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Abstract
We attempt to improve the throughput of graph-based multi-agent AGV system by
solving the issue of common goal conflicts. The conflicts are solved by by assigning
queue positions based on statistical properties of the graph. These properties in-
clude commonly used paths, as well as common fetch and drop locations for orders.
These assignments allow agents, which would otherwise remain stationary due to the
MAPP algorithm’s inability to find a path to occupied goals, to instead be directed
to a suitable intermediate position until the goal becomes available.
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1
Introduction

In the late 18th century, the first industrial revolution changed the world forever with
mechanization. A hundred years later, the second industrial revolution brought mass
production. During the 20th century, the third industrial revolution was brought
about by electronics and information technology, starting an automation of industry
that is still going on today. And finally, the latest developments in IT and commu-
nication is bringing the fourth industrial revolution, Industry 4.0, with concepts like
Smart Factories, Cloud Computing and the Internet of Things. [1]

The same developments that allow this fourth revolution – connectivity and com-
putational power – are of course also allowing automation on an ever-increasing scale.
Automation enables companies to increase efficiency and safety [2] through reduced
workforce. One of the sectors where automation is currently having a significant
impact is logistics, particularly in warehouses and factories [3].

Automation and increasing efficiency is at the heart of this thesis. In this intro-
duction we will give some background on the problem we are faced with, state the
aim of our work and make a problem specification of how we plan to achieve that
aim.

1.1 Background
The thesis was suggested by Kollmorgen Automation AB. Kollmorgen is a company
that produce software for Automated Guided Vehicles (AGVs). Their system con-
sists of a number of AGVs that travel on a graph-based layout. The AGVs are
guided by a central controller assigning orders and performing path planning.

The most common solutions to multi-agent path planning problems assumes that
every agent is assigned a unique goal [4]. For Kollmorgen it is common for two or
more agents to acquire the same goal, which may cause problems. Currently, the
system makes no special considerations for this, and allows all vehicles to proceed
towards their intended goal. Once one of the vehicles enters the goal stations, all
other vehicles en route will simply stop at their current position. The situation is
no longer solvable as all solutions must include the goal as the final position and the
goal is occupied.

An agent just stopping anywhere can cause several issues. Vehicles stopping in
highly trafficked locations might obstruct other vehicles. Now either the vehicle
obstructing needs to move or the vehicle being obstructed needs to take a detour,
both cases resulting in unnecessary wear and tear on the vehicles. Another example
is, if two vehicles are following each other closely and the second vehicle stops just
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1. Introduction

behind the vehicle that has entered the station. The first vehicle is now blocked in
and the second vehicle needs to move out of the way, possibly resulting in significant
extra movement.

Some different solutions to this have been proposed. One is to let an engineer
manually assign static queue positions. This has significant drawbacks in that one
queue position may not be suitable for every situation, and it takes a long time
to perform the simulations needed to verify whether the queue position works as
intended. Our supervisor has implemented another solution that allows a vehicle to
proceed towards its target as far as is possible without preventing another vehicle
from exiting said target, but it has not yet been thoroughly tested. It also does not
take into consideration some of the other issues previously described, and thus may
still cause issue.

1.2 Finding a queue position
The aim of this thesis is to improve the performance of the company’s system by
assigning suitable queue positions to vehicles trying to reach unavailable goals. The
desired result is thus increasing throughput of the system, i.e. more orders completed
in the same time span.

To reach this we must first identify what constitutes as a suitable position for a
vehicle to queue while it waits for a target destination to become available. Based on
this definition on what constitutes as a good queue position, we can then construct
methods for identifying these positions.

These methods can then be implemented in the system. Ideally, they should be
able to run in real time, dynamically identifying suitable queue positions as needed.
Should these calculations prove too costly, however, it would be acceptable to use
the solution offline as decision support for engineers manually setting static queue
positions.

1.3 Delimitations
Firstly, we are not necessarily looking to find an optimal solution for any given
case. We are looking to find solutions that are better than nothing, at as low
computational cost as possible. Optimal solutions tend to be costly in terms of
computational power, and in the experience of the company and our supervisor the
trade-off is rarely worth it. We will focus on speed in our solution, since it will be
working within an existing algorithm and with a very limited allotted time.

Secondly, we start by focusing on smaller systems, and gradually look at larger
systems as the solution progressed. Starting with smaller example systems from
clients with just 2 or 3 AGVs allowed us to verify the tractability of our solution in
real time, and make optimizations as needed.

Lastly, we have only tested our solution with Kollmorgen’s graph-based layouts.
In theory, the method could be applied to any graph-based layout with similar
features, but since we do not have any such systems available outside of Kollmorgen’s
own, we will limit ourselves to those.
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1. Introduction

1.4 Specification of the problem
As described previously, there are essentially three different steps to this work:

• Designing the model: in order to identify suitable queue positions, we must
define what a suitable queue position is. In order to do this, we need a state
representation of the system.

• Methods: once we have a state representation and a definition of our desired
state, we can construct methods for evaluation positions in the graph based
on these criteria.

• Implementation: the concrete implementation of the solution to work with the
companies system.

Once an appropriate model has been specified, suitable algorithms can be evaluated
and adapted to our specific problem. Once this is done, the concrete implementation
can be constructed and tested to evaluate the result.

3
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2
Theory

Here we will present the tools needed to motivate and understand our solution.
These tools will primarily consist of graph theory, which is used to describe and
evaluate the layouts in which the AGVs operate, as well as path planning, which are
the algorithms used to calculate the movement of the AGVs in these layouts. First,
however, we will present some previous works and define what we are looking for in
a good solution to our problem.

2.1 Previous work
One of the central problems of multi-agent path planning is in avoiding collisions,
due to the fact that agents are not allowed to occupy the same space at the same
time. This is what separates it from simply planning the paths of several agents
independently of each other. Sharon [5] present a conflict-based search method
to solve this problem. Their solution, however, assumes two things: that goals
are unique and that agents no longer need to be taken into account once they
reach their goal. Banerjee [6] propose an algorithm that solves the problem of
goal persistence, i.e., the case where agents persist after reaching their goal, thus
potentially preventing another agent from reaching their destination. However, it
still fails to consider the case of multiple vehicles sharing a common goal. Similarly,
Yu [7] assumes that no agents will share a common goal.

Some works concern the specific problem of goal conflicts, although none of them
have been applicable to this solution. Tavakoli [8], for instance, treat a similar
problem, but like Sharon [5] assume an agent to be removed from the system upon
reaching its goal. Unfortunately, agents in our system must be assumed to be
persistent, making this solution invalid. Another example by Khaluf [9] relies on
switching orders between agents to avoid conflicts altogether. In our case, however,
the conflicts often arise due to the fact that a number of agents are transporting
their load to a few, or even a single particular station that is unique in the system,
thus making it impossible to change their destination.

