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Xiao et al. [1] proposed a deep learning model for predicting the Remaining Useful Life (RUL) of aircraft engines, called MDFA. The paper focused on addressing the weaknesses of some CNN and RNN models in handling complex 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 model under different operating conditions. The processing steps included generating RUL labels, using the sliding window technique and applying PCA analysis to select important features, reduce dimensionality and convert sensor data into appropriate time-series inputs for training.The model relies on Multi-Scale Dilated Convolution to extract degradation features from multiple time scales. It also uses Channel Attention and Spatial Attention mechanisms to focus on the most influential sensors and time points, thereby reducing noise. The model was compared to several previous models, such as CNN, DCNN, TCN, TaFCN, SeNet, GRU, CNN-GRU-Attention, and Transformer.The results showed that the MDFA model achieved the best performance in prediction, with MAE values between 0.018 and 0.026, RMSE values between 0.021 and 0.032, and R² values higher than 0.987 on C-MAPSS and N-CMAPSS datasets. It also achieved good results on PHM2012, with 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 [2] studied a predictive maintenance framework for aircraft engines that combines Remaining Useful Life (RUL) prediction with dynamic maintenance scheduling. The researcher used the full NASA C-MAPSS dataset, including all subsets (FD001, FD002, FD003, FD004), to represent different operating conditions and failure modes. The paper focused on the problem that traditional maintenance approaches rely on fixed intervals and do not leverage real-time sensor data.To address this, ensemble machine learning models such as LightGBM, CatBoost, Gradient Boosting, and XGBoost were used, along with other models like SVM, KNN, and Linear Regression. The best hyperparameters were selected using Grid Search CV, and predictions were combined in an ensemble framework to improve accuracy and robustness. A dynamic maintenance scheduling algorithm based on an RUL threshold was also implemented, whereby maintenance is triggered when the predicted remaining life drops below 15 cycles. SHAP was used to interpret the models and identify the most influential sensors and operational cycles affecting maintenance decisions.The results showed that LightGBM, CatBoost, and their ensemble achieved strong performance: the LightGBM and CatBoost models each achieved an RMSE of 6.62 on FD001, and the combination of LightGBM, CatBoost, and Gradient Boosting achieved an RMSE of 9.71 on FD003. The results were also competitive on FD002 and FD004. This demonstrates that integrating RUL prediction with maintenance scheduling helps improve maintenance decision-making and reduces costs and risks. 
Ensarioğlu et al. [3] studied a method for predicting the Remaining Useful Life (RUL) of turbofan engines using deep learning with Change Point Detection and Feature Engineering. The paper emphasized that RUL prediction is one of the most challenging problems in predictive maintenance because sensor data requires thorough preprocessing before model training. The researchers used the NASA C-MAPSS dataset, specifically FD001, which contains 100 training trajectories, 100 test trajectories, a single operating condition, and one fault mode. The preprocessing steps included removing constant sensors, selecting 14 important sensors, applying Min-Max normalization to standardize values, and using a low-pass filter to reduce noise. An Autoencoder was then used to extract a single signal from the sensor data. A new feature called the "difference feature" was also engineered, representing the difference between each sensor reading at every cycle and its first reading. The paper applied PwL labeling with change point detection to more accurately determine the starting point of degradation for each engine. Subsequently, a 1D CNN-LSTM model was trained: the 1D CNN was used to extract spatial features from the sensor data, while the LSTM captured temporal changes in degradation. The model was compared with other machine learning and deep learning models, both with and without the new difference feature. The results showed that the 1D CNN-LSTM model with the difference feature achieved the best performance, with an RMSE of 16.1 and a score of 437.2.
Deng and Zhou [4] proposed a hybrid deep learning framework integrating convolutional neural networks (CNNs), long short-term memory (LSTM) networks, and an attention mechanism to predict the remaining useful life (RUL) of aeroe-ngines. The study used the NASA C-MAPSS dataset, which comprises sensor measurements collected from aircraft turbofan engines throughout the degradation process. The data preprocessing procedure involved feature normalization, RUL label generation, and the transformation of sensor measurements into sequential time-series inputs. Within the proposed architecture, the CNN component was used to extract salient features from the sensor data, the LSTM component was applied to capture temporal degradation patterns, and the attention mechanism was incorporated to enhance the model’s ability to focus on the most informative features for RUL prediction. The proposed approach was evaluated against several baseline models, including CNN, LSTM, CNN-LSTM, BP, GRU, CNN-GRU, DCNN, and TCNN. The results indicated that the CNN-LSTM model with an attention mechanism achieved the strongest predictive performance, with RMSE values of 15.977, 14.452, 13.907, and 16.637 on FD001, FD002, FD003, and FD004, respectively.

