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 This study investigated various machine learning algorithms on dataset for 

failure prediction within metro train systems. The data indicated strong 

linear relationships within the dataset, making linear models such as support 

vector machines (SVMs) viable, as well as logistic regression analysis. For 

example, the least absolute shrinkage and selection operator (LASSO) 

regularization method used in feature selection had profound implications, 

leading to enhanced performance through the identification of pertinent 

attributes. Some advanced models like gradient boosting machines (GBMs), 

convolutional neural networks (CNNs), and kernel SVMs were found to 

outperform the conventional methods because they are capable of 

recognizing any complicated trends or non-linear relationships present in 

data sets. Combining strong learners can produce an ensemble model that 

improves forecast performance, while top-performing models are used in the 

ensemble method to enhance prediction accuracy. These findings would help 

professionals in the metro train industry choose appropriate machine 

learning methods to support preventive maintenance strategies, minimizing 

costs while enhancing operational effectiveness and safety. 
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1. INTRODUCTION 

Forecasting failures in metro-train operations conducted by the air production unit (APU) is a 

significant challenge, primarily with maintenance efficacy and service delivery dependability. Conventional 

mechanisms depend on preventive or reactive strategies, generally founded on predetermined timetables or 

responses following failures. Nonetheless, APU failures are highly dynamic, necessitating a more proactive 

and anticipatory strategy. Machine learning is a revolutionary method that examines intricate relationships 

among datasets and detects early indicators of APU failure [1], [2]. Advanced algorithms provide predictive 

models that detect probable defects early, optimizing maintenance and improving metro train service 

reliability [3]. This study examines three advanced machine learning models: gradient boosting machines 

(GBM), convolutional neural networks (CNN), and kernel support vector machines (SVM), utilizing the 

MetroPT-3 dataset, which comprises operational data from compressors in metro trains [4], [5]. These 

advanced algorithms may reveal complex linkages and patterns in datasets, as well as non-linear 

dependencies, potentially outperforming previous models such as extreme gradient boosting (XGBoost), 

extreme learning machine (ELM), and neural networks. The GBM are ensemble learning methodologies that 

aggregate numerous weak learners, usually decision trees, to create a robust and precise predictive model [6]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Their capacity to discern nuanced patterns renders them optimal for failure forecasting. CNNs, originally 

designed for image processing, can be modified for tabular data by interpreting characteristics as  

input channels [7]. 

Quantum neural networks (QNNs) utilize local fields to discern patterns and ascertain variable 

relationships in MetroPT-3 failure prediction. The kernel SVM may simulate non-linear decision boundaries 

by projecting data into a higher-dimensional space using a kernel function, which uncovers relationships 

overlooked by linear SVM models [8]. This analysis assesses the efficacy of sophisticated methods on the 

specified dataset, aiming to achieve a comprehensive understanding of the strengths and weaknesses of each 

approach in failure prediction for metro train systems, based on the outcomes of various advanced models; 

thus, contributing to the ongoing discourse on predictive maintenance. The study's findings will enhance the 

predictive maintenance literature and assist practitioners across many sectors in identifying the most effective 

machine learning solutions for their specific challenges [9]. The methodology section will delineate the 

specific steps involved in this study, encompassing data preprocessing, feature selection, and the operational 

principles of the three advanced machine learning models assessed: GBM, CNN, and kernel SVM.  

The results and discussion section will then delineate the performance of these various models based on 

critical metrics including precision, recall, F1-score, area under the curve receiver operating characteristic 

(AUC-ROC), and mean squared error (MSE). This will also examine the consequences of these findings and 

the significance of advanced models for predicting failures in metro train systems. The conclusion will 

encapsulate the principal findings of the study and emphasize the practical uses of the established models in 

the metro industry [10]. 

 

 

2. METHOD 

The study involved several key steps. First, the dataset was preprocessed, including removing 

irrelevant columns, verifying timestamp format, and handling class imbalances. Feature selection using  

least absolute shrinkage and selection operator (LASSO) identified the most important predictors. Three 

advanced models were evaluated: GBM, CNN, and kernel SVM. 

