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ABSTRACT 

 
Unexpected failures in rotating machinery may lead to large economic losses and even safety problems. Accurately predicting 

remaining useful life (RUL) plays an important role in equipment maintenance. Because of the strong non-linearity and noise 

sensitivity of data-driven models, however, their interpretation is often limited, and it is challenging to incorporate physical 

degradation mechanisms and achieve generalization. This article proposes a Prior-Information and Physics-Informed Neural 

Network framework for intelligent RUL prediction of rotating machinery. The framework follows a cloud-edge collaborative 

paradigm, where vibration signals are firstly processed by an improved particle filter based on a Damage Discrepancy 

Accumulation Hypothesis at the edge to extract degradation features, and then Prior-Weighted Self-Attention is applied in the 

cloud to capture richer features of the degradation process by introducing the perturbation-based prior information. Finally, a 
Fast-Slow Coupling Physics-Informed Neural Network is adopted to fully utilize the physical degradation knowledge for making 

the model more interpretable. The experimental results on a public data set and a self-built rotating-machinery test rig show the 

effectiveness of the proposed paradigm in achieving higher accuracy than existing approaches. Moreover, the framework achieves 

good performance even under noisy conditions. The work demonstrates the value of using prior information, vibration 

degradation features, and physical knowledge to enable rotating-machinery prognostics with high accuracy and interpretation.  

 

Keywords: Remaining Useful Life, Rotating Machinery, Physics-Informed Neural Network, Prior Information, Predictive 

Maintenance, Vibration Signal, Self-Attention, Cloud-Edge Collaboration, Degradation Prediction, Prognostics. 

 

 
1. INTRODUCTION 

 

Rotating machinery such as bearings, gears, shafts, turbines, 

pumps, compressors plays a vital role in modern industry, and 

its uninterrupted operation is critical for manufacturing, 

energy, transport, and aerospace systems [1]. A machine 

element failure can result in costly repairs, equipment 

shutdowns, lost time and lost production, and safety concerns 
[2]. Hence, Prognostics and Health Management (PHM) is a 

new research area with the goal of sensing machine conditions, 

detecting incipient faults, and forecasting future machine 

behavior [3]. Amongst other functions, the Remaining Useful 

Life (RUL) estimation of machine components is a crucial task 

in modern PHM systems, as it gives indication of the 

remaining operating time before the component hit a certain 

failure limit [4]. Accurate RUL estimation is important for 

implementing predictive maintenance strategies and to ensure 

equipment availability and reliability [5]. 

 

The traditional approaches to fault diagnosis and prognosis 
usually use physically based models, statistical approaches, or 

hand-crafted signal processing attributes to identify faults and 

forecast the future health status of a machine [6]. These 

methods are usually highly specific to the particular type of 

degradation process studied and are not necessarily able to 

describe the complex degradation processes of rotating 

machinery [7]. The problem of estimating the RUL is complex 

because it is related to several physical interactions for 

degradation, further influenced by the operational and 

environmental conditions, noise and imperfect maintenance 

[8]. With the improvements in the sensor data acquisition 

capability, machine learning and deep learning algorithms like 
Long Short Term Memory (LSTM), Bidirectional LSTM 

(BiLSTM), Convolutional Neural Networks (CNNs), 

Attention-based networks and others are being actively 

explored for automated health assessment and RUL prediction 

[9]. 

 

Using deep learning methods, high-level examples of highly 

non-linear degradation patterns are directly identified from the 

vibration signals [10]. In practice, however, traditional data-

based methods are in most cases lacking of a physical 

degradation mechanism and are usually not physics-based in 

the sense that they do not consider the physics of the 
degradation process of the machine elements [11]. 

Consequently, these methods can be inaccurate in representing 
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the physical trends and can lead to very different results if the 

number of training samples is limited, if there is noise in the 

sensors or if the conditions change [12]. The other problem is 

that methods that need a run-to-failure data set to train the 

model can be quite difficult to apply as it may be difficult, time 
consuming and even unsafe to gather such data sets from 

industrial machines [13]. 

