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Deng and Zhou [1] presented a hybrid Convolutional Neural Network (CNN) Long Short Term Memory (LSTM) model based on a deep residual network, LSTM and an attention mechanism for predicting the remaining useful life (RUL) of aero-engines. In their proposed model, a deep residual network was adopted as the feature extractor, an LSTM was used to observe the degradation evolution over time, and an attention mechanism was added to make the model focus on the more important areas of the sequence. NASA C-MAPSS dataset was used, which includes four sub-datasets, FD001, FD002, FD003, and FD004. The dataset contains the sensor measurements collected from aircraft turbofan engines in the course of operation until degradation and failure. In addition, the dataset includes 24 columns: the engine number, cycle number, 3 operational settings, and 21 sensor readings. Different pre-processing steps were used: normalization of sensor values, generation of RUL labels and transformation of sensor data into time-series. The model was compared with CNN, LSTM, Back Propagation neural network (BP), Gated Recurrent Unit (GRU), Convolutional Neural Network–Gated Recurrent Unit (CNN-GRU), Deep Convolutional Neural Network (DCNN), and Temporal Convolutional Neural Network (TCN). Results showed that CNN-LSTM performs best with Root Mean Square Error (RMSE) of 15.977 on FD001, 14.452 on FD002, 13.907 on FD003 and 16.637 on FD004.

Fan et al. [2] proposed a Sensor-Time Attention-based RUL prediction model (STAR) based on a two-stage attention hierarchical Transformer for predicting the RUL of turbofan engines. The study used the NASA C-MAPSS dataset STAR used two attention stages to learn both sensor-wise information and temporal information It also used a hierarchical encoder-decoder structure to capture useful information at different time scales The proposed model was compared with several existing RUL prediction models, including CNN-based models, Recurrent Neural Network-based models (RNN-based models) and Transformer-based models such as Dual-Aspect Self-Attention Transformer (DAST), DLformer and BiLSTM-DAE-Transformer. The results showed that STAR achieved an RMSE of 10.61 on FD001 13.47 on FD002 10.71 on FD003 and 15.87 on FD004 It also achieved a Score of 169 on FD001 784 on FD002 202 on FD003 and 1449 on FD004 STAR achieved the best overall results compared with the other models.

Elsherif et al. [3] proposed a hybrid deep learning model called Convolutional Autoencoder and Attention-Based LSTM (CAELSTM) to predict the RUL of turbofan engines. The study used the NASA C-MAPSS dataset focusing on FD001 and FD003. The preprocessing steps included preparing the two sub-datasets and applying a piecewise linear degradation model. The model used a convolutional autoencoder to extract useful features from the sensor data. An LSTM layer with an attention mechanism was then used to learn the degradation pattern over time and focus on the most important parts of the sequence. A fully connected layer was used before the final RUL prediction. The model was compared with other RUL prediction approaches. Results showed that CAELSTM achieved RMSE values of 14.44 on FD001 and 13.40 on FD003. It also achieved Mean Absolute Error (MAE) values of 10.49 on FD001 and 10.68 on FD003, with Score values of 282.38 and 264.47.
Ensarioğlu et al [4] proposed a deep learning procedure for the RUL estimation of turbofan engines using change point detection based labeling and feature engineering. The study employed the NASA C MAPSS FD001 dataset which contains simulated sensor measurements from turbofan engines operating until failure. The preprocessing procedure involved selecting 14 useful sensors removing constant sensors applying min max normalization filtering noisy signals using a low pass filter extracting a single signal using an autoencoder and constructing a new difference based feature from sensor measurements. The change point detection method was used to generate engine specific piecewise linear RUL labels instead of using the same fixed initial RUL value for all engines. Within the proposed architecture the 1D CNN component was used to extract spatial features from the prepared sensor data and the LSTM component was used to capture temporal degradation information. The results showed that the 1D CNN LSTM model with the difference feature achieved the best prediction performance with RMSE 16.1 and Score 437.2 compared with traditional machine learning methods and earlier deep learning methods.
Sun et al. [5] presented an end-to-end model called Multi Scale Depth Wise Separable Convolution Transformer (MDSCT) for predicting the RUL of rolling bearings. The model uses (MDSC) to extract local degradation features from vibration signals and an enhanced Transformer encoder called PPSformer to learn long term relationships. An adaptive activation function called AdaptH Swish was also used to improve the learning of nonlinear degradation patterns. The study used the PHM2012 and XJTU SY bearing datasets. Both contain vibration signals collected from rolling bearings during operation until degradation and failure. The XJTU-SY dataset includes 15 bearings tested under different operating conditions with horizontal and vertical vibration signals. The model used raw vibration signals as input instead of relying on many manually designed features. MDSCT was compared with Soft-Threshold Attention Mechanism-based Temporal Convolutional Network (TCN-SA), Deep Adversarial Network (DAN), Temporal Convolutional Network with Separable Residual Blocks (TCN-RSCB), Conditional Variational Transformer (CVT), Convolutional Long Short-Term Memory Network (CLSTM), Multi-Scale Convolutional Neural Network (MCNN), Self-Attention Mechanism-based Adaptive Graph Convolutional Network (SAGCN-SA), and Deep Convolutional Neural Network (DCNN). Results showed that MDSCT achieved the best average performance on PHM2012 with a Mean Absolute Error MAE of 0.100 and RMSE of 0.124. On XJTU-SY, it achieved an average MAE of 0.134, an average RMSE of 0.160, and an average R² value of 0.667.

