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Sammandrag

�Okad komplexitet inom industriell automation st�aller allt h�ogre krav p�a 
exibla och adaptiva styrsys-

tem som kan hantera uppgifter p�a ett dynamiskt s�att. Detta kandidatarbete bem�oter dessa utmaningar

genom att utveckla en ROS2-baserad infrastruktur och styrsystem f�or autonoma robotar i en simulerad

fabriksmilj�o, enligt anvisningarna f�or t�avlingen Agile Robotics for Industrial Automation Competition

(ARIAC). Den f�oreslagna l�osningen integrerar en s.k. operation runner f�or uppgiftskoordinering samt

ett Convolutional Neural Network (CNN) f�or realtidsklassi�cering av komponenter. M�als�attningen �ar

att optimera anpassningsf�orm�aga och e�ektivitet inom ramen f�or en dynamisk tillverkningsmilj�o.

Styrsystemet �ar uppbyggt kring ROS2:s ramverk och utnyttjar dess kommunikationsstrukturer s�asom

topics och services, f�or att m�ojligg�ora integrerad hantering av automatiserade styrbara fordon (Au-

tomated Guided Vehicle (AGV):er), robotarmar och t�avlingsinfrastruktur inklusive orderhantering.

Operation runner:n ansvarar f�or en dynamisk koordinering av uppgifter genom att utv�ardera pre- och

postconditions f�or exekverbara operationer, vilket m�ojligg�or styrning av 
era robotenheter parallellt.

F�or objektklassi�cering s�a utvecklades ett CNN, vilket var tr�anat p�a HSV-maskerad och bearbetad

bilddata. Detta CNN uppn�ar en robust klassi�cering av komponenter trots variationer i orientering

av komponenterna. Operation runnern visade sig e�ektiv i koordinering av AGV:erna och skalbarhet,

medan CNN:et uppn�adde god prestanda i realtid. Trots dessa framsteg kunde en fullst�andig inte-

gration mellan styrsystemet och de visuella klassi�ceringssystemet inte genomf�oras, huvudsakligen p�a

grund av tidsbegr�ansningar och tekniska utmaningar.
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Abstract

The increasing complexity of industrial automation demands agile and adaptive control systems ca-

pable of dynamic task execution. This thesis addresses these challenges by developing a ROS2-based

infrastructure and control system for autonomous robots in a simulated factory environment, aligned

with the Agile Robotics for Industrial Automation Competition (ARIAC) 2024. The proposed solu-

tion integrates an operation runner for task coordination and Convolutional Neural Network (CNN) for

real-time part classi�cation, aiming to optimize adaptability and e�ciency in a dynamic manufacturing

setting.

The control system leverages ROS2’s communication framework such as topics and services to man-

age Automated Guided Vehicle (AGV), robotic arms, and competition infrastructure such as orders.

The operation runner dynamically coordinate tasks by evaluating preconditions and postconditions of

executable operations, enabling scalable control of multiple robots. A CNN, trained on HSV-masked

and augmented image data, achieves robust part classi�cation despite variations in orientation. The

operation runner demonstrated success in AGV coordination and scalability, while the CNN demon-

strates real-time capabilities with classi�cation tasks. However, the integration of the control system

and vision components together and into the ARIAC competition framework was not fully realized,

mainly due to time constraints and technical challenges.
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1. Introduction

The future of automated systems is expected to rely heavily on complex resources, such as au-
tonomously roaming robots capable of performing various tasks including material handling [1]. In a
factory setting, this may involve industrial robots conducting operations such as kitting or assembly.
However, industrial robots still face signi�cant challenges when operating in unstructured and dynamic
manufacturing environments, where object locations are not �xed, layouts may change frequently, and
unexpected disruptions can occur [2]. These environments demand high levels of 
exibility, which
many current robotic systems lack. Typical di�culties include recovering from task failures, adapt-
ing to unforeseen changes in the environment, and executing �ne motor tasks such as grasping with
precision, all without external intervention.

Unstructured environments are characterized by frequent and unpredictable changes, for instance;
shifting part locations, 
exible production layouts, and interactions with human workers. To operate
e�ectively in these settings, robots require more advanced control systems [1]. One common strategy is
automated control, where the control system continuously makes decisions based on the current state
of the system.

In this project, a combination of automated control and computer vision is used to address these
challenges. By using visual sensor input to inform decision-making, the system gains a better under-
standing of its surroundings and can adapt its behaviour accordingly. Cameras and image processing
techniques are used to detect part types, positions, and orientations. The vision system combines Hue,
Saturation, Value (HSV)-based colour masking and a Convolutional Neural Network (CNN) to classify
and localize parts. This supports both 
exibility and autonomy in the control system, enabling the
robot to perceive and respond to dynamic changes in real time.

