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Abstract

Despite the fact that punctuality is an advantage of rail travel compared with other long-distance
transport, train delays often occur. For this study, a three-month dataset of weather, train delay and
train schedule records was collected and analysed in order to understand the patterns of train
delays and to predict train delay time. We found that in severe weather train delays are determined
mainly by the type of bad weather, while in ordinary weather the delays are determined mainly by
the historical delay time and delay frequency of trains. Identifying the factors closely correlated
with train delays, we developed a machine-learning model to predict the delay time of each train at
each station. The prediction model is useful not only for passengers wishing to plan their journeys
more reliably, but also for railway operators developing more efficient train schedules and more
reasonable pricing plans.

Keywords: train delay; data fusion; railway operation; machine learning

1. Introduction

The railway is a major means of long-distance
transport in China and many European countries.
With more developed railway infrastructure, high-
speed trains and railway management, passenger
rail transport is faster and more convenient than
it used to be. Although trains are still slower

than aeroplanes, the punctuality, convenience
and short waiting time of rail transport make
it a competitive mode of transport for middle-
distance travel. Despite the fact that rail transport
has several advantages, occasional train delays still
occur due to factors ranging from severe weather
to equipment failure and poor management.
Although train delays are usually caused by train
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speed restrictions imposed for safety reasons, the
delays can disrupt connecting journeys (such as
international flights) or important activities (such
as important tasks or conferences). It is therefore
important for passengers to be able to anticipate
delays and adjust their travel arrangements in
advance to avoid missing important connecting
journeys and activities. In addition, understanding
the mechanisms of train delays and being able
to predict them assists railway operators in
improving their train management plans. The
analysis of delay times for different trains can
also help railway operators to take the punctuality
of each train into account and to develop more
reasonable pricing plans.

The prediction of train delays can be divided
into short-term and long-term prediction. Short-
term prediction of train delays is usually estimated
from real-time operating data and released on
the official websites of railway operators (e.g. the
official website of the Railway Customer Service
Centre of China: (https://www.12306.cn/index/).
Long-term prediction of train delays, which is the
focus of the present study, predicts delays a rela-
tively long period (e.g. 3 days or 1 week) in advance.
In comparison with short-term prediction, long-
term prediction is more useful for passengers
in planning and adjusting their trips, because a
passenger is usually unable to change their travel
plans by the time short-term delay information
is released, and therefore has no choice but to
wait for the delayed train. Moreover, long-term
prediction of train delays can provide railway
operators with more time to improve their train
management plans. In the present study, we
analyse the factors affecting train delays and
propose a machine learning-based train delay
model using three sets of big data. First, however, it
is worth reviewing previous work in three related
areas: factors affecting train delays; the spread of
train delays; and train delay prediction.

Magadalega et al. [1] and Olsson et al. [2]
discussed the main factors causing train delays.
These factors include natural phenomena (such as
changes of weather and natural disasters), human
factors (such as improper operation) and systemic
factors (including signal communication failure,
cable failure and power outages). Wei et al. [3]
developed the switching max-plus system (SMPS)
model and the all-paired critical-path (APCP)
algorithm to study the impact of bad weather
on train delays. Cerreto et al. [4] studied train
delay data from the Danish railway network. The
authors discovered that the train infrastructure

layout, the performance and reliability of train
vehicles and the train stopping time at stations will
affect the train delay time, the minimum running
time and the buffer time of trains. Lalinska et al.
[5] and Jiang et al. [6] developed a subway train
delay simulation model based on the stochastic
characteristics of the delays of subway trains
Ludvigsen et al. [8] studied the Finnish railway
system. The authors analysed the correlation
between severe weather and equipment failure
and proposed a train delay analysis model. Wang
[9] proposed an intelligent fault analysis system
for railway signal equipment based on computer
monitoring. The author claimed that the system is
effective at preventing train delays and accidents.
Dingler et al. [10] used a railway traffic controller
(RTC) to classify and quantify train delays and
identify the factors causing train delays. The rela-
tionships among speed, siding dwell time and train
delay were discussed. Methods of increasing train
operation speed and the number of tracks were
proposed to reduce train delay time. Weng et al. [11]
analysed equipment factors such as power failure,
braking system failure and signal failure on the
Hong Kong subway. The authors also set out a train
delay prediction model.

