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Abstract

Abstract

The demands on railvay transport are constantly increasing andthe transport capacity is reach-
ing its limits. An opportunity to address this challenge is the optimization of traffic planning
through novel approaches.In this report, existing and novel approaches to two fundamental

problems in transport planning are examined with the help of a framework provided by Swiss
Federal Ralways (SBB).

For the Multi -Agent Path Finding (MAPF ) problem, there are different optimal approaches such
as Linear Programming, Constraint-based Search, and Operator Decomposition & Independence
Detection, as well as suboptimal approachedike Prioritized Planning. The optimal algorithms
provide an optimal solution for the problem, but at the expense of anon-polynomial runtime.
Instead a suboptimal approach is to be chosen which provides aappropriate solution within a
polynomial runtime.

For the Vehicle ReschedulingProblem (VRSP), various approaches are investigated as wellA
special focus is given to the novel Reinforcement Learning approackhere a train should learn
independently by means of artificial intelligence how to behave best in aifation. In this report,
the potential of reinforcementlearning isdemonstrated, as it can almost keep up withthe existing
approaches.

An additional challenge is the detection of deadlocks, where several trairinextricably block each
other. A complete and reliable detection is again not achievablewithin a polynomial runtime.
Instead, simplified algorithms or againreinforcementlearning can be used for a fastebut incom-
plete detection of deadlocks.

In conclusion, it can be stated that reinforcementlearning is a novel but promising method
which could be usedin rail way traffic in an optimizing way. This approach may not be able to
replacethe existing traffic managementmethods but it can at least support thesemethods.
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Introduction

Every day, vast quantities of passengers and freight are transportedround the globe. Since the
demand for mobility is growing, the transport capacity will have to be massively increased in the
future. The Swiss Federal Railways (SBB) the national railway company of Switzerland would

like to investigate novel approaches tooptimize traffic management. For this reason a public

competition called Flatland Challengewas launched.

Problem

The Flatland Challenge aims to address two fundamental problems in the world otraffic. The
first problem concernsMulti -Agent Path Finding (MAPF), where any number of trains should
be routed from their current location to the desired destination as fast as possibléut without

any conflicts. However, a train can unexpectedly be disturbed, for example by a malfunctionln

such a situation, the VehicleReschedulingProblem (VRSP) occurs, where the malfunctioncauses
a replanning of the routes.
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Figure 1: Railway network with multiple operating trains

Approach es

For these problems there are seveal existing approachesas well as novel methods In the course
of the thesis the following approaches to the MAPF problem were investigated

1 Linear Programming

9 Constraint-based Search

1 Operator Decomposition & Independence Detection

1 Optimal Anytime Algorithm

1 Prioritized Planning
These approaches can be divided into two categorie§irst, there are algorithms finding an opti-
mal solution for each situation. However, this entails a significant additional expenditure ofcal-

culation time. Thus, there are also algorithms finding a solution within a reasonabletime, but
this solution is not necessarily optimal.
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Furthermore, different approaches for the VRSP problen were examined In principle, the re-
maining routes can be rescheduled using MAPF algorithm in case of a malfunction. An alter-
native approach is to plan the routes from the beginning in arobust way that they keep func-
tioning in case of a malfundion. A special focus was given to the noveReinforcementLearning
approach, where a train should learn independently by means of artificial intelligence how to
behave best in a situation.

State, Reward

Action

Figure 2: Reinforcementlearning scheme of the learning cycle

An additional risk in a railway network is the occurrence of deadlocks, where several trains block
each other. Therefore, various approaches to detect deadlocks were considered as well.

Results

All approaches were implemented and evaluatedConcerning MAPF, it was shown that the
theoretically optimal solutions were not suitable for use in a realtime traffic management system.
Instead, suboptimal algorithmsas prioritized planning that provide fast solutions are more ap-
propriate. For VRSP, reinforcementlearningwas almost able to keep up with the results of the
other approachesand thus demonstrated the potential of this novel approach.

Reinforcementlearning is still a very young and little researched area.There are many more
optimization possibilities and the results could certainly be improved with additional effort. In
conclusion, reinforcementlearning is a novel but promising method which could be usedin
railway traffic in an optimizing way.
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1 Introduction

1 Introduction

Every day, vast quantities of passengers and freight are transportedround the globe. Since the
demand for mobility is growing, the transport capacity will have to be massively increased in the
future. There are different approaches to aclave this. One promising approach is the optimiza-
tion and automation of traffic management systems.

A research groupof the Swiss Federal Railways (SBB)wanted to investigate this approach in
more detail and therefore launched a public competitioncalled Flatland Challenge In principle,
the Flatland Challenge addresseswo fundamental problems in the world of traffic. The first
problem concernsMulti -Agent Path Finding (MAPF) , where any number of trains should be
routed from their current location to the ir desired destinationin a railway network. A solution
is to be found for this in which all trains reach their destination in the shortest possible time.
Thereby, it is also important to avoid conflicts between several trains for a feasible solution.
However, a train can unexpectedly be disturbed, for example by a malfunctionln such a situa-
tion, the Vehicle Rescheduling Problem (VRSP)ccurs, where the malfunctioncauses a replan-
ning of the routes.

The Flatland Challenge is taken as an opportunity to explore and examine different approaches
to these underlying problems oftraffic control. The aim is to consider both already known,
existing approachesand novel approaches such afkeinforcementLearning. The corresponding
approachesor MAPF and VRSP are investigatedin the course of the participation in the Flat-
land Challenge.

This report is organized as followsSection2 contains the background information on the Flatland
Challenge, which serves as a basis for the other parts of the reporitn Section 3, the given
problem is analyzed, especially the requirements and thdomain of the existing Flatland Envi-
ronment. In Section 4, the introduction to traffic planning is provided by developing the encoding
of the railway network and by the general search for the shortest pathSubsequently, the different
approaches to he MAPF problem and VRSP are considered The MAPF problem as part of
Round 1 of the Flatland Challengeis covered in Section5. Round 2 of the Flatland Challenge
with VRSP as the central focus is covered irSection 6. The results of these approaches arthen
reviewed anddiscussed inSection 7. Finally, the report is closed with a conclusion inSection 8.




2 Background

2 Backgro und

2.1 Swiss Federal Railways (SBB)

The Swiss Federal RailwayqSBB) operate as the national railway company of Switzerland and
maintain and operate the largest railway infrastructure in the country.! The SBB are responsible
for around 800 rail stations and over 3,200 km of managed routes with around 3®00 train

signals. More than 1Q000 trains travel every day, carrying 1.25 million passengers and 20300
tons of freight to their destination.?

2.2 Traffic Management System (TMS)

The SBB are investigating various approaches to automatedT raffic Management Systems
(TMS). The task of a TMS is to select the routes for all trains and set their priorities at the
switches in order to optimize traffic flow throughout the railway network. The main objective is
for all trains to arrive at their destination with a minimum travel time respectivelydelay.

2.3 Flatland Challenge

The SBB launched the Flatland Challenge as a public competition to tacklethe VRSP. In the
course of the Flatland Challenge, various new approaches and solutions could be found, which
may affect the implementation of modern traffic management systems not only in railway but
also in other transport or logistics areas.The Flatland Challenge is oriented towards approaches
in the field of ReinforcementLearning (RL). However, the Flatland Challenge is also open to
other approaches.

An overview of the Flatland Challenge is available on the officialcompetition website® In the
following subsections the general information issummarized
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Figure 3: Flatland Environment with a railway network and multiple operating trains

1 (We are SBB, 2019)
2 (SBB Facts and Figures, 2019)
3 https://www.aicrowd.com/challenges/flatland -challenge
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2 Background

2.3.1 Flatland Environment

The SBB has developed an environment that can simulaten arbitrary railway network and its
trains in a simplified way. This environment is built as a two-dimensionalgrid environment with
restricted transitions between adjacent cells for the representatio and simulation of railway
networks. The railway network can be of any size and contain any number of trainsAn example
of such a Flatland Environment with a railway network and several trainsis shown in Figure 3.

A software library written in Python is provided by SBB for the Flatland Challenge, with which

such environments can be simulated and displayed. All figures in this report of suchrailway

networks or parts of them are generated using this library. The detailed domain analysis of the
library and the Flatland Environment is described in Section 3.2

2.3.2 Schedule

The Flatland Challenge consists of three consecutive roundwith increasing difficulty , which can
be briefly described as follows:

Round 0: Learn to navigate
There is a railway network with a single train that has an assigned start position and
an assigned target position.The task is to find the shortest path for the train through
the railway network.

Round: 1: Avoid conflicts
The situation from Round 0 is extended, so that not only one train but any number
of trains are present in the railway network. Thus, conflicts between thetrains can
occur, which are to be avoided.

Round 2: Optimize train traffic
The situation from Round 1 is extended, so thatthe trains have different speeds and
malfunctions can occurstochastically. In this case a train is defective for astochastic
period of time.
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3 Problem Analysis

Before starting to explore the different approaches to the problem, the actual problem has to be
analyzedin detail. The problem definition is mostly given by the tasks and the environment of
the Flatland Challenge.

3.1 Requirements Analysis

Based on the giventasks of the Flatland Challenge the functional requirements can be analyzed
and specified.The description of the tasks is carried out in the form of Use Casesn fully dressed
format according to (Larman, 2005)

3.1.1 Actors

The Flatland Environment contains only one actor type, which is simply a train. For a more
general description the term Agent will be used for a train.

3.1.2 Use Cases

An agent as the only actor in the system has onesingle task to complete. This task is basically
similar for all rounds of the Flatland Challenge. Round 2 is slightly different regarding the place-
ment of the agent at the start position and its behavior at the target. Therefore, the common
use case for Round 0 and Round 1 is lied in Table 1 and that for Round 2 in Table 2 separately.

Table 1: Usecase for Round 0 and Round 1

Use Case Navigate to target

Goal The agent navigates in the railway network from its assigned start
position to its assigned targetposition.

Primary Actor Agent

Pre- 1 Flatland Environment exists

conditions . _ : .
1 Agentis placed on a valid start cell in the railway network
1 Valid target position in the railway network is assigned to the agent
T A maximum number of time steps is defined

Post - 1 Agent has reached its assigned target in theailway network

conditions ) )
I As few time steps as possible have been used for all agents to reach
their target (minimization of combined travel time)

Main Success 1. The agent islocated on its assigned start cell in the grid of the Flatland
Scenario Environment.

2.The agent decides which movement action (move forward, move lef
move right, stop) to perform next.
3. The agent executes the chosen action and thereby reaches a next cell

the grid. If the agent wants to execute an action that is not allowed on
the current cell, it remains on the same cell.

4. The agent repeats step 2-3 until it has reachedts target.

Extension 9 If the defined time limit is reached, the simulation is aborted, even if
the agent has not yet reached its target.

9 If a conflict has occurred and agents block each other, the agents can-
not reach their target. This leads to an endless loofsteps 23), which
can only be resolved by aborting the simulation.
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Table 2: Usecase for Round 2

Use Case Navigate to target

Goal The agent navigates in the railway network from its assigned start
position to its assigned target position.

Primary Actor Agent

Pre- 1 Flatland Environment exists

conditions . . : : ;
1 Valid start cell in the railway network is assigned to the agen
1 Valid target position in the railway network is assigned to the agent
1 A maximum number of time steps is defined

Egr?éi-tions 9 Agent hasreached its assigned target in the railway network
9 Agent has been removed from the railway network

I As few time steps as pasible have been used for all agents to reach
their target (minimization of combined travel time)

Main Success 1. The agent waits for an arbitrary amount of time if desired.

Scenario 2.The agent enters the Flatland Environment and then stands on its
assigned start cell in the grid.
3. The agent decides which movement action (move forward, move lefi
move right, stop) to perform next.

4. The agent executes the chosen action and thereby reachasext cell in
the grid. If the agent wants to execute an action that is not allowed on
the current cell, it remains on the same cell.

5. The agent repeats step$3-4 until he has reached his target.

6. The agent leaves the railway network again.

Extension 9 If t he defined time limit is reached, the simulation is aborted, even if
the agent has not yet reached its target.

9 If a conflict has occurred and agents block each other, the agents can-
not reach their target. This leads to an endless loop (step$-4), which
can only be resolved by aborting the simulation.

As a comparison of both tables shows, an agent in Round 2 is not placed on a cell in the grid
from the beginning but has to enter the railway network first with an action. Thus, several agents
may have been assigned the samstart position in Round 2. This means that the solution
approach mustadditionally decide in which order the agentsshould enterthe railway network.

3.2 Domain Analysis

In the course of the domain analysis, the FlatlandEnvironment provided by SBB is analyzed.In
a simplified form, there are three important concepts, which are shown in thedomain model in
Figure 4. In the following subsections, the different conceptsare analyzedin more detail.

Agent ! Environment Railway Network

1 1

Figure 4: Domain model of Flatland Environment

3.2.1 Environment

The environment is the central concept for a simulation and holds the other two concepts, agent
and railway network, together. This is also evident in the properties of the environment inTable
3, listing only the most important properties.
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Table 3: Properties of environment

Property Description Values
Ralil Railway network Railway network
Agents All agents present in the environment Array of agents

Maximum number of time steps before the

Max Steps  gimulation is aborted

Arbitrary integer (e.g., 1000)

Due to the introduction of malfunctions in Round 2, the environment has been enhanced with
additional properties. The corresponding malfunction properties araiven in Table 4. For the
stochastic of malfunction occurrence,Poissondistribution is used as probability distribution.
Each agent can suffer a malfunction at a random time. If this occurs, the agent cannot perform
any action for a random period of time. This duration is limited by a minimu m and a maximum
of time steps.

Table 4: Malfunction properties of environment

Property Description Values
Poisson rate of malfunction occurrence :
Rate of single agent Arbitrary number (e.g., 12000)
Min Duration Minimum duration of a malfunction Arbitrary integer (e.g., 15)
Max Duration Maximum duration of a malfunction Arbitrary integer (e.g., 50)

3.2.2 Railway Network

3.2.2.1 Grid and Cells

A railway network consists of a two-dimensional rectangular gridwith a defined number of cells
in width and height. To distinguish between the different cells of the grid, a simple coordinate
system is used.T he rows and columns are numbered from the top left starting from zeroA cell
is identified by its position in the form (row, column). In Figure 5 the railway network from
Figure 3 is covered bythis coordinate system.For example, the cell at the bottom right -hand
cornerin Figure 5 is identified as (19, 34).
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3.2.2.2 Transitions

A cell is characterized by secalled transitions, which an agent is allowed to perform onthe cell
or not. There are exactly 16 different transitions on a cell, which can either be allowed or forbid-
den. On the one hand, there are the four cardinal directions (north, east, south, west) in which
an agent can be directed on the cell before the transitionOn the other hand, the agent could
alsoleave the cell in all four cardinal directions.

