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Abstract: The propeller state of unmanned aerial vehicles (UAV) is difficult to detect in real
time due to trouble with laying out the sensor and multiple signal sources. To solve this
problem, a fault detection method for multi-rotor UAV propellers was proposed based on
a signal analysis of the built-in inertial measurement unit (IMU). Firstly, the multi-source
coupled signals of the UAV flight were obtained through the ground station. Then, the
picked-up signals were optimally separated according to the multi-rotor UAV propeller
fault dynamics model, and signals rich in fault information were obtained. Finally, the
separated signals were calculated using the symmetrized dot pattern (SDP), and then the
similarity index was used to quantify the distribution of the signal in the feature plot to
realize propeller fault detection. The OTSU algorithm was used to quantify the detection
results, yielding a similarity of 76.2% in the z-axis direction, which is better than the values
in the other two directions. The simulation and experimental analysis of the propeller
failure dynamics model showed that the proposed method can effectively identify the
propeller faults of multi-rotor UAVs.

Keywords: unmanned aerial vehicle; inertial measurement unit; symmetrized dot pattern;
fault detection

1. Introduction
Unmanned aerial vehicles (UAVs) are widely used in many fields, such as road

inspection, aerial photography, agricultural plant protection, pollution monitoring, logistics
and transportation, search and retrieval, and intelligent transportation systems, because
they can efficiently perform a wide range of complex aerial tasks [1]. As the application
fields of UAVs become increasingly extensive, their reliability and safety issues become
more important. The thrust and energy limitations of vehicle systems make reliable health
monitoring more challenging due to the need to meet the detection achieved with fewer
sensors and less computational power [2].

As a key actuator of the UAV to generate lift, the propeller’s health status directly
reflects the stability and controllability of the aircraft. In the actual operation process,
propellers are inevitably affected by fatigue, overload, or external environmental factors
such as high temperature, wind, sand, sun, precipitation, corrosion, and physical collision,
which often lead to their failure. This may affect flight stability, cause the UAV to crash,
or even result in casualties. Wild et al. [3] reported that equipment failures cause 64% of
accidents and incidents involving remote-controlled UAVs, and fault detection is the first
step in mitigating the effects of failures. Therefore, the study of fault detection methods
for propellers has an important application value to ensure the safety and reliability of
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the vehicle. In particular, the risk of losing control is especially prominent in quadrotor
UAVs due to the lack of redundancy design, and effective measures are urgently needed to
enhance their reliability and safety [4].

However, UAV fault diagnosis faces many challenges, mainly in the complexity of the
system and the diversity of fault modes. Because UAVs are composed of multiple subsys-
tems and have a wide range of fault types, the diagnostic process needs to comprehensively
consider the interactions of different subsystems and fault characteristics. In addition, the
real-time requirement is extremely high, especially when a fault occurs during flight, and
a fast response is crucial. At the same time, the interference of external environmental
factors and the problem of massive data processing also increase the difficulty of diagnosis.
The limitations of multi-source data fusion and the lack of sufficient fault history data
make traditional fault diagnosis methods more challenging. In addition, the complexity
of human–machine collaboration needs to be effectively addressed in the fault diagnosis
process. In recent years, model-based and signal-based approaches have been widely used
in UAV fault detection. For example, Freddi et al. [5] proposed a model-based fault esti-
mation method using a Thau observer, which is specifically designed for detecting sensor
faults. Bazin et al. [6] introduced a direct measurement of individual thrusts for diagnostic
purposes in which a quadrotor is equipped with a strain gauge at each actuator to directly
measure the force generated by the propeller. This method is simple and intuitive and does
not rely on the state of the system to estimate the motor thrust, but it requires the addition
of multiple sensors and specialized circuits, which are costly and loaded for multi-rotors.
Freddid et al. [7] constructed a dynamics model based on a six-degree-of-freedom rigid
body under gravity and actuation to diagnose the residuals generated in a fault detection
system, and the simulation analysis showed that this method can be applied to detect the
sensor faults of a quadrotor UAV. Ortiz-Torres et al. [8] proposed an actuator fault based on
an observer estimation of a linear and linear parameter varying proportional integral model
and fault-tolerant control strategies for the vertical take-off and landing of UAVs. Under
some specific assumptions, fault isolation and fault estimation are feasible for many types
of faults. However, model-based approaches require significant modeling effort, and they
conflict with the unavailability of many parameters in the application (e.g., lift and drag
coefficients, inertia, and friction) [9]. In practice, the loss of effectiveness due to propeller
damage may be completely masked by the variability in motor performance, leading to the
failure of algorithmic model-based approaches [10]. For example, Liang et al. [2] proposed
a novel fixed-wing UAV fault diagnosis framework for data-based approaches that takes
into account process dynamics, multiple operating conditions, variable data density, and
process disturbances to achieve a classified identification of a UAV actuator and sensor
faults. Park et al. [11] proposed a deep neural network-based fault diagnosis algorithm
for UAVs and extended the proposed method into a fault-tolerant controller to further
improve flight reliability. The above methods do not need complex system models or as-
sumptions about faults, but they require sufficient data to obtain the signals’ characteristics
and achieve fault detection [12]. Data-based methods require high computer arithmetic
and often need a large amount of data to train the model. Notably, data acquisition often
relies on layout sensors, which increase the UAV load and can affect the aerodynamic
characteristics of the UAV, affecting flight stability. The installation of additional sensors
will undoubtedly increase the detection cost of the UAV, even exceeding the manufacturing
cost of small UAVs and losing detection value [13].