Other researchers have investigated the spread
of train delays. Berger et al. [15] proposed a stochas-
tic model to simulate train delay propagation and
predict the arrival and departure times of trains.
The model was put into practice on the German
rail network. Huisman et al. [16, 17] studied the
delay caused by the differences in train speeds.
The authors applied queuing theory to simulate
the train delay propagation process and the train
operation process. Rob et al. [18, 19] used the
data mining tool TNV-Conflict (telecommunication
network voltage-conflict) and the analysis tool
TNV-Statistics to identify the path conflict chain
and determine the signal arrangement according
to the number of collisions, time loss and delay
jump. A model and an algorithm for calculating the
initial delay propagation on the periodic railway
timetable were proposed. Schlake et al. [7] used
scheduling simulation software to analyse delays
on monorail and dual rail lines. The results showed
that traffic volume and train condition have
significant impacts on train delays, and delayed
trains have different degrees of propagation impact
on subsequent trains.

A number of studies have also investigated the
field of train delay prediction. Oneto et al. [20] used
machine learning algorithms and statistical tools
to construct a train delay prediction system (TDPS)
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for large-scale railway networks. The system
employed large-scale memory data-processing
technology. The train delay prediction model was
evaluated using the actual performance data of the
Italian rail network. Hansen et al. [21] compared
the actual blocking time with the predicted block-
ing time based on train delay data. The authors
developed an online model to accurately predict
the running time between two stations considering
route conflict, vehicle type, weather conditions
and other factors. Murali et al. [22] developed
a complex network model to simulate the train
delay process, which was also used to predict train
delays. Jiang et al. [23] proposed a simulation model
to study the relationship between train delays
and passenger delays. The authors predicted the
dynamic distribution of passengers in large rail
networks. Using a Bayesian network (BN), Lessan
et al. [24] proposed a train delay prediction model.
The k-fold cross-validation method was used to
test the train history data in three BN struc-
tures (heuristic, naive and hybrid). The authors
found that the reconstructed hybrid heuristic BN
structure was able to achieve higher prediction
performance. Yaghini et al. [25] proposed a high-
precision neural network model to predict the late
arrival of Iranian railway passenger trains. The
authors used decision trees and multiple logistic
regression models to evaluate the quality of the
results. Milinković et al. [26] proposed a fuzzy Petri
net (FPN) model to predict train delays. Hallowell
et al. [27] analysed the railway line data and
proposed a model employing dynamic priori-
tization to approximate the optimal planning
process and analyse train delays. Zhuang et al. [28]
used historical operation data and high accuracy
Petri nets to develop a high-speed railway train
operation map model. The authors also proposed
a new high-speed train running conflict prediction
method. Berger et al. [29] proposed a stochastic
model to predict train delay propagation in large-
scale traffic networks. Actual operation data from
the German rail network was used to verify the
prediction results. Oneto et al. [30] proposed a
train delay prediction system that considered both
historical train running conditions and weather
conditions. The authors pointed out that weather
conditions may affect passenger flow, which in
turn affects the stopping time of trains.

The long-term train delay prediction model is
developed based on advanced weather-forecasting
techniques, the close link between severe weather
and train delays, and the relatively consistent rules
of train operation (e.g. low-rank trains giving way

to high-rank trains). The present study combines
weather records, historical train delay records and
train schedule data to determine the most impor-
tant factors influencing train delays. We propose
the new concepts of key train delay stations and
the time interval threshold to determine whether a
delay to one train results in a delay to the following
train. Finally, we present a long-term train delay
prediction model. Before introducing our methods
and results, we will introduce the terminology used
in this study:

Train schedule: A specific train has a fixed train
schedule, which records its arrival and departure
times at each station.

Service train/train: A service train or a train
refers to a vehicle that travels on a railway track,
usually consisting of multiple train vehicles and
providing specific transport services, such as trans-
porting passengers or goods. A train with a unique
train number (e.g. G1346) operates on a particular
railway line and stops at stations according to a
fixed schedule.

Railway station/station: A train usually stops for
passengers to get on and off at a station.

High-speed train: A train with a rated operating
speed of more than 200 km/h. The train number of
a high-speed train starts with the letters ‘G’ or ‘D’
(e.g. G48, D8142).

Beijing–Guangzhou railway/railway line: The
Beijing–Guangzhou railway/railway line is the
general name used to refer to all trains running
from Beijing to Guangzhou.

Delay time: The time difference between the
actual arrival time of a train at a station and its
scheduled arrival time.

Time interval threshold tε: The time interval is
the difference between the arrival times of two
consecutive trains at the same station. The thresh-
old tε is set to determine whether the delay of
a train at a station is likely to propagate to the
following train arriving at the same station.

Length of a train delay propagation chain: The
total number of trains in the consecutive train
delay sequence at each station.