Jin et al. [6] presented a hybrid model based on Empirical Mode Decomposition (EMD) and Bidirectional Long Short-Term Memory (Bi-LSTM)–Transformer for predicting the RUL of rolling bearings. EMD was used to decompose the raw vibration signals and extract useful features. Bi-LSTM was used to learn local changes in the degradation process while the Transformer was used to learn long-term relationships in the data. The study used the PHM2012 and XJTU-SY bearing datasets. For data preparation the authors applied EMD to the vibration signals and extracted statistical features from the decomposed signals. The features were then reduced and normalized before being used as model inputs. The proposed model was compared with (TCN), GRU, and Bi-LSTM. Results showed that the proposed model achieved an average MAE of 0.0469 and RMSE of 0.0563 on PHM2012. On XJTU-SY, it achieved an average MAE of 0.0374 and RMSE of 0.0442. 
Wang et al. [7] presented a deep learning method for predicting the RUL of rolling bearings. The method uses a One Dimensional Deep Convolutional Autoencoder (1D-DCAE) to extract useful health features from vibration signals. These features are used to create health indicators that represent the degradation condition of the bearing The model then uses a Bi-LSTM network with a Temporal Pattern Attention (TPA) mechanism to learn how the bearing condition changes over time. The study used the PHM2012 bearing dataset collected from the PRONOSTIA platform. The dataset contains vibration and temperature signals collected from bearings during accelerated life tests until failure. The vibration signals were sampled at 25.6 kHz for 0.1 seconds every 10 seconds. The authors used the health indicators extracted by 1D-DCAE as labels instead of depending only on traditional linear or piecewise RUL labels. The proposed method was compared with linear labeling and piecewise labeling methods. The authors also tested different versions of the model such as removing the TPA mechanism and using LSTM instead of the multilevel Bi-LSTM. Results showed that the proposed method achieved an average MAE of 0.115 and an average RMSE of 0.079 across seven bearings. It also achieved a Score of 0.699 and performed better than the other labeling methods.

Xiao and his team [8] proposed a model called Multi-Scale Dilated Fusion Attention (MDFA) for predicting RUL. The paper tried to solve some problems related to different operating conditions, multiple degradation patterns and long-term dependencies in sensor data. The study used NASA C-MAPSS, N-CMAPSS and PHM2012 datasets to test the MDFA model. N-CMAPSS is a newer turbofan engine degradation dataset that contains more detailed operating conditions and sensor information. The authors prepared the data by creating RUL labels, using a sliding window technique and applying Principal Component Analysis (PCA) to select features, reduce dimensionality and convert sensor data into time-series inputs for training. The MDFA model uses Multi-Scale Dilated Convolution to extract degradation features from multiple time scales. It also uses Channel Attention and Spatial Attention mechanisms. These mechanisms help the model focus on important sensors and time points while reducing noise. The model was compared with CNN, DCNN, TCN, Time-Aware Fully Convolutional Network (TaFCN), Squeeze-and-Excitation Network (SeNet), GRU, CNN-GRU-Attention, and Transformer. The results showed that the MDFA model achieved the best performance in predicting RUL. On C-MAPSS and N-CMAPSS datasets, it achieved MAE values between 0.018 and 0.026, RMSE values between 0.021 and 0.032 and R² values higher than 0.987. On PHM2012, it achieved MAE values between 0.023 and 0.026, RMSE values between 0.031 and 0.032 and R² values between 0.987 and 0.995.