It is worth noting that acceleration signals are widely used in the fault diagnosis of
rotating machinery [14,15] due to the better fault response characteristics of acceleration
signals. However, vibration signals are usually not applied for feature extraction in UAV
fault detection [16]. This is surprising because accelerometers are embedded in the flight
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controller of almost every UAV, so vibration signals are easily accessible, and no additional
sensors need to be installed. Therefore, in this study, we propose a UAV propeller fault
detection method based on the signal analysis of the built-in inertial measurement unit
(IMU). As is known, the built-in IMU of a UAV picks up typical multi-coupled signals, and
determining how to separate and extract components rich in fault information is a key step
to realizing fault detection. In this regard, we analyze the UAV propeller fault dynamics
model to obtain the acceleration component with rich fault information. We achieve UAV
propeller fault detection through the symmetrized dot pattern (SDP) algorithm, which has
the advantages of a fast calculation speed and an obvious detection effect, and through the
similarity quantization of normal and fault signals.

The main contributions of this study are as follows:

(1) A dynamics model of UAV propellers in normal and fault states is constructed,
providing a theoretical basis for propeller fault diagnosis.

(2) A UAV propeller fault detection method without additional sensors and with fast
response characteristics is proposed, which has important real-time fault detection
application value.

(3) The effectiveness of the proposed method is verified through simulation and experiments,
and the experimental results are quantitatively evaluated using a similarity index.

The structure of this article is organized as follows: Necessary dynamics modeling is
reviewed in Section 2. The theoretical basis of the algorithm and details of the proposed
method are introduced in Section 3. The simulation and experimental analysis of the
propeller failure dynamics model are introduced in Sections 4 and 5, respectively, using the
proposed method. Conclusions are drawn in Section 6.

2. Modeling Multi-Rotor UAV Propeller Fault
This section briefly reviews the basic generation principle of multi-rotor acceleration

and then analyzes the relationship between the acceleration signal of multi-rotor UAVs
and the propeller’s imbalance. Then, the acceleration components that are more sensitive
to multi-rotor drone propeller faults are obtained through model analysis to provide a
theoretical basis for multi-rotor drone propeller fault detection.