2. Data

Multi-source big data sets were collected in order
to study the delay patterns of trains and the cor-
relations between train delays and a variety of
factors. The multi-source data sets used include
train schedule data, train delay data and weather
data for the cities in question. The three sets of
data were collected during a three-month period
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Fig. 1. (a) Railway stations along the Beijing–Guangzhou railway line (b) Example service train along the Beijing–Guangzhou
railway line

Table 1. Example train delay records

Train number Station Date Scheduled arrival time Actual arrival time Delay time

G6290 Baoding East 2018-01-26 10:31 11:34 01:03
D2708 Menyuan 2018-03-31 21:21 23:23 02:01
G395 Dangdong 2018-02-08 15:45 17:05 01:20
G1397 Shangrao 2018-02-08 11:09 11:40 00:31
G1117 Shaoguan 2018-02-11 15:07 16:10 01:03

from 1 January to 31 March 2018. The details of each
dataset are described in the following section.

2.1 Train schedule data

The schedule data for 7172 railway trains was
obtained from the official website of the Railway
Customer Service Centre of China on 28 December
2017. The geographical information system (GIS)
data for 2761 railway stations was obtained from
Tencent Maps. The name, longitude and latitude
of each station were recorded. As shown in Fig. 1b,
a service train from Beijing West to Guangzhou
South along the Beijing–Guangzhou line is marked
with a black line; stations at which trains stop are
marked with grey circles.

2.2 Train delay data

We developed a web crawler to collect train
delay information from the official website of the
Railway Customer Service Centre of China. The
website releases the delay time for trains at each
station during the one-hour period in which

a train is scheduled to arrive, as well as the
following three hours. For example, if train G395
is scheduled to arrive at Dangdong station at
15:45, the delay time for the train at that station
is available during the period from 15:00 to 19:00.
No information is provided for stations at which
the train is not scheduled to arrive within three
hours. Example train delay records are shown in
Table 1, which records the number, station, date,
scheduled arrival time, actual arrival time and
delay time for each train. During the three-month
data collection period, we observed a total of 2
697 568 train delays, 37.4% of which involved high
speed trains.

2.3 Weather data

Bad weather is a prominent cause of train delays.
According to Railway Safety Management Regula-
tions, when rainfall or wind speed exceed the pre-
determined level for one hour, trains are required
to operate at a lower speed. We used a web crawler
to collect the weather data of 344 cities from
the China Meteorological Data Network, a body
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Table 2. Example weather records

City Date Lowest degrees Celsius Highest degrees Celsius Weather Beaufort scale Air quality index

Hefei 2018-01-01 5 13 Overcast 4 167
Baohe 2018-02-01 −6 4 Overcast 2 130
Chaohu 2018-01-23 −5 2 Sunny 4 54
Luyang 2018-02-15 3 11 Light rain 4 79
Pingtan 2018-02-21 10 15 Cloudy 5 51

Fig. 2. Average delay time of trains at cities along the Beijing–Guangzhou railway line

offering a weather data-sharing service. The
standard format of the weather records is shown
in Table 2. The items recorded include type of
weather, temperature, and wind direction and
scale. We collected a total of 280 225 records during
the first three months of 2018.

3. Results
3.1 Identifying the factors correlated with train
delays

3.1.1. Weather. In bad weather, the operating speeds
of trains are reduced for safety reasons. At present,
accurate weather forecasts can be made over ten

days in advance. Weather conditions can serve as
a key feature of a train delay prediction model. As
shown in Fig. 2, we studied the average train delay
time in 24 cities along the Beijing–Guangzhou rail-
way line under 15 different weather conditions.
The total delay time (t) of trains at each city and
the number of train delays (n) at each city were
used to characterize the severity of train delay in
a particular type of weather (average delay time
t = t/n).

In Fig. 2, the entire Beijing–Guangzhou railway
line is represented by a horizontal line, with each
short vertical line along the horizontal line rep-
resenting a city. The average delay time (t) of the
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Fig. 3. (a) Distribution of the total delay time of train and (b) distribution of the number of train delays for stations along the
Beijing–Guangzhou railway line. (c) Geographical distribution of the total train delay time and (d) the number of train delays
for stations along the Beijing–Guangzhou railway line

trains in a city in a particular type of weather is
illustrated by the size of the circle. There are 15
horizontal lines representing the 15 weather types.
If a particular weather type did not occur in a
city during the three-month observational period,
there is no circle at the short vertical line repre-
senting that city. We can see that the average delay
time is around 10–20 minutes in good weather (i.e.
sunny, cloudy, or cloudy and overcast). The average
train delay time is almost identical for different
cities experiencing the same type of good weather.
The trains were severely affected by sleet, ice rain,
heavy snow and other bad weather; under these
conditions, the average delay time at a station can
reach 60 minutes or more. In addition, the average
delay times of adjacent cities are usually similar
under the same weather conditions. An interesting
finding is that snowy weather resulted in greater
train delay times in southern cities, which experi-
ence snowy weather much more rarely.

