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ABSTRACT

Predictive maintenance (PdM) has increasingly used data-driven prognostic models to predict
equipment degradation and remaining useful life (RUL) in the aerospace industry. In the
aerospace industry, predictive maintenance (PdM) has increasingly used data-driven
prognostic models to estimate equipment degradation and remaining useful life (RUL).
However, most existing methods focus solely on predictive accuracy and offer little support
for assessing reliability, explaining, evaluating risk, or making maintenance decisions. The
existing drawbacks are overcome by proposing a novel approach to diagnosing and predicting
the risk of failure in turbofan engines, based on the NASA C-MAPSS FDO0O1 dataset, within
explainable multiagent frameworks for maintenance decision intelligence. The proposed
framework is based on a multitask deep learning architecture consisting of a convolutional
neural network (CNN), a bidirectional long short-term memory (BiLSTM) network and an
attention mechanism to jointly predict the health of the engine and the RUL value. A reliability
assessment agent is a fusion of rule-based uncertainty estimation with deep ensemble statistics
with a confidence-aware prognostic output. Operational risks are calculated by a Mamdani-
type fuzzy risk agent on the basis of the prognostic and degradation indicators, and an
explainability agent combines attention analysis, feature importance assessment and feature
attribution based on SHAP to provide interpretable evidence. A multiagent reasoning layer also
provides information about prognosis to an adaptive multi-criteria decision-making (MCDM)
agent, which transforms the prognosis information into maintenance recommendations.

Experimental evaluations on the NASA C-MAPSS FDO0O1 dataset reveal that the proposed
framework is effective at providing reliable, interpretable and decision-oriented prognostic
intelligence-based predictive maintenance applications, with MAEs of 0.1047 and 0.1036 for
health prediction and RUL prediction, respectively; moreover, the RMSE and RMSE are
0.1300 and 0.1287, respectively, and the R? scores are 0.7373 and 0.7403 for health prediction
and RUL prediction, respectively, with a NASA score of 36.1192.

Keywords—Predictive Maintenance; Remaining Useful Life Prediction; Explainable
Artificial Intelligence (XAI); Agentic Artificial Intelligence; Prognostics and Health
Management (PHM); Multi-Agent Decision Intelligence; Reliability-Aware Prognostics; Risk-
Aware Maintenance Decision Support.

1. Introduction



Given the high complexity of aerospace systems, intelligent prognostics and health
management (PHM) solutions are needed to ensure their safety and efficiency in operation.
One of the main tasks within the PHM is the prediction of the remaining useful life (RUL) of
aerospace systems. Accurate estimation of the degradation and remaining useful life of these
systems allows for the maintenance of those components prior to their failure and, therefore,
reduces the costs associated with their catastrophic failure. Should any of these components
fail within critical industries such as aviation, such failures can have devastating consequences
for those industries and their economies.

As such, the aviation industry has begun to rely upon data-driven and intelligent maintenance
models to help ensure the safety of flights and passengers. The implementation of sensors in
the components of the aircraft has enabled the collection of data related to the health and
degradation of those components. Additionally, the use of machine learning (ML) and deep
learning (DL) algorithms to analyze the collected data has allowed accurate predictions of the
RUL of critical components.

The NASA Commercial Modular Aero-Propulsion System Simulation (C-MAPSS) dataset is
among the most extensively used datasets within the field of prognostics and health
management (PHM) for turbofan engines. The data collected from turbofan engines under
various operating conditions and failure scenarios have enabled researchers to simulate the
health of those components and their degradation over time. Additionally, numerous studies
have employed this benchmark dataset to propose data-driven prognostic models based upon
techniques such as convolutional neural networks (CNNSs), recurrent neural networks (RNNs),
attention models, ensemble models, and multitask learning (MTL) models to achieve
considerable success in monitoring the health of those components and predicting their RUL.

Despite the considerable success that has been reported from the applications of the prognostic
models discussed above, there are still limitations to the current implementations of these
models. For instance, most of these models are applied to provide an estimate of the RUL of
the component to be maintained. However, current maintenance engineers do not typically
utilize the RUL and the accuracy of that estimate as the sole information that they use to make
a decision regarding the maintenance of that component. Additional information regarding the
reliability of that estimated RUL, the risk to the component of that maintenance decision, the
severity of the potential degradation of the component if maintenance is not performed, and
any other supporting information to that decision is generally required by the engineers before
they will perform maintenance on that component. Thus, the accuracy of any estimate of the
RUL is inherently limited unless those prognostic models can also make recommendations or
provide support for any maintenance-related decisions by those engineers.

Another important challenge is the limited interpretability of many deep learning-based
prognostic models. Although deep learning models are able to effectively learn representations
of the complex degradation processes of equipment, the reasons behind the decisions of those
models are often difficult to understand. This lack of transparency in the decision-making
processes of these models can contribute to a lack of trust in the models’ recommendations,
especially within applications where such trust in the recommendations of the models is
critical. Explainable artificial intelligence (XAI) techniques have, therefore, attracted the
attention of many researchers within the field of PHM as a means of providing interpretable
insights into the predictions of these models. However, many explainability techniques focus
solely upon providing explanations for the features used within the models and do not provide
explanations for the maintenance intelligence that can be drawn from those model predictions.



In addition to uncertainty and explainability, another important aspect of many prognostic
models is their ability to assess their reliability. Maintenance decisions based upon uncertain
or unreliable prognostic model predictions can lead to significant risks for the equipment and
its operational processes. While there are a number of methods for providing reliability
assessments for deep learning prognostic models, the assessments are often provided as
additional information outside of the model predictions themselves. Thus, maintenance
personnel are still required to manually assess the reliability of model predictions, evaluate the
risks that may result from those unreliable predictions, and make maintenance-related decisions
according to those assessments.

