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Abstract:

This study addresses fault detection in gas turbines under sensor-limited conditions, where diagnostically
informative measurements such as emissions and internal variables are unavailable. A leakage-aware framework
is proposed using only five readily available thermodynamic sensors (AT, AP, TAT, AFDP, TEY). To
compensate for missing measurements, physics-based features grounded in Brayton cycle principles are
constructed. A proxy fault label is generated offline using high-fidelity variables (TIT, GTEP, CO, NOXx), which
are assumed to be unavailable during real-time deployment. A Decision Tree classifier is selected to ensure
interpretability in safety-critical environments. To reflect realistic industrial conditions, a strict time-based
validation strategy is adopted. The results show that the proposed model achieves an F1-score of 0.703, a Recall
of 0.881, and an AUC of 0.951. Furthermore, random split validation is found to overestimate performance by
approximately 5.7% in F1-score, highlighting the risk of optimistic bias in conventional evaluation practices. The
proposed framework provides a practical and interpretable solution for fault detection under constrained sensing
conditions, with direct applicability to legacy turbine systems.

Keywords: Gas turbine fault detection; latent fault prediction; physics-informed features; decision tree; industrial
diagnostics; time-based validation.
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Introduction

Gas turbines are critical assets in power generation and industrial applications, where reliable operation
is essential for safety and economic performance. Traditionally, condition monitoring relies on comprehensive
sensor suites to detect abnormal behavior and prevent failures [3]. However, in many real-world deployments,
key diagnostic sensors such as emission monitors (NOx, CO) and internal measurements (e.g., TIT) are often
unavailable due to cost, reliability, and accessibility constraints. This limitation is particularly pronounced in
legacy systems and remote installations [5,7,10,13]. This creates a fundamental challenge: how can faults be
reliably detected when the most informative sensors are unavailable during operation?

Existing studies largely assume full sensor availability and often rely on black-box models or
inappropriate validation strategies, limiting their applicability in real-world industrial environments. To address
these limitations, this study proposes a leakage-aware and interpretable fault-detection framework based on
limited thermodynamic measurements and time-consistent validation [8,12,4,6].

In this study, 'latent faults' refer to abnormal operating conditions that are indirectly inferred from
available measurements, as direct fault indicators (e.g., emission sensors) are assumed unavailable [9]. A
comprehensive summary of the dataset and experimental setup is provided in Table 2, including data partitioning,
fault distribution, and statistical shifts between training and testing sets. These variables capture key aspects of
turbine performance, such as combustion efficiency, environmental compliance, thermodynamic behavior, and
mechanical integrity [1]. The spatial distribution of sensors and their corresponding parameter sources is
illustrated in Figure 1. The input variables are categorized into two groups: (i) ambient conditions (e.g.,
temperature, humidity, and pressure), which characterize the external environment, and (ii) process parameters
(e.g., turbine energy output and air filter differential pressure), which describe internal system dynamics.

Ambient Variables
AT : 294 Cel
AH - 45 % AFDP
CAIR |

AP 1008 mbag

NOx, €O
k GTEP

Figure 1: The spatial distribution of sensors and their corresponding parameter sources [1]

Despite their importance, these sensors are not always available in practical applications. Several
constraints limit their deployment. First, installing advanced sensor systems in legacy turbines is often
economically prohibitive. Second, sensors operating under harsh thermal and mechanical conditions exhibit
reduced reliability and require frequent calibration and maintenance [8,14, 18, 22]. Third, accessibility challenges
arise in remote environments such as offshore platforms and desert installations, where maintenance operations
are logistically complex. In addition, digital twin environments inherently lack physical sensors, and regulatory
requirements vary across jurisdictions, leading to inconsistent sensor availability [1, 3, 5]. These limitations raise
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a fundamental and practically relevant question: how can turbine faults be reliably detected when the most
diagnostically informative sensors are unavailable, unreliable, or cost-prohibitive?