Instead, we will attempt to build a system where an agent that has a goal that
is–or will be–occupied by a different agent relies on finding a suitable position in
the system to wait for its target to become available. We were unable to find any
previous works with similar solutions.

However, before we can start thinking about how to find a suitable queue position
in the system, we need to define what makes a position suitable for queuing.
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2. Theory

2.2 Defining a good queue position
As mentioned previously, the goal of this work is to improve the throughput of
a system. Since vehicles will need to wait somewhere for their target to become
available, we need to figure out where they cause the least amount of delays by
doing so.

So, what causes delays in the system? First, we have the time it takes for a
vehicle to reach its goal position. Since the vehicle will only start moving once the
goal position becomes available, the further away from the goal position it is when
it starts moving, the longer it will take for it to reach the position. Thus, a good
queue position will likely be reasonably close to the target position.

But what if there are two possible queue locations, where one is slightly closer to
the target, but it will take the vehicle twice the time to reach the queue position?
This will have two drawbacks: First, if the goal becomes available while the vehicle is
en route, then the extra travel time to the queue position will be time lost. Second,
moving more then necessary will cause unwarranted wear and tear on the vehicle.
Thus, a good queue position will be along or reasonably close to the shortest path
between the starting position and the goal position.

Furthermore, if another vehicle needs to move past a position, that could cause
problems. Either the other vehicle would have to take another route, which could
possibly be significantly longer, or the queuing vehicle would have to move out of the
way. Both are undesirable for the same reasons as above–they could cause delays
and extra wear and tear.

Similarly, we need to make sure that the queue position allows the vehicle occu-
pying the goal position to actually leave. Otherwise, we would at best need to move
as in the previous case, and at worst cause a deadlock.

So, to summarize the criteria for a good queue position:
• Vicinity - When the target is once again available it is good if the queuer is in

the near vicinity of the target. This minimizes the lost time that the desired
target is not occupied and therefore streamlines the vehicle switch.

• Not a Detour - A good queue position is a position that does not require
substantial extra movement to reach.

• Not Obstructing - We want the queuer to not obstruct the path of other
vehicles in such a way that causes the entire system to be delayed.

• Not blocking - As a opposite force of the vicinity demand, this means that we
should not be so close to the target that we block it from exiting either.

Now, once this is settled, we can start to take a look at the tools we will need to
figure out what positions will fulfill these criteria.

2.3 Graph theory
A graph or network is a structure which consists of points–commonly referred to as
nodes or vertices–and edges connecting these vertices. The field of graph theory be-
gan in the 18th century with Leonhard Euler and the “Seven bridges of Königsberg”
[10], where Euler invented what would become graph theory in order to prove that
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2. Theory

the problem was unsolvable.
In essence, graph theory offers ways of analysing systems which can be described

as stationary points (vertices) and means of moving between these (edges). This
makes it very useful in describing path finding problems, and many of the most
famous algorithms for solving these, such as Dijkstra’s algorithm, have been formu-
lated using it.

In this particular case, the layouts are represented by a type of graph, and use
some different names for their componants. Vertices, here called points, are placed
at appropriate points throughout a drawing of the space to be made into a layout.
Then edges, referred to as segments, are drawn between them. At certain points
there are stations, where vehicles can stop and perform operations. Along segments
they can travel in a certain direction at a certain speed.

2.3.1 Directed and undirected graphs
Until this point, there has been an assumption that if there is an edge between two
vertices, it can be traversed in any direction. Such graphs are known as undirected
graphs. For an example, see Figure 2.1a. For many problems, it becomes beneficial
to instead view graphs as directed. These graphs are known as directed graphs, or
digraphs. See Figure 2.1b for an example. This means that a connection from vertex
A to vertex B in a graph only allows travel in that direction, while moving from B
to A requires an additional connection.

(a) An undirected graph. All edges are
symmetrical.

(b) A directed graph. The top and left
edges have a single direction, while the
right edge is bidirectional.

Figure 2.1: Different types of edges in a graph.

Directed graphs allows for the modeling where travel in both directions is not
necessarily possible, like for instance traffic. This distinction has consequences in
some of the key aspects of this work, specifically Network Flow and Path Planning.
Before we get in to that, we should probably explain more precisely what a path
means in this context.
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2. Theory

2.3.2 Paths in graphs

As mentioned above, the edges of a graph and whether they are directed or not,
dictates how movement is allowed between different vertices. Stringing multiple
such movement together in order to move between vertices that may not be directly
connected is what will be referred to as a path.

A path is in our case defined as a set of vertices that begin with our starting
vertex and end with our goal vertex. The set must be connected in such a way that
it is possible to travel on directed edges from one vertex to the next until the last
vertex is reached.

Definition 2.1. A path P consists of a sequence of vertices that are connected by
edges such that is is possible to travel from vertex to vertex sequentially.

If there exists at least one path between every two points in an undirected graph,
the entire graph is said to be connected. Likewise, a directed graph is connected if
there exists a path between every pair of vertices; however, that path only needs to
exist in one direction. If a directed path exists between every pair of vertices A and
B, both from A to B and from B to A, then that graph is called strongly connected.
The book Network flows Theory by Ahuja, Magnanti and Orlin [11] explains these
and more definitions on graphs.

Finding such paths in a graph is a field of its own, which we will dive deeper into
in Section 2.4. For now, we will settle for making a few definitions. When finding
paths, one is usually interested in finding the shortest possible path. Generally,
given a cost for traversing edges in a system, this would mean finding a path such
that this cost is minimized. In the case where all such costs are equal, that would
simply mean finding the path traversing the least number of edges. In this case, the
cost of an edge will be given by the time it takes for a vehicle to travel that edge,
plus a constant weight that is defined by the operator of the system. We will refer
to the cheapest paths between two vertices as optimal paths.

Definition 2.2. A path is optimal if it is impossible to find a path of lower cost
between a given start and goal position in a given graph.

In addition to this, we will sometimes be interested in finding paths that are not
necessarily–or even specifically not–optimal. These will be referred to as suboptimal
paths.

We are further interested in looking at minimizing both total travel time and
distance traveled. In this regard it might be useful, or even necessary, to take paths
which are not optimal. It may still be desirable to make sure that we are not retrac-
ing our steps. In other words we want a path in which no point is repeated. Such
paths are referred to as simple.

Definition 2.3. A path is simple if no points appear in the sequence more than
once.

8



2. Theory

2.3.3 Betweenness Centrality
Something that has been central to this thesis has been betweenness centrality [12].
This is the measure of how central a given vertex (or in some cases, edge) is to a
network. This is measured by calculating the optimal path between every pair of
vertices in the network, and counting how many paths pass through each vertex. The
more paths that run through a given vertex, the more central it is to the network.

