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Abstract: Ensuring the technical reliability and flight safety of gas turbine Auxiliary Power
Units (APUs) is a critical task in aviation engineering. Traditional diagnostic methods, often
reliant on visual inspections and fixed thresholds, are limited in detecting internal or early-stage
faults. This study proposes a proactive hybrid diagnostic approach integrating the Extended
Kalman Filter (EKF) and Bayesian Inference for real-time monitoring and fault forecasting of
the APU. The EKF is employed to linearize nonlinear engine dynamics and filter stochastic
sensor noise, while the Bayesian framework provides a recursive mechanism for fault probability
estimation and classification.

Experimental results based on 120 test cycles demonstrate that the EKF algorithm reduces the
Root Mean Square Error (RMSE) of critical parameters (rotor speed, exhaust gas temperature,
and oil pressure) by an average of 65-67% compared to traditional measurement methods. The
subsequent Bayesian classification achieved an overall diagnostic accuracy of 95.83% and a
sensitivity of 95.0%. Furthermore, Receiver Operating Characteristic (ROC) analysis yielded
an Area Under the Curve (AUC) of 0.956, confirming the high discriminatory power of the
proposed model. The findings indicate that the integrated EKF-Bayesian approach offers a
mathematically rigorous and effective solution for the early detection and trend forecasting of
malfunctions, significantly enhancing aviation safety standards.

Keywords: Gas Turbine APU, Extended Kalman Filter (EKF), Bayesian Inference, Fault
Diagnosis, Flight Safety, Root Mean Square Error (RMSE), ROC Curve, Condition Monitoring.

Introduction

Gas turbine Auxiliary Power Units (APUSs) are typically compact gas turbine engines that serve
as autonomous energy sources. Their primary functions include starting the main engines on the
ground and in flight, as well as providing power to various aircraft systems, such as direct
current (DC) electricity and compressed air [1]. The technical condition of these units directly
impacts flight safety. Therefore, ensuring the continuous reliability, operational efficiency, and
maintenance of APUs in an airworthy state is of paramount importance[2].

The effective organization of engine technical health management is a core responsibility of
aviation engineering service personnel. Determining the technical status of engines relies
primarily on the disciplines of diagnostics and prognostics [3].

Diagnostics refers to the process of detecting and isolating faults or deviations from the
manufacturer’s specified operating parameters within gas turbine systems. To identify departures
from normal technical conditions, an analysis of sensor data and overall system performance
indicators is conducted. The objective of diagnostics is to identify the root causes of
malfunctions, restore optimal performance, and enable timely corrective actions to mitigate
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potential damage.

On the other hand, technical health prognostics focuses on predicting the remaining useful life
(RUL) of engine components and the progression of faults. Diagnostics and prognostics provide
complementary capabilities: diagnostics addresses current conditions, while prognostics enables
prospective planning by estimating when components will reach critical thresholds[4].

Currently, traditional engine diagnostics rely heavily on visual inspections, which are effective
for identifying obvious external issues but limited in detecting internal or early-stage faults, often
assessing the condition only after a failure has occurred. Consequently, there is a necessity to
develop advanced diagnostic approaches by improving mathematical models for sensor data
processing. This highlights the need for a more comprehensive, accurate, and proactive approach
to APU maintenance and fault diagnosis[5].

Methods
Model-based diagnostic methods involve defining the relationships between measurements and
system parameters through precise mathematical and thermodynamic equations. In fault
diagnosis using mathematical models of gas turbine APUs, data regarding the residual signal sets
of operating parameters are identified. These residual values are then compared against
predefined fault thresholds to determine the presence of a malfunction[6].
The implementation of model-based fault diagnosis requires the development of high-fidelity
APU performance models. Due to an in-depth understanding of the APU’s operational dynamics,
these methods enable not only the detection of faults but also their localization and magnitude
estimation[7].
Utilizing the Extended Kalman Filter (EKF) yields effective results in diagnosing the technical
condition of an APU. When applying the EKF to APU technical diagnostics, the general model
of the operational process — given that it is a nonlinear, time-dependent, and multidimensional
dynamic system — is defined as follows:
State equation:
Xer1 = f (o, i) + Wi, Wi~V (0, Q) (D
This equation represents the temporal evolution of the engine’s internal processes. The
measurement model for parameters obtained via sensors is expressed as follows:
Measurement equation:
Vi = h(xq) + v, ve~N(0,Ry) (2)
This equation establishes the relationship between the internal process states and the
measurement results [8].
If the system is assumed to be linear, the dynamic model of the engine based on the Auxiliary
Power Unit (APU) operating parameters can be mathematically represented through the
following state-space equations:
Xp+1 = ApXy + Bruy + wy, Vi = Cexy + vy (3)

