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ABSTRACT

Unmanned Aerial Vehicle (UAV) performance monitoring is essential for safety and efficient flight operation. The 
propeller, a key element in flying performance, is the focus of our research. As a vital part of the Vertical take-off and 
landing (VTOL) UAV flight mechanism, propeller failure could lead to hazardous incidents and increased 
maintenance costs. This paper introduces a user-friendly graphical user interface (GUI) development for the VTOL 
UAV propeller faulty classification system using the MATLAB Design App. The GUI, designed, enables the 
identification of different propeller conditions based on time-domain and frequency-domain acoustical features. 
Users can select their preferred features for faulty prediction using a specified supervised machine learning 
algorithm. Our study demonstrates that the GUI for propeller faulty classification can provide fast and high-
accuracy real-time flying performance insights, significantly improving the efficiency of monitoring work in UAV 
technology and aviation safety.
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INTRODUCTION

Unmanned Aerial Vehicles (UAVs) are broadly categorized 
into fixed-wing UAVs and rotary-wing UAVs, each 
designed for specific operational needs. Rotary-wing 
UAVs, which include multirotor drones and helicopters, 
are particularly valued for their Vertical Takeoff and 
Landing (VTOL) capabilities, enabling them to hover, 
maneuver in tight spaces, and operate efficiently in 
dynamic environments. The size, weight, and aerodynamic 
properties of a UAV, particularly its propeller characteristics, 
play a crucial role in determining its flight stability, energy 

efficiency, and overall performance (Subramaniam & Salim 
2024). Due to their high agility and precise control, rotary-
wing UAVs are extensively utilized in applications such 
as aerial photography, surveillance, infrastructure 
inspection, and autonomous delivery systems. As these 
UAVs continue to evolve, ensuring optimal propeller 
performance remains critical to enhance their flight 
efficiency, reliability, and safety.

A critical component of UAVs that directly influences 
their performance, stability, and efficiency is the propeller. 
Propellers are rotating blades that generate the thrust 
needed for a UAV to lift off, maneuver, and maintain stable 
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flight (Hage et al. 2023). The effectiveness of a UAV’s 
propeller system significantly impacts its flight 
characteristics, including speed, agility, and payload 
capacity. Propeller design, material, and aerodynamics play 
a crucial role in reducing drag, enhancing lift efficiency, 
and optimizing power consumption, making them essential 
for mission-specific UAV operations. 

Variations in propeller performance can directly affect 
energy consumption, flight endurance, and maneuverability 
(X. Liu et al. 2023). Imbalanced or damaged propellers 
may introduce unwanted vibrations, increase mechanical 
wear, and compromise flight stability, potentially leading 
to navigation errors or even system failures. Additionally, 
optimized propeller configurations are vital for extending 
battery life, reducing operational costs, and improving 
overall UAV reliability and safety. As UAV applications 
continue to expand into military, industrial, and commercial 
sectors, understanding and refining propeller dynamics 
remains essential for achieving high-performance, energy-
efficient, and safe UAV operations.

A group of researchers actively conducted an 
experiment in identifying and diagnosing UAV faults by 
analyzing acoustic signals. Liu et al. (2020) proposed a 
deep learning method for fault diagnosis framework using 
audio signal caused by propeller rotational to analyze faulty 
diagnosis model performance. Soria Gomez et al. (2023) 
aimed to recognize the difference between damaged and 
undamaged propellers using sound to evaluate the health 
condition of UAS propellers. Kołodziejczak et al. (2023) 
proposed an acoustic-based approach of damaged rotor 
blade for UAV fault detection and identification scheme. 
The study aims to reduce computational load and improve 
the system through modified algorithms. Soria Gomez et 
al. (2022) presented a method for detecting damage to UAV 
propellers during flight using acoustics signature. 

