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1 Introduction and background

In Sweden, the railway network is divided into eight control areas, each assigned to a traffic control
center (TCC). The railway traffic management is decentralized across these eight centers. During
a disturbance, rescheduling the railway traffic is typically handled manually by train dispatchers
who have very limited access to decision support systems (Josyula, 2021). At Malmö TCC, timeta-
bles are rescheduled using a pen and train graphs printed on paper. At Boden, Stockholm, and
Norrköping TCCs, there are decision support systems called STEG and MULTI-STEG. Although
these two systems assist train dispatchers in the decision-making process, the conflict resolution
is to be performed manually. There are very few examples of real-world railway traffic manage-
ment systems that can compute and suggest rescheduling decisions to the train dispatchers during
disturbances (Josyula, 2021).

During railway disturbances, the time available for analyzing alternative rescheduling decisions
is often very limited, e.g., one minute. In Sweden, as per Trafikverket’s guidelines, trains that
are running as per their planned schedule are prioritized at the respective infrastructure location.
Therefore, during a disturbance, a frequently employed rescheduling strategy is to prioritize the on-
time trains over other trains. However, this strategy does not always lead to the best rescheduling
solution as several potentially desirable alternative schedules are never considered. It is a challenge
for the decision maker to analyze alternative desirable solutions and motivate their rescheduling
choices within the available time (Josyula, 2021).

The need for fast and intelligent decision support systems for rescheduling railway traffic is
evident. While designing and implementing such fast intelligent decision support systems, the use
of artificial intelligence (AI) approaches is often inevitable and offers significant benefits. In the
MATRIX project, we investigate machine learning (ML) based decision support for train traffic
control in case of disturbances through an experimental study.

2 Problem description and scope

When a delay occurs in a railway network, train dispatchers need to detect potential conflicts and
resolve them so that the propagation of delay to other trains across the network is mitigated (Wen
et al., 2019). In Sweden, a typical strategy used by the dispatchers when resolving a conflict is to
prioritize an on-time train over an already delayed train. One reason for adopting this prioritization
strategy is due to the lack of practical decision support tools that show alternative rescheduling
solutions obtained from different prioritization decisions in real time.

In the context of railway disturbance management, a train timetable rescheduling algorithm
is an important decision support tool with three main goals (Obara et al., 2018): (i) to quickly
reach completion, (ii) to capably handle large, realistic input data, and (iii) to obtain high-quality
solutions. The actions performed by a typical rescheduling algorithm can be broadly categorized
into two main tasks: (i) computing alternative rescheduling solutions and (ii) selecting a solution
based on the objective(s). The computation of alternative solutions primarily involves employing
different rescheduling tactics to resolve the identified potential conflicts. We only consider the
following three tactics during rescheduling: (i) retiming, i.e., allocating new arrival and departures
times to one or more trains, (ii) local rerouting, i.e., allocating alternative tracks to one or more
trains, and (iii) reordering, i.e., prioritizing a train over another. The focus of this study is to
effectively determine the train to be prioritized for any potential conflict.
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An aim of our study is to explore the benefits and challenges of developing ML-based approaches
to reschedule train traffic whenever potential conflicts are identified. In this study, we devise an
ML model that suggests with certain confidence which train is to be prioritized during a conflict.
The study’s scope is limited to predicting/suggesting the best prioritization alternative and excludes
predicting other variables in the decision-making process, e.g., whether to change the track or retime
a train that is in a potential conflict. Predicting the best prioritization alternative is expected to be
sufficient and rewarding as the devised ML model is intended to work alongside an existing parallel
algorithm for train rescheduling. The ML model can interact with the rescheduling algorithm as well
as the train dispatcher, who is the human decision maker. The dispatcher is ultimately responsible
for deciding the timetable adjustments that will lead to a rescheduled timetable.

Our work focuses on the infrastructure manager (IM)’s need to manage the railway traffic and
revise the train timetable during disturbances. It hence excludes disruptions and rescheduling of
track maintenance. We also do not explicitly consider the effects of the disturbance on the rolling
stock and crew schedules.

The aim of our research is to create an ML model that can assist train dispatchers in resolving
potential conflicts in a train timetable. The main goals of this research are: (i) to explore the
opportunities that state-of-the-art ML algorithms may offer the train traffic domain and (ii) to pro-
vide valuable insights on incorporating ML when rescheduling train traffic during disturbances. The
main objectives are: (i) to model the conflict resolution in a timetable using ML and artificial train-
ing data, (ii) to devise an ML model for data-driven decision making to resolve potential conflicts
in a train timetable during rescheduling, and to assess the model’s feasibility and effectiveness.

3 Related work

Solution approaches frequently used by researchers to solve rescheduling problems include mathe-
matical models and exact or heuristic algorithms. Although the potential of mathematical models is
proven in many research studies, their use for real-world rescheduling may be difficult as they typi-
cally cannot incorporate train dispatcher’s knowledge and expertise (Wen et al., 2019). On the other
hand, data-driven solution approaches can capture the dispatchers’ experience and lead to more
practical rescheduling decisions. An example of data-driven approaches are ML approaches, which
are receiving remarkable attention in recent years for solving scheduling problems (Fazel Zarandi
et al., 2020; Karimi-Mamaghan et al., 2022; Li et al., 2021). They have been shown to work well in
transportation and many other problem domains, independently or in combination with traditional
approaches, to tackle complex (re)scheduling problems and get better solutions (Li et al., 2021;
Karimi-Mamaghan et al., 2022). For a comprehensive review of data-driven approaches for train
dispatching management, see Wen et al. (2019).

Recently, Tang et al. (2022) present a systematic literature review of AI applications in railway
systems, wherein they identified nine research studies that use AI for railway rescheduling. Only
few of the nine studies used ML, some of which are as follows. Obara et al. (2018) use a deep
reinforcement learning (DRL) approach which effectively reschedules trains during disturbances
caused due to train delays (of 5–35 min) on a small-scale problem consisting of six trains and eight
stations. Ning et al. (2019) present an approach to rescheduling high-speed trains by using DRL
to adjust running and dwell times and reorder trains at stations. Using their approach, the total
train delay in the resulting rescheduled timetables could be reduced significantly compared to a
first-come-first-served approach. Kuppusamy et al. (2020) use deep learning (DL) along with an
improved genetic algorithm to optimize the energy of metro systems during rescheduling. See the
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recent literature review by Zhang et al. (2023) for discussions on the application of AI for railway
traffic management from various perspectives.

The above research studies used deep and reinforcement learning approaches for rescheduling. In
contrast, the use of supervised ML approaches for train timetable rescheduling is rarely investigated.
Supervised ML approaches can be used during train timetable rescheduling in many ways. For
example, Li et al. (2022) modelled the train conflict detection as a classification problem. They
used information from the current and past stations to detect potential conflicts at the next station.
In their study, the authors trained a Bernoulli Naive Bayes model using 12 features, of which two
features are infrastructure-related, three features are weather-related, and the remaining seven
features are timetable-related. The size of their dataset is 81,707 examples, of which 70% are used
for training the model and tuning its hyperparameters while 30% are used to test the model. Only
few research studies use ML-based approaches for conflict resolution in railway traffic management.
In one of the early works, Dündar and Şahin (2013) devise a supervised ML approach, using artificial
neural networks (ANN), to resolve a conflict between two trains on a single-track network. The
authors used a dataset containing 331 conflicts resolved by dispatchers over ten days. An ANN
classifier was trained with 52% of the data, while the remaining data was used for validation and
testing the model. The following four features were used for the two trains in conflict: train priority
(based on its speed class), a measure of lateness, conflict resolution delay, and number of potential
conflicts. Their ANN acted as a binary classifier that determined which train passes and which
train stops while resolving a potential conflict.

