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Abstract

Optimization of the production processes is a major topic in industrial engineering. New
technologies such as Reinforcement Learning (RL) have emerged, allowing for novel
approachestotheissue of optimal production controlin allits aspects, including production
planning, maintenance and safety administration, logistics etc. Research on this field
focuses on training of agents in simulation environments mimicking the behavior of their
real-world counterparts. In this thesis, a simple 2-machine environment with intermediate
buffers and a client queue is developed and fitted with an RL agent as its master controller,
using the Proximal Policy Optimization (PPO) method. This agentis then trained on a number
of different scenarios, simulating environment variable fluctuations often met in real-world
production systems, such as increased demand or production costs. Though in a smaller
scale than a real industrial facility, training showed effective control of the production line
and, in some of the trained agents, resilience in more demanding scenarios. These findings
may assist in the future development of RL agents for use in the field of industrial control and
pave the way for more challenging problems to be tackled.
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MepiAnyn

H BeAtlotomoinon twv ypaupwy mapaywync sival éva peidov ATnua otov Ttoped ng
Bopnxaviac. Néeg avaduopeveg texvoloyieg omwe n Evioxutikn Mabnon (Reinforcement
Learning, RL) emtpémouv tnv epappoyn VEWYV Ttpooeyyicewv oTo TTPORANUA Tou BEATIOTOU
€AEYXOL TNCTIAPAYWYNC o€ OAOUC TOU TOUC TOME(C, TTEPIAAUBAVOEVOL TOU TIPOYPAUHATIOHOU
TApPAaywyneg, tne Olaxeiplong epyaclwy cuvinpnong kKat acddielag, tne £¢$odlaoTikng
aAucidag KATL. H uttdpxouoa peuva o€ auTto To TIEDIO E0TIALEL OTNV EKTTAIBEVCN TIPAKTOP WV
o€ TEPIBANOVTA TIPOCOHOLWOEWY TIOU PLHOUVTAL TN CUUTIEPLPOPA UTIAPKTWY CUCTNHATWY
TIAPAYWYNC. 2€ AUTH TNV gpyaocia, avantuxBnKe pla atAn YPA U TIApaywyng He 2 unxavec,
eVOLAUEDEC ATTOBNKEVUTIKEG HOVADEC KAl OUPA AVAROVI G TIEAATWY, GTNV OTtoia €papUOOTNKE
gvag mpdktopac Evioxutikng Mabnong cav KUPLoG EAEYKTAC TTOU XPNOoLlPoTolel T HEBOJO
BeAtiotomnoinong MNAnoteotepng MoAtikng (Proximal Policy Optimization, PPO). Autog o
TIPAKTOPAC £TElTA ektaAldeVETAL 0 OLAPOPETIKA CEVAPLA TIOU TIPOCOHOLWVOUV UETABOAEG
OTIC TEPIBAANOVTIKEC TAPAMETPOUC, OTwC auvénuevn dNTnon TPOIOVIWY N KOOoTOoUG
mapaywyng. Map’oAo mou n ekmaidevon yivetal oe PIKPOTEPN KAMAKA ATIO PLA TIPAYHATLKN
Bopnxavia, n odwadikacia £0elfe aAMOTEASOUATIKO E€AEYXO TWV HNXAVWY TNC YPOAMMAG
TApAywyng Kal, O€ KATOlOUC amd TOUC TPAKIOPEC, AVIOXN OTIC CUVONKEC TwV TIO
amartnTIkwy oevapiwyv. Autd ta eupnuata evdexetatl va fonbroouv atn HEANOVTIKH avamtuén
paktopwyv Evioxutikng Mdabnong ywa xprion otov Blopnxaviko €Aeyxo kat va deifouv 10
OPOHO YLa TNV AVTIHETWTILON TILO TIRPOKANTIKWY {NTNHATWV.
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1. Introduction

A production line is a manufacturing system in which the products undergo sequential
processing in order to form an end product and fulfill part of the market’s demand [2]. This
process includes a number of workstations (where processes such as assembly and
inspection take place) and intermediate storages (buffers). Numerous optimization
methods and algorithms are targeted towards these industrial processes, as small gains in
manufacturing costs can lead to great gains in profitability, especially in lines with great
production volumes.

In the current era, where production systems utilize a plethora of electronic sensors for all
aspects of manufacturing, a large amount of data is available to be used in the
understanding and optimization of manufacturing processes. Methods included in the
family of Artificial Intelligence (Al), such as Reinforcement Learning (RL), can make effective
use of all the data provided, training agents on specific simulation environments resembling
their real-world counterparts in order to control parts of an industrial process. The wide
application range of those methods allows for great flexibility on industrial control, as the
controlling agent forms connections between data and outcomes. Specifically, the PPO
algorithm utilizes different policies, which the agent has discovered and optimized during
training, in order to match observations to their desired actions.

This thesis aims to examine the ability of a PPO agent to control a simple production line with
2 machines, intermediate buffers and client demand. The agent is tasked with discovering
and applying the optimal control policies that balance meeting client demand and the costs
of production, storage, and energy consumption. Different, slightly modified scenarios have
also been developed and new agents have been trained on them in order to assess the need
of training new agents in case variables of the environment such as client demand or energy
costs are changed.

[10]
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2. Literature Review

2.1 Production lines and optimization

2.1.1 Definitions

A production line can be defined as a type of manufacturing system in which products
undergo processing, assembly or inspection by a number of workstations in a fixed
sequential order [2]. Since the Industrial Revolution and Industry 1.0, when production of
goods slowly transitioned from traditional ways like at-home handcrafting of items to more
organized structures such as factories, production and assembly lines have had an
increasingly significant impact on the way goods are manufactured.

Production lines are broadly implemented for the production of goods across a wide variety
of industries, namely semiconductor manufacturing, food industry, automotive industry etc.
An example of an engine assembly line can be seen in Figure 2.1.

Figure 2.1: Assembly line of an internal combustion engine. A man is seen inspecting an item on the line [1].

A production line may be categorized by its production volume, dividing it into three major
categories:

[11]
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e Low-volume production: Items are usually large and require longer processing times
from each workstation, such as computers and furniture.

e High-volume production: Items are usually smaller and move faster through the
workstations, requiring little processing times, such as bottles, nails and metal
sheets.

e Continuous flow production: Processing of fluids, such as oil, milk, beer etc [2].

Production lines are systems in which each item moves independently from other parts and
are characterized as “asynchronous transfer” systems, allowing for the system to not be fully
balanced in order to operate in a smooth manner. Therefore, production lines are commonly
used for assembly operations.[3]

Nowadays, information and communication technologies play a major role in the operation
of production lines globally, with emerging intelligent and smart technologies such as big
data, cyber-physical systems (CPSs), digitaltwins (DTs) and the (Industrial) Internet of Things
(loT) redefining the existing ways of product manufacturing [4]. The development of
informatization itself has been divided by Zhou et al. [5] into three stages:

e Starting from the middle of the 20th century until the middle of the 1990’s,
informatization was restricted in the digital stage with computing, communications
and control applications being the main features.

e From the mid-1990’s, the Internet was largely popularized and allowed different
devices to interconnect and exchange information.

e In the present day, with the application of technologies such as big data, cloud
computing and the Industrial Internet of Things, existing artificial intelligence (Al)
models achieve major breakthroughs and constitute the main feature of this stage,
the new-generation Al technology.

2.1.2 Optimization

Production lines are widely used across multiple sectors of the manufacturing industry. With
the extent of their implementation and the volume of products manufactured, it is obvious
that optimization of production lines can significantly improve a company’s revenue and
provide a competitive advantage. Optimization includes, and is not limited to, balancing of
lines in terms of activity duration (Sabadka et al. [6]), reducing energy consumption (Xia et
al. [7] and Meike, Pellicciari, Berselli [8]), task and production scheduling (Maccarthy and Liu

[12]
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[9]) and most importantly for millions of workers globally, maintenance and operator safety
(Ding et al. [10] and Vatn and Aven [11]).

As discussed by Sobottka et al. [12], modern industrial planning approaches rely heavily on
simulation and simulation-based optimization methods. Though computationally
expensive, sustainability and demand for quick planning prove simulation-based methods a
valuable solution in the field of industrial production planning and control. As demonstrated
in the same paper, the computational time required to solve a planning problem can
exponentially increase as the complexity increases.

Since real-life environments can now be simulated digitally, algorithms can be used to assist
in the optimization process. The use of optimization algorithms in simulations has been
studied by Tekin and Sabuncuoglu [13] in their method review. Tsourveloudis, Doitsidis and
loannidis [14] implemented an evolutionary work-in-process scheduling fuzzy controller in
order to satisfy the random demand for final products of a production system while keeping
the inventories of the process at a minimum level. Nguyen, Mei and Zhang [15] examine the
advantage of genetic programming and evolutionary algorithms in a complex environment
such as production scheduling. In another paper, Li, Gonzalez and Zhu [16] present a genetic
algorithm for optimization of a remanufacturing system in a simulated environment.

Overall, the field of optimization algorithms is a constantly improving sector, fueled by
decreasing computational costs and development of new algorithms and methods which
pave the way for better-optimized production processes. Figure 2.2 shows the bibliographic
map containing the connections between keywords around the term “production line
optimization”.

[13]
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Figure 2.2: Bibliographic map for the term "production line optimization".

2.2 Agent and simulation environment

Agent

In order to correctly describe the simulations and the real-life scenarios an agent finds itself

in, some key terms must be defined and taken into consideration. In their book [17], Russell

and Norvig concisely define an agent as “anything that can perceive its environment through

sensors and acts on it through actuators”. The agentin an Al environment is equivalent to the
controller in control theory. Mathematically, the agent function describes the agent’s

behavior and maps any sequence of perception to an action.