Recent developments in the field of Agentic Artificial Intelligence (AAI) offer new
opportunities for improving the reliability, explainability, and decision-making of prognostic
models. Agentic Al systems include multiple Al “agents” that work together to make decisions
or take action. Unlike conventional models that provide only prognostic model predictions to
end users, agentic Al models can transform those model predictions into intelligence for end
users by incorporating steps such as reasoning and evaluating evidence. These capabilities can
be beneficial in the area of maintenance in particular, as maintenance decisions have to be made
according to a variety of factors regarding the equipment, such as its health, remaining useful
life (RUL), the predicted reliability of those estimates, and the risks associated with taking
certain maintenance actions.

Motivated by these challenges and opportunities, in this paper, we propose the Risk-Aware
Explainable Agentic Prognostic Intelligence Framework (REMAF) for the purpose of
performing predictive maintenance for turbofan engines using the NASAC-MAPSS FDO001
dataset. The proposed framework incorporates deep learning prognostic model predictions with
an agentic intelligence architecture that can support risk and reliability assessments,
explainability, degradation reasoning, and maintenance decision support. A multitask deep
learning prognostic model uses a convolutional neural network (CNN), a bidirectional long
short-term memory (BiLSTM) network, and an attention network to estimate the health and
remaining useful life (RUL) of turbofan engines. The outputs of the deep learning model are
provided to a collection of intelligent agents within the framework that work together to
transform the prognostic model predictions into recommendations for maintenance personnel.

The framework includes a Reliability Agent, a Risk Agent, and a number of Reasoning Agents,
such as a Trend Agent, a Stability Agent, a Health Agent, and a Degradation Pattern Agent.
Furthermore, an explainability agent utilizes techniques such as attention-based temporal
evidence and feature importance to provide explainable outputs from the prognostic system.
Finally, a decision agent performs fusion of the prognosticated and reliability data to
recommend maintenance actions for the engines. The main contribution of this work is not the
creation of a new architecture for predicting RUL but rather the creation of a framework that
bridges the gap between prognosis and maintenance decision support. The integration of
prognostics, reliability, risk analysis, explainability, and decision support into a unifying
framework represents a step forward in the development of intelligent, decision-centric systems
for the field of predictive maintenance. Such a framework would be highly valuable in the area
of aerospace maintenance.

The primary contributions of this study are threefold. First, a framework utilizing a multitask
CNN-BiLSTM-Attention network is developed to estimate the health and RUL of the engine
using the NASA C-MAPSS data. Second, a multiagent system is proposed that includes
modules for reliability, risk, degradation, explainability, and MCDM. Third, an explainable



and confidence-aware framework is created that integrates attention models, feature
importance models, and a human review process to provide trustworthy and decision-centric
maintenance support.

The remainder of the paper is organized as follows. Section 2 reviews the related literature.
Section 3 presents the proposed framework. Section 4 presents the experimental results.
Section 5 presents a discussion of the results in comparison with related research. Section 6
discusses the limitations of the proposed framework. Finally, Section 7 presents the
conclusions of this work, and Section 8 presents suggestions for future research.

2. Literature Review

Over the past few years, Prognostics and Health Management (PHM) has become a fast-
emerging field that has moved from conventional condition monitoring to the insightful field
of predictive maintenance, which includes the ability to accurately predict equipment
deterioration and remaining useful life (RUL). In recent years, the complex degradation
patterns of industries, aircraft and other industrial applications in various parts of the world
have been studied more frequently using deep learning techniques for modeling. Advanced
learning strategies for learning RUL have been proposed, and Gandhudiya and Anil proposed
a learning framework that has the potential to capture nonlinear degradation behavior [1].
Similarly, Dong et al. proposed a framework to predict the health of turbofan engines on the
basis of maintenance tasks, not simply RUL prediction, that uses the NASA C-MAPSS
database, demonstrating the applicability of such maintenance-oriented prognostic intelligence
for turbofan engines for prediction other than RUL prediction [2].

Motivated by these properties, a promising prognosis modeling method is deep learning, which
can learn the temporal degradation characteristics from multisensor data. To better extract the
dependency of the degradation over time, Salini et al. introduced a temporal fusion network
with an attention mechanism [3]. In terms of engine health management, scientific machine
learning techniques for modeling engine degradation and predicting engine health have
advanced by Barry-Straume et al. [4]. The transformer-inspired architecture was quantitatively
investigated in sequence modeling for RUL prediction by Shata and Aboelhassan, who clearly
reported that the long-range degradation relationships of sequences can be learned by
transformer-based architectures [5]. Li and others have added a deep convolutional neural
network to the technique of remaining useful for life estimation, in which the feature extraction
method using convolution can extract degradation patterns on multisensor measurements to
improve the accuracy of prognosis [24]. Learning to perform multiple tasks has also been
investigated to simultaneously learn several health indicators and RULSs, minimizing the
correlations among the various RULSs and representations at the various degradation stages [6].
Furthermore, the results of multiple empirically stacked prognostic estimators are more robust
for predicting uncertain operating environments [7].

As artificial intelligence-based prognostic systems become increasingly complex, several
proposed lines of research have also gained prominence: the rationalization of the systems.
With the growing complexity of artificial intelligence-based prognostic systems, several new
lines of research have emerged: RATIONALIZATION OF THE SYSTEMS. Lee et al.
proposed an anomaly interpretation process for generating understandable explanations for
industrial monitoring systems to support maintenance intelligence in a better way for
transparency [8]. Recently, several empirical studies on explainable artificial intelligence



(XAI) have been published that seek to increase the levels of user trust, user accountability,
and the responsible use of Al in critical safety contexts [10, 19].