Based on expression (3), the internal state of the engine is calculated based on its previous state
(at step k —1), the control signal, and stochastic disturbances over time. In real-world
conditions, it is impossible to fully measure all engine states; only the values received from
sensors are available as measurable quantities. Therefore, the application of the Extended
Kalman Filter (EKF) is proposed to determine the technical condition of the Auxiliary Power
Unit (APU)[9]. In this process, the EKF computes the estimated state X of the engine by utilizing
its mathematical model. This estimation is based on the following nonlinear state and
measurement equations:

{xk = f(Xp—1, Up—1) + Wiy, Wy-1~N(0, Q) )

Vi = h(xi) + v, ve~N(0,Ry)
Due to the nonlinear nature of engine functions, the nonlinear functions f(-) and h(-) are
linearized by employing Jacobian matrices (matrices of partial derivatives). Specifically, the
partial derivative matrix of the system dynamics and the partial derivative matrix of the
measurement model are formulated [4; p. 265].
Using these matrices, the nonlinear model is processed through local linear approximation. In
this context, the prediction of the system’s next state is performed as follows [10]:
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State Prediction Equation:
Xrlk—-1, = [ Kre—11k-1,Uk-1) (5)
Using this formula and the prior state estimate (()?k_l/k_l )), the predicted state for the current
time step is obtained. In the context of engine health monitoring, this stage defines the expected
state of an “ideal, fault-free system”.
Once measurement data is received, the EKF aligns the prediction with the observations. The
EKF-based diagnostic process is executed through the stages of residual calculation, residual
covariance estimation, state update, and covariance update [11].
During the residual calculation stage, the system is considered healthy if the stochastic residual
remains small. The residual covariance, in turn, determines the confidence level of the residual
[12]. To establish a balance of trust between measurement results and model predictions, the
Kalman Gain is calculated. If the measurements are highly reliable, the gain increases, causing
the filter to rely more on the sensor data. Conversely, if the model is more reliable, the gain
decreases, and the filter relies more on its internal computations [13].
The state update equation allows for the determination of the updated estimate. The residual,
weighted by the Kalman Gain, is added to the prediction (model result). Consequently, the model
is adjusted to align with the measurement data. Finally, the covariance update reduces the
uncertainty after the Kalman filter incorporates the measurements [14].
Furthermore, the estimated engine parameters are determined using the EKF algorithm as
¥y =CXj. This value is compared with real-world measurements. The difference between the
actual system signal y,, and the model prediction y, (the innovation or residual) is defined as
follows [15]:
Innovation (Residual) Equation:
T =Yk — Jk (6)
Based on this formula, if the measured value (yy) from the sensor and the model prediction (¥y)
are closely aligned, it indicates that the engine is operating under normal conditions. A
significant residual (deviation), however, signals either an engine malfunction or a sensor failure.
In this context, the magnitude of the residual for each parameter is determined as follows:
Tik = Yik — Vik (7)
One of the most effective approaches for early fault detection in aviation engines or complex
onboard technological systems is the continuous updating of fault probabilities using Bayesian
hypothesis testing based on residual analysis. When Bayesian-based diagnostics are integrated
with the EKF, they enable accurate, stable, and adaptive real-time estimation.
The possible states of the system are defined as follows:
F ={F,,Fy, ..., Fi} (8)
In this context:
F, — represents the healthy (no-fault) state; F; — represents the occurrence of the i —-th fault.
The probability density function (PDF) of the residual is based on a Gaussian (normal)
distribution. For a multi-dimensional residual vector r, € R™, the following probability density
under each fault hypothesis is adopted:
Multivariate Gaussian Probability Density Function:
P/ F) = Gz P (=3 (e = w2 (i — ) ©
In this context:
u; — is the mean residual value (fault signature) characteristic of fault F;;
Y, —is the residual covariance matrix under fault F;, encompassing sensor noise and modeling
uncertainties.
In aviation systems, residuals typically exhibit Gaussian characteristics due to the influence of
sensor uncertainties and modeling errors. Therefore, adopting a Gaussian likelihood (a
probability function constructed on the assumption that measurement errors follow a normal
distribution) significantly simplifies the diagnostic algorithms.
The recursive updating of fault probabilities is performed based on Bayes’ rule. Given a
sequence of observations ry.;, = {ry, ..., 1}, the state probabilities are updated according to the
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following Bayesian formulation:

Posterior Probability Update:

P(F; | mc) < p(rie | F))PCF; | Tg—1) (10)

In other words, as each new residual is presented, the posterior probability is recalculated upon
receiving the data.