3.1.2. Railway stations. We analysed 75 stations along
the Beijing–Guangzhou railway line. We calculated
the total delay time of trains Td(i) and the total
number of delays Nd(i) at each station i. As shown
in Figs 3a and b, both the total train delay time Td(i)
and the total number of delays Nd(i) can be approx-
imated by exponential distributions. The exponen-
tially distributed Td(i) and Nd(i) imply that most
railway stations have limited overall train delay
time and overall number of delays, while only a
small number of stations have large Td(i) and Nd(i).

For example, Shijiazhuang station and Wuhan sta-
tion have the largest total train delay time, and
Chenzhou West and Hengyang East stations have
the longest number of train delays. The geograph-
ical distribution of Td(i) and Nd(i) across railway
stations are shown in Figs 3c and d.

3.1.3. Trains. As shown in Fig. 4a, there exists a good
positive correlation between the total number of
delays experienced by a train operating on the
Beijing–Guangzhou line in March (NMar) and the
total number of delays experienced by that train in
January and February (NJan − Feb). The Pearson cor-
relation coefficient (PCC) is 0.91. This result indi-
cates that historical delay information is another
effective factor in determining train delay time.
The service train (G546) with the longest delay time
during the three-month data collection period is
shown in Fig. 4b. The total delay time of each sta-
tion is quantified by the size of the circle. The white
circle indicates there were no delays at Zhengzhou
East station, which is the departure station of G546.

3.2 Spread of train delay

We sorted the trains according to the actual
arrival time of each train at each railway station.
Using the train timetable data, we identified the
station sequence at which consecutive train delays
occurred. The first station of each sequence is the
source of the train delay (i.e. the initial delay).
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Fig. 4. (a) Total number of delays for each train during March vs. January and February (b) Total delay time of train G546 at
each station along the Beijing–Guangzhou railway line

Fig. 5. Number of initial delays at each station i during the
three-month observation period

The initial delay usually leads subsequent delays
at subsequent stations. Analysing the delay time
of all trains, we calculated the number of initial
delays at each station i during the three-month
observation period, which is denoted as NI(i). The
stations that often saw initial delays were defined
as the key stations. In Fig. 5, the key stations
(NI(i) > 4500) along the Beijing–Guangzhou railway
line are marked with the largest circles.

In railway operations, there is a necessary time
interval between two trains passing through the
same station. If one train is delayed at station i, the

following train stopping at the same station may
also be delayed. This means the delay of a train can
propagate, resulting in a series of train delays. Here,
we used the density-based clustering algorithm
(DBSCAN) to identify the time interval threshold tε
in order to determine whether the delay of a train
at a given station propagates to the following train.
We assumed that if the interval between the arrival
times of two consecutive trains is larger than tε,
the delay of the first train does not propagate to
the second train. The details of our method are as
follows:

For each day and each station i (i = 1, 2,. . ., 75),
we sorted all trains according to their arrival times.
We then calculated the interval Ts between the
arrival times of each pair of consecutive trains for
each station. The normalized Ts was used in the
DBSCAN algorithm. We used Euclidean distance
dist(i,j) = |N(s,t)j − N(s,t)i| to locate the ε neighbour-
hood of each data point. We set MinPts = 4 as
the threshold number of data points within the
ε neighbourhood. The method for determining ε

was as follows: (i) we calculated the fourth dis-
tance between data points in the dataset; (ii) we
sorted the obtained fourth distances from small
to large; (iii) fitting a probability distribution curve,
the value of the fourth distance was set as ε at
which the slope of the fitted curve was −1.

Taking two key initial delay stations as exam-
ples, we calculated the time threshold tε to deter-
mine the train delay propagation at Shaoguang
East and Zhengzhou stations (Figs 6a and b). The
hollow circles represent the time interval leading
to delay propagation, while the solid circles rep-
resent a time interval sufficiently large that the
delay of the following train cannot be attributed
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Fig. 6. (a) and (b) Threshold time interval tε for Shaoguang East and Zhenzhou stations (c) Distribution of the lengths of
the train delay propagation chains (d) and (e) Train delay propagation chains in the downward and upward directions for
Zhengzhou station, respectively: the first circle indicates the initial delayed train of the chain

to that of the first train. Figs 6a and b also show
that different railway stations have different time
thresholds. A train delay at one station usually has
a corresponding effect on the following trains. The
length of a train delay propagation chain is denoted
as LP. We calculated LP at each station along the
Beijing–Guangzhou line during the three-month
period. The distribution of LP is shown in Fig. 6(c).
The length of a train delay propagation chain LP