Several researchers actively explored vibration 
analysis for detecting faults in UAV. Baldini et al. (2023) 
collected vibration data along the x, y, and z axes to detect 
faults in multirotor drones. The study simulated mechanical 
damage by chipping the blades to create damaged 
conditions. Wu et al. (2021) uses UAV for collecting images 
from pine tree canopy for early diagnosis of pine wilt 
disease (PWD). Al-Haddad et al. (2023) transformed 
recorded vibration signal to frequency domain using fast 
Fourier transform (FFT) spectrum analysis. Tong et al. 
(2023) used revolution per minute (RPM), thrust and torque 
propeller as an input for UAV fault detection. Ozkat (2024) 
proposed a monitoring vibration signal using wavelet 
scattering and long short-term memory (LSTM). The 
author created a groove around 75% of the thickness of 
one of the blades to induce vibration.

Various studies have explored different feature types 
to enhance model accuracy. Hayajneh et al. (2024) used 

time series forecasting models with both Deep Neural 
Networks (DNNs) and Long Short-Term Memory (LSTM) 
networks to estimate soil moisture levels. This paper 
applied min-max normalization to the dataset and used the 
Seasonal Trend decomposition using Loess (STL) 
technique for data decomposition. Gemayel et al. (2024) 
conducted an analysis of three key features—STFT, 
wavelet, and time-based—which were used to train the 
models. In this paper, amplitude, mean, and standard 
deviation were used for feature extraction in the time 
domain. Liu et al. (2024) stated that spectrograms provide 
additional information in the time domain, unlike 
spectrums, which show the energy distribution of audio 
data in the frequency domain. Jiao et al. (2023) conducted 
STFT and MFCC feature extraction, thus creating three 
features’ datasets used for CNN training. Frid et al. (2024) 
used power spectrum density (PSD), MFCC, GammaTone 
cepstral coefficients (GTCC) and Wavelets as spectral 
features, extracted from both RF and audio datasets. 

Recent studies have focused on advancing techniques 
for UAV health inspection and enhancing its performance 
reliability using machine learning. Harras et al. (2023) 
proposed passive and active learning techniques for UAV 
propeller health inspection using a Convolutional Neural 
Network (CNN) model. Passive learning involves 
traditional supervised learning, while active learning aims 
to improve model accuracy by minimizing the labeling 
effort required. Al-Haddad et al. (2024) conducted different 
flight experiments of several actuator conditions and 
classification analysis for improving UAV dependability 
and security. Al-Haddad et al. (2023) introduced two 
improved machine learning models, Support Vector 
Machine (SVM) and k-Nearest Neighbor (kNN) for blade 
unbalanced classification in UAV to improve prediction 
accuracy.

Graphical User Interface (GUI) is a visual representation 
for the user to interact with software applications. 
Researchers have employed a GUI for predictive analysis 
in various fields beyond UAVs. Ravi et al. (2023) proposed 
machine learning and GUI for Alzheimer’s Disease (AD) 
status prediction. The SVM algorithm has been used for 
prediction as it has produced the best result for AD 
classification. Similarly, Kumar et al. (2022) deployed a 
GUI Python for prediction disease based on symptoms. 
The author’s aim was to develop an autonomous health 
status prediction system by using machine learning 
algorithms. Pabreja et al. (2022) developed a GUI for stress 
level prediction for working professionals by using 
machine learning algorithm. Rosasn-Arias et al. (2019) 
focused on creating a user-friendly interface that allows 
users to evaluate the performance of the classifier using 
different datasets. The GUI was developed in Python for 
its ease of editing and sharing for various purposes. 
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Despite significant advancements in UAV fault 
detection, existing methods often require complex 
computations, making real-time monitoring and user 
accessibility challenging. Most current approaches rely on 
raw sensor data analysis without an intuitive interface, 
limiting their usability in UAV maintenance and operations 
for non-expert users. To address this gap, this study aims 
to develop a user-friendly GUI-based UAV propeller fault 
classification system using MATLAB. The proposed 
system integrates acoustic signal processing and machine 
learning-based classification to enhance fault detection 
accuracy and efficiency. The key contributions of this 
research include: (1) designing a GUI for UAV propeller 
fault classification, and (2) implementing a feature selection 
mechanism based on time-domain and frequency-domain 
acoustic features.  By bridging the gap between complex 
UAV fault detection techniques and practical usability, this 
study provides an accessible and high-accuracy solution 
for improving UAV operational safety and real-time 
performance monitoring.

