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H I G H L I G H T S   A B S T R A C T  
• Small UAV drone vibration signals are 

gathered utilizing the LabVIEW DAQ 
assistant. 

• Spectral analysis of Fast Fourier Transform 
signal processing technique in x, y, and z was 
performed. 

• Unbalance fault classification based on FFT 
peak frequencies of rolling, pitching, and 
yawing in a DJI mini 2 combo was used. 

• Real-time UAV health monitoring method 
was discussed and explained accordingly. 

 The flying reliability of Unmanned Aerial Vehicles (UAVs) and flying robots, 
which directly determines the operational degree of safety, is becoming more 
important in recent intelligent decades. Reliability and a high level of safety are 
critical for autonomously controlled flying robots, especially in transportation and 
entertainment applications. Subsequently, monitoring UAV health is crucial and 
essential for system safety, cost savings, and excellent dependability. The 
development of numerous monitoring strategies has resulted from the requirement 
for a simple and accurate unbalance classification procedure. This paper provides 
an Unbalance Classification and Isolation (UCI) system for multirotor UAV 
propeller impairments. The technique is based on the processing of signal vectors 
from a vibration sensor positioned in the lines of the intersection of a modern-day 
drone's four propulsion units, which supply data for the Fast Fourier Transform 
(FFT) feature extraction. To identify and locate broken blades, characteristic fault 
signatures collected from vibration signals are employed and displayed in real-
time on the programming platform. A noticeable maximum frequency shifting 
percentage value of 4.2% is acquired when deviating from a healthy state. The 
results reveal that identifying and isolating defective rotor states has high 
sensitivity and outperforms current studies in regard to unbalance classification of 
UAVs. The adopted technique is an efficient and low-cost solution that can be 
implemented in any multirotor UAV. 

A R T I C L E  I N F O  

Handling editor: Muhsin Jweeg  

Keywords:  
Signal Processing; Vibration Signal Analysis; 
Fast Fourier Transform; UAV; Unbalance 
Classification. 

1.  Introduction 
Unmanned Aerial Vehicles (UAVs) are a new technology that has the potential to be employed in a broad range of businesses 

and fields of human activity to offer a variety of services and operations. The growing popularity of small multirotor UAVs 
raises questions about their operational security and safety in a human-shared world. Even though mini-scale UAVs have several 
applications, such as civil security control, traffic monitoring, and environmental management, effective safety procedures are 
required for their pervasive functioning [1]. One potential solution is to use Unbalance Classification and Isolation (UCI) 
methodologies, which boost the dependability of mini-UAVs by assuring a minimum level of system performance under failure 
situations. 

Rotor blades are the most critical components used in UAVs for balance, motion transmission, and propulsion (lifting force). 
The spinning motor of a mini-UAV system is typically connected to the housing of the drone system's frame, while the rotor 
blades rotate as the motor spins. Drone loads and vibrations are transmitted from the blades to the housing and structure through 
the drone system's connections. Furthermore, vibration analysis is often used to locate defects in rotating machinery and mini-
UAVs. Many vibration signal analysis techniques have previously been applied to diagnose rotating machine defects [2,3,4]. 
Previous studies frequently employed offline condition monitoring and imbalance classification techniques, resulting in 
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extended-time decisions. This may be unreliable since we sometimes require instant choices when time is limited. To classify 
unbalances and errors in a mini-UAV, a real-time condition monitoring and decision-making approach utilizing a PC platform 
and LabVIEW application is employed in this study. 

The work of Bondyra et al. [5] presented a prototype of a diagnostic system designed to detect and diagnose damaged rotary 
wing UAV blades. Acoustic emission data were collected by an onboard microphone array in conjunction with a small but 
powerful single-board computer based on a data-driven strategy that uses an artificial neural network to categorize auditory 
signal characteristics. Mel Frequency Spectrum Coefficients are used to generate fault signatures where a detailed assessment of 
the model's parameters was undertaken. The finest models not only identify fault occurrences but also indicate the position of 
the faulty rotor using multichannel data given by a microphone array resulting in high-accuracy classification. Moreover, 
Bondyra et al. [6] reported a failure detection technique for multirotor UAV propeller deficiencies where a developed program 
analyzed signal matrices from a network of accelerometer sensors near the propulsion units. MEMS accelerometers are used to 
quantify axial and radial vibrations, which offer data for feature extraction using the Fast Fourier Transform (FFT). The results 
revealed that identifying and isolating defective rotor states has a tremendous sensitivity. 