The aforementioned mechanism continuously adjusts the fault probability in real-time. If the
residual exhibits statistical characteristics closely aligned with F; , the posterior probability
increases sharply. Consequently, integration with the EKF enables the detection of malfunctions
at their incipient (initial) stage.

Bayesian diagnostics offers the following advantages in aviation systems:

Adaptivity: Probabilities are updated with each new measurement, ensuring dynamic
responsiveness.

Optimal Decision-Making: Decisions that minimize Bayesian risk are consistently the safest and
most efficient for critical operations.

Statistical Accuracy: The Gaussian residual model, combined with the EKF, accurately reflects
the stochastic characteristics of real-world sensors.

Differential Fault Isolation: Since distinct malfunctions possess unique mean (u;) and covariance
(>:;) profiles, fault signatures can be precisely distinguished.

Suitability for Complex Systems: The approach is fully compatible with aircraft engines,
hydraulic assemblies, and avionics sensor networks.

Bayesian-based fault diagnosis represents a reliable and mathematically rigorous approach for
aviation systems. Interpreting residuals through a probabilistic lens enables a highly accurate,
real-time assessment of engine health. The residuals generated by the EKF are effectively
characterized by Gaussian models, ensuring precise identification of fault parameters. By
recursively updating posterior probabilities via Bayesian inference and employing criteria such
as Maximum A Posteriori (MAP) or Bayesian risk, the diagnostic reliability is significantly
enhanced. Such an integrated approach directly addresses aviation safety requirements,
particularly the necessity for early-stage detection of faults with potentially severe consequences.

Results

Real-time monitoring of critical Auxiliary Power Unit (APU) parameters and fault forecasting
were conducted based on a nonlinear discrete state-space model formulated using the Extended
Kalman Filter (EKF). The dynamic characteristics of the object are represented by a system of
differential equations. A state vector was constructed to encompass key operating parameters,
including rotor speed (RPM), exhaust gas temperature (EGT), oil pressure, fuel flow, and
vibration levels. In the real-world object, process uncertainties and sensor noise affecting
measurement results were assumed to be zero-mean Gaussian white noise. To minimize the
impact of these noises on model accuracy, statistical parameters were established based on the
process noise covariance matrix and the measurement noise covariance matrix.

The recursive estimation process of the EKF algorithm was executed at each step by linearizing
the system dynamics Jacobian and the measurement model Jacobian. To evaluate the selectivity
and sensitivity of the diagnostic system, the study was divided into two groups:

Normal Operating Mode: Experiments were conducted based on stable operation within the
requirements of the APU’s technical regulations.

Simulated Fault Modes: Scenarios such as artificial critical temperature rise, prolonged start
cycles, and critical oil pressure drops were generated. The data sampling interval was set at 10—
50 ms, enabling the capture of high-frequency vibrational dynamics.

To overcome the limitations of traditional threshold-based diagnostic methods in APU
monitoring, a multi-stage adaptive diagnostic strategy was developed. Fault detection in the
system was implemented using a two-stage adaptive criterion:

Stage 1: Residual Analysis. In this phase, the innovation (residual) — the difference between the
EKF prediction and the actual measurement — and its innovation covariance were calculated.
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Figure 1. Dynamics of APU rotor speed estimation using the EKF algorithm.

Figure 1 presents the measured rotor speed values, the values estimated using the EKF algorithm,
and the actual engine operating mode. As shown in the graph, the rotor speed increases
progressively during the engine startup sequence, reaching 10,100 rpm between 0 and 5 seconds
and 15,150 rpm between 5 and 13 seconds. In the subsequent stage, the engine’s operating mode
changes significantly, with the rotor speed ascending to 35,100 rpm, then to 43,800 rpm, and
finally reaching 50,500 rpm at maximum operating capacity. The EKF algorithm significantly
reduced measurement noise and accurately reflected the actual dynamic state of the engine.
To evaluate the effectiveness of the proposed EKF algorithm in monitoring APU operating
parameters, the Root Mean Square Error (RMSE) of the estimations was analyzed. The EKF
results were compared against traditional direct measurement methods used in the study.
Statistical analysis of the experimental data demonstrated that the EKF algorithm significantly
improves parameter estimation accuracy and signal filtering under conditions of high vibrational
loads and electromagnetic interference (EMI). The obtained results are systematized in Table 1.
Table 1.