2.1. Multi-Rotor UAV Acceleration Analysis

A coordinate system is established with the multi-rotor as the center. The parts in the
multi-rotor, including batteries, sensors, etc., are simplified, and the multi-rotor comes with
Nx propellers with a total mass of mi. Assuming that all propeller blades i on the multi-rotor
are of equal dimensions, each propeller rotates with an angular velocity ωi concerning
the airframe and generates a thrust of magnitude fi. Assuming a lift coefficient of Kf, the
relationship between the thrust and angular velocity for each propeller can be expressed as
in [17] as follows:

fi = K f · ω2
i (1)

The multi-rotor may have some external perturbations during flight, such as aerody-
namic perturbations, denoted by fd, and the moving acceleration of the airframe can be
expressed as follows:

m
..
x = Re3∑

i
fi − mig + fd (2)

where R denotes the rotation matrix that converts the angular velocity coordinate system of
the airframe into inertial coordinates and the sum of the thrusts of the multi-rotor UAV. The
effect of fault generation on acceleration is illustrated below to pave the way for simulation
modeling and the interpretation of the algorithm.
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2.2. Unbalanced Acceleration

During the flight process, the propeller of the multi-rotor may be damaged due to
external disturbance. Assuming that the multi-rotor propeller is damaged in one or more
places, the four-rotor is analyzed, as shown in Figure 1; the fault parts of the propeller are
marked in red, and the fuselage frame is defined with the ternary groups e1, e2, and e3.
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Assuming that the propeller has an unbalanced mass mg,j at a distance rg,j from the
center of rotation, it can be thought of as adding a negative mass to the damage of the
propeller or a positive mass to the opposite side of the propeller. The angle of this imbalance
with respect to the direction of e3 is θ3, and the angle of the imbalance projected in the plane
with respect to the direction of e1 is θ1, corresponding to an angular velocity of ωj.

The rotating unbalanced mass is small relative to the mass of the entire paddle. This
corresponds to a small angle between the resulting unbalanced thrust and the e3 axis, which
can be approximated as a radial force generated on the e3 axis and transmitted to the body
of the multi-rotor, denoted as fg,j in the body coordinate system, written as follows:

fg,j = mg,jrg,jωj

sin θ3 cos θ1

sin θ3 sin θ1

cos θ3

 =
mg,jrg,j

K f
f j

sin θ3 cos θ1

sin θ3 sin θ1

cos θ3

 (3)

Inside the built-in IMU of the multi-rotor contains an accelerometer that can be used
to measure the fixed acceleration of the multi-rotor. This fixed acceleration is related to the
force acting on the multi-rotor and the total mass, mi, of the multi-rotor. It can be expressed
as in [9] as follows:

a =
1

mi

(
∑

i
fi + ∑

j
fg,j + fd

)
+ Sa (4)

where Sa denotes the additional noise of the accelerometer; fd denotes the external dis-
turbance force acting on the multi-rotor in addition to the propeller and the mass of the
multi-rotor. During the multi-rotor’s flight, the value of the multi-rotor accelerometer will
keep increasing and decreasing due to the additional noise and external interference force.
Assuming that the IMU of the multi-rotor drone is mounted close enough to the multi-rotor
drone’s center of gravity, the angular velocity or angular acceleration of the multi-rotor will
not significantly affect the acceleration. It is assumed that the body is rigid and there is no
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vibration inside the multi-rotor. Separating the accelerometers at e1, e2, and e3 (x-, y-, and
z-axes) yields the following:

ax = ∑
j

(
mg,jrg,j

miK f
f j sin θ3 cos θ1

)
+

1
mi

fd,x + Sa,x

ay = ∑
j

(
mg,jrg,j

miK f
f j sin θ3 sin θ1

)
+

1
mi

fd,y + Sa,y

az = ∑
j

(
mg,jrg,j

miK f
f j cos θ3

)
+

1
mi

∑
i

fi +
1

mi
fd,z + Sa,z

(5)

where the angle of θ3 is small, so cosθ3 is much larger than the value of sinθ3. Then, after
the decomposition of the plane in the e1 and e2 directions, it can be seen that the amplitude
of the vibration caused by the damage to the propeller in the e3 direction is much larger
than that of e1 and e2. The impact of the damage to the propeller is more obvious in
the e3 direction, so it is important to isolate and extract the acceleration signals of the
e3 direction and carry out fault detection based on those signals. Therefore, the separation
and extraction of the acceleration signal in the e3 direction and fault detection based on this
signal play an important role in realizing propeller fault detection.