Problem Statement and Research Gaps

Given a set of operational measurements limited to five readily available sensors (AT, AP, TAT, AFDP,
TEY) and no access to emission or internal measurements, the objective is to predict a proxy fault indicator
representing abnormal operating conditions. This problem is inherently challenging due to three factors: (i) the
nonlinear and indirect relationship between observable variables and fault conditions, (ii) temporal dependencies
and distribution shifts in industrial time-series data, and (iii) the scarcity of reliable ground-truth labels in real-
world settings.

Contributions

This study makes three main contributions:
1. Leakage-aware framework: A feature engineering strategy that excludes direct and derived
information from target-defining variables.
2. Validation bias quantification: A systematic comparison between random and time-based
validation, showing an overestimation of approximately 5.7% in F1-score.
3. Interpretable modeling: A Decision Tree-based approach designed for practical deployment
under sensor-limited conditions.

Paper Organization

The remainder of this paper is organized as follows: Section 2 reviews related work, Section 3 describes
the methodology, Section 4 presents the results, Section 5 discusses the findings, and Section 6 concludes the
study.

Literature Review

Gas turbine condition monitoring has evolved from traditional model-based diagnostics to advanced
data-driven approaches [1,2]. Existing literature can be broadly categorized into three domains: traditional
methods, machine learning techniques, and sensor-limited monitoring. Despite this progress, several
methodological limitations persist, particularly concerning data leakage, validation strategies, interpretability, and
sensor availability. Traditional approaches, including gas path analysis and Kalman filtering [3-6], estimate
expected thermodynamic behavior and detect deviations from nominal conditions.

While these methods are inherently interpretable, their effectiveness depends on accurate system
modeling, and they remain sensitive to noise and modeling uncertainties. Signal processing techniques [7,8] are
primarily suited for mechanical fault detection but are less effective for thermodynamic anomalies without
dedicated sensors. Similarly, expert systems [9,10] provide transparent decision-making but require extensive
manual knowledge engineering and lack adaptability. Overall, these methods rely on strong assumptions and the
availability of comprehensive sensors, limiting their applicability in real-world scenarios. Data-driven approaches,
including supervised models such as SVM, ANN, and ensemble techniques [11-16], as well as deep learning
architectures (e.g., CNNs, LSTMs, and Transformers) [17,18], have demonstrated strong predictive capabilities
by capturing complex nonlinear relationships. Unsupervised methods, such as autoencoders and isolation forests
[19,20], are employed when labeled data are scarce but often suffer from high false alarm rates and limited
interpretability.

However, these approaches typically assume full sensor availability, rely on black-box models, and
frequently adopt random train-test splits that fail to account for temporal dependencies, leading to potential data
leakage and overly optimistic performance estimates [21,22]. Sensor-limited fault detection remains relatively
underexplored. Existing studies attempt to infer system behavior using reduced thermodynamic measurements
[23-26], but often rely on restrictive assumptions and lack rigorous, time-aware validation. Moreover, the impact
of validation strategies on performance estimation is rarely quantified. Interpretability remains a critical
requirement for industrial deployment, where transparent models are preferred to ensure operator trust and
regulatory compliance. While post-hoc explanation techniques such as SHAP and LIME provide insights into
complex models, their instability and inconsistency limit their reliability in safety-critical environments.
Furthermore, the quantification of validation bias-comparing random versus time-based splits—remains
insufficiently addressed in the gas turbine fault detection literature, representing a key gap that this study aims to
fill [27-30].
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Research Positioning

Based on the identified gaps, current literature reveals three key shortcomings: (i) over-reliance on full
sensor availability, (ii) limited interpretability of high-performing models, and (iii) inadequate validation practices
that neglect temporal structure and inflate performance estimates. Additionally, sensor-limited scenarios and
validation bias remain insufficiently investigated. To address these limitations, this study proposes a leakage-
controlled and interpretable framework based on Decision Trees, evaluated using strict time-based validation. The
proposed approach is specifically designed for realistic deployment under constrained sensing conditions,
ensuring both transparency and robustness in industrial fault detection applications.

Methodology and experimental setup

Dataset Description

The dataset comprises 36,733 hourly observations collected over five years (2011-2015), capturing key
ambient, operational, and emission-related variables of the gas turbine system. Table 1 summarizes the statistical
properties of all measured variables, including their minimum, maximum, and mean values [1]. The wide variation
across features highlights the need for appropriate normalization and physically consistent feature construction.