In addition, the work of Bondyra et al. [7] provided a technique for detecting the physical deterioration of UAV rotor blades. 
A three-stage strategy based on signal processing and machine learning to identify rotor faults and assess their magnitudes and 
types as imbalanced rotating components typically create vibrations in mechanical systems, the approach is based on acceleration 
readings from the onboard IMU (Inertial Measurement Unit) sensor. This article examines three alternative techniques of feature 
extraction, as well as variable buffer length analysis. The provided solution was validated via several tests that demonstrated its 
efficacy utilizing a signal processing-based technique which was exceedingly adaptable and straightforward to incorporate into 
any flight controller. Furthermore, The work of Yoon et al. [8] offered an experimental assessment of hybrid fault detection and 
isolation strategy in skew-configured inertial sensors of an unmanned aerial vehicle against three subsequent failures employing 
FFT. A parity space technique and an in-lane monitoring approach were coupled to enhance system tolerance to several 
subsequent faults during flight. The parity space approach detects and isolates the first and second defects. Other methods, unlike 
FFT, were also utilized in terms of fault diagnosis of UAVs. To validate the performance of the proposed defect diagnostic 
approach, hardware-in-the-loop testing and flight experiments with a fixed-wing UAV were carried out. 

Regarding recently published review papers that discuss the fault diagnosis of UAVs, the authors of Puchalski et al [9] are 
concerned about recent research on defect detection in UAVs. Fourlas et al [10] presented a complete review of current 
achievements and investigations in fault diagnosis, fault-tolerant control (FTC), and UAV anomaly detection. In terms of fault 
diagnosis of UAVs, the authors have also concluded that we are primarily interested in sensors and actuators since these 
subsystems are mostly subjected to failure, and their proper functioning typically ensures the smooth and dependable operation 
of the aerial vehicle. In addition to the previously mentioned survey article, many other surveys [11,12,13,14] have concluded 
that there is still to add in this field, especially in real-time approaches. 

As previously noted, Section 1 of this paper served as an introduction to the used approach. It offered work related to the 
chosen method in the same research subject in addition to presenting novelty. Section 2 discusses the theoretical foundation 
using the Fast Fourier Transform (FFT), whereas Section 3 explains the experimental setup and sensor selection criteria. Section 
4 discusses the findings, while Section 5 gives the conclusions of these findings. 

Many research articles' primary flaw in observing UAV unit conditions and constraints is that they diagnose the multirotor 
UAV status at a specific time without considering the impact of cumulative faults, like a postponement in motor reaction times, 
adjustments in parameters in the early stages of a failure, or a change in the smoothness of the reaction to a climb, as the majority 
of intelligent drones are manufactured with a fault-avoiding system. Signal processing literature lacks real-time algorithms. Thus, 
the innovations and contributions of this research's surveillance and unbalance classification methodology are as follows:  

 Describe the primary drawbacks of current research on multirotor UAV condition monitoring.  
 Implement a fast Fourier transform method in real-time for monitoring UAV vibration signals. 
 Quantifying defect and pre-failure probability over an extended period to generate an appropriate accumulation 

representation of requirements taking cumulative fault effect into account. 
 Introducing a versatile and risk-free experimental method for collecting multirotor UAV vibration data which can 

also be adopted by any UAV of choice. 

2. Theoretical Basis 
The method of evaluating time-domain data is often used to check the health of various mechanical systems. It is determined 

by calculating statistics such as the root mean square (RMS), crest factor, standard deviation, variance, and peak-to-peak values 
[15,16]. The frequency-domain or spectrum analysis method is most frequently employed for rotary machine defect diagnostics. 
The time-domain vibration data are transformed into discrete frequency components using a frequency-domain signal processing 
technique that utilizes the fast Fourier transform (FFT) [17,18] To detect specific frequency components, the approach that 
operates in the frequency domain is preferred to the one that works in the time domain. In depicting the frequency spectrum, the 
X-axis represents frequency, and the Y-axis represents signal amplitude. However, signal representation within the time domain 
is not optimal in most applications since most critical information is concealed in the signal's frequency content. Frequency or 
spectrum analysis adds further information to time series data and may be used to understand the frequency spectra inside the 
signal. In damage detection, frequency domain analysis parameters are more trustworthy than time domain parameters. However, 
using Fourier transforms, a family of complex exponents may represent time-amplitude signals with indefinite duration. 
Furthermore, using Fourier transformations, every given time-domain signal may be expressed as a function of all its frequencies. 
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This is accomplished by dividing a signal x(t) into sinusoidal components of indefinite temporal length [19], which are provided 
by: 