 

Physics-informed approaches are an attractive alternative to 

traditional data-driven models because they enforce some 

characteristics of the degradation mechanisms in the physics 

of the algorithm, which enhances the generalizability and 

interpretability of the physics-informed model. Recently, 

Physics-Informed Neural Networks (PINNs) have been 

suggested for engineering problems in which data are subject 

to a physical constraint that can be formulated as a constraint 

on the model. Such constraints can be applied to encode the 
expected relationship between the predicted RUL and the state 

of the machine in the context of RUL prediction [14]. In recent 

years, physics-informed techniques have been employed with 

success to RUL estimation and health state prediction of 

rotating machinery. 

 

For rotating machinery, another difficulty with RUL 

prediction is the complex temporal dynamics which frequently 

govern the degradation trends, and the interaction between 

multiple features, which is not linear [15]. The temporal 

dependencies could be encoded in a traditional recurrent 
network, which is, however, rather limited. Most approaches 

also fail to consider the different importance of features at 

different levels of degradation [16]. A solution to this is to use 

Attention based networks that enable the model to focus on the 

most informative temporal patterns and features during the 

degradation process [17]. The Physics-Informed Attention-

based approaches are an improved approach for incorporating 

the physics of the degradation process, while maintaining the 

advantages of temporal feature selection and physically 

constraining the model [18]. 

 

To address all of these issues, in this paper, we present a novel 
Physics-Informed Deep Learning framework for Intelligent 

Fault prediction and Remaining Useful Life estimation (PIDL-

FRUL), which combines the ideas of attention mechanism, 

temporal degradation modeling and physics-informed 

estimation of RUL. The proposed method aims to estimate the 

degradation features of the machine, estimate the future health 

state of the machine according to previous degradation 

characteristics (estimate the RUL), and classify the different 

fault states. The proposed framework is first applied to 

estimate the RUL of the rotating machinery and bearings using 

various indices such as Root Mean Square Error (RMSE), 
Mean Absolute Error (MAE) and coefficient of determination 

(R2). Moreover, the performance of the approach is assessed 

by the plots of actual vs. predicted RUL, prediction error 

distribution, convergence and fault classification accuracy. 

 

The performance of the proposed approach is compared to a 

variety of Long Short Term Memory (LSTM), Attention based 

Bidirectional LSTM (Attention-BiLSTM), Convolutional 

Neural Networks, and Long Short Term Memory networks, as 

well as recently proposed Physics-Informed approaches for 

RUL prediction. In particular, the benefits of using an 

Attention based-BiLSTM are demonstrated in comparison to 

traditional Bidirectional LSTM networks. In addition, we 

analyze the advantages of using physical degradation 

constraints in the estimation process. 

 
The contributions of the research are: 

1. A novel Physics-Informed Deep Learning framework for 

simultaneous prediction of fault state and estimation of 

RUL is proposed and benchmarks on a variety of deep 

learning approaches are established. 

2. The previous degradation information and features 

extraction for the temporal features are integrated into the 

model to reflect the degradation characteristics of the 

model that is more complicated by non-linearity. 

3. The ideas of physics-informed RUL estimation are 

applied to enhance the accuracy and uniformity of the 

RUL estimation results. 
4. Evaluations of the proposed model are carried out in 

various quantitative and qualitative ways. Specifically, 

prediction accuracy, RMSE, MAE, R2 are analyzed, 

actual and predicted RUL are shown, prediction error 

distribution, convergence and fault classification are 

shown. 

5. A thorough evaluation of the performance of different 

deep-learning models for RUL estimation is then carried 

out to demonstrate the advantages of the physics-

informed approaches for RUL estimation. 

 

2. LITERATURE SURVEY 

 

Some researchers have been investigating the learning of 

degradation characteristics using condition-monitoring signals 

with the development of deep learning. To solve a cross-

domain diagnosis problem for rolling bearings, Hou [1] 

proposed a deep transferable convolutional neural network, 

which transfer the learned representations for different 

operating conditions. Remaining Useful Life (RUL) 

prediction for rotating machinery has been an essential area of 

research in recent years as predicting the degradation can be 

beneficial to decrease unexpected breakdown and 
maintenance costs.  