Metrological performance comparison of traditional measurement and EKF estimation

accuracy.
Monitored Parameter Traditional EKF Efficiency (Error
Measurement Estimation Reduction, %)
RMSE RMSE
Rotor Speed, N (rpm) 820.0 290.0 64.6%
Exhaust Gas o
Temperature, Tg (K) 124 4.1 66.9%
Oil System Pressure o
(kPa) 18.7 6.3 66.3%

The analysis of the table indicates that the RMSE values for all critical parameters decreased by
an average of 65-67%. This outcome practically confirms the EKF algorithm’s capability to not
only effectively suppress high-frequency noise but also converge toward the actual physical
values of the parameters by utilizing the nonlinear dynamic model of the object.

Stage 2: Bayesian Inference. A Bayesian probabilistic approach was applied to classify
anomalous indicators of the identified parameters into specific fault categories. The posterior
distribution, which serves as the final diagnostic conclusion, was updated recursively.
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Figure 2. Temporal evolution of fault probability using the Bayesian algorithm.
Figure 2 illustrates the temporal evolution of the posterior fault probability using the Bayesian
probabilistic model. As observed in the graph, during the engine’s normal operating sequence,
the fault probability remains near zero. Following the onset of a malfunction, the posterior
probability increases rapidly, converging toward unity. This trend demonstrates that the
diagnostic algorithm identifies the fault with high statistical reliability.

Discussion

To evaluate the effectiveness of the proposed EKF+Bayesian classification algorithm, 120
experimental test results were analyzed. Based on these findings, a confusion matrix was
formulated to assess the classification performance (see Table 2).

Table 2
Confusion Matrix for the integrated EKF+Bayesian classification algorithm.
Classification Result Actual Faulty Actual Healthy Total
Predicted Faulty 38 3 41
Predicted Healthy 2 77 79
Total 40 80 120

Based on the confusion matrix data, the key statistical indicators of the diagnostic system were
calculated. Specifically, the system’s sensitivity (the ability to correctly identify faults),
specificity (the ability to correctly identify healthy states), Positive Predictive Value (PPV), and
Negative Predictive Value (NPV) were determined.

The results indicated that the EKF+Bayesian diagnostic approach possesses a high degree of
accuracy and demonstrates exceptional efficiency in fault detection and healthy-state
differentiation.

To further evaluate the diagnostic performance, the EKF+Bayesian classification method was
analyzed using the Receiver Operating Characteristic (ROC) curve. The ROC curve allows for
the assessment of the classifier’s performance across various threshold values. In this study, the
posterior probability threshold (B) was varied from 0.90 to 0.99, and the True Positive Rate
(TPR) and False Positive Rate (FPR) were calculated for each interval. The ROC curve was
constructed based on these specific values.
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Figure 3. ROC curve of the EKF+Bayesian diagnostic system.
Figure 3 illustrates the ROC (Receiver Operating Characteristic) curve. The graphical analysis
reveals that the ROC curve of the proposed method is positioned significantly above the diagonal
line, which represents random classification. Furthermore, it is situated closer to the upper-left
corner compared to traditional diagnostic methods, indicating superior diagnostic accuracy and
sensitivity.
The Area Under the Curve (AUC) represents the overall diagnostic capability of the classifier.
The AUC value was calculated using the trapezoidal rule, resulting in AUC = 0.956. This high
AUC value (0.956) confirms that the proposed EKF+Bayesian algorithm possesses exceptional
discriminatory power.
The results demonstrate that the EKF+Bayesian-based diagnostic algorithm exhibits high
precision and reliability in determining the condition of gas turbine engines, proving to be more
effective than existing traditional methods.

Conclusion

The implementation of the EKF+Bayesian hybrid approach developed in this study represents a
significant advancement in the technical health monitoring of gas turbine Auxiliary Power Units
(APUs). This integrated methodology demonstrates several strategic advantages over
conventional diagnostic systems. Primarily, the results indicate that the EKF effectively
suppresses noise within nonlinear dynamic processes, enhancing measurement accuracy by an
average of 65-67%. This improvement, in turn, allows the Bayesian classifier to distinguish fault
signatures with higher precision and calculate posterior probabilities with a superior degree of
statistical reliability.

The practical significance of this research is underscored by the system's high selectivity,
evidenced by an overall accuracy of 95.83% and an AUC of 0.956. Beyond immediate fault
detection, the proposed algorithm enables the mathematical assessment of fault progression
dynamics, which is critical for forecasting development trends and ensuring flight safety. By
reducing the frequency of false alarms, this method contributes to the optimization of
maintenance costs and minimizes reliance on the human factor in aviation engineering services.
Ultimately, this hybrid model serves as a robust foundation for the proactive forecasting of the
Remaining Useful Life (RUL) of engine components, aligning with modern predictive
maintenance standards.
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