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Abstract

This project focuses on enhancing the accuracy of freight rail arrival time predictions using machine
learning. Traditional estimation methods relying on distance and travel time were found to be unreliable.
Various modern machine learning models, including LIGHTGBM, Random Forest, KNN, and Linear
Regression, were assessed, with LIGHTGBM initially demonstrating the highest predictive accuracy (R2).
The study also integrates SHAPLEY values to interpret model performance and emphasizes data
preprocessing techniques such as feature selection and normalization. Furthermore, the advanced
XGBOOST algorithm was tested, achieving an improved R2 score of 91%. The findings indicate that
these models significantly improve short-term arrival delay forecasting, which is essential for optimizing
freight rail operations.
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INTRODUCTION:

The growing importance of rail transport due to its cost-effectiveness, reliability, lower emissions, and
safety, which has led to its integration into intermodal transport systems. Public agencies are actively
promoting rail over other transport alternatives. However, optimizing rail infrastructure is crucial for
maintaining efficiency and dependability, which requires effective management, maintenance, and the
application of technology and data analytics.

A key challenge in rail operations is train delays, which can arise from preparation time issues and in-
transit performance variations. Predicting arrival delays—defined as the difference between actual and
scheduled arrival times—is essential for risk management in rail transport. The paragraph contrasts event-
based models, which forecast disruptions, with data-driven models that are better at recognizing complex,
multidimensional data relationships.

The research is focuses on evaluating and comparing data-driven models for predicting short-term arrival
delays. Additionally, it aims to identify key delay factors and develop a Short-term Decision Support
System (STDSS) to help mitigate real-time disruptions in freight operations. The emphasis on data-driven
models suggests that the study is leveraging advanced analytics and machine learning techniques to
enhance rail system reliability.

LITERATURE SURVEY:

P. Mcmahon et al The advent of big data has transformed railway asset management by enabling the
collection and analysis of extensive operational datasets. Advanced data analytics, including machine
learning and multiple regression analysis, play a crucial role in improving decision-making processes.
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These technologies help identify critical insights, such as early indicators of potential failures. This paper
examines the requirements and challenges associated with big data analytics in railway asset management,
with a focus on data acquisition, processing, and practical applications, including the role of Blockchain
technology. It highlights the significance of leveraging big data and outlines future research directions to
address existing gaps in the field.

Railway operations are often impacted by disturbances affecting a preceding train, which can reduce
service intervals below the required headway distance. This results in increased train interactions, leading
to higher energy consumption, delays, and financial penalties. This study investigates optimizing train
trajectories to achieve a balance between energy efficiency and delay mitigation within a fixed block
signaling system. A custom-built multitrain simulator is used to analyze the impact of a leading train’s
movements on following trains. Optimization techniques such as enhanced brute force search, ant colony
optimization, and genetic algorithms are applied to determine optimal train trajectories. Findings suggest
that well-planned train movements can minimize disruptions, improve energy efficiency, enhance
operational performance, and contribute to safer and more comfortable travel experiences.

PROBLEM STATEMENT:

Freight rail is a crucial mode of transportation for moving goods between locations, ensuring the efficient
delivery of everyday items produced in different regions. As one of the most extensive transport networks,
rail plays a vital role in supply chain logistics. To optimize freight movement, operators need accurate
departure and travel time estimates to predict arrival times with precision. Historically, arrival times were
determined using basic distance and travel time calculations. However, this approach often led to
inaccuracies, highlighting the need for more advanced and reliable prediction methods.

PROPOSED METHOD:

Machine learning models have been implemented to forecast train arrival times, yet they often struggle
with accuracy in short-term delay predictions. Short-term arrival delay estimation refines predictions by
calculating delays at each station, allowing for more precise forecasts at subsequent stops. This delay is
factored into the actual arrival, scheduled arrival, scheduled departure, and departure delay. In this study,
a real-time dataset from the National Rail Company of Luxembourg was used to train multiple machine
learning algorithms, including LIGHTGBM, Random Forest, KNN, and Linear Regression. The models
were assessed using performance metrics such as RMSE, MAPE, MAE, and R2. Lower RMSE, MAPE,
and MAE values indicate better predictive performance, while a higher R? signifies greater accuracy.
Among the tested models, LIGHTGBM demonstrated the highest R2 value, confirming its superior ability
to predict train arrival times accurately.
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SHORT TIME DELAY DATASET:
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In above dataset screen first row contains dataset column names and remalnmg rows contalns dataset
values and in last column we have Short Time Delay as target value which is in minutes from junction to
junction.

METHODOLOGY:

Data Loading and Preprocessing:

Import the necessary Python libraries and packages.

Load the dataset from a CSV file into a Pandas DataFrame.

Handle missing values by replacing them with zeros.

Detect and remove highly correlated features to prevent multicollinearity.

Feature Importance Analysis:

The LightGBM (LGBM) algorithm is employed to assess the impact of different features on delay
prediction.

Feature importance scores are computed and visualized to highlight the most influential factors.

Data Normalization and Train-Test Split:

MinMaxScaler is used to normalize both the features and the target variable (delay).

The dataset is divided into training (80%) and testing (20%) subsets.

The total count of records and features, as well as the sizes of the training and testing sets, are displayed.
Visualizing Train-Test Similarity:

The distribution of departure delay values in the training and testing datasets is visualized using box plots
to ensure similarity.