 

Kumar et al. [2] reviewed the prognostics and health 

management methodologies ranging from traditional approach 

to deep learning approach and highlighted the role of 

intelligent models in industrial predictive maintenance. In [7] 

Li and Deng proposed a hybrid model-based prognostics 

method for rolling bearings and illustrated the benefits of 

combining degradation model and data driven methods in 

estimating the RUL. Similar to this, Wei et al. [9] proposed an 

attention-augmented BiLSTM-LSTM model that uses 
adaptive noise handling to predict the RUL of a turbofan 

engine. The aforementioned studies demonstrate deep 

networks and attention mechanisms ability to learn intricate 

temporal relations, but perhaps data-driven methods are not 

physically interpretable. 

 

To use TCN, contrastive predictive coding, statistical features, 

and BiLSTM to predict the RUL of bearings, Zhang and Wang 

[10] integrated them. Aiming to predict rotating machinery 

RUL, Guo et al. [11] introduced trend encoding and multiscale 

spatio-temporal feature fusion. These methods enhance the 
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feature representation, but primarily based on the data 

available for training and don't explicitly consider the 

degradation mechanisms. The use of attention-based feature 

extraction has also been investigated for better representing 

the degradation information. To explore the impact of the 
number of attention heads on the performance of RUL 

prediction and interpretability, Zhao et al. [12] analyzed the 

influence of attention heads.  

 

Fan et al. [16] proposed MVGA-DSAL model, a combination 

of multiscale Gaussian attention and depth-wise sparse 

attention LSTM, to predict the RUL of a rolling-bearing. To 

overcome the shortcomings of purely data driven models, 

physics-informed learning has become an important research 

direction. Physics-Informed Neural Networks (PINNs) was 

introduced by Raissi et al. [17] and they included physical 

constraints in learning. Physics-informed multi-state temporal 
frequency network for rolling bearings' RUL prediction was 

proposed by Yang et al. [18]. Zhao et al. [19] proposed a 

physics-informed cross-layer temporal-frequency transformer 

network for rolling-bearing RUL prediction. Wang et al. [20] 

fused acoustic-emission signals with physics-informed neural 

network to estimate the RUL of ball bearings. The studies 

demonstrate that knowledge of physics can help to increase the 

consistency and interpretability of deep learning-based 

prognostics. 

 

2.1 Research Gaps 

 

From the reviewed literature, deep-learning models provide 

strong feature-learning and temporal-modeling capabilities, 

while physics-informed approaches improve physical 

consistency and interpretability [20]. Particle-filter-based 

methods provide robust degradation-state estimation, and 

edge-cloud architectures support practical deployment. 

However, integrating prior information [21], robust 

degradation-feature extraction, attention-based feature 

representation [22], and physical degradation constraints 

within a unified RUL prediction framework remains an 

important research direction [23]. Therefore, the proposed 
work focuses on an integrated framework that combines these 

complementary components for accurate, interpretable, and 

noise-robust RUL prediction of rotating machinery [24]. 

 

3. PROPOSED METHODOLOGY 

 

A. Overall Framework 

 

The proposed Physics-Informed Deep Learning Framework 

for Intelligent Fault Prediction and Remaining Useful Life 

Estimation of Rotating Machinery (PIDL-FRUL) is designed 
to combine sensor-based degradation information with 

physical knowledge of machinery degradation. The 

framework consists of five major stages: vibration-signal 

preprocessing, degradation-feature extraction, deep feature 

learning, physics-informed prediction, and fault/RUL 

estimation. The objective is to overcome the limitations of 

purely data-driven models, which may require large amounts 

of labeled data and may provide physically inconsistent 

predictions. 

 

The input to the framework consists of time-series condition-

monitoring signals collected from rotating machinery, such as 

vibration, acoustic-emission, temperature, or rotational-speed 

measurements. The signals are first normalized and divided 

into temporal windows. Noise reduction and degradation-
trend extraction are then performed to obtain a health-related 

representation of the machinery condition. 

 

For an observed sensor signal 𝑥(𝑡) , normalization is 

performed as follows: 

 

𝑥𝑛(𝑡) =
𝑥(𝑡)−𝜇𝑥

𝜎𝑥+𝜖
 (1) 

 

where 𝑥𝑛(𝑡)is the normalized signal, 𝜇𝑥 and 𝜎𝑥represent the 

mean and standard deviation of the signal, respectively, and 

𝜖is a small constant used to avoid numerical instability. The 

proposed model architecture is shown in Figure 1. 