ML-based approaches for conflict resolution in railway traffic management are relatively limited,
e.g., compared to air traffic control. In a recent literature review, Wang et al. (2022) present 19
primary studies that use DRL approaches for conflict resolution in air traffic control. A recent
study by Rahman et al. (2022) presents a multi-label classification model that suggests different
heading directions to air traffic controllers to avoid aircraft conflicts. To the best of our knowledge,
research on investigating similar classification models in the context of train timetable rescheduling
is very limited. The aim of this study is to investigate the use of supervised ML algorithms and
create classification models that have learnt to effectively prioritize trains when resolving potential
conflicts in a train timetable. The end goal is to support train dispatchers during the conflict
resolution process of train timetable rescheduling.

4 Problem formulation

Given a potential conflict between two trains that arises in a train timetable over a railway infras-
tructure, the goal of our ML model is to recommend to the dispatcher the train to be prioritized.
The model’s output is a label, which is the name of the train to be prioritized when resolving the
input potential conflict. The role of the ML model is to make data-driven prioritization suggestions.
Following the recommendations of the ML model to resolve every potential conflict in a disturbed
timetable results in a rescheduled timetable.

To learn a model that suggests the train to be prioritized during a potential conflict, we create
a dataset D comprising potential conflicts and associated prioritization decisions using a set of
rescheduled timetables. Each data row Di in the dataset comprises a feature vector xi and the
corresponding output label yi. We use a train timetable on the Karlskrona–Hässleholm–Malmö
stretch, simulated disturbance scenarios, and their rescheduled timetables obtained using an existing
heuristic rescheduling algorithm that aims to minimize the total final delays greater than 3 min.
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We assume that the train prioritization decisions in the rescheduled timetables used to create our
dataset D are preferred by decision makers over the alternative decisions.

Two solution approaches for solving the above problem are one-versus-one (OvO) strategy and
one-versus-rest (OvR) strategy. In OvO strategy, a binary classifier is created for each pair of
classes. For example, when there are N classes, this strategy creates N(N − 1)/2 classifiers. An
advantage of this strategy is that each binary classifier needs to be trained only on a subset of
the training set (Géron, 2022). In OvR strategy, a binary classifier is created for each class, thus
creating N classifiers for N classes.

5 Machine learning pipeline

The infrastructure surrounding an ML algorithm is called a pipeline (Google, 2017). An ML pipeline
includes data collection, creating training data files from the collected data, training alternative
models, and exporting the models to production (Google, 2017). A pipeline can also be defined as
a sequential combination of various algorithms that transforms a dataset into a ML model (Zöller
and Huber, 2021; Burkov, 2020). According to Zöller and Huber (2021), a good ML pipeline
contains “specialized data preprocessing, domain-driven meaningful feature engineering, and fine-
tuned models resulting in high predictive power”. Building a good ML pipeline requires a deep
knowledge of ML algorithms and the problem domain and is typically a complex task, performed
iteratively using trial-and-error (Zöller and Huber, 2021). Automated machine learning (AutoML)
is the task of automating the creation of a pipeline for the problem at hand (Wever et al., 2021; He
et al., 2021).

The first part of our pipeline involves feature engineering (see Figure 1) while the rest of the
pipeline was planned to be obtained using a genetic programming-based pipeline optimization
tool (Olson and Moore, 2016). The pipeline output by the tool may comprise various algorithms, but
most importantly will include an ML algorithm with tuned hyperparmaters. The hyperparameters,
their type (e.g., binary, categorical, continuous, discrete), and their tuning process varies on the
ML algorithm. The hyperparameter configuration of an ML algorithm has a direct impact on the
resulting model’s performance (Yang and Shami, 2020).

When we used the aforementioned pipeline optimization tool, called TPOT, on the Blekinge
Kustbana med omnejd T21 dataset (created as part of the MATRIX project), it did not result in
ML models with a high accuracy even after investigating thousands of pipelines for many hours.
On the other hand, manually investigating a few different algorithms gave us accurate ML models.
Hence, we do not present results from the pipeline optimization tool in this report and create the
second part of the pipeline in Figure 1 manually in this study.

Figure 2 shows how and where the ML model created using the above methods fits in the
context of decision support for train traffic control during disturbances. As can be seen in Figure 2,
a rescheduling algorithm (Josyula, 2021) will work alongside the ML model, and suggest specific
conflict resolution decisions (e.g., make Train i wait t seconds at Section j) and a rescheduled
timetable to the train dispatcher. In the future, as a dispatcher interacts with the model, it can
‘continuously’ learn to capture their preferences.
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Figure 1: The initially designed machine learning pipeline for this study
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Figure 2: How the machine learning model can be used during rescheduling
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6 Feature engineering

Feature engineering is the process of transforming raw data into features that can be used by ML
algorithms. It encompasses many different techniques, e.g., constructing, selecting, and extracting
meaningful features. Feature construction is the process of constructing new features from basic
features or raw data to enhance the model’s performance (He et al., 2021). Feature selection is the
process of selecting a subset of features by removing irrelevant features (He et al., 2021). Feature
engineering is an important step that has a significant effect on the resulting model’s performance.

We use various feature engineering techniques, but primarily a method called deep feature syn-
thesis, to synthesize meaningful features that may impact which train should be prioritized. A
potential conflict that arises due to a disturbance has the following notable features: (i) the section
where the potential conflict exists, (ii) the two trains causing a potential conflict, their entry and
exit times on the conflict section, and the track occupied by them. In the following section, we
discover more features using deep feature synthesis.

6.1 Deep feature synthesis

Deep feature synthesis (Kanter and Veeramachaneni, 2015) is an algorithm that can be used to
generate features for relational datasets. The goal of the algorithm is to extract relevant features
from the dataset based on relationships between different entities (data tables). Figure 3 gives an
overview of the six tables comprising our raw data and presents the following details: (i) the number
of rows in each data table, (ii) the names of the columns and the type of data in each column, and
(iii) the relationships between various data tables.

Deep feature synthesis differentiates two kinds of relationships: forward and backward (Kanter
and Veeramachaneni, 2015). The direction of the arrows in Figure 3 determines whether two
data tables have a forward or a backward relationship. A forward relationship is between a row
of table T l, and exactly one row of another table T k (Kanter and Veeramachaneni, 2015). The
conflicts table has a forward relationship with the Infra table (conflicts → Infra). The reason is
that each conflict in the conflicts table can be mapped onto exactly one infrastructure section. A
backward relationship is a relation from a row in a table T k to all the rows in a table T l that
have a forward relationship with it (Kanter and Veeramachaneni, 2015). In the above example, the
Infra table has a backward relationship with the conflicts table (Infra ← conflicts). The reason is
that an infrastructure section can be mapped onto several conflicts. Table 1 summarizes the four
relationships that the Infra table has with other data tables shown in Figure 3.

Deep feature synthesis generates features called direct features, relational features, and entity
features, denoted by dfeat, rfeat, and efeat respectively, based on the relationships between
the entities. Direct features are applied over the forward relationships while relational features are
applied over backward relationships. For more details on deep feature synthesis, see (Kanter and
Veeramachaneni, 2015).