Tasks of reliability assessment and estimation of the health index have received a great deal of
attention in the field of predictive maintenance research as well. Badawi et al. suggested a
comprehensive health index (CHI) method that integrates multiple indicators in their overall
health evaluation from a combination of predictive maintenance points of view [11]. This topic
has also been studied extensively in the engineering field and can be observed in other
mechanical components, including rolling element bearings, harmonic drives and all other
critical engineering assets where the importance of confidently balancing maintenance
planning can be seen for various engineering applications [12] [13]. Moreover, systems of
predictive maintenance based on digital twins and models of residual regime predictive control
have predicted the possibility of using intelligent monitoring and optimum maintenance in
cyber-physical systems [14] [15].

To increase the robustness of the model in different working scenarios, different methods of
feature learning and domain generalization approaches have been studied. To increase the
generalization ability of cross-condition RUL prediction under different operating conditions,
Wu et al. proposed a graph-aware meta-network method, named RUL2MNETwork [16]. To
overcome some of these constraints, Kumar et al. proposed another lightweight Edge-Al
system concept for predictive maintenance with explainability and intelligent maintenance
recommendations for resource-constrained systems [17]. They are interested in the types and
purposes of applications; moreover, there is a growing emphasis on trustworthy and
deployment-oriented prognostic intelligence.

In recent years, some work has been carried out on ‘smart decision-making' in predictive
maintenance processes. Autonomous robotic agents for operational decision support have been
studied for such industrial operations as a prime example of the ability of special-purpose
robotic agents to perceive, reason and make adaptive decisions [20]. Pandey et al. suggested
an agentic architecture that improves the present Al system by introducing autonomous agents
that can think together and collaborate in performing tasks [21]. Similarly, Al-powered
foundation and agentic systems capable of intelligent decision-making in various fields were
explained by Altintas et al. as an emergent paradigm shift from machine learning to Al-based
intelligent decision systems [22], and Shahadat Hossain et al. suggested how Al-based
intelligent decision-making systems are evolving from machine learning to foundation and
agentic Al in different application fields [23].

While significant progress has been made in functional space prediction accuracy and in
explaining these views, several efforts have been dedicated to assessing the reliability of the
current research and conducting risk analysis or decision-making of maintenance as functional
spaces. All these findings highlight the need for a new integrated prognostic intelligence
system, which can estimate both the health status of the engine and the life until the next
machine maintenance; in parallel, the reliability associated with the prognosis, the level of risk
of operation, the data on engine degradation for interpretation, and coordinated multiagent
intelligence, issues actionable/recommendations up to future maintenance based on reliable
prognoses.



Table 1 Summary of Existing Prognostic Approaches

Ref. | Methodology Dataset | Performance Key Our Gap/Novelty
Metrics Observations
[4] | Multitask Real-world | MAE, PICP, | Demonstrates | Our framework
CNN + engine fleet | MPIW, CWC | effectiveness extends prediction
Residual data of attention- outputs into
BiLSTM + based reliability
Attention for multitask assessment, risk
joint turbine prognostics evaluation,
health and and explainability, and
RUL uncertainty- maintenance
prediction with aware decision
uncertainty prediction intelligence
estimation
[2] | Condition- NASA C- | Accuracy, Shows Our framework
aware MAPSS ROC, maintenance- | jointly predicts
preprocessing | (FDOO1- Confusion oriented Health and RUL
with BILSTM, | FD004) Matrix outputs are while providing
XGBoost, more risk-aware
LightGBM actionable maintenance
and health- than numerical | recommendations
state predictions through agent-
classification alone based reasoning
[3] | Temporal EV Accuracy, Attention We utilize
Attention induction RMSE, MSE | mechanisms attention not only
Fusion LSTM | motor effectively for prediction but
(TAF-LSTM) | dataset capture also for
for fault degradation explainability and
diagnosis and evolution and | evidence
RUL temporal generation
prediction dependencies
[17] | Hybrid Edge- | Industrial Inference Demonstrates | Our framework
Cloud Al with | machinery | Time, importance of | integrates
confidence dataset Accuracy, confidence- reliability, risk,
estimation, Recall aware reasoning,
SHAP maintenance explainability, and
explanations, systems MCDM based
and fault maintenance
prediction decision support in
a unified
architecture
[8] | Graph-based SWaT Fl-score, Highlights Our framework
anomaly Industrial | Precision, need for provides
detection with | Control Recall interpretable explainable
correlation- System Al systems in | prognostics
aware Dataset critical coupled with
explainability industrial degradation
environments | reasoning and




maintenance
recommendations
[21] | Multi-Agent General Qualitative Demonstrates | We adapt agentic
Architecture Agentic Al | Evaluation effectiveness | Al concepts
with Framework of coordinated | specifically for
autonomous intelligent PHM by
reasoning, agents for integrating
planning, and complex prognostic outputs,
decision decision- reliability
support making tasks | assessment, risk
analysis,
explainability, and
maintenance
decision support
Research Gap

The literature reveals several important research gaps, including the lack of maintenance
decision support mechanisms, limited integration of explainability with degradation reasoning,
inadequate utilization of prediction confidence and reliability information, and the absence of
risk-aware prognostic intelligence frameworks. Furthermore, most studies treat prediction,
explanation, and decision-making as independent tasks, resulting in fragmented maintenance
intelligence, while the application of agentic Al and multiagent coordination in prognosis and
health management (PHM) remains largely unexplored. These limitations motivate the
development of a unified, explainable, reliability-aware, and decision-centric prognostic
framework.