Experimental Setup

Based on this dataset, the experimental setup is defined using a strict chronological split, as summarized
in Table 2. This setup preserves temporal dependencies and reflects real-world deployment conditions, in which
models must generalize to unseen future data.

Table 1. Basic statistical information of the data used in the study

Variable Abbr. | Unit Min Max Mean

Ambient temperature AT °C -6.23 37.10 17.71
Ambient pressure AP mbar | 985.85 | 1036.56 | 1013.07

Ambient humidity AH (%) 24.08 100.20 77.87

Air filter difference pressure | AFDP | mbar 2.09 7.61 3.93

Gas turbine exhaust pressure | GTEP | mbar 17.70 40.72 25.56
Turbine inlet temperature TIT °C 1000.85 | 1100.89 | 1081.43
Turbine after temperature TAT °C 511.04 | 550.61 | 546.16

Compressor discharge pressure | CDP | mbar 9.85 15.16 12.06

Turbine energy yield TEY | MWH | 100.02 | 179.50 | 133.51
Carbon monoxide CO | mg/mé| 0.00 44.10 2.37
Nitrogen oxides NOx | mg/m3 | 25.90 119.91 | 65.29

The measured variables include ambient temperature (AT), ambient pressure (AP), ambient humidity
(AH), air filter differential pressure (AFDP), gas turbine exhaust pressure (GTEP), turbine inlet temperature (TIT),
turbine after temperature (TAT), compressor discharge pressure (CDP), turbine energy yield (TEY), carbon
monoxide (CO), and nitrogen oxides (NOXx). These variables collectively capture key aspects of system behavior,
including environmental conditions, thermodynamic performance, and emission characteristics. To ensure a
realistic evaluation setting and avoid look-ahead bias, the dataset is partitioned chronologically.

Data from January 2011 to December 2013 are used for model development (training and validation),
while data from January 2014 to December 2015 are reserved for out-of-sample testing. This time-based splitting
strategy preserves the data's temporal structure and reflects real-world deployment scenarios. Within this
framework, a subset of thermodynamic variables is selected to simulate sensor-limited conditions, forming the
basis for subsequent feature construction and latent target formulation. As shown in Table 2, a time-based split is
adopted to preserve temporal consistency and mitigate data leakage. The observed distribution shift, particularly
the localized variation in AFDP, highlights the non-stationary nature of the data, reinforcing the need for robust
feature engineering and validation strategies.
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Table 2: Dataset and Experimental Setup
Parameter Value
Total Samples 36,733
Number of Features 11
Physics-Based Features 10
Overall Fault Rate 4.99%
Training Samples 29,386
Test Samples 7,347
Training Fault Rate 4.63%
Test Fault Rate 6.41%
Average Distribution Shift | 2.74%
Maximum Shift (AFDP) | 10.12%

Sensor Selection and Physics-Based Feature Engineering

To simulate realistic industrial constraints, the sensor set is partitioned into available and unavailable
measurements. Let the observable feature vector be defined as:

x; = [AT,, AP,, TAT,, AFDP,, TEY,] D
where t denotes the time index (hourly observation). Sensors are categorized into two groups:

(i available sensors: AT, AP, TAT, AFDP, TEY, and
(i) excluded sensors: TIT, GTEP, CO, NOx.

The excluded sensors are not used due to practical constraints, including cost, reliability degradation, and
limited accessibility in industrial environments. This setup reflects realistic deployment conditions rather than
idealized laboratory settings.