 𝑋𝑋(𝜔𝜔) = ∫ 𝑥𝑥(𝑡𝑡)𝑒𝑒−𝑗𝑗𝑗𝑗𝑗𝑗∞
−∞ 𝑑𝑑𝑑𝑑  (1) 

where X(ω) is the converted signal, ω is the radian wavelength frequency, and t denotes the time. An inverse Fourier 
transform must be used to regenerate the time domain signal x(t) from the frequency domain signal X(ω): 

 𝑋𝑋(𝑡𝑡) = 1
2𝜋𝜋 ∫ 𝑥𝑥(𝜔𝜔)𝑒𝑒−𝑗𝑗𝑗𝑗𝑗𝑗∞

−∞ 𝑑𝑑𝑑𝑑  (2) 

The continuous-time Fourier transform must only be applied to signals of infinite length and continuous time. Furthermore, 
since signals are usually recorded and stored digitally as a series of data points in most applications, the discrete Fourier transform 
(DFT) [20] is required, which is represented by: 

 X[k] =  1
𝑁𝑁

 ∑ x[n]e−jk(2𝜋𝜋𝑁𝑁 )n𝑁𝑁−1
𝑛𝑛=0   (3) 

where X[k] and X[n] indicate the discrete frequency and time signals, k and n are the frequency and time indices, and N 
denotes the number of points evenly spaced in the range 0 to 2π.. 

3. Experimental Approach 

3.1 Sensor Selection 
Some problematic situations are hard to observe or uncover with the human eye, even after the drone inspection procedure 

has been completed; hence, the research of Ghazali et al [19] proposed a real-time early drone inspection technique based on 
vibration data. First, the detection reliability of many microelectromechanical systems (MEMS) sensors, including the ADXL335 
accelerometer shown in Figure 1 below, the ADXL345 accelerometer, ADXL377 accelerometer, and SW420 vibration sensor, 
were examined and compared. Compared to other MEMS sensors, the testing findings revealed that the vibration parameter 
measured using ADXL335 and ADXL345 accelerometers is the best option since most defective circumstances can be 
recognized. The anomaly inspection algorithm's result is then translated to a "Healthy" or "Faulty" condition, presented in a 
mobile application for convenient monitoring. Because the ADXL335 is widely available in the market, particularly in the Iraqi 
industry, it was selected and employed in this investigation. 

 
Figure 1: ADXL335 GY-61 accelerometer 

3.2 Methodology 
The DJI mini 2 combo [21,22] was selected as the small UAV because of its availability in the Iraqi market and affordable 

cost. The drone appears as seen in Figures 2 and 3. The damaged blades are located in the upper and lower right corners. This is 
owing to the left-side wire connections and, therefore, the right-side operability. The broken edges are demonstrated in Figure 
2a, which shows the actual events when a drone collided with a tree. Figure 2b displays the construction of the instruments 
utilized in this investigation, as well as the position of the accelerometer. The accelerometer is attached to the drone at the 
intersecting lines of the four brushless motors; it is fixed in a manner where the drone pitches about the Y-axis, rolls about the 
X-axis, and yaws about the Z-axis. The ADXL335 is then linked to an NI DAQ 6009 (specifications shown in Table 1 below) 
and a PC platform represented by a Lenovo core i7 laptop, where the LabVIEW software is launched, and data are acquired. 
First, healthy measurements were gathered using the time-domain signals depicted in Figure 2, and then FFT was used to 
transform these into frequency-domain signals. Second and third, the damaged blade was used in place of the healthy blade, as 
explained in the previously mentioned positions. The time domain signals were gathered, while the frequency domain signals 
were converted using FFT, which will be briefly addressed in the next section. The theoretical section extends the analytical 
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background of the article and develops a new formulation of the problem. Calculations are achieved here using the developed 
equations and the modifications should be pointed out. 