In our thesis, we will be using a slightly modified version of this measure. Instead
of counting the paths between every pair of vertices, we will choose certain vertices
of interest. This will be explained in detail in Section 3.2.1.

2.4 Path planning

A central problem in both graph theory and other fields where moving agents are
studied is the problem of pathfinding - finding the shortest path between two points.
The most famous algorithm for solving this problem is likely Dijkstra’s algorithm
[13]. While we have not implemented this algorithm ourselves, it has been used
extensively in the work, and since it might be interesting in discussing our results,
we will describe it below.

2.4.1 Dijkstra’s algorithm
Dijkstra’s algorithm [13] is a method for finding the shortest path between two
points in a graph. It works by dividing all vertices and edges into three categories
each. Vertices are divided into categories A, B, and C, where A is the vertices for
which the shortest distance from the starting point is known, B is the vertices which
are adjacent to A, and C are the rest of the vertices. The edges are divided into
categories I, II and III, where I is the edges from the starting point to all vertices
in set A, II is the edges which represent the shortest path from each vertex in set B
to a vertex in set A, and III is the rest of the edges.

The algorithms starts by placing the starting vertex in set A. It then works in two
repeating steps. The first of these steps is to take the vertex most recently moved
to set A, and examine all edges connecting in to vertices in set B and C. If a vertex
is in set B, check if the edge provides a shorter path than those already known to
that vertex. If it is, it replaces the previous edge to that vertex in set II. If a vertex
is in set C, it is added to set B and the edge is added to set II.

The second step is to look at the vertices in set B. The one with the shortest path
to the starting point, found by combining it’s corresponding edge in set II with the
edges in set I, is moved to set A, and the edge is moved to set I.

Steps 1 and 2 are repeated until the goal vertex is moved to set A, meaning that
the shortest path to the goal vertex has been found.

It is worth noting that in the implementation of this algorithm we have used, the
cost of a path is given by its weight. This weight is defined by taking the travel time
of a segment, and letting the operator manually add a weight to this, in order to
“discourage” the system form using certain paths.
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2.4.2 Multi-agent path planning
In the last few decades, problems where it has be necessary to plan the paths of
several vehicles in one system have become increasingly common, in everything from
video games [6] to AGV systems [14, 15]. Naively, one could think that in order
to plan the paths of several vehicles, you could simply use the traditional path
planning algorithms presented in the previous chapter for each of the vehicles. In
reality, however, this is rarely possible due to the constraints which often arise.
Conditions such as vehicles not disappearing once they reach their target, and not
being able to move through or even past each other, result in the problem being
NP-complete [15, 7], meaning an optimal solution cannot be found in polynomial
time. Fortunately, several methods for finding solutions that are “good enough”
have been constructed, such as the MAPP algorithm by Wang [4].

Papers such as [5] and [7] try to optimize the path finding while still preserving the
optimality. The author of [5] presents a conflict-based search which is a two layered
algorithm. At the high level a conflict-tree is constructed with constraints on the
lower level of the algorithm. The lower level of the algorithm performs individual
searches for the agents within the bounds of the constraints set by the higher level
of the algorithm. A continuation of the conflict-based search is also presented in
[5] which introduces meta-agents. Meta-agents are groups of agents which share a
conflict and needs to be solved together as another MAPP problem.

Unfortunately, it is impossible to find an unobstructed path to a position that is
itself obstructed, and that is where our work will come in. In short, it will attempt
to intercept these situations, and direct vehicles with goals that are obstructed by
other vehicles to suitable intermediate goals, allowing the MAPP algorithm to work
without interruption.
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In order to choose a suitable queue position, we use several methods to evaluate
the various points in the layout. In order to determine the fitness of a point as
queue position, we will calculate the time loss for occupying said point. This will be
done by calculating how much longer it would take to reach the target, as opposed
to using the optimal path; an expected time loss based on the likelihood that the
vehicle will have to move from the position and the time it would take to move; and
finally, how long it will take to move from the queue position to the target position.
Before diving in to the details of how this is accomplished, we will give a quick
overview.

3.1 Overview
As we are working with a company and integrating our solution in their system we
had some requirements we had to build our solution around. First and foremost,
the MAPP algorithm for the entire system will be run every few seconds, leaving
relatively small margins for additional calculations. Our algorithm will only have
a few hundred milliseconds to work and computational efficiency is a top priority.
Therefore, having information pre-calculated and available for simple look-up is
desirable. While some information is available to be calculated this way as the
system is initialized, some crucial information will require knowing the state of the
system at the time of calculation. Thus, we will start by dividing the solution into
two parts.

In the first part of the solutions we calculate information that does not depend
on the current state of the system. This is performed at system initialization which
allows for more exhaustive and time consuming calculations. Analyzing the graph
and finding choke points is done in this part of the solution. Information about the
flow of orders between stations in the system are used to calculate the the flow and
the average traffic of all points. For each station in the system, what other points are
used when planning paths from that station to other stations is also calculated and
is further explained in section 3.2.2. The first part of the solution will be referred
to as the static evaluation.

The second part of the solution consists of taking into account the current state
of the system to calculate useful information. This means looking at where the
vehicle in question is currently located and where it is going, as well as what the
other vehicles in the system are doing. We call this part of the solution the dynamic
evaluation. The dynamic evaluation is performed every time the MAPP algorithm
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searches for paths and finds that two vehicles have a common target. The fact that
it is performed along with every iteration means that it needs to be light-weight in
terms of computational demands in order to not negatively impact the performance
of the system as a whole.

3.1.1 Defining a penalty function
After we have analyzed both the static and dynamic information about the system
we need a measure to compare the different potential queue positions. As we stated
in the introduction we are not looking for a optimal queue position. Without this
demand and instead focusing on fast calculations we decided to shift our point of
view. To reach our goal of finding the best queue position we are going to focus on
penalizing positions which does not meet our definition of a good queue position.
The position with the least penalty will be our “good enough solution”. Since it
is throughput we are interested in maximizing, we decided to give each position a
penalty that represents the time lost queuing at that position. This is a estimation
of lost time and in many cases a overestimation when we are missing data to decide
the time loss more precisely. The penalty function is shown in equation (3.1).

Ttot = Tgen + Tspec + Tother + Tdetour + Tq (3.1)
Equation (3.1) has the following variables:

Tgen =General flow penalty (Section 3.2.1),
Tspec =Station specific, exit path penalty (Section 3.2.2),
Tother =Other planned paths penalty (Section 3.3.2),
Tdetour =Detour penalty (Section 3.3.3),

Tq =Time from queue position to target (Section 3.3.4).