1.1 Aim of the Project

The primary objective of the project is to develop an infrastructure and control system using ROS2 for
a simulated factory in Gazebo. Speci�cally, the aim is to develop a Competitor Control System (CCS)
compatible with theARIAC 2024 competition, focusing on the core of the competition - developing an
agile infrastructure and control system for a simulated factory.

The project aims to solve the task by developing and employing an operation runner and a CNN, that
together will work as the control system managing the simulated factory.

1



1.2. RELEVANCE OF THE PROJECT

1.2 Relevance of the Project

The project is relevant due to the rising need and utilization of virtual commissioning and intelligent
control algorithm based manufacturing systems. Manufacturing can be complex but utilizing virtual
commissioning and intelligent control algorithms is a way to increase productivity. [3]. Virtually
commissioning industrial robots is also important since it provides a safety and certainty aspect that
the robots will act correctly in di�erent situations - it is a way to ensure no problematic or error �lled
code will be deployed. A successfully implemented virtual commissioning environment lessens the risk
of potentially damaging equipment and humans when taking the step from simulation to the real world
[4].

Since 2018 up until 2024, there has been a 12% increase of operational robots and in 2023 the total
number surpassed 4 million. [5] Given these numbers, its safe to say that there is an increasing demand
for the control of the robots as well.

There is also a cost-aspect that can be said about the simulation of systems in this manner, as it can
help reduce waste. For example, one could avoid errors of ordering components that are not ideal, and
could also �nd ways to optimize energy usage before committing to a physical design. [6]

The reasons listed shows that our project is a great way to become more prepared for a future in
automation- and production-engineering.

Page 2 of 54



2. Background

The following sections present the technical background required for the project. Firstly, it covers
the background necessary to understand the Agile Robotics for Industrial Automation Competition
(ARIAC) environment and ROS2, the later sections cover the theories regarding the control system
and the vision aspects such as Convolutional Neural Network (CNN) and data collection.

2.1 The Agile Robotics for Industrial Automation Competi-

tion

As mentioned, this project aims to develop a control system for ARIAC, which is a competition
organized by the National Institute of Standards and Technology (NIST). [7] NIST organizes this
competition annually and it is set in a virtual warehouse environment in Gazebo. Robots are to
perform series of tasks, such as assembly and pick-and-place operations, while also trying to optimize
factors such as e�ciency, speed, and adaptability. The competition acts as a way for NIST to gain
insight on how to further their research and methods to improve robot adaptability and agility, which
means that the core focus of the aim of the competition is just that - improving industrial robot agility.

NIST divides their de�nition of agility for industrial robots as four main parts, 1) Failure identi�cation
and recovery, 2) Automated planing, 3) Not strictly structured environment, which entails automation
�xtures and 4) Di�erent types of robots working in a shared environment [8]. This is the de�nition
used for industrial robot agility in this project.

The criteria that is evaluated in the competition are from a list of 8 scenarios, where one, several or
none can be used in a trial [7]. The scenarios are detailed in section A.2 of the appendix, while the
scoring for the scenarios is described in sections B.1-B.4. The trials may vary from year to year.

2.2 Main Software Used for the Project

The following sections provide a brief background on the main software that was used for the project,
namely ROS2 and Gazebo. A brief explanation of the ARIAC environment is also presented.

3



2.2. MAIN SOFTWARE USED FOR THE PROJECT

2.2.1 Robot Operating System 2

ROS2, short for Robotic Operating System 2, is a software development platform for robotic appli-
cations, created by Open Robotics [9]. It is open source, which provides freedom and 
exility to
customize the usage of ROS2 for every speci�c project. ROS2 also provides tools, libraries and capa-
bilities needed for developing robotics applications, as well as it being easy to integrate with existing
software. ROS2 provides a message-passing system, that saves the developer time, as it manages the
communication between nodes through an anonymous publisher-subscriber pattern [10], making it a
useful tool.

One large advantage of using ROS2 is its big global community of developers - ROS2 is made by
developers for developers [9]. Open robotics [10] describes ROS2 as a "cornucopia of robot software",
meaning that ROS2 has a great supply of building blocks one might need for a robotics project - e.g.
everything form drivers and algorithms to user interfaces.

2.2.2 The ROS2 Message Passing Systems

In ROS2, nodes have di�erent ways of communicating with each other, among other things topics,
services and actions. These three will brie
y be explained in the following paragraphs.

Topics are used for one-way communication, where nodes publish messages with a unidirectional data

ow. Any node that requires the information can receive it by subscribing to the topic[11]. The
structure of a message sent over a topic follows a prede�ned format, ensuring that both publishers and
subscribers can interpret the data correctly.

ARIAC uses many di�erent topics in the environment to relay important information. One example is
the /ariac/sensors/camera/image topic, where a camera sensor publishes images. Nodes can sub-
scribe to this topic to receive and process the camera images. Another example is the/ariac/orders ,
where the ARIAC controller node publishes orders. The competitor's robot logic nodes subscribe to
this topic to determine which parts to pick, assemble, or deliver.