Numerous studies have demonstrated the efficiency of production and assembly line
optimization using agents in simulations. As far back as 1999, Fleury et al. [18] proposed a

multi-agent method in order to minimize the negative effects of random events in the
manufacturing process. Another multi-agent approach has been presented by lannino et al.
[19] for the self-optimization of steel production in order to overcome hindrances such as

[14]
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lack of both adaptability of existing techniques and autonomous communication between
production elements. Alkhalefah et al. [20] utilize a genetic algorithm to obtain an optimal
buffer size for a serial production line, reducing the buffer sizes and therefore the production
line cost. Li and Rong [21] test the Ant Colony Optimization (ACO) algorithm on real-world
data for optimization of production scheduling, while Chen et al. [22] use the same algorithm
(ACO) to solve the problem of producing prefabricated components with limited production
capacity. Waschneck et al. [23] present a solution to a production scheduling problem as a
Markov Decision Process with Google DeepMind’s Deep Q Network, a Deep Reinforcement
Learning agent. Neto et al. [24] also proposed deep reinforcement learning as a means of
optimizing the maintenance of a scrap-based steel production line with a remarkable
improvement in production costs.

With the variety of methods proposed for solving a large volume of different problems, it is
concluded that simulation with control agents implementing various algorithms can offer
viable and sustainable solutions to an industry despite the complexity of its environment.

Environment

Accurately describing an environment has a major impact on the design and function of the
agent that’s implemented. The criteria for describing an environment according to Russell
and Norvig [17] are briefly presented as follows:

e Observability: An environment can be described as “fully observable” or “partially
observable”, depending on whether or not the environment sensors provide the agent
with full access to the environment condition and variables.

e Level of determinism: If the current state of the environment combined with the
agent’s current action can fully describe the next state of the environment, then it is
regarded as a “deterministic environment”, otherwise it is a “non-deterministic
environment”. Another term to describe the environment is “stochastic” which is
used if the probability of a shift of conditions to happen is clearly stated within the
environment.

e Stability: An environment can be labeled as “static”, “dynamic” or “semidynamic”. A
dynamic environment may change while the agent is thinking of its next action, while
static does not. A semidynamic environment is of particular interest, because
although the environment itself might not change, the agent’s measure of efficiency
or reward might. An example is an environment where nothing changes, but the
longer an agent is thinking of its next action and more time passes, the current reward
is diminishing.

[15]
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e Number of agents: An environment can be named “single-agent” or “multiagent”
depending onthe number of agents acting on it. Though not always clearly distinctive,
the number of agents in an environment can be measured by considering whether or
not an element of the system modifies its behavior in response to an agent’s actions
with the goal of maximizing a reward.

e Continuity: Environments can be described as “discrete” or “continuous”. The
description applies to the environment’s state, the way time is considered and the
agent’s actions and observations. For example, a card game with no time restrictions
can be considered as a discrete environment, while driving or walking outside is
considered a continuous environment.

2.3 Reinforcement Learning

Definition

Reinforcement Learning (RL for short) is defined by Wiering and Van Otterlo [25] as a general
class of algorithms in the field of machine learning aimed at allowing an agent to learn the
optimal behavior in its environment. This discovery of the optimal behavior is aided only by
a scalar reward signal as the agent’s feedback. The agent’s goal is to choose and perform
actions that maximize the reward signal.

Russell and Norvig [17] categorize RL in model-based and model-free learning. In model-
based learning, the agent learns by observing the impact of its actions on the environment
and its reward value. In model-free learning, the agent attempts to make a more direct way
of behaving. This can be achieved by either action-utility learning or by policy search.

Rewarding

In RL, the agent typically does not have access to the environment’s reward function. This
means that the agent has to experiment with different actions and observe the change in its
reward value feedback in order to find and exploit different policies [26]. Russell and Norvig
[17] state that the use of a reward function in the system has the advantage of being easy to
implementwhile also being simple for someone who does not always know what the optimal
action would be to set up. Eschmann [27] examined the design of reward functions in RL by
presenting its manifestations in nature through survival, fitness etc.

[16]
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Bibliographic map

Figure 2.3 shows the bibliographic map for the search query (“production line optimization”
AND “reinforcement learning”) on Scopus. It is evident that Reinforcement Learning has a
very wide range of applications within the industry, including production control.
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Figure 2.3: Bibliographic map for the "production line optimization" AND “reinforcement learning” query on Scopus.

2.4 Policy agents

Policy search

Policy search is a commonly used strategy for optimization using RL algorithms. Russell and
Norvig [17] define a policy as a function linking states (observations) to their appropriate
actions. Essentially, the agent “reads” the state observations and decides on the action it
should take based on the expected reward of the available policies.
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Bagnell and Schneider [28] presented some of the advantages of policy search including the
existence of converging policy search algorithms and extensions to multi-agent systems. It
is also stated that policy search algorithms have had significant improvements and have
been applied in activities such as helicopter control and game-playing. Yahya et al. [29]
presented a policy learning parallelization system for autonomous robots so that gained
experience can be acquired and shared across multiple agents, enforcing Bagnell and
Schneider’s [28] arguments. Gabel and Riedmiller [30] utilized policy gradient RL to optimize
the policies of agents used for sequential decision-making problems in job-shop
scheduling. Esteso et al. [31] presented a literature review encompassing different RL
approaches in production planning and control problems. These problems include issues
regarding supply and inventory management, truck and route assignment etc. It is evident
that RL and agents utilizing policy methods have a wide range of applications and have been
proven useful in tackling industrial issues in simulations.

Proximal Policy Optimization (PPO) algorithm

Schulman et al. [32] proposed the Proximal Policy Optimization family of algorithms in order
to tackle issues of pre-existing policy optimization algorithms such as implementation
complexity. The PPO algorithm was tested across different domains, such as humanoid
running and steering simulation and on the Arcade Learning Environment [33], which was
introduced by Bellemare et al. and is used to benchmark domain-independent Al
technologies. In the benchmarks presented, the PPO algorithm had promising results, even
outperforming other algorithms it competed against.

Actor/Critic method

The actor-critic method has proven its usefulness as a framework, leading to a good learning
performance. In this method, two different networks are used: the actor model and the critic
model. The actor learns to match current observations from the environment to the
desirable action (essentially, the policy to be applied). This action is then applied to the
simulation and a reward is received from the environment, which is then used by the critic
model. The critic evaluates if the performed action led the environment in a better state than
it was before and this feedback is passed to the actor model to optimize its policy. By
comparing the utility of its current policy to the previous one, the agent can make changes
to its current policies or explore other options.[34]

[18]



| Energy efficient production lines control with the use of Reinforcement Learning

3. Production Line Design

3.1 Design philosophy of production lines

3.1.1 Production line behavior

As mentioned earlier, production lines in general are used in the manufacturing of high
volumes of products with restricted customizability and flexibility. Part transferin production
lines is asynchronous, which means that the parts are transferred independently of each
other. The main problems a production line may face are blocking and starvation of parts,
both of which stem from finite buffer capacities and unpredictability of machine behaviors,
such as breakdowns. The term “starvation” is used to describe a machine not having enough
input or raw materials to work with and therefore not being able to operate. On the other
hand, “blocking” means that the buffer placed right after the machine under consideration
has been filled and can’t store any more of its output [3].

A simple production line can be described using a serial server-buffer queuing network. An
example of a queuing network with four servers and four buffers can be seenin Figure 3.1.

OpiaOrieaOprin®

Figure 3.1: Example of a server-buffer queuing network [2].

3.1.2 Buffers

In a production line, buffers receive and store items from upstream machines and provide
them to downstream machines. Their main purpose is to divide the production line in smaller
segments so that a possible machine failure will pose a smaller threat on the stability of the
system as a whole [35].

In a serial production line, malfunction of one machine may cause issues in the whole line.
In an extreme scenario of a production line with a number of machines directly connected

[19]
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to each other with no intermediate buffers, malfunction of one machine can lead to the
entire line to be shut down until the issue is resolved [36].

Buffers can be represented as separate queues consisting of the separate items residing in
them. The two main queuing types for buffers in terms of time of arrival and exit priority are
First in-First out (FIFO) and Last in-First out (LIFO).

e FIFO queuing policy prioritizes the item with the earliest arrival time of all the
available items in the buffer for exiting the buffer. In short, the firstitem that arrives in
the buffer is also the first one to leave it.

e LIFO queuing policy prioritizes the last item entering the buffer. This means that the
last item arriving in the buffer will be the first one to exit.

In this thesis, FIFO has been chosen as the queuing policy for the buffers in the production
line.

3.2 Environment description and main objective

The main objective of this thesis is to assess the ability of an RL PPO agent to efficiently
control a small production line, as well as its ability to adapt to changes in environment
variables.

As raw materials enter the system, they undergo sequential processing by the machines and
are stored in buffers until they are either processed in the next stage or used to fulfill a client
order. The efficiency of the current control policy is measured using an objective function
which takes into consideration parameters such as buffer levels, pending client orders,
energy consumption etc.

3.2.1 Choice of environment

Simulation takes place in MATLAB’s Simulink environment, core component of which is the
SimEvents discrete-event simulation engine and component library. SimEvents allows the
creation of discrete-event models, such as production lines, using entity generators,
queues, graphical displays, signal probing and other useful components.

The main advantages of SimEvents are its simple graphical interface, the customizability of
its components and its seamless integration within the MATLAB ecosystem.

[20]
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Graphical interface: Every component in the SimEvents library is graphically
depicted and able to be freely moved, rotated, dragged and dropped within the
workspace. This allows for both faster and easier construction of comprehensible

models.

High customizability: The components in the SimEvents library have highly
customizable properties, such as, but not limited to, variable entity generation
times, programmable entity attributes and selective signal logging and probing.
Seamless integration: SimEvents includes components that can be programmable
for specific tasks and function blocks which support MATLAB code. Furthermore,
SimEvents models can input data from and output data to the base MATLAB
workspace, thus making it simple to save, load, process or plot any available signal
outside the Simulink environment.

3.2.2 SimEvents component overview

Entity generation and handling

The five basic components used in this system for entity generation, storage, flow,
processing and termination are shown in Figure 3.2:

by
Entity FIFO
> > oy ¢
Entity Generator Entity Queue Entity Gate Entity Server Entity Terminator

Figure 3.2: Components used for entity handling.

Entity generator: Generates an entity after a specified time period has elapsed.
Entity attributes can be added and modified using scripts.

Entity queue: Accumulates incoming entities and releases them when conditions
allow it. FIFO means that exit priority is given to the earliest arriving entity available

in the queue.

Entity gate: Allows a single entity to flow from the input port to the subsequent
component when an appropriate message is received.