To keep this allow/deny decision for these 4x4 transitions, the Flatland Environment provides a
bitmap of 16 bits for each cel| which is composed adollows:

Table 5: Structure of the transition bitmap
NN NE NS NW EN EE ES EW SN SE SS SW WN WE WS wWw

The first bit indicates whether an agent standing to the north on the cell can leave the cell to
the north (NN). The second bit is used for the transition of a north -facing agent that wants to
go east (NE). The other bits are assigned to the ther transitions in the same way. Each transition
is then either allowed (1) or forbidden (0). As an example,Figure 6 shows a cell which contains
a switch and thus allows different transitions but forbids all others. Such a cell is also contained

in Figure 5 at positions (1,9), (15,3), (15,6), and (16,9).
Direction of exit
E S

2

Original
direction

o o o o
o o mr o
o o mr o
NI =

Resulting bitmap: 0001011000000001

Figure 6: Example of a transition bitmap

3.2.2.3 Cell Types

In principle, any cell can be represented by means of a transition bitmap.However, not all
possible combinations of transitions are valid in the Flatland Environment. This is due to the
fact that junctions are realized by using a physicalswitch in the reality of a railway network .
Thus, a maximum of two exit directions are allowed from any original orientation. This limitation

results in eight different basic cell types, which are listed inTable 6. A cell can be rotated or
mirrored to obtain another cell of the same cell type.

As can be seen inFigure 5, empty cells do not contain a track and are instead represented by
trees, mountains or buildings for illustration purposes.If a cell is a target cell of at least one
agent, it is decorated with a station building for illustration purposes. But in the background, it
is still a normal cell with transitions. Such target cells are contained in Figure 5 at positions
(5,6), (5,30), (16,5),and (15,30)
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Table 6: Cell types

Cell type Figures

Empty

Straight

Simple switch

Diamond crossing

Single slip switch

Double slip switch

Symmetrical switch

Dead -end

3.2.2.4 Properties
The present information of a railway network is stored very compactly asproperties, which are
summarized inTable 7.

Table 7: Properties of railway network

Property Description Values
Height Height of the grid (number of rows) Arbitrary integer
Width Width of the grid (number of columns) Arbitrary integer
; ; . L ; 2D array (height, width)
Grid Grid containing the transition bitmaps for all cells of bitmaps
3.2.3 Agent

An agent in a Flatland Environment corresponds to a train on a railway network. In Figure 5,
there is a single agent located irnthe cell (15,30), facing south.

3.2.3.1 Properties
An agent has a lot of meaningful information that is accessible through different properties. The
most important properties of an agent are listed and described irTable 8.
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Table 8: Properties of egent

Property Description Values
Handle Index of the agent 0,1,2,3,..

9 Initial Position: Start coordinates of the agent

Positions { Position: Current coordinates of the agent (row, column)
9 Old Position: Previous coordinates of the agent
 Initial Direction: Start orientation of the agent 2 Egggg‘)
Directions {1 Direction: Current orientation of the agent 2 (south)
9 Old Direction: Previous orientation of the agent 3 (west)
0 (ready to depart)
1 (active)
Status Current state of the agent 2 (done)
3 (done removed)
Target Target coordinates for the agen (row, column)
- - 0 (not moving)
Moving Current moving state of the agent 1 (moving)

Speed data Speed profile of the agent (e.g.speed, position fraction)

In Round 2 of the Flatland Challenge, different speeds and stochastic malfunctions are intro-
duced. Accordingly, the properties of an agent are extended by a speed profile ifiable 9 and a
malfunction profile in Table 10.

Table 9: Speed properties of gent

Property Description Values

1/1 (fast passenger train)
1/2 (fast freight train)

Speed Speed of the agent 1/3 (slow commuter train)
1/4 (slow freight train)

Paosition Indicator, when the next action can be -

Fraction doneaccordingto the speed Multiple of speed

Transition

Action on Exit Next action to be executed (seeSection 3.2.3.3

The speed of an agent is fixed during the wholesimulation. There is no acceleration or braking
when starting or stopping. There are also no speed restrictions on specific cellShe agent speed
results from the number of time steps the agent has to stay on the same cell before it can perform
a next action. The speed propertyin Table 9 corresponds to the reciprocal of this number of time
steps. In principle, other speed values would also be possible, but they must alays be in the
range between 0 and 1 (e.q.1/5, 1/6, 1/7 , etc.).

Table 10: Malfunction properties of agent

Property Description Values
. _ 0 (can move)
Malfunction Indicator, when the next action can be 1 (wait 1 time step)

done according to the malfunction 2 (wait 2 time steps)

Number of malfunctions that have already 0.1.2 3

Nr Malfunctions occurred on the agent
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3.2.3.2 Agent Length

With the previous properties, the question arises where the agent length is defined. After all,
trains are of different lengths in reality. T his fact is ignored in the Flatland Environment. Instead,
each agent has length 1 and thus occupies only one cefl the railway network at a time.

3.2.3.3 Actions

An agent can move from cell to cell through the grid but is restricted by the transitions in effect.
The task and the goal of an agent are to move as quickly as possible from itstart position to its
target. For this purpose, there are different movement actions available for agentsTable 11
contains all actions that an agent can perform in the Flatland Environment.

Table 11: Agent actions

Action Description

0: Do Nothing If the agent.ls moving, |.t continues moving.

If an agent is stopped, it stays stopped.
If the agent is at a switch with an allowed transition to its left, it
1: Move Left turns left. Otherwise the action has no effect.

If the agent is stopped, it starts moving (if allowed).

If the agent is stopped, it starts moving.

If the agent is at a switch with an allowed transition straight ahead,
it moves straight ahead.

If the agent faces a deaeend, it turns 180 degrees.

If the agent is at a switch with an allowed transition to its right, it
3: Move Right turns right. Otherwisg the action has no effect.

If the agent is stopped, it starts moving (if allowed).

2: Move Forward

4: Stop Moving The agent stopsat the current cell.

With the provided actions, it is noticeable that an agent cannot move backwards. Theonly
exception is when an agent is ora deadend cell. In this case the train is turned around and can
continue in the opposite direction.

3.2.4 Simulation Workflow

Having identified the most important components of the Flatland Environment, the question
arises how the simulationis proceeed. The simulation of a Flatland Environment can be demon-
strated as a workflow. This workflow is shown inFigure 7 and can be described as follows

1. First, an environment containing the railway network and the agents is generatedThere
are several generators availablm the Flatland Environment for this purpose. For example,
environments can be loaded from a file or randomly built based on desired parameters.

2. Based on the current state of the environmentand all agents, arbitrary observations from
the view of the individual agents canthen be built. For this purpose, all properties of the
environment, of the railway network and of all agents can be accessed.

3. Based on these observations, the desired nexttéon must then be selected for all agents.

After that, the selected actions of all agents areexecutedand the environment as well as
all agents areupdated accordingly.

5. If all agents have reached their target position in the railway network, the simulation is
successfully completed.

6. If the defined maximum number of steps for the simulation is reached, the simulationis
terminated prematurely. Otherwise, the simulation is continued with the next round at
step 2.

10
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Generate Build observations

Start X
environment for all agents

Execute actions of Choose actions
all agents for all agents

All agents
on target?

Yes

No

Step limit

End Y,
n es reached?

No

Figure 7: Simulation workflow

While the Flatland Environment takes over many tasks, two crucial tasks remain, which are
colored black inFigure 7. The main task of the searched solution approach is to select the actions
for all agents. The basis for this selectionrmight be the observations, which can also be built by
the solution approach.How such observations should look like and how the determirtan of the
next actions should finally take place, is completely left to the solution approach.

3.3 Deadlock

Another part of the problem analysis concerns the possibility of secalled deadlocks Deadlocks
are widespread in computer science, especially in coaction with processes in operating systems.
According to (Coffman, Elphick, & Shoshani, 1971) the following conditions must be fulfilled
simultaneously for a deadlock to occur

1.
2.

4.

Mutual exclusion:  fArasks claim exclusive controlof the resources they requiré.

Wait for: fArasks hold resources already allocatetb them while waiting for additional
resources

No preemption: fResources cannot be forcibly removed from the tasks holding them until
the resources are used teompletion.”

Circular wait: A circular chain of tasks exists, such that each task holds one or more
resources that are being requested by the next task in the chaif.

In the context of the Flatland Environment, the agents are the tasks and the individualcells in
the railway network are the resources.Therefore, the deadlock conditions can be checked with
regard to the Flatland Environment:

1.

2.

Mutual exclusion: A single cell in the railway network can be exclusively occupied by
only one agent at a time.

Wait for:  An agent always stands on a cell and thus has already allocated a resource. To
move to the next cell, he has to allocate the next resource and wait foit if the next cell is
occupied by another agent

No preemption: An agent cannot be removed from the railway network until it has
reached its target position. Thus, its allocated cell cannot beforcibly removed from it.

Circular wait:  There is a chain of at least two agents, where each agent is on a cell that
is the only next possible cell of the next agent in the chain.

11
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The first three conditions are already fulfilled by the characteristics of the Flatland Environment
and are therefore always met.Thus, the last condition remains as the only condition which can
actually be influenced by the selection of actions for the agents.

Figure 8 contains some examples of railway networks with agentdn the first three examples, a
deadlock has occurredThe crucial factor is that the agents cannot move backwards.For all
agents, the possible next cells in forward direction are already occupied by other agent$hus,
no agent can move on and will never reach its target positionln contrast, examples 4 to 6 are
similar but without a deadlock.There is at least one agent that can continue, and thereby freeing
the cell for other agents.

8 .
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Figure 8: Railway networks with or without deadlock

In addition, there are situations which by definition are not yet a deadlock but will inevitably
lead to a deadlock.Figure 9 contains some examples of such railway network#n these situations,
at least one agent can still move forward. But regardless of the next actions, a future deadlock
with at least two agents cannot be prevented.
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Figure 9: Railway networks with future deadlock

In conclusion, deadlocks are a very serious problem in the Flatlan&nvironment. When a dead-
lock occurs, at least two agents are blockedDeadlocks cannot be resolved because agents cannot
move backwards in the Flatland Environment and no agents can be reiwved from the railway
network. Thus, it is important to act with foresight and not to perform any actions that will

later lead to a deadlock.
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3.4 Conclusion

After the analysis of the problem, some aspectgan be stated. In the previous sections it was
pointed out several times that some aspects of the reality are simplified very much or completely
ignored in the Flatland Environment. In reality of railway networks, the following conditions
apply, among others:

1 Trains are of different lengths.
1 Trains may also movein the opposite direction (backwards) under certain circumstances.

1 Trains accelerate when starting and brake when stopping and do not always run at the
same speed.

1 There are different speed limits on track sections, which trains must dhere to.

The route of trains is partly determined by any number of intermediate stationsin addi-
tion to the starting station and target station.

9 There is a fixed time schedule for trains, which must be followed.

Despite these strong simplifications in tre Flatland Environment, the Flatland Challenge pro-
vides an excellent basis for researching approaches to th@aderlying problemsMAPF and VRSP.

However, it is questionable whether the findings from the Flatland Challengesan easily be trans-
formed into the challengesin real railway traffic. Due to the given simplifications, the challenge
is moving away from classicalpassenger traffiowith timetables and mostly predetermined routes
Instead, it can be seen as a kind of traffic flow control, where different equivalentraffic units

have to act without fixed route s and time planning.

13
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4 Flatland Challenge: Round O

Round 0 of the Flatland Challenge serves as an introduction and is intendito get familiar with
the Flatland Environment. The task for this round can be described as follows according to
Section 2.3.2

There is a railway network with a single train that has an assigned start position and
an assigned target position.The train is located at its start position. The task of the
train is to move on the shortest path through the railway network to its target

position.

In other words, a solution approach must be developed that always selects as the next action the
action that leads on the shortest path from the current position of the agent to its target position.
Of course,only valid actions are allowed, namely actions for which a transition is permitted on
the current cell.

4.1 Railway Network  Encoding

As described in Section3.2.2.2 the permitted transitions of a cell are stored in the form of a
bitmap. This encodingis certainly very compact and has its advantagesNevertheless, other
encodings are also conceivable, which are more suitable for the determination of the shortest path
in Round 0 but also for further rounds. In the following subsections alternative encodings are
explored. For all different encodings, the simple railway network in Figure 10 is always used as
an example.

° TR
1| i

Figure 10: Railway network (example)

4.1.1 Cell Graph

A solution widely used in computer science is the encoding using a graptA graph consists of
any number ofverticesand edges connecting theertices In order to represent a railway network

as a graph, the individual cells can be interpreted averticesand the allowed transitions between
the cells as edges between theertices

Figure 11 contains a first attempt to represent the railway network of Figure 10 as a graph.As
with the empty cells in the rail network, the corresponding verticesin the graph are unnecessary
and could be omitted. The graph looks similar to the actual railway network. However, this
representation as a graph is not correct, which is obvious from a simple example: In theeal
railway network, it is not allowed to move from cell (0,3) via cell (0,2) to cell (1,2). However,
this would be possible in the resulting graph.This approach is therefore not valid for the encoding
of a railway network.

Figure 11: Cell graph of railway network in Figure 10

14



4  Flatland Challenge: Round O

4.1.2 Cell Orientation Graph

To remedy the issue of the simple cell graph, the coordinate system is extended by an additional
dimension, namely the orientation.In place of the vertex (0,0) for the cell (0,0), the four new
vertices (0,0,0) for north, (0,0,1) for east, (0,0,2) for south and (0,0,3) for west are createdThe
identifier of a vertex is composed ofirow, column, orientation). Furthermore, directed edges are
used. A directed edge fromvertex (rl, c1, ol) to (r2, c2, 02) has the following meaning:If an
agent is on cell (r1, c1) and is directed towards 01, it is allowed to move to cell (r2, c2) and will
then be directed towards 02.

Figure 12 shows a cell orientation graph representing theailway network of Figure 10. For the
sake of clarity, all vertices belonging to the same cell are markedyray together. In addition, all
vertices that have no edgesare omitted. Such agraph contains significantly morevertices than
there are cells in the correspondingrailway network, at most four times as mary. In contrast to
a cell graph, a cell orientation graph correctly represents a railway network.

Figure 12 Cell orientation graph of railway network in Figure 10

4.1.3 Double Vertex Graph

A similar approach as the cell orientation graph is also followed with the secalled double vertex
graph, as described in(Schlechte, 2012) Again, four verticesare created per cell.For the sake of
simplicity, the samevertex identification (row, column, orientation) is used.However, the orien-
tation in the identification no longer corresponds to the direction of the agent on the cell but to
the direction of the exit. In addition, edges are not used to map thetransitions between cells but
the transitions within a cell in an undirected way.

Figure 13 shows a double vertex graptrepresenting the railway network of Figure 10. For the
sake of clarity, all vertices belonging to the same cell are markedyray together. In addition, all
vertices that have no edges are omitted.The graph looks graphically the same as the railway
network. Between two adjacent cells there are two vertices that touch each other but have no
edge in between.This means that a vertex has not only edges, but also exactly one partner
vertex. This is the specialty of the double vertexgraph and actually not compatible with a usual
graph. Thus, the navigation through the graph must be adjusted. It is no longer allowed to go
from one vertex via edge to the next vertex. Instead, it is only allowed to go from onevertex via
the edge of its partner vertex to the next vertex. In other words, when navigating through the
graph, two vertices must always be visited before the next edge can be usedh this sense the
path (0,3,1)0,2,3) - (0,2,1)(0,1,3) is allowed, but the path (0,3,1)(0,2,3) - (0,2,1) - (0,2,0)(1,2,2)
is not.

As with th e cell orientation graph, this double vertex graph requires significantly morevertices
than cells, but the railway network is represented correctly.
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Figure 13 Double vertex graph of railway network in Figure 10

4.1.4 Implementation

Both the cell orientation graph and the double vertex graph can be used to encode the railway
network. However, there are again different way4o implement the two graphs.