Services provide a way for nodes to communicate through a structured request-response mechanism.
In contrast to topics, which only supports unidirectional data 
ow, a service has bidirectional inter-
actions, by allowing a node to send a request and receive a corresponding response [12]. Services are
used when a response is required or to trigger an event. Similarly to topics, the request and response
must follow a shared message structure to ensure the client and server can communicate correctly.

For instance, in ARIAC framework, there is a service named/ariac/move agv . After loading parts
onto an Automated Guided Vehicle (AGV), the robot node calls the /ariac/move agv service with
a request to send AGV to the designated assembly station. The system then checks if the AGV is
ready, and if so, initiates the movement and responds with a success message.

Actions is another communication type in ROS2 that is speci�cally designed and intended for long-
duration tasks that require extended execution time [13]. Unlike services, actions support cancellations
and can optionally provide real-time feedback during the execution of the task, rather than only
reporting a �nal result upon completion. A typical example of an action is moving a robot from one
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2.2. MAIN SOFTWARE USED FOR THE PROJECT

location to another. When an action is initiated, a goal for the action is communicated, such as for
example move Robot A to position 2. Robot A then receive this goal, execute the corresponding
movement, and reports back when it has reached the target position.

2.2.3 Gazebo

Gazebo is an open source robot simulator, which with great accuracy and e�ciency can simulate
di�erent robotic systems and environments. Common systems and environments can for example be
autonomous driving systems or industrial factory robots. Gazebo provides advanced robust physics
engines, high quality graphical rendering, programmatic interfaces, and, most notably for this project,
seamless integration with ROS2 [14].

2.2.4 The ARIAC Environment

NIST provides a simulation environment for the ARIAC competition, which the code of this project is
based on. The competition simulates a complex industrial environment comprising of various di�erent
sensors, robots, and parts, all of which must be e�ciently managed for creating a functional automated
warehouse environment. Figure 2.1 illustrates the setup of the warehouse in Gazebo. The di�erent
tasks that can be preformed in the simulated factory is kitting and assembly tasks, which are described
in detail in section 2.2.4.2. The following sections outlines the key information required for designing
the control system. For a comprehensive overview of the components used in the environment, like
the sensors, parts, and robots, see section A.3 in Appendix A.

Figure 2.1: Image showing an overview of the ARIAC environment, featuring a conveyor belt �lled
with parts, a robot arm mounted on a rail parallel to the conveyor belt (
oor robot), eight bins (a few
of them containing parts), four AGV, a ceiling robot, two kitting stations, and four assembly stations.
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2.2. MAIN SOFTWARE USED FOR THE PROJECT

2.2.4.1 Control Flow - the Systems at Play in the ARIAC Environment

Within the ARIAC environment, two main systems are at play - the Ariac Manager (AM) and the
Competitor Control System (CCS). The AM primarily simulates the environment in which the program
will run [15], as well as it manages the ROS2 interface. A 
owchart illustrating the logic of the AM,
and its interaction with the CCS is provided in Figure A.1 in Appendix A. The AM is not implemented
by the competitors and is provided by NIST.

The second main system, as previously mentioned, is the CCS, and the primary function of the CCS is
to communicate with the ARIAC system through ROS2 interfaces, like messages, services, and actions,
to receive and execute orders from the AM [15]. The CCS await di�erent orders from the AM and
once an order has been received, the CCS is responsible for carrying out the speci�c task required to
complete the order. Orders are in this scenario, di�erent pick-and-place tasks, and these are explained
more in the next section, 2.2.4.2. The CCS works on completing all the orders it has been sent until
all orders are ful�lled, after which the CCS signals the AM to terminate the program.

2.2.4.2 Orders

In the ARIAC environment, an order is a pick-and-place task that includes a set of speci�c requirements
that must be met to complete successfully[16]. There are two main types of pick-and-place tasks;
kitting and assembly. Additionally, there is a third type of order, which is a combination of the two
aforementioned tasks.

The kitting task is a process of gathering di�erent parts and placing them together on a kit tray,
see section A.3 for more information about the parts used and A.5 for more information about the kit
trays. The role of the CCS in a kitting task is to:

1. Locate the kit tray with the speci�ed ID, on one of the two kitting stations.

2. Pick, place, and lock the tray on the speci�ed AGV.

3. Pick and place desired parts onto the kit tray in the correct, speci�ed quadrant of the tray.

4. Perform a quality check and �x possible issues, like for example checking for broken, missing, or
incorrect parts.

5. Direct the AGV to the warehouse.

6. Submit order.

The Assembly task is a process of installing parts on a �xed insert - a container that holds parts,
see section A.5 for more information. For this task, the parts that will be assembled will be spawned
on the AGVs. The role of the CCS in an assembly task is to:

1. Lock the AGV trays.

2. Move the AGV to its designated assembly station.

Page 6 of 54



2.3. CONTROL SYSTEM

3. Locate positions of parts on the kit tray.

4. Use the ceiling robot to pick up the parts and install the parts into the insert.

5. Submit order.

As previously mentioned, a Combined task is a task that is a combination of a kitting and an
assembly task, meaning that the task requires both kitting and assembly. During a combined task,
the CCS is supposed to �rst perform a kitting task and then proceed with an assembly task.

