Rotor  dam- Increased vi- Direct effect L M
tor age/Shaft bration/ motor
misalignment  rotation
4.  Motor Coil Short cir- Propeller un- Loss of Direct cause L M
cuit/windings  balanced vibra- thrust/incorrect
tions motor speed,
loss of control
5. Propeller Structural/ Collision/ Loss of thrust/  Direct cause L M
blades cracking bad-landing/ loss of control
Imbalance/
Vibration
6. Connecting ca- Disconnection Severed wire/ Loss of power, Direct cause H H
bles/wires from sources excessive vi- comms., data,
to  receiver/ bration vehicle control-
load lability, vehi-
cle failure
7. Sensor fault malfunction/ internal/ Incorrect Direct/indirect M H
(IMU) power-loss external vibra- measurements, cause
tion, physical data  issues,
damage, control issues,
temperature loss of thrust
variation

III. k-means Clustering of Vibration Data
Based on the above FMEA, we determined that high vibrations may be caused due to multiple reasons and not all
high vibration necessarily indicates a faulty UAV system. In order to classify nominal versus anomalous vibrations in
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Fig. 2 K-means clustering algorithm flowchart

UAVs, we implemented k-means clustering on relevant features obtained from the UAV sensors that are directly or
indirectly related to vibrations, either as cause or effect. The exact features considered in this paper have been explored
from UAV flight test data as described in section In this section we define the general approach of k-means
clustering [17].

k-means clustering is a simple unsupervised classification method that uses a distance metric for clustering. It
classifies feature data into k different clusters (user defined) based on their signatures. Since UAV flight data for
vibration studies lack classification labels, k-means method provides insight into if the flight data can be grouped
together based on vibration related features and their correlation. This method clusters data points by minimizing
the intra-cluster distance, i.e. distance between data points in a cluster, while maximizing the inter-cluster distance,
i.e. distance between clusters. After initializing the number of clusters k and the cluster centroids, data samples are
clustered with their nearest centroid using a distance metric. Many different metrics can be used, but here we used
Mahalanobis distance [[18]). After that, the centroid is redefined by computing the mean of all new data points assigned
to that cluster. Cluster assignment and centroid re-computation continues until the change in centroid vectors drop
below a threshold and there is no further change in cluster assignment of the data sets. Figure [2]illustrates a simple
flowchart of k-means clustering method. Although k-means clustering method is simple and effective, proper choice of
the number of clusters, initialization, and distance metric are critical for its performance. To optimize k, we calculated
the average distances of all data points to their respective cluster’s centroid for a range of values (e.g., for 1 to 10) for &,
then select the value for k& with the least average intra-cluster distance. This ensures the optimum number of clusters
with the highest cluster tightness or separability.

IV. Vibration analysis on data from UAYV flight experiments
In this paper, two different sets of UAV flight experiment data were studied for analysis of vibration characteristics
in presence of wind. Observations from each of these datasets are reported in this section.

A. NASA Langley Research Center UAV flight data

The data for this study was collected at NASA Langley Research Center (LaRC) [1] under four flight tests using an
octocopter in autonomous mode, equipped with Pixhawk hardware and controlled with Ardupilot software. Figure [3[b)
shows the aircraft used for this study.
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Fig.3 (a) Flight plan at NASA Langley Research Center (b) Tarot octocopter installed with Ardupilot vibrational
sensors (c) Flight trajectory followed by a UAV in x-y-z coordinates.

Data collected by the aircraft included aircraft status, such as power drawn, position, and heading information, IMU
data from an accelerometer and gyroscope, and vibration data. All data obtained from the aircraft was sampled at a
rate of 2Hz. We note that these sensors were located at the center of the aircraft, and sensor data for the individual
motors was not available. All four test flights followed the same flight plan as shown in Figure[3{a) where the trajectory
followed by the UAV consisted of 9 waypoints as shown in Figure [3[c).

Time {sec)

Fig. 4 Wind data recorded for flights F1- F4.