METHODOLOGY

Traditional fault detection methods often require manual 
data analysis, making them time-consuming and prone to 
errors, especially for operators with limited technical 
expertise. A GUI provides a visual, interactive, and intuitive 
platform for users to easily access and interpret UAV fault 
data without requiring deep knowledge of signal processing 
or machine learning. By integrating real-time acoustic 
analysis with a machine learning-based classification 
system, the proposed GUI streamlines the fault diagnosis 
process, reduces computational complexity, and enhances 
the accessibility of UAV health monitoring. Additionally, 
implementing the GUI in MATLAB allows for seamless 
data visualization, feature selection, and classification, 
making it a valuable tool for researchers, UAV operators, 
and maintenance teams. This motivation drives the 
development of an innovative, real-time UAV propeller 
fault detection system that prioritizes usability, efficiency, 
and accuracy. The flowchart in Figure 1 represents 
framework of fault classification model development. 

CLASSIFICATION MODEL DEVELOPMENT

The initial stage in developing the classification model 
involved collecting, processing, and analyzing UAV audio 
data, followed by feature extraction, model training, and 
evaluation. The following steps outline the development 
process:

FIGURE 1. Framework of Faulty Classification Model

Step 1: Data Collection

The audio dataset used in this study was obtained from a 
previous experiment conducted by (Sani et al. 2024)where 
UAV propeller sounds were recorded under various 
operating conditions (e.g., normal and damaged propellers). 
The recordings were conducted in a controlled environment 
using wireless microphones to minimize external noise 
interference.

Step 2: Data Processing

The collected audio signals were filtered and segmented 
to remove unwanted noise and standardize sample 
durations. Two primary domains were considered:

1.	 Time-domain analysis involved statistical and 
amplitude-based features such as Pitch, Short 
Time Energy (STE) and Zero Crossing Rate 
(ZCR). 

2.	 Frequency-domain analysis included Fourier 
Transform (FFT) and spectrogram-based 
transformations to extract spectral features.
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Step 3: Feature Extraction

Key acoustical features were extracted to distinguish 
between faulty and non-faulty propeller conditions in both 
time-domain and frequency-domain. The extracted features 
were divided into training and testing dataset for model 
training and evaluation.

Step 4: Training Model

A supervised learning approach was employed, testing 
multiple classifiers to optimize classification accuracy.

Step 5: Model Development & Validation

The best-performing model was integrated into a GUI to 
provide interactive fault classification system using time-
domain and frequency-domain features. The final GUI 
system allows users to select features, input real-time UAV 
audio data, and receive instant classification results.

UAV PROPELLER’S CONDITION

Figure 2 shows the propeller’s rotation from the top view 
of UAV. The clockwise (CW) propellers spin in the right-
hand direction while counterclockwise (CCW) spin in the 
left-hand direction. The combination of these two propeller 
rotations is crucial for maintaining balanced lift and thrust, 
ensuring stability in flight dynamics.

FIGURE 2. The top view of the UAV. 

In this research, the dataset contains four different 
propeller’s condition: all healthy propellers, one case for 
two opposite propellers damaged and two cases for two 
adjacent propellers damaged. This dataset was labeled 
according to Table 1.

TABLE 1. Propeller’s label and condition
Label Condition

1 All propellers non-damaged
2 Both CCW damaged
3 CW front and CCW front damaged
4 CW front and CCW back damaged

DATA PROCESSING AND FEATURE EXTRACTION

Data processing is an important step in the machine 
learning process, as it involves preparing raw data to be 
used effectively by algorithms. In the context of analyzing 
UAV audio signals for detecting propeller conditions, both 
time domain and frequency domain techniques are 
employed. Proper data processing in both domains not only 
enables accurate predictions but also enhances the overall 
performance of the machine learning model by improving 
its efficiency and robustness.

