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Abstract

Maintenance and logistics operations on the ITER nuclear fusion reactor must be carried out by
remote handling systems, also known as the Cask and Plug Remote Handling System (CPRHS), com-
posed by a Cask Transfer System (CTS) and the Cask envelope supported by a pallet. . Maintenance
operations involve the transportation and storage of the CTS and of the casks from and to a confined
space environment where no human interaction is allowed. The storage and operations of the casks and
CTS face several challenges, since the storage area is limited in space, and both systems have to be
accessible to perform their functions. In particular, the CTS and casks in the storage area may block
each other, so that the former have to be moved to a temporary position to give way to the latter. The
solution proposed to solve this problem is an artificial intelligence system that can plan and execute
the actions of the agents, and in turn the transported casks, without constant human supervision or
maintenance. From the need to maximize the utility of the available space, rise the problem of space
optimization and impact of the space disposition of the agents. The usage of the vehicles and casks
was modelled by a probability of being used in the scenario and the optimum disposition has to take
that in account, organizing the agents in the space such as that the most utilized ones are more readily
retrievable and are closer to a specific point in the scenario. The previous described solutions are backed
up by a crafted model with the necessary variables to describe a problem of this scope. This model is
not exclusive to ITER and its flexibility extends the application of the solution to other environments
where management of vehicles and cargo is needed, like warehouses, airports or seaports. The core of
the planning module is an A-star algorithm that calculates a solution for an operation objective utilizing
three crafted heuristics functions, increasing the efficiency of the search, affecting the performance of
the algorithm. On the other hand, the space optimization module was developed as a minimization
problem of two different objective functions, solved by using a branch and bound algorithm with a
depth-first and best-first modes. This module outputs the best space optimization of the agents given
the utilization probability. The results for the modules developed are presented in this work, exploring
the said methods and its components in the search for a solution of the respective problems. For the
planning module, the heuristics created were tested using three different scenarios (ITER included),
and for each scenario, several planning objectives were defined for the algorithm to calculate a plan,
studying the impact of the each configuration. For the space optimization module, the two objective
functions were tested using different input conditions in the search for the best space optimization of the
agents. Using those results, the competence in solving the presented problems and the performance of
the solutions are discussed, with bottom line commentaries of the methods and its contexts, evaluating
the weakness and achievements of the work.
Keywords: Logistics Management, Artificial Intelligence, Planning, Optimization

1. Introduction

The International Thermonuclear Experimental Re-
actor (ITER) is a large-scale scientific experiment
that aims to demonstrate the technological and sci-
entific feasibility of Fusion Energy[1]. In ITER, this
reaction will be achieved in a Tokamak device that
uses magnetic fields to contain and control the hot
plasma produced by the reaction. As expected, this
environment has to be safe, controllable and pro-

tected of any exterior interaction. It also have to be
confined due to extreme heats and radioactive ma-
terial being handled. During the reactor’s operation
some components (clean or contaminated) have to
be moved in that extremely hazardous environment.
As such, any operation inside the Tokamak Build-
ing (TB) or the adjacent Hot Cell Building (HCB)
has to be achieved remotely by autonomous robotic
systems capable of operating without direct human
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interaction.

The autonomous robots are the Cask and Plug
Remote Handling System (CPRHS) vehicles, a
three part modular sub-system composed by the
cask envelope containing the load, a pallet that sup-
ports the cask envelope and the Cask Transfer Sys-
tem (CTS). They provide the means to transport in-
vessel components and remotely handle equipment
between the HCB and the vacuum vessel in TB
through dedicated galleries[10]. The transportation
of the whole system is made by the CTS which
is capable of moving and lifting the other parts.
Therefore, and because of the risks involved when
transporting such loads, every action has to be care-
fully planned before being executed. The previous
thought have to be applied with a multiple robots
vehicles set-up in mind, and is imperative to elim-
inate any risks of collisions and improve the coor-
dination between all parties. Given the space con-
straints of the buildings, is also critical the manage-
ment of the available storage space of the CTS and
the casks in order to minimize the efforts for them to
complete their assigned missions in a effective man-
ner. This problem, of course, is not exclusive from
ITER and can be applied to the same manner to an
extent range of services that have the necessity of
a planned flow of operations, as airports, ports and
warehouses.