Ozkan [9] studied a maintenance framework for aircraft engines. It combines RUL prediction with dynamic maintenance scheduling The researcher used the NASA C-MAPSS dataset, which comprises all subsets—FD001, FD002, FD003 and FD004. These refer to varying operating conditions and failure modes. However, the paper focused on a problem traditional maintenance operations employ fixed intervals between service periods. They are not based on real-time sensor monitoring data to overcome this problem Ozkan employed machine learning models, including Light Gradient Boosting Machine (LightGBM), CatBoost, Gradient Boosting, Extreme Gradient Boosting (XGBoost), Support Vector Machine (SVM), K-Nearest Neighbors (KNN) and Linear Regression. Grid Search Cross-Validation (Grid Search CV) was used to find the best hyperparameter combinations. The predictions were combined in a framework, ensuring accuracy and robustness. A dynamic maintenance scheduling algorithm was developed based on the Remaining Useful Life (RUL) threshold. It activates maintenance when the predicted remaining life falls below 15 cycles the SHapley Additive exPlanations (SHAP) method was employed to understand the models. It highlights the key operational cycles and sensors that influence scheduling decisions. The LightGBM, CatBoost models and their combination observed an RMSE of 6.62 on FD001 the LightGBM, CatBoost and Gradient Boosting combination observed an RMSE of 9.71 on FD003 the other examined cases proved likewise competitive on FD002 and FD004. This confirms that the joint application of RUL estimation with scheduling improves maintenance planning, cuts operating costs and limits risks.




Lei et al [10] proposed an RUL prediction method for rolling bearings based on hierarchical clustering and a Transformer GRU hybrid model. The study used the PHM2012 rolling bearing dataset which contains vibration signals collected from the Pronostia platform under different operating conditions until failure. The preprocessing procedure involved wavelet denoising extracting time domain frequency domain and time frequency domain features smoothing and normalizing the features calculating a comprehensive feature index based on monotonicity and correlation and then removing redundant features using hierarchical clustering with the elbow method within the proposed architecture the Transformer encoder was used to capture dependencies across different time steps and generate high level feature representations while the GRU component was used to model the dynamic degradation trend over time. The proposed approach was compared with GRU TCN Transformer and previous related methods. The results showed that the Transformer GRU model achieved the best predictive performance with average MAE 0.0836 and average RMSE 0.1137 while feature reduction reduced training time by 8.61 percent and model parameters by 23.26 percent.

Jin et al [11] proposed an RUL prediction method for rolling bearings based on TCN-Transformer networks using vibration signals. The study used the IEEE PHM2012 Data Challenge dataset collected from the PRONOSTIA platform. The dataset contains accelerated degradation data from 17 rolling bearings under three operating conditions. The study used horizontal vibration signals because they contain more useful degradation information than vertical signals. The preprocessing steps included extracting 32 time-domain, frequency domain and time-frequency-domain features from the vibration signals. Eight sensitive features were selected using monotonicity, correlation, predictability and robustness. PCA was then used for dimensionality reduction. The authors also constructed a Health Index and smoothed it using a moving average. The proposed TCN-Transformer model used TCN to capture local temporal features and Transformer to capture global relationships. A multi-head feature fusion attention module was then used to combine the local and global features for RUL prediction. The model was compared with RNN, LSTM, GRU, Dual-LSTM, Long Short-Term Memory with Attention Ordered Neurons (LSTM-AON), Bidirectional Gated Recurrent Unit with a gate attention mechanism (BiGRU-GSA), Temporal Convolutional Network with Residual Self-Attention (TCN-RSA) and Temporal Flow Transformer (TFT). The results showed that TCN-Transformer achieved the best average performance with an RMSE of 0.0514, MAE of 0.0392 and a score of 0.6346. The model reduced RMSE by 14.62% and MAE by 9.26% and improved a score by 13.04% compared with the best previous model.