3. Proposed Framework and Methodology

3.1 System Architecture

The Risk-AwareExplainable Agentic Prognostic Intelligence Framework (REMAF) for
turbofan engine predictive maintenance using the NASA C-MAPSS FDO0O1 dataset is
presented in Fig. 1. The framework extends the capabilities of existing Remaining UsefulLife
(RUL) prediction technologies by integrating reliability assessment, risk assessment,
explainability, degradation reasoning, and maintenance decision support.

The framework consists of six major layers: the Data Acquisition and Processing Layer, the
Multitask Prognostic Layer, the Reliability Assessment Layer, the Risk Assessment Layer, the
Reasoning and Explainability Layer, and the Decision Intelligence Layer.

The process begins by acquiring multivariate sensor data from turbofan engines undergoing
degradation. The data are converted into a series of fixed-length sequences. The sequences are
provided to a CNN-BiLSTM-Attention-based deep learning model that predicts two values:
the engine health score and the remaining useful life (RUL) of the engine. The reliability of the
engine is assessed through the use of DeepEnsembles, risk is assessed through a series of risk



assessment agents, the degradation of the engine is explained through attention analysis,
attention-weighted feature importance, SHAP analyses, and explanation fusion, and
maintenance decision support is provided through the adaptive dynamic MCDM decision
support model. Thus, the framework aims to provide maintenance intelligence that can be used
to support the planning of maintenance activities for turbofan engines.
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Fig. 1: Overall architecture of the proposed multiagent prognostic intelligence framework.
3.2 Data collection and preprocessing

The proposed framework is based on the NASA Commercial Modular Aero-Propulsion System
Simulation (C-MAPSS) FDO0O01 dataset. This benchmark dataset provides run-to-failure data
for simulated turbofan engines with a single operating condition and single fault mode, where
each engine under test is subject to multiple operational cycles that model its degradation from
healthy operation to system failure.

The FDO0O1 dataset was chosen because of its controlled degradation nature and its popularity
as a benchmarking dataset for prognostic algorithms. Before initial processing, seventeen
informative sensor measurements were selected for use in modeling. Inclusive sensor
measurements that displayed near-constant behavior (limited sensitivity to degradation) were
omitted to increase the robustness of the model and decrease noise. To ensure that the
performance of the model is independent of the sensor measurement scale, all the selected
sensors were normalized using the min—max normalization method for stable neural network
training. Given an input feature x, the normalized value x_norm is given by (1).

X — Xmin
xnorm -

)

Xmax — Xmin



where x min and x max denote the minimum and maximum values of the corresponding
feature, respectively.

Following the normalization process, temporal sequences were created using a sliding window.
A window size of 30 operational cycles was used to represent both short- and long-term trends
in the data. Each data sample consists of 30 cycles of 17 sensor measurements each.

The RUL of each engine unit is calculated as the difference between the current cycle and the
failure cycle. To enable the deep neural network to learn health-related information, the health
score (Healthi) was created using equation (2).

RUL;

Healthi = RUL-—

2
RULIi refers to the sample at cycle i, and RUL max refers to the maximum found in the RUL
dataset. According to this formulation, healthy engines will have a health value in the vicinity
of 1, and very poor-quality engines will have a health value in the vicinity of 0.

3.3 Feature Engineering

Degradation information is important to preserve, while irrelevant variability is removed, a
process known as feature engineering. The proposed framework leverages automated feature
learning via deep neural networks instead of extensively using manually designed statistical
descriptors. The measurements selected for the sensors are arranged into sequences in time that
maintain the continuity of degradation. Each input tensor is represented using (3).

X € R30x17 (3)

where 30 signifies the length of the time segment in the video and 17 signifies the chosen sensor
attributes. This representation enables the model to learn the degradation patterns directly from
the raw sensor trajectories. The CNN module extracts local degradation signatures, and the
interactions between the sensors and the long-term temporal dependency are modeled by the
BiLSTM layer. The temporal features are then passed to an attention mechanism to determine
the most informative cycles in each sliding window. The context vector generated is a shared
vector representation of degradation, which is shared and jointly used by both heads, the health
index and the remaining useful life prediction head, allowing multitask learning. The feature
engineering process is therefore devoted to maintaining temporal degradation information
instead of building handcrafted features, thus automatically learning representations of the
degradation that is suitable for the specific task.

3.4 Multitask Prognostic Model Development

The backbone of the REMAF prognostic model is a multitask deep learning model composed
of a convolutional neural network (CNN), bidirectional long short-term memory (BiLSTM)
and an attention mechanism.



CNN feature extraction layer

The first feature extractor is the CNN. The one-dimensional convolution operation is performed
on temporal sensor sequences to detect local degradation signatures and intersensor
relationships.

The convolution operation can be expressed using (4),
hy = f(W * x, + b) “4)

Here, W represents the convolution kernel, b represents the bias term and f(.) represents the
activation function.

The CNN layer filters out noise and extracts representations that are induced by degradation
and are passed to the temporal learning module.

BiLSTM Temporal Modeling Layer

A Bidirectional Long Short-Term Memory network is used to process the extracted feature
maps. BILSTM differs from traditional LSTM, as it can learn temporal dependence in both
forward and backward directions, which helps it learn richer degradation representations.

The forward hidden state is calculated and then followed by the backward hidden state, which
is concatenated in the form of (5)

h, = [h;; h 5)

This is a bidirectional design that allows the model to use both past and future context
information in the sliding window.