3. Algorithms
3.1. SDP Algorithm

The principle of the SDP [18] is to transform the time-domain signal acquired by
the sensor into a two-dimensional image in polar coordinates through the corresponding
formula, and the fault information of the signal is expressed through the difference in
the image. The SDP algorithm establishes the mapping relationship between Cartesian
coordinates and polar coordinates based on the kth value and the (k + l)th value in the
discrete-time series. It presents the signal as a symmetrical snowflake graph [19], and the
basic schematic is shown in Figure 2.
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Figure 2. Principles of SDP.

The SDP can be expressed as in [19] by the following:

R(k) =
ak − amin

amax − amin
(6)

φ+
(k) = φ0 +

ak+l − amin

amax − amin
δ (7)

φ−
(k) = φ0 −

ak+l − amin

amax − amin
δ (8)
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where R(k) and φ(k) denote the polar radius and angle of the kth value, respectively. amax de-
notes the maximum of the signal, amin denotes the minimum amplitude, ak denotes the kth
value, l is the hysteresis coefficient, and δ is the angular amplification factor.

With the above variations, the resulting polar value points may be repeated several times
to cover the polar region. Still, the number of repetitions is not so excessive as to produce
an overlapping loss of features. The raw signals of the propeller blades in the faulty state
exhibit higher dispersion compared to the raw signals of the propeller blades in the normal
state. It is difficult to distinguish the raw signals from the original signal, and applying the
SDP algorithm can effectively amplify and visualize the differences to more precisely reveal
the fault characteristics. This processing method significantly improves the recognizability of
fault signals and provides strong support for fault diagnosis. Therefore, the SDP can be used
to process the information collected from the multi-rotor to realize fault detection.

The fault detection algorithm proposed in this study has significant advantages. First,
it does not require the installation of additional sensors, which can effectively reduce the
hardware cost and simplify the system’s structure. Second, the algorithm is less dependent
on historical data, which enhances its adaptability in practical applications, and it can detect
the fault status of UAVs in real time, thus significantly improving monitoring efficiency. In
addition, the algorithm can show strong robustness and ensure the accuracy and stability
of the fault detection results even when there is some external interference. These features
give the algorithm a wide range of potential applications in the field of UAV fault diagnosis,
especially in complex or dynamic operating environments.

3.2. Similarity Indicator

In practice, fault detection is usually accomplished through an empirical analysis of
the rotationally symmetric image obtained by SDP calculation. To quantitatively evaluate
the generated rotationally symmetric images, the similarity index is evaluated. First, the
binary matrix is obtained through the grayscaling and binarization of the resulting image.
Then, the effectiveness of the diagnosis is evaluated by comparing the similarity of the
matrices. Graying involves dividing the image into several small regions, and each region
is considered as a pixel. A grayscaled matrix is obtained after the pattern is grayscaled with
the following expression:

H = (hmn)M×N (9)

where H is the matrix of the pattern after grayscaling; M and N are the numbers of rows
and columns of the H matrix; and hnm is the grayscale value of the pixel in the nth row and
the mth column, and its value ranges from 0 to 255.

The aim of the OTSU algorithm is to divide the whole pattern into two parts accord-
ing to the grayscale characteristics: the graphic and the background. The proportion of
foreground points in the image is w0, and the average grayscale is h0; the proportion
of background points in the image is w1, the average grayscale is h1, the total average
grayscale of the image is hg, and the variance σ of the foreground and background images
is given by the following:

u = w0 × h0 + w1 × h1 (10)

g = w0 ×
(
h0 − hg

)2
+ w1 ×

(
h1 − hg

)2 (11)

Combining the above two equations results in the following:

g = w0 × w1 × (h0 − h1)
2 (12)

When the variance, g, has the maximum value, the difference between the foreground
and background can be considered the maximum, and the grayscale τ is the optimal
threshold at this time.
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The converted grayscaled matrix is converted to a binary matrix containing only
0 and 1 by setting a threshold value, where 0 denotes the background pixel and 1 denotes
the pattern pixel (see Equation (10)). Equation (11) is the converted binary matrix; here, the
threshold value is selected based on the maximum between-class variance method.

gmn =

{
0 hmn < τ

1 hmn ≥ τ
(13)

G = (gmn)M×N (14)

where τ is the binarization threshold, which is calculated using the OTSU algorithm, gmn is
the binarized value of hmn (containing only 0 and 1), and G is the binary matrix.