Proxy Fault Definition

A proxy fault label is constructed using high-fidelity variables (TIT, GTEP, CO, NOx), which are assumed
to be unavailable during real-time operation but accessible in offline or simulation environments. The label is
defined based on threshold conditions applied to these variables, representing abnormal operating states. It is
important to note that the term “proxy” reflects that the label is not directly observable during deployment, but is
used during model development to approximate fault conditions. Let the unavailable sensor vector be defined as:

ut- = [T[Tt,GTEPt,COt,NOxt] (2)

where u, represents internal and emission-related measurements that are excluded from the model inputs, a
latent fault score is then defined as a function of these variables:

se = f(ue) 3)

where f(u,) denotes a physically meaningful aggregation function that captures abnormal operating

conditions based on high-fidelity measurements, to convert this continuous score into a binary classification label,
a threshold-based mapping is applied:

(1, ifs, >t

Ve = {O, otherwise )

where 1 is a predefined threshold that separates normal and abnormal operating conditions. This formulation
enables supervised learning while preserving deployment realism, as the model is trained to predict y, using only
observable variables x;, without direct access to the unavailable sensor set w.. Importantly, this strict separation
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ensures that no target-defining information is included in the input features, thereby eliminating data leakage and
maintaining the validity of the proposed framework.

Physics-Based Feature Engineering

To validate the physical consistency of the dataset and its derived features, the relationships among key
thermodynamic variables are examined. In particular, the correlation between turbine inlet temperature (TIT) and
NOx emissions is analyzed, as higher combustion temperatures are expected to increase NOx formation. The
Pearson correlation coefficient between TIT and NOx is computed, and the coefficient of determination (R?) is
used to quantify the strength of this relationship. A strong positive correlation confirms that the dataset preserves
expected physical behavior, supporting the validity of the proposed physics-based feature construction. Although
direct measurement of all cycle variables is unavailable, this relationship motivates the design of proxy features
that capture efficiency-related behavior, given the heterogeneous physical units and ranges (see Table 1). To
address this, normalization is applied. where ui and i represent the mean and standard deviation of feature i,
respectively.

N lized P _TEY (5)
ormalized Power = 1P
®
i,norm R
xfirem = 2t ©)
O;

A temperature ratio is introduced to capture relative thermal behavior:

TAT,
AT,

¢1(t) = (7)

This feature reflects thermal amplification throughout the turbine system, serving as a proxy for heat-transfer
efficiency under varying ambient conditions. To normalize energy output with respect to environmental
pressure, the following feature is defined:

TEY,
AP,

$2(t) = ®)

This formulation accounts for the influence of ambient pressure on turbine performance and provides a pressure-
adjusted energy indicator. A simplified efficiency proxy is constructed as:

©)

This ratio approximates thermal efficiency by relating useful energy output to exhaust temperature, which
reflects residual thermal losses. To quantify flow resistance and potential degradation effects, a pressure loss
indicator is defined:

AFDP,
AP,

$a(t) = (10)

This feature captures the relative pressure drop across the air filtration system, which may indicate fouling or
blockage. A combined thermodynamic efficiency index is formulated as:

TEY,

t)y =————""—
s (©) TAT, - AFDP,

an

This composite feature integrates thermal and flow effects, providing a more comprehensive proxy for system
efficiency under constrained sensing. To compensate for the absence of emission and internal measurements,
physics-based features were constructed using the available sensors. These features are grounded in
thermodynamic principles of gas turbine operation, particularly the Brayton cycle:

Men =1—— (12)
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These physics-based features provide an indirect yet informative representation of the underlying
thermodynamic behavior. In the next step, these features are used to predict a latent fault indicator defined using
unavailable high-fidelity measurements, as formalized in the following section.

Data Splitting Strategy

Due to the dataset's temporal nature, a strict time-based splitting strategy is adopted. Random splitting is
avoided as it violates temporal dependencies and introduces look-ahead bias. The dataset is divided
chronologically into 80% training and 20% testing samples, ensuring that all training data precede testing data. A
Decision Tree classifier is employed due to its interpretability and suitability for low-dimensional feature spaces.
The model partitions the feature space using recursive binary splits based on impurity reduction. The Gini impurity
is used as the split criterion, enabling the model to identify decision boundaries that separate normal and faulty
conditions. The resulting model provides transparent decision rules that operators can directly interpret. To
quantify the impact of improper validation, model performance is evaluated under both random and time-based
splits. The difference in F1l-score (AF1) is used as a measure of overestimation bias [31,32].