4.1.4.1 Adjacency List

A graph with vertices and edges can be implemented by hand with reasonable efforA very
trivial but effective variant is the form of an adjacency list. The first two columns of Table 12
showthe adjacency list of the cell orientation graph in Figure 12, containing for each vertex a
list of its adjacent successowertices If necessary and if helpful, the adjacency list can also be
built for adjacentpredecessovertices(in the last column). In Python, a dictionary with a vertex
as key and a list or set of vertices as valuecan be usedfor such adjacencylists. A double vertex
graph can similarly be implemented with an adjacencyist but must additionally be able to store
the partner vertices

Table 12 Adjacency list of cell orientation graph in Figure 12

Vertex Successor vertices Predecessor vertices
(0,1,0) 0,2,1) (1,1,3)

(0,1,3) 1,1,2) (0,2,0), (0,2,3)
(0,2,0) (0,1,3) 1,2,1)

(0,2,1) (0,3,1), (1,2,2) (0,1,0)

(0,2,3) (0,1,3) (0,3,0)

(0,3,0) (0,2,3) 1,3,1)

(0,3,1) 1,3,2) (0,2,2)

(1,1,2) 1,2,1) (0,1,3)

(1,1,3) (0,1,0) 1,2,2), (1,2,3)
1,2,1) (0,2,0), (1,3,1) 1,1,2)

1,2,2) (1,1,3) 0,2,2)

(1,2,3) (1,1,3) (1,3,2)

(1,3,1) (0,3,0) (1,2,1)

(1,3,2) (1,2,3) (0,3,1)
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4.1.4.2 Library

Instead of implementing the graph itself, existing libraries can also be used-or example, the
Python packageNetworkX was used in the course of thisstudy to implement the cell orientation
graph. An advantage of such libraries is that they often provide additional functionality, such as
for the calculation of the shortest path.

A double vertex graph is not avalid graph because of the partnewerticesand cannot be modelled
with a typical graph library. In order to use a library nevertheless, a corresponding wrappercan
be implemented, which also provides the modifiegraph navigation.

4.2 Shortest Path Problem (SPP)

The original task of Round 0 of the Flatland Challenge requires to determine the shortest path
for an agent from its start position to its target position in an arbitrary railway network . Since
a railway network can be interpreted as a graph according taSecton 4.1, the approaches of the
well-researched graph theory can be used.

The so-called Shortest Path Problem (SPP) is one of the most weltknown combinatorial optimi-
zation problems with various applicationsin theory and practice. The SPP can be described for
graphs as follows according tdKorte & Vygen, 2018): Given is a graph with vertices anddirected
or undirected edgesAll edges are assigned a weightn addition, a start vertex and an end vertex
are given. The task is to find the path between the start vertex and the end vertex so that the
sum of the weights of all edgesn this path is minimal.

For the weight of an edge, usually either the distance or the costs betweeboth vertices are used.
In railway networks and other applications of SPP whereroutes are involved it is appropriate
to use the distance between two vertices as the weightf the connectingedge.Since the railway
network in the Flatland Environment is a regular grid and only neighboring cells can be con-
nectedby an edge the distance 1 can be taken as weight for all edges the graph.

4.3 Shortest Path Algorithms

There are several established algorithms to solve the SPPThe algorithms have different ap-
proaches and therefore are suitable for different scenario¥able 13 summarizes the thiee most
established algorithms and their purposes.

Table 13 Shortest path algorithms

Algorithm Purpose

Shortest path from a single start vertex to all other vertices

Dijkstra's Algorithm in a graph with only non-negative weights

Shortest path from a single start vertex to all other vertices

Bellman -Ford Algorithm in a graph with positive and/or negative weights

Floyd -Warshall Algorithm Shortest path from each vertex to each othewertex

With the first two algorithms, only the start vertex has to be specified, whereupon the shortest
path to all other vertices and thus also to the target vertex is determined. In contrast, the third
algorithm requires neither a start vertex nor a target vertex but calculates the shortest path
between all possiblevertex pairs. Since these algorithms are extremely widespread and well
known, no explanation of the exact procedures is given in thigeport. Usually, at least one of
these algorithms is imgemented in common software libraries for graphs-or example,NetworkX
provides all three algorithms in different variations.

4 (Documentation: Algorithms: Shortest Paths, 2019)
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4.3.1 Breadth -first Search (BFS)

In addition to the algorithms mentioned above, there are other ways to search a graph, such as
the straightforward breadth-first search. This search is started at a start vertex to be specified.
In the first step, all adjacent vertices of the start vertex are visited. In the next step, all adjacent
vertices ofall adjacent vertices of the start vertex are visited This can be continued in the same
way until all reachable vertices have been visitedIf a vertex has already been visited in a previous
step, it can be skipped.

On the first visit of a vertex, the path taken there always corresponds to the shortest path.

However, this only applies because all edges have length Otherwise, there could possibly be a
shorter path. Since this condition is met in the Flatland Environment, this fact can be used to

shorten the algorithm: Once the target vertex is visited, the shortest path is found and the

algorithm can be terminated prematurely.

Start vertex
Path length =0

Adjacent vertices
Path length = 1

Next adjacent vertices
Path length = 2

Next adjacent vertices
Path length =3

(1,2,3) (0,1,0)

Figure 14 Breadth-first searchin cell orientation graph

The procedure is demonstrated by the example ifrigure 14. The cell orientation graph of Figure
12 is again shown on the left side.The agent is located on the cell (0,2) and is oriented to the
east, which corresponds to thestart vertex (0,2,1). Starting from this, the shortest path to the
target cell (1,1) should be foundusing BFS. There are two feasible target vertices, namely (1,2)
and (1,1,3), because it does not matter in which direction the agent is oriented on the target cell.
In the first step, the adjacent vertices of the start vertex are visited. Within the same step, the
vertices are visited in lexicographical order.Thus, the vertex (0,3,1) is visited first and then the
vertex (1,2,2). The shortest path to these vertices has the length 1.In the second step the
adjacent vertices of (0,3,1) and (1,2,2) are visitedagain in lexicographical order.By visiting the
vertex (1,1,3) the target cell (1,1) is reachedwith the length 2 and the algorithm can be stopped.
If the algorithm would be continued, two more verticeswould be visited in the next step. How-
ever, the algorithm would then also be at the end, because alleachable verticedor the next step
have already been visited.

As has been shown, theBFS is well suited for finding the shortest path under the given crcum-
stances.In fact, with a uniform edge length of 1, BFS corresponds to the procedure of theDijks-
tra's algorithm.

4.3.2 A* Search

In an attempt to reduce the runtime of the graph search, another algorithm emergedThe core
feature of the so-called A* search is that a heuristic is used to decide which vertex to visit next.
The heuristic is used to estimate for each vertex the length of the remaining path to the target
vertex. Thus, the next vertex to be visited is the one which leads to the shortest total lengh of
the path, according to the heuristic.

Since the railway network in the Flatland Environment is a grid with coordinates, the Manhattan
distance according to (Black, 2019) can be used as a simple heuristicThe Manhattan distance
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between two cells is calculated as the sum of the absolute differences of the single coordinates.
As an example, the Manhattan distance between the cells (0,3) and (1,2) becomes 2, because the

absolutedifference of the row coordinaeés (0 - 1] = 1) and the absolutedifference of the column
coordinates (3 - 2| = 1) are summed.

Iteration | Selected vertex Open vertices Closed vertices
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h = heuristic (Manhattan distance) from current vertex to target vertex
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Figure 15. A* search in cell orientation graph

The procedure for the A* searchis demonstrated in Figure 15 using the cell orientation graph
from the examplein Figure 12 Two sets are maintained during the seach: The closed set con-
tains all verticesthat have already been visited. The open set contains all adjacent vertices of all
closedvertices In the first iteration, the start vertex (0,2,1) is selected as the next vertex and
the adjacent vertices are inseied into the open set. Two values are determined for the vertices
in the open set namely the length of the shortest path from the start vertex (f) and the estimated
remaining length to the target vertex (h). The heuristic used in the example is the Manhatan
distance.In the second iteration, the selected vertex of the previous iteration is inserted into the
closed set first. Then, the vertex promising the shortest total path (f+h) is selected from the
open set. This vertex (1,2,2) is removed from the open setlnstead, the adjacent wertex (1,1,3)
of the selected vertexis added to the open set.The iteration is repeated in the same way until
the target vertex is selected.This is the case in the third iteration.

Note that the heuristic is of crucial importance The efficiency of the search depends significantly
on the heuristic. Even the Manhattan distance can provide incorrect estimatesSuch asuboptimal
estimation can be seen in the estimation for the vertex (0,1,0) inFigure 15 The Manhattan
distance between the cell ((1) and the target cell (1,1) returns 1, but the train would have to be
able to travel backwards for this. Instead, the train must follow the small loop with length 3.
However, with a good heuristic, the A* search is very helpfuland is usedby different approaches
in later rounds.

4.4 Distance M ap

It would be unnecessary and redundant if the shortest path and its length had to be determined
repeatedly. It may therefore be useful to do this once at the beginning of the simulation.Thus,
a so-called distance map was integrated into the FlatlandEnvironment providing the minimum
distance to the target cell for each agenton each cell with each orientation.

4.5 Conclusion

Round 0 of the Flatland Challenge is concerned with finding the shortest path. This problem is
well-known as the shortest path problem and different algorithms exist to solve it. Both the

elaborated encodings of a railway network and theshortest path algorithms will form the basis

for the more difficult tasks in the next rounds.
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5 Flatland Challenge: Round 1

While Round 0 of the Flatland Challenge was intended as an introduction, the problem to be
solved is expanded for Round 1The task for this round can be described as follows according to
Section2.3.2

There is a railway network with an arbitrary number of trains, that all have an
assigned individual start position and an assigned individual target position. All
trains are located at their start positions. The task is to move all trains through the
railway network to their target positions. Thereby, the cumulated travel time of all
trains should be as short as possible.

In other words, a solution approachmust be developed that continuously selectthe next actions

for all agents so that all agents reach their target positionand travel as short as possible in total.

Of course, only valid actions are allowed, namely actions for which a transition is permitted on
the current cell. If there is a conflict between several agents and thus @eadlock, the task cannot
be completed.

An example of such a problemsituation is givenin Figure 16, which shows the railway network

before the simulation starts. There are ten agents located at their start position. For each agent

a path has to be found which leads as fast as possible to its target position but without causing
a conflict. Thus, the shortest path is not necessarilythe optimal path anymore.
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Figure 16. Railway network (Round 1)

5.1 Flatland Library

Since the underlying Python library was further developed during the Flatland Challenge, an
older version must be used for Round 1. The compatible library is listed inTable 14.

Table 14: Flatland library for Round 1

Library Version Website
flatland -rl 0.3.10 https://pypi.org/project/flatland -rl/0.3.10

5.2 Test Cases

The organizers of the Flatland Challenge have defined,000 different test cases in the form of
environments with a railway network and agers. These test cases are used to evaluate an algo-
rithm and are kept secret. Instead, a public set of 20 similar test cases is providedTable 15 lists
these test casesiad their properties. As a graphical example, test cas&.0is shown in Figure 16.

The dimensions of the railway networks range from 10 rowsnd 10 columns to 100 rowsand 100
columns. The number of agents in the environment ranges from 1 agent to 100 agent$n addi-
tion, there is a maximum number of time steps before the simulation of the environment is
aborted. The right half of the table focuses on the number of cellsin the environment and the
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distinction into the different cell types (see Sectior3.2.2.3. The cell type Symmetrical switch is
included in the cell type Simple switch because both types are basically equivalent.

Table 15 Test cases of Round 1

Test ; . Max All  Track
case giEiel e A (T steps cells cells . . . . . .
18 10

0.0 10 10 1 30 100 37 1 0 0 8
0.1 10 10 1 30 100 36 17 10 0 1 0 8
1.0 10 10 3 30 100 37 18 10 1 0 0 8
11 10 10 3 30 100 36 17 10 0 1 0 8
2.0 10 10 5 30 100 66 32 16 2 2 0 14
2.1 10 10 5 30 100 63 27 20 1 1 0 14
3.0 10 30 10 60 300 222 135 46 4 7 0 30
3.1 10 30 10 60 300 183 99 44 5 5 0 30
4.0 20 20 10 60 400 210 114 40 15 10 1 30
4.1 20 20 10 60 400 212 113 48 12 9 0 30
5.0 40 20 15 90 800 429 266 78 26 15 0 44
5.1 40 20 15 90 800 481 309 88 21 19 0 44
6.0 50 50 10 150 2500 694 554 92 14 4 0 30
6.1 50 50 10 150 2500 703 569 68 29 7 0 30
7.0 50 50 40 150 2500 1648 860 428 111 127 2 120
7.1 50 50 40 150 2500 1659 869 412 125 126 7 120
8.0 100 50 10 225 5000 1001 869 76 20 6 0 30
8.1 100 50 10 225 5000 1007 872 86 18 1 0 30
9.0 100 100 50 300 10000 4721 3199 926 280 159 7 150
9.1 100 100 50 300 10000 4686 3102 968 285 175 6 150

The various properties of the test cases allow an estimation of the complexityThe number of all
cells (height * width) is not important, because extraneousempty cells are included as well. More
useful is therefore the number of track cells, in other words norempty cells There are also
differences in terms of track cells that caninfluence the complexity. The more transitions are
allowed on a cell, the higher is the risk of conflicts between agents. But with more transitions
there can be more promising routes to the target position.Another important factor for the
complexity of a test case is the number of agents. If there is only one agent, the railway network
can be as complex as it is, but without really increasing the complexity.

5.3 Literature Research

To get an overview of the problem to be solved, a literature study was condudd. It turned out
that the problem faced in this round of the Flatland Challenge has already beenvell-studied in
various variations and isgenerallyknown asMulti -Agent Path Finding (MAPF) . A definition of
this problem is provided by (Cohen, Wagner, Kumar, Choset, & Koenig, 2017)

fiGiven an environment and agents with assigned start and goal locations, the Muli

Agent Path Finding (MAPF) problem is to find collision -free paths for all agents

from their start to their goal locations that optimize some criterion such as makespan
or sum of traveled distances.
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The definition refers to makespanand sum of traveled distancesMakespan is the time span until
the last of all agents has reached its target posithn. With the sum of traveled distances, the
travel distance or the travel time of all agents from their start positions to their target positions
is cumulated.

5.3.1 Fields of Applicatio n

An example for the application of MAPF is the management of a warehouse vih autonomous
driving units. Figure 17 shows such a warehouse in the form of a grid. The colored circles are
agents.The black cells are the shelves and cannot be passed over. The white cells represent the
corridors and can be passed overAll agents receive orders and have to drive to a certa shelf

to store or pick material. Only one agent has room in the width of a corridorand conflicts should

be avoided.In contrast to a railway network, a warehouseis usually very symmetrically struc-
tured, which could make the task easier.

Ill-lll-.lll-lll-=llIllllIll=-lll-lll

Figure 17: Warehouse grid(Ma, Kumar, & Koenig, 2016)

Another example for the application of MAPF is the classical Sliding Tiles Puzzle shown in
Figure 18. There is a grid with 16 places and 15 numbered tiles. One place is emptyCompared
to the number of agents, there is only one more placeThe tiles next to the empty place can be
moved to this place. The goal of the game is that finally all tiles are put in the right order from
top left to bottom right. Only one agent can be moved at a time in each situation, which makes
the problem simpler.