The maximum between-class variance method is used to divide the entire pattern
into graphic and background parts based on the grayscale properties. The correctness
of splitting the pattern into the background and graphic is higher when the inter-class
variance between the target and background is larger. By calculating the between-class
variance within each gray value, the maximum between-class variance value is taken as
the threshold value.

After obtaining the binary matrix of the SDP, the diagnostic effect of the fault is
expressed by comparing the similarity between the binary matrix of the unknown fault
signal and the binary matrix of each known fault. Here, the Pearson correlation coefficient
r is introduced to measure the degree of similarity between the two matrices, the absolute
value of which is between 0 and 1. A smaller value indicates that the degree of similarity
between the two matrices is lower. The bigger the difference between the normal and fault,
the better the SDP algorithm is, and the r value is expressed by the following equation:

r =
∑
m

∑
n

(
Amn − A

)(
Bmn − B

)
√(

∑
m

∑
n

(
Amn − A

)2
)(

∑
m

∑
n

(
Bmn − B

)2
) (15)

where A denotes the sample mean of A; B denotes the sample mean of B; Amn represents
the value of sample A in m columns and n rows; and Bmn represents the value of sample
B in m columns and n rows.

In the SDP algorithm, the snowflake diagram obtained by calculation relies on the
empirical judgment of whether a fault occurs, while this study proposes a method to
quantitatively evaluate the detection results by using similarity indexes, which not only
enhances the robustness but also provides a more solid theoretical foundation and prospect
for the practical application of the algorithm.

3.3. Propeller Fault Detection Methods

The flowchart for multi-rotor UAV propeller fault detection with the dynamic model
proposed in this paper is shown in Figure 3. The main steps are as follows:

(1) When the multi-rotor drone performs a flight mission in an open environment, the
data transmission module is utilized to transmit the flight data back to the ground
station in real time. The real-time multi-coupled acceleration data received by the
ground station is processed and optimized to effectively separate acceleration signals
in all directions or those extracted from the multi-rotor drone simulation platform to
provide accurate data support for subsequent dynamic analysis and fault diagnosis.

(2) The desired acceleration values are extracted based on the decoupled data. This
experiment mainly focuses on the acceleration values recorded inside the IMU signal,
so the acceleration values are mainly analyzed in this step.
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(3) Visually distinguishable SDP patterns are formed. The one-dimensional time-domain
signal is transformed into a snowflake image. In the SDP method, because the hys-
teresis coefficient and the angular magnification factor affect the image’s presentation,
the parameters l = 2 and δ = 35 are chosen based on the principle of maximizing the
image difference [20].

(4) Finally, based on the shape and convergence of the snowflake map generated by the
SDP algorithm, it is determined whether the UAV propeller blade is damaged or not.
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Figure 3. Flowchart of UAV propeller fault detection.

4. Simulation Analysis
4.1. Dynamics Simulation Model

To verify the effectiveness of the method proposed in this paper, a dynamics simulation
model is used to validate the algorithm on the MATLAB R2022b platform [21]. This study
focuses on the vibration of the UAV in different directions caused by the propeller failure,
and the dynamics model of the multi-rotor UAV in the hovering state is considered to
minimize the influence of the interference component on the vibration of the UAV. The
effect of propeller failure and the external disturbance force are combined and replaced by
one disturbance force, f. The dynamics model is established according to Equation (5):

ax = 1
m α1 fd + βSa

ay = 1
m α1 fd + βSa

az =
1
m

(
∑
i

fi + α2 fd

)
+ βSa − g

(16)

where α1 and α2 denote the influence factor of the disturbance force, and β denotes the
accelerometer noise influence factor. Because the model considers the hovering state of
the multi-rotor UAV, the angular velocity (ωi) of the multi-rotor drone propeller is stable.
Therefore, the acceleration model of the multi-rotor drone propeller in all directions, which
was obtained by substituting Equation (1) into Equation (13), can be expressed as follows:

ax = 1
m α1 fd + βSa

ay = 1
m α1 fd + βSa

az =
1
m

(
∑
i

K f ω2
i + α2 fd

)
+ βSa − g

(17)
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The simulation parameters for the hovering state of multi-rotor drones are shown
in Table 1.