3.2 Static evaluation
The static part of the evaluation consists of a statistical analysis of an order list
representing distribution and frequency of orders in the system during maximal
load1. The analysis of the order list is used to approximate the likelihood of a
vertex in the graph being passed by a vehicles at any given time, based on a version
of the centrality discussed in Section 2.3.3. The likelihood is then converted to an
expected loss of time for the queuing vehicle based on the probability of it having
to move from its position and the time lost by doing so.

3.2.1 Statistical path usage
At system initialization some basic metrics of the layout can be evaluated. The
layout in conjunction with the order list is used to calculate the probability that a

1The initial idea for the static evaluation was to simply calculate paths from every station in
the system to every other station in the system. After initial tests, this proved unsatisfactory. The
initial idea used an incorrect assumption of a uniform distribution of travel between stations.

12



3. Method

Figure 3.1: An example of a exit path in a layout. If a vehicle is at the marked
station it always needs to traverse the exit path to leave the station.

vehicle will pass a certain point at any given time. This can then be converted to
concrete expected values of lost time using some additional estimates.

So, how does this work? First of all, all paths for the order list are calculated.
For each order in the order list, a path is calculated from the fetch point to the drop
point. To account for the movement between drop points and fetch points, a path is
calculated between the drop point and the fetch points of the last few orders. Then,
for each point in the system, a count is done of how many of the paths block it.
It should be noted that the count of the paths from the drop points to the fetch
points is divided by how many fetch points it plans paths to. These counts are then
used to calculate what fraction of all paths will block a certain point. Once this
probability of a road being used has been calculated, the expected value of time lost
can be calculated using some more approximations.

At this point it should be noted that some systems are designed with dedicated
entrances and exits to their stations, while others are not. The solution described
above works fine for systems that do not differentiate between entrances and exits
for stations, but it may present a problem for those that do. Presumably, for every
vehicle that enters a station, one will also exit. This would mean that the system
penalizes queuing by exits as much as it does queuing by entrances. In this case, a
bias towards queuing by the entrance while leaving the exit free for the occupying
vehicle would be desirable. In order to achieve that, we calculate what paths are
used to exit stations.

3.2.2 Exit path
In order to make sure that there is a bias against blocking a path the preceding
vehicle will need in order to leave the station, a second statistic is calculated. Here,
the paths of all orders with the goal station as start point are calculated and added
to the penalty.

We call the points which are always used to exit the station for “exit path”. The
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exit path will always be heavily penalized. When the exit path divides to one or
more paths agents get the option to choose which direction to go. Points that are
only rarely used will be more suitable for a queue position.

Important edge cases here is if a station does not have enough data to show
what points are part of the exit path. If only one path leads away from the station
this entire path will be looked at as a exit path. This is however not as big of a
problem as it seems. Stations which are heavily used and are our prime candidates
for needing a queue position and will have most, by definition, order from or to it
if we look at sufficiently many orders. We do however want a general solution and
stations which do not have much traffic might also need a queue position. The exit
path will still be heavily penalized but the rest of the path as well. But since we
know that the exit path ends when there is a fork in the graph we also know that
we will have points which are not penalized about where the exit path ends.

In the case of no data of orders from a station we are at a risk of assigning a
queue position in the exit path. Our thoughts on this is that with enough data this
will happen very rarely and when it does the only cost is that the agent will have
to move once the agent it is queuing after is done with its operation.

3.2.3 Expected time loss
Once the probabilities of each point having a path planned over it have been cal-
culated, it is then possible to calculate the expected loss of time from standing at
that point. The formula is simple: The time it takes to move from that point and
back, multiplied with the probability of having to move in a given time unit, raised
to the power of how many time units the vehicle will remain at the position. The
expected value of time lost due to extra movement when choosing a queue position
is given by

Tloss = T (1− (1− p)K). (3.2)
Here, the value of T is how many milliseconds it would cost to move out of the
way and back if another vehicle needs to pass through the queue position and the
value of K is an estimation of how many seconds the vehicle will occupy the queue
position.2 Thus the probability pk that another vehicle will pass through the point
k in a given second is

pk =

∑
j∈P

vkj

Ts
∑
i∈V

∑
j∈P

vij
,

where Ts is the time span of the order list, P is the set of paths, V is the set of
vertices, and

vij =
1 vertex i ∈ path j

0 otherwise.
2T and K could likely be estimated in real time based on the local characteristics of the layout,

but due to time constrains on this project, we opted to use fixed values based on estimations by
members of the team who develop the System Manager NG.
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3.3 Dynamic evaluation

In the second part of the evaluation, which is performed in real time, several more
factors can be taken into account. The starting and goal position of the vehicle in
question can be used to determine which points in the system are relevant to evaluate
at all, and since the goal position is known, the exit paths of that particular station
can be looked up. Further, planned paths of other vehicles can be taken into account.

A dynamic evaluation is performed for each of the agents in need of a queue
position every time a path planning takes place. This means that as agents ap-
proach their goal their queue position is continuously updated. If a new, better,
queue position is found, then this is used instead. This gives the system some more
flexibility and an ability to adapt as new routes are planned or the goal position
becomes available.

3.3.1 Search space

First of all, in order to reduce computational costs and eliminate some outliers, a
search space is computed for a vehicle when a queue position is requested. Outliers
are points that would mean a significant detour in order to reach, and thus are
unlikely to provide a suitable queue position.

The search space is found by calculating a set of suboptimal paths from the
position of the vehicle to its goal, and limiting search for a queue position to a point
in the set of points spanned by these paths. This is based on an assumption that
most suitable queue positions will be found along the optimal or a suboptimal path
from start to goal.

The algorithm starts by placing the starting position in a set we will call A, and
then finding the optimal path from a point in set A to the goal point. Then, this
path is “blocked” by removing the segment at the middle of the path, and the point
immediately after said segment is stored, in a set we will call B. Then, another path
is found. This is repeated c times, and that is in turn done for each point in set A.
Once that is done, the points in set A are replaced with the points in set B, while
set B is emptied, and the entire process is repeated. For each iteration, the number
of paths found from each point is also increased by d, in order to increase resolution
of the search space closer to the goal position.

This can then be performed to the desired search depth. We found that a search
depth of 3 gave a reasonable balance between time needed to perform the calculations
and sufficient resolution of the search space. For larger values, few additional points
were found, at a significant increase in computational cost. As for c and d, we found
that values of 4 and 2 respectively, resulting in 4, 6 and 8 repetitions for each of the
iterations, gave a good balance between cost and sufficient size of the search space.
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3.3.1.1 Algorithm for finding the search space

Add starting point to B;
for i < search depth do

Move all points in B to A;
for each point in A do

for j < c + d · i do
Find path from point to goal;
if path exists then

Block middle segment;
Add point after middle segment to B;

else
break;

end
end

end
end

For each point in A, the first path found is the optimal. Subsequent paths are
only accepted if they are at most four times as long as the optimal path. If no such
path is found, the loop breaks. This serves two purposes - it eliminates positions
that are unlikely to contain a suitable queue position, while reducing unnecessary
computation.