Attention Mechanism

While they are effective at modeling temporal dependencies, not all of the operational cycles

are equally important for making a prognostic decision. Thus, an attention mechanism is used
to detect key degradation durations, thereby enabling the identification of critical degradation
durations.

The attention weights are computed using (6)

_ exp(et) (6)

a =
t ™ 3T | exp(er)

where e_t represents the relevance score associated with cycle t.

The final context vector is obtained using (7)

C = Yi_,ah, (7



This mechanism allows the model to focus on the most informative degradation stages while
dampening out less important temporal information.

Multitask Prediction Heads

The common CNN-BiLSTM-Attention encoder is shared and passed to two task-specific
prediction heads, where a common degradation representation is learned prior to being passed
to the prediction heads.

The common degradation representation is learned by the shared CNN-BiLSTM-Attention
encoder and passed to two prediction heads to perform the respective tasks. The first prediction
head is used to estimate the engine health index (HI), which is a measure of degradation
conditions, and the second prediction head is used to estimate the remaining useful life (RUL),
which is a measure of the number of operating cycles remaining before failure. By doing so,
the network can learn degradation representations jointly for both tasks, thereby enhancing the
overall prognostic performance. In addition to the health index and remaining useful life
predictions, the attention mechanism also produces attention weights that are used to determine
the most important operating cycles, which are then used by the explainability agent to interpret
the temporal aspects. The second model predicts remaining useful life (RUL), which is the
number of cycles to failure.

Combining the optimization of both tasks will lead the network to learn generalized
degradation representations that will enhance the overall prognostic performance.
3.5 Reliability Assessment Agent

In safety critical maintenance operations, the reliability of predictions is essential. The proposed
deep ensemble-based reliability agent fuses the results of three independent multitask network
models to learn the prediction confidence with the ensemble statistics and keep the existing
rule-based uncertainty learning as a complementary and adjustable component.

Let the bounded confidence of a prediction x be defined using (8)
C(x) =2|x—0.5]| )]

The uncertainties associated with health and RUL predictions are given by (9) and (10),
respectively.

Uhearch = 1 — C(Health) )
Uu=1-C(RUL) (10)
The final confidence score is computed using (11)

Uheatth+Urui (1 1)

Confidence =1 — 5

Another use of deep ensemble statistics is to provide a conservative estimate of reliability.



3.6 Risk Assessment and Explainability Layer

Risk Agents

The risk agent is based on a Mamdani-type fuzzy inference system (FIS) that uses multiple
degradation indicators to estimate operational risk. The inputs are as follows: Health,
Remaining Useful Life (RUL), Confidence, Trend, Stability.

The fuzzy inference engine is used to obtain a continuous risk value, and then this value is
mapped to four risk categories as follows: LOW, MEDIUM, HIGH, CRITICAL.

This allows the framework to capture the nonlinearities between degradation indicators and to
create understandable operational risk assessments.

SHAP-Based Evidence Generation

The explainability agent has been designed to conform to a multilevel explainability framework
that combines attention analysis, attention-weighted feature importance analysis, SHAP-based
feature attribution and explanation fusion to offer complete and interpretable evidence to back
prognostic predictions.

Attention analysis detects key operation cycles, and the SHAP values are the contributions of
each feature to the predictions of health and RUL. The SHAP Explainer provides local and
global feature explanations, and the explanation fusion module merges the feature
explanations, the attention of time and the feature importance with the SHAP evidence into a
holistic explanation in natural language. These explanations are then converted to human
readable maintenance evidence.

3.7 Multiagent Reasoning and Decision Intelligence

There are four specialized agents in the reasoning layer:

Trend Agent: This is a service that conveys trends to the user.

Stability Agent: This is a service that provides information on trend stability to the user.

The trend agent is used to determine if the degradation is stable, declining or declining quickly.
The Stability Agent checks the consistency of predictions and determines engine behavior as
being in high, medium or low stability mode. The health evidence agent leverages
explainability outputs from the attention and SHAP analysis modules to identify influential
sensor variables, as well as degradation evidence. The degradation pattern agent categorizes
the behavior of the operating system as stable operation, degradation or accelerated
degradation. All the outputs of the reasoning agents are passed to the adaptive MCDM decision
agent.

The final decision score is based on a weighted sum model (Eq. (12)).
D = ?=1 wiC,- (12)

Each decision criterion (health risk, RUL risk, confidence risk, trend risk, stability risk, pattern
risk, and risk score) is represented by C 1.



The adaptive weights are not fixed weights like those normally used but are variable weights
that are changed on the basis of the severity of degradation and the risk conditions. The
framework provides one of the following maintenance actions on the basis of the final decision
score. On the basis of the final decision score, the framework generates one of the following
maintenance actions: NORMAL OPERATION, MONITOR CLOSELY,
SCHEDULE MAINTENANCE, IMMEDIATE MAINTENANCE, HUMAN REVIEW.

If the level of confidence is below the predefined thresholds, the human review mechanism is
triggered to avoid unsafe automated decisions.

3.8 Evaluation Methodology

From various viewpoints, the proposed framework is assessed to achieve a comprehensive
assessment. Standard regression measures, such as the root mean square error (RMSE) and
mean absolute error (MAE), are used to assess the prognostic performance for both health and
RUL prediction tasks.

The reliability assessment framework generates 95% confidence interval (CI) estimates,
uncertainty measures and ensemble statistics that are used to evaluate the reliability agent. The
actual performance of the risk assessment is measured using the risk scores and risk-level
classifications. The explainability performance is analyzed on the basis of feature contribution
analysis and evidence generation capability by SHAP. Finally, maintenance recommendation
consistency, priority assignment behavior and case based maintenance decision analysis for
decision intelligence are measured.