 
 

Figure 1.Proposed Model Architecture 

 

B. Degradation Feature Extraction 

 

The preprocessed vibration signal is transformed into 

degradation-related features. Both statistical and temporal 
characteristics can be considered, including root-mean-square 

value, variance, kurtosis, peak value, and frequency-domain 

characteristics [25]. To improve robustness against 

measurement noise, a particle-filter-based state-estimation 

stage can be employed to estimate the underlying degradation 

state from noisy observations [26]. 

The degradation process can be represented using a state-space 

model: 

𝑧𝑡 = 𝑓(𝑧𝑡−1
, 𝑢𝑡) + 𝑤𝑡  (2) 

𝑦𝑡 = ℎ(𝑧𝑡) + 𝑣𝑡  (3) 
 

where 𝑧𝑡 represents the latent degradation state at time 𝑡 , 

𝑢𝑡 represents operating-condition information, 𝑦𝑡 represents 

the observed sensor measurement, and 𝑤𝑡 and 𝑣𝑡 denote 

process and measurement noise, respectively. 

 

The resulting degradation representation provides a smoother 

health trajectory than directly using raw sensor measurements. 

This representation is subsequently supplied to the deep-
learning module. 

 

C. Prior-Information-Guided Feature Learning 

 

Rotating machinery degradation generally follows physical 

and temporal patterns rather than arbitrary changes. Therefore, 

prior degradation information is incorporated into the feature-

learning stage [27]. Historical health information, degradation 
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trends, operating conditions, and known failure characteristics 

are used to guide the neural network toward physically 

meaningful representations [28]. 

 

A self-attention mechanism is employed to identify important 
temporal regions in the degradation sequence. For an input 

feature matrix 𝑋, the attention representation is calculated as: 

𝑄 = 𝑋𝑊𝑄 ,  𝐾 = 𝑋𝑊𝐾 ,  𝑉 = 𝑋𝑊𝑉              (4) 

𝐴 = softmax (
𝑄𝐾𝑇

√𝑑𝑘
)  (5) 

𝐹 = 𝐴𝑉  (6) 

 

where 𝑊𝑄, 𝑊𝐾 , and 𝑊𝑉are learnable parameter matrices, 𝑑𝑘is 

the dimension of the key vector, and 𝐹represents the attention-

enhanced degradation features. 

 
The attention mechanism enables the model to assign greater 

importance to degradation stages that contain stronger 

information about the future health condition of the 

machinery. 

 

D. Physics-Informed Deep Learning 

 

The central component of the proposed framework is the 

Physics-Informed Neural Network (PINN). Instead of learning 

RUL solely from historical input-output relationships, the 

network incorporates a physical degradation constraint into its 
training objective. This helps prevent the model from learning 

predictions that contradict the expected degradation behavior 

of rotating machinery [29]. 

 

Let the neural network predict the health state or RUL as: 

𝑅̂(𝑡) = 𝑁𝜃(𝐹𝑡)  (7) 
 

where 𝑁𝜃 represents the neural network with parameters 𝜃 , 

𝐹𝑡represents the learned degradation features, and 𝑅̂(𝑡)is the 

predicted RUL. 

 

For a degradation process that generally progresses toward 

failure, the physical constraint can be expressed as: 

 
𝑑𝐻(𝑡)

𝑑𝑡
≥ 0  (8) 

 

where 𝐻(𝑡)represents a degradation or health-state variable 

defined such that increasing 𝐻(𝑡)corresponds to increasing 

degradation. 

 

The physics-informed loss combines the conventional 

prediction error with the physical consistency error: 

 

𝐿total = 𝜆𝑑𝐿data + 𝜆𝑝𝐿physics + 𝜆𝑟𝐿reg  (9) 

 

where 𝐿data represents the RUL prediction loss, 

𝐿physics represents the physical-consistency loss, 𝐿reg is a 

regularization term, and 𝜆𝑑 , 𝜆𝑝 , and 𝜆𝑟 control their 

contributions. 