The problem of determining the best arrange-
ment of items within a storage area, generically
designated as storage location assignment problem,
has been addressed in some literature[3, 4] without
touching the aspect of planning the operations of
agents in the scenario. More recent work[10] put
the focus in merging the planning of warehouse op-
erations with the storage assignment problem, ap-
proaching the problem as a logistics management
problem inside a warehouse. However the solution
for those two problems was answered separately,
leaving the possibility of dynamic continuous op-
timization outside its range. Other literature[5]
covers the vehicles routing problems in the con-
tainer terminal problem (a logistics problem per
se) but without taking account the detailed oper-
ations management of each individual transporta-
tion agent of the problem, instead particularizing
the problem to the management of container traffic.
In a wider angle, other publications[2][11] studied
the impact of a well designed logistics system, con-
cluding that warehousing and transportation takes
up a huge part of a corporation profits, reinforcing
the will of the companies to optimize the logistics
mechanisms in place. The Multi-Agent Path Find-
ing (MAPF) problem was covered in [6] with De-
lays Probabilities. This work, while relevant, does
not represent some important intrinsic variables in
ITER scenario, as the payload transfer aspect of

this scenario. The payload transfer aspect of the
problem is covered in [7], but the solution does not
cover the different type of agents identified in ITER.
Therefore, a custom model definition and had to
be created for the scenario presented in this work.
The algorithm and methods to be used in the work
is also covered extensively in [9], which is consid-
ered the standard text in the field of artificial intel-
ligence. The literature contains and describes some
of the techniques used, while introducing some def-
initions presented in this work.

This work have two separate objectives to re-
spond to the problems previously exposed. The
first objective is to develop and implement an Ar-
tificial Intelligence based logistics management sys-
tem that determines a planned sequence of oper-
ations to retrieve and send a robotic vehicle or a
cask from one location to another inside a scenario,
moving every other passive element to enable a de-
sired operation to be completed, without caring for
its reorganization inside the parking spaces. The
other objective of this work is to develop a system
to find best arrangement of vehicles and casks inside
the storage area given its pattern of usage, such as
that the most used ones are more easily retrievable.
The planning and space optimization modules are
implemented separately. Both approaches will be
implemented to work on multiple scenarios layouts
with different robotic vehicles configurations.

2. Proposed Model Background

To find a solution for the logistics management
problem using Artificial Intelligence methods, a
solid background definition of the model is required
for the world to be interpreted by the machine.
First, and foremost, the objects that compose the
model and its properties will be laid, explaining
how each one of them relates to one another. This
proposed model will be the framework for all the
following methods. This model was created with
the philosophy to be versatile, adapting to differ-
ent configurations. It covers not only the ITER
scenario but also similar problems involving ware-
house management by mobile robots. The world is
composed by three main objects that interconnect
with each other: the agents, the nodes, and the
edges. Semantically, the nodes and the edges forms
an interconnected graph where the agents move and
execute its actions. This enables a world state de-
fined by the space disposition of the agents in the
scenario.

2.1. World model

The World model was created having in mind an
entity containing all the definitions of the scenario
and all its the intervenient agents.

The world is defined by W = {G,A} in which G
is a graph that holds a representation of the physical
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scenario and the network of navigation paths, and
A a set of agents representing all the mobile vehicles
and interactive objects of the world.

Figure 1: World graphical representation.

The graph G is a weighted undirected graph
composed by a set of nodes N , representing every
feasible location in the world the agents are capa-
ble of occupying, and by a set of edges, the con-
nection between the nodes representing a defined
transit path between them. The graph defines a
route network of a scenario.

2.2. Nodes model
A node n ∈ N is the representation of a physi-
cal reference point or area in the real world space
being modelled. It directly translates to a identi-
fication key areas or a intersection of transit paths
inside a warehouse or depot. The nodes are de-
fined according to the characteristics of the rep-
resented space. Given a set of J nodes, a node
n ∈ N = [1, 2, 3, ..., j, ..., J ] is defined by the
properties displayed in table 1.

Property Description Domain

tn Type of node n tn ∈ {1, 2}
on Occupancy list of node n on = {ak}k∈(1,...,I), ak ∈ A
λn Stack size of node n λn ∈ R+

δn Occupied space in node n δn ∈ R+

Table 1: Property summary for a node n

In the warehouse management problem two types
of node were identified: transit nodes where the
agent can move and stop for a limited period of time
(transit lanes), and stack nodes where the agent
can move and park indefinitely (parking spaces). As
opposed to the stack nodes, the transit nodes can
only accept a vehicle at a time, where the former
can accept agents until there is enough space for an
agent to move. These two types of nodes can be
defined as a subset of the node set, N = {T, S}.
A node n is differentiated as a stack or transit node
by the value of its type property (tn) as represented
the table 2.

In figure 1 the stack nodes are represented in dark
blue colour and the transit nodes are displayed as
cyan colour.