Given a temporally ordered dataset:

{(xe, ¥)}e=1 (13)

The training and testing sets are defined as:

Dtrain = {xt}ﬁgn. Dtest = {xt}?=[0,8T1+1 (14)

This formulation guarantees that all training observations precede testing observations, eliminating look-ahead
bias and aligning evaluation with real-world deployment conditions. To quantify the impact of improper validation
strategies, model performance is evaluated under both random and time-based splits. The resulting overestimation
bias is defined as:

AF1 = Flrandom - Fltime (15)

A positive AF1 indicates that random splitting inflates performance due to temporal information leakage.
Hyperparameter tuning is performed using time-series cross-validation, ensuring that validation data always
follow the training data in time. The model learns a mapping from the input feature space to the latent fault label:

Ve =9g(xt) (16)

where g(x,) represents a hierarchical structure of recursive binary splits. At each node, the model partitions the
feature space based on a threshold applied to a selected feature:

xt(j) <0 (17)
where xt(j) is the j-th feature, and 6 is the split threshold. To determine the optimal split, the model minimizes
node impurity using the Gini index.

K
Gini(S) =1— ) p? (18)
kz :

where p# is the proportion of samples belonging to class k in node S. For a candidate split, the optimal threshold
is selected by minimizing the weighted impurity of the child nodes:

. (1S ISel .. .
6* = argming mel(SL)‘l‘ﬁGml(SR) (19)

The recursive partitioning continues until a stopping criterion is met, yielding a transparent set of decision rules

that can be directly interpreted in terms of the physical system's behavior. The Decision Tree learns a mapping:
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y=1x6) (20)
where decisions are made through recursive binary splits of the form:

To select optimal splits, the model minimizes node impurity using the Gini criterion:

2
Gini(m) =1 — Z P2, 22)
k=1

where pZ,. represents the proportion of class k samples in node m. For a given input x, the model outputs a
probabilistic estimate:

Niauie

Ply=11x)= (23)

leaf

Model hyperparameters are optimized using grid search combined with time-aware cross-validation. The
objective is to maximize the average validation F1 score:

k
— 1 i
@ =7) Fla® (24)

The optimal configuration is selected as:
A" = argmaxye,Fley (4) (25)

This ensures a balance between model complexity and generalization performance. Instead of using the default
classification threshold, the final prediction is defined as:

~ (1 ifP(y=1lx)=>1
= 2
J {0 otherwise (26)
The optimal threshold is determined by maximizing the F1 score:
T* = argmax, F1(1) 27)

Given the safety-critical nature of gas turbine operation, the threshold is further adjusted to prioritize recall over
precision:

<05 (28)

In this study, the selected threshold is:
7=0.56

This choice reflects a deliberate trade-off that reduces missed faults at the expense of increased false alarms,
aligning with industrial risk management priorities. All stages of model development, including feature
engineering, hyperparameter tuning, and threshold selection, are performed exclusively on the D;,.,;,,. The test set
D.s:remains completely unseen until the final evaluation:

Dirain N Diest = @ (29)

Results and discussion
Although ensemble and deep learning models (e.g., Random Forest, XGBoost, neural networks) may achieve
higher predictive accuracy, they are intentionally excluded to prioritize interpretability and deployability in safety-
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critical environments. Decision Trees provide transparent, rule-based decisions that support operator trust and
regulatory requirements. A Mann—-Whitney U test confirms statistically significant differences (p < 0.01) between
normal and anomalous conditions for key features (e.g., TAT, AFDP), indicating that detected anomalies reflect
meaningful system deviations.

Procimon-Recall Curve with Optimal Operating Pomt

— i) M e

[ B S BT

Precaion

FRecall

Figure 2: Precision—Recall Trade-off and Safety-Oriented Operating Point for Latent Fault Detection
The selected operating point (t = 0.56) achieves an F1-score of 0.703, with Recall 0.881 and Precision 0.585. This

high-recall region reflects a safety-oriented strategy that prioritizes fault detection over minimizing false alarms.
Such a trade-off is appropriate in industrial settings where missed faults carry a higher risk.