The proposed REMAF framework integrates prognosis prediction, reliability assessment,
explainability, risk evaluation, degradation reasoning and adaptive dynamic MCDM based
maintenance decision support in a unified framework, which transcends the concept of
predictive maintenance from prediction-oriented analytics to intelligent and actionable
maintenance decision support.

4. Experimental Results and Discussion
4.1 Experimental setup

The NASA C-MAPSS FDO0O1 turbofan engine degradation data were used to test the proposed
Risk-Aware Explainable Agentic Prognostic Intelligence Framework (REMAF). The
framework incorporates four agents—two for reliability assessment and two for explainability
analysis (via SHAP), an agent for risk assessment, and two multiagent reasoning-based
modules—in addition to a CNN-BiLSTM-attention-based multitask prognostic model and a
decision agent for adaptive multicriteria decision making (MCDM). The experimental
evaluation included not only testing the predictive ability of the framework but also testing the
ability of the framework to provide reliable confidence estimates, operational risk analyses,
meaningful degradation evidence and actionable maintenance suggestions. The performance
was therefore measured in five areas: prognostic prediction, reliability assessment, risk
evaluation, explainability and maintenance decision intelligence.



Table 2: Prediction Performance Results

Metric Health Prediction RUL Prediction
MAE 0.1047 0.1036
RMSE 0.1300 0.1287
R? 0.7373 0.7403
NASA Score - 36.1192

4.2 Prognostic Prediction Performance

The ability of the proposed framework for prediction was first tested for health score and
remaining useful life (RUL) prediction tasks. The proposed CNN-BiLSTM-Attention model
successfully captures the degradation information from multivariate sensor trajectories, as
shown in the obtained results.

The Health Prediction module had a mean absolute error (MAE) of 0.1047, a root mean square
error (RMSE) of 0.1300 and an R? of 0.7373. Similarly, the RUL prediction module has an
MAE of 0.1036, an RMSE of 0.1287, and an R? score of 0.7403. The results show that the
proposed multitask architecture is able to acquire shared representations of degradation that
can be used for both health assessment and lifetime prediction tasks simultaneously.

A score of 36.1192 was achieved for the RUL task with the NASA scoring metric. Given the
NASA score, which is more stringent for late predictions than it is for early predictions, the
results show the framework's potential for making maintenance-oriented forecast estimates
while minimizing the number of potentially hazardous forecasts that are late.
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Figure 2. Actual vs Predicted Health



The data in Figure 1 show the relationships between the actual health values and the predicted
values. The degradation trajectories are in good agreement between the predictions and
measurements, suggesting that this model is suitable for describing degradation evolution
throughout the entire engine life cycle. Only slight differences are found under very degraded
operating conditions when the variability in the sensors is greater.
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Figure 3. Actual vs Predicted RUL

As shown in Figure 2, the predicted RUL values correlate well with the actual RUL values and
are strongly positively correlated. The prediction variance is greater during the intermediate
stages of degradation, whereas mild saturation is observed at higher RUL values; thus, the
model still strongly agrees with the overall temporal degradation pattern under the different
engine operating conditions.

4.3 Reliability Assessment Performance

One of the main goals of the proposed framework is to expand beyond traditional prediction
systems by integrating reliability assessment in the maintenance decision-making process.
Deep Ensemble Reliability Analysis was incorporated to accomplish this goal.

The average level of confidence produced by the reliability assessment framework on the
validation samples was 0.8261, representing a generally high prediction level of confidence
produced by the reliability assessment framework. The relatively low uncertainties in
prediction (Health: 0.1760; RUL: 0.1717) also demonstrate a relatively low uncertainty in
prediction and a consistent level of confidence.

The results show that the reliability assessment framework can offer an extra level of
trustworthiness assessment to complement traditional prediction outputs. The framework is not



only able to predict values but can also quantify the level of confidence in the prediction, which
can be used in the maintenance decision-making process in a safer manner.

The reliability estimates are also used as important inputs to the risk agent and decision agent,
which in turn are used to make confidence-aware maintenance recommendations and triggers
for human review when the confidence level is below the acceptable limit.

4.4 Risk Assessment Analysis

The risk agent combines the information of the health score, remaining useful life (RUL),
prediction confidence, degradation trend and stability based on a Mamdani-type fuzzy
inference mechanism to provide an operational risk estimation.

The framework resulted in an average risk score of 61.45, which indicated that the scores
tended to be high overall in the validation set. This is what would be expected since many
samples in the validation set would be from engines in the late stages of degradation.
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The distribution of the risk level produced by the risk agent is shown in Figure 3. The proposed
fuzzy logic risk assessment agent categorized 1,130 of them as medium risk, 1,837 as high risk
and 946 as critical risk. The distribution is a representation of how the dataset, called NASA
C-MAPSS FDO001, degrades progressively over time and reflects the performance of the agent
in finding the engines that need maintenance. If the distribution is analyzed, 46.95% of the
samples fall into HIGH risk, and 24.18% fall into CRITICAL risk. Only 28.87% of the
observations were given the risk level of MEDIUM. There were no LOW-risk cases among the
cases examined, indicating that the validation set is composed mainly of engines in moderate
to severe degradation conditions. The results highlight the capacity of the risk agent to
effectively recognize the different levels of operational urgency and provide useful hazard
categorization for downstream maintenance planning.



4.5 Explainability and Degradation Evidence Analysis

To enhance the transparency and interpretability of the proposed framework, an
explainability agent is integrated that leverages attention-based temporal reasoning and
feature importance analysis.