Subset tn Functions of the node

T 1 Represents the crossing paths inside a warehouse where the agents can navigate
S 2 Represents the parking spaces an agent can use to park inside a warehouse

Table 2: Summary of the nodes subsets

2.3. Edges model
An edge e ∈ E denotes a feasible direct navigation
path for an agent between a corresponding pair of
nodes. An edge e is defined in equation 1.

e = {i, j}, {i, j} ∈ {N,N} (1)

An edge e have a non-negative weight assigned
to it [8]. This enables us to construct a complex
network of routes simulating more accurately the
physical structure of a subject environment, repre-
senting the distance or topography characteristics
of two points in the real world space of a warehouse
configuration. The weight w is defined in equation
2.

we = r, r ∈ R+ (2)

2.4. Agents
Agents are the entities capable of acting directly
or indirectly upon the world modifying its state.
Given a set of I agents, an agent a ∈ A =
[1, 2, 3, ..., i, ..., I] is defined by the properties dis-
played in table 3.

Property Description Domain

ca Class of agent a ca = i, i ∈ {1, 2, 3}
sa Size of agent a sa = r, r ∈ R+

la Location of agent a on a node in the world la = n, n ∈ N
qa Position of agent a inside a stack node relatively to other agents qa = m,m ∈ N
pa Payload of the agent a pa = ak,k∈{1,...,I} , ak ∈ A
ba Carrier of the agent a ba = ak,k∈{1,...,I} , ak ∈ A
ua Utilization factor of the agent a ua = r, r ∈ [0, 1]

Table 3: Property summary for an agent a

The set A is a conglomerate of subsets of
agents that can be divided in three classes, each
with its own degree of limitations and capabilities,
A = {K,L,M}. Those three classes can be or-
ganized according to the nature of the agents: For
each subset of agents, a class is attributed to it giv-
ing it privileges over agents of other subsets with
superior classes. The subset K is composed by
the agents capable of moving, make decisions and
transport agents of class K. The subset L is made
of agents capable of carrying agents of class M ,
but without mobility and decision making capabil-
ities. The subset M covers the agents holding the
payloads of the scenario, they can’t transport other
agents and can’t move on their own. Also, they al-
ways must be carried by an agent of class L and
cannot exist on the world as their own, only on the
top of an agent of class L.

This permits us to construct a composite of
agents in the vertical plane, elevating the problem
to a vertical representation. This information is
summarized in table 4.
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Subset ca Capabilities of the agent

K 1 Decision making, autonomous mobility, transportation of agents of next rank
L 2 Transportation of agents of next rank
M 3 Payload representation

Table 4: Summary of the agents subsets

2.5. State Definition
The state is the set of all agents positions relatively
to others agents at any given moment. It is defined
by the location of all agents in the world, la and qa,
meaning that different configurations of those vari-
ables produces different states. A state is defined
by ψi ∈ Ψ, where Ψ is the set of all feasible states
(chapter 2.6). Formalizing the previous thought,
it’s the combination of values of qa and la for all
agents in the scenario at any given moment. For-
mally, the state ψi ∈ Ψ is the set of tuples in the
form:

ψi = {< q1, l1 >, ..., < qK , lK >}∀a∈A (3)

A state contains all of the information necessary
to predict the effects of an action and to determine
if it is a goal state. State-space searching assumes
that:
i) the agent has perfect knowledge of the state space
and can observe what state it is in (i.e., there is full
observability);
ii) the agent has a set of actions that have known
deterministic effects;
iii) some states are goal states, the agents wants to
reach one of these goal states, and the agent can
recognize a goal state;
iv) a solution is a sequence of actions that will get
the agent from its current state to a goal state.

2.6. State Space
All the possible states reachable by a set of actions
from an initial state constitute a state space. This
state space forms a map of interconnected states,
where a path from an initial state to a goal state
can be defined. This path is the solution for any
given problem with a reachable goal state.

Therefore, a successor state is the result of the ap-
plication of an action. Given an state ψi ∈ Ψ sup-
pose that theK states {ψi+1, ..., ψi+k, ..., ψi+K}
are created by a given action γ ∈ Γ. The successor
function succ(ψi) is then defined as:

succ(ψi) =< γ,ψi+1 >, ..., < γ, ψi+K > (4)

The result of the expansion of each state of the
state space is the formation of a search tree that
grows with each successor state which can be ap-
proximately measured by the effective branching
factor that is a metric of the number of successors
by a ”typical” state, and is given by the equation:

T =B +B2 + ...+Bd, with B ≥ 1 (5)

Figure 2: State space representation.