This algorithm does not guarantee that we find the best queue position. It does
however give us a set of possible queue position that atleast does not have a high
penalty for being on a path which is far from optimal. Since the search space finder
is run repeatedly as the queuer is traveling towards the target the middle section
that is blocked also changes. This allows for potential new points to be included in
the search space in every iteration. If we keep the last queue position in a memory
we can also make sure that we do not get a worse queue position.

3.3.2 Paths of other vehicles
While the static evaluation described previously aims to steer queue positions toward
points where a vehicle is less likely to obstruct traffic, it does not take into account
where the actual vehicles in the system are at any given moment. Thus in order to
make sure that we are not only avoiding positions where traffic is to be expected,
we look at the currently planned paths of the other vehicles to determine where a
queuer would actually obstruct traffic.

Since this step takes place before the paths are planned for this iteration of the
system, the only paths available are the paths of the previous iteration. Some vehi-
cles may however have been given a new goal, we must therefore start by validating
the paths of the previous iteration by checking them against the goals of the current
iteration. If they match, a path is assumed to still be relevant. Otherwise, it is
disregarded. In order to calculate the penalties for planned paths for a given point
in the search space, a few things need to be calculated.

Firstly, we need to know which other vehicles plan to traverse the potential queue
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position, and when. The time of their arrival needs to be compared to the planned
arrival time of the queuer. These comparisons will result in a three possible cases
listed below.

• The queuer arrives first and the other vehicle arrives while the queuer is still
occupying the queue position.

• The queuer arrives first but is able to move to the target before the other
vehicle arrives.

• The other vehicle traverses the queue position before the queuer even arrives.

The last two cases cause no problem and only in the first case penalty needs to be
added.

The system saves paths as the number of segments (or points) between the start
and goal. Every segment has the time it takes to traverse it but the time is unknown
to us in this step of the algorithm. Which vehicle arrives first is therefore unknown
to us and we have to take into account that for example 14 segments might take
longer time than 16 segments.

Next follows a description of how we calculate the risk that a shorter path takes
a longer time to traverse than the longer path.

To calculate this risk we start by making the assumption that Xi, the time to
reach the next point, is taken from some distribution D(µ, λ) with mean µ and
variance λ. This gives the variance

Var
(

n∑
i=1

Xi

)
=

n∑
i=1

Var(Xi) =
n∑
i=1

Var(X) = nVar(X) = nλ, (3.3)

where n is the number of points in a path. Now we can use Equation (3.3) and
look at the variance between two paths, X and Y .

Var(X − Y ) = Var(X) + Var(Y ) = nλ+mλ = (n+m)λ.

Here we have that n is the number of segments in path X and m is segments in
Y .

From the central limit theorem we can assume a normal distribution if the path
is long enough. Let the difference between two paths be called Z, this means Z is
also a random variable as
Z ∼ N

(
µ(n−m), λ(n+m)

)
.

We are however not interested in any exact solutions but a simplification is enough
for us which makes our solution less complex. Let us therefore only look at Z if Z
is less than one standard deviation from the expected value. The lower and upper
bound is therefore

(mµ+ µ(m−m))±
√
λ(2m).

From checking the distribution of Xi in one system we could see that a histogram
formed a exponential distribution approximately with parameter 1. From this we
make the approximation that

√
λ
µ
≈ 1. This gives us the very simplified lower and

upper bound
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Figure 3.2: A graph showing the probability of conflict depending on when the
queuer is expected to arrive to the potential queue position. The closest planned
paths (in time) are at the 15 and 50 step marks. The operation time is set to 15,
which means that if the queuer arrives to the queue position before the 35 step
mark, then it will likely leave the queue position before a conflict arises.

m±
√

2m.

In this interval we approximate the risk with a linear equation. This can be seen
in Figure 3.2 in the intervals [15, 15 +

√
30] and [35−

√
70, 35 +

√
70].

As it can be seen in Figure 3.2 we have made some more assumptions and sim-
plifications which are worth noting. The probability is often a overestimation for
two reasons:

• There should be a lowering of probability as the predicted arrival time goes to
the expected arrival time of the other vehicle planned arrival (in this example
it’s 50 and lets call this vehicle A). The main reason why there isn’t is that we
do not know if another vehicles (call this B) have a planned path just after.
If this was the case, we would have a conflict even if the queuer arrived after
vehicle A.

• As stated previously we do not know when the queuers original target will
become available. It might be that a queue position is only needed for a few
seconds or even just as a new target that the MAPP algorithm can use to plan
its path.

These overestimations are made with the assumption that it’s better to increases
the penalty for points that there is uncertainty about and leaving points which are
a better choice for a queue position unpenalized.
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3.3.3 Divergence from optimal path
In order to avoid unneeded delays as well as excessive wear and tear on the vehicles,
we want to make sure that any unnecessary movement is minimized. It is feasible
that an otherwise highly suitable queue position is placed in such a way that the
vehicle will need to take a significant detour in order to reach it. If the goal position
becomes available while the vehicle is en route to the queue position, then this would
lead to decreased throughput.

Since each queue position is placed along either the optimal path or a suboptimal
path, a penalty can be added based on how much longer the total travel time of the
path will be from the start to the queue, and from queue to goal, compared to the
optimal path from start to goal.

In terms of actual time to reach the goal, this is a worst-case estimate. If the
goal becomes available while the vehicle is moving along the suboptimal path, with
no means of returning to the optimal path, then the full extra time will be lost. If
the vehicle reaches the queue position before the goal becomes available, however,
throughput is not affected. The bias toward choosing a shorter total path to the
goal should still result in vehicles minimizing unnecessary movement.

3.3.3.1 Algorithm

The formula for finding this value is fairly simple. First of, we will call the total
travel time for the optimal path from the start position to the goal position To.
Then, we will find the paths from the starting point to all potential queue positions,
and from these positions to the goal position. For each position p, the penalty will
be the travel time from start to p, plus travel time from p to the goal, minus To.
Thus, a point along the optimal path will have no penalty, a point with only a slight
detour will have a minor penalty, and a point along a much longer path will receive
a significant penalty.

3.3.4 Travel time
This section provides a motivation to why the last penalty is also probably the most
important one. We start this motivation with the simplest case.