Three significant audio features are selected for the 
time domain parameter: Pitch, STE and ZCR. The audio 
waveform is divided into short frames using windowing 
techniques. This paper applied Hamming window with 
1024 samples, 48kHz for sampling rate, and an overlap of 
50% for each audio feature. After the informative audio 
features are processed, the data will be calculated using 
seven statistical parameters. Mean, Interquartile Range 
(IQR), standard deviation, skewness, kurtosis, variance 
and Root Mean Square (RMS) were selected as time 
domain parameters for each condition. For frequency 
domain, Mel Frequency Cepstral Coefficients (MFCC) 
technique is implemented to extract valuable features from 
the recorded sound signal.

CLASSIFICATION ML ALGORITHM

The features were then imported as an input into the 
machine learning classifier for the algorithm to learn the 
pattern and identify different conditions of the propellers. 
The model’s performance is evaluated using a separate 
training and testing dataset to learn the relationship between 
the variables. 

In this study, the Medium Tree algorithm was applied 
for time domain features, as it offers a flexible decision-
making approach by constructing a decision tree that 



1499

effectively captures complex relationships among features. 
Other than that, the Gaussian Naïve Bayes algorithm was 
chosen to analyze frequency domain features due to its 
proficiency in probabilistic classification and its capability 
to handle continuous feature distributions. Both algorithms 
were assessed on their ability to accurately classify 
different UAV propeller conditions, with their performance 
evaluated using standard metrics such as accuracy, 
precision, recall, and F1-score. 

GUI DEVELOPMENT

The Graphical User Interface (GUI) was developed to 
provide an intuitive and efficient tool for analyzing UAV 
propeller health using acoustic signals. Figure 3 illustrates 
the framework for operating the UAV faulty classification 
system. Once imported, the raw audio data was categorized 
into two signal types: time-domain and frequency-domain 
analysis. Time-domain analysis examines variations in the 
signal’s amplitude over time, while frequency-domain 
analysis extracts spectral components to identify unique 
patterns. This dual-analysis approach ensures a 
comprehensive representation of propeller sound 
characteristics, improving the accuracy of fault detection.

Users can select their preferred analysis method within 
the GUI, choosing between time-domain or frequency-
domain processing. In the time domain, essential features 
such as Pitch, ZCR and STE help capture variations in 
propeller sound patterns. In the frequency domain, MFCC 
are extracted to analyze spectral changes caused by 
propeller faults. These features are then used as inputs for 
machine learning models, ensuring a robust and reliable 
classification system. 

The system employs the best accuracy ML algorithms 
to classify propeller health conditions accurately. After 
processing the selected features, the best-performing model 
predicts whether the propeller is in a healthy or faulty state. 
This predictive capability allows UAV operators and 
maintenance teams to detect potential issues early, 
minimizing the risk of in-flight failures and reducing 
maintenance costs. The classification results are displayed 
in real-time, allowing users to monitor UAV propeller 
conditions effectively.

To enhance usability, the GUI provides an interactive 
interface where users can upload audio recordings, select 
preferred analysis methods, and view classification results 
in a clear and intuitive manner. By integrating machine 
learning-based fault detection with a user-friendly design, 
this system enables real-time UAV health monitoring 
without requiring advanced technical expertise. Ultimately, 
this automated approach enhances UAV safety, operational 

reliability, and maintenance efficiency, making it a valuable 
tool for UAV operators and researchers.

FIGURE 3. Framework of Faulty Prediction System

RESULTS AND DISCUSSION

Faulty prediction system of UAV propellers was developed 
for effective monitoring and real-time prediction for UAV 
flight. This system is able to classify propeller faulty 
conditions using acoustic features recorded during flight 
operation. The prediction system consists of an ML 
classification model trained using informative features from 
both time domain and frequency domain. In Figure 4, GUI 
displays consist of Import Data panel, Original Wave panel, 
Acoustic Features panel, Statistical panel, MFCC panel 
and Prediction Class panel. 

The “Time Domain” and “Frequency Domain” buttons 
in Import Data panel enable users to import audio files and 
select suitable prediction method for faulty classification 
according to their preferred signal domain. The imported 
datasets should contain audio recordings from the rotation 
of UAV propellers under various conditions. These datasets 
will be displayed in Original Wave panel and serve as inputs 
for the GUI’s prediction system.