Chen et al   [12] presented a model called Spatial Attention based Convolutional Transformer (SAConvFormer) for predicting the RUL of rolling bearings. The model uses CNN with a spatial attention mechanism to extract local and global features from raw vibration signals. The extracted features are then passed to a Transformer to learn about the long-term relationships related to bearing degradation. The study used the XJTU-SY bearing dataset. The data preparation included determining the First Prediction Time (FPT), normalizing the vibration data, applying a sliding window and dividing the data into training and testing sets. The model directly used raw vibration signals without additional feature engineering. SAConvFormer was compared with Bi-LSTM, Dilated CNN, Multi-Scale Convolutional Neural Network (MSCNN) and Deep Convolutional Neural Network–Multi-Layer Perceptron (DCNN-MLP). The results showed that SAConvFormer achieved strong performance across the bearing datasets. The best result was achieved on Bearing 2_2 with an RMSE of 0.065 and MAE of 0.051. The combination of spatial attention and Transformer also reduced RMSE by 23.7% and MAE by 16.9% in the Bearing 3_1 experiment.

Zou et al. [13] proposed an RUL prediction method based on an Attention-based Double Bidirectional Long Short Term Memory network (A-DBiLSTM). The study used the PHM2012 and XJTU-SY bearing datasets. For data preparation, Discrete Wavelet Transform (DWT) was used to reduce noise from vibration signals. Features were then extracted from the time frequency, and time frequency domains. The most useful degradation features were selected using monotonicity, predictability, trendability and robustness. Kernel Principal Component Analysis (KPCA) was then used to combine the selected features and create a Health Index (HI). The 3-sigma method was also used to determine the bearing failure threshold. The A-DBiLSTM model used two Bi-LSTM layers with an attention mechanism to learn the degradation pattern and focus on important information. Bayesian optimization was used to select the model hyperparameters. The proposed model was compared with Bidirectional Gated Recurrent Unit (BiGRU) and CNN-LSTM. Results showed that A-DBiLSTM achieved lower RMSE and MAE values and higher R² values than the comparison models on both PHM2012 and XJTU-SY. The statistical tests also showed significant differences with p-values below 0.05, which supported the reliability of the prediction results.

Yang et al. [14] proposed a deep multiscale feature fusion network with dual attention for predicting the RUL of rollin Yang et al g bearings. The model first uses a Squeeze and Excitation attention mechanism (SE) to give more importance to useful time-step information. A multi-scale residual pyramid module is then used to extract and combine degradation features at different scales. The model also uses a Transformer encoder with enhanced multi-head attention and relative position encoding to learn relationships between different time steps. The study used the XJTU-SY bearing dataset. The authors extracted features from the time and frequency domains and normalized them before using them as model inputs. The proposed model was compared with Transformer Encoder, SE Transformer Encoder, Gated Convolutional Unit Transformer (GCU Transformer), Temporal Convolutional Network with Multi-head Attention (TCN-MA) and Informer-Encoder. The results showed that the proposed model achieved the best prediction performance. On Bearing2_2, it achieved an RMSE of 0.05301, MAE of 0.04159 and R² of 0.96186. On Bearing2_5, it achieved an RMSE of 0.07505, MAE of 0.06182 and R² of 0.93149. 

Liu et al. [15] proposed an RUL prediction model for rolling bearings called TcLstmNet with a Convolutional Block Attention Module (TcLstmNet CBAM). The model combines TCN and LSTM in parallel. TCN is used to learn long term temporal relationships and deeper spatial features while LSTM is used to learn short term temporal relationships. The extracted features are then combined and passed through the Convolutional Block Attention Module (CBAM), which gives more importance to useful features. A fully connected layer is used at the end to predict RUL. The study used the PHM2012 and XJTU-SY bearing datasets. The model used raw vibration signals as input. The data was divided into training and testing sets, and horizontal and vertical vibration signals were extracted before feature learning. The proposed model was compared with RNN, TCN, LSTM, Soft-Threshold Attention Mechanism-based Temporal Convolutional Network (TCN-SA) and Temporal Convolutional Network with Residual Separable Convolutional Block (TCN-R). Results showed that TcLstmNet-CBAM achieved better performance than the comparison models. The model achieved an MAE of 2.287 and an RMSE of 3.123.