6.2 Synthesized features

The data used for feature engineering presented in this document is from the Blekinge Kustbana
med omnejd T21 dataset, which was created during the MATRIX project. The conflicts data
table consists of 194,863 conflicts and prioritization decisions across 18,000 simulated disturbance
scenarios.
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Platforms (141 rows)

track : Categorical; index
section : Categorical; foreign_key
trackID : Categorical
platlen(m) : Double
tracklen(m) : Double
entrytime(min) : Double
cleartime(min) : Double
comments : Unknown

Infra (98 rows)

section : Categorical; index
sectype : Categorical
numbtracks : Integer
sigblocks : Integer
apprchtime(min) : Double
cleartime(sec) : Double
headway(sec) : Double
swap_perm : Boolean

section

Timetable (3618 rows)

event : Categorical; index
eventtype : Categorical
section : Categorical; foreign_key
trainname : Categorical; foreign_key
track : Categorical; foreign_key
starttime : Integer
endtime : Integer
mintime : Integer
plannedstop : Boolean

tr
ac

k

section

Trains (187 rows)

trainname : Categorical; index
direction : Categorical
startsec : Categorical
endsec : Unknown
starttime : Integer
endtime : Integer
operator : Categorical
maxspeed(kmph) : Double
maxweight(tons) : Double
length(m) : Double
traintype : Categorical

trainnam
e

Disturbances (18000 rows)

distnr : Categorical; index
dcause : Categorical
trainname : Categorical; foreign_key
dtime : Double
section : Categorical; foreign_key
dcomments :NaturalLanguage

se
ct

io
n

trainname

conflicts (194863 rows)

index : Integer; index
distnr : Categorical; foreign_key
dtrain : Categorical
confnr : Categorical
T1 : Categorical; foreign_key
starttime_T1 : Integer
endtime_T1 :Integer
track_T1 : Categorical; foreign_key
section : Categorical; foreign_key
T2 : Categorical; foreign_key
starttime_T2 :Integer
endtime_T2 :Integer
track_T2 : Categorical; foreign_key
priority : Categorical

track_T1

T
1

T
2

track_T2

section

tr
ai

nn
am

e
tr

ai
nn

am
e

di
st

nr

Figure 3: Relationships between different data tables and the data types
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Table 1: Examples of relationships that Infra table has with other data tables.

Backward re-
lation with

Reasoning behind the relationship

conflicts A section can have many potential conflicts over it; each row in conflicts contains details
about a potential conflict.

Disturbances A section of the infrastructure can be a disturbance section more than one time in the
dataset; each row in Disturbances contains details about a disturbance scenario.

Timetable A section can have many timetable events scheduled on it; each row in Timetable contains
details about a train event.

Platforms A section can have many platforms; each row in Platforms contains details about a
platform.

Table 2: Three rows of the conflicts table

(a) Columns 1–9 of the data table

index distnr dtrain confnr T1 starttime T1 endtime T1 track T1 section

0 D1 491 C1 491 57493 57961 MGB-M#2 MGB-M
1 D2 491 C1 491 57493 58261 MGB-M#2 MGB-M
2 D3 491 C1 491 57493 58561 MGB-M#2 MGB-M

(b) Columns 10–14 of the data table

T2 starttime T2 endtime T2 track T2 priority

1277 57658 57823 MGB-M#2 491
1277 57658 57823 MGB-M#2 1277
1277 57658 57823 MGB-M#2 1277

The columns of the conflicts data table are shown in Table 2. The three disturbances shown in
Table 2 (D1, D2, and D3) created only one potential conflict each. However, note that a disturbance
typically creates many potential conflicts. The target variable is priority, which holds the name
of the train that is prioritized when resolving the conflict. This is the variable that the ML model
will predict. Figure 4 presents an overview of the steps taken during feature engineering. Based on
the relationships between various data tables of Figure 3, 442 features are synthesized in total using
the deep feature synthesis algorithm. In the feature matrix, each row corresponds to a potential
conflict’s data and each column corresponds to a feature. From the 442 features, 202 were removed
as more than 90% of values in the corresponding columns of the feature matrix were null. Of
the resulting 240 features, 208 features with at least two unique values were retained while the
remaining were rejected as low information features. Of these 208 features, 88 correlated features
were identified using the Pearson correlation coefficient and removed, resulting in a set of 120
features. Of the 120 features, 25 duplicates were removed to arrive at a set of 95 features. From
these 95 features, we manually removed 32 features and arrived at 63 features.
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Figure 4: An overview of the performed feature engineering process

★ conflicts (target)

index (index)

section

Infra.COUNT(conflicts)

group by
section

Infra

COUNT(conflicts)

Step 2:
JOIN

Step 1: Aggregation
COUNT

Figure 5: A depth-1 feature, Infra.COUNT(conflicts): The number of times conflicts have oc-
curred at the section

Figure 6: An example of a depth-1 feature in the synthesized features

★ conflicts (target)

index (index)

section

track_T1

Infra.COUNT(Platforms.conflicts[track_T1])

group by
track_T1

Infra

COUNT(Platforms.conflicts[track_T1])

Step 2:
JOIN

Platforms

section

group by
section

Step 1: Aggregation
COUNT

(a) Infra.COUNT(Platforms.conflicts[track T1]): The number of potential conflicts at track T1 if it has a platform, else 0

★ conflicts (target)

section

Infra.PERCENT_TRUE(Timetable.plannedstop)

Infra

PERCENT_TRUE(Timetable.plannedstop)
Step 2:
JOIN

Timetable

section

plannedstop

group by
section

Step 1: Aggregation
PERCENT_TRUE

(b) Infra.PERCENT TRUE(Timetable.plannedstop): The percentage of trains in the timetable with a planned stop at the conflict
section.

Figure 7: Two examples of deeper features in the synthesized features
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Table 3: A few synthesized features (35 out of 63) and their description

Feature Description

Conflict-specific features

section The name of the conflict section C

T1 The train in the potential conflict that reaches C first
starttime T1 The start time of the first train at C

endtime T1 The end time of the first train at C

track T1 The track of the first train at C
T2 The train in the potential conflict that reaches C second

starttime T2 The start time of the second train at C

endtime T2 The end time of the second train at C
Infra.sectype Type of the conflict section

Infra.numbtracks Number of tracks at C

Infra.sigblocks Number of signal blocks at C

Disturbance-specific features

Disturbances.trainname Train originally disturbed due to the disturbance
Disturbances.dtime The primary delay (in minutes)

Disturbances.section The name of the disturbance section

Conflict dataset features
Infra.COUNT(conflicts) The number of times conflicts have occurred at C

Infra.MODE(conflicts.T1) The train that most frequently involves in potential conflicts as T1 at C

Infra.MODE(conflicts.T2) The train that most frequently involves in potential conflicts as T2 at C
Infra.MODE(conflicts.track T1) The track that most frequently involves in potential conflicts as track T1

at C

Infra.NUM UNIQUE(conflicts.track T1) The number of unique tracks involved in potential conflicts at C

Disturbance dataset features

Infra.MODE(Disturbances.trainname) The train that most frequently experiences a primary delay at C

Original timetable features
Infra.MAX(Timetable.endtime) The end time of the train that leaves the conflict section last

Infra.MAX(Timetable.mintime) The maximum of the mintimes of train events using C

Infra.MEAN(Timetable.endtime) The average of the end times of all the trains using C
Infra.MEAN(Timetable.mintime) The average of the min times of all the trains using C

Infra.MIN(Timetable.endtime) The end time of the train that first leaves C
Infra.MODE(Timetable.track) The most frequently occupied track at C as per the original timetable

Infra.MODE(Timetable.trainname) The train that traverses C most number of times. Note: each train

passes each section only once in our timetable
Infra.PERCENT TRUE(Timetable.plannedstop) The percentage of train events with a planned stop at C
Infra.SKEW(Timetable.mintime) The skewness of min times of trains passing C

Infra.STD(Timetable.endtime) The standard deviation of end times of trains passing C
Infra.SUM(Timetable.mintime) The sum of minimum occupancy times taken by trains at C

Conflict section features

Infra.SUM(Platforms.cleartime(min)) The sum of cleartimes of all platforms of the conflict section
Infra.COUNT(Platforms.conflicts[track T1]) The number of potential conflicts at track T1 if it has a platform, else 0

Disturbance-specific features

Disturbances.Infra.numbtracks The number of tracks at the disturbance section
Disturbances.Infra.sigblocks The number of signal blocks at the disturbance section

The 63 features can be categorized based on the depth used by the deep feature synthesis
algorithm to create them. Figures 6 and 7 show examples of features of different depths, and how

11



they were created. A dotted line in a feature lineage graph indicates the variable that was used to
group the data. Table 3 presents some of the synthesized features and their description. A feature
may be specific to, e.g., the railway disturbance or the potential conflict. A feature may also be
computed over an entire data table, e.g., over the disturbance dataset or the conflict dataset. The
features are grouped accordingly in the table.