Once the data is processed in time-domain, the system 
calculates seven statistical parameters for each extracted 
feature, which are displayed in the statistical panel. Users 



1500

have the flexibility to analyze individual features—such 
as Pitch, ZCR, or STE—or select combinations of features 
for a more comprehensive assessment. Available feature 
combinations include Pitch & ZCR, Pitch & STE, and ZCR 
& STE, allowing for a total of 14 statistical parameters to 
be evaluated. 

The Statistical panel enhances the system’s analytical 
capabilities by providing users with a detailed numerical 
representation of the extracted features. This flexibility 
enables more precise fault classification, as different feature 
combinations may yield improved predictive performance. 

By integrating statistical analysis within the GUI, users 
can easily interpret feature distributions and assess their 
relevance to UAV propeller condition monitoring. 

This structured approach ensures that time-domain 
analysis provides meaningful insights for detecting 
propeller faults. The ability to compare individual and 
combined feature sets allows for optimized fault detection 
accuracy, making the system a valuable tool for UAV 
maintenance and performance monitoring.

FIGURE 4. GUI Display

Figure 5 illustrates the system’s output for time-
domain analysis. After importing the audio data, the system 
processes the original waveform and extracts key acoustic 
features, which are displayed in the Acoustic Features 
panel. The primary time-domain features analyzed in this 
system include Pitch, STE and ZCR. These features provide 
valuable insights into the sound variations caused by 
different propeller conditions. 

Figure 6 presents the system interface for frequency-
domain analysis, where MFCC are extracted to capture the 
acoustic characteristics of the signal. In this study, 14 
MFCC variables were extracted from the audio signal, 

providing detailed insights into frequency-domain 
variations associated with propeller conditions.

After processing the audio signal and extracting 
features from the time or frequency domains, a machine 
learning (ML) classification model is applied to predict the 
propeller’s condition. The system utilizes the best ML 
classification model to analyze the processed dataset and 
classify the propeller’s fault status. The developed GUI-
integrated ML classification model enhances the efficiency 
of VTOL UAV monitoring, offering real-time insights into 
propeller conditions. This system plays a crucial role in 
ensuring safe flight performance, minimizing maintenance 
efforts, and preventing potential in-flight failures through 
early fault detection.
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FIGURE 5. GUI display for time domain analysis. 

FIGURE 6. GUI display for frequency domain analysis.
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CONCLUSION

This paper presented the development of an audio-based 
fault classification system for assessing various UAV 
propeller health conditions. The system analyzes audio 
signals using both time-domain and frequency-domain 
techniques to extract meaningful features for classification. 
In the time domain, statistical features were computed to 
capture variations in the acoustic signal, while in the 
frequency domain, MFCC were utilized to provide a 
detailed spectral representation. These extracted features 
were then processed by a machine learning algorithm, 
enabling accurate fault classification. The results 
demonstrate that the GUI effectively visualizes the 
propeller’s health condition based on the selected 
classification model, offering a user-friendly and efficient 
tool for UAV monitoring. 

The performance of the classification system can be 
influenced by several factors, including environmental 
noise, recording equipment quality, and UAV operational 
conditions. Additionally, the accuracy of the algorithm 
depends on the quality of the training dataset and the 
effectiveness of data preprocessing techniques. Ensuring 
a diverse and well-labeled dataset is crucial for improving 
classification reliability. 

For future research, exploring alternative sensor 
technologies and advanced feature extraction techniques 
could enhance system performance. Integrating multi-
sensor fusion approaches, such as combining acoustic and 
vibration sensors, may provide a more comprehensive 
assessment of UAV propeller health. Additionally, 
implementing deep learning models and real-time data 
processing could further improve fault detection accuracy 
and adaptability. Future work should also focus on 
optimizing the system for real-time deployment, ensuring 
low-latency performance and compatibility with various 
UAV platforms. By enhancing scalability and robustness, 
this system has the potential to revolutionize UAV 
maintenance in industries such as aerospace, defense, and 
autonomous delivery services, improving safety, efficiency, 
and operational reliability.
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