 

2.1.  Data and preprocessing 

The investigation is based on the MetroPT-3 [5] dataset. It is an extensive collection of operational 

data from metro train systems. The dataset is used as basis for our study, since it has ample records regarding 

metro trains operation. The dataset recorded key parameters—including pressure, temperature, motor current 

(motor c), and air intake valves of the compressor’s APU—which help understand the underlying dynamics 

influencing metro train performance. In order to conduct this dataset for analysis we had to perform certain 

preprocessing steps. Figure 1 show the steps to ensure data preprocessing. 
 

 

 
 

Figure 1. Data preprocessing steps 
 

 

Initially, extraneous columns that were irrelevant to the analytical objectives were eliminated, 

therefore streamlining the dataset and reducing noise. Secondly, consistency in timestamp format was 

established to assure the efficacy of time series analysis [11]. Despite being a subsampling strategy due to the 

inherent class imbalance in the original data, where negative cases (absence of defect) outnumbered positive 

ones (failure), this was not atypical. A random undersampling technique is utilized to specifically rectify the 

class imbalance. The majority class (normal operation) samples were arbitrarily reduced to correspond with 

the quantity of minority class (failure) samples, achieving a balanced 1:1 ratio. This method guarantees that 

the model remains unbiased against the majority class while preserving a feasible dataset size for training. By 

implementing this approach, the development of a model that is equitable for all occurrences within the 

dataset was ensured, since it is balanced, hence eliminating any bias towards the majority group. 

Additionally, any potential outliers in our area of focus were identified and removed by a thorough 

examination of interquartile ranges, allowing for the establishment of appropriate thresholds for their 

exclusion. This led us to develop a more reliable dataset, as outliers would less influence models. Be aware 

that certain preparation processes, such as segmentation and normalization, have already been executed by 

the data provider [5], [12]. 
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2.2.  Feature selection 

An essential measure to enhance the predictive efficacy of our models is the selection of appropriate 

characteristics. The LASSO (L1 regularization) approach is employed to facilitate the transformation of the 

dataset for a linear relationship. This is the rationale for our selection of the LASSO algorithm. LASSO 

reduces coefficients to zero, facilitating automatic feature selection—optimal for high-dimensional datasets. 

LASSO identifies the most valuable characteristics, mitigating the curse of dimensionality, enhancing model 

interpretability, and improving generalization capabilities [13]. LASSO's pertinent feature selection identified 

transmitter pressure 2 (TP2), high-pressure sensor 1 (H1), differential valve level (DV level), motor winding 

temperature (M motor temp), motor c, compressor pressure (COMP), differential valve electrical input  

(DV elec in), and motor position or gas flow (MPG) as significant predictors of “status”. This perspective is 

corroborated by the robust linear correlations identified during exploratory data analysis, so indicating that 

LASSO was appropriate for this specific dataset [14]. To avert data leaking, LASSO feature selection was 

executed within each iteration of the cross-validation cycle. Specifically, the feature importance coefficients 

were calculated solely based on the training fold data, and the selected features were then applied to the 

validation fold. This ensures that the test data remained strictly unseen during the feature selection process. 

 

2.3.  Gradient boosting machines 

The GBM are suitable for our datasets because to their capacity for equation fitting and hypothesis 

representation [15]. GBM incrementally constructs models, each rectifying the flaws of its predecessor by 

gradient descent, hence enhancing predicting accuracy. The dataset contains numerous features, some of 

which may exhibit non-linear interactions that influence the outcome variable 'status'. GBM is optimal due to 

its capacity to identify complex patterns without necessitating active feature modification inside the dataset. 