Table 
	Paper
	All Models
	Datasets
	Dataset Link
	Limitation
	Best Model
	Results

	Deng and Zhou [1]
	CNN, LSTM, CNN-LSTM, BP, GRU, CNN-GRU, DCNN, TCN
	NASA C-MAPSS FD001, FD002, FD003, FD004
	https://data.nasa.gov/dataset/cmapss-jet-engine-simulated-data
	The study focused mainly on RUL prediction and was tested only on simulated turbofan engine data.
	CNN-LSTM with attention mechanism
	RMSE: FD001 = 15.977, FD002 = 14.452, FD003 = 13.907, FD004 = 16.637

	Fan et al. [2]
	STAR, CNN-based models, RNN-based models, DAST, DLformer, BiLSTM-DAE-Transformer
	NASA C-MAPSS FD001, FD002, FD003, FD004
	https://data.nasa.gov/dataset/cmapss-jet-engine-simulated-data
	The hierarchical Transformer structure may increase computational complexity and was tested on simulated engine data.
	STAR
	RMSE: FD001 = 10.61, FD002 = 13.47, FD003 = 10.71, FD004 = 15.87. Score: 169, 784, 202 and 1449

	Elsherif et al. [3]
	CAELSTM and other RUL prediction approaches
	NASA C-MAPSS FD001 and FD003
	https://data.nasa.gov/dataset/cmapss-jet-engine-simulated-data
	The model was tested only on FD001 and FD003 and needs validation on more complex operating conditions.
	CAELSTM
	RMSE: FD001 = 14.44, FD003 = 13.40. MAE: FD001 = 10.49, FD003 = 10.68. Score: 282.38 and 264.47

	Ensarioğlu et al. [4]
	1D CNN-LSTM, 1D CNN-LSTM with difference feature, traditional machine learning and deep learning models
	NASA C-MAPSS FD001
	https://data.nasa.gov/dataset/cmapss-jet-engine-simulated-data
	The method was tested only on FD001 which has one operating condition and one fault mode.
	1D CNN-LSTM with difference feature and change point based labeling
	RMSE = 16.1, Score = 437.2

	Sun et al. [5]
	MDSCT, TCN-SA, DAN, TCN-RSCB, CVT, CLSTM, MCNN, SAGCN-SA, DCNN
	PHM2012 and XJTU-SY
	PHM2012: https://github.com/wkzs111/phm-ieee-2012-data-challenge-dataset  XJTU-SY: https://biaowang.tech/xjtu-sy-bearing-datasets/
	The model has a complex architecture and its performance varies between different bearing conditions.
	MDSCT
	PHM2012: MAE = 0.100, RMSE = 0.124. XJTU-SY: MAE = 0.134, RMSE = 0.160, R² = 0.667

	Jin et al. [6]
	EMD-BiLSTM-Transformer, TCN, GRU, Bi-LSTM
	PHM2012 and XJTU-SY
	PHM2012: https://github.com/wkzs111/phm-ieee-2012-data-challenge-dataset  XJTU-SY: https://biaowang.tech/xjtu-sy-bearing-datasets/
	The method requires signal decomposition and feature processing before training.
	EMD-BiLSTM-Transformer
	PHM2012: MAE = 0.0469, RMSE = 0.0563. XJTU-SY: MAE = 0.0374, RMSE = 0.0442

	Wang et al. [7]
	1D-DCAE, Bi-LSTM, Bi-LSTM with TPA, linear labeling and piecewise labeling methods
	PHM2012
	https://github.com/wkzs111/phm-ieee-2012-data-challenge-dataset
	The study was evaluated on a limited number of bearings and depends on learned health indicators.
	1D-DCAE with Bi-LSTM and TPA
	Average MAE = 0.115, average RMSE = 0.079, Score = 0.699