7 Exploratory data analysis

The features and the corresponding values obtained from the feature engineering phase are stored
in a file called dfs training data.csv, which is our main dataset. The file consists of 194,863
rows and 63 columns, where each row is an example and each column is a certain feature of the
examples. The dataset is split into a training set comprising 75% of the examples and a test set
comprising 25% of the examples. Thus, the size of training and test sets are 146,147 and 48,716,
respectively.

To use the scikit-learn library for machine learning, categorical features stored as strings
need to be converted to numerical features. One way to encode categorical features is to use a
technique called one hot encoding. However, one-hot encoding categorical variables with many
categories increases the dimensionality of encodings. Since most of our categorical features have
many categories, e.g., T1 and T2 can be any of 150 trains, we do not use OneHotEncoder() on our
categorical features. Instead, we use label encoding and ensure that the encoding of train names,
sections and tracks across the columns is consistent. For example, the encoding of trains across the
columns T1, T2, and Disturbances.trainname is consistent. The code used to encode the categorical
columns is listed in Appendix 11.1.

Figure 8 shows the distributions of nine important features in the training dataset, X train.
From the distributions of T1 and T2 in Figures 8a and 8b, we can see that not all trains appear
as T1 and T2 with equal frequency in our training dataset. Figure 9 shows the distributions of the
above nine features in the test dataset, X test, and compares them against those in the training
dataset. Figure 10 shows the distribution of the prioritized train across y train and y test. Table 4
shows the top ten trains that are most frequently prioritized in our training and test datasets.
Table 5 shows the top 40 triplets (T1, T2, y) of trains that most frequently appear in the training
and test datasets, where y is the prioritized train for a conflict involving T1 and T2.
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(a) Distribution of feature T1 (b) Distribution of feature T2 (c) Distribution of track T1

(d) Distribution of starttime T1 (e) Distribution of starttime T2 (f) Distribution of endtime T1

(g) Distribution of endtime T2 (h) Distribution of Distur-
bances.trainname

(i) Distribution of Distur-
bances.section

Figure 8: Histograms showing distribution of different features in the training dataset X train
containing 146,147 rows.
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(a) Distribution of feature T1 (b) Distribution of feature T2 (c) Distribution of track T1

(d) Distribution of starttime T1 (e) Distribution of starttime T2 (f) Distribution of endtime T1

(g) Distribution of endtime T2 (h) Distribution of Distur-
bances.trainname

(i) Distribution of Distur-
bances.section

Figure 9: Histograms showing distribution of different features in the test dataset X test containing
48,716 rows, and comparing against the distributions in X train.
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Table 4: Frequency of various trains in y train and y test

y train target frequency (%)

149 14,509 (9.9%)
16 8,052 (5.5%)
40 7,955 (5.4%)
37 6,350 (4.3%)
19 6,066 (4.2%)
34 5,307 (3.6%)
13 4,425 (3.0%)
125 4,418 (3.0%)
48 4,263 (2.9%)
50 4,125 (2.8%)

Others 80,677 (55.2%)

All 146,147 (100%)

y test target frequency (%)

149 4,895 (10.0%)
16 2,744 (5.6%)
40 2,549 (5.2%)
37 2,150 (4.4%)
19 2,017 (4.1%)
34 1,813 (3.7%)
13 1,470 (3.0%)
125 1,438 (3.0%)
48 1,473 (3.0%)
50 1,438 (3.0%)

Others 26,729 (54.9%)

All 48,716 (100%)

(a) Histogram (50 bins) of the target variable in the training dataset (y train)

(b) Histogram (50 bins) of the target variable in the test dataset (y test) compared
against y train.

Figure 10: Frequency distribution of the prioritized train across the dataset
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Table 5: Most frequent (T1, T2, y) and their frequency in the training and test datasets

(a) Most frequent (T1, T2, y) in the training data

T1 T2 y #freq

149 50 149 3532
149 37 149 2624
149 114 149 2483
40 25 40 2226
48 34 48 1992
41 19 41 1958
37 19 37 1708
25 40 25 1648
42 19 42 1605
19 37 19 1533
49 40 49 1461
50 37 50 1440
40 16 40 1392
41 16 41 1326
40 116 40 1176
34 16 34 1102
19 149 19 1085
125 48 125 1071
50 19 50 1051
47 37 47 1027

T1 T2 y #freq

16 34 16 993
16 149 16 988

114 16 114 949
149 19 149 836
16 37 16 773

152 37 152 763
40 49 40 745
40 13 40 744
45 34 45 737

108 47 108 710
113 149 113 695
37 13 37 694

107 45 107 691
34 113 34 682
19 42 19 671

123 37 123 648
124 34 124 644
37 47 37 611
16 41 16 600
84 37 84 585

(b) Most frequent (T1, T2, y) in the test data

T1 T2 y #freq

149 50 149 1167
149 37 149 903
149 114 149 860
40 25 40 709
48 34 48 670
41 19 41 590
37 19 37 571
42 19 42 545
25 40 25 512
19 37 19 494
50 37 50 493
41 16 41 483
49 40 49 479
40 16 40 428
40 116 40 401
34 16 34 382
47 37 47 376
19 149 19 363
16 149 16 356
125 48 125 351

T1 T2 y #freq

50 19 50 348
114 16 114 332
16 34 16 303
45 34 45 272

149 19 149 269
16 37 16 261
40 13 40 258

152 37 152 258
113 149 113 248
34 113 34 239

107 45 107 237
108 47 108 233
19 42 19 231
37 13 37 230

123 37 123 228
40 49 40 226

124 34 124 220
37 47 37 217
13 40 13 208
16 41 16 203

Many preliminary experiments have been conducted to investigate ML models that are a good
fit for our data. The preliminary experiments included hyperparameter optimization and cross-
validation as well. Some good classification models were obtained from the following learning
algorithms: decision trees, random forest, and extra trees. Of these three, the decision trees
classifier is well known for being the most interpretable despite being less accurate. Before we
discuss some decision tree models for our data, we estimate the importance of the features in our
dataset in the next section.

8 Estimating important features

To estimate the importance of various features comprising the dataset, we build a random forest
model on the training dataset using RandomForestClassifier() of scikit-learn 1.3.2. The
hyperparameters of the random forest algorithm used in our study are the default values used in
the chosen implementation.

Firstly, we build a random forest model on the X train dataset comprising 63 features, which we
will refer to as the rf63feat model henceforth. The prediction accuracy of rf63feat model is 94.9%,
i.e., it gave the expected prioritization suggestions for about 46,236 of the 48,716 conflicts in the
X test dataset. We use the rf63feat model with SelectFromModel() from scikit-learn 1.3.2

to select a subset of the 63 features based on importance weights. SelectFromModel() selected
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Figure 11: Importance of various features in the rf9feat model built with different subsets of features.

the following nine of the 63 features as the most important: (i) T1 (ii) T2, (iii) track T1, (iv)
starttime T1, (v) endtime T2, (vi) endtime T1, (vii) starttime T2, (viii) Disturbances.trainname,
and (ix) Disturbances.section.