The optimum solution for one agent to travel to one target is for that agent to use
the shortest path to said target. This still holds true for two agents with different
targets given that two agents do not cross paths at the same time. When two agents
cross paths at the same time we call this a conflict. We also call it a conflict if two
agents share a common target. If we have a conflict, the total time to complete all
orders is no longer equal to the longest optimum path. If we look at the case where
we have a conflict and a common target we have that the agent which reaches the
target second has to wait if the preceding vehicle is not done with the target. We
denote the time the slower vehicle has to wait by Twait, and denote the operation
time at the target station by TO. The total time for a system with two orders and
two vehicles if a queue position is needed, is

T = max
i

(Ti) + Twait + TO, with i = 1, 2. (3.4)
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We can further divide the agent’s drive times into Ti = T toi + T fromi , where T toi is
the time to drive to the queue position and T fromi is the time it takes for the agent
to travel from queue position to target.

We can also show how Twait depends on Ti:

Twait + max
i

(T toi ) = min
i

(Ti) + TO i = 1, 2 (3.5)

Combining equations (3.4) and (3.5), we can see that the total time only depends
on max T fromi and some factors that we can not influence (or is at least out of the
scope of this thesis). In a two vehicle system the most important fact about a queue
position is that it is close to the target.

If we introduce more vehicles, the equation becomes much more complex and it
is hard to draw general conclusions.

Queue positions are often needed for stations which in some way are bottlenecks
for the entire system. This means that keeping a low downtime for those stations are
especially important and might outweigh the time loss given by obstructing another
vehicles path to a less critical station.

3.4 Assigning the queue position
Once all the penalties for the entire search space are calculated we can feed them into
equation (3.1) and receive the total penalty for all the points. The lowest penalty
is chosen and we almost have our queue position. One additional check still needs
to be made.

A vehicle often takes up more space than the point or edge it is occupying. To
make sure no collisions occur there is a function that calculates which other points
and edges needs to be available for a vehicle to start traversing an edge. We call it,
that the edge is blocked by said points and edges. Blocked points of a path is always
calculated in our algorithm when a path is calculated. The path and the blocked
points are all the points a vehicle will block while traveling a certain path.

It is important to note that points and segments that are occupied by a vehicle
when standing at a certain point–that is, a vehicle standing at point a also covers
point b–are not included in this set of blocked points, since they are considered to
be implicitly blocked. This meant that the points needed for the vehicle to stand on
the first point in the path are not included. It is therefore not certain that points
that are used by the vehicle standing on the station are excluded from the search
space.

The last check we need to make is that the queue position is reachable given that
there is a vehicle at the target station. A quick Dijkstra search finds the path and
checking the blockings for all of the points in the path gives us the answer to if the
queue position is reachable. If it isn’t reachable, it is excluded from the search space
and the next best queue position is checked for reachability. The reachability checks
continue until a viable queue position is found.
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The performance of the solution is measured by comparing the throughput of the
system–the amount of orders completed in a set amount of time. A number of
different comparisons will be made. First, the complete solution will be compared
to the system with no solution implemented, as well as a simple “As close as possible”
solution, in order to determine whether the solution offers a meaningful improvement
at all. Then, the complete solution will be compared to variations of the solution
with certain components removed in order to determine what components are most
important.

These tests have been performed in simulations using real customer system. As
such, we are unable to show the systems in detail, and will simply be referring to
them as system A, B and C.

System A is a relatively small system, running just a few AGVs. System B is
a somewhat larger system, running a moderate number of AGVs. System C is the
largest of the systems we test in terms of vehicles.

4.1 Optimal queue position vs closest possible vs
current solution

First of all, we will be testing our solution against the “standard” solution, which
works by simply moving all agents toward their intended goals until that goal is
occupied by another vehicle. In addition to that, we will be testing against another
solution implemented by our supervisor, Multiple-vehicles (MV). In essence, it works
by calculating how close an AGV can move to a target without blocking the exit,
and moving to that point.

The tests are run using a testing platform where the number of AGVs and number
of orders to be completed is specified. The system then tries to complete these orders,
and if successful returns the total test time, as well as the average time to complete
an order. The latter will be used to compare throughput. If the system is unable
to progress–meaning, the MAPP algorithm cannot find a solution–for more than 10
minutes, the test will fail.

4.1.1 System A
System A is a smaller system, running only a few AGVs. In regular testing, the
number is modulated between one and five, with the last of these occasionally failing.
Initially, our solution had problems with this system, failing frequently at only three
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# vehicles µQ µS µM σ2
Q σ2

S σ2
M r

(Q)
fail r

(S)
fail nQ nS nM

2 53.9 53.4 - 0.1 0.62 - 0 0 20 14 0
3 40.4 42.5 42.8 4.4 2.8 5.6 0.056 0.050 16 20 19
5 38.5 42.3 - 2.5 5.1 - - - 12 10 0

Table 4.1: The results for system A. µ is the mean in seconds, σ2 is the variance
in seconds, rfail is the failure rate and n the sample size. The indices Q, S and M
refer to Queue assignment, Standard and MV. Unfortunately, the failure rate for 5
vehicles is unavailable, along with the failure rate of MV for 3 vehicles, due to the
data accidentally being overwritten by the testing platform. The histograms for 2
and 3 vehicles can be seen in Figure 4.1 and Figure 4.2 respectively.

Figure 4.1: Histogram showing the average time in seconds to complete an order
in system A running 2 vehicles. Each data point is an average of 50 orders. More
details can be found in in Table 4.1

vehicles. The cause of this was discovered when testing system B, and once a fix
was implemented, we saw significant increases in performance. The fix is explained
in Section 3.4. The system was tested at two, three and five vehicles.

At two vehicles, our solution actually performed slightly worse than the standard
solution, as can be seen in Figure 4.1 and Table 4.1.

At three vehicles, we start to see some possible performance increases. In Figure
4.2, we see a histogram of test runs using our solution (queue assignment), the
standard solution, and the simple solution implemented by our supervisor (MV). The
throughput for queue assignment is about 5.2% better than the standard solution.
This means that in the same time, our solution can do 5.2% more orders. The
throughput of queue assignment is 5.9% better than the MV solution. An overview
of the results can be seen in Table 4.1.
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Figure 4.2: Histogram showing the average time in seconds to complete an order
in system A running 3 vehicles. Each data point is an average of 50 orders. More
details can be found in in Table 4.1

# vehicles µQ µS µM σ2
Q σ2

S σ2
M r

(Q)
fail r

(S)
fail r

(M)
fail nQ nS nM

5 48.0 49.7 48.8 0.34 2.1 2.5 0 0 0 30 17 37

Table 4.2: The results for system B. µ is the mean in seconds, σ2 is the variance
in seconds, rfail is the failure rate and n is the sample size. The indices Q, S and
M refer to Queue assignment, Standard and MV. These numbers are visualized in
Figure 4.3.