Canfusion Matrix - Time-Hase? Valdation

N
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Figure 3: Confusion Matrix under Safety-Oriented Threshold Selection

At t=0.56, the model detects 331 faults with 35 missed cases (Recall = 0.881) and generates 224 false
positives (false alarm rate =~ 4.28%). This behavior aligns with the selected threshold, minimizing false negatives
while maintaining acceptable false alarm levels.

115 | AJAPAS: Copyright: © 2025 by the authors. Submitted for possible open access publication under the terms and conditions of the
Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).



ROC Curve - Time-Based Validation
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Figure 4: Receiver Operating Characteristic (ROC) Curve for Time-Based Validation of the Proposed Decision
Tree Model

The ROC curve demonstrates the discriminative capability of the Decision Tree under strict temporal
validation, achieving an AUC of 0.951, which indicates excellent separability between normal and fault
conditions. The curve consistently exceeds the random baseline, confirming that the model captures meaningful
structure rather than noise. The steep initial slope reflects high true-positive rates at low false-positive rates—an
essential property for safety-critical systems. Unlike random splitting, time-based evaluation ensures that
performance reflects generalization to unseen future data. Overall, the result validates the robustness of the
proposed leakage-aware and temporally consistent framework under realistic deployment conditions.

Top 10 Moat reponart Feetires

Perrramanen Irpooance

Figure 5: Permutation-Based Feature Importance Ranking for the Proposed Model

The figure presents the top 10 most important features ranked using permutation importance on the test
set. The results indicate that Delta_efficiency is the dominant predictor, followed by Normalized_power and TAT,
suggesting that derived thermodynamic relationships contribute more significantly to fault detection than raw
sensor measurements. The dominance of Delta_efficiency underscores the effectiveness of physics-based feature
engineering in capturing latent system behavior not directly observable from raw measurements. Similarly,
Normalized_power and TAT reflect key thermodynamic interactions associated with performance degradation
and abnormal operating conditions. Notably, features derived from combinations of accessible sensors (e.g.,
TAT_AFDP_ratio) contribute more meaningfully than individual low-level variables such as AT or TEY _density.
This confirms that informative representations can be constructed without relying on unavailable emission or
internal sensors. The use of permutation importance ensures that feature contributions are evaluated based on their
actual impact on model performance, avoiding bias associated with model-specific metrics. Overall, the results
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validate the proposed feature engineering strategy and demonstrate that interpretable, physics-informed features
can effectively support accurate fault detection in sensor-limited environments.

Distribution Shift Batween Tralning and Test Pegiogs
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Figure 6: Distribution Shift Between Training and Test Periods for Key Sensors

The figure illustrates that the distribution shift between training and testing periods is limited (=2.7% on
average), although AFDP exhibits a higher deviation (~10%), suggesting localized operational changes. Despite
this shift, model performance remains stable, indicating robustness to moderate temporal variability. The presence
of a measurable shift further justifies the use of time-based validation, as it reflects realistic deployment conditions
where data distributions evolve.

Performance Comparison: Random vs Time-Based Split
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Figure 7: Impact of Data Splitting Strategy on Model Generalization Performance

The figure shows a clear performance gap between the random split (F1 = 0.752) and the time-based
split (F1 = 0.709), corresponding to an overestimation bias of ~5.7%. This confirms that random splitting
introduces temporal leakage and yields overly optimistic results. In contrast, time-based evaluation provides a
more reliable estimate of real-world performance. This finding reinforces the necessity of temporally consistent
validation in industrial time-series applications.
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Figure 8: Interpretable Surrogate Decision Tree for Weakly-Supervised Fault Classification in Gas Turbine
Diagnostics

The figure presents a decision tree that provides a transparent representation of the learned decision
boundaries, where each node corresponds to a physically interpretable rule. The limited depth and balanced
structure indicate that the classification problem is well-structured and does not require excessive complexity.
This interpretability is critical in safety-critical systems, enabling traceability, validation, and operator trust. The
result demonstrates that high diagnostic performance can be achieved without sacrificing explainability,
supporting practical deployment. Including this figure is critical as it bridges the gap between model accuracy and
interpretability—an essential requirement in safety-critical systems such as gas turbines. It demonstrates that the
proposed framework not only achieves high performance but also yields explainable decision pathways, thereby
supporting trust, validation, and potential deployment in real-world prognostics and health management (PHM)
systems.