3. The Intelligent Planning Solution
For finding the solution for the logistics manage-
ment problem an intelligent planning approach was
used. A deterministic planner was created to pro-
duce a plan, which is a sequence of actions to
achieve a goal from a given start state. The strat-
egy constitutes in treating the planning problem as
path planning problem in a state space graph. The
model previously exposed constitutes the founda-
tions for the formulation of the method. In short,
a planning algorithm calculates for each state every
valid successor state until the goal is reached. The
goal state is a proposition that must be true in the
final state of a search and is given as a input to
the planning function. The solution developed is a
multi-goal system composed of multiple interacting
intelligent agents within an environment, meaning
that their actions are decentralized and they have
the capacity to execute the them autonomously, im-
pacting the actions of others.

The end product of planning algorithm is a plan,
which is a sequence of steps to reach a specific goal.
A plan of size d can be expressed as the ordered
set of tuples of actions, γ ∈ Γ, applied to agents,
a ∈ A, in the form S = (< γ1, a >, ..., γd, a),
where d is the the length of the plan. Therefore
some properties can be defined for the solution.

An action is a defined operator executed by an
agent capable of modifying the state of a problem.
The set of all K actions can be defined as a set Γ:

Γ = {γ1, ..., γk, ..., γK} (6)

The agents inside a warehouse are capable of exe-
cuting three fundamental actions: move, load and
unload. The combinations of those three opera-
tions grant the agents the capabilities of modifying
the world state. The load is the operator that en-
ables an agent a to load an agent b and its pay-
load, if applied. Agent b then is carried by agent
a and every move action by a impacts the whole
set. The load operator is possible only when the
class of agent b satisfies the equation cb = ca + 1
and agent a must be of class K. The load is the
operator that enables an agent a to load an agent
b. Agent b then is carried by agent a and loses its
moving capabilities, if applied. The load operator
is possible only when the class of agent b satisfies
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the equation cb = ca + 1 and agent a must be of
class K. The unload action is the inverse of the
load operator. It unloads an agent b that is loaded
by agent a. It’s only possible to be executed by an
agent of class K.

The search algorithm used by the planning algo-
rithm was the A star, which is a computer search
algorithm commonly used in path finding problems
as the traveller salesman problem. The A* search
algorithm works in exactly the same way as Di-
jkstras. The only difference is the inclusion of a
heuristic function that estimates the cost to reach
the goal state ψg. The A star uses the sum of two
functions given by f(ψ) = g(ψ) + h(ψ) to at-
tribute a value to each computed state state. The
function g(ψ) gives the exact cost from the start-
ing state ψs to a successor state ψ. The function
h(ψ) is the heuristic estimated cost from any state
ψ to a goal state ψg. The heuristic is computed for
each new state using a heuristic function h(ψ), and
remarking that the number of states created can be
huge, it’s important that a heuristic should be easy
to compute, otherwise the overhead of computing
the heuristic could outweigh the time saved by re-
ducing the search. So a compromise between time
and space complexity should be made. Three dif-
ferent non-consistent heuristics were created plus a
consistent heuristic only used for comparison pur-
pose.

3.1. Planning algorithm Heuristics

The first heuristic is the simplest heuristic devel-
oped. Given a state ψ ∈ Ψ, it estimates the cost
for an agent a ∈ A to reach the goal node ng ∈ N
by following three simple assumptions:

i) The agent with a defined goal must not be
blocked by other agents in the same stack node,
until the goal node is reached;

ii) The shortest path to the goal is the best path
for reaching the goal;

iii) The goal node must have enough space for the
agent to move there.

It’s also important to define some variables:

i) cP : The path cost for reaching the goal from
the node the agents with defined goal occupy
in state ψ;

ii) cB : The number of other agents in the stack
node blocking the agents with defined goal ;

iii) cF : A variable indicating if the goal node has
enough free space for the agent a to move there.

iv) cM : The highest possible path cost inside the
scenario without recurrent nodes.

Based on previous definitions, the heuristic 1
function for a state ψ and for a set of agents a ∈ A

with defined goals is:

h1(ψ) =
∑
a

cP (a) + cB(a) + cF (a) (7)

The second heuristic was created as a evolution of
heuristic 1, introducing the concept of blocked path
to the goal node. Differently from heuristic 1, that
only takes in account the number of agents in the
stack blocking the goal defined agent, with heuristic
2 the whole path is analysed to find blocked nodes
until the goal node is reached. In short, the follow-
ing assumptions support this heuristic:

i) The agent with a defined goal must not be
blocked by other agents in the path, until the
goal node is reached;

ii) The shortest path to the goal is the best path
for reaching the goal;

iii) The goal node must have enough space for the
agent to move there;

iv) Agents with defined goal that can’t move must
be carried by another agent.

