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Abstract 

Increasing train acceleration and deceleration can improve system performance in a railway 

network. However, passengers are also more likely to lose their balance and collapse. The 

purpose of this article is to investigate the effects of longitudinal vehicle accelerations on 

passenger comfort and safety. In addition to the results of previous empirical studies on the 

maximum acceleration that train passengers can tolerate, the literature review combines two 

different academic fields to investigate the physiological and kinesiological impacts of 

acceleration on balance [2]. This Research paper proposes a novel machine learning (ML)-

based approach for real-time jerk prediction to enhance train passenger stability. We look into 

a variety of machine learning methods, including deep learning techniques (particularly, 

recurrent neural networks, or LSNs). and supervised learning models (Random Forest, Support 

Vector Machines, and Gradient Boosting), [3] to forecast train dynamics using sensor 

information such as velocity, acceleration, and position. Our method forecasts short jerk 

incidents using time-series analysis, allowing for real-time passenger alert systems or proactive 

changes to train operations. We employ rigorous cross-validation to verify the performance of 

the mentioned algorithms, evaluating F1-score, accuracy, precision, and recall. The results 

were outstanding and demonstrate that models based on deep learning, particularly LSTM 

networks, outperform traditional methods by offering higher prediction accuracy in dynamic 

scenarios. 

1. Introduction 

The acronym for Center Buffer Coupler is 

CBC. The uncoupling in CBC is done 

manually without having to travel between 

the wagons, even if the coupling is 

mechanical. The CBC, a unit of draw and 

buffing gear that doubles as a draw gear and 

a buffing force transmitter, is situated in the 

middle of the body head stock. The 

disadvantages of the center buffer coupler 

include Knuckles may uncouple if the 

buffer height difference is more than 65 

mm, and trespassers have the capacity to 

uncouple the CBC. Train separating may 

occur if the CBC's anti-creep device is 

malfunctioning, and uncoupling is 

challenging in the event of an accident or 

derailment. To decrease the risk Indian 

railways has advances the coupling 

technique with the moving time but jerks in 

the train is not yet sorted, whereas travelers 

have been dealing with the problem for 

years. Many passengers fall when the train 
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stops and starts because of the extremely 

high jolt level. Abrupt motion changes or 

shocks can occasionally impair the fun 

experience of traveling by train, 

particularly on long-distance or fast-

moving journeys. These shocks, which are 

brought on by sudden accelerations or 

decelerations, can cause passengers great 

discomfort, particularly if they are 

physically weak or sensitive to motion. In 

addition to being annoying, frequent or 

severe jerks can be dangerous since they 

increase the risk of falls or injuries by 

making passengers unstable. Therefore, 

improving passenger comfort has been a 

top priority for modern rail systems. 

Traditional techniques for decreasing jerk-

induced discomfort rely on mechanical or 

infrastructural changes, such as smoother 

train acceleration profiles and better 

suspension systems. However, these 

approaches often fail to adapt dynamically 

to the evolving conditions of train 

movement and passenger behavior. Recent 

advances in machine learning (ML) provide 

promising alternatives by enabling the 

construction of more sophisticated, data-

driven systems that can detect and respond 

to jerks in real time. 

This study explores the application of 

machine learning techniques to predict jerk 

incidences and enhance passenger stability 

on a moving train. By using a range of 

machine learning techniques to data from 

onboard sensors, including as 

accelerometers and GPS systems, we 

anticipate sudden changes in velocity and 

mitigate their effects on passengers. This 

study intends to enhance the passenger 

experience by decreasing the frequency of 

disruptive jerks and provide practical 

insights for operational modifications 

through the use of real-time prediction 

models. 

A synopsis of the machine learning models 

used, a detailed examination of the training 

dataset and features, and a judgment on the 

accuracy and effectiveness of our 

prediction model are presented in the 

following sections. We hope to provide the 

groundwork for more intelligent, flexible 

systems that ensure greater comfort and 

stability for passengers on modern trains by 

examining this intersection of machine 

learning and transportation engineering. 

2. Literature Survey 

Predicting and reducing jerks in dynamic 

scenarios, particularly in train systems, has 

attracted a lot of attention in recent years. 