Figure 18: Sliding tiles puzzle pictured by (Kelly, 2011)

5.3.2 Variations

There are also different variations of the problem with restrictive conditions or simplifying as-
sumptions. In most cases in the literature, the MAPF problem is addressed using a simple grid
as shown inFigure 17 and Figure 18. An agent can move in the four cardinal directions if the
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corresponding cell is not blocked by an obstacle or another agentn the railway network of the
Flatland Environment, the transitions of the cells determine in which directions an agent is
allowed to move at all. Furthermore, diagonal movements are also allowed in some variations
but not in the Flatland E nvironment.

When simulating a Flatland Environment, the agents arenot moved simultaneously in one step
but sequentially. In other variations this happens simultaneously andhus an agent can move to
an already occupied cell if the occupying agent moves away at the same time.

There are also differencesegardingthe start positions and the target positions. For example, the
target positions are not yet assigned at the beginningin some variations In this case, it is
necessary to determine which agent should ideally be assigned which target positioAnother
variation contains a central agent depot, which is the start position for all agents. It is then
necessary to additionally determine the optimal order of the agents.

As the different examples and variations show, the problem is handled differently in the litera-
ture. There are several different approaches to solve the problem, with some approaches focusing
only on a specific variation. Therefore, it is necessary to find out which algorithms can best be
applied to the task at hand.

5.3.3 Complexity

The definition of MAPF can be divided into two tasks, namely finding a solution and optimality.
According to (Andreychuk, Yakovlev, Atzmon, & Stern, 2019), finding a valid solution is feasible
in polynomial time but finding the optimal solution is NP-hard. That means it is assumed that
the problem cannot be solved in polynomial time, but it is not proven. In the following sections,
approaches that provide optimal solutions are considered first, followed by approaches that pro-
vide suboptimal solutions but have a polynomial runtime.

5.4 Optimal Algorithms

As the literature study has shown, there are indeed approaches to optimally solve the MAPF
problem. The following subsections describe the different optimahpproaches andlgorithms that
have been implementedn the course of this study.

5.4.1 Linear Programming (LP)

As a first method, the mathematical approach is consideredFor this purpose, an attempt is
made to formulate a problem instanceof the Flatland Environment as a mathematical optimiza-
tion model.

5.4.1.1 Optimization Model

An optimization model consists of variables, parameters, constraints and an objective function
and thus describes a problem in mathematical form.n order to find a solution for a test case,
the properties of the correspondingenvironment are passed to the model in the form of parame-
ters and then result in an instance of the optimization problem. These parameters determinghe
constraints and the objective function. It is then a purely mathematical task to find the corre-
sponding variables that optimize the objective function in the desiredmanner (minimization or
maximization) in compliance with the constraints.

5.4.1.2 Problem Formulation
For the formulation of the problem as a mathematical optimization model, the work of (Bart &k,

~vancara, & Vlk, 2018) can be usedas a basis However, the approach to model formulation of
the MAPF problem described therein must be adapted to the characteristics of theFlatland
Environment.

A graph representing the grid of the railway network serves as a basisor the formulation. In
summary, the formulation can be described as followsThe presence of an agent on a vertex is
considered as an activity. Each activity has a start time and an end time, the difference of which
is the length of the activity. An activity is optional, meaning it can be present or not. Three
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optional activities are introduced per agent pervertex. The first activity corresponds to the time

of the agent on thevertex. The other two activities describe the time of the agenton the incoming
edge and on the outgoing edgef the vertex. There is also an optional activity per agent per
edge. The path of an agent is finally defined by the presence oits optional activities. These
activities can also be used to formulate the constraints to prevent the simultaneous presence of
multiple agents on the same vertex and the crossing of agentsn edges

5.4.1.3 Solution Methods

Linear Programming (LP) is used to solve such an optimization instancelf all variables are
constrained to integers, it is referred to asinteger Linear Programming (ILP). If some variables
are not discrete, it is referred to asMixed-integer Linear Programming (MILP). Over time, a
variety of different so-called solvers have been developdar LP, ILP or MILP , which perform
the solution of the mathematical system To use this approach for the Flatland Environment, a
test case has to be transformed into an optimizationinstance so that this mathematical system
can be solved byan existing solver.

5.4.1.4 Implementation

For the transformation of a test case into an optimization instance two Python libraries were
examined during the Flatland Challenge.Further information on the libraries used is given in
Table 16. Both libraries enable the formulation of optimization problems on the one hand and
the solving of problems with the help ofincluded solvers on the other hand.

Table 16: Linear programming: Python libr aries

Library Version Website

mip 1.3.15 https://python -mip.readthedocs.io/en/latest
PuLP 1.6.10 http://coin -or.github.io/pulp

5.4.2 Constraint -based Search (CBS)

However, besides the formulation as a mathematical problem, there are algorithmic approaches
for the MAPF problem. With the so-called Constraint-based Search (CBS)the new optimal
algorithm for MAPF wasfirst presentedin (Sharon, Stern, Felner, & Sturtevant, 2015) However,
the presentedapproach must be adapted to the characteristics of thé-latland Environment.

The CBS makes use of a s@alled constraint tree, which is a binary tree with constraint nodes.
A constraint node contains a solution, a set of constraints and the total cost of the solution(e.g,
makespan orcumulated travel time). In summary, CBS works as follows:

First, an initial solution is produced consisting of the shortest paths for all agentsThe root node
of the constraint treeis built from this initial solution and an empty constraint set. This solution
usually has conflicts between agentsi-rom the root node, the first conflict betweentwo agent
(A1 and A2) is used to form two new child nodes.The first child node is given a constraint that
prohibits agent A1 from performing the action that leads to the conflict. Then, a new shortest
path is determined for agent Al, with respect to the constraint. This results in a new solution.
If the solution is free of conflicts, the optimal solution is found. The same is done for the second
child node andagent A2. The processdescribed above ighen repeatedwith the next node. For
this, the node with the lowest solution costs is selected as the next node.

5.4.2.1 Example

The procedure is illustrated using an exampleshown in Figure 19. Three agents are located at
their start position s and are to be moved to their target positions. The agents and their assigned
target positions are marked with the same number and color.
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In a first step, the initial solution is determined consisting of the shortest paths for all agents.
This results in the solution listed in Table 17 for the root node. For this solution, it is checked
whether there are conflicts.The first conflict occursbetween agent Al and agent A2 in step 2
While agent A1 wants to move from cell (1,3) to cell (1,4), agent A2 wants to do the opposite.
This is not allowed. Again in step 2, there is another conflict between A2 and A3, where both
want to enter the same cell at the same time. However, only the fist conflict is followed up. Note
that there are no conflicts between agents Al and A3, although A3 enters cells that have been
occupied by Al in the previous step.This is allowedbecause Al is moved before A3 in each step
due to the ascendingorder of agents.

Figure 19 Railway network (example)

Table 17: Initial solution for the root node

Agent Step O Step 1 Step 2 Step 3 Step 4 Step 5
Al 1,2) (1,3) 1,4) (1,5) (0,5)

A2 (1,5) (1,4) (1,3) 1,2) (1,2 (1,0)
A3 (1,2) 1,2) (1,3) (1,4 (1,5 (1,6)

Two child nodes are derived from the first conflict between agents A1 and A2The first child
node is given the constraint"Al is not allowed to move into cell (1,4) in step 2" and the second
child node is given the constraint" A2 is not allowed to move into cell (1,3) in step 2". For both
child nodes, a new shortest path is then searched for the constrained agent, which complies with
the given constraint. The corresponding solutions for the two child nodes are listed infable 18
and Table 19.

Table 18: Solution for the first child node

Agent Step 0 Step 1 Step 2 Step 3 Step 4 Step 5
Al 1,2) 1,3) 1,3) 1,4) (1,5) (0,5)
A2 (1,5) (1,4) 1,3) 1,2) (1,1) (2,0
A3 (1,1) 1,2) 1,3) 1,4 (1,5) (1,6)

Table 19: Solution for the second child node

Agent Step O Step 1 Step 2 Step 3 Step 4 Step 5 Step 6
Al 1,2) 1,3) (1,4) (1,5) (0,5)

A2 (1,5) (1,4) (1,4) (1,3) 1,2) (1,2) (1,0)
A3 (1,1) 1,2) (1,3) (1,4) (1,5) (1,6)

To decide which child node should be selected for the next round of the algorithm, the costs of
the solutions are calculated.In this example, the cost function makespan is usedWhile in the

first child node the last agent reaches its target instep 5, the last agent reaches its target in step
6 in the second child node.T hus, the first child node has the lower solution costs and is selected
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as the next node. The solution of the selectednode (in Table 18) is checkedwhether there are
any conflicts. Again, the first conflict is between agent A1 and agent A2 in step 2, because both
are located in cell (1,3). At the same time, even agent A3is located in the same cell. However,
only the first two conflict -causing agents are taken for a conflictBased on this conflict, two new
child nodes are created.The child nodes inherit the existing constraint "Al is not allowed to
move into cell (1,4) in step 2" from the parent node. In addition, one child node is given the
constraint "Al is not allowed to move into cell (1,3) in step 2" and the other child node the
constraint " A2 is not allowed to move into cell (1,3) in step 2".

The described process is regated continuously until a node without conflicts is found. The solu-
tion of this node is optimal. For the sake of completeness, the optimal solution for the present
example is listed in Table 20.

Table 20: Optimal solution

Agent StepO Stepl Step2 Step3 Step4d Step5 Step6 Step7 Step8

Al 1,2 (13) (0,3 (04) (04 (14 (15  (05)
A2 @5 @14 @14 @14 @13 (12 @11 (1,0
A3 11 (12 @3 (03 (©3 (04 @149 (@15 (16

5.4.2.2 Shortest constraint -fulfilling Path

During the execution of the CBS algorithm, the shortest path with respect to the given con-
straints must be determined for the corresponding agent on each nod€or this purpose,the A*

search (seeSection4.3.2) is very well suited. The A* search only needs to beextended by the
constraint check Before avertex is visited, it is checked whether this visit would violate a con-
straint. If a constraint is violated, the vertex is rejected. In addition, a suitable heuristic is
required for the A* search. The distance map (seeSection4.4) is well suited for this, because it
provides the shortest real distance to the targetposition.

5.4.3 Operator Decomposition (OD) & Independence Detection (ID)

Another approach is a kind of cooperativepath finding, consisting of the two componentsOper-
ator Decomposition (OD) and Independence Detection (ID) This approach presented by
(Standley, 2010)also provides an optimal solution but had to be adapted to the Flatland Envi-
ronment first.

5.4.3.1 Initial A*  Approach

Using the A* search, the shortest path for a single agentcan be determined as describedh
Section4.3.2 In an obvious attempt, this algorithm can be extended tomultiple agents.Briefly
described, this can be realized as follows:

Instead of working directly with vertices, the extendedalgorithm works with nodes. This means
that an open set of nodes and a closed set of nodes is maintained. node contains the current
positions of all agents. Theinitial node containsthe start positions of all agents.From the initial
node all possible successor nodes are generatéib generate a successor node, a valid action
must be taken for all agents. An action is valid if the corresponding cell transition is allowed.
Another valid action is to wait on the samecell. For each generated node, it is checked whether
the actions taken cause a conflict.If a conflict is found, the corresponding node is discardedif
not, the length of the remaining paths is estimated with the help of heuristics Of all nodes that
have not yet beenprocessed (open set of nodeghe node that promises the best solution is then
selected.Using the selected node, the same procedure is repeatedtil a node is found where all
agents have reached their target position.
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Al:(1,2) A2: A2: A2:
A2:(1,1) move left | move right wait
0 1 2 3 4
Al: Al:(0,2) Al:(0,2) Al:(0,2)
move left A2:(0,1) A2:(1,2) A2: (1,1)
0
O | Al: Al:(1,3) Al: (1,3) Al: (1,3)
move right A2:(0,1) A2:(1,2) A2:(1,1)
1 [T 1
- - o Al Al:(1,2) AlL:(1,2) Al: (1,2)
wait A2:(0,1) A2: (1,2] A2:(1,1)

Figure 20. A* search for multiple agents

An example is presentedin Figure 20 with a railway network and two agents. The initial node
contains the positions (1,2) for agent A1 and (1,1) for agent A2.The matrix on the right side of
the figure includes all possible sucasor nodes of the initial node.Only node [Al: (1,2) / A2:
(1,2)] has a conflict and is discarded All other nodes are added to the open set and are available
to selectasthe next node.

According to Section3.2.2.3 there are a maximum of two allowed transitions from the current
position and orientation of an agent. In combination with the wait action, each agent can choose
between a maximum of three vaid actions in any step. Thus, there can be up to 3 successor
nodes for a node with n agentsThis simple A* approach leads to an explosive increase of nodes.

5.4.3.2 Operator Decomposition (OD)

The MAPF can be solved with the initial A* approach. However,this approach can be improved
by the so-called Operator Decomposition (OD) Instead of the actions of all agents, only the
action of the next agent in the sequence is consideredds a consequence, a single time step in
the simulation no longer consists ofonly one node, but of n nodes.While the A* approach
generatesa maximum of 3" successor nodefor all possible action combinations of the n agents,
the OD approach only generates a maximum of three successor nodes corresponding to tadid
actions of the next agent in the sequence.

Al:(1,2)
A2:(1,1)
Al: left Al: wait
Al:
right
A1:(0,2) Al:(1,3) Al: (1,2)
A2:(1,1) A2:(1,1) A2:(1,1)
A2: left A2: wait A2: left A2: wait A2: left A2: wait
A2: A2: A2:
| right right right
Al:(0,2) Al:(0,2) Al:(0,2) Al:(1,3) Al:(1,3) Al:(1,3) Al:(1,2) Al:(1,2) Al:(1,2)
A2: (0,1) A2: (1,2) A2: (1,1) A2: (0,1) A2: (1,2) A2: (1,1) A2: (0,1) A2: (1,2) A2: (1,1)

Figure 21: Operator decomposition(OD)

To demonstrate the difference to the A* approach,Figure 21 again shows tle same example as
in Figure 20 but using OD. From the initial node, only three successor nodes are derived, which
correspond to the possible actions for agent Alln the second level, three successor nodes would
then be deiived for each node again, which correspond to the actions of agent Asulting in the
same nine nodes as with the A* approachHowever, according to the principleof the algorithm,
not all three nodesof the first level are continued with, but only the most promising one. In
total, the decompositionof the actions reducesnumber of successor nodes (branching factognd
significant part of the search space does not have to be considered at all.
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5.4.3.3 Independence Detection (ID)

The MAPF problem can be solved wih the OD approach.However, instead of solving the entire
problem with OD, the problem can be divided into smaller problems which are then solved with
OD. The so-called Independence Detection (ID)was developed for this purposelD itself cannot
solve MAPF, but is responsible for building the subproblems, which are then solved byOD.