Model parameterization and validation the process of establishing parameters and evaluating the sufficiency 

of the GBM model comprises several significant stages: 

i) Hyperparameter tuning: utilized a grid search strategy to optimize the key hyperparameters. The search 

space included: learning rate ∈{0.01, 0.05, 0.1}, number of estimators ∈{100, 200, 500}, and maximum 

tree depth ∈{3, 5, 7}. The final selection was based on maximizing the F1-score across  

5-fold cross-validation [16]. 

ii) Cross-validation: cross-validation techniques will be used to ensure that the GBM model is robust and 

generalizes well. Herein, the dataset is divided into several folds and then the model is trained using one 

portion while testing it on the rest parts; this allows us to establish its overall effectiveness by looking at 

average performance on all folds [17]. 

iii) Early stopping: GBMs may overfit, particularly with many trees. In order to address this challenge, an early 

stop criterion is introduced to monitor performance of model against validation set such that as soon as there 

is no improvement observed, training must stop so as to prevent overfitting on the training data [18].  

 

2.4.  Convolutional neural networks 

Although usually employed for image data processing, CNNs represent a category of deep learning 

models that extend beyond image processing applications [19]. CNNs were employed on the dataset due to 

their capacity to capture intricate feature interactions and non-linear correlations inherent in high-dimensional 

datasets [20]. Despite the dataset not being in a conventional image format, it may be converted into a tabular 

structure akin to a 2D grid, allowing CNNs to leverage robust feature extraction capabilities. By interpreting 

tabular data as a two-dimensional image with features represented as channels, CNNs may generate 

hierarchical representations and autonomously identify significant patterns with minimal need on feature 

engineering. Modifying CNNs for tabular APU sensor data is a viable strategy as it enables the model to 

autonomously discern intricate feature correlations, hence reducing need on extensive manual feature 

engineering. CNNs typically process images; however, in this context, each sensor reading functions as a 

channel within a two-dimensional grid. This configuration enables convolutional layers to identify local 

patterns and spatial relationships among sensors, detecting non-linear correlations frequently overlooked by 

traditional machine learning models. The architecture, incorporating convolutional and pooling layers, 

enables the model to construct layered, hierarchical representations. This is significant when addressing the 

complexities of sensor data, characterized by its noise and variability. This approach not only enhances the 

model's robustness but also reveals subtle anomalies and predicts failures with superior accuracy compared to 

previous methods. Figure 2 illustrates the workflow of a CNN for the transformation and processing of 

tabular data. This is a description of the figure's content, derived from the text. 

– Input transformation: tabular data → converted to 2D grid structure. 

– Convolutional layers: apply learnable filters to extract local patterns and spatial relationships. 

– Pooling layers: reduce spatial dimensions (e.g., max pooling) for translation invariance. 

– Fully connected layers: flattened features → classified via dense layers. 

– Output layer: predicts failure probabilities (binary classification). 
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Figure 2. CNN architecture for tabular data failure prediction 

 

 

The specific architecture of the implemented CNN is detailed as follows: it consists of three  

1D convolutional layers with 32, 64, and 128 filters respectively, each using a kernel size of 3 and 'same' 

padding to preserve spatial dimensions. Each convolutional layer is followed by a rectified linear unit 

(ReLU) activation function and a MaxPooling layer (pool size =2). A dropout rate of 0.5 was applied before 

the final fully connected dense layers to prevent overfitting. Training parameters: i) optimizer: Adam 

(learning rate =0.001); ii) loss function: binary cross-entropy; iii) batch size: 32; and iv) epochs: 50  

(with early stopping patience of 5 epochs). 

The primary function of convolutional layers is to implement several learnable filters (convolution 

kernels) on the input, facilitating the capture of local information and spatial correlations among variables. 

They facilitate the identification of complex patterns in data by extracting detailed information in lower 

layers before transmitting them to higher layers. Pooling layers succeed convolutional layers, altering feature 

maps by diminishing their spatial dimensions and introducing translation invariance, hence enhancing 

robustness to minor input alterations. Fully connected layers receive the retrieved features from convolutional 

and pooling layers, flatten them, then transmit them through one or more fully connected layers to do the 

final classification task. This facilitates the future integration of acquired traits and the prediction of ultimate 

failure [21]. The output layer delivers the projected class probabilities or labels for the failure prediction task. 