We build a new random forest model on the X train dataset with the selected nine features,
which we will refer to as the rf9feat model henceforth. The prediction accuracy of rf9feat model
is 96.5%, which is a considerable improvement over the rf63feat model. Figure 11 summarizes the
importance of various features in the rf9feat model built with nine features. The feature importance
has been computed using the attribute feature importances of the rf9feat model. In the 146,147
conflicts comprising the training dataset, the train that is expected to reach the conflict section
first (T1) is prioritized for 82.77% of the conflicts, while the other train T2 is prioritized the
remaining 17.23% of the times. This explains why T1 came out to the most important feature
and also, more important than T2. Note that in our conflict resolution problem, during a conflict
between two trains T1 and T2, we consider prioritizing either T1 or T2 only.

To see the effect of different features on the model’s performance, we omit each of the important
feature of rf9feat model one by one. Tables 6 and 7 show the prediction accuracies of various random
forest models that we built with different subsets of features. Based on the above experiment with
various subsets of features, we decide to use the following six features of the rf6feat model henceforth
to create ML models in our study. While resolving conflicts to create a rescheduled timetable, the
following six features are indeed crucial to determine whether T1 or T2 needs to be prioritized to
resolve a conflict.

1. T1

2. T2

3. track T1

4. starttime T1

5. endtime T2

6. Disturbances.trainname
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Table 6: Prediction accuracy of various random forest models built with reducing subsets of features

Model Features used Accuracy

rf63feat All 63 features 94.91%
rf9feat T1, T2, track T1, starttime T1, endtime T2, endtime T1, starttime T2,

Disturbances.trainname, Disturbances.section
96.5%

rf8feat All features of rf9feat model except T1 94%
rf7feat All features of rf8feat model except track T1 93%
rf6feat All features of rf7feat model except T2 91%
rf5feat All features of rf6feat model except starttime T1 89%
rf4feat All features of rf5feat model except endtime T2 86%

rf3feat bad starttime T2, Disturbances.trainname, Disturbances.section 58%

Table 7: Prediction accuracy of various random forest models built with different subsets of features

Model Features used Accuracy

rf3feat ok T1, Disturbances.trainname, Disturbances.section 80%
rf1feat T1 83%
rf2feat T1, T2 86%
rf3feat T1, T2, track T1 93%
rf4feat T1, T2, track T1, starttime T1 95.93%
rf5feat T1, T2, track T1, starttime T1, Disturbances.trainname 96.44%
rf5feat T1, T2, track T1, starttime T1, endtime T2 96.47%
rf6feat T1, T2, track T1, starttime T1, endtime T2, Disturbances.trainname 96.77%
rf7feat All six features of the rf6feat model and Disturbances.section 96.52%

In the 48,716 conflicts comprising the test dataset, the train that is expected to reach the conflict
section first (T1) is prioritized for 83.13% of the conflicts, while T2 is prioritized 16.87% of the times.
If we create a hypothetical model that always suggests the decision maker to prioritize T1 for every
conflict, that model will have an accuracy of 83.13% on the X test dataset. This explains how the
rf1feat model that considers T1 as the only feature has an accuracy of 83%. We will refer to the
above hypothetical model as the fcfs1feat model henceforth where “fcfs” means “first come first
served”.

9 Classification models

9.1 Decision tree models

Decision trees are machine learning models that are well-known for their interpretability, given that
they are not large. Hence, we investigate decision tree models to suggest a decision maker which
train to prioritize during conflict resolution.

Firstly, we create decision tree models using only the most important feature, i.e., T1. Upon
fitting the DecisionTreeClassifier() with default (hyper)parameters on the X train dataset, we
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obtain a decision tree model with accuracy of 83.33%, which we will refer to as the dt1feat model
henceforth. Comparing the dt1feat model with the fcfs1feat model shows that the accuracy of
the dt1feat model is only marginally higher than the other model while the interpretability is low.
The reason for the low interpretability is because the dt1feat model is a large decision tree with
a depth of 31 and 301 nodes, which may be difficult to interpret. When we limit the maximum
depth of the dt1feat model using DecisionTreeClassifier(max depth=4) for a smaller and a more
interpretable decision tree, the model’s accuracy falls down to 34.53%. This is not surprising given
that we are using only one feature: T1. Table 8 shows the accuracy of various decision tree models
created using T1 as the feature and Figure 12 shows two of those decision trees with prediction
accuracies of 14.66% and 19.87% on the X test dataset. The accuracy and the actual decision trees
in Figure 12 are not meaningful for train prioritization in the context of conflict resolution and
rescheduling. One of the reasons is that for a conflict between trains T1 and T2, we only prioritize
either T1 or T2. The two decision trees in Figure 12 fail to capture this aspect of our problem.
This is not surprising and is expected of decision trees created using only one feature and depth
not more than two.

The reason why the learning algorithm creates decision trees as in Figure 12 can be understood
from Table 5b that shows the most frequently prioritized trains in the test dataset. A portion of
this table is duplicated next to Figure 12. Since Train 149 is prioritized at least 1167 + 903 + 860
= 2930 times and Train 40 is prioritized at least 709 times, the decision tree has those trains in the
leaf nodes to maximize the overall prediction accuracy of the model over X test.

Next, we create a decision tree model with DecisionTreeClassifier() using the six features
of the rf6feat model mentioned in Section 8. The resulting model, trained on the X train dataset
has an accuracy of 96.27%. This decision tree has a depth of 35 and 17,645 nodes. When we limit
the maximum depth of the dt6feat model for a smaller and a more interpretable decision tree, the
model’s accuracy falls down as shown in Table 9.

Table 8: Decision tree models with various depths created using T1 as the feature

dtree1feat model created using Depth Nodes Accuracy

DecisionTreeClassifier() 31 301 83.33%
DecisionTreeClassifier(max depth=4) 4 23 34.53%
DecisionTreeClassifier(max depth=3) 3 13 25.74%
DecisionTreeClassifier(max depth=2) 2 7 19.87%
DecisionTreeClassifier(max depth=1) 1 3 14.66%

Table 9: Decision tree models with various depths created using the six features

dtree6feat model created using Depth Nodes Accuracy

DecisionTreeClassifier() 35 17,645 96.27%
DecisionTreeClassifier(max depth=18) 18 10,087 91.34%
DecisionTreeClassifier(max depth=9) 9 711 66.68%
DecisionTreeClassifier(max depth=5) 5 63 42.22%
DecisionTreeClassifier(max depth=3) 3 15 25.70%
DecisionTreeClassifier(max depth=2) 2 7 19.87%
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T1 is in Trains 1 . . . 148

Prioritize
Train 40

Prioritize
Train 149

Yes No

(a) dtree1feat model with max depth = 1 (accuracy is 14.66%)

T1 is in Trains 1 . . . Train 148

T1 is in
Trains 1 . . . Train 20

Prioritize
Train 16

Prioritize
Train 40

T1 is
Train 149 or Train 150

Prioritize
Train 149

Prioritize
Train 152

Yes

Yes No

No

Yes No

(b) dtree1feat model with max depth = 2 (accuracy is 19.87%)

Figure 12: Decision tree models created with T1 as the feature

Most frequent (T1, T2, y) in
the test data

T1 T2 y #freq

149 50 149 1167
149 37 149 903
149 114 149 860
40 25 40 709
48 34 48 670
41 19 41 590
37 19 37 571
42 19 42 545
... ... ... ...

The dtree6feat model created with a max depth = 2 was the same as the dtree1feat model with
max depth = 2 shown in Figure 12b. The decision tree with max depth = 3 for the dtree6feat model
is shown in Figure 13. The prediction accuracy of this decision tree is very low at 25.70% and the
prioritization decisions made by the tree do not look meaningful or reasonable in the context of
conflict resolution and rescheduling. Instead of investigating larger decision trees that may provide
higher accuracy at the cost of interpretability, we investigate a more powerful machine learning
method in the next section and explain the model’s decisions using model-agnostic methods.