An order includes a few speci�cations; ID, type, priority, and announcement. These are used by CCS
for the completion of the orders. During the execution of orders di�erent challenges can arise, like for
example a robot dropping a part, these are speci�ed in section A.2 in appendix A.

2.3 Control System

Modern day automation form the backbone of industrial production, with its use seeing further im-
provements due to constant innovation, big data and improved e�ciency [17]. To manage the com-
plexity of automation, a control system is essential for coordinating tasks.

In the context of agile robotics, the control system is required to coordinate tasks and dynamically
respond to changing environments [18]. At the same time the control system is expected to be 
exible,
scaleable and recon�gurable in order to constantly tackle more complex situations [18]. The following
sections describe the theory for the individual parts of the control system developed in this project.

2.3.1 Operations

One of the fundamental components of this project's control system is operations. Our approach are
heavily inspired by Bengtsson, Bergagard, Thorstensson,et al. [19] and Dahl, Er}os, Bengtsson,et al.
[20] when de�ning our operations. The following sections describes the essential elements of these
operations.

A State can be de�ned as a set of tuples containing di�erent types of information about a system.
It can be described asS = fhvi; xi ig , where vi is a variable with domain Vi and xi 2 V i is a value.
It could for instance include the position of an AGV or the status of a robot's grip on an object. For
further details, refer to section 2.3.2.

A guard is a boolean function over a state. It can be de�ned asg : S ! f T rue; Falseg where S is
the state.

An action initiates state changes and initializes/resets the resources an operation requires/required
to execute. Actions can range from for example modifying a state variable to invoking a ROS2 action
to move a robot. It can be described asa : S ! S.

Transitions consists of a guard and an action. As previously mentioned, a guard is a boolean function,
meaning evaluating the expression will yield a result that is either true or false. Transitions are enabled
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only when the guard evaluates to true, allowing the an action to be triggered. A transition can be
used to update a state, for example,T : S = f a = 1 ; b = 0g ! S = f a = 0 ; b = 1g, where T is the
transition and S is a state containing two variables,a and b.

Preconditions and postconditions are both transitions, meaning each contains a guard and an
action. However, they serve distinct purposes; a precondition is for initialising an operation, while a
postcondition is used to conclude the operation.

An operation represents a task that requires time to execute, and consists of a precondition and a
postcondition. When executed, it performs a low-level goal or action. The guard of the precondition
evaluates whether an operation can start, while the action updates the state to ensure the operation
can be completed without interference from for example other operations. Depending on the guards,
multiple operations can be run simultaneously, and it may thereby be necessary to add actions that
update state variables containing information about for example whether or not a robot is available or
busy. The postcondition's guard is then evaluated to determine if the operation has �nished, meaning
if the guard yields true, the action belonging to the postcondition will be executed and the operation
will be completed. Figure 2.2, illustrates a simpli�ed 
owchart of the logic of a precondition and a
postcondition working together.

Figure 2.2: A simpli�ed 
owchart of the logic for pre- and postconditions, when implemented together.

As previously mentioned, operations usually represent tasks that require time to complete. In contrast
to some other ways of modeling, using a postcondition makes it very easy to determine when an
operation has �nished, since the postcondition has a guard that only evaluates as true when the
operation is completed. The actions of the postcondition can be used to update estimated state
variables, that cannot be updated during the execution of the precondition. Some state changes
should only occur after the operation has been completed, such as for example an estimation of an

Page 8 of 54



2.3. CONTROL SYSTEM

object's new position after it has been moved, since the state determines what operations can be
executed.

Figure 2.3: An image visualizing an operation, which include two transitions: a precondition and a
postcondition, that determines when the operation can start or complete.[19]. Used with permission.

A visualisation of an operation can be seen in Figure 2.3, and an example of how to write and create
operations in Python can be seen in Listing 2.1.

Listing 2.1: A code snippet demonstrating how a for-loop can be utilized to create multiple simple
operations with minimal lines of code. The operations generated in the code snippet are rudimentary;
in practical applications, additional state variables would likely be incorporated into the guards of the
transitions. This code is intended solely for visualization puropses.