The flights had the following UAV ground speed and wind speed profiles:
* Flt 41: low ground speed (5m/s) with mostly low wind speeds (< 2.5m/s)
* Flt 43: low ground speed (5m/s) with mostly high wind speeds (< 6m/s)



* Flt 44: high ground speed (8m/s) with mostly high wind speeds (< 5m/s)
* Flt 45: high and low ground speeds (8m/s and 3m/s during final segment of flight) with mostly high wind speeds
(< 4.5m/s)

Wind speed data was collected by a Centralized PI Controller located within 100m of the flight path and was sampled
once every 5s. The location of the wind sensor is denoted as the red star in Figure 3] (a). This data further included the
heading of the wind, without any knowledge of the wind’s vertical component. The effect of surrounding trees and
buildings is not considered for this analysis. The wind speed data for the four flights is plotted in Figure 4]
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Fig. 5 (a) Vibration magnitudes (b) Corresponding wind profiles for flights F1 (Fit 41), F2 (Fit 43) and F4 (Fit
45).

The vibration data was collected for the x, y, and z axes of the aircraft, where the x and y axes are parallel to the
body of the aircraft and the x axis points toward the front of the aircraft; the z axis represents the vertical component.
As previously mentioned, this data was collected at a rate of 2 Hz. Collection began a few minutes prior to flight and
concluded about a minute after flight. The data was trimmed to only include the time window of interest. This time
frame was determined based on when the z axis acceleration showing significant increase, indicating take off, and
concluded when these values stopped changing, indicating landing.

1. Initial Observations from Vibration Measurements

The vibration magnitudes computed from the three axes for flights F1, F2 and F4 are shown in Figure [5| The
corresponding histograms of the vibration data along the three separate axis are shown in Figure[6] From these Figures,
it can be deduced that wind magnitude has an effect on the overall vibration magnitude, i.e. with higher winds, the UAV
recorded higher vibration levels. The variance in the vibration measurements stays the same for all wind conditions,
which is assumed to be more of a characterization of the sensor itself irrespective of the wind it encounters.

The other important observation from these flight experiments is that vibrations encountered by a UAV depends on
its air speed in addition to the wind speed. Figure[7]shows the corresponding ground speed profile for the four flights, as
measured by the on-board navigation sensors. Figure[7(a) compares flights F1 and F2 whereas Figure [7(b) compares
flights F3 and F4. The highlighted section of Figure[7[(a) indicates higher vibration levels for high wind scenario, given
both flights have the same UAV ground speed profile. On the other hand, in Figure[7(b), the highlighted section indicates
that for similar wind speed, vibrations recorded by a UAV flying at a higher speed is higher compared to a low-speed
UAV. The reason could be that a UAV flying at a higher speed demands higher rotor speed and if there is a propeller
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imbalance or the vehicle frame imbalance, overall vibrations become more pronounced, compared to a low-speed UAV.

B. University of Notre Dame UAV flight data

The second set of data that was analysed for this paper was obtained from UAV flight experiments conducted at
the University of Notre Dame with Streamline Design HX10 drones equipped with their DroneResponse onboard
autonomous pilot software [[19, 20]. The autonomous pilot was built using Python and MavROS. Data was collected
from a total of 16 flights, comprising different trajectories such as circles, zigzags, and straight paths and conducted at
different wind conditions. The wind was characterized by GFS27 wind forecasts at a location 10m from to the flight
path with information on the wind speed magnitude, direction and wind gust.

1. Initial Observations from Vibration Measurements

For the first analysis, flights 1 and 3 were compared, where the UAV flew a triangular trajectory as shown in Figure
[8 with Figure [8(a) showing the map of the flight path in the university of Notre Dame flight zone and Figure [§] (b)
depicting the post-flight GPS measurements plotted in latitude-longitude coordinates.

The corresponding wind measurements for these two flights acquired at the beginning of each of the flights are
mentioned in the Table 2

Data obtained from the on-board vibration sensor is plotted for the two flights in Figure[9] As can be seen in Figure
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Table 2 Wind characteristics from GFS27 forecast model for flights F1 and F3.

Wind speed Wind speed Wind Gust
Magnitude Direction
F1 8.26 kts SW N/A
F3 5.4 kts SW 10 kts

El flight F3 had a strong wind gust recorded at 10kts and had a median vibration of 7.75m/s?, in comparison to flight
F1 where no or minimal wind gust was encountered which had median vibration of 3.94m /s
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Fig. 9 (a)Vibration signals for flights F1 and F3 (b) Corresponding histograms.

Two other flights, F12 and F16, comprised of the same straight-path flight trajectory with the experiments being
conducted at different wind conditions were compared with analogous methods. The wind characteristics of these two
flights are recorded in Table 3]



Table 3 Wind characteristics from GFS27 forecast model for flights F12 and F16.