Model Performance and Operating Point

Table 3 summarizes the model performance under time-based validation. The model achieves strong
discriminative capability (AUC = 0.951) and high accuracy (0.952), indicating reliable separation between
normal and fault conditions. More importantly, the model achieves a high recall (0.881), which is essential in
fault-detection scenarios. As shown in Figure 2 (Precision—Recall curve), threshold tuning shifts the operating
point toward higher sensitivity.

Table 3: Model Performance and Optimal Operating Point

Metric Default (r = 0.50) | Optimal (z = 0.56*)
Accuracy | 0.9524 —
Precision 0.5853 0.5872
Recall 0.8811 0.8938
F1 Score 0.7034 0.7088
AUC-ROC | 0.9510 —
MCC 0.6954 —

The optimal threshold (t = 0.56) improves recall to 0.894 while marginally increasing precision, resulting in a
slightly higher F1 score (0.709). This confirms that the model can be tuned toward safety-oriented operation
without compromising robustness.
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Validation and Generalization

Table 4 compares random and time-based validation. A clear performance gap is observed (F1: 0.752
vs. 0.709), corresponding to an overestimation bias of approximately 5.7%. As illustrated in Figure 7, this gap
arises from temporal leakage introduced by random splitting. In contrast, time-based validation enforces
chronological consistency and provides a more realistic estimate of model performance. Furthermore, the
distribution shift analysis (Figure 6) shows moderate variation (~2.7% on average), with higher deviation in
AFDP. This explains part of the performance degradation and highlights the importance of evaluating models
under evolving operational conditions.

Table 4: Validation Strategy Comparison

Method F1 Score | Precision | Recall
Random Split 0.7519 0.6886 0.8279
Time-Based Split | 0.7088 0.5872 0.8938

Safety Analysis

Table 5 presents the confusion matrix-derived safety metrics. The model achieves a low false alarm
rate (4.28%) while maintaining high recall, detecting 415 out of 471 fault instances. However, 56 faults remain
undetected (missed fault rate = 11.89%). This trade-off reflects the selected operating point (t = 0.56), which
prioritizes fault detection over minimizing false alarms. As observed in Figure 3 (Confusion Matrix), the model
prioritizes sensitivity, consistent with safety-critical requirements in which missed faults are more costly than
false positives.

Table 5: Error Analysis and Safety Metrics
Metric Value
True Negatives 6582
False Positives 294
False Negatives 56
True Positives 415
False Alarm Rate | 4.28%
Missed Fault Rate | 11.89%

Feature Importance and Interpretability

Table 6 shows that physics-informed features dominate the model, particularly Delta_efficiency (0.46)
and Normalized_power (0.23). As supported by Figure 5, these features capture key thermodynamic relationships
that are not directly observable from raw measurements. The Decision Tree structure (Figure 8) further enhances
interpretability by providing explicit decision rules. This transparency enables direct mapping between input
features and predictions, supporting trust and deployment in industrial environments.

Table 6: Top 10 Feature Importance

Feature Importance
Delta_efficiency 0.4614
Normalized_power 0.2250
TAT 0.1066
AFDP 0.0543
TAT AFDP ratio 0.0437
AP 0.0425
AT _AP_product 0.0126
AT 0.0121
AT _TAT _interaction | 0.0052
TEY _density 0.0010

Conclusion and Future Work

This study proposed a leakage-aware, time-validated framework for latent fault detection in gas turbine
systems, using physics-informed features and an interpretable Decision Tree model. The results demonstrate that
high diagnostic performance (AUC = 0.951, recall = 0.881) can be achieved under realistic constraints. In contrast,
the observed performance gap between random and time-based validation (=5.7%) highlights the importance of
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temporally consistent evaluation. From a practical perspective, the model provides a transparent and deployable
solution, with decisions grounded in physically meaningful features.

However, reliance on proxy fault labels and missed faults indicates areas for improvement. Future work
will focus on validation using real fault data, reducing false negatives through advanced or hybrid models, and
enhancing robustness via adaptive learning under distribution shift.
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