1 for i in range (10) :
2 ops [ f " moveToPos { i } " ] = Operat ion (
3 name = f" moveToPos { i } " ,
4 precondit ion = Transi t ion ("pre " ,
5 # guard :
6 g( f " robotAl lowedToMoveLocat ion && robotPos != { i } " ) ,
7 # act ions :
8 a( f " ! robotAl lowedToMoveLocat ion , robotMoveTo <- { i } " )
9 ) ,

10 postcondit ion = Transit ion ("post " ,
11 # guard :
12 g(f " robotPos == { i } " ) ,
13 # act ions :
14 a(f " robotAl lowedToMoveLocat ion , robotMoveTo <- {None }")
15 )
16 )

Alternative operation outcomes are feasible with operations through inclusion of multiple postcondi-
tions. Multiple postconditions allows an operation to for example have one postcondition for successful
task completion and one for failure. Consequently, the structure of operations thereby accommodates
the integration of failure handling, which is highly relevant for a control system.
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Operations are used as the building blocks which are executed towards reaching a goal. The goal
originates from an order within the competition, and to complete the goal, various di�erent operations
will be executed until the goal has been reached. According to Bengtsson, Bergagard, Thorstensson,et
al. [19], operations are self-contained and only encompass what is relevant for the operations' execution,
meaning one can implement the usage of operations in multiple ways, such as for example with a
sequence planner or an operation runner.

2.3.2 State

In an autonomous environment where numerous variables interact, it is crucial for the system to
evaluate conditions that determine when tasks can be coordinated and executed. Rather than explicitly
de�ning discrete states as in a deterministic automaton, the system operates by evaluating predicates
(guards) - logical expressions that describe properties of the current situation, such as robot status,
task progress or sensor feedback.

These predicates represent state space, conditions under which certain guards are valid. When the
current situation satis�es the predicate, i.e. when the guard evaluates to true, the system is considered
to be within a certain state space, allowing speci�c operations to be executed. An operation can only
start if its guard condition is satis�ed, enabling the system to transition from one state to another
through the execution of operations.

A pick-and-place operation for example may have a guard requiring that a part is detected and the
gripper is empty. Only when both of these conditions are true can the operation start. If the part is
missing or the gripper is already holding an object, the operation will not trigger, allowing the system
to wait or attempt alternative actions. This approach enables the system to adapt dynamically to
changes and sensor inputs without the need to de�ne every possible explicit state in advance.

2.3.3 Operation Runner

The operation runner is the component of the control system responsible for executing and coordinating
operations, which is done in accordance with the needs of the control system. The operation runner
executes operations by continuously evaluating all the guards for the di�erent operations. Additionally,
it ensures that each operation properly transitions through its starting, executing, and �nishing phase
while respecting its logical conditions, such as preconditions (guards) and postconditions (secondary
guards) as described above. As operations change the state of the system, the runner reacts and updates
which operations can run next based on the current state. Theoretically this makes the system 
exible
and able to handle di�erent tasks without needing �xed sequences, since every operation is being
evaluated and the current state is dynamically changed every time an action is executed.
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2.4 Convolutional Neural Network for Classi�cation of Parts

These following sections covers a short background on Convolutional Neural Network (CNN)s and the
data collection required for it.

2.4.1 Convolutional Neural Networks

The Convolutional Neural Network (CNN) is a method used for image classi�cation. CNNs loosely
mimic the way the human brain processes visual information by using layers of interconnected neurons,
hence the name 'neural network'. In these networks, neurons are connected across multiple layers,
forming a hierarchical structure that enables feature learning from images.

The basic architecture starts with an input layer where image data is received. This is followed by a
sequence of hidden layers and ends in an output layer, where each neuron corresponds to a possible
class. The values in the output layer represent the probability of the input image belonging to each
class. This can be achieved using a Softmax activation function, which transforms the raw output scores
into normalized probability values summing to one. During training, the network learns by adjusting
the weights - numerical values associated with each connection, to minimize the classi�cation error.

Two central types of layers in a CNN are convolutional layers and fully connected (linear)
layers . Convolutional layers apply small, trainable �lters that slide across the input image (or feature
map) to extract local patterns such as edges or textures. These �lters preserve spatial relationships
and reduce the number of parameters compared to traditional fully connected layers. Each �lter is
also known as akernel, which is a small matrix of learnable weights. At each step, the kernel is applied
to a region of the input image called a window, and the result of this operation is a single value in
the output feature map. As the kernel slides across the image, it learns to detect patterns such as
edges, textures, or shapes by adjusting its weights during training. In contrast, fully connected layers
called linear layers 
atten the data and connect every input neuron to every output neuron, which is
typically used at the �nal stage of the network for classi�cation.

An important part of this process is the use of activation functions , which introduce non-linearity.
Without them, the network would only be able to learn linear transformations. One of the most
commonly used activation functions is the Recti�ed linear unit activation function (ReLU), which
outputs zero for negative inputs and keeps positive values unchanged. Other functions such as Sigmoid
and Tanh exist, but ReLU is preferred due to its simplicity and strong performance. [21]

Another key component is pooling , especially max pooling , which is used to reduce the spatial
dimensions of feature maps. Max pooling operates by taking the maximum value in a small region
(e.g., 2Ö2 pixel window), e�ectively summarizing features while reducing computational complexity.
Pooling helps the network generalize better and become more robust to minor changes in the input
image.
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Figure 2.4: Visualization of the ReLU activation function.