4.1.2 System B
System B is a larger system then system A, both in terms of the size of the graph
and intended number of vehicles. We only ran this system with 5 vehicles, which
is the amount of vehicles it is designed to handle. Initial results were discouraging
with low performance and frequent failures, but after identifying and fixing a poten-
tial bug with how our solution treated points that were blocked by other vehicles,
performance improved and the failure rate decreased. The results after this fix can
be seen in Figure 4.3. An overview of the results are also presented in Table 4.2.

4.1.3 System C
System C is only slightly larger than system B in terms of layout size but running
up to 10 agents. We have tested it at 5, 8 and 10 agents, and have seen encouraging
results. At 5 AGVs, performing 50 orders, an increase in throughput of about 4.3%
compared to the standard system was seen. Figure 4.4 shows this, with the sample
size being 15 and 14 runs, respectively. This resulted in a mean of 46.5 seconds per
order and a variance of approximately 1.55 for the queue assignment, compared to
48.7 and 0.37 for the standard.

As for 8 vehicles, we saw an even bigger gains, of almost than 9.0%, as can be
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Figure 4.3: System B with five vehicles running. Queue assignment has a mean
of 48.0 seconds, standard has a mean of 49.7 seconds, and MV has a mean of 48.8
seconds. This puts our solution at 3.5% higher throughput than the standard, and
1.6% higher throughput than MV. These numbers are summarized in Table 4.2

# vehicles µQ µS σ2
Q σ2

S r
(Q)
fail r

(S)
fail nQ nS

5 46.7 48.7 1.6 0.4 0 0 15 14
8 36.8 40.1 1.9 2.3 0.034 0 18 19
10 38.5 42.3 2.5 5.1 0.48 0.44 11 12

Table 4.3: The results for system C. µ is the mean in seconds, σ2 is the variance
in seconds, rfail is the failure rate and n is the sample size. The indices Q and S
refer to Queue assignment and Standard.

seen in Figure 4.5. Like previously, each test consisted of 50 orders, and here the
sample sizes are 18 for the queue assignment and 19 for the standard. The Means
is 36.8 versus 40.1 average seconds per order, and variances of 1.91 and 1.76.

Finally, we tested the system at 10 vehicles. This results in frequent failures for
both queue assignment and standard. Success rate is roughly 50% for each. The
histogram of the average order completion time can be seen in Figure 4.6. We see
a performance gain of nearly 10.0%, with mean average order completion times of
38.5 versus 42.25, and variances of 2.5 versus 5.1. These results are summarized in
Table 4.3.
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Figure 4.4: Average number of seconds to complete an order in system C. The
system is running 5 AGVs, and performing 50 orders per test. The mean time
to complete an order is 46.7 s for our queue assignment algorithm and 48.7 s for
Kollmorgen’s standard algorithm. This is 4.3% increase in throughput for the system
using our queue assignment.

Figure 4.5: Average number of seconds to complete an order in system C. The
system is running 8 AGVs, and performing 50 orders per test. The mean time
to complete an order is 36.8 s for our queue assignment algorithm and 40.1 s for
Kollmorgen’s standard algorithm. This is 9.0% increase in throughput for the system
using our queue assignment.
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Figure 4.6: Average number of seconds to complete an order in system C. The
system is running 10 AGVs, and performing 50 orders per test. The mean time
to complete an order is 38.5 s for our queue assignment algorithm and 42.25 s for
Kollmorgen’s standard algorithm. This is 9.7% increase in throughput for the system
using our queue assignment.

# vehicles µQ µN µR σ2
Q σ2

N σ2
R r

(Q)
fail r

(N)
fail r

(R)
fail

8 47.0 49.7 48.8 0.34 2.1 2.5 0.034 0.125 0.26

Table 4.4: The results for system C when testing different component combina-
tions. µ is the mean, σ2 is the variance, and rfail is the failure rate. The indices Q,
N and R refer to Queue assignment, no planned paths and reduced search space.

4.2 Different variations on queue assignment
In order to motivate some of our criteria described earlier in the report, we wanted
to vary or remove some features and examine the results.

First we decided to vary two parameters - Planned paths and the search space.
For the planned paths, the variation was simply to remove the penalty and see what
the effect would be. As can be seen in Figure 4.7, this resulted in a slightly higher
mean and the throughput is about 2.2% higher for our solution.

For the search space, we simply reduced the multiple of of much longer than
the optimal path any given suboptimal path was allowed to be from 4 to 2. This
resulted in a slightly higher mean as well. The throughput of our solution is about
3.5% better. We have summarized these results in Table 4.4.

4.3 Time consumption
In this section the time to find the queue position is shown for the different systems.
The times are taken from a random test. The results are presented separately for
each of the three systems compared. There is no differentiation between if the
agent is located close to the target or very far away. Every search is also done
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Figure 4.7: Three variations of the Queue Assignment solution, run on system C
for 8 vehicles. The standard configuration compared to one where no planned paths
are taken into account, and one where the search space is reduced. The means are
36.8, 37.6 and 38.1 respectively, with variances of 1.9, 2.3 and 1.8.

independently of the previous search.
The total time our algorithm uses to find a queue position can be seen in Table

4.5.
Finding the search space proved to be the most costly operation. The times can

be seen in Table 4.6.

System Average time Standard deviation Min value Max value Data points
A 4.4 ms 2.7 ms 1 ms 22 ms 230
B 38.0 ms 13.8 ms 1 ms 115 ms 1255
C 68.5 ms 40.9 ms 4 ms 395 ms 1503

Table 4.5: Time to find a Queue position. Data points are the number of queue
position requested for the 50 orders of an arbitrarily chosen test run.

System Average time Standard deviation Min value Max value Data points
A 3.8 ms 2.4 ms 1 ms 20 ms 230
B 32.2 ms 13.5 ms 0 ms 108 ms 1255
C 63.2 ms 40.5 ms 1 ms 391 ms 1503

Table 4.6: Time to find a search space. Data points are the number of search
spaces requested for the 50 orders of an arbitrarily chosen test run.
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5
Conclusions

5.1 Throughput performance

Overall, we have seen mainly positive results in terms of throughput gain. Time
constraints have unfortunately not allowed us to collect all the date that we would
have desired. If we would have had more data, we could have given exact numbers
on the improvement of queue assignments and the confidence intervals. With that
being said we do believe more data would only strengthen our results.

For system A, shown in Table 4.1, there were minor performance losses for two
vehicles, though the sample size is to small to draw any significant conclusions
with such small differences. For three vehicles, we started seeing some performance
improvements over both the standard solution and the MV solution. It should
be noted that the variance of the latter is very high. At five vehicles, we again
suffer from little data, but what little data we have does seem to imply significant
performance increase. Though, since the variance is extremely high for the standard
solution, that is unsure.