Table 1. Simulation parameters.

Parameter Name Parameter Size Parameter Name Parameter Size

mi/kg 1.5 α1 0.02
∑i fi/N 15 α2 0.08

g 9.81 β 0.0039
Kf /N/(rad·s−1)2 10−6 / /

The values of Sa and fd are randomly varied according to a normal distribution, and
their variation range is set between −5 and 5 at the 100th variation, while the range of
values for the rest of the time is limited to between −2 and 2. Such a setup aims to
more realistically simulate the actual situation during UAV flight, thus improving the
accuracy and credibility of the model. It is worth noting that when the propeller fails, the
disturbance force increases due to the unbalanced influence in the damaged part of the
propeller. Therefore, the values of α1 and α2 can be increased to simulate the increase in the
influence factor of the uncertain force, i.e., the amplitude of the vibration increases [22].

4.2. Analysis of Simulation Results

Based on the weight of the drone, the angular velocity of the quadcopter drone
propeller in the hovering state can be calculated as 3872.98 rad·s−1. Then, the acceleration
signals in the x, y, and z directions in the hovering state of the multi-rotor drone are obtained
by substituting the parameters in Table 1 into Equation (13), as shown in Figure 4a. When
the propeller fails, α1 is 0.03, α2 is 0.012, and the obtained acceleration in each direction is
as shown in Figure 4b.
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When comparing Figure 4a,b, it is difficult to recognize the acceleration change caused
by the propeller fault from the acceleration signal. According to Equation (5), the acceler-
ation signal in the z direction contains more fault information. The signals of the above
two states are separated, and the acceleration signal in the z direction is shown in Figure 5.
The amplitudes of the acceleration signals in Figure 5a,b are close to each other, and fault
information cannot be detected. SDP calculations are performed on the normal and fault
signals in the z-axis, respectively, and the results are shown in Figure 6a,b.
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Figure 6. Results calculated using SDP. (a) Normal snowflake diagram; (b) faulty snowflake diagram.

Figure 5a shows that the snowflake map has a smaller fan blade thickness and a larger
curvature, showing a uniform dispersion. Compared with Figure 5a, the outer thickness
of Figure 5b is obviously larger than the center thickness, and the data are more discrete.
Therefore, the proposed method can effectively detect propeller faults.

5. Experimental Analysis
5.1. Description of Experiment

To further verify the effectiveness of the proposed method in engineering, a quadrotor UAV
platform is built based on F450, as shown in Figure 7. The relevant parameters of the equipment
are shown in Table 2. The main flight controller PixHawk 2.4.8 chip used is STM32F427
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(32-bit ARM Cortex M4 core with FPU 168 Mhz/256 KB RAM/2 MB Flash), MPU6000 is
the main accelerometer and gyroscope, and an ST Micro 16-bit gyroscope, an ST Micro 14-bit
accelerometer and compass (magnetometer), and MEAS barometer are also used.
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Figure 7. Multi-rotor drone test platform.

Table 2. Multiple rotor equipment parameters.

Parameter Name Parameter Size

Flight Controller PixHawk2.4.8
Rackmount F450

Batteries 5200 mah
Rotary 1038 Paddle

Electrical Machinery Langyu A2212 Brushless Motor
ESC Lotte 20 A
GPS M8n

Remote Controls Lodi PRO
Firmware Ardupilot (4.1.0)

The propeller failure was simulated by destroying the propeller blade tip, as shown
in Figure 8. The dashed line delineates the propeller section of the disassembled unit,
indicating that the damaged portion of the propeller has a mass of approximately 0.05 g,
which constitutes about 0.44% of its total mass. Based on the above experimental equipment,
the flight data in the hovering state of the multi-rotor drone are obtained under the same
conditions of the flight environment (temperature, wind speed, and altitude) and the same
multi-rotor drone control parameters when the multi-rotor drone propellers are normal
and faulty, respectively.
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5.2. Experimental Results