Table 1: DAQ-6009 Specifications 

No. Specifications Information 
1 Dimensions without connectors 63.5 mm × 85.1 mm × 23.2 mm 
2 Weight With connectors 84 g 
3 Maximum AI sample rate 48 kS/s 
4 Operating Temperature 0 to 55°C 
5 Analog Input Resolution 14 bits differential, 13 bits single-ended 
6 Analog Output Resolution 12 bits 

 
Figure 2: Experimental setup. (a) Damaged blades (b) location of ADXL335 on the drone 

 
Figure 3: Experimental setup 

3.3 Data Acquisition Based on LabVIEW Program 
A sample block diagram of the prepared LabVIEW software is provided in Figure 4. Using the DAQMax LabVIEW add-

on, the DAQ assistant option is added to LabVIEW, where the three-axis voltage inputs are established. With a frequency range 
of 1,000 Hz, a sample size of 2,000 is used for improved vibration signal representation. The signal is then split by the sensor's 
sensitivity and separated into three signals X, Y, and Z. Average of the arithmetic mean is then determined using Equation 4 
below. N is the total number of samples, and Xi is the accelerations samples employed for calibration as a control subtraction. 
For the FFT to perform a spectrum analysis on a single signal, the graphs of all three axes must be identified and then combined. 
The signals are then split once again to depict each axis individually. 

Core i7 Laptop PCNI DAQ 6009

DJI Mini 2 ComboADXL335Smart Phone

Blades

Remote Controller

Drone
Batteries



Luttfi A. Al-Haddad et al. Engineering and Technology Journal 41 (07) (2023) 915- 923 
 

919 
 

 

 
Figure 4: Sample of the total work signal processing block diagram 

 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴ℎ𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑁𝑁
∑ 𝑋𝑋𝑖𝑖𝑁𝑁
𝑖𝑖=1   (4) 

4. Results and Discussion 
Figure 5 presents the studied 3 cases where Table 2 lists their boundary conditions. All have operated at hover mode with a 

constant motors’ rpm of 10,000 RPM. 

Table 2: Studied cases 

Case Hovering Speed (RPM) Hovering Speed (Hz) Location of Damaged Blade 
Healthy 10,000 168 Nil 
Blade 1 Damaged Bottom Right 
Blade 2 Damaged Top Right 

 
Figure 5: Blades’ locations 

When a healthy operational condition is evaluated, Figure 6 (a,b,c) illustrates the vibration signals in the time domain. The 
horizontal axis represents time in one-second total intervals, while the vertical axis represents the amplitude jump in acceleration 
units of meters per second squared. Signals along the X-axis have the most significant acceleration due to the influence of rolling, 
which has the most significant effect on vibration compared to pitching and yawing. Figures 7 and 8 (a,b,c) depict the time-
domain vibration signals for the two analyzed cases, the first damaged blade, and the second damaged blade, respectively. 
Regardless of the location of the damaged blade, the rolling effect continues to exert the most considerable influence on the 
vibration pattern since larger amplitudes were observed in every case studied. Comparing the vibration graphs of the rolling state 
in three analyzed cases reveals that the amplitudes of the fault cases slightly exceed those of the healthy status, indicating the 
presence of a defect or an unhealthy operational condition. Comparing the signals reveals massive interference, from which it 
can be inferred that an instantaneous choice can be made based on the figures alone. Due to the fact that faulty operational 
situations produce signals with a similar pattern, it was deemed necessary to apply FFT for frequency-domain signals. 
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Figure 6: Vibration signals of healthy operating status in (a) X, (b) Y, and (c) Z axis 

 
Figure 7: Vibration signals of the damaged blade one status in (a) X, (b) Y, and (c) Z axis 