Similar to the previous heuristic, we can define
the following variables:

i) cP : The path cost for reaching the goal from
the node the agents with defined goal occupy
in state ψ;

ii) cB : The minimum cost of removing the agents
blocking the best path of the agents with de-
fined goal;

Based on previous definitions, the heuristic 2
function for a state ψ and for a set of agents a ∈ A
with defined goals is:

h2(ψ) =
∑
a

cP (a) + cB(a) (8)

The third heuristic was created in response to
the problems of heuristic 2 when two agents a1 and
a2 with different goals conflict, causing a overesti-
mated cost for the heuristic, which creates a ”chal-
lenge”. To avoid this kind of conflicts, a solution
was developed considering priorities of movement
based on the distance of an agent to the goal node
comparatively to other agents with defined goal and
the assumption that agents with the same goal node
must not block each other. In short, those assump-
tions are:

i) The agent with a defined goal must not be
blocked by other agents in the path, until the
goal node is reached;

ii) The shortest path to the goal is the best path
for reaching the goal;

iii) The path to the goal node must have enough
space for the agent to move;

iv) Agents with defined goal without moving ca-
pabilities must be carried by another agent;

v) Agents with the same goal must not penalize
each other because they have the same goal
location;
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vi) When agents have conflicting paths, the agent
that is further from its goal location must have
priority. If the agents are at the same distance
from the goal the path cost is halved.

Similar to the previous heuristics, we can define
the following variables:

i) cP : The path cost for reaching the goal from
the node the agents with defined goal occupy
in state ψ;

ii) cB : The number of other agents in the stack
node blocking the agents with defined goal,
with the challenge mechanism implemented;

iii) cL : The estimated cost for an agent a ∈
{L,M} ⊆ A with defined goal to be loaded
by other agent.

The complete function for heuristic 3 is written
in equation 9.

h3(ψ) =
∑
a

cP (a) + cB(a) + cL(a) (9)

A consistent heuristic was also created as a con-
cept of proof, but not as the main focus of this work.
Its assumptions are:

i) The shortest path to the goal is the best path
for reaching the goal;

Also, the following variables were used in creation
of the heuristic:

i) cP : The path cost for reaching the goal from
the node the agents with defined goal occupy
in state ψ;

The complete equation for the consistent heuristic
is presented in 10.

hC(ψ) =
∑
a

cP (a) (10)

4. Agents Optimization
In a warehouse environment, most of the times,
there is limited space for the autonomous vehicles
to operate and park, so the area has to be used fully
to make the most of the available space. It’s also
important to minimize the number of operations the
most used vehicles have to execute to accomplish a
certain task, improving the efficiency and speed of
execution as a whole. The parking space optimiza-
tion aims to find the best disposition of vehicles
inside the parking areas given the characteristics of
the warehouse. First and foremost it’s important
to identify the key aspects to evaluate the quality
of the space disposition. The optimality is found
by searching for the best variation of locations la
and relative position inside a stack qa of all agents
a ∈ A inside the scenario. The first logical premise
is that the most requested vehicles are the ones that
must be the most easily retrievable agents to carry
out a operation inside the scenario, or by using the

model language, we want to minimize the difficulty
to retrieve an agent in a stack based on its utiliza-
tion property ua. The second premise is that the
space disposition of the agents is dependant of the
distance of parking location to a reference node nr

in a warehouse, so that the parking areas closer to it
(for example: an exit) are the ones that impose the
lowest number of operations to reach. With those
premises in mind, a objective function was created,
defining this as a function optimization problem,
consisting of minimizing a real function by choos-
ing its input values from within an allowed set,i.e.,
given a function o : Ψ, N → R from some set
Ψ to the real numbers we want to find an element
ψ0 ∈ Ψ such that o(ψ0, nr) ≤ o(ψ, nr) for all
valid ψ ∈ Ψ and fixed nr ∈ N . The objective
function assign a score to a state defined by the
agents inside the parking nodes. The following ob-
jective functions were defined for this problem, each
one of them resulting in different optimal configu-
rations:

o1(ψ, nr) =
∑
a∈A

[q(a)2 + cp(l(a), nr)]ua

(11a)

o2(ψ, nr) =
∑
a∈A

q(a)2.cp(l(a), nr).ua (11b)

In chapter 2.5 we defined the state as the set of rela-
tive positions of all agents in the scenario, meaning
that for each agent a ∈ A the configuration inside
the scenario is defined by the set {q(a), l(a)}a∈A

while the relative position of payload agents is
maintained fixed from the initial state trough the
calculation of the solution, thus it isn’t considered
in function 11. The problem exposed previously is
the problem of finding the best solution from all
feasible solutions. As definition, the variables rep-
resented are discrete, so the problem can be treated
as a discrete optimization problem. For this to pos-
sible, the positions an agent can assume inside the
stack were discretized to make the search space fi-
nite.