T1 is in Trains 1 . . . 148

T1 is in
Trains 1 . . . 20

T1 is in
Trains 1 . . . 18

Prioritize
Train 16

Prioritize
Train 19

T1 is in
Trains 21 . . . 40

Prioritize
Train 40

Prioritize
Train 125

T1 is
Train 149 or 150

T2 is in
Trains 1 . . . 79

Prioritize
Train 149

Prioritize
Train 149

Disturbed train is in
Trains 1 . . . 36

Prioritize
Train 150

Prioritize
Train 152

Yes

Yes

Yes No

No

Yes No

No

Yes

Yes No

No

Yes No

Figure 13: dtree6feat model with max depth = 3 (accuracy is 25.70%)
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9.2 Random forest models

Random forest is a machine learning algorithm that constructs multiple decision trees and combines
their outputs to arrive at a more accurate prediction. Random forests are well-known for preventing
overfitting, which is a common problem with decision tree based models. In our study, we use the
RandomForestClassifier() of scikit-learn 1.3.2 with default (hyper)parameters to create our
models. An example of a hyperparameter is the number of decision trees in the forest (represented
by n estimators), which is 100 by default.

We already built a random forest model using six features while estimating the importance of
features in Section 8. This model, that we called the rf6feat model gave a prediction accuracy
of 96.77%. In this section, we investigate, analyze, and explain the rf6feat model’s predictions,
i.e., suggestions about which train to prioritize. To explain the model’s predictions, we use a
method called SHAP (Shapley additive explanations). SHAP is a widely employed method that
can explain predictions made by a ML model. In our problem context, SHAP can explain why
a potential conflict receives a certain train prioritization suggestion and can quantify the positive
or negative contributions of each feature towards that suggestion. In our problem context, this
provides transparency by allowing a train dispatcher to understand why the ML model gave a
specific prioritization suggestion for the given input. The train dispatcher can also verify from
the explanation that the relationship between the feature values and the model’s suggestion are
consistent from a railway domain knowledge perspective.

The SHAP values are computed using shap 0.42.1 Python package as follows. The computed
shapvalues is a list of arrays (numpy.ndarray), where each array corresponds to a target class and
has the same shape as our dataframe.

1 my_explainer = shap.TreeExplainer(model=rf6feat)

2 shapvalues = my_explainer.shap_values(my_dataframe)

In the remainder of this section, we discuss two specific disturbance scenarios out of the 18,000
scenarios that were used to create our conflict dataset. We will discuss the potential conflicts
generated by the disturbances and the model’s suggestions for each potential conflict.

9.2.1 Disturbance scenario 9958

In disturbance scenario 9958, Train 1279 incurs a delay of 15 min at the line section E-DAT
connecting Eslov (E) and Damstorp (DAT). Table 10 shows the earliest potential conflict in the
train timetable created by the disturbance. The reason for the potential conflict is that Trains 1279
and 1083 are to occupy track#2 of section E-DAT during overlapping time intervals (see Table 10).
Trains 1279 and 1083 were encoded in the dataset as Trains 57 and 26, respectively. The section
E-DAT was encoded as section 28, and the second track of E-DAT where there is a potential conflict
was encoded as track 42. In the remainder of the section, we will refer to the trains and sections
with their encoded numbers and original names interchangeably, depending on the context.

When the conflict in Table 10 is given as input to the rf6feat model, it suggests to prioritize
Train 57 with a class probability of 100%. To understand why the model made the particular
prediction, i.e., suggested the decision to prioritize Train 57 for the specific conflict, we present the
corresponding SHAP waterfall plot in Figure 14.
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Table 10: Details of the first potential conflict created by disturbance scenario 9958

T1 T2
Disturbance T1 T2

trainname section track starttime endtime starttime endtime

1279 1083 1279 E-DAT E-DAT#2
59760 60489 60360 60488

(57) (26) (57) (28) (42)

We start at the bottom of the waterfall plot in Figure 14. The plot starts with the base value of
0.003, called E[f(X)]. This base value of 0.003 can be interpreted as follows by a train dispatcher.
If the model knows nothing about the feature values, then it would suggest to prioritize Train 57
with a confidence of 0.3%. The base value for a suggestion, e.g., ”Prioritize Train 57”, is computed
based on the the training dataset.

Figure 14: Scenario 9958: A waterfall plot to understand why the model suggests to prioritize
Train 57 when resolving conflict 1 between Trains 57 and 26 at E-DAT#2

Each row from the bottom of a waterfall plot shows how the contribution of each feature moves
the base value to the model’s output. It can be interpreted as the model’s suggestion to prioritize
Train 57 for the given conflict being either strengthened or weakened. For the conflict in Table 10,
the disturbed train being Train 57 contributes 8% to the model’s suggestion to prioritize Train 57
(see Figure 14), thus increasing the probability to around 8%. The conflict track being track 42 also
contributes 8% to the model’s suggestion (see Figure 14), thus increasing the probability to around
16%. The times when T2 is scheduled to exit the conflict section and T1 is scheduled to enter
the conflict section, both contribute 18% separately to the model’s suggestion, thus increasing
the suggestion’s probability to around 52%. T2 being Train 26 contributes 21% to the model’s
suggestion, thus increasing the probability to around 73%. Finally, T1 being Train 57 increases
the probability to 100% (when rounding errors are considered). Thus, f(x) has a value of 1 in
Figure 14.

The value of T1 = 57 has the largest effect on the model’s suggestion to prioritize Train 57.
The training dataset comprises 364 conflicts from various disturbance scenarios where Train 57 is
T1, i.e., the train that is scheduled to occupy the conflict section first. 79.4% of these conflicts (289
conflicts) were resolved by prioritizing Train 57. Thus, it is understandable why the probability
of prioritizing Train 57 is increased the most due to T1 being 57. The value of T2 = 26 also
makes a significant contribution to the model’s suggestion. The training dataset has 131 conflicts
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between Trains 57 and 26 where T1 = 57 and T2 = 26. When resolving these conflicts, Train 57
was prioritized almost 90% of the times.

When it comes to the alternative decision, i.e., prioritizing Train 26 to resolve the conflict in
Table 10, the rf6feat model computes a probability of 0% for that decision. The waterfall plot in
Figure 15 shows the contribution of each feature value towards this probability. The plot starts
with a base value of 0.003, which means a probability of 0.3%. T1, i.e, the first train scheduled to
enter the conflict section among the two trains in conflict, being Train 57 reduced this probability
by 1% (see -0.01 in Figure 15). The time when T1 is scheduled to enter the conflict section further
reduces the probability by 2% (see -0.02 in Figure 15). T2 being Train 26 contributes 2% to the
model’s suggestion, thus bringing the total probability to 0 (considering the rounding errors).

Figure 15: Scenario 9958: A waterfall plot to understand why the model does not suggest to
prioritize Train 26 when resolving conflict 1 between Trains 57 and 26 at E-DAT#2

A rescheduling algorithm (Josyula, 2021) is made to update the train timetable after resolving
the conflict by prioritizing Train 57 as per the rf6feat model’s suggestion. The algorithm prioritizes
Train 57 by making Train 26 wait for Train 57 at the double-track section E-DAT. The algorithm
updates the timetable accordingly and detects the earliest potential conflict again in the updated
timetable. Table 11 shows the details of this conflict, which is at the adjacent station DAT. The
reason for the potential conflict is that Trains 26 and 57 are both scheduled to occupy track#2 at
station DAT during overlapping time intervals (see Table 11).