The ID procedure can be briefly described as followdFirst, as many groups are created as there
are agents. Each gent is assigned to a separate groupl'hen, the optimal solution is determined
separately for each group. Since there is only one agent in each group, the optimal solution
corresponds to the shortest path ofthe only agent. Afterwards, the solutions of all groups are
checked against each other for conflictsThe two groups that cause the first conflict are consid-
ered for the next steps.For the first of these two conflicting groups, an attempt is made to find
an alternative solution (using OD) that does not conflict with the other group and still has the
same cost as the original solutionlf this is not successful, the same is tried in reverse with the
other group. If an alternative solution is found, this solution is taken for the corresponding group.
If not, the two groups are merged andthe solution for the new group is searchedusing OD).
Then, the solutions of all groups are checkedagain for conflicts. The described procedure is
continued until no more conflicts occur.In this case the optimal solution was found.

5.4.4 Timeout Issue

As shown in the previous sections, there are different algorithms that provide an optimal solution
for the MAPF problem. However, all optional approaches do not have a polynomial runtime, as
already mentioned in Section5.3.3 This leads to an issue with the Flatland Challenge, because
there is a time limit for the execution of the simulation. A maximum of 10 minutes is granted to
calculate the solution of a test case before the simulation is abortedThis is no problem for the
smaller test cases, but the larger test cases cannot be solved using the described algorithms within
the time limit . For this reason, suboptimalapproaches are considereds well

5.5 Suboptimal Algorithms

While optimal algorithms always provide an optimal solution for the MAPF problem, this is not
the case for suboptimal algorithms. Suboptimal algorithms also provide aalid solution that is
as good & possibleaccording to the algorithm, but mostly not optimal. Their greatest advantage
is the complexity, since they can be executed in polynomial runtimeThe following subsections
describe the differentsuboptimal algorithms that have been consideredin this study.

5.5.1 Optimal Anytime Algorithm (OAA)

The OD+ID algorithm described in Section 5.4.3is optimal. In (Standley & Korf, 2011), an

approachis presentedthat limits the runtime of this algorithm using a time limit. In this ap-

proach, the OD+ID algorithm is called repeatedly with increasing parameters and arever

improving solution is found. Thus, the algorithm can be abortedanytime and then provides the
best solution for that time. The name of the algorithm is misleading, because it is not the optimal
solution, but the best solution so far at the time of abort.

The procedure can be described as follow3he OD+ID algorithm is extended by anew param-
eter for the maximum allowed group size(MGS). First, the OD+ID algorithm is executed with
MGS =1, whereby all agents are kept in their own group. This provides a solution very quickly,
which is normally far from optimal. Then, the OD+ID algorithm is executed with MGS = 2,
wherebya maximum of two agents may be combined in one groupWith the help of lower bounds
known from the previous execution, the algorithmexecutioncan be shortened.This leads to an
equally good orbetter solution. Subsequently, the MGS parameter is increased continuously and
the OD+ID algorithm is executed again and again until the optimal solution is found, or the
given time limit is reached.
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5.5.2 Prioritized Planning (PP)

As an alternative approach, greedy algorithms must be considereds well. In the course of this
study, a greedy algorithm for the MAPF problem was implemented, which is covered by the
term Prioritized Planning (PP) in the literature 5.

The principle of PP is straightforward: First, all agents are put into a sequence according to
certain criteria. Then, the first agent is considered according to this order and its shortest path
is determined.In the sense of greedy, this path isfinal and will not be changed anymore.In the
next step, the second agent according tahe order is consideredFor this agent, the shortest path
is determined but without conflict with the previous agent. This path is again final and un-
changeable.In the same way, the shortest conflictfree paths are determined for all remaining
agentsin the sequence.

5.5.2.1 Example

As an example,Figure 22 shows a very simple railway network conaining two agents. With two
agents, there are only two permutationsand thus two possible sequences in which the agents can
be handled.In the ascending planning order,agent Al is processed first and thenagent A2. In
the descending planning sequence, i in reverse.Both orders result in solutions, which are listed
in Table 21 and Table 22 It can be seen that for this specific example, the ascending planning
order provides a beter solution with regard to both makespan and cumulated travel times.

1| [l TQ@mII]

Figure 22 Railway network (example)

Table 21: Solution for ascendingplanning order (A1, A2)

Agent Step 0 Step 1 Step 2 Step 3 Step 4 Step 5
Al (1,1) (1,2) 1,3) (0,3)
A2 (1,5) (1,4) (1,4 1,3) 1,2) (0,2)

Table 22 Solution for descendingplanning order (A2, A1)

Agent Step0 Stepl Step2 Step3 Step4d Step5 Step6 Step 7
Al (1,2) (1,2) (1,2) (1,1) (1,2) (1,2) (1,3) (0,3)
A2 (1,5) (1,4) (1,3) (1,2) (0,2)

5.5.2.2 Prioritization

As the exampleshows the solution is fully dependent on the choserplanning order. The correct
prioritization of the agents is therefore of central importance. There are different ways to priori-
tize the agents based on their propertiesFor the Flatland Environment, different prioritizations
can beused as described irmable 23. All described prioritizations can be applied in ascending or
descending order.

5 (Silver, 2005) (Cap, Novak, Kleiner, & Selecky, 2014), (Ma, Harabor, Stuckey, Li, & Koenig, 2018)
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Table 23: Agent prioritizations

Prioritization Description

Induergggtiation The handle of eachagent is considered (as in the previous example)
Shortest path The length of the shortest path of eachagent is considered (usinghe dis-
length tance map.

The shortest path is determined for all agents. Then it is consideredfor

First conflict each agentat which time step the first conflict with another agent occurs.

Number of The shortest path is determined for all agents.Then, the number of its
conflicts conflicts is considered for each agent.

The list of prioritizat ions is not complete and othercriteria could be explored.These prioritization
criteria can either be used individually or combinedas multi-level prioritization. For example,
the agents can be sorted first byshortest path length, then by first conflict and finally by iden-
tification number. However, of all prioritizations, there is none that provides the best solution in
all test casesor most of the test cases.Instead, it depends on the environment with the railway
network and its agents whichprioritization provides the best solution.

Fortunately, there is no need to decide on a prioritization at all. The algorithm can be executed
separatelyfor multiple prioritizations. This can be done either sequentially or even in parallel,
because the exadtions are independent of each other.

5.5.2.3 Grouped Prioritization Planning

In the normal prioritization planning , one agent after the other is processed according to a defined
order. Another approach extendsPP to groups of agents.As with normal PP, the agentsare put
into a sequence. However, a group ohext agents is then considered instead othe next agent
individually. For this group, the best conflict-free partial solution is searched for and stored.
Similar to the optimal anytime algorithm, the size of the group can be varied.

5.6 Conclusion

At the end of Round 1 of the Flatland Challenge the following conclusion can be drawn The

fundamental problem of this round is known asMulti -Agent Path Finding (MAPF). There are
several algorithmsproviding an optimal solution for this problem. However, these algorithms
cannot be performed in a polynomial runtime.Since there is very little time available for calcu-

lations in real-time systems suboptimal approachesare to be consideredas well Sud algorithms

also provide a solution for the MAPF problem, but this solution is not necessarily optimal. Thus,

it is necessary to figure out which suboptimal approach provide the best results under the cir-
cumstances of theFlatland Environment. The corregponding results are discussed ifsection7.

The collection of approaches described in this section does not claim to be completé€here are
other optimal and suboptimal approachesor MAPF , which are not discussed in this report.
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6 Flatland Challenge: Round 2

Round 1 of the Flatland Challenge has revealed various solutions to the scalled Multi -Agent
Path Finding (MAPF) problem. In the final Round 2, the problem to be solved is further ex-
tended and the highest difficulty of the Flatland Challenge is reached.The task for this round
can be described as follows according t8ection2.3.2

There is a railway network with an arbitrary number of trains, that all have an
assigned start position andan assignedarget position. Multiple trains can have the
same start position and/or target position. In addition, all trains have assigned a
fixed and constant speed At the beginning of the simulation, all trains are not yet
on the railway network. With the first action of a train, it enters the railway network
at its start position. Once atrain has reached its target position, it is removed from
the railway network again. The task is to move as manytrains as possibleto their
target positions within the maximum allowed number of time steps. Thereby, the
cumulated travel time of all trains should be as short as possible.

In other words, a solution approachmust be developed that continuously selectthe next actions
for all agents so that all agents reach their target positionand travel as shortas possible in total.
Of course, only valid actions are allowed, namely actions for which a transition is permitted on
the current cell. If there is a conflict between several agents and thus a deadlock, the task cannot
be completed.

For Round 2 of the Flatland Challenge, the generation of the railvay networks was optimizedby
the organizerto get more realistic railway networks. In this way, separate stations with several
parallel platforms can be simulated.As in reality, there are only a few track connections between
the stations. An example of sucha problem situation is given in Figure 23, which shows the
railway network before the simulation starts. There are ten stations with up to four parallel
platforms. Furthermore, no agents are visible, because they are not yet on the railway network
at the beginning of the simulation.
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Figure 23 Railway network (Round 2)
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6.1 Flatland Library

Since the underlying Python library is continuously developed further, a specific version must be
used forRound 2. The compatible library is listed in Table 24.

Table 24: Flatland library for Round 2

Library Version Website
flatland -rl 2.1.10 https://pypi.org/project/flatland -rl/2.1.10

6.2 Test Cases

The organizers of the Flatland Challenge have define@50 different test cases in the form of

environments with a railway network, agents and malfunction occurrencesThese test cases are
used to evaluate an algorithm and are kept secretlnstead, a public set of 20 similar test cases is
provided. Table 25 lists these test cases and their propertiesAs a graphical example, test case
4.1is shown in Figure 23.

The dimensions of the railway networks range fron85 rows and 20 columns to 150 rows and 150
columns. The number of agents in the environment ranges fromb50 agens to 200 agents. In
addition, there is a maximum number of time stepsbefore the simulation of the environment is
aborted. The right half of the table focuses on the number of cellsin the environment and the
distinction into the different cell types (see Sectior3.2.2.3. The cell type Symmetrical switch is
included in the cell type Simple switch because both types are basically equivalent.

Table 25: Test cases of Roun®

Test ; . Max All  Track
TeSt Height Width  Agents O Bl SRR A
127 12

0.0 35 20 50 600 700 140 0 0 1 0
0.1 35 20 50 600 700 90 81 8 0 0 1 0
1.0 20 35 80 600 700 190 157 32 0 0 1 0
11 20 35 80 600 700 250 203 44 1 1 1 0
2.0 35 35 80 720 1225 212 166 44 0 1 1 0
2.1 35 35 80 720 1225 231 175 54 1 1 0 0
3.0 60 40 80 960 2400 374 277 90 4 2 1 0
3.1 60 40 80 960 2400 415 332 78 3 1 1 0
4.0 40 60 80 960 2400 399 319 76 0 0 4 0
4.1 40 60 80 960 2400 496 386 104 1 2 3 0
5.0 60 60 80 1120 3600 693 537 148 3 1 4 0
5.1 60 60 80 1120 3600 544 399 138 1 4 2 0
6.0 120 80 100 1760 9600 1346 1090 233 12 5 3 3
6.1 120 80 100 1760 9600 1203 988 198 6 3 6 2
7.0 80 100 100 1600 8000 1378 1048 316 6 4 4 0
7.1 80 100 100 1600 8000 1444 1121 316 4 1 2 0
8.0 100 100 200 1760 10000 1602 1242 346 7 1 6 0
8.1 100 100 200 1760 10000 1552 1166 376 1 4 5 0
9.0 150 150 200 2560 22500 2514 2097 390 10 9 8 0
9.1 150 150 200 2560 22500 2936 2492 420 5 9 10 0
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As in Round 1, the various properties of the test cases allow an estimation of the complexity
Compared to the test cases inRound 1 (see Section5.2), the dimensions of the test casesn
Round 2 are considerably increasecEspecially the number of agentds increased massively.

6.2.1 Malfunctions

As described inSection 3.2.1, the environment of each test case includes malfunction properties
as well. These malfunction properties are identical for all presenttest cases and are listed in
Table 26. Each agent can suffer a malfunction at a random time This timing depends on the
Poisson distribution using the specified rate12,000Q If a malfunction occurs, the affected agent
cannot perform an action for a random number of time stegs between 20 and 50.

Table 26. Malfunction properties of Round 2

Malfunction property Value

Rate 12000
Min Duration 20
Max Duration 50

6.2.2 Maximum Number of Time Steps

According to the organizer of the Flatland Challenge, tiere is no guarantee that a test case can
be solved completely within the maximumallowednumber of steps.Neverthelessas many agents
as possible should be moved to their target positiorthrough the railway network within this step
limit.

6.3 Problem Assessment

In a first step of Round 2, the present problem is analyzed how it has changed to the problem of
Round 1. There are three main changes compared t®ound 1, namely speed, malfunctions and
start behavior.

6.3.1 Speed

While all agents have the same speedn Round 1, there are different speed profiles irRound 2.
A speed profile determines how many time stepstypically 1, 2, 3 or 4) an agent must spend on
a cell before it can perform the next action.

It was examined to what extent thesedifferent speed affect the approaches from Round 1it
was found that this extension has no decisive influence on all approacheéll consideredalgo-
rithms can be adapted and work fo different speedsas well.

6.3.2 Start Behavior

In Round 2, the agents are not yet present on the railway network at the beginning of the
simulation. Therefore it is possible that several agents have the samstart position. This cir-

cumstance extends the problem oRound 1 by another decision It must be decided for all agents,
when and in which order the railway network should be entered.Nevertheless all considered
algorithms from Round 1 can be adapted for this extensioras well.

6.3.3 Malfunctions

While no malfunctions can occur in Round 1, this can happen in Round 2 at a random time for

a random agent. These malfunctions introduce randomness to the problem. Since the stochastic
malfunctions are not known in advance, they cannotbe considered in theinitial planning. Thus,
the approaches fromRound 1 are not readily usable inRound 2.
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6.4 Literature Research

6.4.1 Problem Definition

To get an overview of the problem to be solved, a literature study was conductedThereby, one
encounters the so-called Vehicle Rescheduling Problem (VRSP) which was defined in (Li,
Mirchandani, & Borenstein, 2007)as follows

firhe vehicle rescheduling problem (VRSP) arises when a previously assigned trip is
disrupted. A traffic accident, a medical emergency and a breakdown of a vehicle are
examples of possible disruptions that demand the rescheduling of vehicle trips. The
VRSP can be approached as a dynamic version of the classical vehicle scheduling
problem (VSP) where assignments are generated dynamically."

This definition describes exactly the task to be solvedHenceforth, the term VRSP will be used
for the problem given in Round 2.

6.4.2 Control Techniques

The fundamental problem is given by the task of the Flatland Challenge.However, there are
two opposing techniques to addresthis problem.

6.4.2.1 Centralized Control

Nowadays, a traffic managementsystem (TMS) is used at SBB and presumably at an over-
whelming majority of all other traffic infrastructures. A TMS is a central unit that manages the
planning for all agents collectively. All agents are thus subject to centralized control.

All approaches from Round 1 of the Flatland Challenge are classified to this control technique.
Thereby, a solution for all agents is aways determined centrally. Since optimal results are
achieved with this technique, no other techniques were considered iRound 1.

6.4.2.2 Decentralized Control

In contrast to centralized control, there is the technique of dispensing withcentralized coordina-
tion and instead handing over the planning to the individual agents in a decentralized manner.
This decentralized control can be referred to ad/ehicle Based Train Control (VBTC) system In
this senseeach agent is independently responsible for selecting its next action.