Wind Speed Wind Speed Wind Gust

Magnitude Direction
F12 8 kts SE 11 kts
F16 12 kts SE 17.5 kts

For flights F12 and F16, the UAV followed the same trajectory under same wind direction (SE), but the magnitude
of wind speed and wind gusts differed, as seen from Table[3] It should be noted that flight 16 had to be terminated early
(at 65 s), due to wind gusts being higher than its safe limit, but we still use its data for analysis in order to study the
effect of wind on vibration recorded by the UAV. The trajectory of these flights along with the corresponding vibration
signals are plotted in Figure[I0] Comparing the vibration magnitude plots and histogram indicates that for higher wind
speed magnitude and higher wind gusts, the UAV encounters stronger vibration under similar flight plan and same wind
direction. Even though data from Flight 16 was limited due to early termination of the flight, the median of its vibration
magnitude (flown at wind gust of 17.5kzs) is at 7.05m/s%, almost double of that for flight 12 (flown at wind gust of
11kts) whose median vibration value was at 4.15m/s.

Although we had a single wind measurement and could not comment on the temporal variation of the wind along
the entire flight trajectory for this dataset, the vibration amplitude can be seen to be increasing with higher wind gusts.
Additionally, the effect of UAV flight heading and its relation to the wind direction would be investigated in future
studies.

2. k-means clustering on the vibration data

The clustering algorithm was implemented on the Notre Dame flight dataset since we had access to data for numerous
flights, along with the corresponding wind gust values and UAV component related parameters such as the propeller
imbalance metric. We did not have similar parameters from the NASA LaRC data and hence skipped the clustering
analysis on that dataset for this study. We intend to investigate other vibration related parameters from the LaRC dataset
in the future and demonstrate clustering analysis on those.

From each of the 16 flight tests in Notre Dame dataset, features with high correlation with the vibration signal
were extracted and considered for the clustering analysis. As understood from the FMEA and initial observations from
the two flight test dataset, high vibration seems to have correlation with wind gust magnitude, UAV airspeed, and
any vehicle propeller blade information. With that observation, features specific to vibration, wind, UAV speed, and
imbalance propeller metric (additional data recorded by UAV autopilot in the Notre Dame dataset) were prepared, as
defined in the following steps:

1) Obtain the trimmed time-series vibration signal from the UAV on-board sensor, as shown in Figure [IT](b). This

signal is acquired at a data rate of 1 Hz in the Notre Dame dataset.

2) Plot the histogram of the time-series signal as shown in Figure [TT] (a).

3) Identify the bins with highest frequency of vibration data. Record the edges of these top 5 bins, shown in Figure
[LT](b). This 5-array data is recorded as the vibration magnitude features for each flight.

4) Identify the 5 timestamps when the UAV records the 5 peak vibration magnitudes.

5) Record the 5 values of UAV speed (given by on-board GPS data) and imbalance propeller metric at the 5
timestamps corresponding to peak vibrations, shown in Figure[TT] (b). These are recorded as features related to
UAV speed and imbalance propeller metric for each flight.

6) Record the wind gust value for the particular flight. Since there is no temporal information of the wind in this
dataset, we resort to defining a 5-vector array of constant wind gust value for all the 5 points. This is the wind
gust feature.

7) Repeat for all flights. Each flight will therefore be described by 5 points, each with four dimensions:
{Vibration — magnitude, Wind — gust, Imbalance — propeller — metric, UAV — speed}

It should be noted that instead of selecting highest peaks from the vibration signal, we selected highest occurrence
values as the relevant features for clustering. This is because, sudden peaks in the time-series of vibration signal may
originate due to multiple reasons including change in attitude, change in acceleration at trajectory turns or even sensor
noise. These may be biased depending on the trajectory and may not accurately represent a vibration anomaly caused by
wind gusts or propeller imbalance. Higher occurrence values from the vibration histogram ensured the selection of
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Fig. 10 (a)Flight trajectory and vibration signals for flight F12 (b)Flight trajectory and vibration signals for
flight F16 and (c) histogram of corresponding vibration signals.

sustained feature points throughout the entire flight and performed better in clustering with higher separation between
clusters.