Model Training and Evaluation:

Five machine learning algorithms are trained and evaluated:

LightGBM Regressor

Linear Regression
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Random Forest Regressor

K-Nearest Neighbors (KNN) Regressor

XGBoost Regressor (Extension)

Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Mean Absolute Percentage Error
(MAPE), and R-squared (R2) values are calculated for each algorithm.

The original and predicted delay values are plotted for visual comparison.

Interpreting XGBoost Predictions:

SHAP (SHapley Additive exPlanations) values are used to interpret the predictions made by the XGBoost
algorithm.

Feature importance is explained using a summary plot.

Comparing Algorithm Performance:

A bar graph is plotted to compare the performance of all algorithms based on R2 and RMSE values.
Summary of Algorithm Performance:

A summary table is presented, showing the R2, MAE, RMSE, and MAPE values for each algorithm.
Predicting Delay for Test Data:

Load test data from a separate CSV file.

Handle missing values by replacing them with zeros.

Normalize the test data using the same MinMaxScaler applied to the training set.

Use the XGBoost algorithm to predict delay values.

Denormalize the predicted delay values and display them alongside the corresponding test data.

EVOLUTION:
Mean Squared Error (MSE):
MSE is calculated by taking the average of the squared differences between the predicted values and the
actual values.
4 no g T

MSE =+ 7 (Y; - Y;)°
#Calculate Mean Squared Error (MSE)
def mean_squared_error(actual, predicted):
mse = np.mean((actual - predicted)**2)
return mse
Root Mean Squared Error (RMSE):

RMSE is the square root of the MSE and provides a measure of the average magnitude of the errors in the
predictions.

RMSE — vVMSE

#Calculate Root Mean Squared Error (RMSE)
def root_mean_squared_error(actual, predicted):
mse = mean_squared_error(actual, predicted)
rmse = np.sgrt(mse)

return rmse
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RESULTS:
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Importance percentages

X-axis represents feature name and y-axis represents importance values

Light GBM MAE : 5.139603876393374
Light GBM RMSE : 7.39929278@2543695
Light GBM MAPE : ©.13382593322017697
Light GBM R2 : ©.8947926171435188

Light GBM Freight Train Delay Prediction
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Training LIGHTGBM algorithm on training data and then performing prediction on test data
and then in blue colour line we can see R2 value as 89%

Linear Regression MAE : 9.693330388045866
Linear Regression RMSE : 12.667841616871963
Linear Regression MAPE : 2.25345858082174505
Linear Regression R2 : ©.691632076551387%94
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Linear Regression and its R2 values is 69%
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Random Forest MAE : 7.118916666666667
Random Forest RMSE : 9.807943506838386
Random Forest MAPE : ©.18396082938523373

Random Forest R2 : ©.8151490425798404
Random Forest Freight Train Delay Prediction
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Random Forest algorithm and its R2 values is 81%

KNN MAE @ 12.256111111111114
KNN RMSE : 14.855386472412948
KNN MAPE : @©.25453822456028417
KNN R2 : 90.6283779972661356

KNN Freight Train Delay Prediction
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KNN and its R2 value is 62%
Extension XGBoost MAE : 4.865689219682633
Extension XGBoost RMSE : 6.828325684326593
Extension XGBoost MAPE : ©.122263523261180642
Extension XGBoost R2 : ©.9184028393272756

Extension XGBoost Freight Train Delay Prediction
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Extension XGBOOST and its R2 value is 91%
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Adl Algorithms Performance Graph
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X-axis represents algorithm names and y-axis represents R2 and RMSE error and in all algorithms
Extension XGBOOST and Light GBM got high R2 and less RMSE error compare to other algorithms

Prediction:
Test Data = [1586. 516. A, 182. 925. 885 . 816. ]
Predicted Delay ====»> 18.85116
Test Data = [ 399. 7GO. -5. 392, 2475. 1825. 1827.]
Predicted Delay ====> 2.9311462
Test Data = [1133. FA . -3. 131. 647 . 1825. 1848.]
Predicted Delay ====> 28.413258
Test Data = [F42. 748. -1. 188. 486. 916. 927.]
Predicted Delay ====> 11.782452
Test Data = [1184. 758. 18. 143. 862. 1115. 113%9.]
Predicted Delay ====> 24.17175
Test Data = [1833. 8486. S54. 243, 1671. 1445, 1537.]
Predicted Delay ====3»> 52.51954
Test Data = [ 835. 935. 9. 335. 2384. 1318. 1319.]
Predicted Delay ====> 9.217981

Reading test data from test file and then predicting delay using XGBOOST extension object and predicted
delay

CONCLUSION

This project focuses on enhancing the accuracy of freight train arrival time predictions by addressing
short-term arrival delays. Traditional estimation methods relying on distance and travel time often resulted
in inaccuracies, prompting the adoption of machine learning models. Utilizing real-time data from the
National Rail Company of Luxembourg, the study trained various models, including LIGHTGBM,
Random Forest, KNN, and Linear Regression, assessing their performance using RMSE, MAPE, MAE,
and R2 metrics. Among them, LIGHTGBM achieved the highest R2 score, indicating superior predictive
accuracy. To improve model interpretability, the SHAPLEY technique was employed. Additionally, the
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project explored the XGBOOST algorithm, which further enhanced prediction performance, achieving an
impressive R2 score of 91%.
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