Table 11: Details of the second potential conflict created by disturbance scenario 9958

T1 T2
Disturbance T1 T2

trainname section track starttime endtime starttime endtime

1083 1279 1279 E-DAT DAT#2
60489 60489 60489 60489

(26) (57) (57) (28) (35)

When the above conflict is given as input to the rf6feat model, it suggests to prioritize Train
57 with a class probability of 94%. To understand why the model made the particular prediction,
we present the corresponding SHAP waterfall plot in Figure 16. The plot can be interpreted in the
same way as before.
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Figure 16: Scenario 9958: A waterfall plot to understand why the model suggests to prioritize Train
57 when resolving conflict 2 between Trains 57 and 26 at DAT#2

Notice from the plot that the probabilities to prioritize Train 57 and Train 26 are f(x) = 0.94
and 0.05, respectively. Inspecting the output of the rf6feat model shows that the model assigns the
remaining probability of 1 - 0.94 - 0.05 = 0.01 to prioritize Train 28. This is not meaningful to us
because in our problem context the train to be prioritized can only be either T1 or T2. This could
have been avoided by treating our problem as multiple binary classification problems instead of a
single multi-class classification problem.

The rescheduling algorithm of Josyula (2021) is used to update the train timetable again after
resolving the conflict by prioritizing Train 57 as per the rf6feat model’s suggestion. This time,
the rescheduling algorithm prioritizes Train 57 by reallocating the track of Train 26 at the station
DAT as there is an empty track available at the station. The rescheduling algorithm updates the
timetable accordingly and checks for potential conflicts. There are no other conflicts and so the last
updated timetable is a conflict-free rescheduled timetable, shown in Figure 17. The rescheduled
timetable shows how Train 26 (i.e., Train 1083 in Figure 17) is made to wait at E-DAT. The train’s
path is shown in bold black dotted line in Figure 17.

Both the conflicts given as input to the rf6feat model so far were in the training dataset, and
the model made correct predictions for these two conflicts. In the next section, we will use the
rf6feat model on conflicts from the test dataset that it has not seen before.
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Figure 17: A portion of the rescheduled timetable for Scenario 9958. Total final delay in the rescheduled timetable is 8 min 19 sec. The dotted lines are the train paths
after rescheduling. Significant delays as a result of rescheduling are shown in bold dotted lines.
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9.2.2 Disturbance scenario 345

In disturbance scenario 345, Train 533 incurs a delay of 25 min at the line section MLB-SÖLA
connecting Mellby (MLB) and Sösdala (SÖLA). Table 12 shows the earliest potential conflict in
the train timetable created by the disturbance. The reason for the potential conflict is that Trains
533 and 1083 are to occupy track#2 of section MLB-SÖLA during overlapping time intervals
(see Table 12). Trains 533 and 1083 were encoded in the dataset as Trains 5 and 26, respectively.
The section MLB-SÖLA was encoded as section 55, and the second track of MLB-SÖLA with the
potential conflict was encoded as track 98. In the remainder of the section, we will refer to the
trains and sections with their encoded numbers and original names interchangeably, depending on
the context.

Table 12: Details of the first potential conflict created by disturbance scenario 345

T1 T2
Disturbance T1 T2

trainname section track starttime endtime starttime endtime

533 1083 533 MLB-SÖLA MLB-SÖLA#2
58294 59599 59173 59289

(5) (26) (5) (55) (98)

The conflict in Table 12 belongs to the test dataset and the rf6feat model has not seen it
during the training phase. When the above conflict is given as input to the model, it suggests
to prioritize Train 5 with a class probability of 100%. To understand why the model made the
particular prediction for the specific conflict, we present the corresponding SHAP waterfall plot in
Figure 18.

The rescheduling algorithm of (Josyula, 2021) is used to resolve the conflict by prioritizing
Train 5 as per the rf6feat model’s suggestion and to update the train timetable. The rescheduling
algorithm prioritizes Train 5 by making Train 26 wait for Train 5 at the double-track section MLB-
SÖLA. This update can be seen in the final rescheduled timetable shown in Figure 22.

After updating the timetable, the rescheduling algorithm again detects the earliest potential
conflict. Table 13 shows the details of this conflict, which is at the Sösdala station (SÖLA). The
reason for the potential conflict is that Trains 26 and 5 are both scheduled to occupy track#2 at
station SÖLA during overlapping time intervals (see Table 13).

Table 13: Details of the second potential conflict created by disturbance scenario 345

T1 T2
Disturbance T1 T2

trainname section track starttime endtime starttime endtime

1083 533 533 MLB-SÖLA SÖLA#2
59599 59599 59599 59599

(26) (5) (5) (55) (124)

The conflict in Table 13 belongs to the training dataset and the rf6feat model has already
seen it during the training phase. When this conflict is given as input to the model, it suggests to
prioritize Train 5 with a class probability of 99%. To understand why the model made the particular
prediction for the specific conflict, see the corresponding SHAP waterfall plot in Figure 19.
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Figure 18: Scenario 345: A waterfall plot that explains why the model suggests prioritizing Train 5
to resolve potential conflict 1 at track 2 of section MLB-SÖLA

The aforementioned rescheduling algorithm is used to resolve the conflict by prioritizing Train 5
as per the rf6feat model’s suggestion and to update the train timetable. The algorithm prioritizes
Train 5 and reschedules Train 26 by reassigning a different track to it at the Sösdala station. The
algorithm performs a track reassignment to Train 26 instead of retiming it because there is an
empty track available at Sösdala during the start and end times of Train 26 at that station. Due to
this track reassignment to Train 26 at Sösdala, the train paths of Trains 5 and 26 (i.e., Trains 533
and 1083, respectively) seem to be overlapping in the rescheduled timetable (see section SÖLA in
Figure 22).

After updating the train timetable, the rescheduling algorithm detects the next earliest potential
conflict, the details of which are shown in Table 14. This conflict is at the line section SÖLA-VÄD,
again between Trains 26 and 5.

The conflict in Table 14 belongs to the test dataset and the rf6feat model has not seen it during
the training phase. When this conflict is given as input to the model, it suggests to prioritize Train 5
with a class probability of 98%. To understand why the model made the particular prediction for
the specific conflict, see the corresponding SHAP waterfall plot in Figure 20. Our rescheduling
algorithm is used to resolve the conflict by prioritizing Train 5 as per the rf6feat model’s suggestion
and to update the train timetable. The algorithm prioritizes Train 5 and reschedules Train 26
by reassigning a different track to it at SÖLA-VÄD section. The algorithm performs a track
reassignment to Train 26 instead of retiming it because there is an empty track available at the
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Figure 19: Scenario 345: A waterfall plot that explains why the model suggests prioritizing Train 5
to resolve potential conflict 2 at track 2 of station SÖLA

section SÖLA-VÄD. See the relevant portion of the rescheduled timetable at section SÖLA-VÄD
in Figure 22.

Table 14: Details of the third potential conflict created by disturbance scenario 345

T1 T2
Disturbance T1 T2

trainname section track starttime endtime starttime endtime

1083 533 533 MLB-SÖLA SÖLA-VÄD#2
59599 59651 59599 59645

(26) (5) (5) (55) (126)

Finally, after updating the train timetable, the rescheduling algorithm detects the next earliest
potential conflict, the details of which are shown in Table 15. This conflict is at the line section
ÅKN-ÅK, between Trains 57 and 5. The reason for the potential conflict is due to a small overlap
in the time intervals of Trains 1279 and 533 at track#2 of section ÅKN-ÅK (see Table 15).

The conflict in Table 15 belongs to the test dataset and the rf6feat model has not seen it during
the training phase. When this conflict is given as input to the model, it suggests to prioritize
Train 57 with a class probability of 94%. To understand why the model made the particular
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Figure 20: Scenario 345: A waterfall plot that explains why the model suggests prioritizing Train 5
to resolve potential conflict 3 at track 2 of section SÖLA-VÄD

prediction for the specific conflict, see the corresponding SHAP waterfall plot in Figure 21. Our
rescheduling algorithm is used to resolve the conflict by prioritizing Train 57 as per the rf6feat
model’s suggestion and to update the train timetable. The algorithm prioritizes Train 57 (i.e.,
Train 1279) by retiming Train 5 (i.e., Train 533) accordingly. See the relevant portion of the
rescheduled timetable at section ÅKN-ÅK in Figure 23.