[21]
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e Entity server: Processes one entity at a time. Processing time can be specified
through the entity’s own attributes, environment signals or a MATLAB script.

e Entity terminator: Terminates an incoming entity and its attributes from the
environment.

Discrete-event charts

Discrete-event charts are a core component of discrete-event simulation. These blocks can
be used to receive, process and send messages within the Simulink environment. They
provide graphical state transitions and execute in an event-based rather than time-based
fashion [37]. An example of a discrete-event chart block with one input and one output is
shown in Figure 3.3:

Discrete Event
Discrete-Event Chart

Figure 3.3: Discrete-event chart in the Simulink environment.

Inside the discrete-event chart block, the user can define states and transitions between
them. Upon the arrival of a message at the chart input, the discrete-event chart responds in
the following manner:

e If the chart is waiting for an incoming message, it wakes up and makes possible
transitions. If multiple messages are queued, those with the highest priority are
processed first.

e [ftheincoming message does notrequire a response, the chart does not wake up and
the message is queued [37].

An example of the states and transitions inside a discrete-event chart can be seen in Figure
3.4:

[22]
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!

i [after(3, sec)]
State1 {transitions=transitions+1;} State?
entry: entry:
var=0; A var=1;
[after(5, sec)]

{transitions=transitions+1;}

Figure 3.4: Example of a discrete-event chart and its transitions.

The example chart consists of two possible states with no input or output. The blue arrow
above the “State1” box indicates the initial state of the chart. Upon entering the state, the
chart changes the value of the “var” variable to 0. After 5 seconds, it transitions to “State2”
where the value of “var” changes to 1 and increases the value of the “transitions” variable by
1. After 3 seconds in “State2”, the chart switches to “State1” and increases the “transitions”
variable by 1 unit.

Signal logging and transmission

In Simulink and SimEvents, signals can be generated by statistical measuring of
components, function blocks or discrete-event chart output. Component statistics vary
between different components and are used to measure metrics such as the average
intergeneration time between entity generations, entity queue levels, machine utilization
etc. The four main components used in this system for signal handling are shown in Figure
3.5:

[A] D I ) Y<=3p

Goto From Scope Message Send Compare
To Constant

Figure 3.5: Signal transmission and logging components.

e “Goto” component: Transmits a signal throughout the Simulink environment.

e “From” component: Receives a signal transmitted inside the environment.
e Scope: Used to plot the incoming signal in respect to the simulation time.

[23]
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e Message send: Sends a message when input is received.
e Compare to constant: Compares the block input to a constant. If the result of the
comparison is “True”, the output will be “1”. Otherwise, the output will be “0”.

3.3 Production line implementation

3.3.1 Production line initialization

The production process starts with the generation of entities as raw materials by an entity
generator. Entities are assigned a random processing time for each of the production stages,
as well as a unique product number using a custom script inside the “Unprocessed Product
Generator” block. The corresponding code can be seen in Figure 3.6. Product numbers start
at 1 and are increased by 1 for every generation, so that every entity has its own product
number. Two separate processing times for each stage are randomly drawn from the
exponential distribution, (see Appendix A: Probability distributions for more details) with a
mean value of y; and u, seconds respectively.

Block Parameters: Unprocessed Product Generator X
Entity Generator
Generate entities using intergeneration times from dialog or upon arrival of events. Optionally, specify
entity types as anonymous, structured, or bus.

Entity generation ~ Entity type  Event actions  Statistics
Event actions Generate action:

Called after entity is generated
To access attribute use: entity.processingTimel

Generate*
Exit
1 |persistent rngInit;

2 |if isempty(rngInit)
3 seed = 12345;
4 rng(seed);
5 rngInit = true;
Entity structure 6 |end
~ entity 7 |% Assign exponential processing times for each stage
processingTime1 z m = 2;
processingTime2 | 10 entity.processingTimel = -ml * log(1l - rand());
productNumber | 11
entryTime 12{m2 = 23
~ entitySys 13 |entity.processingTime2 = -m2 * log(1l - rand());
id H
. 15 |% Assign producthumber aatribute to every entity
priority 16 |persistent producthumber
17 |if isempty(producthumber)
18 productNumber = o;
19 [end

20 |entity.productiumber = productNumber + 1;
21 |productNumber = productNumber + 1;

Insert pattern ...

Cancel Help Apply

Figure 3.6: Raw materials generator script.
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Raw materials are produced in excess and are stored in a FIFO buffer placed directly after
the generator. The buffer level signal is then transmitted into the environment and probed
using a scope, as can be seenin Figure 3.7.

—>< [rawMaterials]

]

Unprocessed Products in Queue

Product FFO To Stage 1 gate

Unprocessed Product Generator Froduct Queue

Figure 3.7: Generation of raw materials.

3.3.2 Machine states

Machine states are simulated using discrete-event charts. The four possible states used in
this model are:

1. OFF: Machine is switched off and is not processing any entities.

2. SETUP: Machine is transitioning from OFF state to either IDLE or OPERATION states.
SETUP state lasts for a standard amount of time, during which the machine is not
processing any entities.

3. IDLE: Machine is switched on and not processing any entities but is ready to do so at
any time.

4. OPERATION: Machine is switched on and is processing an entity.

Each machine state has its own “status value” and “energy consumption coefficient”,
depending on its current state. Assigned status and energy consumption values have been
set as following:

[25]
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e OFF state: Status=0 and Energy consumption=0

e SETUP state: Status=3 and Energy consumption C;. Setup also takes a standard
amount of time for both machines in this model.

e OPERATION state: Status=2 and Energy consumption C..

e IDLE state: Status=1 and Energy consumption C;.

Machine state transitions are directly governed by the model’s RL agent. An incoming
environment signal is used as input in the discrete-event chart and depending on its value,
which is an integer ranging from 0 to 2, the machine switches to the corresponding state
according to the state values explained above. Figure 3.8 shows the complete discrete-event
chart used for both machines in this model. For machine 2, the indices of the variables are
changed from “VariableName1” to “VariableName2”:

energyCons1 = 4; T

[after(setupTime1, sec) && commlMTzzzl//”' ~~ ~ [after(setupTime1, sec) && controlM1==1]

/ [controlM1==1 || controlM1 ==2] \

[contralM1==1]

IDLE
=| entry:

statusM1 = 2;
energyCons1 = 10;

statusM1 = 1;
[controlM1==2] energyCons1 = 5;

3
/

OFF / g
entry: p [controlM1==0]
e

I

[controlM1==0] S statusM1 = 0; -
~ energyCons1 = 0;

,/

Figure 3.8: Discrete-event chart used for both machines in this model.

For the machine to transition from its OFF state to SETUP, it must receive either a “1” or “2”
input. Upon switching to SETUP and after the setup time has elapsed, the machine will either
transition to IDLE or OPERATION according to its input. At the beginning of each simulation,
machines start in OFF state by default. The output of the discrete-even chart is two separate
signals: its current state value and its energy consumption.

[26]



Energy efficient production lines control with the use of Reinforcement Learning

Machine state chart implementation

Entity processing takes place in the “Entity server” component of the model. The machine
states chart is responsible for enabling or disabling the entity gates that allow an item to
move from its current queue to the machine for processing.

The input signal is transmitted directly from the RL agent of the environment and is
responsible for the state transitions of the chart. The output signal of the chart ranges from
0 to 3 for the machine state value and receives a value from the set {0, C,, C,, Cs} for the
machine energy consumption coefficient, depending on the current machine state. If the
signalvalueis equalto 2, and therefore the machine is operational, a message is transmitted
to the entity gate and an entity passes through for processing.

Probing the individual input and output signals of the discrete-event charts allows for a
better understanding of the model’s behavior and therefore scopes are added in each signal
transmission line.

The configuration of machine 1 in the modelis shown in Figure 3.9.

To Stage 1 gate

4@ I [statush1]
3
M1 Contral

Machine 1 Status

slatusM] | ==2 > E

Machine 1 Operational sendStatush 1

[contrmild1] controll1

energyCons1

States_Machine_1
Machine 1 Energy Consumption

[energyCons1]

Figure 3.9: Implementation of the machine control chart for Machine 1.

3.3.3 First processing stage

Accumulated raw materials are available for processing in Stage 1. When the discrete-event
chart for Machine 1 changes its status to 2 (OPERATION), a message is sent to the Stage 1
entity gate and one entity from the raw materials buffer is allowed to move to the first
processing stage, where it will undergo processing for a time period equal to its
entity.processingTime1 attribute, which is assigned as shown in 3.3.1. Upon completion of
its processing, the product exits the entity server and is stored in a subsequent FIFO entity
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gueue, which serves as the buffer for Stage 1 (B1), and if the gate is still open, the next entity
from the raw materials buffer proceeds to Stage 1. The buffer level is then transmitted to the
environment. Both the utilization of Stage 1’s entity server and its buffer level are probed
using a scope. The configuration can be seenin Figure 3.10.

< [entitiesB1]

To Stage 2 gate

Utilization Stage 1 — B
Entities In B1
From raw materials FIFO
B1

From Machine 1 chart

Stage 1 gate Stage 1

Figure 3.10: First processing stage.

3.3.4 Second processing stage

Machine 2 event chart and Stage 2 processing follow the same principles as described in
3.3.2 and 3.3.3 respectively and are shown in Figure 3.11 and Figure 3.12.

» ()

Machine 2 Control

| [statusM2] I
4

[cantralM2] o controlM2

Lad

)

Machine 2 Status

To Stage 2 gate

~N
Machine 2 Operational sendStatusm?
energyCons2
A » (]

States_Machine_2

Figure 3.11: : Implementation of the machine control chart for Machine 2.

r
[energyCons2] |
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[entitiesB2]
- )

Utilization Stage 2
(]
ﬂ Entities In B2
From Stage 1 buffer ~ | FIFO To Client servicing
2 ENT |
Stage 2 gate Stage 2 B2
From Machine 2 chart

Figure 3.12: Second processing stage.

When the discrete-event chart of Machine 2 changes its status to 2 (OPERATION), the Stage
2 gate allows one of the accumulated entities of the Stage 1 buffer (B1) to move for
processing in Stage 2. Processing time in this stage is dictated by the entity’s
entity.processingTime2 attribute. After it has been processed, the entity has completed its
production cycle and is stored in the Stage 2 buffer (B2). As in Stage 1, Stage 2 utilization and
its relevant buffer are being probed using a scope, with the buffer’s level transmitted to the
environment.