For system B we have positive results, of seeming statistical significance. As can
be seen in Table 4.2, queue assignment does pull ahead of the standard solution,
with about a 3.5% increase in throughput. The MV solution does perform fairly
good here, with queue assignment only placing about 1.6% ahead. As can be seen
in Figure 4.3, they both appear normally distributed around 48, though the MV has
wider distribution–a higher variance–and tend mainly toward higher values.

For system C, we feel more sure of the results, which can be seen in Table 4.3.
For five vehicles, we saw a slight increase in performance, though variance was
high for the queue assignment solution. For eight vehicles, the normal distributions
appear very distinct in the histogram, giving us confidence that the data is somewhat
significant. Variances for both solutions are relatively low, and the performance
increase of almost 9% is very encouraging. These numbers seem to indicate that
the performance increase is larger if more vehicles are involved. More vehicles also
means more queue position assignments (see Table 4.5) which probably is one of the
reasons for the larger improvement.

The queue assignment solution for system C and eight vehicles experienced rare
failures, though we believe they were too few and far between to draw any strong
conclusions from. At ten vehicles, we started experiencing significant failure rates for
both solutions, though they are of similar size, leading us to believe there may not
be enough data to draw any strong conclusions. However, that fact that our solution
displays a slightly higher failure rate for both 8 and 10 vehicles is likely indicative of
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the fact that it has a slightly higher computational demand, occasionally preventing
the system from finding solutions when it otherwise could have.

In this system we also tested some variation on our solution, specifically one
without considering the currently planned paths of other vehicles and one where the
search space was reduced. The results can be seen in Table 4.4. Overall they are
indicative that both components contribute positively to the overall solution, with
the complete queue assignment having both lower average time to complete orders,
lower failure rate and lower variance. However, it would be prudent to perform
much more rigorous test of this, with more combinations of components as well as
variations in system and number of vehicles. Due to limited time and resources for
testing, we have been unable to do so. As it stands, no significant conclusions can
be drawn.

5.2 Time performance
One question that arose along the way of the project was whether the solution would
be fast enough to work “online” or only work “offline”. Online meaning it would work
in real time and make decisions, and offline meaning it could be used as decision
support for operators in setting fixed queue positions manually. In general, it seems
our solution is suited to work in real time. While it does seem it in certain cases
can cause a slight slowdown of calculations, that is inevitable when more work is
performed.

As can be seen in the results in Section 4.3 the majority of the time to find a queue
position is spent on finding a search space. This means that what was meant as a
time saver might actually be costing us time. When looking at the algorithm more
exactly, it is the removal of an edge that takes the majority of the time. We suspect
that reducing the time to remove an edge significantly is possible. Time constraints
and lacking sufficient incentive kept us from implementing such a solution.

If further investigation should conclude that performance could be gained by
speeding up the algorithm an alternative to our search space finder is presented in
Section 5.5.2.

5.3 Data
As has been discussed somewhat previously, we have suffered from limited data for
our results. This has been due to two major factors. First and foremost, each test
takes around 45 minutes on average, which means that it takes significant amounts
of time to gather significant data for even one solution, in one system, running one
number of vehicles. Secondly, we have experienced issues with the testing platform
of the company, sometimes resulting in us spending days trying to get a test working
before any results are produced at all, and on one occasion causing us to lose days
worth of data. We had no prior experience working with the testing platform which
might explain our difficulties.

In order to ensure statistical significance of all our results, it is likely that several
more weeks of tests would be required, if not more. We do however believe that our
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results are consistent enough to indicate that the work has been generally successful,
even if the exact numbers of how much better it performs are not certain.

5.4 Challenges
There were a lot of challenges we faced during our work. There were multiple
instances of us having ideas regarding a solution, which in the end turned out to be
impractical or even impossible to implement in the current framework. Instead we
had to find clever alternative solutions.

5.4.1 Time constraint
Searching for paths non-stop is very time consuming and the company’s MAPP
algorithm is already using significant amount of time and computational power. It
is hard to say how much resources our solution would be allowed to to use. As of
now the MAPP finds a path and then tries to improve it until it has no more time.
The best solution is then used and the process starts again.

The time it takes for our algorithm to find a queue position might take just the
time MAPP would otherwise use to improve the throughput on a similar level. It
could therefore be interesting to change the time limit for MAPP to see how this
affects the throughput of the system.

5.4.2 Layout intentions
The layouts or graphs that we are working on are made by an application engineer. It
requires some skill to draw good layouts and the engineer often has a lot of experience
in the area. This is of course a good thing in most cases as the engineer can tailor
the graph to the transport structure and the factory layout. This also means that
the engineer has thought about which stations are regularly going to have multiple
AGVs traveling to it and designed the graph with an “intended” queue position.
This might help the normal path finder but could cause some complications for our
queue position finder. It creates a bias for the intended queue position and prevents
dynamic features from influencing the decision. Since all layouts are made this way
it is hard for us to test the effect of this.

One of the tools used in the design of the layouts is weights, as mentioned in
Section 2.4.1. They are used in order to discourage vehicles from using certain paths
unless absolutely necessary to reach the intended goal. This may have unintended
consequences for our algorithm, which we have been unable to test or control for.

5.5 Ideas that were not implemented and sug-
gested future work

There are always more things to test and more functions to add to a solution like
ours. We have had many ideas along the work of this project that we have not had
the time to implement or that were simply not prioritized.
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5.5.1 Analyzing the flow in the system
In this work we used a order list to gather information about how the flow in the
system would look like. This made it very easy to take input as it only required
a list. This list is however created by randomly selecting orders from a transport
structure. The transport structure is a table which specifies from which stations
or groups of stations to which stations or groups of stations transport is going to
be needed. It also specifies how often orders of every type will arrive. While a
sufficiently long order list is going to give the same information as the transport
structure this is a unnecessary step. The transport structure could instead be feed
directly in to the program and analyzed directly to give the flow of the system. Two
challenges will be needed to consider before this can be done:

• How will the data be represented and read by the program?
• How do we analyze the transport structure to get valuable information effi-

ciently?

5.5.2 Prioritizing the search space
Finding a search space was our first attempt at minimizing the time it would take
to evaluate all possible queue positions. As our work moved forward we noticed
that one of the closer points to the queue position was almost always chosen. This
can be explained by the fact that the other penalties have a much lower cap if the
queuer starts far away from the target. Traveling from one end of the system can
take minutes while just moving out of the way for another vehicle does not. This
was a fact that we could possibly have used to make the queue position finder more
robust. Searching out from the target and ordering the possible queue positions in
the order they are found gives us a higher chance to find a reasonable good queue
position early in the search. This is because we order them by perhaps the most
influential penalty factor.
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