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Abstract 

Unmanned aerial vehicle UAV dependability and safety must be guaranteed, particularly for autonomous operations. In 
order to forecast the Remaining Useful Life RUL of crucial UAV components, this work presents an Advanced Fault 
Diagnosis and Prognosis Model that combines rule-based fault diagnosis, deep learning-based prognosis, and real-time 
problem detection. The advanced fault diagnosis and prognosis model presented in this research is intended to identify, 
categorise, and forecast defects in UAV control systems. The suggested framework combines rule-based fault diagnosis 
for sensor and actuator fault classification, statistical threshold-based anomaly identification for real-time fault 
detection, and an LSTM network for critical component Remaining Useful Life RUL prediction. An anomaly detection 
module based on autoencoders improves the system's capacity to discover intricate and unknown flaws. The model 
uses a sliding window technique to handle real-time sensor data, producing outputs like RUL predictions, fault 
classifications, and deviation charts. The efficacy of the model in enhancing UAV reliability through precise defect 
identification, diagnosis, and prognosis is demonstrated by validation using both synthetic and real-world UAV datasets. 
The framework continually processes sensor data in real time through a sliding window technique. Sensor deviation 
graphs, autoencoder reconstruction errors, and RUL forecasts are among the outputs that give operators concise, useful 
information. Real-world UAV sensor data and synthetic datasets are used to validate the model, which shows strong 
performance in fault detection, classification, and prognosis. 
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1. Introduction

Unmanned Aerial Vehicles (UAVs) are now essential to many industries, such as logistics, agriculture, and the military. 
UAV systems get more sophisticated as technology develops, requiring strong maintenance and monitoring plans. UAV 
dependability is crucial since malfunctions can have disastrous results, such as fatalities and large financial losses. As a 
result, safe UAV operation depends on efficient fault identification and prognosis. UAVs are now essential to many 
industries, such as the military, which uses them for tactical operations, reconnaissance, and surveillance [1].  

• Agriculture: Precision farming, crop monitoring, and spraying.
• Logistics: Supply chain optimization, inventory control, and package delivery. The complexity of UAV systems

has grown as technology has advanced. To guarantee operational efficiency, these systems frequently consist
of a number of sensors, actuators, and embedded controllers that cooperate. Nevertheless, increasing
complexity brings with it a number of difficulties, such as:

• Greater vulnerability to individual component failures;
• Greater interdependency among components, which complicates fault identification;
• Increased operational condition variability, which causes dynamic shifts in system behavior. The dependability

of UAVs is crucial because of the vital functions they serve. UAV system failures may lead to:
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• Serious repercussions, such as fatalities or collateral damage in military settings;  
• Considerable monetary losses as a result of malfunctioning missions or damaged equipment;  
• A decline in confidence in UAV-based services, which could affect their wider uptake. Therefore, minimizing 

downtime, improving maintenance schedules, and guaranteeing UAV safety all depend on efficient issue 
identification and prognosis. 

Conventional defect detection techniques frequently depend on simple rule-based systems and static thresholds, which 
may not be well suited to evolving operating circumstances. In order to overcome the shortcomings of current 
approaches, this research suggests a sophisticated model for fault identification and prognosis that makes use of 
machine learning techniques, including autoencoders and LSTM networks. Conventional fault detection techniques 
frequently depend on straightforward rule-based procedures or static thresholds. These techniques have significant 
drawbacks: static thresholds are unable to adjust to changing operational or environmental circumstances. This 
inflexibility causes false negatives, which miss real defects, or false positives, which identify a fault when none exists 
[2]. Limited Feature Analysis: Complex patterns or correlations in sensor data are frequently missed by simple rule-
based systems. Temporal variations in data or correlations between several sensors are not adequately recorded [3]. 
Reactive as opposed to Predictive Maintenance: Conventional systems are mostly made to identify issues after they 
arise. They don't offer information on a component's Remaining Useful Life (RUL), which is essential for preventative 
maintenance [4]. Conventional systems find it difficult to grow as modern UAVs have more sensors and faster data rates. 
It can be difficult to process and analyze high-dimensional data in real time. If sudden abnormalities or sensor failures 
do not follow established guidelines, they may be unnoticed. Identification of faults resulting from small or gradual 
variations, such as sensor drift, is particularly difficult. The potential of advanced machine learning (ML) techniques is 
not fully utilized in UAV fault detection systems, despite the fact that models such as autoencoders and long short-term 
memory (LSTM) networks have demonstrated efficacy in anomaly detection and time-series forecasting. High-
dimensional data analysis, dynamic condition adaptation, and failure prediction are all capabilities of these models. This 
study suggests a way to overcome these constraints using a sophisticated fault detection and prognosis model that 
includes: adaptive thresholds based on statistical measures (mean and standard deviation) to deal with fluctuating 
circumstances, known as dynamic thresholds; reconstruction errors are used to identify defects in autoencoder-based 
anomaly detection; RUL estimation and predictive maintenance are made possible by LSTM networks; real-time fault 
diagnosis involves continuously monitoring sensor streams and providing real-time updates to identify faults. In order 
to improve UAV operational safety and dependability while lowering maintenance expenses and system downtime, the 
suggested approach attempts to solve these problems. The main goal of this research is to create and apply an advanced 
fault detection and prognosis model for UAVs. The particular objectives consist of: dynamic fault detection; anomaly 
detection using autoencoders; RUL prediction; real-time monitoring; scalability and robustness; and performance 
validation. 