3.3.5 Client generation

Initial generation and acceptance

Clients are initially generated using an entity generator component with a time period of 1
second. This means that every 1 second, one client is generated. Clients are then
accumulated in a subsequent FIFO buffer and wait until they are accepted in the system’s
client queue. Each new generated client is assigned a unique client number, which starts
from 1 for the first client and is increased by 1 for every new generation. Clients are also
assigned with an “entryTime” attribute used by a subsequent entity server in order to
simulate different arrival times. The attribute follows the uniform distribution (equal chances
of a number appearing across the whole range of the distribution) with a mean time of 4 for
the Baseline scenario. The code of the client generator for the attribute customization can
be seenin Figure 3.13.
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| Block Parameters: Entity Generator X
Entity Generator
Generate entities using intergeneration times from dialog or upon arrival of

events. Optionally, specify entity types as anonymous, structured, or bus.

Entity generation ~ Entity type  Eventactions  Statistics
Event actions Generate action:

Generate* ‘ Called after entity is generated.
Exit To access attribute use: entity.entryTime

1 |entity.entryTime=8%rand();

Entity structure
~ entity
entryTime
v entitySys
id
priority

Insert pattern ...

Cancel Help Apply

Figure 3.13: Entity generator block code.

The rand() function randomly selects number in the space [0,1] following the uniform
distribution (refer to Appendix A: Probability distributions for more details). The mean of this
distribution is p=0.5. Therefore, in order to get a mean time of y’, the randomly selected
numbers are multiplied by 2*p’, extending the space[0,1]to [0,2u’] and setting the new mean
time to Y’. The selected number is then used as the client’s “entryTime” attribute.

In case the client accumulator is full, client generation halts and resumes when a spot in the
buffer has been released. The amount of clients waiting for entrance in the system is
measured using a scope, as seen in Figure 3.14. Accumulated clients are then passed to the
system’s client queue by an entity server, which serves the entities for as long as their
assigned entryTime attribute, simulating random arrival times.

] (.
Clients ready to Average client
- be accepted il arrival time
Entity [FIFO To client queue
= 1
Client Generator Client Accumulator

Figure 3.14: Initial client generation system.
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System client queue

After passing from the generation system, clients enter the system queue. Clients in the
system queue are considered as “pending orders” that wait to be serviced. The client queue
array can be seen in Figure 3.15. Statistics of interest of this queue are the average queue
length, the average waiting time for the clients and the amount of clients waiting. The length
of the client queue is also transmitted to the environment.

Avg Queue Length

Avg Client Wait

| <o)
—=

| Clients In Queue

From client generation FIFO To client service

i ]

Client Queue

Figure 3.15: Client queue array.

3.3.6 Client servicing and termination

In order for the client servicing process to take place, both of the following conditions must
be true:

1. Aclientis waiting in the system’s client queue.
2. An entity exists in Stage 2’s buffer (B2).

If both conditions are met, a “Composite entity creator” block removes one item from the B2
buffer and one client from the client queue, thus completing the client’s request. Each client
only requests one item from the system. After the request has been completed, the client is
then terminated from the system. The total amount of clients serviced is being probed from
the “client terminator” block, as seen in Figure 3.16.

]

From Stage 2 T | Clients Serviced

buffer e |
)
. X
AN
4 . . 0
From client Client Termination
queue Service Execution

Figure 3.16: Client servicing and termination subsystem
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3.3.7 Complete production line configuration

The production line in a compact form is presented in Figure 3.17.
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Consumption

[energyCons1]
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Figure 3.17: Complete system layout.
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3.4 Agent subsystem

Inside the same environment as the production line model, the control module is placed. It
consists of the objective function calculation module, the observation module, the RL agent
block and the agent’s output transformer module.

3.4.1 Objective function

Target of the objective function

In order to assess the performance of the production line during its simulation cycle, certain
variables need to be measured and taken into consideration. Depending on the goal of the
optimization taking place, each of these variables is assigned its own coefficient. These
variables, each paired with its own coefficient, are then summed, forming the objective
function. In this scenario, storage of entities in buffers, operation of the machines and
pending clients all are treated as negative effects in the process. However, since the agentis
by default attempting to maximize the targeted objective function and all the measured
variables are positive integers, the sign of the function is reversed, prompting the agent to
minimize a negative value.

Objective function implementation

The objective function is implemented in the environment using a MATLAB function block.
The environment signals important enough for the optimization process are:

e entitiesB1: The amount of entities present in Stage 1’s output buffer (B1), waiting to
be processed in the second stage of the line. It is important that the buffer is neither
empty nor full to ensure that both Stage 1 and Stage 2 can operate without being
blocked or starved.

e entitiesB2: The amount of entities present in Stage 2’s output buffer (B2), ready to be
picked up by clients. An empty buffer for Stage 2 means that clients will be waiting in
the queue, while a completely full buffer will cause Stage 2 to halt its production.

e clientQ: The amount of clients waiting in the system’s client queue. Pending orders
affect the system negatively, as they populate the system and in real-life scenarios
may cause critique for the business and lead to loss of revenue.
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e energyCons1: Energy consumption in Stage 1, as dictated by the stage’s discrete-
event chart.

e energyCons2: Energy consumption in Stage 2, as dictated by the stage’s discrete-
event chart.

e rawMaterials: The amount of raw materials in the system’s initial buffer. Taking into
account the accumulation of raw materials will assist the agent in its early training
stages to commence the production process.

In order to create the objective function, a MATLAB script has been used The weight
coefficients for the input signals have been carefully balanced through trial and error
during the earlier stages of the model’s development. The output of this function is the
calculated reward value. The MATLAB script, as well as the module in the simulation
environment, can be seen in Figure 3.18 and Figure 3.19 respectively.

1 [ function reward = calcReward(entitiesBl, finishedProd, clientq,...
2 energyConsl, energyCons2,rawMaterials)
3

4 % Set weight coefficients for the reward function

5 bufferCost=0.01;

6 readyproductsCost=0.015;

7 clientwaitCost=0.65;

8 energyCost=0.1;

9 rawMaterialCost=0.0025;
10
11 % Calculate the total cost and the reward function
12 reward=-(entitiesB1*bufferCost + finishedProd*readyproductsCost +...
13 clientQ*clientwaitCost+(energyConsl+energyCons2)*energyCost+. ..
14 rawMaterialCost*rawMaterials);
15
16 return;
17
18 L end

Figure 3.18: MATLAB script used for the calculation of the objective function.

[entitiesB1] entitiesB1

[entitiesB2] finishedProd

[clientQ] clientQ
To RL agent block

reward

[energyCons1] energyCons1 calcReward

[energyCons2] energyCons2

ol

[rawMaterials] rawMaterials.

Reward Calculation Function

Figure 3.19: Reward calculation component.
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3.4.2 Observation collection

Observations vector

The RL agent requires a vector with all the environment variables the user wants it to take
into account, referred to as the “observations” vector. In order to create that vector, another
MATLAB function block is used in the model.

Data collection and function implementation

The data needed for the function are transmitted in the environment by the model. For the
observation function, the important variables are the length of the client queue, the buffer
levels for both stages and raw materials and the states of both machines in the system. Initial
inputs of these variables have been set using a “Unit Delay” block to 0 to represent the
machines being turned off in the first time step of the simulation.

The observations function utilizes a simple MATLAB script to normalize all buffer levels in
respect to their maximum capacities and create an output vector including those levels and
the states of each machine. Implementation of this concept is done in a similar manner to
the reward calculation function and is shown in Figure 3.20 and Figure 3.21.

1 [ function data = observations(rawMaterials, entitiesBl,...

2 entitiesB2, clientQ, statusMl, statusM2)
3

a4 %Define maximum buffer capacity

5 maxBufferCapacity = 50;

6 rawMaterialsCapacity=500;

7

8 #Normalize buffer levels

9 rawMaterialslevel = rawMaterials/rawMaterialsCapacity;
10 bufferLevels = [entitiesBl;entitiesB2] / maxBufferCapacity;
11
12 %Normalize client buffer level
13 clientlLevel = clientQ / maxBufferCapacity;
14
15 #Create machine states vector
16 machineStates = [statusMl; statusM2];
17
18 %Combine normalized observations into a single vector
19 data = [rawMaterialslLevel; bufferlevels; clientlLevel; machineStates];
208
21 L end

Figure 3.20: Observations function script.

[35]
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Figure 3.21: Observations function component.

3.4.3 Reinforcement Learning agent block

In order to implement an RL agent in the system, the RL agent block componentis required.
The block’s inputs are the observations vector as described in 3.4.2, the reward value as
described in 3.4.1 and a third logical input which terminates an episode simulation when
true. Since such action is not required in this system, it has been connected to a “constant”
block whose output is “0” at all times. Implementation of the RL agent block in the system
can be seenin Figure 3.22.

From observations
function block

P observation

From reward calculation .
function block To control transformation block
P reward action

II'—P isdone

RL Agent Block

Figure 3.22: Implementation of the RL agent block.

A comprehensive diagram of how the agent block communicates with the environment can
be found in Simulink and is shown in Figure 3.23. In this system, “observation”, “reward” and
“isdone” inputs are provided by the observations and the reward function, as well as the
“constant” block that has been set to 0. The “action” output of the agent block is handled by
the “Control transformation” function used in the next step.

[36]
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Environment

Figure 3.23: Agent-Environment interaction.

3.4.4 Control transformation function

The output of the RL agent block is a 2x1 vector containing the desired state of each machine
in the next step. In order to decode that vector and feed it to the machines, itis necessary to
split the vector in a single integer for the first machine and a single integer for the second
machine. To achieve this, a function block has been placed after the agent block containing
a simple MATLAB script which splits the vector and can be seen in Figure 3.24. The first and
second elements of the “action” vector are the chosen states for Stage 1 and Stage 2
respectively.

function [controlMl, controlM2] = transformControl{action)

controlMl = action(1); %Control for M1
controlM2 = action(2); %Control for M2

[ Y T O FU R NE QY

end

Figure 3.24: Action transformation function.