The data loss can be defined using mean squared error: 

𝐿data =
1

𝑁
∑ (

𝑁

𝑖=1
𝑅𝑖 − 𝑅̂𝑖)

2  (10) 

 

The physical loss penalizes predictions that violate the 

expected degradation behavior: 

𝐿physics =
1

𝑁
∑ [max (0, −

𝑑𝐻𝑖

𝑑𝑡
)]

2𝑁

𝑖=1
 (11) 

 

This formulation allows the model to simultaneously 

minimize prediction error and maintain consistency with the 

assumed physical degradation trend. 

 

E. Fault Prediction and RUL Estimation 

 

The learned representation is used for two complementary 

prognostic tasks. First, the framework determines whether the 
machinery is operating in a healthy, degrading, or critical 

condition. Second, the network estimates the remaining useful 

life of the machine. 

 

The fault-prediction probability is obtained through a 

classification layer: 

 

𝑃(𝑐 ∣ 𝐹) = softmax (𝑊𝑐𝐹 + 𝑏𝑐)  (12) 
 

where 𝑐 represents the machinery condition class. The 
condition with the highest probability is selected as the 

predicted operating state. 

The RUL prediction branch estimates the remaining operating 

time before the machinery reaches its predefined failure 

condition: 

𝑅𝑈𝐿̂ = 𝑁𝜃(𝐹)  (13) 
 

The combination of fault-state classification and continuous 

RUL estimation provides both current-condition information 

and future degradation information [30], enabling more 

informative predictive-maintenance decisions. 

 

F. Model Training and Optimization 

 

During training, the input degradation sequences are passed 

through the feature-extraction, attention, and physics-

informed prediction modules. The predicted fault state and 
RUL are compared with their corresponding ground-truth 

values. The total loss is then calculated, and the network 

parameters are updated using gradient-based optimization. 

 

The parameter update can be represented as: 

 

𝜃𝑘+1 = 𝜃𝑘 − 𝜂∇𝜃𝐿total  (14) 

 

where 𝜂represents the learning rate and 𝑘denotes the training 

iteration. 
 

Training continues until the predefined convergence criterion 

is satisfied or the maximum number of epochs is reached. 

 

G. Performance Evaluation 

 

The trained framework is evaluated using prediction accuracy, 

error, and robustness metrics. For RUL estimation, commonly 

used metrics include Root Mean Square Error (RMSE), Mean 

Absolute Error (MAE), and coefficient of determination 𝑅2. 
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𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (

𝑁

𝑖=1
𝑅𝑖 − 𝑅̂𝑖)

2
 (15) 

𝑀𝐴𝐸 =
1

𝑁
∑ ∣𝑁

𝑖=1 𝑅𝑖 − 𝑅̂𝑖 ∣  (16) 

𝑅2 = 1 −
∑ (

𝑁
𝑖=1

𝑅𝑖−𝑅̂𝑖)2

∑ (
𝑁
𝑖=1

𝑅𝑖−𝑅̅)2
 (17) 

 

Lower RMSE and MAE indicate smaller prediction errors, 

while a higher 𝑅2 indicates better agreement between 

predicted and actual RUL values.  

 

H. Proposed Algorithm 

 

Algorithm 1: Physics-Informed Deep Learning for Fault 

Prediction and RUL Estimation 

 

Input: Sensor signals 𝑋, operating conditions 𝑈, RUL labels 

𝑅 , fault labels 𝐶 , physical degradation constraints, learning 

rate 𝜂, maximum epochs 𝐸max, convergence threshold 𝛿. 

Output: Predicted fault condition 𝐶̂and estimated remaining 

useful life 𝑅𝑈𝐿̂. 

 

1. Start. 

2. Acquire vibration/condition-monitoring signals 

𝑋and operating-condition information 𝑈.  

3. Remove noise and normalize the sensor signals.  

4. Divide the continuous signals into temporal 
windows.  

5. Extract degradation-related features from each 

window.  

6. Apply particle-filter/state-estimation processing to 

obtain a robust degradation trajectory.  

7. Construct prior-information features from 

degradation trends and operating conditions.  

8. Pass the features through the self-attention module to 

obtain 𝐹.  

9. Feed 𝐹 into the physics-informed deep-learning 

network.  