The training of the CNN model encompasses various stages: transforming tabular data to simulate a 2D grid 

layout, with features represented as channels. Model initialization-randomizing the weights of the CNN for 

the convolutional kernels and fully connected layers. Forward propagation—this process entails transmitting 

input data through the CNN architecture to calculate the output probabilities or labels [22]. Loss calculation: 

evaluates model predictions against actual labels and computes a loss function, such as cross-entropy loss, 

which quantifies the error. Backpropagation entails calculating the gradients of the loss function concerning 

model parameters by backtracking, followed by weight updates utilizing an optimization technique such as 

stochastic gradient descent [23]. Iterative training: repeating steps 3 to 5 for more than one epoch until model 

convergence, or maximal performance on validation data is achieved [24]. 

 

2.5.  Kernel support vector machines 

SVM algorithm is a robust machine learning method that is capable of handling linear as well as 

non-linear classification tasks [25]. Kernel SVM was applied to model non-linear relationships via implicit 

feature transformation into higher-dimensional space [26]. The kernel trick avoids explicit coordinate 

computation, reducing computational complexity. The radial basis function (RBF) kernel is used as in (1). 

 

𝐾(𝑥𝑖 , 𝑥𝑗) = exp⁡(−𝛾‖𝑥𝑖 − 𝑥𝑗‖2) (1) 

 

This choice balances flexibility and generalization, capturing complex decision boundaries while 

mitigating overfitting. The hyperparameter 𝛾 controls sensitivity to inter-sample distances, optimized via 

cross-validation. Compared to linear SVM, RBF-kernel SVM better exploits non-linear patterns in the 

MetroPT-3 dataset. Unlike nonlinear SVM which may have some advantages over simple relationships linear 

SVM is preferred because it is simple and precise. The task of hyperparameter tuning for the SVM model 

involved mainly seeking for the best value of the parameter ‘C’. By systematically adjusting the ‘C’ values 

and evaluating how they affected the accuracy, there appeared to be a constant pattern of higher accuracy 

levels being attained with increased values of ‘C’. A systematic grid search is performed to tune the 

regularization parameter cand the kernel coefficient 𝛾. 

The ranges explored were C∈{0.1, 1, 10, 100, 1000} and γ∈{0.001, 0.01, 0.1, 1}. The optimal 

configuration selected based on validation performance was C =1,000 and γ =0.01. Balancing the trade-off 

between margin maximization and classification error [27]. 

 

 

3. RESULTS AND DISCUSSION 

The results showed that the advanced models, especially CNN, outperformed traditional methods. 

CNN achieved the best performance with a precision of 0.95, recall of 0.94, F1-score of 0.94, and AUC-ROC 

of 0.96. This highlights CNN's ability to capture the complex and non-linear relationships in the data. The 
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discussion analyzes the implications for the metro industry in terms of adopting more effective predictive 

maintenance strategies. 
 

3.1.  Results 

Multiple machine learning models were assessed for their efficacy in forecasting problems in metro 

train system performance. The analysis conducted to assess the important metrics of these models, including 

precision, recall, F1-score, and AUC-ROC, has been performed using the provided dataset. Additionally, the 

CNN was evaluated against MSE to ascertain its efficacy in capturing the intrinsic patterns of a dataset, 

hence assessing its regression capabilities. The results of the metrics are presented in Table 1. 
 

 

Table 1. Metrics for models used 
Model Precision Recall F1-score AUC-ROC MSE 

GBM 0.91 0.89 0.90 0.92 - 

CNN 0.95 0.94 0.94 0.96 0.12 

Kernel SVM 0.93 0.92 0.92 0.94 - 

 

 

The CNN model attains superior performance across all metrics: accuracy (0.95, 95% confidence 

intervals (CI): [0.92, 0.98]), recall (0.94, 95% CI: [0.91, 0.97]), F1-score (0.94, 95% CI: [0.91, 0.97]), and 

AUC-ROC (0.96, 95% CI: [0.94, 0.98]). Significantly, only the CNN model yields MSE findings (0.12, CI at 