6.5 Rescheduling

A first approach to solve the VRSP is already contained in the name of the problemrescheduling
It is an attempt to apply the algorithms used for the MAP F problem to the VRSP as well.

The principle is very simple: First, an initial and optimal solution for all agents is determined
using a MAPF algorithm. To do this, the corresponding algorithm has to be adapted to the
different speedprofiles and the changed start behavior. Then, the simulation is started with all
the agents following their determined patts. This continues until a malfunction occurs. Since the
original solution is no longerfeasibledue to the malfunction, a new solution must be determined
from the current positions of the agents. This can again be achieved with an adapted MAPF
algorithm. The described process is repeated continuously until all agents have reached their
target positions or the time limit is exceeded.

6.5.1 Deadlock Issue

This approach is intuitive and seems promisingHowever, it was found that the described ap-
proach cannot work completely with the characteristics of the Flatland Environment. This is
because a occurring malfunction can lead to a deadlock.The railway network in Figure 24 is
usedas an exampleto demonstrate this issue.
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Figure 24: Reschedulingsimulation (t=0)

According to the approach, a initial solution is determined for the givenexampleusinga MAPF
algorithm. In the example, agent Al has speed/lL and agentA2 speed 1/3.Thus, Al needs only
one time step for an action, but A2 needs three time stepsThe corresponding solution is listed
in Table 27.

Table 27: Initial solution

Agent Speed t=0 t=1 t=2 t=3
Al 1/1 11 @12 (@3 (0,3
A2 1/3 a4 @@€4 @14 @3 @13 @13 (12 12 (12 (0,2

The simulation of the example is started. Agent A1 choose$o move forward as the first action
so that it will be on cell (1,2) at time t=1. Agent A2 also chooses to move forward as the first
action. The action of A2 takes three time steps, so that he will be on cell(1,3) at time t=3. The
situation of the simulation at time t=1 is shown in Figure 25.

t=1 0 1 2 3 4 5

Figure 25 Rescheduling simulation(t=1)

In the next step, agent Al choosego move forward as the next action to getto cell (1,3). Agent
A2 cannot yet choose a next action because it is still waiting for its previously chosen action to
be executed.Now, a malfunction occurs on agent Al. Instead of moving to cell(1,3), Al has to
stay on cell (1,2) in a defective state. The situation of the simulation at time t= 2 is shown in
Figure 26.

t=2 0 1 2 3 4 5

1 | O g) 1t

Figure 26: Rescheduling simulation(t= 2)
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In the next step, agent A1 cannot choose an action because of the malfunctiorinstead, the
action for agent A2 is finally executed and it moves to cell(1,3). This results in the situation
shown in Figure 27 causing a deadlockwhere both agents are blocked.

t=3 0 1 2 3 4 5
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Figure 27. Rescheduling simulation(t= 3)

6.5.2 Conclusion

The preceding example showed how quickly analfunction can lead to a deadlock.Under these
circumstances, rescheduling using existing MAPF algorithms is not appropriatd-or this reason,
the reschedulingapproachis not considered further.

6.6 Waiting

A similar and even simpler variant as reschedulingis the waiting approach. In this variant, no
new solution is determined when a malfunction occurs. Instead, all agents without malfunction
are pausedas well and it is waited until the malfunction is over. When the malfunction is over,
the original plan is continued at the same place.

However, this approach has some drawbacks. On the one hand, up to 50 time steps are simply
lost by waiting for each malfunction. In the worst case, a new malfunction occurs again andgain
within 50 steps and all agentsare just waiting until the time limit expires. On the other hand,
there is the same deadlockssueas with rescheduling.For these reasons, the waihg approach is
not consideredfurther as well.

6.7 Complete Path Reservation (CPR)

The approaches discussed dar are susceptible to deadlocks caused by malfunction3herefore,
an approach is wanted which can eliminate this circumstance as far as possibl&his type of
planning is defined asRobust Schedulingin (Zuo, 2009)

fFor an uncertain scheduling problem, the goal of robust scheduling is to generate a
suboptimum scheduling scheme that is not sensitive to stochastic disturbances, i.e.,
robust scheduling emphasizes on the stability of scheduling schemes.

Thus, an approach is tobe developed that cannot lead to a deadlock in the event of a malfunction.
In the course of this thesis, such an approach was elaborated and given the nan@mplete Path
Reservation(CPR).

6.7.1 Control Technique

This approach differs from previously discussedapproaches in the control technique:While in
the other approaches all paths for all agents are calculated in advance using a centrabntrol
technique this is not the case in the presentapproach.Instead, each agent decides anew in each
step which action it wants to perform next. This procedure corresponds to the decentralized
control technique described in Section6.4.2.2
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6.7.2 Reservation

The concept of reservation is introduced as the basis for this approach. Eactrack cell in the
grid of the railway network can be reserved by agents irthe different directions. Thereby, a cell
can be reserved by multiple agents in the same directionHowever, it is not allowed to reserve a
cell in one direction if a reservation in the opposite direction already exists for this cell.

6.7.3 Procedure

To describe theprocedureof this approach, the exampleenvironmentshown in Figure 28 is used.
The railway network consists of two stations with three platforms each and a total of three
agents.The agents are not yet present in the railway network at the beginning of the simulatian.
However, the start positions and target positions of the agents are markedeh the figure: Agent
Al is to be moved from cell (0,3) to cell (0,9), agent A2 from cell (1,3) to cell (1,9) and agent A3
from (2,3) to (2,9).

0 A1

2 TIIEIRRRRRLRnnnn|

Figure 28 CPR simulation (initial state)

The simulation is started with the first time step. Agent Al has to select itsfirst action. Al tries

to find the shortest path from its start position to its target position, for which all cells are not
yet reserved in the opposite direction.Since no reservations have been made yet, Al findhe

path (0,3) - (0,4) - (1,4)- (1,5) - (1,6) - (1,7) - (0,7) - (0,8) - (0,9). In consequenceAl reserves
all cells of this path in the corresponding diredions and enters the railway network The reser-
vations are marked in Figure 29.

Next, agent A2 tries the same procedure However, A2 cannot find a complete path where all
cells are not yet reserved in the opposite directionCells (1,7), (1,6), (1,5) and (1,4) are alreag

reserved from Al in the opposite direction.Therefore A2 is not yet allowed to enter the railway

network and does not perform any action.

Next, agent A3 tries the same procedureand finds the path (2,3) - (2,4) - (2,5) - (1,5) - (1,6) -
(1,7)-(1,8)- (2,8) - (2,9). Cells (1,5), (1,6) and (1,7) are already reserved by Al, but in the same
direction. In consequenceA3 reserves all cells of this path in the corresponding directios and
enters the railway network The reservations are marked inFigure 29.
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Figure 29 CPR simulation (step 1)
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The simulation is continued with the second time step.Agent Al has already reserved a complete
path to its target position. Nevertheless, A1 now checks if there is a shorter, norreserved path
in the meantime. This is not the case and Al continues to follow its reserved pathWhen an
agent leaves a cell of it reserved path, the reservation for that cell is removedThen, agent A2
tries to find a complete non-reservedpath again but fails again. As agent A1, agent A3 cannot
find a shorter non-reservedpath and continues to follow the already reservedpath.

The same procedure igepeatedat each time step. For example, Figure 30 shows the situation
after the fifth time step. The agents Al and A3 aremoving on their reserved paths, while agent
A2 is still not allowed to enter the railway network.

] A1 D hr

1 | I % ) ) LT YT

2 i

Figure 30: CPR simulation (step 5)

This situation only changes four time steps later, when agent A3 releases the reservation of cell
(1,8). As shown in Figure 31, agent A2 can then finally reserve a complete path and entes the
railway network.
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Figure 31 CPR simulation (step 9)

6.7.4 Agent Prioritization

As described in the procedure, each agent acts independently and tries to reserve a complete
path. Nevertheless, there is an order in which the agents can do thidn the preceding example,
the default prioritization with ascending agernt numbering is used.Instead, a different prioritiza-
tion could be used, where agent A2 is first to act.In this case, A2 would have reserved a complete
path first and the simulation would have been different.

Thus, it is evident that the prioritization of the agents is of great importance. As already de-
scribed in Section 5.5.2.2 there are many different ways to prioritize the agents. Table 28 lists
only some of the possible prioritization criteriafor agents.In addition, there are also criteria for
agents that have not yet entered the railway network, listed in Table 29. All described criteria
can be applied in ascending or descending order.

38



6 Flatland Challenge: Round 2

Table 28: Prioritization c riteria for agents

Prioritization criterion Description
Identification Agents with a lower number are prioritized
number '
Status Agents which are moving in the railway network are prioritized
over agents which have not yetentered the railway network.
Speed Agents with a higher speed are prioritized.
Agents which a lower minimum distancefrom the current position
Shortest path to the target position (according to the distance map are priori-

tized.

For all agents, the currently shortest nonreserved pathfrom the
Shortest current position to the target position is determined.
non -reserved path ) o

Agents with a shorter such path are prioritized.

For all agents, the expected number of time steps to the target

position is determined depending on thelength of the shortest
Number of steps path. Agents with a lower number of steps are prioritized.

Instead of the shortest path, the shortest nonreserved path can be
consideredas well.

Table 29: Prioritization criteria for non-started agerts

Prioritization criterion Description

Number of a gents Often, there are multiple agents with the samestart position.
(same position) Agents with many other suchagents are prioritized.
Number of a gents Often, there are multiple agents with the samestart position and
(same position & the samestart orientation. Agents with many other such agents
orientation ) are prioritized.
For each start position, the average speed of theother agents is
Average s peed calculated. Agents with a higher suchspeed are prioritized.
(same position) Instead of the average, the minimum or maximum can beconsid-
ered as well

For each start position and orientation, the average speed of the

Average speed other agents is calculated.Agents with a higher such speed are

(same position & prioritized.

orientation) Instead of the average, the minimum or maximum can beconsid-
ered as well

Although the above criteria can be used individually, they are intended for @mbined use as
multi -level prioritization. For example, the agents can be sorted first by status, then by speed
and finally by the length of the shortest path. Ten different criteria have been described, all of
which can also be used in reversaVith thesecriteria, the prioritization can have up to ten levels.
Thus, there is a countless number of different combinations of criteriaHowever, it depends on
the environment with the railway network and its agents which prioritization provides the best
solution. Therefore,the combination should be chosen which leads to the best results on average.
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6.8 Reinforcement Learning

Due to the development in the field of artificial intelligence in recent years, various novel methods
have emerged in computer scienced promising approach from the field of machine learning is
the so-called Reinforcement Learning RL).

6.8.1 Introduction

The basic idea ofreinforcementlearning is that a software agent autonomously learns what it
should ideally do in which situation. For this purpose the learning behavior in nature is simu-
lated.

State, Reward

Actions:
0: do nothing
1: move left
2: move forward Agent -) P ) |
3: move right eI R e b wed o
4: stop moving e HEHE

e R = dd i

t
Action

Figure 32 Reinforcementlearning scheme of the learning cycle

The functionality of RL is introduced using the scheme irFigure 32 The two main components
at RL are the agent and the environment. Other important concepts are action, state and reward.
With the help of RL , an agent should acquire the knowledge about which action should be chosen
in which state in order to maximize the reward. In the Flatland Environment, the agent is known

to be a single train. Furthermore, the environment is known asa railway network including all
agents.An agent can perform five different actiors, as described inSection 3.2.3.3

The learning takes place in a cycle betweethe agent andthe environment: The agent receives
a state, which describes the current situation of the environmentBased on this state, the agent
should decide which action to take.Since the agent has not yet acquired any knowledgeit
randomly selects one of the possible actits and executes it in the environment.By executing the
action, the environment changests state. Therefore, the new state of the environment is again
passed on to the agent.In addition, the agent receives a reward from the environmentas well
The reward is a value that indicates whether the previous action was good or notThe higher
the reward, the better the action was. Thus, the agent learns which action has led to which
reward in which state. This learning cycle can now be continued for ag period of time and the
knowledge of the agent can be deepened.

The principle of RL so far is simple. Nevertheless, there are some concepts which need to be
explained in more detail.

6.8.1.1 Reward

In the form of a reward, the agent receivesa feedbackfrom the environment about how goodthe
action was. As a practical example, the dressage of animals can be mentionetf an animal
performs a stunt successfully, it is given a treat.In contrast, no treat is given if the animal refuses
the stunt.

With the Flatland Environment, the matter is a little more extensive. If the agent performs a
single action, it is not immediately known how good it is. In order to find out the actual worth
of an action, future rewards must also be considered Only when the agent reaches its target
position with an action, it is immediately clear that this action was very good.
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For the weighting of the future rewards, a secalled Discount Factor is used in RL. This factor
is between 0 and 1 and determines to what extent fture rewardsare included. As an example,
a factor of 0.8 means that the current reward is weighted with 1, the first future reward is
weighted with 0.8, the second future rewardwith 0.82 and so on.It must be experimented which
value for the discount factor leads to the best result.

6.8.1.2 Selection of Action

As described, the agent randomly selectsts action at the beginning of the learning process
becauset does not yet have any knowledgeHowever, knowledge is built up with each further
cycle run. This then leads to the dilemma between exploration and exploitationShouldthe agent
continue to randomly select the actionin order to continue exploring new actions that may also
lead to success oshould it select the action based on its knowledge (exploiton) ?

In RL, it has become established to start with exploration and then slowly but continuously
move towards exploitation. For this purpose, a factor called Epsilon is introduced. Epsilon rep-
resents the probability of exploration. At the beginning of learning, epsilon is equal to 1, so the
action is chosen randomly.Then, its value is continuously reduced until it is almost 0. For
example, a value of 0.6 means that the action is chosen randomly with a probability of 60%r
decided based orthe existing knowledge with a probability of 40%.

However, the question is how muctepsilon should decrease after each cyclés with the discount
factor, experiments must be carried out to find out which kind of decrease leads to the best
result.

6.8.1.3 State

The current situation of the environment is passed on to the agent in the form of a state The
state corresponds to the observation referred to in sectior8.2.4 A state usually consists of a
collection of numerical values representing the situation in the environmentHowever, it is com-
pletely open how an observation is to be made from the current situation of the environment and
how a state is to be derived from it.

6.8.1.4 Knowledge

The agent learns and builds up knowledge, but how is this doneThe method used for this is
called Deep QLearning. This kind of learning is carried out with the help of a Neural Network,
which consists of several layersThe scheme of such a neural network is shown iffigure 33.
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Figure 33 DeepNeural Network
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The first layer is the input layer that corresponds to the state. The last layer is the output layer,

which contains a value as quality (Q) for each possible action. The action with the highesiQ-
value corresponds to the best action for thecurrent state in the input layer. A function has to

be specifiedwhich converts the state from the input layer into the qualities of the actions in the

output layer. The parameters of this function are optimized with each learning cycleTo achieve
a better result, any number of socalled hidden layers can be used antermediate layersbetween
the input layer and the output layer.

6.8.1.5 Library

For programming in connection with RL, it is recommended to use an existing software library.
For the research in the course of this thesisthe Python library PyTorch was used.PyTorch was
developed by a Facebook research team and can be used for building neural netwotiksmodel
the learning process.