	Xiao et al. [8]
	CNN, DCNN, TCN, TaFCN, SeNet, GRU, CNN-GRU-Attention, Transformer, MDFA
	NASA C-MAPSS, N-CMAPSS and PHM2012
	C-MAPSS: https://data.nasa.gov/dataset/cmapss-jet-engine-simulated-data  PHM2012: https://github.com/wkzs111/phm-ieee-2012-data-challenge-dataset
	The model uses multiple convolution and attention modules which may increase computational complexity.
	MDFA
	C-MAPSS and N-CMAPSS: MAE = 0.018–0.026, RMSE = 0.021–0.032, R² > 0.987. PHM2012: MAE = 0.023–0.026, RMSE = 0.031–0.032, R² = 0.987–0.995

	Ozkan [9]
	LightGBM, CatBoost, Gradient Boosting, XGBoost, SVM, KNN, Linear Regression and ensemble models
	NASA C-MAPSS FD001, FD002, FD003, FD004
	https://data.nasa.gov/dataset/cmapss-jet-engine-simulated-data
	The framework was tested only on C-MAPSS and used a fixed maintenance threshold of 15 cycles.
	LightGBM and CatBoost based ensembles
	FD001 RMSE = 6.62. FD003 RMSE = 9.71. FD002 RMSE = 10.15. FD004 RMSE = 14.12

	Lei et al. [10]
	GRU, TCN, Transformer, Transformer-GRU
	PHM2012
	https://github.com/wkzs111/phm-ieee-2012-data-challenge-dataset
	The method requires several feature extraction and selection steps before model training.
	Transformer-GRU with hierarchical clustering
	Average MAE = 0.0836, average RMSE = 0.1137. Training time reduced by 8.61% and model parameters by 23.26%

	Jin et al. [11]
	RNN, LSTM, GRU, Dual-LSTM, LSTM-AON, BiGRU-GSA, TCN-RSA, TFT, TCN-Transformer
	IEEE PHM2012 Data Challenge
	https://github.com/wkzs111/phm-ieee-2012-data-challenge-dataset
	The model still has larger errors during later degradation stages because failure behavior can become highly nonlinear.
	TCN-Transformer
	RMSE = 0.0514, MAE = 0.0392, Score = 0.6346. RMSE reduced by 14.62%, MAE by 9.26% and Score improved by 13.04%

	Chen et al. [12]
	SAConvFormer, Bi-LSTM, Dilated CNN, MSCNN, DCNN-MLP
	XJTU-SY
	https://biaowang.tech/xjtu-sy-bearing-datasets/
	The model was tested mainly on one bearing dataset and needs validation on more industrial conditions.
	SAConvFormer
	Bearing2_2: RMSE = 0.065, MAE = 0.051. On Bearing3_1, RMSE reduced by 23.7% and MAE by 16.9%

	Zou et al. [13]
	A-DBiLSTM, BiGRU, CNN-LSTM
	PHM2012 and XJTU-SY
	PHM2012: https://github.com/wkzs111/phm-ieee-2012-data-challenge-dataset  XJTU-SY: https://biaowang.tech/xjtu-sy-bearing-datasets/
	The method requires several preprocessing steps including DWT, feature extraction, KPCA and Bayesian optimization.
	A-DBiLSTM
	The model achieved lower RMSE and MAE and higher R² than the comparison models. Statistical tests reported p-values below 0.05

	Yang et al. [14]
	Transformer Encoder, SE Transformer Encoder, GCU Transformer, TCN-MA, Informer-Encoder, proposed dual-attention model
	XJTU-SY
	https://biaowang.tech/xjtu-sy-bearing-datasets/
	The model uses several feature extraction and attention modules which may increase model complexity.
	Deep multiscale feature fusion network with dual attention
	Bearing2_2: RMSE = 0.05301, MAE = 0.04159, R² = 0.96186. Bearing2_5: RMSE = 0.07505, MAE = 0.06182, R² = 0.93149

	Liu et al. [15]
	TcLstmNet-CBAM, RNN, TCN, LSTM, TCN-SA, TCN-R
	PHM2012 and XJTU-SY
	PHM2012: https://github.com/wkzs111/phm-ieee-2012-data-challenge-dataset  XJTU-SY: https://biaowang.tech/xjtu-sy-bearing-datasets/
	The model combines several parallel and attention modules which may increase computational requirements.
	TcLstmNet-CBAM
	MAE = 2.287, RMSE = 3.123
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