Fan et al. [5] proposed a two-stage attention-based hierarchical Transformer model to predict the Remaining Useful Life (RUL) of turbofan engines. They used the NASA C-MAPSS dataset, which contains readings from multiple sensors of aircraft engines. The preprocessing steps included arranging engine sensor readings into time-series sequences and preparing the data for RUL regression. The proposed framework, called 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, RNN-based, and Transformer-based models such as DAST, DLformer, and BiLSTM-DAE-Transformer. The results showed that STAR achieved strong performance on the C-MAPSS subsets and improved RUL prediction compared with several baseline models.


Elsherif et al. [6] proposed a hybrid deep learning model called CAELSTM to predict the Remaining Useful Life (RUL) of turbofan engines. They used the NASA C-MAPSS dataset, focusing on the FD001 and FD003 sub-datasets. The preprocessing steps included preparing the sub-datasets and applying a piecewise linear degradation model. The proposed model used a convolutional autoencoder followed by an LSTM layer with an attention mechanism to learn useful degradation features from time-series sensor data. A fully connected layer was also used to process the extracted features before the final RUL prediction. The model was evaluated and compared with other RUL prediction approaches. The results showed that CAELSTM achieved strong performance, with RMSE values of 14.44 on FD001 and 13.40 on FD003, MAE values of 10.49 on FD001 and 10.68 on FD003, and Score values of 282.38 on FD001 and 264.47 on FD003.

	Paper
	All Models
	Datasets
	Dataset Link
	Limitation
	Best Model
	Results

	Xiao et al [1]
	CNN DCNN TCN TaFCN SeNet GRU CNN GRU Attention Transformer MDFA

	NASA C MAPSS N CMAPSS PHM2012
	https://data.nasa.gov/dataset/cmapss-jet-engine-simulated-data
	The model requires a large amount of historical sensor data, and it may involve computational complexity due to the multiple convolutions and attention mechanisms.
	MDFA
	The model achieved MAE values ranging from 0.018 to 0.026, RMSE values from 0.021 to 0.032, and R² values higher than 0.987. On the PHM2012 dataset, it achieved RMSE values between 0.031 and 0.032

	Ozkan [2]
	LightGBM CatBoost Gradient Boosting XGBoost SVM KNN Linear Regression MLP Random Forest Ridge Regression Bayesian Ridge Regression
	NASA C MAPSS FD001 FD002 FD003 FD004
	https://data.nasa.gov/dataset/cmapss-jet-engine-simulated-data

	The framework was tested only on the C-MAPSS dataset, and a fixed maintenance threshold of 15 cycles was used. Therefore, it requires validation on real-world data and with different risk policies.
	LightGBM CatBoost ensemble and LightGBM CatBoost Gradient Boosting ensemble
	FD001 RMSE 6 62 RUL Score 2 951 x 10^3 FD003 RMSE 9 71 RUL Score 1 037 x 10^4 FD002 RMSE 10 15 FD004 RMSE 14 12

	Ensarioğlu et al [3]
	1D CNN LSTM 1D CNN LSTM with difference feature 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 represents a single operating condition and a single fault mode. Therefore, it needs to be validated on more complex datasets with multiple operating conditions and fault modes
	1D CNN LSTM with difference feature and change point based labeling
	RMSE 16 1 Score 437 2

	Deng and Zhou [4]

	CNN, LSTM, CNN-LSTM, CNN-LSTM with attention mechanism, BP, GRU, CNN-GRU, DCNN, TCNN

	NASA C-MAPSS

	https://data.nasa.gov/dataset/cmapss-jet-engine-simulated-data

	Although the study emphasized RUL prediction accuracy, it did not incorporate a risk score, maintenance prioritization framework, or actionable maintenance recommendations.
	CNN-LSTM with attention mechanism

	RMSE: FD001 = 15.977, FD002 = 14.452, FD003 = 13.907, FD004 = 16.637


	Fan et al. [5]

	STAR, DAST, DLformer, BiLSTM-DAE-Transformer, CNN-based models, RNN-based models
	NASA C-MAPSS
	https://data.nasa.gov/dataset/cmapss-jet-engine-simulated-data

	The study focused on RUL prediction accuracy, but it did not include risk score, maintenance priority, or maintenance recommendation.

	STAR hierarchical Transformer

	Strong RUL prediction performance on C-MAPSS; improved RMSE and Score compared with several baseline models


	Elsherif et al. [6]
	CAELSTM, convolutional autoencoder, LSTM with attention mechanism, comparison models from previous studies

	NASA C-MAPSS FD001 and FD003

	https://data.nasa.gov/dataset/cmapss-jet-engine-simulated-data

	The study focused only on FD001 and FD003, and it did not include risk score, maintenance priority, or maintenance recommendation.

	CAELSTM

	RMSE: FD001 = 14.44, FD003 = 13.40; MAE: FD001 = 10.49, FD003 = 10.68; Score: FD001 = 282.38, FD003 = 264.47
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