6.8.2 Challenges

After the introduction to RL, the question arises how the theoryof RL can be appliedin order

to acquire the knowledge necessary to solve the fundamental problemf VRSP. This task is

related to different challenges.The field of machine learning and especially of RL is very novel
and little researched. So far, this approach is mainly used for various game$or demonstration

purposes In addition, there are many degrees of freedom irRL due to the different parameters
which significantly influence the learning successlherefore, it requires a lot of effort and exper-
iments to coordinate all componentsof RL to each other.

6.8.3 Multi -Agent Reinforcement Learning

As stated in the objective of the fundamentaltask, the cumulative travel time of all agents should
be minimal. Thus, the main focus is not on the actions of a single agent, but on thecooperation
of all agents. Ideally, the agents should take each other into account instead of concentrating on
themselves.

A first approach to achieve this is to extend the normal RL approachto Multi -Agent RL. For
this purpose the scheme is slightly adapted, as shown ifrigure 34. The current situation of the
environment is handed over to the agents in the form of goin state, consisting of separate patrtial
states for the individual agents. The next action is then selected for each agenand all actions
are transferred combinedto the environment as ajoint action. This results in a single reward
that judges the quality of all actions as a whole.

S
NN

Joint state

(51, 52, s3} Reward

Joint action
{al, a2, a3}

Figure 34: Multi -agent reinforcementlearning
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In the given context of the Flatland Environment, there are somedifficulties in realizing this
approach.The main issue is the variable number of agents. It is not known in advance how many
agents are present in a railway network.In order for the RL model to build up its knowledge, it
is important that the number of agents is always constantFor example, if a multi-agent RL
model is trained with five agents, it cannot be applied to ten agents afterwardsFor this reason,
the multi -agent RL approach is not pursued further and instead the focus is on the stadard
(single agenj RL approach

6.8.4 RL Approach

In the course of this thesis the focus is therefore on the standard RL approach with only one
learning agent.This approach is to be adapted to the circumstances of thé&latland Environment.
The following subsetions describe how the individual components are applied to the Flatland
Environment.

6.8.4.1 Reward

In the Flatland Environment, the agent should reachits target position as soon as possiblein
order to achieve this, the number of actions performeds to be minimized. For this purpose, a
negative rewardis returned with each action. Only if the agent arrives at its target position by
executing an action, a positive reward is returnedfor this action.

In order to determine the exact reward values that lead to the best learning progress, it is nec-
essary to experiment againFor the attempts in this thesis, the following values are used:If an
agent reachests target position with an action, the agent receivesa reward in the amount of the
maximum number of allowed time stepsof the environment In all other cases a negative reward

o
et

|
Figure 35 Railway network with simple loop

The effects of this specificationcan be demonstrated using the simple example railway network
in Figure 35. It is assumed that the railway network has a maximum of 10 allowed stepsThe
agent has speedl. and can therefore perform a maximum often actions before the simulation is
aborted. If the agent drives directly to its target position, three actions are used For the first
two actions, the agent receives a reward ofl and for the third action a reward of +10. In the
second case, thegent will moveinto a loop first. Thus, it first receives a reward of-1 six times
and then a reward of +10. In the third case, the agent passes the loopwice, which causes the
simulation to be aborted beforethe agent has reachedits target. In this case, the agent receives
a negative reward of-1 ten times and never a positive reward.Taken all the rewards together, it
results in a total reward of +8 in the first case, +4 in the second case and10 in the third case.

6.8.4.2 Actions

As stated in Section 3.2.3.3 there are five different actions for an agent.Accordingly, five values

are calculated with the help of a neural network, which are to indicate the quality of the respec-
tive actions. It is obvious that the choice between many actions is more difficult to make than

with fewer actions. Therefore, it is advisable to keepthe number of available actions as small as
possible.

One of the five possible actions is theDo Nothing action. This action differs from the other
actions as it does not give a direct movement instruction but is used to repeat the previous
action. However, instead of selecting theDo Nothing action, the previous action can be selected
again with equal effect. Therefore the action is redundant and will be omitted henceforth to
minimize the number of possibleactions.
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Furthermore, it is evident that not every action makes sense in every situationt-or example, an
agent cannot perform theMove Left action at all if there is no track connection to the left. In
the context of RL, such impossible actions are referred to agvalid actions. To optimize learning,
an agent is prevented from selecting an action that is invalid in the current state.

6.8.4.3 State

As in general in RL, there are many different possibilities how the state could look like in the
context of the Flatland Environment. In the course of this thesis two different approachesto
build the state are considered global observation and localobservation. These two approaches
are introduced and described inSection6.8.5and Section6.8.6

6.8.4.4 Knowledge

The learning is done with the help of a neural network, illustrated in Figure 36. The observed
state is used directly as input for the neural network and the output corresponds directly to the
gualities of the four allowed actions.The qualities are always calculated for all actions including
the invalid actions. The invalid actions are only ignored when searching for the action with the
maximum quality. This also applies if the agent selects an action at random.
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Figure 36. Neural Network with state and actions

6.8.5 Global Observation

As already mentioned, RL is currently mainly used for playing computer gamesThe most com-
monly used and therefore classical approach is simpl&he image of the screenof the gameis
used as the state of the environment.Based on this image, the agent should then learn, for
example, where it is currently located and what it shoulddo next.

6.8.5.1 Classic State

The state of the environment is thus given by an image. This image must be transformed into a
numerical state for the input layer of the neural network. Fortunately, images can be represented
using the RGB color space. RGB consists fothree channels for thecolorsred (R), green (G) and
blue (B). Every single pixel of the image is represented by the proportion of red, green and blue.

The entire image isstored in a three-dimensional array. The first dimension corresponds to the
three channels(RGB) and the other two dimensions are the height and width of the image in
pixels. As an example, an image with a height of 100 pixels and a width of 200 pixelsesults in
an array with the dimension (3, 100, 200).In total, this amounts to 60,000 individual values,
which are the input for the neural network.

6.8.5.2 Adapted State

This classical approach can also be used for the Flatland Environment. However, a first problem
already appears before the first step of the simulation: On the imageall agents are missing
because they have not yet entered the railway networkTherefore, the image aloneobviously
does not provideall the information needed.
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For this reason, newstructures are defined based orthe classicalidea. Instead of the individual
pixels, the individual cells in the grid of the railway network are considered In addition, the
classical channels (RGB) are replaced by new channel§he channels shouldrepresentdifferent
properties of the respective cellsdescribing the current situation of a cell. Thus, the resulting
array has the dimension(number of cell properties, height of the grid, width of the grid).

With the help of meaningful channels the current situation of a cell should be expressedn the
course ofthis thesis, 44 different channelshave beendefined for this approach.The channelscan
be divided into three groups. The first group includes the general properties of the corresponding
cell, as show in Table 30. This concerns the transitions that uniquely identify the type of cell.
Furthermore, it is recorded how many agents have the respective cell as stagosition or target
position.

Table 30: Channek and properties (cell)

Channel Property

The first 16 channels correspond to the transition bitmap of the
1-16 Transitions cell (seeSection 3.2.2.9. Each of the 16 possible transitions is
either allowed (1) or forbidden (0).

These four channels indicate how many agents have the cell dse

start position and have not yet entered the railway network. The
four channels correspond to the four cardinal points in which an
agent can be oriented at the start.

Number
17 - 20  of agents
before start

21 lalfu?beenrts This channel records how many agents have the cell abe target
with %arget position, excluding those that are already done.

As already mentioned, the state of an environment corresponds to the observation for a specific
agent. Therefore, it shoud also be recorded on which cell the respective agentis currently located.
The properties described inTable 31 are intended for this purpose.All important propertie s of
the agent are included. It is to be noted that these channels only hold the properties at thecell
where the observed agent is currently locatedAn exception is channel33, where the property is
only present at the target cell of the agent. For all other cells, thesechannels are empty.

Table 31: Channelsand properties (observed agenit

Channel  Property

22 Handle Identification number of the observed agent
23 Direction Orientation in which the observed agent iscurrently directed
24 Moving Indicator whether the observed agent is currently moving or not
25 Speed Speed of the observed agent
Position - .
26 fraction Pasition fraction of the observed agent
27 Malfunction Number of stepsuntil the malfunction of the observedagent ends
28 Nr malfunc- Number of malfunctions that have occurred on theobservedagent
tions so far
Biiene @ Minimum distance from the current cell to the target of the ob-
29 -32 et served agent divided into the four possible orientations (north,
9 east, south, west)
33 Target Indicator whether this cell is the target position of the observed

agent
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In addition to the observed agent, it is also necessary to know about allother agents in the
railway network. Therefore, the channels used for the observed agent are duplicatéd be used
for the other agents. If another agent is located on a cellin the railway network, the properties
of this agent are storedin the channelsfor this cell. For all cells that are not currently occupied
by an agent, thesechannels are empty.

Table 32 Channelsand properties (other agentg

Channel Property

34 Handle Identification number of the agent on the cell

35 Direction Orientation in which the agent on the cell is currently directed

36 Moving Indicator whether the agent on the cell is currently moving or not

37 Speed Speed of the agenibn the cell

38 Egi&oﬂn Position fraction of the agent on the cell

39 Malfunction Number of stepsuntil the malfunction of the agent on the cell ends

40 Nr malfunc- Number of malfunctions that have occurred on the agenton the
tions cell so far

Minimum distance from the current cell to the target of the agent
on the cell, divided into the four possible orientations (north, east,
south, west)

Distance to

S target

The two channel groups for the observed agent andhe other agents are almost identical. One
could even come upwith the idea to use only one single group instead. However, there is a
situation which could then no longer be representedAgent Al, which has not yet entered the
railway network, is to be observed. At the same time the agent A2 is located on the start cell of
Al. Both Al and A2 should then be expressed on the same celllhus, both separate channel
groups are required to represent both agents.

The number of channels per cell is constant 44ut the overall state must also have a constant
sizeto enable learning. Therefore, arailway network must always consist of the same number of
cells. According to the test cases inSection 6.2, the largest railway network has a height of 150
cells and a width of 150 cells. For this reason, an array with the dimension (44, 150, 150) is to
be used as state.For smaller railway networks, the missing spacds simply filled with empty
cells.

6.8.6 Local Observation

With the previous approach, the railway network as a whole is used as a state, not in the form
of an image but in a similar form. The resulting state consists of an array with 990000 single
values for a height and width of 150 cells A principle of RL states the larger the state, the more

difficult the learning. For this reason, an attempt is made to observe only a local area of the
railway network. The basis for such a local observation was provided in the library of the Flatland
Environment. Based onthis, the final local observation has beendevelopedin the course of this

thesis.

6.8.6.1 State Structure

An agent is located on a cell in a certain direction. To build a state for this observed agent, a
local observation is made for each possible next celhs described in3.2.2.3 there is a maximum
of two next cells on each cell and orientation.A state is thus composed of twolocal observations,
the first for the next cell more to the left and the second for the next cell more to the right. If
only one next cell exists, the secondocal observation is empty.Figure 37 contains some examples
in which either one or two local observations are made.
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Figure 37: Local observations

6.8.6.2 Observation Structure

A local observation is built in the form of a tree. First, the track is followed to a cell having two
next cells. Such a cell is henceforth called d&ork. The track sectionto this first fork corresponds
to the root node of the tree. The track section of the root node has various properties which can
be used in the observation. In Table 33, the properties that can be observed are listed and

explained.

Table 33: Properties of a track section

Property
Track distance

Target
(minimum total
distance)

Agents in same
direction

Agents in oppo-
site direction

Another agent
(distance)

Possible conflict
(distance)

Target
(distance)

Another target
(distance)

Another
interse ction
(distance)
Malfunction

Malfunction
(others)

Slowest speed

Agents before
start

Descript ion
The number of cells of this track section is considered.

The minimum distance from this track section to the target position of
the observed agenis considered.

The number of agents moving in the same direction on this track sectior
is considered.

The number of agents moving in theoppositedirection on this track sec-
tion is considered.

If there is another agent on this track section, the respectivedistance is
considered

The shortest path of all agents is assumed as their future route. If this
assumption would lead to a conflict on this track section, the respective
distance isconsidered.

If the target position of the observed agent is located on this track section,
the respective distance is considered

If the target position of another agent is located on this track section, the
respective distance is considered

If there is another intersection (except fork) on this track section, the
respectivedistance isconsidered.

If the observed agent has a malfunction, the remainingiumber of blocking
stepsis considered.

The maximum blocking duration of all agents on this track section is con-
sidered.

The slowest speed of all agents in thesame direction on this track section
is considered.

The number of agents not yet started with a start position on this track
section is considered.

After the properties for the root node have been collected, the tree can proceed onevel deeper.
At the end of each track section there is a fork and thus two child nodes.For these nodes the
properties can be calculated againThis can be continued to the desired tree depth.To build up
the observation, all nodes of the tree areconcatenated at the end.
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As an example,Figure 38 contains a part of a railway network with a single agent for which a
state is to be determined.From the agent's cell there is only one next celland thus the second
observation remains empty.The root node of the first observation covers a track sectiornto the
first fork. In the second level there are two child nodes up to the next fork.Each of these nodes
again hastwo child nodes due to the fork. This corresponds to an observation with a tree depth
of 2, whereby the sevennodes are concatenated to one observation.
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Figure 38 Tree observation (tree depth = 2)

6.8.6.3 Observation Extension

The observation described in the previous section is only one of many possibilitieShis obser-
vation can be extended with further properties. Another extension concerns the joining paths
which are currently not included in the observation.

Observation 1 (left)
---------------------.’

ation 2 (right)

Figure 39 Local observationignoring joining paths

As an example,Figure 39illustrates a part of a railway network. Observations are made for the
red agent in the upper left corner of which the target position is also marked.The track section
covered by observation2 is definitely shorter, but not necessarily the better choice. There are
seven agents which will join the track section of observation 2Slower agents ormalfunctioning
agents may cause delaysHowever, this risk cannot be detected by observation 2, beesse the
joining paths are not consideredTo improve the observation additional properties for the joining
paths can be included.For example, the number of joining agents or their lowest speed would be
of interest.
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6.8.7 Enhancement : Output Mapping

After the RL approach and two different observation types for the state arespecified some
improvements can be madeA first enhancemenbfthe RL approach achieves a further reduction
of the output size of the neural network.

So far, the output of the neural network hasdirectly correspondedo the different actions of the
agent. As mentioned, an agent must always decide between a maximum of two next cellgither
the agentchooses thenext cell that is more to the left from its point of view or the next cell that
is moreto the right. In addition, the agent still has the possibility to stop on its current cell.

Output: Actions:

A: Choice Left 1: Move Left

B: Choice Right 2: Move Forward

C: Stop 3: Move Right
m 4: Stop Moving

Figure 40 Neural Network with action mapping

With this background knowledge the output of the neural network can be adapted, as illustated
in Figure 40. The output no longer corresponds directly to the actions.Instead, the output now
expresses whether théeft track, the right track or a stop should be selectedThis choiceis then
mapped to the actual action depending on the cell type the agent is currently on.In total, there
are six different situations to distinguish between in mapping The corresponding situations and
their mappings are listed in Table 34.