Based on the above conditions, the acceleration values in the three directions are
obtained with the z direction acceleration data for the normal and faulty states of the UAV,
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as shown in Figure 9a,b. The value of the data recorded in the z-axis of the accelerometer
of the multi-rotor is around −9.8, and to make a visual comparison with the x- and y-axis
data, the z-axis data are panned to the vicinity of zero. A total of 3000 points in the
middle of the raw acceleration graphs were chosen to exclude the effect of the multi-rotor’s
vibration values during take-off and landing. When comparing Figure 9a,b, it is difficult to
distinguish the acceleration change caused by propeller failure from the acceleration signal.
The acceleration amplitudes in the x-, y-, and z-axis directions are close enough to detect
the failure information. The results of the SDP calculations for normal and fault signals in
the x, y, and z directions are shown in Figure 10.
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Figure 9. Acceleration signal of UAV.
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Figure 10. The snowflake diagrams of the experimental signals calculated using the SDP.
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After being processed by the SDP algorithm, the morphological features of the
snowflake graphs, including the curvature change and thickness, are different, and the
snowflake graphs have better diagnosability compared with the original time-domain
images. This proves the effectiveness of the proposed algorithm for the diagnosis of
multi-rotor propeller faults.

Specifically, when the multi-rotor propeller is not damaged, the snowflake graph has a
convergent shape with a gap in the middle, the snowflake petals are smooth with a small
thickness, and the curvature varies greatly, similar to the shape of the propeller blade,
which is shown in a typical normal snowflake graph. Compared with the normal snowflake
graph, the fault snowflake graph, especially the z-axis, presents a dispersed shape due to
the unbalanced force; the graph is uniform and full, the snowflake petals are similar to the
fan, the thickness of the outer side is larger than the center thickness, and the transition
is smooth. In summary, the SDP algorithm strengthens the overall expression of different
motion states, and the individual characteristics are effectively weakened, showing the
difference between normal and damaged propellers.

Although the difference between the feature point distributions can be recognized
when comparing Figure 10a,b, the detector must evaluate the test or the supervisor’s
decision, and the application is limited. In this regard, we quantitatively evaluate the
results of the SDP calculation based on the similarity index. A similarity calculation was
performed according to the previous similarity index in the x, y, and z directions of the
health state and fault state of the snowflake map, and the results are shown in Table 3.
Table 3 shows that the similarity value of the z direction propeller is the smallest when in
normal and faulty states, and the signal in the z direction contains richer fault information
and is suitable for fault detection. This further verifies the correctness of the proposed
theory. In addition, the indicator evaluation can obtain an objective and accurate threshold
value, which overcomes empirical judgment, and it is more suitable for multi-rotor drone
propeller fault detection.

Table 3. The results of the similarity quantification.

Direction x y z

Degree of Similarity 84.37% 83.17% 76.20%

5.3. Future Research Directions

Although this experiment provided us with valuable experimental data and analysis
results, its limitations should not be ignored. First, only the case of a single propeller
tip with problems in the hovering state was considered in the experiment, and such an
assumption may not comprehensively cover the effects of failures of different types of UAVs
in different states, leading to some limitations in the applicability of the experimental results.
In addition, only “quadrotor”-type UAVs were selected for the study; although this model
is more common in the UAV field, with the continuous development of technology, more
types of UAVs are now available on the market. These new models may have significant
differences in design and performance compared to traditional quadcopters, so assessing
more UAV models in future studies will help to further refine the experimental conclusions
and enhance the broad applicability and accuracy of this study.

6. Conclusions
In this study, a propeller fault detection method based on the built-in IMU acceleration

signal of a multi-rotor flight control system is proposed; it does not require the installation of
additional sensors, which is conducive to reducing the detection cost, and it can be applied
to realize real-time fault detection. Based on the dynamics analysis of propeller faults,
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this study provides a theoretical basis for separating fault information-rich components
from multiple coupled signals. The quantization of the SDP results using the similarity
index further expands the application scope of the SDP algorithm. The simulation and
experimental results show that the proposed method can effectively identify propeller
faults in multi-rotor drones.

It is well known that fault detection results, if fed back to the multi-rotor drone control
system, are of great significance to improve the performance of fault-tolerant control
systems and ensure flight stability. In future work, research on the integration between
accelerometers and microcontrollers will be strengthened to realize the further monitoring
of multi-rotor drone propellers.
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