can be approximated by exponential distributions.
This suggests that there exists limited large-scale
train delay propagation. We found that Wuhan sta-
tion saw the largest-scale train delay propagation
over the three-month period (on 27 January 2018).
We also found that the weather in Wuhan was
snowy on that date. This also indicates that bad
weather has a significant impact on train delays.
Taking Zhengzhou station as an example, Figs 6d
and e show the train delay propagation chains in
the upward and downward directions on 21 Jan-
uary 2018. The first circle of chain represents the
initial delayed train, with the other circles indicat-
ing the following train that was affected by delays.

3.3 Train delay prediction model

Based on our analysis of the influence of differ-
ent factors on train delay time, three factors were
selected as the input features of the prediction

model. These are: (i) the weather score SW(z, d) of a
city z during a day d; (ii) the number of trains NV(i)
passing through station i; and (iii) the total number
of delays of a train ND(j). The first feature (weather
score) quantifies the severity of delay times under
particular weather conditions. The second feature
concerns the train service infrastructure, which is
also correlated with train delay time. The third fea-
ture represents historical operation properties of
trains. To develop the train delay prediction model,
the data collected during the first 75 days was
used as the training dataset, and the data collected
during the last 15 days was used as the test dataset.

The gradient-boosted regression trees model
(GBRT) was used in this study to build the pre-
diction model for train delays. Further details on
the generation of the model can be found in Li [31].
The steps to find the optimal model are as follows:

(i) Input the training dataset D = {(x1, y1), (x2,
y2), . . ., (xn, yn)}, xn∈Rd, yn∈Rl and initialize the
boosted regression trees model:

f0(x) = arg minc

n∑

i=1

L
(
yi, c

)
(1)

The loss function is L(y, f (x)) = 1/2(y − f (x))2,
where the constant value c minimizes the
value of

∑n
i=1 L(yi, c); namely, c and yi are as
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equal as possible. Here, f0(x) is a tree includ-
ing one node.

(ii) Input the training dataset to build M trees. M
was set to 100 for this study.

(a) For the mth tree, m = 1, . . ., M, calculate
the residuals in the current model:

rmi = −
[

∂L
(
yi, f (xi)

)

∂f (xi)

]
f(x) = fm−1(x) (2)

Next, use rmi as an estimate of residuals,
where i = 1, . . ., n, ∂ stands for the deriva-
tive and n is sample size.

(b) Fit residuals rmi to obtain the new
boosted regression trees model, and
obtain the leaf node regions Rmj of tree
m, where j = 1, 2, . . ., J, and J is the number
of leaf nodes, which is not limited in the
present study.

(c) For the leaf node region Rmj, where j = 1,
2, . . ., J, when the value of loss function
L(y, f (x)) is the smallest, cmj is regarded as
the best fitting value:

cmj = arg minc�xi∈Rmj
L

(
yi, fm−1 (xi) + c

)
(3)

Next, update fm (x):

fm(x) = fm−1(x) +
J∑

j=1

cmjI
(
x ∈ Rmj

)
(4)

(iii) Obtain the final prediction model:

f̃(x) = fM(x) =
M∑

m=1

J∑

j=1

cmjI
(
x ∈ Rmj

)
(5)

Data collected during the first 75 days was used
as the training set, while the data collected during
the final 15 days were used as the testing set.
As shown in Fig. 7, the trend of train delays can
be predicted reliably using the proposed model.
However, there are a number of errors, which could
be caused by stochastic equipment failure or other
human and operation factors, which cannot be
anticipated based on the data currently available.
The errors could also have resulted from the fact
that we collected only three months’ worth of data.
Using the first two-and-a-half months of data to
train the model to predict train day times in the
following half-month may have introduced some
errors, as various factors determining train delays

Fig. 7. Prediction results of train delay times

may be different for different months. Future stud-
ies will be able to incorporate more data to improve
the accuracy of the prediction model.

4. Conclusions

The present study combines weather records, his-
torical train delay records and train schedule data
to determine the most important factors influenc-
ing train delays. We have put forward key train
delay stations and the time interval threshold as
new concepts that assist in determining whether
a delay to one train results in a delay to the fol-
lowing train. This study used the gradient-boosted
regression trees model to predict train delay time.
Results indicate that the trend of train delays can
be accurately predicted. However, the predicted
train delay times show some deviations from the
actual train delay values, due to data limitations
as well as a number of unforeseeable factors. The
proposed model needs to be refined in the future,
once more recent data is available.
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