2. Methodology 

Beginning with the specification of system characteristics and continuing through real-time processing and 
visualization, the suggested methodology for UAV problem detection and prognosis is an extensive procedure that 
includes multiple steps. In addition to offering strong fault detection, diagnosis, and prognosis capabilities, the method 
is made to manage sensor data effectively. System parameters that direct data processing and analysis must be defined 
beforehand. The number of sensors, the number of samples per sensor, the analysis sliding window size, a dynamic 
threshold scaling factor, and the real-time processing update period are some of these factors. A total of 500 time steps, 
a sliding window size of 20, and four sensors—each giving 100 samples—make up the apparatus for this methodology. 
Then, sensor data is loaded or simulated; if real-world sensor data is not available, synthetic data is created using 
uniform distribution, guaranteeing the testing process's dependability [5]. The input is organized as a sensor data 
matrix, with rows representing sensors and columns representing time steps; this data serves as the basis for 
preprocessing and fault analysis. Two crucial steps in data preprocessing are smoothing and dynamic thresholding; a 
moving average filter reduces noise in the raw sensor data, improving the quality of the data for analysis; dynamic 
thresholds are calculated for each sensor based on the mean and standard deviation of the smoothed data; these 
thresholds are made robust for anomaly detection by adapting to changes in operational conditions [6]. By contrasting 
the smoothed sensor data with the calculated dynamic thresholds, faults are found. The system indicates that there is a 
problem with the sensor if any data point surpasses its associated threshold. The next step is fault diagnosis, in which 
certain fault kinds are determined using a logic based on rules [7]. For instance, concurrent malfunctions in sensors 1 
and 2 could be a sign of GPS and IMU issues, whereas sensor 3's malfunction would point to an actuator problem and 
sensor 4's malfunction would point to a sensor power issue. The system marks the problem as an unclassified fault if 
none of these predetermined criteria are satisfied. An LSTM network is one of the sophisticated machine learning 
algorithms used in the prognosis stage to forecast the RUL of UAV components. An LSTM layer, a fully connected layer, 
a regression layer, and a sequence input layer make up the LSTM network configuration. Using equivalent RUL values 
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as labels, training is carried out on simulated sensor data sequences. The network's architecture and training 
parameters—including the batch size, epochs, and Adam optimizer—are carefully chosen to maximize performance [8]. 
A key component of the methodology is real-time processing, which allows the system to dynamically examine incoming 
sensor data. Dynamic thresholds are adjusted at each time step, and the current window of sensor data is smoothed. 
Sequential tasks include fault detection, anomaly detection with an autoencoder, and RUL prediction with the trained 
LSTM model. The operational safety and dependability of the UAV are improved by this real-time analysis, which 
guarantees prompt fault diagnosis and mitigation. Reconstructing sensor data and computing the reconstruction error 
is how an autoencoder detects anomalies. When this error surpasses a certain threshold determined by the 
reconstruction errors' mean and standard deviation, anomalies are detected. The autoencoder gives the fault detection 
system an additional degree of resilience [9]. Finally, extensive visualization tools are incorporated into the technique. 
Real-time RUL forecasts, dynamic thresholds, reconstruction errors with anomaly thresholds, and displays of raw and 
smoothed sensor data are a few examples. Through intuitive comprehension of the system's performance, visualization 
empowers operators to make well-informed choices. System parameterization, data simulation, preprocessing, fault 
detection, diagnosis, machine learning-based prognosis, and real-time processing are all incorporated into the 
methodology in a coherent manner. It guarantees precise fault identification and prediction in UAV systems, improving 
their operational effectiveness, safety, and dependability.  

3. Results  

Using smoothed data and dynamically determined criteria, the model successfully detected anomalies in simulated 
sensor data. For instance, by comparing smoothed data with a dynamic threshold (mean + 2×SD), Sensor 1's notable 
departure from its typical range was identified. IMU and GPS malfunctions in Sensor 2, power problems in Sensor 4, and 
actuator issues in Sensor 3 were among the other sensor problems found. Faults were consistently connected to UAV 
subsystems by the rule-based diagnostics of the system. Its dynamic thresholding ensured reliable real-time defect 
identification by reducing false positives and adapting to shifting flight conditions. The defect detection system was put 
through a rigorous testing process using sensor data with different levels of noise. In order to prevent misclassification 
from random fluctuations and maintain the system's sensitivity to real errors, the moving average filter effectively 
reduced noise [10]. This demonstrates the preprocessing step's dependability in raising the caliber of data analysis. The 
system's ability to effectively and consistently identify and isolate errors in UAV sensor data is demonstrated by the 
fault detection results, to sum up. Real-time monitoring and dynamic thresholds are integrated to give a strong basis for 
guaranteeing the safety and operational integrity of UAVs. 