To validate all possibilities and verify if the con-
straints are met, a difficulty arose when trying to
represent a full solution when expanding the states
as the variables are dependent of each other. To
solve this problem, the search space was divided
in partial representations of the complete state (or
subspaces) and, at each iteration, a new subset of
variables was analysed, until a complete state solu-
tion is met. The partial state representation is con-
structed by isolating each agent and varying its vari-
ables at each depth of the tree. As it goes deeper,
it builds towards the complete state, in order that
the solution is always found on a leaf node of the
tree.
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Figure 3: Branch and Bound second expansion ex-
ample.

The solution to solve this problem was found in
the Branch and Bound algorithm (B&B) used for
discrete and combinatorial optimization problems,
as well as mathematical optimization. A branch
and bound algorithm consists of a systematic enu-
meration of candidate solutions by searching the
best solution in complete space of solutions for a
given problem. At each iteration, an expansion pro-
cess occur. At each new expansion, the variables
{q(a), l(a)} for only one agent is calculated, thus
creating a tree of combinations for the variables of
the objective function being optimized. The search
algorithm recursively builds the state by creating
all the possible combinations of variables values for
every agent, and at every iteration those variables
must fulfil the constraints imposed by the partially
defined model constructed up until that point. Be-
cause in the search for the optimal disposition of
the agents in the park space the state is build in-
crementally, the visibility of the agents with unde-
fined variables is limited. Therefore, a guess of the
cost of the complete state has to be made. To guess
the ”invisible” part of the state, a heuristic that
underestimates the value of the complete objective
function was created. This is done by attributing a
value for the unassigned variables.

To speed up the search for the optimal solution,
an algorithm was created to calculate an approx-
imate upper bound solution for the B&B algo-
rithm, giving an estimated upper bound cost of the
optimal solution as input to the Branch and Bound
algorithm. This increases the speed of calculation
of the optimal solution by increasing the number of
pruned nodes.

5. Implementation
The model described in chapter 2 was implemented
with a flexibility philosophy in mind: the problem
definition has to be arbitrary and must adapt to an
input from the user using a graphical user interface
to interact with the scenarios and modules. The
end result is an the graphical user interface (GUI)
(figure 4) where the user can define and analyse the
different results for the logistics planning problem
and the optimization tool. This interface can be
divided in five main components: i) the goal defini-
tion for the planning algorithm; ii) the definition of
the settings for the planning algorithm; iii) the sim-

ulation of the planning result; iv) the optimization
problem control with the definition of its input vari-
ables; v) a frame with the graphical representation
of the scenario and its state.

Figure 4: GUI snapshot.

The algorithms and the GUI were implemented
using the MATLAB environment. The goal of this
work was not to achieve the best performance of
the algorithms, but to implementation the different
modules in the same conditions, enabling us to re-
trieve conclusions about the impact of the different
methodologies used to solve the logistics manage-
ment problem. The GUI also have a simulation tool
were the created plan is simulated and the solution
for the optimization problem is displayed.

The GUI also accepts a configuration file as an
input that can be defined the user of the tool.

6. Results

The tests to evaluate the algorithms performance
and the created model were carried out in the user
interface environment. Different configurations and
problem sizes have been used to test the algorithms.

The simulations results were divided in two core
aspects of this thesis objectives. The individual
modules of the proposed solution were tested sepa-
rately: the actions planning algorithm tests were
presented first and the space optimization algo-
rithm later.

Three scenarios were used in the tests for the
planning algorithm: the small scenario, the HCB
scenario and the Big scenario. For the optimization
tests, the HCB scenario was utilized. Also, those
scenarios were tested using different configurations
of agents. They were chosen to characterise differ-
ent real world configurations where autonomous ve-
hicles may have to operate. Different configurations
for the agents were used in the tests. Three impor-
tant circumstances were considered: The number
of agents in the scenario, the relative positions and
their positions in the stack node.

6.1. Planning Tests

The planning tests were divided in three batches of
tests, each with different configurations and goals,
showing the flexibility and robustness of the algo-
rithm. The first tests were made on the small sce-

7



nario, the second batch was made using the HCB
scenario and the third was on the big scenario.

For the small scenario, the tests carried out tried
to show the basic functionalities of the planning so-
lution, but also testing the algorithm in small sce-
nario with few vehicles. The results made evident
that, for this scale, the solution for each respective
goal is quickly found, because the number of agents
and nodes is small. Therefore, a simple comparison
with the later tests showed that, in general, the al-
gorithm computes the solution faster than the other
bigger scenarios. This is due to the fact that the
average number of successors generated at each ex-
pansion and the size of the three is smaller when
compared to the other configurations. With that
said, the heuristic 3 and 2 were the most compe-
tent ones, with lower standard deviations for the
time of calculation and effective branching factor,
with heuristic 3 showing the most consistent results
across the board. Heuristic 1 on the other hand re-
vealed a better timing performance due to the low
computations required by this heuristic.