95%: [0.10, 0.14]), indicating robust regression capabilities. Moreover, an analysis of the 95% CI reveals that 

the CI of the CNN model [0.94, 0.98] for the AUC-ROC metric does not intersect with that of the GBM 

model [0.89, 0.95]. The absence of overlap signifies a statistically significant disparity in performance, 

affirming that the CNN architecture offers enhanced predictive potential relative to the ensemble tree-based 

technique for this particular dataset. A paired Wilcoxon signed-rank test is conducted to evaluate  

the statistical significance of the differences by comparing the AUC-ROC scores derived from the 5-fold 

cross-validation runs. The test established that the CNN model markedly surpasses the GBM model (W =15, 

p =0.043, α =0.05), offering compelling evidence that the noted performance enhancement is not attributable 

to random variation. These results illustrate the efficacy of the CNN architecture in collecting intricate  

non-linear patterns through convolutional and pooling layers. This validates its capacity to interpret intricate 

patterns in MetroPT-3, utilizing convolutional and pooling layers as fundamental elements. Another model 

demonstrating exceptional performance is GBM, achieving an F1-score of 0.90 (95% CI: [0.87, 0.93]) and an 

AUC-ROC of 0.92 (95% CI: [0.89, 0.95]). The GBMs are proficient in constructing prediction models by 

utilizing ensembles of decision trees, adeptly managing intricate data linkages. The kernel SVM model has 

commendable performance, achieving an F1-score of 0.92 (95% CI: [0.89, 0.95]) and an AUC-ROC of 0.94 

(95% CI: [0.91, 0.97]). The kernel function enables kernel SVM to proficiently model non-linear boundaries, 

making it suitable for this classification problem. Figure 3 presents the confusion matrices for the CNN and 

GBM, offering a detailed performance analysis and a direct visual comparison of various error kinds, while 

Figure 4 presents a comparative bar chart of key classification metrics—precision, recall, F1-score, and 

AUC-ROC—across the GBM, CNN, and SVM. Together, these figures offer comprehensive insight into the 

models' error profiles and relative strengths, complementing the aggregated metrics in Table 1 to identify the 

most robust model for metro train failure prediction. 
 

 

 
 

Figure 3. Confusion matrices for the CNN and GBM 
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Figure 4. Comparative performance of machine learning models 
 

 

3.2.  Discussion 

The investigation indicates that robust linear correlations within the MetroPT-3 dataset enhance the 

differentiation of failure cases, allowing conventional models such as linear SVMs to function effectively. 

The exceptional performance of advanced models (GBM, CNN, and kernel SVM) highlights their capacity to 

discern intricate underlying structures. This robustness depends significantly on appropriate preprocessing: 

feature scaling maintained uniform contribution across variables, while LASSO regularization enhanced 

model performance by removing irrelevant features. The significant connections identified across variables 

warrant the elimination of the naïve Bayes classifier, which presumes independence, in favor of model’s adept 

at managing dependencies, such as GBM and CNN. The kernel SVM shown significant efficacy (F1-score: 

0.92, AUC-ROC: 0.94) by adeptly representing non-linear decision boundaries through the kernel function. 

Thus, it is noted that the more sophisticated models, particularly CNN, outperform other conventional 

models in forecasting failures related to the metro train system. This indicates that deep learning approaches are 

highly effective for addressing such difficulties, as they facilitate the identification of complex patterns and 

relationships within data. The results correspond with recent research by Davari et al. [4] and Simone et al. [10], 

which also emphasize the advantages of deep learning techniques compared to conventional methods for 

predictive maintenance in railway systems. While Simone et al. [10] concentrated on long short‑term memory 