Table 15: Details of the fourth potential conflict created by disturbance scenario 345

T1 T2
Disturbance T1 T2

trainname section track starttime endtime starttime endtime

1279 533 533 MLB-SÖLA ÅKN-ÅK#2
61055 61080 61063 61073

(57) (5) (5) (55) (155)
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Figure 21: Scenario 345: A waterfall plot that explains why the model suggests prioritizing Train 57
to resolve potential conflict 4 at track 2 of section ÅKN-ÅK

In the above-discussed disturbance scenario 345, the rf6feat model gave prioritization suggestions
for four conflicts, three of which it had not seen before. The suggestions led to a rescheduled
timetable with a total final delay of 16 min 39 sec. The devised ML model showed that it is feasible
to obtain a good rescheduled timetable following its data-driven suggestions. However, note that
the model had to work along with an existing rescheduling algorithm in this study.
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Figure 22: A portion of the rescheduled timetable for Scenario 345 showing the three resolved conflicts. Total final delay in the rescheduled timetable is 16 min 39 sec.
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Figure 23: A portion of the rescheduled timetable for Scenario 345 showing the fourth resolved
conflict between Trains 1279 and 533 at section ÅKN-ÅK.

10 Conclusions and Future work

This report presents a summary of the MATRIX project (Jan 2023–Jan 2024) in which we conducted
an experimental study on machine learning based decision support for train traffic disturbance
management. In this research project, we created ML models that can assist train dispatchers in
resolving potential conflicts in a train timetable.

We created a large artificial training dataset using around 18,000 disturbance scenarios gen-
erated in a 2021 train timetable on the Karlskrona-Hässleholm-Malmö stretch. We devised ML
models for data-driven decision making to resolve potential conflicts in a train timetable during
rescheduling. When working alongside an existing rescheduling algorithm, the ML models showed
capable of resolving potential conflicts during a disturbance scenario and arriving at good resched-
uled timetables.

Deep feature synthesis proved to be a good fit for our problem and helped to synthesize many
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meaningful features from our relational data. However, our study showed that most of the synthe-
sized features were not necessary for creating decision tree and random forest models with good
prediction accuracy. On the other hand, omitting most of the synthesized features increased the
predictive power of the resulting ML models.

The experiments carried out in the MATRIX project show that ML algorithms offer many
opportunities to the train traffic domain during train timetable rescheduling. In our experiments,
using decision tree and random forest algorithms, we created models with a prediction accuracy of
more than 96%. Accurate decision tree models for our problem data resulted in fairly large decision
trees, e.g., trees with depth 35 and 17,645 nodes, due to which the benefit of interpretability offered
by a decision tree model was lost. A random forest model that was created using six selected
features gave a prediction accuracy of 96.77%. The model’s decisions were then explained using a
model-agnostic method called SHAP.

The process of making a prediction by applying a trained ML model to an example is called
inference. In our context, the process of the ML model predicting the train to be prioritized for a
given conflict is called inference. In real-time applications such as an ML-based application for train
timetable rescheduling, inference time of the ML model is an important metric. When rescheduling
a train timetable during a disturbance scenario, conflict resolution takes place many times, typically
iteratively. A higher inference time for the ML model used during conflict resolution may slow down
the rescheduling process. In the future, while assessing the suitability of various ML algorithms,
inference time is a metric that also needs to be considered.

Our study shows that ML algorithms offer several opportunities for intelligent data-driven solu-
tions for train timetable rescheduling. ML-based approaches for train prioritization during conflict
resolution showed to be feasible and effective in producing good rescheduled timetables.

11 Appendix

11.1 Numerical encoding of categorical columns

1 def label_encode(df: pd.DataFrame):

2 dfnew = pd.DataFrame(columns=df.columns,

3 data=LabelEncoder().fit_transform(df.values.flatten()).reshape(df.shape))

4 return dfnew

5

6 def make_data_numerical(df: pd.DataFrame):

7 trackname_cols = ['track_T1', 'Infra.MODE(conflicts.track_T1)',

8 'Infra.MODE(Disturbances.conflicts.track_T1)',

9 'Infra.MODE(Timetable.track)']

10 secname_cols = ['section', 'Disturbances.section',

11 'Infra.MODE(Disturbances.conflicts.section)']

12 sectype_cols = ['Infra.sectype', # NWK, LOC

13 'Disturbances.Infra.sectype'] # NWK, LOC

14 # Manually append the following categorical columns

15 trainname_cols = ['T1', 'T2', 'Disturbances.trainname',

16 'Infra.MODE(conflicts.T1)', 'Infra.MODE(Disturbances.trainname)',

17 'Infra.MODE(Disturbances.conflicts.T1)',

18 'Infra.MODE(Disturbances.conflicts.T2)',

19 'Infra.MODE(Timetable.trainname)', 'target']
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20

21 df_numerical_cols = df.drop(columns=trackname_cols + secname_cols + sectype_cols

22 + trainname_cols, axis=1)

23

24 df_numencoded_cols = pd.DataFrame()

25 # Concatenate the DataFrames along rows (axis=0)

26 for cols in [trainname_cols, secname_cols, trackname_cols, sectype_cols]:

27 df_numencoded_cols = pd.concat([df_numencoded_cols, label_encode(df[cols])], axis=1)

28 df_new = pd.concat([df_numencoded_cols, df_numerical_cols], axis=1)

29 # Bring the target column to the end

30 target_column = df_new.pop('target') # Save the column

31 # Add the extracted column at the last column of the DataFrame

32 df_new['target'] = target_column

33 return df_new

11.2 Training random forest models

1

2 import numpy as np

3 import pandas as pd

4 from sklearn.ensemble import RandomForestClassifier

5 from sklearn.model_selection import train_test_split

6 from sklearn.pipeline import make_pipeline

7 from tpot.export_utils import set_param_recursive

8 from sklearn.feature_selection import SelectFromModel

9 from pathlib import Path

10 from sklearn.metrics import accuracy_score

11

12 def train_model(X_train, y_train, modelname):

13 mypipeline = make_pipeline(RandomForestClassifier())

14 print(f"Model name is {modelname}_{len(X_train.columns)}")

15 # Fix random state for all the steps in exported pipeline

16 set_param_recursive(mypipeline.steps, 'random_state', 42)

17 mypipeline.fit(X_train, y_train)

18 return mypipeline

19

20 def select_features(trained_model, X_train, X_test):

21 model = SelectFromModel(trained_model, prefit=True)

22 # Create new dataframes with selected features

23 model.set_output(transform="pandas")

24 X_train = model.transform(X_train)

25 X_test = model.transform(X_test)

26 # Drop these three features from the selected nine features

27 X_train.drop(['starttime_T2','endtime_T1','Disturbances.section'],axis=1,inplace=True)

28 X_test.drop(['starttime_T2','endtime_T1','Disturbances.section'],axis=1,inplace=True)

29 #print(X_train, X_test)

30 return X_train, X_test

31

32 tpot_data = pd.read_csv('matrix_data.csv', sep=',', dtype=np.float32)

33 features = tpot_data.drop('target', axis=1)
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34

35 X_train, X_test, y_train, y_test = \

36 train_test_split(features, tpot_data['target'], random_state=42)

37

38 print("Number of classes =", y_train.nunique())

39 init_model = train_model(X_train, y_train, "rf")

40 print("Accuracy =", accuracy_score(y_test, init_model.predict(X_test)))

41

42 X_train, X_test = select_features(init_model['randomforestclassifier'], X_train, X_test)

43 # Train a new model with the selected features

44 final_model = train_model(X_train, y_train, "rf")

45 print("Accuracy = ", accuracy_score(y_test, final_model.predict(X_test)))
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