The two outputs are then transmitted into the environment as “controlM1” and “controlM2”
and are probed using scopes. In order to create the desired initial state for the machines at
the start of the simulation, two “Unit delay” blocks have been placed before the signal
transmission and their initial conditions are set to “0”. The complete array for the signal
transformation and transmission can be seen in Figure 3.25.

[37]
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Figure 3.25: Agent output transformation and transmission.
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3.4.5 Complete configuration of the agent integration subsystem

The complete depiction of the agent subsystem (reward and observation functions, agent block and output transformation blocks) can be
seenin Figure 3.26. As the transmission and reception of the signals between the subsystem and the main production line is achieved through
“From” and “Goto” blocks, their placement relative to each other makes no difference in their interaction.
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Figure 3.26: Agent subsystem.
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4. Reinforcement Learning agent implementation

In order to create and train the agents to control the production line, a MATLAB script was
used for each agent. The scripts utilize functions from the basic MATLAB installation as well
as functions from the Parallel Computing and Reinforcement Learning toolboxes to execute
the training process and to create parallel workers to speed it up if necessary.

4.1 Simulink-Base workspace interaction

As explained earlier, the MATLAB base workspace and the Simulink environment are fully
compatible with each other and support data importing and exporting. In this thesis, MATLAB
scripts are used to train the RL agents. In order to achieve this, the training script uses the
location of the agent block in each scenario as input and interacts with the simulation
environment through it. The Simulink environment automatically outputs the logged data
from the simulation to the base workspace once the simulation has concluded.

4.2 Choice of scenarios

The basic system that has been created is considered the “baseline scenario” for this
analysis. In most real-life scenarios, variables like client influx, processing times and energy
costs can change drastically, thus impacting the function of a production line and requiring
adaptation in order to maintain the optimal point of operation. In this thesis, a number of
different scenarios are examined and are designed as explained below:

e High demand scenario: Influx of clients in the system has been increased.

e Highdemandv2: Ontop ofincreasingthe clientinflux, pending orders now contribute

a much bigger penalty to the agent’s reward function.

e Slower Production: Processing times for both stages have been increased.
e Energy cost increase: Cost coefficient of the machines’ energy consumption in the

objective function has been increased.

For each scenario, a different agent has been trained. The goal of having different scenarios
is to examine how each change affects the behavior of an agent, thus rendering it necessary
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or not to have different agents trained for different scenarios. The 5 different agents will be
tested through all 5 scenarios, including the baseline one, and compared side-to-side.

4.3 Training script

4.3.1 Initialization

The first step in the training script is to initialize the environment. First, the file name and
the block name of the RL agent block are specified, as seen in Figure 4.1.

%% Initialization
module = 'prodline Baseline';%Environment loading
agentBlock = [module '/RL Agent Block'];%agent block

Figure 4.1: Initialization.

Observations

Now that the agent block has been specified, the observation specifications need to be set.
The riNumericSpec function will be used to store the specifications of the observations
vector. The desired specifications are the buffer levels, the client queue level and the
machine states, as stored in the observations vector. The arguments of this function are the
dimensions of the vector and the lower and upper limits for each of its elements and its
output is stored in a variable named “observationinfo”. Though not restricted to storing just
that, the variable has been named “Machine states”™.

Actions

After setting the observation parameters, it is time for the action parameters to be set. The
possible states the agent can choose from are 0 (OFF), 1 (IDLE) or 2 (OPERATION) for each
machine. The SETUP state is a transitional state in the chart and the agent cannot choose it
directly. This means that the possible actions the agent can choose from are all the possible
combinations of the numbers 0, 1 and 2 in 2-dimensional vectors which can be seen in
Figure 4.2. Each row of the matrix represents a possible action of the agent and each column
represents the states of stages 1 and 2 in a specific action.

[41]
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1 2
1 0 0
2 1 0
3 2 0
4 0 1
5 1 1
6 2 1
7 0 2
2] 1 2
9 2 2

Figure 4.2: Possible combinations of numbers 0, 1 and 2.

The matrix is then converted to a cell data structure and passed to the rlFiniteSetSpec
function to create the variable for storing the specifications of the action space, which is
named “Machine actions”. The reason this function is not the same as the one used in the
observations is that observations are continuous values ranging from 0 to 1 (except for the
machine states which are integers), but the action space has a limited amount of elements
and no available values in between them.

Environment object

Finally, the module, the agent block and the observation and action information are used to
create a Simulink environment object using the rlSimulinkEnv function. The corresponding
script can be seenin Figure 4.3.

%#Possible machine states

observationInfo = rlNumericSpec([6,1],
"LowerLimit', [@;0;0;0;0;8],...
"UpperLimit’, [1;1;1;133;3]);

observationInfo.Name = 'Machine states';

%Creation of the possible states matrix
actmi=[e,1,2];

actM2=actMi1;

actionMatrix = combvec(actMl,actM2)’;

%Splits actionMatrix into 16 different cell arrays with dimension 2
%each. Then it passes them as possible agent states
actionInfo = rlFiniteSetSpec(mat2cell(actionMatrix, ones(1,9), 2));

actionInfo.Name = "Machine actions’;

env = rlSimulinkEnv(module,agentBlock, observationInfo, actionInfo);

Figure 4.3: Observation and action information and environment object creation.

[42]
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4.3.2 Creation of the actor and critic networks

Actor network

The actor network consists of a feature input layer, two sets of alternating fully connected
layers and rectified linear unit layers, another fully connected layer containing the weights
and a final softmax layer. The function of each layer is explained below:

e Feature input layer: Inputs feature data to a neural network and applies data
normalization.

e Fully connected layer: Multiplies the input by a weight matrix and adds a bias vector,
if any.

e Rectified linear unit layer (reluLayer): Any input value less than zero is set to zero.

e Softmax layer: Applies a softmax function to the input values.

After the network has been initialized, it is used to create the actor of the agent using the
riDiscreteCategoricalActor function, along with the observation and action information
variables created earlier. The full script of the actor’s initialization can be seen in Figure
4.4.

%% Creation of the critic and actor networks

observationDimension = observationInfo.Dimension(1);
actionDimension = size(actionMatrix,1);

actornet = [
featureInputLayer(observationDimension)
fullyConnectedLayer(128)
reluLayer()
fullyconnectedLayer(64)
reluLayer()
fullyConnectedLayer(actionDimension,...
'WeightsInitializer', ‘'zeros')
softmaxLayer("Name","actionProbability™)];

actor = rlDiscreteCategoricalActor(actornet,...
observationInfo, actionInfe);

Figure 4.4: Creation of the actor network.

Critic network

The agent’s critic network is created in a similar manner to the actor one. It is the same as
the network previously created with the only difference in the network itself being the
absence of the final softmax layer. Finally, the critic is created by using the riValueFunction.
The corresponding code can be seen in Figure 4.5 below.

[43]
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critichet = [
featureInputLayer(observationDimension)
fullyConnectedLayer(128)
reluLayer()
fullyConnectedLayer(64)
reluLayer()
fullyConnectedLayer(1,...
"WeightsInitializer', 'zeros')];

critic = rlvalueFunction(criticnet,...
ohservationInfo);

Figure 4.5: Creation of the critic network.

4.3.3 RL agent configuration

Actor/Critic learning options

The first step towards configuration of the agent is to set the actor’s and the critic’s learn
rates and gradient thresholds, which can have a great impact on the training process. Avery
high learning rate can make the agent too aggressive, thus rendering its training both
unstable and its final result unreliable. A value that’s too low will hinder the agent’s training
by making it too slow and therefore prone to being trapped in local optima. The gradient
threshold option will ensure that, even if the maximum learning rate somehow fails to make
the agent less aggressive, the agent will still collect experience at a specified maximum

pace. The script responsible for implementing the aforementioned variables can be seen in
Figure 4.6.
%% RL agent parameters
rlactoropt = rloptimizeroptions("LearnRate", 3e-3,...
"GradientThreshold", 0.4);

rlCriticopt = rloptimizeroptions("LearnRate", 7e-4,...
"GradientThreshold", ©.25);

Figure 4.6: Learning options configuration.

Agent options

Before the creation and training of the PPO Agent, it is necessary to configure its training
settings. The settings that were changed beyond their default values for the agent are:

e Clip factor: Limits the change in each policy update step.

e Experience horizon: Number of steps to calculate the advantage.

[44]
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Entropy loss weight: Higher entropy loss weight promotes agent exploration by
applying a penalty if the agent is too certain about what action to take, therefore
helping the agent escape local optima.

Mini batch size: Batch size for splitting the experience horizon. Avalue that’s too small
can hinder the agent’s convergence by making it too slow.

Advantage estimate method: A method for estimating advantage values. The setting
used in this training is “gae” which stands for “generalized advantage estimator”.
Discount factor: Discount factor applied to the selected advantage estimation
method.

In addition to those settings, the actor/critic options configured earlier are also included in
the agent’s configuration. Finally, the agent object is created using the “rilPPOAgent”
function and passing as input the actor and critic networks as well as the agent options

configured in this section, as shown in Figure 4.7.

agentoptions = rlPPOAgentoOptions(...
‘ClipFactor', ©.025,...
"ExperienceHorizon", 2048,...
'"EntropyLossWeight’, @.02,...
"MiniBatchsize", 256, ...
'AdvantageEstimateMethod', 'gae’,...
"Actoroptimizeroptions"”, rlActoropt, ...
"CriticOptimizeroOptions™, rlCriticOpt,...
'‘DiscountFactor', ©.992);

agentobj = rlPPOAgent(actor, critic, agentoptions);

Figure 4.7: Agent configuration.

4.3.4 Training options

Before running the training algorithm for the agent, it is necessary to configure its
parameters. The options chosen to be changed are the following:

Max episodes: Maximum number of episodes to train the agents. If no other
termination criteria have been met, the training process terminates after the
specified episodes have elapsed. A higher number of episodes in the absence of
other termination criteria significantly increases the training time but helps ensure

the agent’s convergence.

[45]
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e Max steps per episode: Maximum number of environment steps for training per

episode.
e Score averaging window length: Window length for averaging scores and rewards for
the agent.

e \Verbose: Displays training progress in the command line. Does not affect the training
process.

The configuration of the training options variable can be seen in Figure 4.8.