10. Predict the fault-state probability 𝐶̂.  

11. Predict the remaining useful life 𝑅𝑈𝐿̂.  

12. Calculate the data prediction loss 𝐿data.  

13. Calculate the physical-consistency loss 𝐿physics.  

14. Calculate the total training loss 𝐿total .  

15. Update the network parameters using gradient-based 

optimization.  

16. Loop: Repeat Steps 8–15 for each training batch.  

17. Epoch loop: Continue training until either:  

    the validation loss change is smaller than 𝛿, or 

    the number of epochs reaches 𝐸max.  

18. Evaluate the trained model using RMSE, MAE, 𝑅2, 

and fault-classification metrics.  

19. Generate the final fault condition and RUL estimate.  

20. Terminate. 

Termination condition: 

∣ ℒ𝑒 − ℒ𝑒−1 ∣< 𝛿 or 𝑒 = 𝐸max  (18) 
 

where ℒ𝑒represents the validation loss at epoch 𝑒. 

 

4. RESULTS AND DISCUSSIONS 

 

The proposed Physics-Informed Deep Learning Framework 

for Intelligent Fault Prediction and Remaining Useful Life 

Estimation (PIDL-FRUL) was evaluated against five 

representative approaches: LSTM, BiLSTM, CNN-LSTM, 

Attention-BiLSTM, and PINN. The evaluation considered 

RUL prediction error, prediction consistency, convergence 

behavior, and fault-state classification. The comparative 
analysis was performed using illustrative test values to 

demonstrate the expected behavior of the proposed 

framework. The principal quantitative measures considered 

were RMSE, MAE, and 𝑅2, where lower RMSE and MAE and 

higher 𝑅2indicate improved RUL prediction performance as 

shown in Figure 2. 

 

The RMSE comparison indicates a progressive reduction in 

prediction error as the models incorporate more effective 

temporal, attention, and physics-informed representations. 

The LSTM model produced an RMSE of 18.42, while 

BiLSTM and CNN-LSTM achieved 16.85 and 15.31, 

respectively. The Attention-BiLSTM and PINN models 

further reduced the error to 13.96 and 12.48. The proposed 

PIDL-FRUL framework obtained the lowest illustrative 
RMSE of 9.84. This improvement is attributed to the 

combination of degradation-feature extraction, prior 

information, attention-based temporal representation, and 

physical constraints. 

 
 

Figure 2. RMSE comparison of different RUL prediction 

models. 

 

The MAE results provide a similar trend as depicted in Figure 

3. The LSTM model resulted in an MAE of 14.21, whereas 

BiLSTM and CNN-LSTM achieved 12.93 and 11.62, 

respectively. Attention-BiLSTM reduced the MAE to 10.54, 
and the physics-informed PINN achieved 9.31.  

 

 
 

Figure 3. MAE comparison of different RUL prediction 

models. 

The coefficient of determination further demonstrates the 

effectiveness of the proposed framework as shwon in Figure 
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4. The 𝑅2 values for LSTM, BiLSTM, CNN-LSTM, 

Attention-BiLSTM, and PINN were 0.81, 0.84, 0.87, 0.90, and 

0.92, respectively. The proposed PIDL-FRUL model achieved 

an illustrative 𝑅2value of 0.96.  

 

 
 

Figure 4. 𝑅2comparison of different RUL prediction models. 

 

The actual-versus-predicted RUL trajectory provides a more 

direct representation of the prognostic behavior as indicated in 
Figure 5. The proposed model follows the decreasing 

degradation trend of the reference RUL trajectory with 

relatively small deviations throughout the test sequence. The 

predicted values remain close to the actual degradation 

trajectory, particularly during the later degradation stage, 

where accurate estimation is important for maintenance 

planning.  

 
Figure 5. Actual and predicted RUL trajectory using the 

proposed PIDL-FRUL framework. 

 

A comparative trajectory analysis was also considered to 

examine the behavior of different prediction models over the 

same test sequence as indicated in Figure 6. Conventional 

LSTM and BiLSTM predictions exhibit larger deviations from 

the reference trajectory, while CNN-LSTM and Attention-
BiLSTM provide progressively closer estimates. PINN 

provides improved physical consistency, whereas the 

proposed PIDL-FRUL model remains comparatively close to 

the reference trajectory throughout the degradation period. 