To further promote generalization and prevent over�tting, dropout is commonly used. Dropout works
by randomly deactivating a subset of neurons during each training iteration. This prevents the network
from relying too heavily on speci�c neurons and forces it to learn more distributed and robust features.

2.4.2 Data Collection for a Convolutional Neural Network

A CNN requires a dataset for learning, which typically are divided into two main subsets; training
data and test data [22]. The training data is used to train the model during the model's development,
while the test data is employed to evaluate and verify the model after the model has been developed.
Additionally, a part of the training data may also be used as validation data during the model de-
velopment to optimize parameters. This entails that a lot of data is needed for the development of
the CNN. The division into the two main subsets occurs during the preprocessing of the data, and is
crucial, as validating the model on the same data it has been trained on can mislead the assessment
of the e�ectiveness and accuracy of the model.

2.4.3 Biases and Fairness in Data Collection and Machine learning

Here the term Machine Learning (ML) will be used, not to be confused with CNN; CNN is a subset
of ML [23], meaning ML is a broader term that encloses di�erent models, not only CNN.

Data is tightly tied to the functionality of a model, and if the data contains biases, the model will
inevitably learn these biases as well [24]. The negative consequences of a biased model can vary in
magnitude depending on the application of the model, but regardless, biased data and a biased model
should be avoided.

There are numerous types of biases in ML [22], each biases occurring throughout the di�erent stages
of the ML life cycle. For instance, learning bias and evaluation bias arise early on in the life cycle, and
they are tied to the data being used for the ML. Suresh and Guttag [22] emphasise the importance
of understanding the implications of each stage in the data generation process, since this can reveal
meaningful ways to prevent and reveal and identify the consequences of biased data. While not every
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problem in ML is connected to the data, biased data can and will impact the ML output, making it
crucial to consider how the data can introduce bias to the ML and what consequences it can give.

There are many biases to avoid, the following paragraphs brie
y describe a few of the biases most
relevant to this project.

Representation bias arise during the data collection and data processing phases [22], and it occurs
when one or more subgroups are underrepresented. Consequently, a CNN might infer, due to the
underrepresentation, that one thing is signi�cantly less common than another, even tough they occur
with the same frequency in reality.

One method to counter representation bias is to preform dataset balancing [25], which involves removal
of certain data from the dataset. Dataset balancing can enhance accuracy for underrepresented groups
within the dataset. However, depending on the method used, varying amounts of data will be removed
from the dataset, resulting in a loss of data in the process. Therefore, it is highly bene�cial to ensure
that no subgroups are underrepresented when collecting data.

Sampling bias occurs when a subgroup or multiple subgroups are not sampled randomly [24]. This
results in a model identifying trends in the data that cannot be generalized; the trends �t the sample,
but not for a broader population.

After a model has been trained, it is tested on new data - test data. Evaluation bias can occur when the
training data is not representative of the population[24] or if the metrics used to measure performance
is inappropriately selected. Therefore, it is crucial to carefully consider the test data and performance
measurement metrics to avoid biases.

2.4.4 HSV Masking

A standardized dataset can be created in several ways, a possible technical pre-processing step is
colour-based masking in the HSV colour space. HSV, which stands forHue, Saturation, and Value, is
a cylindrical colour representation model that separates image intensity from colour information.

ˆ Hue represents the type of colour, measured in degrees around the colour wheel (e.g., red, green,
blue).

ˆ Saturation describes the intensity or purity of the colour, from dull (grayish) to vivid.

ˆ Value indicates the brightness of the colour, from dark to bright.

Unlike the traditional RGB model, which mixes red, green, and blue light values directly, HSV bet-
ter re
ects how humans perceive and describe colour, making it more suitable for tasks like colour
segmentation under varying lighting conditions. [26]

An HSV mask is a binary image where each pixel is either white (included) or black (excluded), based
on whether it falls within a prede�ned HSV range. This allows for isolating objects of a speci�c colour,
simplifying subsequent processing steps such as contour detection and cropping.
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2.4.5 Image Standardization: Cropping and Centering

In image classi�cation tasks, standardization of input data plays a crucial role in improving model
performance. This includes maintaining consistency in aspects such as colour distribution, brightness,
orientation, centring, and spatial dimensions.

Two common techniques for spatial standardization arecentring and cropping . The centre can be
identi�ed by the primary object in an image using contour detection, a process that locates continuous
boundaries in a binary mask. Once the main object is detected, its approximate centre can be computed
using image moments - a mathematical approach for calculating the centroid based on pixel intensity
distributions.