 
Figure 8: Vibration signals of damaged blade two status in (a) X, (b) Y, and (c) Z axis 
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As the time-domain vibration signals proved earlier, the X-axis vibration signals are of higher effect and more robust than 
the Y and Z axes. This is because vibration has a more significant impact on rolling movement than on pitching and yawing. 
Figure 9a depicts the frequency domain of the vibration signals in the X-axis where the drone rolls. It can be observed that the 
healthy readings have a maximum peak at roughly 166 Hz, which is the operating hover speed of the drone. When blade 1 is 
damaged, the peak shifts to the left with a new value of 163 Hz, and thus when blade 2 is damaged, the peak shifts to the left 
again but with a new value of 164 Hz. This is a strong indicator that an imbalance exists in the drone. Moreover, there is a 
disturbance where the drone tends to balance itself without faults at an operating speed of 172 Hz, where it can still be observed 
in the exact figure as a shorter peak. This value similarly shifts to the right with increased value in both damaged blade scenarios. 
Again, a solid indication of the presence of faults. Nevertheless, since both damaged cases are shifting the healthy readings 
toward one direction, it might be hard to locate the damaged case (blade), but easy to recognize the presence of a fault.When 
comparing the effect of yawing and pitching to that of rolling, a minor remark is made: rolling has a strong influence, while 
yawing and pitching have similar results. Figures 9b and 9c illustrate that frequency-domain vibration signals have a similar Y-
axis and Z-axis presentation and are displayed accordingly. This means we may eliminate one of them to reduce the amount of 
data collected, manage time, and save energy effectively. In addition, to detect the damaged blade of the drone, the healthy 
readings of the Y-axis indicate a hovering speed peak of 166 Hz—the peak shifts to the right with a more excellent value of 173 
Hz when blade1 is damaged. When blade 2 is broken, however, the peak moves to the left and has a lower value of 163 Hz. 
Regardless of the new peak values of the drone's brushless motors, the direction shift reveals the location of the damaged blade. 
When the value shifts to the right, this indicates that the damaged blade is 1 and hence at the bottom. When the value shifts to 
the left, this suggests that the damaged blade has a value of 2 and is consequently in the top position. The X-axis of the drone 
reveals whether an imbalance exists. The Y-axis, which indicates the drone's pitch, or the Z-axis, which marks its roll, reveals 
the location of the damaged blade. A complete system utilizing two axes of the vibration sensor is maintained to categorize 
imbalance in any operating drone. Moreover, it can be observed that more fluctuated amplitudes are occurring in the Z-axis for 
all operating statuses, especially when blade one is damaged. The Z-axis represents the drone when it moves in an elevated 
motion or descending movement. Blade 1 is located in the lower section of the drone where the unbalance is of greater impact 
on the overall performance. Hence, these noticed fluctuated amplitudes are due to the tendencies of the embedded system where 
the UAV tries to rebalance itself inducing higher and lower motor speeds, regardless of the operating motor. 

 
Figure 9: Frequency-domain analysis. (a) X-axis (b) Y-axis (c) Z-axis 
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As a result, the exhibited visuals in real-time disclose the presence of a malfunction by comparing the frequency-domain 
vibration signals to those of the healthy operational condition for unbalanced classification. Even though it may be challenging 
to determine the exact location of the damaged blade, the software graphs demonstrate indisputably that it exists. Table 3 enlists 
the max peak frequency in Hertz varying in all three studied cases of each axis. The shifting percentage is also presented 
regardless of the shifting direction. Interestingly, the Y axis proved reasonable reliance in determining the presence of a fault 
due to the highest shifting percentage. This table is for comparison purposes stating that real-time graphs are still of better 
indication of the presence of faulty flying modes regardless of the location of these faulty operational statuses. 

Table 3: Peak frequency shifting percentages 

Axis Case Studies Max Peak Frequency (Hz) Shifting percentage (from the healthy state) 

X 
Healthy 166 - 
Damaged Blade 1 163 1.807% 
Damaged Blade 2 164 1.205% 

Y 
Healthy 165.5 - 
Damaged Blade 1 172.5 4.23% 
Damaged Blade 2 164 0.906% 

Z 
Healthy 166 - 
Damaged Blade 1 172.5 3.916% 
Damaged Blade 2 164 1.205% 

5. Conclusion 
Based on vibration signal analysis, this study developed an experimental technique to evaluate a commercial drone 

unbalanced classification system. Several studies were carried out to assess the influence of altering blade health on the intensity 
of drone vibration. The simulated blade defects were considered damage down the blade's length. The considered NI 6009 DQA 
and LabVIEW software offered real-time unbalanced classification. Vibration-based condition monitoring may uncover drone 
faults by monitoring time-domain and frequency-domain signal bandwidths utilizing FFT. 

The frequency spectrum can be investigated using the fast Fourier transform in real-time. The vibration signal spectrum, in 
particular, may uncover drone flaws. When the drone is healthy, the feature amplitudes are modest, but they are the largest and 
most disturbed when defects are simulated. High vibration amplitudes result from the damaged blades influencing unbalances. 
As a consequence, the broken blades have an impact on the total vibration level of the drone system. 

However, more UAV equipment is necessary to establish the external sensor network. Furthermore, the UCI system's 
reaction time is mainly determined by the time of signal acquisition. As a result, there is a considerable delay between the 
incidence of the defect and the receipt of diagnostic information—the application of the proposed FDI system to any multirotor 
needs a classifier training procedure. More studies will be conducted to fine-tune the approach, reduce the needed data-collecting 
time, and build the fault detection system with the associated fault-tolerant control scheme. In addition, an intelligent system 
based on machine learning approaches, such as artificial neural networks, is suggested to identify different drone issues for future 
work. 
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