Out of the 16 flight data, F2, F8, and F15 were discarded as they consisted of either incomplete or incorrect flight
logs. From the remaining 13 flights, 10 were used for training the k-means clustering algorithm to determine the
optimum number of clusters and the cluster centroids, whereas the other three were the test data assigned to specific
clusters based on the nearest centroid. The clusters were generated from the training data set using the three dimensions
{Vibration — magnitude, Wind — gust, Imbalance — propeller —metric} as shown in Figure UAV —speed did
not prove to be a distinguishing feature in this dataset, and hence is not shown in these results. Additionally, for many
of the flights, NaN values were recorded under the Imbalance — propeller — metric. For such flights, the specific
feature was replaced with zero to still be able to use this flight data in our analysis.

As can be observed, minimizing the average intra-cluster distance yielded an optimal number of clusters of k = 4.
The our distinct clusters are denoted by the four colors in Figure[I2] The red markers correspond to the flights F9 and
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Fig. 11 Feature extraction from the three signals recorded in UAV flight F1. (a) Vibration magnitude histogram
with top five bins (b) Features from all signals at the same timestamp corresponding to top five bin edges.

F10 which recorded the least vibration in its on-board sensor. The propeller imbalance metric was a value close to
zero or NaN for these flights, indicating minimal imbalance in their propellers or no information. This cluster may be
assumed to originate from nominal vibration levels, given low vibration magnitude.

The green cluster is from flights F5, F14 and F16. These flights recorded high wind gusts (greater than 14kts)
during their flight times, and encountered higher vibration levels. The blue cluster corresponds to flights F4, F6, F7, and
F12 where these flights flew at medium wind gust levels ranging from 9 — 11k¢s and hence they recorded lower vibration
compared to green cluster points. Finally, the magenta points are of particular interest. They originate from flight F1,
which corresponded to a less windy day and hence recorded vibration levels lower than the blue and green clusters, but
higher than the nominal feature points marked in red. Additionally, F1 also recorded high propeller imbalance metric
and formed its own distinct cluster, as shown in Figure[I2] On further post-flight analysis, it was found that the UAV in
F1 was under-powered compared to its weight and its actuator outputs were fluctuating greatly with frequent minimum
and maximum clippings indicating heavy and imbalanced payload and anomalous vibrations. This was an indication
that our approach was able to determine this as a cluster of its own and separate from the nominal flights (red markers).
Overall, the four colored clusters can be assumed to have the following meaning and health index attached to them, as
stated in Table 4

The test data features from flights F3, F11, and F13 were assigned to the respective clusters by the k-means algorithm,
based on its least Mahalanobis distance from the cluster centroids. These are marked by stars and their respective
assigned clusters are denoted with the corresponding cluster colors in Figure. [[2] The features of flight F11 overlap
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Fig. 12 Results from k-means (k = 4) clustering analysis on the UAV Notre Dame data: star markers denote the
test data features and remaining are from training data.

Table 4 Clustering analysis results.

Cluster color Vibration Wind Gust Propeller Imbalance Health Index
Red Low Low-Moderate Low NOMINAL
Blue Low-Moderate Moderate-High Moderate OFF-NOMINAL

High High Moderate OFF-NOMINAL
Magenta Low-Moderate Low High OFF-NOMINAL

with the red cluster and was assigned as the nominal flight with low vibrations. Flight F13 recorded high vibrations and
faced higher wind gusts and was hence assigned to the green cluster. On the other hand, for flight F3, one out of five
of its feature points was assigned to the blue cluster based on its closest distance to the centroid. However, since the
other four feature points were assigned to the green cluster, the overall F3 data point ended up in the "high-wind, high
vibration —> OFF-NOMINAL" label.

V. Conclusion

In this paper, effect of wind on vibrations encountered in UAVs have been discussed. Criticality of vibration
monitoring in flights have been established through thorough review of related literature and different sources of vibration
relation failures have been identified. With that understanding, signals affecting vibrations have been investigated in
data from UAV flight experiments conducted at two locations. Further, nominal and off-nominal categories of flight
data were obtained via k-means clustering of features extracted from the on-board sensor outputs. Vibration magnitude,
wind gust and imbalanced propeller measures have been useful in determining the clusters. In the future, other related
parameters of interest related to UAV vibrations such as wind speed direction, UAV attitudes, UAV battery SOC drop and
IMU sensor faults will be investigated. The clustering approach will be extended to more flight data and the assignment
results on test data flights will be validated in post-flight analysis.
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