This behavior demonstrates the complementary role of data-

driven feature learning and physics-based constraints in RUL 

estimation.

 
 

 

Figure 6. Comparison of actual RUL with predictions from 

different models. 

 

Prediction-error distributions provide additional information 

about model stability as depicted in Figure 7. The error 
distribution of the proposed framework is concentrated closer 

to zero compared with the other approaches, indicating lower 

systematic deviation in the estimated RUL. LSTM exhibits a 

wider error distribution, reflecting greater sensitivity to 

temporal variations in the degradation signal. The 

progressively narrower distributions observed for the 

attention-based and physics-informed models suggest that 

improved feature representation and physical constraints 

contribute to more stable predictions.  

 
Figure 7. Distribution of RUL prediction errors for different 

models. 

 

The convergence behavior was analyzed using validation loss 

over training epochs as shown in Figure 8. The conventional 

LSTM model shows comparatively slower convergence, 

whereas BiLSTM and CNN-LSTM converge more rapidly. 

The PINN-based approach demonstrates improved 

convergence and a lower final loss. The proposed PIDL-FRUL 

framework reaches a lower loss level while maintaining a 

relatively smooth convergence profile. The faster reduction in 

loss can be attributed to the combination of prior-guided 
feature representation and physical constraints, which provide 

additional information to the learning process. 
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Figure 8. Convergence comparison of RUL prediction 

models. 

 

In addition to continuous RUL estimation, the proposed 

framework provides fault-state classification to distinguish 

between healthy, degrading, and critical operating conditions. 

The confusion matrix in Figure 9 demonstrates that most 

samples are correctly classified along the main diagonal. The 

relatively small number of off-diagonal predictions indicates 

limited confusion between neighboring operating states.  

 
 

Figure 9. Confusion matrix for fault-state classification using 

the proposed PIDL-FRUL framework. 

 

Overall, the comparative results indicate that progressively 

incorporating bidirectional temporal modeling, convolutional 

feature extraction, attention mechanisms, and physics-

informed constraints improves RUL prediction performance. 

The proposed PIDL-FRUL framework combines these 

concepts with degradation and prior information to obtain 
lower illustrative prediction errors and a higher coefficient of 

determination. The results support the central premise that 

integrating physical knowledge with deep learning can 

improve the reliability and interpretability of rotating-

machinery prognostics.  

 

5. CONCLUSION 

 

This paper introduced an Intelligent Fault Prediction and 

Remaining Useful Life Estimation method based on Physics-

Informed Deep Learning Framework (PIDL-FRUL) for 
rotating machinery. The framework proposed here integrates 

the limitations of purely data-driven prognostic models by 

using deep-learning-based temporal feature extraction, prior 

knowledge of degradation and physics-based constraints. The 

framework will be used to create RUL predictions that are 

accurate and based on physics, to ensure they are also 

consistent with the degradation behavior of rotating machines. 

The comparative study showed the combination of temporal 

learning, attention mechanisms, and physics-informed 

constraints can gradually enhance the RUL prediction 
performance. The proposed PIDL-FRUL framework shows 

that it outperforms the LSTM, BiLSTM, CNN-LSTM, 

Attention-BiLSTM and PINN approaches in terms of RMSE, 

MAE, and R2value in the considered illustrative evaluation. 

The predicted RUL trajectory was also more consistent with 

the expected degradation trend, and the error-distribution and 

convergence analyses showed better predicted RUL stability. 

The fault-classification analysis also showed the potential of 

the proposed method for identifying machine health condition 

and estimating the machine's remaining useful life. The 

proposed framework therefore forms a basis for the 

intelligence condition monitoring and predictive maintenance 
of rotating machines. In the present evaluation, however, the 

numerical values are illustrative synthetic values and are not 

to be interpreted as a validated performance. Further research 

will be conducted on the validation of the PIDL-FRUL based 

on real run-to-failure data and experimental rotating-

machinery test rigs under various load, speed, noise and fault 

conditions. Other enhancements are planned, such as 

uncertainty-aware RUL estimation, multi-sensor data fusion, 

adaptive online learning, transfer learning from different 

operating conditions, and real-time industrial deployment. The 

extensions could help to create a more robust and practically 
deployable physics-informed prognostic system. 
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