The HCB scenario is modelled after the Hot Cell
Building of ITER. This scenario is the most flexible
one, testing the behaviour of the planning heuristics
in a real representation of a confined space. Agents
in these type of scenarios have little space for move-
ment and every error could lead to serious disas-
ters. This scenario is bigger than the previous one,
and therefore the number of feasible states is a lot
greater than the small scenario. The space complex-
ity is a problem for these types of scenarios, as the
three of search grows exponentially with every iter-
ation of the algorithm. The results showed that the
space complexity did not significantly impact the
results for the Heuristic 3 as much, with heuristic 2
being in the middle performance-wise and heuristic
1 with the worst expected results, despite is, sim-
ilar to the previous scenario. The time elapsed in
calculating the solution showed a exponential trend
with the number of states analysed, which is the
expected output, as the branching factor gets big-
ger and with that the number of nodes in the queue
grows, increasing the space complexity of the algo-
rithm. Again, heuristic 1 revealed a better timing
performance.

The big scenario is an attempt to recreate a big
warehouse with little space for movement, where
the agents have to coordinate its actions to traverse
the transport lanes safely. Compared to the HCB,
this scenario is larger, but the flexibility of move-
ment is more limited, creating a lot more of op-
portunities to test scenarios where the agents have
conflicting paths. Analogously to the previous sce-
nario, the number of feasible states is very large,
requiring a good heuristic to produce a solution in
reasonable time. For this scenario, Heuristic 2 and

3 were very close when evaluating the performance
as the effective branching factor and time elapsed
to calculate a solution were very close, while, once
again, heuristic 1 achieved the worst results overall.

Using the HCB Scenario, the consistent heuristic
was evaluated comparatively to heuristic 1 and 3, in
an attempt to observe the impact of the consistency
property in the search for the solution. Analysing
the results, was clear that the consistency property
of the heuristic does not reflect in a more efficient
problem calculation, and, as the results shown, the
opposite was true, taking longer for the algorithm
to reach the solution comparatively to the other so-
lutions. Since a warehouse is most of the times a
busy place, a efficient heuristic is required to pro-
duce a solution in a reasonable time. The trade-
off between efficiency in reaching the solution and
optimality does not justify the use of a consistent
heuristic.

Also, the scalability tests revealed that the mean
time of calculation of the heuristic increases with
the number of agents with defined goal.

6.2. Optimization Tests

The optimization problem formulated was tested
with various configurations and parameters,
analysing the impact of each parameter in the
search for the optimal solution. For these tests,
the HCB scenario was used with nine agents to
restrict the number of successor states generated
each iteration, reducing the search space, since the
optimization algorithm only finishes when all the
feasible states has been analysed. The results were
simulated using different combination of objective
function, reference nodes and search methods.

The optimization results showcased that the opti-
mization algorithm have different performances us-
ing different configurations. The first notorious as-
pect was that the objective function 2 have bet-
ter results overall, calculating the optimized state
faster than the function 1 solution, with fewer states
analysed and with the same end-result. That result
is expected since function 2 has multiplication fac-
tors in its equation and function 1 does not, as the
derivative of function 2 is higher than heuristic 1,
meaning that the optimization algorithm is quicker
in reaching the optimized state because each varia-
tion of inputs will have a bigger impact to the out-
put value of the function and the algorithm will get
closer to the minimum of the function faster.

The results also reveal that the deph-first search
method is much more faster than the best-first
search in reaching a solution. This due to the fact
that in the BFS solution we are searching for the
solution by analysing the most promising states at
each iteration, but the complete state is only built
in the leaf node of the search tree, because we are
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assigning values of locations for each agent as the
algorithm progresses further in the tree. In other
words, the solution is far from the root state and
can be very wide depending on the number of fea-
sible combinations for each agent. As such, until
the leaf node is reached, the heuristic is working to
underestimate the values of the variables not yet
known of that state instance, and the DFS reaches
the leaf node faster. In the BFS method, the queue
of instances yet to be analysed grows faster, increas-
ing the memory needed for the algorithm, with a
huge impact in its performance. The results were
simulated using different combination of objective
functions, reference nodes, search methods and and
the inclusion of an approximate optimized state cost
as an input to the search. When analysing the re-
sults for the runs with initial state it’s evident that
the tests with initial state performed better than
those without it, because the initial guess can be
used to guide the algorithm faster to the solution,
increasing the number of nodes pruned when this
option is enabled (this effect is also more notorious
in the BFS method).