 

Figure 1 Fault Detection Using Dynamic Thresholding 

The original values from four distinct sensors—Sensor 1, Sensor 2, Sensor 3, and Sensor 4—plotted over 100 samples 
are displayed in this part under Raw Sensor Data. Over time, the lines are probably shifting, showing different readings. 
Dynamic Thresholds and Smoothed Sensor Data: This section displays the sensor data that has been smoothed, 
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potentially using methods to emphasize patterns and cut down on noise. There are dynamic thresholds displayed, which 
aid in identifying notable anomalies or deviations in the sensor values [11]. Estimated Remaining Useful Life (RUL): In 
this last section, the estimated percentage of each sensor's remaining usable life is shown. According to the image, every 
sensor has a constant RUL, which may indicate whether maintenance is necessary or whether the sensors are operating 
normally. 

Training Progress: The iterations and related metrics during training are shown in this section. It monitors the model's 
performance over time. RMSE: The model appears to be getting better as training goes on, as evidenced by the upper 
plot's decreasing trend in RMSE values across iterations. The training RMSE is shown by the blue line, whereas the 
validation RMSE is not available (N/A). Loss: The model's ability to fit the training data is shown by the loss values, 
which are displayed in the lower plot. The loss seems to level off, suggesting that the model is approaching convergence. 
With both RMSE and loss measures improving, the training procedure appears to be successful overall, indicating a well-
tuned model. A single CPU with a fixed learning rate of 0.001 was used for the training. 

 

Figure 2 Reconstruction Error for Anomaly Detection 

Raw Sensor Data: This plot shows the values from four sensors (Sensor 1, Sensor 2, Sensor 3, and Sensor 4) over a range 
of samples (from 1 to 100). The data is shown as fluctuating lines, which show how each sensor's measurements 
changed during the course of the sample. Estimated Remaining Useful Life (RUL): This graph displays the sensors' 
estimated RUL as a function of sensor index. Given the low RUL (around 1.5 x 10^-14), it is possible that the sensors 
require maintenance or are nearing the end of their useful lives. All things considered, the graph shows sensor 
performance with time and emphasizes the need for possible actions depending on the expected amount of useful life 
left. 

Raw Sensor Data: The values from four distinct sensors (Sensor 1 through Sensor 4) are displayed in a time series graph 
in this section. Sensor readings appear to vary with time, as seen by the data's apparent fluctuations. Dynamic 
Thresholds and Smoothed Sensor Data: This part shows a smoothed version of the sensor data, which is probably meant 
to emphasize trends and cut down on noise. It also indicates acceptable limits for the sensor's performance by including 
dynamic thresholds for one of the sensors.(RUL): A bar graph displaying each sensor's estimated remaining usable life 
is displayed in the last section. It seems consistent, suggesting that the remaining life expectancy of each sensor is 
comparable. The graph's overall goal is to analyze sensor performance and forecast how long they will be effective 
depending on data gathered. 

 



International Journal of Science and Research Archive, 2025, 14(02), 1320-1326 

1324 

 

Figure 3 Raw sensor Data 

 

 

Figure 4 Raw sensor Data 

Real-time sensor data: Over a range of time steps, this part shows the raw values from four distinct sensors (Sensor 1, 
Sensor 2, Sensor 3, and Sensor 4). Indicating real-time variances in measurements, the data is probably noisy and varies 
a lot. Smoothed Data and Dynamic Thresholds: In this case, noise is reduced in the sensor readings by smoothing them, 
which facilitates the identification of trends. One sensor's dynamic thresholds (probably Sensor 3) are shown, which 
aid in identifying when readings deviate from predetermined bounds and may indicate possible problems or warnings. 
Remaining Useful Life (RUL) Estimated in Real Time: This graph displays the sensors' estimated RUL as a percentage. It 
shows the approximate amount of time that each sensor will remain operational before failing or needing maintenance. 
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Figure 5 Predicted RUL for Each Sensor  

4. Conclusion 

A thorough and clever framework for defect detection, diagnosis, and prognosis in multi-sensor systems is effectively 
developed in this study. The suggested method improves system dependability, flexibility, and real-time fault 
monitoring by combining autoencoder-based anomaly detection, dynamic thresholding, and LSTM-driven Remaining 
Useful Life (RUL) prediction. Its efficacy in lowering false detections, precisely identifying malfunctions, and forecasting 
component deterioration is validated by experiments. Because of its scalability and modularity, the framework can be 
used in a variety of industries, such as industrial automation, aerospace, and UAV operations. Predictive maintenance 
and autonomous fault management are greatly advanced by this research, which also helps to design self-healing 
systems for next-generation technology. 
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