Table 3: Explainability Results

Explainability Component Output
Most Important Cycle 30
Maximum Attention Weight 0.0771
Top SHAP Feature op_setting 1
Top Positive Contributors op_setting 1, sensor 4, sensor 11

Most Influential Negative Feature sensor 15

The explainability agent is a brainchild of the author who uses attention-based temporal
reasoning along with feature analysis using SHAP to make the model more explainable in terms
of its features and their importance. Cycle 30 was the most influential timestep in terms of
attention analysis, reflecting the fact that the operational information in the last few cycles has
the greatest impact on the prognostic predictions. The results also revealed that both the
operational settings (op _setting 1 and op setting 2) and the operational measurements
(sensor_4, sensor 11 and sensor 15) significantly influence the results of the SHAP analysis,
which highlights that the operational parameters are important for both health and RUL
prediction. These explanations, combined, provide interpretable evidence to support the
maintenance recommendations in the framework.

4.6 Maintenance Decision Intelligence Analysis

The last layer of the framework translates the notions of prognosis, reliability, risk and
explainability to actionable maintenance suggestions via the Adaptive MCDM Decision Agent.
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For 2,677 engine instances, the Adaptive Dynamic MCDM Decision Agent recommended
MONITOR CLOSELY; 863 engine instances were recommended to be maintained by the
human user; 373 engine instances were recommended for SCHEDULE MAINTENANCE;
and no engines were recommended for NORMAL OPERATION  or
IMMEDIATE MAINTENANCE. This distribution suggests that the engines assessed were
mostly in a moderate state of degradation and should be continuously monitored or dealt with
by an expert rather than intervention or normal use.

The results of the maintenance decisions generated suggest that most samples fall into the
category MONITOR_ CLOSELY. This behavior implies that there are many engines that have
conditions of degradation that need to be monitored more closely without immediate action.
There are also a considerable number of samples that have been classified as
HUMAN_ REVIEW. This illustrates the success of the confidence-aware decision mechanism,
with uncertain predictions being escalated to the expert for decision-making and not leading to
potentially unsafe automated maintenance actions. Schedule maintenance recommendations
are also presented, suggesting that the framework is able to detect the maintenance critical state
of engines. None of the samples were deemed to be NORMAL OPERATION or
IMMEDIATE MAINTENANCE, as the scores in this dataset are representative of samples
that were degraded.

4.7 End-to-End Framework Case Study

To illustrate the integrated working of the proposed framework, the application of the
framework for the case study of Engine 81 was used. A case study of Engine 81 is presented
in this table.



Table 4: Engine 81 Case Study

Component Output
Health Prediction | 0.0378
RUL Prediction 0.0347
Confidence 0.5362
Risk Score 87.83
Risk Level CRITICAL
Pattern STABLE OPERATION
Trend STABLE
Stability LOW
Decision HUMAN REVIEW

The engine is running very close to failure conditions, as suggested by the Health Prediction
(0.0378) and RUL Prediction (0.0347). The corresponding confidence score is much lower than
the average of the dataset (0.5362), leading to high uncertainty. Thus, the risk agent gave the
engine a risk score of 87.83 and assigned the engine to CRITICAL. The Trend and Pattern
Agents reported stable behavior, but the Stability Agent reported stabilities to be at a low level,
indicating that the observed state might not be a good indicator for making a fully automated
maintenance decision. Therefore, the decision agent developed a HUMAN REVIEW
recommendation. These results demonstrate the necessity of considering both prediction
confidence and risk evaluation and reasoning information when a decision is being made.

The framework not only takes the degradation scale into account but also takes uncertainty into
account before providing maintenance recommendations.

4.8 Discussion

The experimental results presented in this paper demonstrate the extension of conventional
prognostic systems beyond the scope of prediction. The CNN-BiLSTM-Attention architecture
effectively delivers HealthIndex and RUL predictions. Furthermore, the deep ensemble-based
reliability agent contributes reliability intelligence to the system by providing confidence in the
predictions made by the CNN-BiLSTM-Attention architecture.

The fuzzy logic risk agent translates the predictions of the main model into risk assessments
for the machine components. The reasoning agent determines degradation trends in the
components of the engine. The explainability agent provides interpretability of the main model
by providing attention analysis, attention-weighted feature importance, SHAP analysis, and
explanation fusion. Finally, the adaptive dynamic MCDM decision agent integrates the
intelligence of all the other agents and provides intelligent maintenance decision-making
recommendations for the engines. An Engine 81 case study demonstrates the integration of all
these components and their contribution to intelligent maintenance decision-making. These
results demonstrate that the proposed framework is not just a prognostic model but also an
agentic predictive maintenance intelligence system that can perform intelligent maintenance
decision-making for machinery operations.



5. Comparison and Validation

A representative set of studies from the areas of prognostics, predictive maintenance,
explainable Al and agentic intelligence was used for comparison with the proposed Risk-
Aware Explainable Agentic Prognostic Intelligence Framework (REMAF). Previous studies
have shown very good skills in specific modules, including the prediction of remaining useful
life (RUL), classification of health states, estimation of uncertainty, explainability, and
autonomous decision-making. Most of the approaches, however, are used for individual
components, and they do not offer a single framework of maintenance intelligence. The focus
of scientific machine learning (SML) engine health management approaches is mostly on
health and risk-aware RUL prediction with uncertainty estimation without considering risk-
aware maintenance reasoning or decision support. Similarly, the multiclass predictive
maintenance framework for Jet Engines does not consider confidence-aware decision-making
or reliability assessment for maintenance. Prognostic models based on attention can capture the
temporal degradation pattern well, but the outputs of the models do not generally include
maintenance intelligence integration and end at prediction generation.