(LSTM) architectures, our analysis demonstrates that 1D-CNNs serve as a highly effective option for capturing 

local dependencies in high-dimensional sensor data. CNN demonstrates enhanced performance (F1 =0.94) but 

requires 5.4 times the training duration (45.7 minutes) and has a memory need 13 times greater (15.8 MB) than 

kernel SVM (8.5 minutes, 1.2 MB, F1 =0.92). In resource-limited edge deployments, such as on-board train 

monitoring systems with restricted computational capability, GBM provides an optimal equilibrium, 

compromising merely 4.2% accuracy while decreasing training duration by 73% (12.3 minutes) and memory 

consumption by 78% (3.5 MB). For ultra-low-latency applications necessitating sub-3ms inference, kernel 

SVM (2.3 ms) surpasses CNN (5.4 ms) by 57%, rendering it more suitable for real-time alarm systems where 

prompt response is essential. These findings indicate that model selection must consider operational restrictions. 

CNNs excel in offline-centralized analytics, whereas simpler models are crucial for distributed, real-time 

industrial applications where computational economy competes with prediction accuracy. 

Consequently, the findings possess applicability within the metro industry, where the created 

predictive models could be utilized in operations to implement proactive maintenance measures. Precise 

failure forecasts facilitate the appropriate distribution of maintenance resources, hence improving operational 

efficiency. Moreover, passenger safety is improved through anticipatory and preventive measures throughout 

travel to guarantee a seamless experience at all times. The research findings indicate that the evaluated 

machine learning models yield favorable outcomes for predicting failures in metro rail systems. The existing 

method functions without a framework for representing temporal data. Prediction outcomes would enhance 

by sequential data analysis of sensor data when time-series analysis techniques are employed. Secondly, 

improving the interpretability of models such as CNNs continues to pose a challenge. Comprehending the 
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model's predictive attributes will facilitate the establishment of trust and the formulation of enhanced 

maintenance strategies. The identified shortcomings of existing failure prediction systems must be rectified in 

future research to develop more dependable and effective prediction systems [28], [29]. 

The use of failure prediction models also presents several ethical implications. The system must 

have an equitable maintenance prediction framework that avoids bias towards particular metro system 

regions or passenger demographics. Users require system information regarding decision-making algorithms 

and the identification of potential biases to foster trust and accountability in these systems. An exhaustive 

ethical framework must be developed to establish appropriate guidelines for the utilization of these 

technologies, ensuring they benefit all stakeholders positively [30], [31]. Although CNNs provide enhanced 

performance, they entail greater computing expenses relative to GBM or SVM, potentially posing a 

limitation for low-power embedded systems. Moreover, the opaque characteristics of deep learning present a 

significant obstacle to industrial use. Future implementations could incorporate explainability frameworks 

such as Shapley additive explanations (SHAP) to furnish maintenance teams with interpretable insights on 

the rationale behind specific failure predictions, hence bolstering faith in the automated system. 

 

 

4. CONCLUSION 

Through the utilization of the MetroPT-3 dataset, this study investigated the degree to which various 

machine learning techniques are able to accurately forecast problems in metro train systems. Despite the fact 

that simple models like SVMs do quite well when dealing with linear relationships, the findings 

demonstrated that more complicated and deep learning designs perform significantly better when it comes to 

prediction. With an F1-score of 0.94 and an AUC-ROC of 0.96, the 1D-CNN model in particular did 

exceptionally well across all types of tests. This demonstrates that it is superior to GBMs and kernel SVMs in 

terms of its ability to comprehend intricate data linkages. A further finding made by the researchers was that 

the selection of features using LASSO regularization is essential for minimizing the amount of data and 

training time required without compromising accuracy. These findings have obvious applications in the real 

world: the utilization of these predictive models enables a shift away from addressing issues after they have 

occurred and toward preventing them. This results in a significant improvement in the utilization of resources 

and an increase in passenger safety. The research does have several limitations, such as the absence of  

time-based sequence modeling and the difficulty in comprehending how deep learning models’ function.  

The primary areas of focus for future research will be the creation of combination designs, such as  

CNN-LSTM, in order to make greater use of the time-based part of the data, and the addition of frameworks 

that explain the models, such as SHAP, in order to provide maintenance teams with information that is both 

understandable and operational. 
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