Cropping is then used to extract a �xed-size region around this centre, ensuring the object is aligned
similarly across all training images. If the object is located near the edge of the image, padding
techniques can be applied to maintain the desired crop dimensions. These preprocessing steps reduce
input variability and improve the stability and accuracy of convolutional neural networks.

2.4.6 Data Augmentation Through Image Transformations

To train a CNN e�ectively, it is important to ensure that the data is varied, as the visual appearance
of objects in real-world conditions will rarely be identical in every instance. One way to introduce
such variation is through the use of image transformations that simulate di�erent types of noise.
Common examples include blurring techniques, which reduce image sharpness, as well as geometric
transformations that alter the shape or position of objects within the image. Here follows a brief
explanation of some subtypes that can be used.

ˆ Geometric transformations: These include rotation, shearing, translation, and resizing. They
simulate changes in viewpoint, object alignment, and spatial shifts that may occur in real-world
environments.

ˆ Blurring techniques: Gaussian and median blur can be used to simulate motion blur or
defocused images, mimicking situations where the camera lens might be dirty or out of focus.

ˆ Morphological operations: Dilation and erosion expand or shrink object boundaries, simulat-
ing visual noise or partial occlusion. Opening (erosion followed by dilation) and closing (dilation
followed by erosion) help in noise removal and shape re�nement.

These methods, known collectively as data augmentation, help improve the model's generalization
ability and are commonly used to enhance the robustness of machine learning systems - particularly
in vision-based tasks like part classi�cation.
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3. Method

This chapter describes the steps taken during the course of the project. It covers the applications,
choices, and processes used in the development work, as well as how the work was structured and
carried out. The aim is to give the reader a clear understanding of how the project was implemented
in practice.

3.1 Implementation Into the ARIAC Environment

To run implementations within the Agile Robotics for Industrial Automation Competition (ARIAC)
competition and environment, a correctly formatted competitor package was required. This package
follows a prede�ned structure speci�ed by National Institute of Standards and Technology (NIST)[27].
The environment operates through a two-terminal setup. In the �rst terminal, the ARIAC environment
is launched, initializing the simulation infrastructure. In the second terminal, a custom launch �le is
executed to start the competition as well as anything deemed necessary by the competitors, in this
project it is the control system and the Convolutional Neural Network (CNN) with their respective
components.

3.2 Development of the Control System

The Competitor Control System (CCS) is implemented in ROS2 using Python and serves as the central
coordinator for all robots and sensor actions during the competition. The CCS also functions as a
script that manages the competition, it reads incoming orders by subscribing to relevant topics, and
starts or ends the competition by publishing the appropriate signals to the Ariac Manager (AM), see
section 2.2.4.1 for further reference.

3.2.1 Robot Instance Methods

In order to be able to execute the actions of the di�erent operations, movements for the individual
robots and commands for the ARIAC environment need to be de�ned. This is done by creating a
ROS2 interface node that contains all the robot functions de�ned as instance methods, such as change
gripper or move to position as shown in listing 3.1,
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Listing 3.1: Instance methods de�ned for 
oor robots.

1 def change_gripper (self , gr ipper_type : int ) -> bool :
2 if not self . _f loor_tool_changer . wai t_for_service ( t imeout_sec =1.0) :
3 self . get_logger () . error ("Tool changer service not avai lable ")
4 return False
5
6 req = ChangeGripper . Request ()
7 req . gr ipper_type = gripper_type
8 future = self . _f loor_tool_changer . cal l_async ( req )
9 rclpy . spin_unt i l_future_complete (self , future )

10 return future . result () . success
11
12 def move_to_pose (self , pose : Pose , world_frame : str = " world ") -> bool :
13 goal = PoseStamped ()
14 goal . pose = pose
15 goal . header . frame_id = world_frame
16
17 self . _f loor_robot . set_goal ( goal )
18 plan_resul t = self . _f loor_robot . plan ()
19 if not plan_result . success :
20 self . get_logger () . error (" Planning fai led ")
21 return False
22
23 return self . _f loor_robot . execute ()

When an operation is being executed, the instance method required for the operation action is called.

3.2.2 Developing the Operation Runner

The development of the operation runner was carried out in several stages. As mentioned in section
2.3.1 an operation requires certain properties such as actions, guards, a state, and transitions to
be de�ned. These de�nitions were in the form of Python classes and were used for creating the
model containing the operations for the operation runner. Figure 3.1 illustrates the planned steps of
development for the operation runner. As shown in the �gure, the development began with emulating
the desired behaviour of the operation runner, followed by the implementation of a version capable of
interacting with the simulated environment.
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Figure 3.1: Image showing the �rst four development steps for creating the operation runner.