%% Training options

trainOpts = rlTrainingoptions(...
'MaxEpisodes', 20008@,...
'MaxStepsPerEpiscde’, 5000,...
'ScoreAveragingWindowlength', 1ee,...
"Verbose', true);

Figure 4.8: Training options.

4.3.5 Process parallelization

Agent training is a very time-consuming process. In devices with multiple CPU cores and
sufficient RAM available, the training process can be distributed across different workers
and therefore drastically cut training times down. The script shown in Figure 4.9 asks the user
for the desired amount of workers to be used during training. If the user wishes to cancel
process parallelization, it can be done by selecting “0” or “1” when prompted. Otherwise,
the script checks for active parallel pools and compares it to the user input, deleting the
previous and creating a new pool if the selected amount of workers is different from the
active pool or simply starting a new one if none are already active.

[46]
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%% Process parallelization
poolsRegq=input("Enter the amount of pools to use for " + ...
"parallel computing (® or 1 to disable parallelization): ");
if ~isempty(gcp('nocreate’))
poolsonline=gcp(‘nocreate’).Numiorkers;
else
poolsOnline=0;
end
if poolsReq==0 || poolsReq==
if ~isempty(poolsOnline)
delete (gcp('nocreate’));
trainopts.UseParallel = false;
end
elseif poolsReqg~=poolsOnline
delete(gcp("nocreate™));
parpool('local’,poolsReq);
trainOpts.UseParallel=true;

trainOpts.ParallelizationOptions.Mode = "async"”;
else

trainOpts.UseParallel=true;

trainOpts.ParallelizationOptions.Mode = "async";

end

Figure 4.9: Process parallelization script.

4.3.6 Training execution and results

In order to commence the training process, all thatis required is to call the “train()” function.
Using the agent object and the environment objects and the training options previously
specified, training of the agent will start and the output will be its training statistics, with the
final agent being exported to the workspace automatically. The trained agent object and the
training stats are then saved using the “save”function. The corresponding script can be seen
in Figure 4.10.

%% Training execution
trainingStats = train(agentobj, env, trainopts);

% Save the agent and the training stats
save( 'agent prodlineActive.mat', 'agentObj');

save( 'trainingstats 2machines.mat’, 'trainingstats');

Figure 4.10: Agent training and saving.

[47]
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5. Training and simulation results

5.1 Scenario outlines

In this chapter, the results of the agents’ training and simulation testing are presented. For
this purpose, 5 Simulink models have been developed. One of those models is the
“Baseline” and the rest are slightly differentin order to simulate changes in the environment.
Those changes are higher client demand, increased processing times or higher energy cost
coefficients. For the higher demand scenario, two different models have been used. To
conclude, training has taken place in 5 different scenarios: Baseline, Higher Demand, Higher
Demand V2, Slower Production and Higher Energy Cost.

An agent has been trained on each of those scenarios, producing 5 different agents. Then,
each of those agents is tested in simulations longer than their training in all 5 scenarios. This
way, the performance of each agent when faced with environment variable changes outside
itstraining can be assessed, therefore proving their robustness whenvariables fluctuate. The
objective function used in the model s the following:

R - —(m31C31 + m32CBZ + mCCC + (ECl + ECZ)Cel + mTCT).

Equation 5-1.

The variables of the function are explained below:

R: Reward value

e mg,: Average number of entities in the buffer after Stage 1.

e (pq: Costof storing an entity in the buffer after Stage 1.

e mp,: Number of entities in the buffer after Stage 2, waiting to be handed to
customers.

e (p,: Costof storing an entity in the buffer after Stage 2.

e m.: Clientsin the client queue.

e (.. Costof keeping a clientin queue.

e FEC,/EC,: Energy consumption coefficient of Stage 1 and Stage 2 respectively.

e (.. Costofone energy unit.

e m,: Number of entities in the “raw materials” buffer.

e (,: Cost of storing one entity of raw material.

[48]
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5.2 Agent training results

In this chapter, the training results of the agents are presented. Each agent is being trained
in its own version of the “Baseline” model. The x and y axis of each diagram shows the
episode number and the cumulative reward value (reward values of each step in the episode,
totaling 5.000 simulation steps) respectively. The average reward value for the last 100
episodes is traced with a red line. It is reminded that each training took place for a total of
20.000 episodes with 5.000 simulation steps per episode.

The training results of the agents can be seen in the following figures:

Episode reward

| | | | | | | | |
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
Episode number x10*

Figure 5.1: Training of the "Baseline" agent.

Remarks:

e Agent shows stability for the most part of its training process after the initial steep
experience gain.
e Agent converges at simulation end.

[49]
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Episcde reward

18 1 | | 1 | 1 | | 1
0 0.2 0.4 0.6 0.8 1 1.2 14 16 18 2

Episode number x10%

Figure 5.2: Training of the "HighDemand" agent.

Remarks:

e Agent shows less stability for a short time period after the initial steep reward slope.

e An unexpected performance drop appeared for a single episode around the 19.000
episode mark, possibly caused by the stochasticity of the agent’s policy.

e Agent converges at the end of the training.

[50]
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Figure 5.3: Training of the "HighDemandV2" agent.

Remarks:

e Agent is more stable than the “HighDemand” version after the initial reward
exploitation, but still less stable than the “Baseline” agent.

e Asin the “HighDemand” agent, a performance drop appeared for a single episode
around the 19.000 episode mark, possibly due to the stochasticity of the agent’s
policy.

e Agent converges at the end of the training.

[51]
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Figure 5.4: Training of the "SlowerProduction” agent.

Remarks:

e Agent shows a general instability in its reward during training.

e Though unstable, the agent achieved a significant improvement of its rewards since
the beginning of the training process. Its order of magnitude is within what the
previous agents achieved.

e The agent did not converge at the end of the simulation and its reward fluctuated
heavily.

[52]
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Figure 5.5: Training of the "EnergyCost" agent.

Remarks:

e The agent took a longer time than the previous versions before starting its steep
reward gain slope.

e Agent exhibited a slight instability after the initial reward gains.

e Agent converged at the end of the simulation.

In conclusion, the agents generally exhibited a smooth performance during training. This
hints that the training parameters were well set and the number of episodes of the training
process was sufficient for most agents to converge. Agent convergence contributes to a
system whose behavior will not vary widely with small tweaks of its environment variables.

[53]
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5.3 Simulation results

Agent assessment

After simulation, Simulink outputs the desired data into the basic MATLAB workspace, the
most important of which being the average reward, which is the sum of the reward values in
each step divided by the number of simulation steps (20.000 for every agent). Other metrics
such as average client waiting times, average client queue length, buffer levels etc. will be
used to make an outline of the general agent’s behavior.

5.3.1 Baseline scenario

This is the first scenario used for agent training. The baseline scenario agent will be
compared to the other agents trained in their respective slightly modified models in order to
assess the robustness of the controller. The objective function (Equation 5-1) coefficients for
this scenario are presented in Table 5-1.

Table 5-1: Objective function coefficients for the Baseline scenario.

Variable name (script) Variable (Equation 5-1.) Value
bufferCost Cp1 0.01
readyproductsCost Cgp2 0.015
clientWaitCost Cc 0.65
energyCost Cel 0.1
rawMaterialCost Cr 0.0025

Average reward values

The agents are loaded in the workspace one by one and are used to run the simulation of the
model for 20.000 steps. The average reward for the baseline scenario model for all agents is
presented in Table 5-2. It is reminded that, although the “reward” actually represents costs,
it has a negative sign (as seen in Equation 5-1), therefore greater values are more desirable.

[54]
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Table 5-2: Average simulation reward values.

Agent Average reward
Baseline -2.575
HighDemand -2.583
HighDemandV2 -2.625
SlowerProduction -3.010
EnergyCost -2.688

From the reward values, it can be argued that the baseline agent outperforms the rest, with
the “HighDemand” agent following closely. The worst performance in this metric was
exhibited by the “SlowerProduction” agent.

Machine utilization

The next metric under examination is the utilization of Machines 1 and 2. Utilization receives
values between 0 and 1 and represents the total machine uptime compared to the total
simulation time. Higher values mean the machines have been running for longer time in total
throughout the simulation. Lower values mean that the machines have been spending more
time in IDLE or OFF states. The results can be seen in Table 5-3.

Table 5-3: Average machine utilization for each agent.

Agent Machine 1 utilization Machine 2 utilization
Baseline 0.510 0.493
HighDemand 0.509 0.492
HighDemandV2 0.511 0.493
SlowerProduction 0.611 0.612
EnergyCost 0.510 0.492

)

In contrast to the average reward values, no direct conclusion about the agents
performance can be made from the utilization values alone. However, the agents can be
compared to each other. While all agents stay within very narrow margins of each other in
terms of machine utilization, the “SlowerProduction” agent stands out with higher values.
This means that the agent kept the machinesin OPERATION status for longer than the others.

[55]
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Client metrics

In terms of client metrics, the average client wait times and the average queue lengths will
be examined. In a sense, those values can be considered interchangeable, but both will be
presented, as they can be used to form conclusions about overall client satisfaction, facility
requirements to support the number of waiting customers etc. The simulation results are
shown in Table 5-4.

Table 5-4: Average client wait times and queue lengths for each agent.

Agent Average client wait time Average queue length
Baseline 0.072 0.018
HighDemand 0.057 0.014
HighDemandV2 0.048 0.012
SlowerProduction 0.045 0.011
EnergyCost 0.493 0.122

It appears that the SlowerProduction agent is better at servicing clients, as implied by the
lower waiting times and queue lengths. The HighDemandV2 agent shows similar
performance in terms of those metrics, but slightly worse. The worst performance across all
client metrics belongs to the EnergyCost agent.

Average Stage 2 buffer level

Another interesting metric is the average level of the buffer after Stage 2. The Stage 2 buffer
contains ready products waiting to be given to customers from the client queue. The average
levels can be seenin Table 5-5.

Table 5-5: Average Stage 2 buffer level for each agent.

Agent Average buffer 2 level
Baseline 5.974
HighDemand 6.419
HighDemandV2 7.449
SlowerProduction 26.089
EnergyCost 2.970

The values show that the SlowerProduction agent keeps the highest stock of ready products
by far compared to the rest of the agents, while the EnergyCost agent keeps the lowest stock.