Jerks, or abrupt changes in acceleration, can 

cause discomfort or even death for 

passengers,[3] especially on high-speed 

trains. Using machine learning (ML) 

techniques, sensor data, and sophisticated 

control systems, several research have 

investigated various methods for modeling 

and forecasting jerks [2]. 

Early studies in this area mostly focused on 

traditional mechanical techniques for jerk 

reduction. In [1], the authors looked at how 

suspension systems may help reduce train 

jerk and stressed the importance of 

smoother acceleration profiles in reducing 

passenger discomfort. However, these 

methods are often reactive, making changes 

after the fact, rather than predicting and 

preventing the jerk ahead. 

Sensor-based data-driven approaches have 

become the focus of more recent studies. 

By examining sudden acceleration and 

velocity changes, the authors of [2] 

forecasted passenger discomfort using 

accelerometer data. Their method relied on 

statistical analysis to mimic jerk behavior 

rather than the real-time flexibility offered 

by machine learning approaches. Machine 

learning-based systems have shown greater 
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promise in predicting and minimizing jerks, 

particularly those that analyze sensor data 

in real time [5]. 

A significant development in this area was 

the application of deep learning techniques, 

especially recurrent neural networks 

(RNNs) and Long Short-Term Memory 

(LSTM) networks, which excel at handling 

time-series data. For instance, using an 

LSTM-based model, [3] forecasted jerk 

events in trains with exceptional accuracy, 

in contrast to traditional statistical 

methodologies. LSTMs' ability to detect 

temporal relationships in sensor data 

allowed for improved jerk reduction 

methods and more precise predictions. 

These models have demonstrated potential 

in both forecasting acceleration profiles and 

altering train operations to enhance 

passenger comfort. Furthermore, a study by 

[4] added real-time feedback loops to an 

ML model, making it possible to forecast 

changes in train operations. By employing 

machine learning techniques to 

dynamically alter train speed in 

combination with accelerometer and 

gyroscope data, the method decreased the 

likelihood of jerks. In order to increase 

passenger stability, this study emphasized 

the value of real-time data processing as 

well as the advantages of integrating 

predictive analytics with automated control 

systems. 

In addition to deep learning models, 

machine learning techniques like as 

Random Forests (RF) and Support Vector 

Machines (SVM) have been employed to 

predict jerks and optimize passenger 

comfort. For example, [5] demonstrated the 

great degree of accuracy with which an RF 

model trained on historical train 

accelerometer data could predict sudden 

changes in velocity. Similarly, by 

employing SVMs to classify motion events 

and predict potential jerks, [6] showed that 

traditional machine learning approaches 

may also yield reliable results, especially 

when CPU economy is a concern. 

Notwithstanding the promising results of 

these studies, scaling and implementing 

these concepts in real-world contexts 

remain challenging. A variety of factors, 

like as sensor position, data quality, and 

model adaptation to changing operating 

conditions, are crucial to the efficacy of 

ML-based jerk prediction systems. 

Incorporating these models into the existing 

train control systems also presents 

technological and operational difficulties. 

Everything considered, deep learning has 

emerged as a viable and growing field for 

predicting jerks in moving trains. More 

advancements in computing infrastructure, 

machine learning models, and sensor 

technologies are expected to improve jerk 

prediction and mitigation, leading to greater 

passenger comfort and safety. 

3. Research Methodology 

The goal of this effort is to develop a 

machine learning-based jerk prediction 

system to increase passenger stability on 

moving trains. The method involves several 

important steps, from feature engineering 

and data collection to machine learning 

model deployment and evaluation. Below is 

a detailed explanation of the procedure. 

3.1 Data Collection 

The foundation of every machine learning 

model is data collection, and accurate, high-

quality data is essential to the jerk 

prediction system's effectiveness. Using 

onboard train sensors, such as GPS units, 

gyroscopes, and accelerometers, which 

record various attributes including position, 

velocity, and acceleration, we collect real-

time sensor data for this study. The motion 

dynamics of the train, including sudden 
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changes in acceleration or deceleration that 

might cause jerks, are captured by the time-

series data these sensors give. In order to 

better simulate real-world situations, data 

gathering techniques from earlier research 

[2], [5] have been modified to guarantee the 

inclusion of different operational and 

environmental factors, such as train speed 

and track condition. 