3.2.2.1 Emulation of Desired Behaviour

The �rst step of developing the operation runner was, as previously mentioned, to build a program that
could emulate the desired behaviour of the operation runner. The emulator was built with the help
of ROS2, and more speci�cally with the communication type of publisher-subscriber. The emulator
consisted of two nodes; one control node that contained the operation runner, and one client node
that responded to the control node's behaviour. The idea was to have a control node that would be
running the operation runner and publish the state as a ROS2 topic, and then to have the client node
listen to the state topic and publish another topic with state changes depending on the current state,
see Figure 3.2 for a visualisation. The control node would then listen to the state-change topic and
update the state accordingly, which in turn would mean operations would be able to start or complete.
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Figure 3.2: An image depicting two nodes and the communication topics between them, illustrating
the architecture of the emulator.

As mentioned in section 3.2.2, the model, in which one creates one's operations, requires a few pre-
made classes: actions, guards, state, transitions and operations. These were utilized to make a simple
model class containing the state and the operations, which means it was the class in which we de�ned
our state and the operations we wanted. The operations were de�ned as described in section 2.3.1.
Since this program was only intended for emulating the behaviour of the operation runner, it was
decided to only make two operations that the operation runner would be able to switch between, since
that would be good enough to analyse whether or not the operation runner had the desired behaviour.
The two operations used for the emulation can be seen in Listing 3.2.

Listing 3.2: Two operations created with the help of a for-loop in the model class.

1 for i , place in enumerate ([ 'Warehouse ' , 'Pos1 ' ,]) :
2 ops [ f " moveAGV1To { place }" ] = Operat ion (
3 name = f" moveAGV1To { place }" ,
4 precondit ion = Transi t ion ("pre " ,
5 g( f " AGV1_al lowedToMoveLocat ion && AGV1_pos !={ i } " ) ,
6 a( f " ! AGV1_al lowedToMoveLocat ion , AGV1_moveto <-{ i } " )
7 ) ,
8 postcondit ion = Transit ion ("post " ,
9 g( f " AGV1_pos == { i } " ) ,

10 a(f " AGV1_al lowedToMoveLocat ion , AGV1_moveto < -{ -1} ")
11 )
12 )

After de�ning the model, the operation runner could be developed. As detailed in the background in
section 2.3.3, the operation runner must iterate through all the operations in the model, evaluate the
guards of all the operations and start executing the ones whose guards evaluate to true. Consequently,
the operation runner was written as a function, in the control script, that would iterate through all the
operations in the model, evaluate their precondition guards and start every operation that it could.
The operation runner also had to be able to �nish operations, which means the same function would
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also iterate through all operations and check the guards of the postcondition to see if there was any
operations that could be completed. Lastly, a ticker was created, that then would call the operation
runner function every 100 milliseconds, enabling the control node to monitor for changes and thus
start and complete operations.

After writing the operation runner function for the control script, the publisher-subscriber commu-
nication was implemented. This would enable the controller node to communicate with other nodes.
This meant that a publisher was added, as well as a client listener to monitor a topic that regulates the
state. This would then enable another node to publish state changes that would a�ect what operations
could be run.

When the control node was done, the client node was written so that it would make state changes,
the operation runner in turn would cycle between starting and completing the two operations in the
model.

3.2.2.2 Simulation of Desired Behaviour

Once we had a working emulator for the operation runner, the next was to integrate the operation
runner into the simulated environment in Gazebo. To simplify this task, our main focus during this
step was to only focus on one AGV in the simulation. The goal was to have the AGV move between
two locations in the simulated environment, with the help of the operation runner.

When transitioning from working with the emulation to working with the simulation, we switched the
ROS2 communication type. Instead of using the publisher-subscriber communication style, like in the
emulator, a switch was made to use ROS2 actions instead. As brie
y mention in section 2.2.2, actions
are good for long running tasks, since they can be cancelled, provide feedback, and report back results
when completed. This makes actions highly suitable for tasks such moving a robot in a factory, since
the duration of a task can di�er due to things like interruptions and blockage, which could a�ect the
expected time of a task. It is critical to know when an operation has �nished, which means having an
action that reports back a result when a task is completed, is exactly what this type of control system
requires.

To test the control system, it was decided to divide the control scripts into multiple scripts - each
responsible for one part of the simulated environment, like explained in section 3.2.1. This meant
that a control script that had the responsibility for the AGVs was created, as well as scripts for the
other robots such as the 
oor robot or ceiling robot. The AGV control script contained functions that
would send service request to another node that managed the simulated environment, to make the
AGVs move within the simulation. For the communication with the operation runner node, an action
service was implemented to handle requests from the operation runner node. The AGVcontroller
script would then listen, and depending on the received action request, it would send a service request
to the appropriate AGV. It would then wait until the action had �nished, to then report back to
the operation runner node on the status of the action, indicating whether it had failed or succeeded.
Figure 3.3 depicts an image visualizing the architecture of the communication between the nodes. The
�gure is simpli�ed to only show the major relevant aspects of the action communication surrounding
the operation runner.
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