[56]
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A higher average stock means that if a client surge were to manifest, the system would be
better prepared to respond without leaving clients wait until more products are prepared, at
the expense of higher storage costs. The other 3 agents (Baseline, HighDemand and
HighDemandV2) are relatively close in terms of stocked products.

Conclusion

In this scenario, it can be stated that the agent with the best performance was the Baseline
agent. Though not as good as the Slower Production agent in terms of client metrics, it
showed the best average reward in the simulations while performing well enough in client
metrics and kept a reasonable stock of ready products to diminish the negative effect of a
surge in incoming clients in the system.

5.3.2 High Demand scenario

In this scenario, the average arrival times (the entry time attribute of the clients as described
in 3.3.5) of the clients have a reduced mean value of p’=3 compared to the initial y=4 of the
baseline scenario. The objective function remains unchanged compared to the baseline
scenario and is presented in Table 5-6.

Table 5-6: Objective function coefficients for the HighDemand scenario.

Variable name (script) Variable (Equation 5-1.) Value
bufferCost Cp1 0.01
readyproductsCost Cp2 0.015
clientWaitCost Cc 0.65
energyCost Col 0.1
rawMaterialCost Cr 0.0025

Average reward values

The average reward value for every agent in the HighDemand scenario is shown in Table 5-7.
Itis reminded that the only agent trained on this scenario is the “HighDemand” agent.
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Table 5-7: Average simulation reward values.

Agent Average reward
Baseline -3.459
HighDemand -2.716
HighDemandV2 -2.689
SlowerProduction -3.154
EnergyCost -3.446

Of all the agents, the HighDemandV2 agent shows the best average reward value.
HighDemand agent exhibits a marginally worse performance. Third in terms of reward is the
SlowerProduction agent, with Baseline and EnergyCost agents receiving the worst values.

Machine utilization

The average machine utilization of each agent for both machines is presented in Table 5-8.

Table 5-8: Average machine utilization for each agent.

Agent Machine 1 utilization Machine 2 utilization
Baseline 0.680 0.658
HighDemand 0.672 0.659
HighDemandV2 0.673 0.659
SlowerProduction 0.801 0.814
EnergyCost 0.677 0.659

Like previously, the SlowerProduction agent makes considerably more use of the machines’
available time, with the rest of the agents being more or less similar to each other.

Compared to the values seen in the Baseline scenario (Table 5-3), the values are remarkably
higher in this scenario. This can be explained by the fact that the influx of clients has been
greatly increased on average. More clients entering the systemm means more need for
products and therefore more machine usage.

Client metrics

The client metrics of this scenario for all agents can be seen in Table 5-9.
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Table 5-9: Average client wait times and queue lengths for each agent.

Agent Average client wait time Average queue length
Baseline 3.382 1.124
HighDemand 0.557 0.185
HighDemandV2 0.290 0.097
SlowerProduction 0.098 0.032
EnergyCost 3.378 1.123

In this scenario, the client metrics values have been remarkably increased across all agents.
The SlowerProduction agent shows a significantly better performance than the other agents,
both in terms of client wait times and average queue length. Both Baseline and the
EnergyCost agents show signs of struggling to keep up when compared to the other agents,
though their numbers pose no threat to the overall stability of the system (being unable to
serve the clients and have a full queue).

Average Stage 2 buffer level

As explained earlier, the average Stage 2 buffer level indicates the average amount of ready
products in stock. The results of each agent can be seen in Table 5-10.

Table 5-10: Average Stage 2 buffer level of each agent.

Agent Average buffer 2 level
Baseline 1.936
HighDemand 3.832
HighDemandV2 4.824
SlowerProduction 25.232
EnergyCost 1.985

Regarding the buffer level, the SlowerProduction agent holds a larger stock of products than
the other agents. Baseline and EnergyCost agents are struggling to keep up with demand,
while HighDemand and HighDemandV2 are performing slightly better. Once again,
SlowerProduction seems better prepared to deal with a possible demand spike.

Conclusion
In this scenario, agents were tested with a higher customer arrival rate. HighDemandV2
agent showed the best performance in terms of average reward, with HighDemand being
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close. It is reminded that HighDemand was the agent trained on this scenario. However,
when client wait times and client queue length is considered, SlowerProduction agent had
the best performance. The same agent also exhibited the highest levels of stocked ready
products and machine utilizations.

5.3.3 High Demand V2 scenario

This scenario retains the increase of the customer arrival rates that was made for
HighDemand in 5.3.2. Additionally, the client waiting cost coefficient in the objective
function (Equation 5-1) has been increased to 1.1 from 0.65 (a +69% increase) in order to
more harshly penalize pending orders. The objective function coefficients can be seen in
Table 5-11. The agent trained on this scenario is the HighDemandV2 agent.

Table 5-11: Objective function coefficients for the HighDemandV2 scenario.

Variable name (script) Variable (Equation 5-1.) Value
bufferCost Cp1 0.01

readyproductsCost Cp2 0.015
clientWaitCost C. 1.1
energyCost Cel 0.1

rawMaterialCost Cr 0.0025

Average reward values

The average reward values of all agents for the HighDemandV2 scenario is presented in
Table 5-12.

Table 5-12: Average simulation reward values.

Agent Average reward
Baseline -3.023
HighDemand -2.758
HighDemandV2 -2.720
SlowerProduction -3.173
EnergyCost -3.973
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Across all agents, the one with the best performance is the HighDemandV2 one.
HighDemand follows not too far behind, with Baseline being in the middle of the lineup.
SlowerProduction and EnergyCost come in the last places, with EnergyCost exhibiting the
worst performance compared to the rest of the agents.

Machine utilization

The machine utilization factor for each agentis shown in Table 5-13.

Table 5-13: Average machine utilization for each agent.

Agent Machine 1 utilization Machine 2 utilization
Baseline 0.672 0.659
HighDemand 0.672 0.659
HighDemandV2 0.673 0.659
SlowerProduction 0.801 0.814
EnergyCost 0.678 0.658

The machine utilizations in this scenario are almost completely identical to those in the
HighDemand scenario, as presented in Table 5-8. This is an expected behavior, as the
product demand has not changed. The SlowerProduction agent once again shows the
highest utilization rates, with all the other agents showing almostidentical performance with
each other.

Client metrics

The average client wait times and queue length are presented in Table 5-14.

Table 5-14: Average client wait times and queue lengths for each agent.

Agent Average client wait time Average queue length
Baseline 1.201 0.399
HighDemand 0.448 0.149
HighDemandV2 0.247 0.082
SlowerProduction 0.108 0.036
EnergyCost 3.420 1.137
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Following the already existing pattern, the SlowerProduction agent scores the best across
both client metrics. Between the other agents, HighDemandV2 shows better performance
and HighDemand follows behind. The EnergyCost agent ends up in the last place compared
to the other agents. Remarkably, when compared to its performance in the last scenario
(Table 5-9), the Baseline agent shows a significant improvement in client metrics.

Average Stage 2 buffer level

The average Stage 2 buffer levels for all agents can be seen in Table 5-15.

Table 5-15: Average Stage 2 buffer levels.

Agent Average buffer 2 level
Baseline 2.980
HighDemand 3.924
HighDemandV2 4.714
SlowerProduction 25.434
EnergyCost 1.875

In this scenario, the SlowerProduction agent keeps the highest stock of ready products. The
other agents also keep some stock, though lower, with the lowest being the EnergyCost
agent. The EnergyCost agent is more prone to leaving customers to wait, should demand
surge suddenly.

Conclusion

In this scenario, on top of the faster client arrival rate, the waiting cost for those clients was
also increased to encourage the agents to produce more and cover the extra demand. In
terms of average reward, the HighDemandV2 agent had the best performance. The agent
only fell behind in terms of client wait times and average queue length when compared to
the SlowerProduction agent. However, the agent still performed well and kept a respectable
stock of ready products in case of a surge in client arrivals.
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5.3.4 Slower Production scenario

This scenario simulates slower machine processing rates for the products. The mean
processing times were increased to p’=3 compared to the initial value of y=2. The objective
function coefficients have been changed back to the same values as in the Baseline
scenario, as seen in Table 5-16.

Table 5-16: Objective function coefficients for the SlowerProduction scenario.

Variable name (script) Variable (Equation 5-1.) Value
bufferCost Cp1 0.01
readyproductsCost Cp2 0.015
clientWaitCost Cc 0.65
energyCost Col 0.1
rawMaterialCost Cr 0.0025

Average reward values

The average reward values of all agents for the SlowerProduction scenario is presented in
Table 5-17.

Table 5-17: Average simulation reward values.

Agent Average reward
Baseline -3.459
HighDemand -3.017
HighDemandV2 -2.994
SlowerProduction -3.167
EnergyCost -4.192

The HighDemandV2 agent shows the best performance compared to the other agents,
followed by the HighDemand agent. Although it was trained on this exact scenario, the
SlowerProduction agent fell in third place in terms of average simulation reward. The
Baseline agent came in fourth place and the EnergyCost agent exhibited the worst
performance.

Machine utilization

The average machine utilization during the simulation for each agent is shown in Table 5-18.
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Table 5-18: Average machine utilization for each agent.

Agent Machine 1 utilization Machine 2 utilization
Baseline 0.758 0.735
HighDemand 0.760 0.735
HighDemandV2 0.762 0.736
SlowerProduction 0.801 0.798
EnergyCost 0.766 0.734

In terms of machine utilization, a noticeable increase is observed across all the agents
except for the SlowerProduction one. Though increased, machine utilization ratios of the
other agents are still much different than the SlowerProduction agent. This increase is
expected, as products now require longer processing times by a factor of +50%.

Client metrics

The average client wait time and queue length are shown in Table 5-19.

Table 5-19: Average client wait times and queue lengths for each agent.

Agent Average client wait time Average queue length
Baseline 4.668 1.161
HighDemand 1.876 0.465
HighDemandV2 1.525 0.378
SlowerProduction 0.191 0.047
EnergyCost 8.424 2.087

As expected, the SlowerProduction agent once again outperforms the others and this time
by a much larger margin, being the only agent with average waiting time less than 1 and less
than 0.1 average queue length. The EnergyCost agent performs significantly worse than all
the others. The HighDemand and HighDemandV2 agents once again show a good enough
performance even when the environment variables are changed.