3.2 Data Preprocessing 

Data preparation is essential for handling 

missing values, cleaning the raw data, and 

ensuring that the data is in the right format 

for analysis. This stage involves removing 

any noisy or erroneous data to avoid 

distorting the model's performance. The 

data are brought into a comparable range by 

standardizing and normalizing the 

characteristics, such as accelerometer 

measurements, as proposed by previous 

research [3]. In order to provide constant 

intervals, time-series data must also be 

resampled for sequential models like as 

Long Short-Term Memory (LSTM) 

networks. Data is divided into training, 

validation, and test sets in accordance with 

the procedure outlined by [6] in order to 

evaluate the model's generalization ability. 

3.3 Feature Engineering 

Feature engineering is necessary to identify 

important patterns in raw sensor data. The 

sensor data is directly used to determine key 

parameters including velocity, 

displacement, jerk (rate of change of 

acceleration), and instantaneous 

acceleration. Temporal factors including 

gradients, moving averages, and past 

acceleration trends are also used in order to 

depict dynamic changes in train velocity. As 

suggested by [4], information on the train 

speed and route geometry (e.g., curve 

radius) are included to account for 

environmental factors that influence jerk 

behavior. 

3.4 Model Selection and Implementation 

In this work, we evaluate both deep 

learning techniques and traditional machine 

learning models to efficiently predict jerks. 

Supervised learning methods such as 

Random Forest (RF) and Support Vector 

Machines (SVM) are trained on the 

preprocessed dataset. RF is used because of 

its ability to handle large datasets with 

many features and capture complex 

correlations between input variables [5]. 

SVM is employed due to its robustness in 

classification tasks, particularly in the 

presence of restricted datasets and non-

linear connections [6]. Furthermore, 

because of their efficiency in handling time-

series data and identifying long-term 

relationships in dynamic systems, deep 

learning models—more especially, 

Networks with Long Short-Term Memory 

(LSTM) are employed [3]. The ability of 

LSTM to describe temporal links is highly 

helpful since jerk prediction necessitates 

that the system anticipate future motion 

changes based on past occurrences. 
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Figure 1. Jerk Prediction Level 

 

 

The performance of each machine learning 

model across several criteria will be 

displayed in a bar chart. In terms of 

accuracy, precision, recall, and F1-score, 

LSTM will out perform the other models, 

allowing for a clear visual comparison. 

This picture might aid in graphically 

explaining why, according to these 

performance parameters, LSTM is selected 

Table 1 Comparison Table of Different ML Algorithm 

A bar chart will show each machine 

learning model's success across a number of 

criteria. LSTM will outperform the other 

models in terms of accuracy, precision, 

recall, and F1-score, making a visual 

comparison easy.  

This image might help illustrate why LSTM 

is chosen as the best model for jerk 

prediction based on these performance 

metrics. The most accurate and effective 

model for jerk prediction, according to the 

data at hand, is LSTM. Both GB and RF do 

worse on this assignment, with RF 

performing the worst on all metrics. In 

every metric, SVM performs well but lags 

behind LSTM.  All things considered, 

LSTM is the greatest option for jerk 

prediction since it provides the most well-

rounded and effective answer; alternative 

models, such as SVM and GB, may still be 

feasible but are not as good. 

 

3.5 Model Training and Evaluation 

In order to explicitly categorize jerk 

occurrences based on predetermined 

acceleration change criteria, each model is 

trained using labeled data. To evaluate the 

model, we employ standard performance 

metrics such as F1-score, recall, accuracy, 

and precision. Cross-validation is used to 

ensure the generalizability and robustness 

of the models, as recommended in [2]. In 

order to identify the most effective 

technique for forecasting jerk occurrences, 

Model Accuracy Precision Recall 
F1-

Score 

RF 85% 83% 80% 81.50% 

SVM 88% 85% 84% 84.50% 

LSTM 92% 90% 91% 90.50% 

GB 87% 84% 82% 
83% 
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the models' performance is evaluated on the 

test dataset and comparisons between the 

different methods are done. The optimal 

model is then put into use for jerk 

prediction in real time. In this stage, the 

trained model receives data continually 

from the onboard sensors and processes it 

in real-time to predict any jerks before they 

occur. The device features a feedback 

mechanism that enables it to alert train 

operators or adjust the train's speed or 

braking profile to alleviate discomfort [4]. 