The state generated for the approximate upper
bound is a very good guess of the optimized state
It escalates very well with the number of agents in
the map and for the problem exposed in this section
it calculates the solution quickly, meaning that in
situations where the number of agents in the map
is very large, it should present a feasible solution to
the optimization problem.

Also, the scalability tests also revealed that the
branch and bound algorithm increases its time com-
plexity exponentially with the number of agents to
be optimized in the scenario.

7. Conclusions

The logistics management of mobile robots in con-
fined spaces is a problem applied to the ITER ex-
periment, but the proposed model is flexible enough
to be expanded to other scenarios, using analogous
definitions found in any warehouse across the globe.
While the emphasis in this work was not the perfor-
mance of implementation ”per-se”, but the quality
and effectiveness of the search for the solution, im-
pacting the readiness in which the solution is found,
reflecting in lowest times needed to calculate a lo-
gistics management plan.

When evaluating the planning algorithm results,
the Heuristic 3 is the one that achieves all that
requirements and better results overall, despite its
weakness when evaluating the time complexity, it is
the most robust solution as evident by the effective
branching factor, producing a plan for every feasible
goal with similar costs as its counterparts. Heuris-
tic 2 is also a solid choice when the goals aren’t too
complex or the warehouse is small, but the robust-

ness is not on par with heuristic 3, struggling to
find the solution when agents have conflicting goals.
Heuristic 1 is the simplest one, and while it has
good results in small scenarios and better time com-
plexity overall, is the least robust of the solutions.
The size and quality of the plan was similar for the
three heuristics. This shows that a good heuris-
tic for the planning problem has to take in account
all the key impacts the agents may have with each
other, taking full advantage of their knowledge of
the space and its relations with other agents. This
enables us to reach the conclusion that, while here
all the properties were simulated, in a real world
scenario the agents must have inputs of their sur-
rounding and must communicate with each other at
all times, coordinating each move.

For the optimization side of the work, the goal
was to find the best space disposition of the vehicles
given its utilization factor, that is, the probability
of a certain agent to be used. The problem was for-
mulated as function optimization problem, where
an objective function was minimized to achieve the
best disposition of the robotic vehicles in the sce-
nario. As the test results show, the difference be-
tween the two functions is obvious. Function 2
has the best results both in times of calculation
and effective branching factor, reflecting in fewer
states analysed to reach the optimized state, deliv-
ering the best results across the board when com-
pared to Function 1. When examining the search
method, the DFS displayed the best approach for
the branch and bound algorithm. This is due to the
fact that the algorithm develops the state incremen-
tally, and the DFS is the method that produces full
solutions quicker, and therefore upper bounds. Fol-
lowing the previous observations, the conclusion is
that the best combo for the optimization algorithm
is definitely Function 2 + DFS. The Branch
and Bound algorithm for solving the optimiza-
tion problem also turned out to be very good so-
lution, but it’s performance was highly affected by
the amount of agents to be optimized in the sce-
nario, being exponentially slower with the increase
of their number. Nonetheless, it’s a solid approach
at the optimization process of a continuous function
with discrete variables. The state produced by the
approximate upper bound solution also revealed to
be a very good solution when the scenario have a
large set of agents, having great scalability and pro-
ducing a solution faster than the Branch and Bound
alternative.

It is clear by the simulation results that the solu-
tions implemented accomplished the main objective
and can improve the logistics operations of a envi-
ronment ranging from the ITER experiment to a
simple warehouse of commercial goods. The plan-
ning algorithm calculates a plan to reach a certain
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goal state, coordinating the actions of all the agents
on the scenario, thus improving the efficiency of a
warehouse and minimizing the risk of accident. The
optimization algorithm adds a second layer of im-
provement of the logistics system by organizing the
vehicles to improve resource exploitation. The pre-
sented solutions also revealed to be flexible enough
to be applied to an extensive range of warehouse
topologies, as the abstractions made to the elements
enable them to describe most of the problems re-
lated to the planning of operations and space opti-
mizations. Also, the heuristics created do not de-
pend on the typology of the scenario, but are effi-
cient enough to be used in any scenario described
by this model.

In future developments, a most robust implemen-
tation and a more efficient programming language
will definitely improve the execution time and space
complexity of the algorithms, producing solutions in
lesser times. In a commercial standpoint, it will be
interesting to see a real time logistics management
software, where the software supervised the opera-
tions on the fly using inputs from the sensors, learn-
ing from experience and adjusting its behaviour, us-
ing a machine learning approach to accomplish that
task.
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