Although explainable predictiveness maintenance systems and edge-Al frameworks have been
recently developed, they do not address operational risk assessment, degradation reasoning or
adaptive maintenance recommendation generation at the feature level or provide confidence
estimation. Similarly, anomaly interpretation frameworks offer clear explanations but are
limited to identifying the fault and not planning for prognosis. While not explicit in their design
to perform Prognostics and Health Management, agentic Al architectures illustrate a high level
of reasoning and autonomous decision-making. In contrast, the proposed REMAF is a single
architecture that combines health prediction, RUL prediction, the reliability assessment agent,
risk quantification, SHAP-based explainability, multiagent degradation reasoning, and
adaptive MCDM decision support. The experimental results show good competitive prognostic
performance (RUL RMSE = 0.1287, R? = 0.7403), and they are able to provide confidence-
based, risk-based and interpretable maintenance recommendations. This capability is both
common and unique to the proposed framework compared with existing prediction-centric
approaches and demonstrates the effectiveness of the proposed framework as a comprehensive
predictive maintenance intelligence system.

6. Limitations

The proposed framework was tested only on the NASA C-MAPSS FDO0O01 dataset, and the
generalization ability of the framework across multiple operating conditions is unproven.
While the deep ensemble reliability agent and SHAP-based explainability agent enhance
prediction reliability and transparency, they do not account for all sources of uncertainty or
offer a full root-cause analysis. The fuzzy logic risk agent and adaptive dynamic MCDM
decision agent, however, have yet to be tested in actual industrial maintenance environments
and rely on fixed rules.



7. Conclusion

This paper presents a risk-aware explainable agentic prognostic intelligence framework
(REMAF) for turbofan engine predictive maintenance using the NASA C-MAPSS FD001
dataset. Conventional Prognostics and Health Management (PHM) systems focus on the
prediction of the remaining useful life (RUL) of the engines. However, they do not offer
assessments of the reliability of the components, the level of risk that the components pose to
the turbofan engines, explanations of the maintenance decisions, or the intelligence behind
these maintenance decisions. Thus, despite the availability of PHM systems, their lack of these
features limits their applicability in the field. The proposed framework includes a CNN-—
BiLSTM-Attention-based MultiTask model to simultaneously predict the health index (HI)
and the remaining useful life (RUL) of the turbofan engines. A deep ensemble model is used
to create a reliability agent to provide information on the confidence of each prediction.
Furthermore, an explainability agent utilizes attention analysis, attention-weighted feature
importance, the SHAP explainer, and explanation fusion to provide explanations for each
predicted value for the health index and remaining useful life. A fuzzy logic risk assessment
model provides information on the risks that the engines pose to the turbofan engines.
Additionally, a multiagent degradation reasoning model explains the degradation of the
turbofan engines, and an adaptive dynamic MCDM decision agent creates intelligent
maintenance recommendations using the information from the other agents in the framework.
The experimental results using the NASA C-MAPSS FDO001 dataset show that the framework
is effective. For the MultiTask model, the mean absolute error (MAE) values for the health
index and remaining useful life were 0.1047 and 0.1036, respectively, and the coefficient of
determination (R?) scores were 0.7373 and 0.7403, respectively. The deep ensemble model
achieved an average confidence score of 0.8261, and the fuzzy logit risk assessment model
produced risk assessments with an average risk score of 61.45. Furthermore, the explainability
agent found influential operating cycles and features for degradation and generated
explanations for each turbofan engine using the included methods. Finally, the adaptive
dynamic MCDM decision agent created maintenance decisions for each turbofan engine using
the information from the other agents in the framework. Thus, the proposed framework
successfully transforms the focus of turbofan engine maintenance from the prediction of health
and remaining useful life to a transparent, explainable, and intelligent maintenance paradigm.
By including these various Al models within a single framework, this study highlights the
potential use of Al in the aerospace industry for PHM systems.

8. Future Work

Despite the promising results obtained with the proposed framework, several opportunities for
enhancing the system further exist. One of the crucial aspects that can be incorporated into the
system in the future is the integration of degradation propagation models based on the physics
of the engine. Such an approach can improve the robustness of degradation predictions under
scenarios with unseen engine conditions or limited data availability. Furthermore, it may
improve the interpretability of the model’s suggestions for maintenance. Another important
aspect of future research would be the investigation of techniques to perform root-cause
analysis of the degradation of the components of the engine. Although the explainability tools
currently implemented can identify which features of the engine are the most critical in
determining degradation, there is the potential for creating techniques that determine which
component degradation results in abnormal sensor readings from the engine.



Furthermore, it may also be interesting to investigate the causes of these failures. A deeper
understanding of the cause of engine failure will allow maintenance agents to better understand
these failures and incorporate this understanding into their suggested maintenance procedures.
Furthermore, another interesting direction for future research would be to incorporate some
form of feedback learning between the various intelligent agents within the framework. The
existing framework utilizes a unidirectional information flow between intelligent agents.
However, incorporating feedback capabilities into agents such as the risk agent, the
explainability agent, and the decision agent will allow their future decisions to be informed by
the previous decisions of the other agents. This form of feedback may further improve the
system’s intelligence.Finally, the current experiments were performed on the NASA C-
MAPSS FDO0O1 data subset only. It would be interesting to extend the experiments to other
data subsets, specifically FD002-FD004 and other datasets that represent other industrial
engines. These suggested extensions to the framework have the potential to further develop the
system into an even more intelligent, explainable, and deployable next-generation predictive
maintenance intelligence system.
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