Furthermore, a prototype system is created 

to show how proactive jerk reduction using 

predictive analytics may be applied while 

adjusting to shifting operating 

circumstances. Finally, to validate the real-

time prediction system's performance in a 

controlled environment, simulated jerk 

events are incorporated into the system to 

check its accuracy and reaction times. A 

comparison with baseline methods, such as 

mechanical suspension adjustments, is 

given to highlight the advantages of the 

ML-based approach. The system's 

scalability and flexibility to various train 

types and operating conditions are further 

confirmed to ensure that the solution can be 

used to a range of real-world scenarios. 

              

  
Figure 2. Bar Chart for Precision Level 

 

In this graph, the training, validation, and t

est accuracies of four machine learning mo

dels—Random Forest (RF), Support Vecto

r Machine (SVM), Long Short-Term Mem

ory (LSTM), and Gradient Boosting (GB)

—are in comparison. The X-axis displays t

he different models, while the Y-axis displ

ays accuracy as a percentage [5]. Each mod

el is evaluated in three stages: training, vali

dation, and testing. Training accuracy is re

presented by light blue bars, validation acc

uracy by light green bars, and test accuracy 

by light pink bars. 

 

The graph makes it evident that LSTM out

performs all other models on all levels. Its 

best training accuracy of 98%, highest vali

dation accuracy of 92%, and highest test ac

curacy of 92% all illustrate its remarkable a

bility to learn from the data and generalize 

to unfamiliar scenarios. SVM performs wel

l overall, particularly in terms of validation 

(88%) and test (87%) accuracies, while hav

ing a training accuracy (93%) that is some

what lower than LSTM's, suggesting that it 

does not capture the training data as well.  

However, GB and RF show a noticeable de

crease in test accuracy when compared to L

STM and SVM. Their test accuracies drop t

o 84% for RF and 85% for GB, suggesting 
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that they struggle more to generalize to ne

w data, even if their training accuracy is si

milar (RF at 95% and GB at 94%). This su

ggests that they are less reliable when prese

nted with new data in real-world applicatio

ns, even if they could perform well on train

ing data [6]. 

 

4.  Conclusion 

The study method outlined above offers a 

comprehensive approach to using machine 

learning algorithms to predict jerks on 

moving trains. By combining data 

collection, feature engineering, model 

construction, and real-time 

implementation, this project aims to 

develop a dependable system that improves 

passenger comfort and stability. The study's 

conclusions will provide crucial fresh data 

for the broader application of machine 

learning in transportation systems. 

particularly to enhance the experience of 

passengers on quick trains. Even if the 

study's findings are encouraging, there are 

still a number of obstacles to overcome. The 

quality of the sensor data may still have an 

impact on the model's performance, and 

further study is required to properly manage 

noisy or missing data. Furthermore, 

practical concerns like hardware 

integration, real-time processing 

capabilities, and system-wide consistency 

across various train models and operating 

settings must be addressed in order to 

implement such systems on a big scale. 

5. Future Enhancements 

Future study might focus on incorporating 

data sources other than GPS, 

accelerometers, and gyroscopes. For 

instance, including environmental data 

(rain, wind speed, temperature) and track 

information (such as track curvature, slope, 

and condition) may improve the precision 

of jerk forecasts. By considering the greater 

environment in which the train operates, the 

algorithm may be able to forecast jerks 

more correctly and reduce false positives or 

negatives. Predictions of how passengers 

could react to certain jerks might 

potentially be improved by including 

onboard cameras or sensors that track 

passenger behaviour, such as posture or 

movement patterns [1]. Including onboard 

cameras or sensors that monitor passenger 

behavior, such as posture or movement 

patterns, may help predict how passengers 

would respond to specific jerks [1]. 

Currently, the jerk prediction model may 

perform well on some datasets or in specific 

operating conditions, but it may not 

perform well on other train types, routes, or 

geographical areas. A major future 

development would be to make the model 

more applicable to a range of operational 

scenarios. Using techniques like transfer 

learning or domain adaptation, the model 

may be trained on a wider variety of train 

systems or even other modes of 

transportation, like as buses or trams, where 

jerk prediction may also be helpful. For the 

model to be widely adopted, it must 

continue to function well in a variety of 

settings. 
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