Table 34: Action mapping

Current position A Choice Left B: Choice Right

i- %]1 1: Move Left - (invalid action) 4: Stop Moving
s k

E ﬁ % %Rl 2: Move Forward - (invalid action) 4: Stop Moving
III III iil

: ‘ 3: Move Right - (invalid action 4: Stop Movin
Jig W % g ( ) p Moving
@ 1: Move Left 2: Move Forward  4: Stop Moving

1: Move Left 3: Move Right 4: Stop Moving

@ 2: Move Forward 3: Move Right 4: Stop Moving
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6.8.8 Enhancement : Decisions only

The neural network receives the state as input and calculates the qualities as outpufThis cal-

culation needs a certain time, which should not be underestimatedAs this calculation is executed
repeatedly for each choice of the next action, the total calculation time adds up. Another en-

hancementof the RL approach aimsto use the neural network only for real decisions and thus
reducing the number of applicationsof the neural network.

6.8.8.1 Analysis
An analysis of the rail networks has revealed that there are basically only two situations in which
a real decision actually has to be taken If the agent is at a fork or before a join.

Combined decision
Decision 1 (at fork): Decision 2 (before join): (at fork & before join):
left/right? go/wait? left/right/wait?

i i i !!!!!!!!5!!!!!!! B
O

Figure 41: Real decisionsituations

The situations in which the agent must make a decision are illustrated inFigure 41 The first
situation occurs when the agent is directlyat a fork. A fork means that there are two possible
next cells from the current position and orientation of the agent. In this case it must be decided
whether the left or the right path should be followed. There is no point in waiting: If an other
agent is approachingin the opposite direction on one route, the other route must be chosen
anyway to avoid a deadlock.

The second decision occurs when the agent is on a cell directly before a joiA join refers to a
cell where another track path joins the current track of the agentin the same direction In this
case, the agent must decide whether to enter the join on the next cell or wait on the current cell.
If another agent is approaching in the same diredbn from the left side the agent before the join
must decidewhether to give right of way (wait) or take it (go). If another agent is approaching
in the opposite direction from the right side, the agent before thejoin must wait to avoid a
deadlock.

If the agent is directly at a fork and also before a join, there is a combined decisionFirst, the
agent must decideregarding to the fork (left/right) . If the agent has chosen the right side,it
must then additionally decide whether to really move to the next cell or to wait.

In all other situations, there is only one next cell for the agent and therefore ndDecision 1 (left/
right). In addition, moving to this next cell cannot lead to a deadlock inthese situations.Thus,
it makes no sense to \ait and Decision 2 (go/wait) is omitted as well. For the sake of complete-
ness,Figure 42 illustrates some of these situations which do not require a reatlecision.

Figure 42 Other situations without real decision
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6.8.8.2 Realization

With this background knowledge the RL approach can be optimized as followsWhen the agent
has to determine its next action, it is first checked whetherthe agentis currently in a situation

with a real decision. Only if this is the case, the action is selectedusing the neural network. If
not, the agent simply selectsthe action which leads to the only possible next cell.

This change also requires a changaithe reward. With the previously defined rewards the agent
would learn to make as few decisions as possible to readts target position. However, the path
with the fewest real decisions is not necessarily the shortest pathThe decisive factor is the
number of cells between the real decisionsl herefore, he rewards are adjusted as follows:If a
decision is made that causes the agent to reach its target position before the next decision, the
maximum number of allowed steps is still returned. For all ot her decisions, the negated number
of cells of the path to the previous decision is returned aghe reward.

6.8.8.3 Advantages

This approach has several advantagesThe number of applications of the neural network is
reduced.This not only saves time in learning, but also leads to more specific learningWith the
previous approach, the agent must also learn to drive straight ahead if it can only drive straight
ahead.With the optimized approach, the agent no longermust learn such trivial tasks, but can
focuson the real decisions.

6.8.9 Enhancement : Deadlock Avoidance

As explained in Section 3.3, deadlocks are a very serious problem in railway networksvhen
multiple agents are a the move. With the current RL approach, no measures are taken to detect
deadlocks early and prevent themInstead, this task is completely left to RL: The agent should
learn what action would cause a deadlock andhen treat it as an invalid action.

Howe\er, it is not a trivial task to detect whether an action will cause a deadlock in the future
or not. Under certain circumstances, a bad action can lead to a situation that inevitably results
in a deadlock, but only after many time steps. Therefore, a posdile simplification of the RL
approach is to take over theavoidanceof deadlocksin order to ensure that no deadlocks occur
using a RL-independent algorithm.

6.8.9.1 Literature Research

In order to check whether such approaches in connection with railway networksre already
known in the literature, a literature research was carried out.Inevitably, the two railway deadlock
detection methods Movement Consequence Analysis (MCA)xnd Dynamic Route Reservation
(DRR) are encountered, whichwere developedby (Pachl, 2007) However, MCA presupposes
that the routes of all trains are definitively fixed in advance and cannot be changedThis method
is therefore not suitable for the present problem And also with DRR, the environment is simpli-
fied in such a manner that the method cannot easily be extended to the FlatlandeEnvironment.

In fact, deadlock detection is an NRhard problem as provenby (Gawrilow, Klimm, M 6hring, &
Stenzel, 2012) This means that no complete algorithm has yet been found that can determine
with absolute correctness in polynomial time whethera situation leads to a deadlock or not.
Nevertheless, different approaches have been investigated and are discussed in thefelhg sub-
sections.

6.8.9.2 Detection by MAPF Algorithms

An algorithm is to be provided which determines whether or not an action would lead to a
deadlock There is an intuitive solution approach to this: One assumes that the action to be
checked has already beengrformed and then checks whether there is a solution for this situation
using acompleteMAPF algorithm. If there is a solution, the checked action is valid and otherwise
invalid.

Unfortunately, all considered complete MAPF algorithms are optimal and therdore not feasible
in polynomial runtime. Since the deadlock check is performed for all eligible actions each time
the next action is selected, the use of a complete algorithm is not applicable in reasonable time.
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Instead of a complete MAPF algorithm, a suloptimal MAPF algorithm could also be used for
deadlock detection.However, the considered suboptimal algorithms are incomplete. This means
that there are situations in which the algorithm does not find a solution, although there would
be one.Thus, itis p ossible that a situation is recognized as a deadloc&ven thoughit is actually
not a deadlock at all. But if a situation really leads to a deadlock, this is certainly detected.

6.8.9.3 Detection by Intersection Analysis
As an alternative approach for deadlock detection, the current traffic situation of all railway
intersections can be analyzedThe respective algorithmis designed and implemented as follows

First, it is assumed that the action under review has already been executedThen, the next
upcoming intersection is analyzed.The different traffic situations for a simple or symmetrical
switch are shown in Figure 43. In situations 1 - 3, the agent is the only one approaching the
intersection from any side If a second agent wouldenter from another direction, the situation
could still be resolved without deadlock.The situation is different if two agents are approaching
the intersection from two different directions. In situation 4, the track on the right is still free.
However, it is evident that agent 3 must headright to avoid a deadlockwith agent 1. Thus, the
arrival of agent 3 is propagated to the next upcoming intersection, as marked with an arrow.
Situation 5 is the mirrored version of situation 4 and therefore equivalent in the procedure.In
situation 6, one agent comes from each of the two join entrancedt is evident that first both
agents must leave downwards before another agent can even entigom below. Although the
order of the two agents is not known, the arrival of both agents is propagated to the next inter-
section.

Situation 1 Situation 2 Situation 3

IHI@IIII[II laml 1

T T
g !

Situation 4 Situation 5 Situation 6

Figure 43 Intersection analysis (simple/ symmetrical switch)

If the arrival of one or more agents is propagated to the next intersection, this intersection is
analyzed next. If the propagatedsituation results in a deadlock, the action to be checked is an
invalid action. If again an arrival needs to be propagated toa next intersection, the procedure

continues in the same way.Only if no more propagation is required, the situation is detected as
deadlockfree.

Of course, this procedure is not only possible for simpland symmetrical switches, but also for
single and double slipswitches.Figure 44 shows all situationson these switchesn which propa-

gation to the next intersection is required. In all other situations, there are only two agents and
a potential third agent from any direction could still pass the intersection without deadlock.In

the situations in the first line containing a single slip switch,it is evident which agentsare to be

propagated in the remaining direction.
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In the situations in the second line containing a double slip switch it is evident that at least one
agent must head in the remaining direction.However, it is not yet known which agent is con-
cerned.Thereforg a placeholder is propagated.
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Figure 44 Intersection analysis @ngle/double dlip switch)

With the help of the propagating intersection analysis described above, a major part of the
situations leading to a deadlock can bedetected If a situation is detected as deadlockit is
certainly a deadlock.However, there are some deadlock situations, especially caused by tailbacks,
which cannot be detected. Thus, it is possible that an action is recognized as valid although it
causes a deadlock.

6.8.9.4 Detection by Complete Path Reservation

Another approach for deadlock detection relies not on existing MAPF algorithms but on an
existing VRSP algorithm, namely on Complete Path Reservation(CPR) described inSection 6.7.

The procedure is quite simple:To check whether an action leads to a deadlock, it is tried to find
a non-reserved path from the corresponding nextell to the target position. If this is successful,
the action certainly does not lead to a deadlock.If not, the action is assumed to lead to a
deadlock.

This approach is designed to beobust and safe Thus, it is possible that a situation is recognized
as a deadlockalthough it is actually not a deadlock at all. But if a situation really leads to a
deadlock, this iscertainly detected.

6.8.9.5 Conclusion

In the previous sections, different approaches for deadlock detection are describedhich com-

pletely take over deadlock detection or simplify the learning of deadlock situations for the RL
approach. Deadlock detection by acomplete MAPF algorithm would detect the presence or

absence of a deadlock completely correctiHowever, it is not reasonable to use this approach
due to the non-polynomial runtime.

If an incomplete MAPF algorithm is used instead, all deadlocks will bedetectedand some addi-
tional deadlockfree situations will be falsely recognized as deadlock§.he same applies to dead-
lock detection by CPR. Furthermore, deadlock detection by intersection analysis can also be
used.However, some deadlock situations are not detected as deadlock with this approachhese
situations still have to be learned by RL.
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6.8.10 Enhancement : State Partitioning

A further enhancementoption is related to the state as a local observation.As described in
Section 6.8.6 there are two local observéons, one for the next cell moreto the left and one for
the next cell more to the right. These two observations are then sequentially strung together as
the state of the environment. In Figure 45, two railway networks are shown, whereby the two
local observations are marked for the red agentAt first glance, the two rail networks may appear
to be different, but in principle they are simply mirrored. Observation 1 on the lefthand railway
network corresponds toobservation 2 on the right-hand railway network. This can also be seen
in the state where both observations are interchanged.

State: Observation 1 {left) Observation 2 (right) State: Observation 1 (left) Observation 2 (right)

Figure 45 Local observatons on mirrored railway networks

If an agent is in the left situation, it learns whether it should go left or straight ahead. But this
depends exactly onthe correspondingstate. The agent does not learn that it should simply take
the mirrored action for a mirrored state. This circumstance can be improvedor the RL approach.

In the current RL approach, the two observationsare concatenated into a onedimensional array,
as shown inFigure 46. This state is then passed as input to the neural network. However, the
neural network receives an array of values and does not know that the first half and the second
half of the state actually have the same structure and represent two different observationsl here-
fore, the neural network must calculate the qualities of the actions from thewhole concatenated
array.

As an improvement, the two observations are instead combined into a twalimensional array.
Now, the neural network can first be applied to observation 1, from which the quality for the
decision to the left is calculated. Then, the neural network is applied to observation 2 to also
calculate the quality for decision to the right. This reduces both the size of the input and the
size of the output of the neural network. At the same time, the neural network only calculates
the quality of the action directly related to the corresponding observation and notthe qualities
of several actions based omoth observations.

State (concatenated): [ Observation 1 (left) [l Observation 2 (right) ]

State (partitioned): [[ Observation 1 (left) ],
[ Observation 2 (right) ]]

Figure 46: State partitioning
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6.9 Probabilistic Programming

In addition to the approaches considered so far, the sgcalled Probabilistic Programming is a
potential approach to solve the VRSP problemas well. As the name implies, this approach is all
based on probabilities.In this context, a statistical model is to be specified for a concrete problem.

Applied to the Flatland Environment, the environment is expressed in terms of probabilitis, for
example for the next action to be taken or the occurrence of malfunctionsAs with RL, this

probability model providesthe knowledgeof an agentthat is subsequently applied to the current
situation to select the next action. The difference betweenprobabilistic programming and RL
concerns the way this knowledge is built up While knowledge is learned by trial and error in
RL, it is specified by probabilities in this approach.

Since the two approaches have great similaritiest was decided after a brief assessment not to
pursue this approach any further.Instead, the focus will be put more onreinforcement learning.

6.10 Conclusion

At the end of Round 2 of the Flatland Challenge the following conclusion can be drawn The
fundamental problem of this final round is known as Vehicle Rescheduling Problem (VRSP)
There are existing approaches tasolve this problem. However, there are also novel approaches,
especiallyreinforcementlearning, which can be applied to the problem. It is necessary to check
to what extent the novel approaches can compete with existing approachas whether they even
produce better results.The corresponding results are discussed iBection?7.

The collection of approaches described in this section does not claim to be completé€here are
other approachedor VRSP, which are not discussed in this report.
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7 Results

Many different approaches to the two fundamental problemsMAPF and VRSP are described
and discussedn the previous sections.In the course of this thesis, all approachesvere imple-
mented and evaluated using the corresponding test cases of the Flahd Challenge.This section
describes how the evaluation of the different approaches was carried out and reviews their results.

7.1 Hardware Specificatio ns

All approachesweretested on the same workstation The corresponding hardware specifications
are provided in Table 35. It is a reasonably powerful computer and sufficient for evaluation in
this context. However, there are much more higkperformance computerghat would give a no-
ticeable performance increasen particular, more powerful graphics options are recommended
for the computing-intensive learning process in RL.

Table 35: Technical specifications

Workstation DELL Precision 3630 Tower CTO BASE

Processor Options Intel i7-8700K, 6 Core, 12MB Cache, 3.7GHz, 4.7Ghz Turbo
Memory Options 32GB DDR4-UDIMM (2 x 16GB), 2.666MHz, Non-ECC

Storage Options M.2 PCle NVMe SSD, 256GB
3.5" SATA, 1TB, 7200 RPM

Graphics Options NVIDIA GeForce GTX 1060, 6GB, 3 DP, HDMI, DVI -D

7.2 Railway Network Encoding

All consideredencoding for a railway network were implemented. Finally, the representation in
form of a cell orientation graph (see Sectiord.1.2 was used consistently for the evaluation of the
approachesThus, all approacheshad the same basic conditions.

7.3 Multi -Agent Path Finding (MAPF)

The first fundamental problem concerns the inital search of conflictfree paths for all involved
agents.In the following subsections, the different MAPF algorithms are reviewed and evaluated.

7.3.1 Linear Programming (LP)

In linear programming, a test caseis formulated as a mathematical optimization model This
optimization problem is then processed using existingP solvers to find an optimal solution. For
the model formulation, the two different Python libraries mip and PuLP were usedBoth libraries
usea solver calledCoin-or branch and cut (CBC) to solve the model.

The test cases given in Round 1 of the Flatland Challenge (se&ection 5.2) were solved using
both libraries. In Table 36, the runtimes (in second$ of the two libraries for the different test
cases are comparedt becomes evident that simple test cases can be solved with LPBut when
the railway network becomes more complex and the number of agents increases, this approach
quickly reaches its limits. After 10 minutes of calculation time, the process was aborted which
results in a timeout. This has already happened in test cas&.0 with five agents and ove 60
track cells.
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