Average Stage 2 buffer level

The average Stage 2 buffer levels for all the agents are presented in Table 5-20.
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Table 5-20: Average Stage 2 buffer levels.

Agent Average buffer 2 level
Baseline 2.348
HighDemand 3.485
HighDemandV2 4.370
SlowerProduction 21.025
EnergyCost 1.421

Though not significant, the agents demonstrate a decrease in average buffer levels. The
SlowerProduction agent once again holds a high level of stocked products, with the
EnergyCost agent falling dangerously low and being vulnerable to unexpected demand
surges.

Conclusion

In this scenario, the agents were tested in an environment where products require a longer
processing time on average. The HighDemand and HighDemandV2 agents demonstrated
good enough performance in terms of average simulation reward values and the
SlowerProduction agent was once again the best performing agent in terms of client metrics.

5.3.5 Higher energy cost scenario

In this scenario, the energy cost coefficient was increased to 0.02 from its initial value of
0.01, showcasing an increase rate of +100%. This resembles real-world situations where the
electricity price can suddenly fluctuate, altering the profitability of a production facility. The
objective function coefficients for this scenario are shown in Table 5-21.

Table 5-21: Objective function coefficients for the EnergyCost scenario.

Variable name (script) Variable (Equation 5-1. Value
bufferCost Cp1 0.01

readyproductsCost Cp2 0.015
clientWaitCost Cc 0.65
energyCost Cel 0.2

rawMaterialCost Cr 0.0025
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Average reward values

The average reward values for this scenario are presented in Table 5-22.

Table 5-22: Average simulation reward values.

Agent Average reward
Baseline -3.807
HighDemand -3.810
HighDemandV2 -3.841
SlowerProduction -4.446
EnergyCost -3.894

Though not trained for this scenario, the Baseline agent shows the best performance,
followed closely by the HighDemand and HighDemandV2 agents. The worst performance is
showcased by the SlowerProduction agent, an expected outcome since this agent exhibits
higher machine utilization rates and therefore higher energy costs.

Machine utilization

The utilization of the machines in this scenario is presented in Table 5-23.

Table 5-23: Average machine utilization for each agent.

Agent Machine 1 utilization Machine 2 utilization
Baseline 0.510 0.493
HighDemand 0.509 0.492
HighDemandV2 0.511 0.493
SlowerProduction 0.650 0.660
EnergyCost 0.510 0.492

It appears that the agents have now reduced their utilization rates back to the levels shown
in Table 5-3 for the Baseline scenario. This is an understandable outcome since both client
demand and processing times have returned to their initial values. What would be expected
but is not actually happening is a decrease in utilization rates to compensate for the higher
operating costs imposed by the increased energy coefficient in the objective function.
Furthermore, the EnergyCost agent does not actually make less use of the machines as
would be expected in order to save some energy.
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Client metrics

The client metrics of all the agents for this scenario are shown in Table 5-24.

Table 5-24: Average client wait times and queue lengths for each agent.

Agent Average client wait time Average queue length
Baseline 0.084 0.021
HighDemand 0.061 0.015
HighDemandV2 0.046 0.011
SlowerProduction 0.050 0.012
EnergyCost 0.457 0.113

It is observed that all the agents are performing relatively well in the client metrics, except
for the EnergyCost agent, which was trained on this scenario. Remarkably and in contrast to
all the previous scenarios, the HighDemandV2 agent marginally outperforms the
SlowerProduction agent in both average client wait time and queue length.

Average Stage 2 buffer level

The average buffer levels are shown in Table 5-25.

Table 5-25: Average Stage 2 buffer levels.

Agent Average buffer 2 level
Baseline 6.135
HighDemand 6.309
HighDemandV2 7.520
SlowerProduction 26.872
EnergyCost 2.949

Following the same trend as in previous scenarios, the EnergyCost agent holds the least
amount of ready products in stock. The SlowerProduction agent keeps more stocked
products and the rest of the agents hold about the same amounts with each other.

Conclusion

This scenario imposed a greater production cost on the system in the form of an increased
energy consumption coefficient. The EnergyCost agent, who was trained on this scenario,
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performed poorly when compared to the other agents. The Baseline agent achieved the best
average reward value, while the HighDemandV2 agent showed the best performance
considering all the examined metrics, balancing customer metrics, reward and stock of
ready products.

5.4 Simulation reward plots

In this chapter, the plots containing the reward values throughout the whole simulation for
each scenario will be presented. These plots will aid in the understanding of the agents’
performance during simulation.

5.4.1 Baseline scenario

In Figure 5.6, the reward value for each agent throughout the entire simulation of the
Baseline scenario is presented.
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Figure 5.6: Reward values of the agents in the Baseline scenario.

Though not immediately distinguishable, few statements can be made regarding the figure:

e The Baseline agent’s peak reward values (blue line) can be seen above all the other
curves occasionally, and more intensely during steps 10.000-15.000.
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e The HighDemandV2 agent shows more stable performance in areas where other

agents might exhibit a performance dip.

e The SlowerProduction agent shows constantly worse reward values than the other

agents.

e The EnergyCost agent shows sudden drops in reward, which can be accredited to the

low stock of ready products, causing clients who enter the queue to wait and add a
penalty to the agent’s reward.

e All agents have large negative reward values in the beginning of the simulation, as

clients enter the system and wait for the first products to finish processing. The
EnergyCost agent is affected the most by this phenomenon.

e In spite of the previous statements, the EnergyCost agent manages to show better

performance than the rest occasionally, such as around step 9.000 and between
steps 2.000 and 3.000

5.4.2 High Demand scenario

In this scenario, demand for products has been increased. In Figure 5.7, the reward value for
each agent throughout the entire simulation in the HighDemand scenario is presented.
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Figure 5.7: Reward values of the agents in the HighDemand scenario.

The differences in the agents’ behaviors are less subtle in this scenario. More notably:
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e Sudden dips in reward are more intense for all agents. The Baseline and EnergyCost
agents are the most affected.

e Though they both exhibit a similar performance, HighDemandV2 is less affected than
HighDemand by client surges. It is expected, as both were trained in higher demand
scenarios and especially HighDemandV2 received a higher penalty for pending
orders during training.

e The EnergyCost agent exhibited the largest dip in reward across all the agents, just
before step number 18.000.

e SlowerProduction agent shows no sudden reward drops, most likely caused by the
larger stock of ready products the agent keeps.

In this scenario, sudden surges in demand are more seriously impacting the performance of
all the agents compared to the Baseline scenario. Sudden drops in performance are
indicative of clients rushing in the system’s queue while no ready products are stocked,
heavily impacting the reward value.

5.4.3 High Demand V2 scenario

In this scenario, in addition to increased demand, pending orders are more heavily
penalized. The reward values of the agents during simulation are shown in Figure 5.8.
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Figure 5.8: Reward values of the agents in the HighDemandV2 scenario.
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The main characteristics of the agents’ performances are the following:

e Baseline and EnergyCost agents exhibit similar reward drops as those seen
previously in Chapter 5.4.2.
e The EnergyCost agent has an immense reward drop around the 18.000" simulation

step.
e Though not as notable, HighDemand and HighDemandV2 agents also have

performance drops.
e SlowerProduction agent does not show drops in performance.

5.4.4 Slower Production scenario

This scenario simulates longer average processing times for the products. The performance
of each agent in the SlowerProduction scenario is shown in Figure 5.9.
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Figure 5.9: Reward values of the agents in the SlowerProduction scenario.

The main takeaways from this scenario are the following:

e All agents are more affected by client surges.
e The EnergyCost agent is less able to respond in time to increased demand, showing
more intense and longer-lasting performance drops.

[71]



Energy efficient production lines control with the use of Reinforcement Learning

e The agents trained in higher demand scenarios are also impacted, though not as
heavily.

e The SlowerProduction agent is not affected by spikes in client demand.

e When generally stable, the EnergyCost and SlowerProduction agents showcase lower
reward values than the other agents, more prominentin steps 11.000 through 14.000.

5.4.5 Higher energy cost scenario

In this scenario, the energy cost coefficient of the objective function has been increased,
simulating higher energy costs. The reward values of the agents can be seen in Figure 5.10.
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Figure 5.10: Reward values of the agents in the EnergyCost scenario.

By looking at the plot, the following statements can be made:

e All agents exhibit similar behavior.

e The SlowerProduction agent appears to be consistently worse performing than the
other agents, as a consequence of higher machine utilization and therefore higher
energy expenses.

e The EnergyCost agent seems to outperform the others at times, namely around steps
6.500 and 18.300.
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e Sudden reward drops are more subtle in this scenario. Still, the EnergyCost agent is
most affected by them.
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6. Conclusions and future extensions

In this thesis, a system mimicking a production line has been developed in MATLAB’s
Simulink environment. The system features two serially connected processing stages
controlled by a Reinforcement Learning (RL) agent and a client queue, where clients are
accumulated and wait to receive ready products. A discrete-event chart is used to simulate
the state of the workstation in each processing stage, which is then directly controlled by the
RL agent. The agent has been trained to optimize the cost of running the production line,
which includes the costs of storing items in the system’s buffers, pending orders and energy
consumption. Slightly modified versions of the baseline scenario have been developed to
assess the agent’s performance in scenarios with increased client demand, slower product
processing rates and increased energy costs, as well as the need to train different agents in
order to handle those fluctuations of the environment variables. Testing and measurement
of different parameters proved that the agents are capable of effectively controlling the
production line, but are vulnerable against changes in environment variables, with the effect
being more profound on agents who were trained in less demanding scenarios.

It is recognized that there are several restrictions on the empirical research done in this
thesis. Therefore, the following future extensions are recommended:

e Developed RL agents can be compared to benchmark control policies to assess their
performance against already existing methods of industrial control.

e Events such as machine malfunctions can be added in the simulation process,
drastically changing the control process.

e More machines can be added on the production line, increasing the complexity of the
problem at hand.

e Other RL optimization methods than the PPO method can be tested.

e Orders higher than one item per client can be simulated.

e Different end products may originate from the same production line and can be
combined with customer orders of more than one type of product.
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7. Appendices

7.1 Appendix A: Probability distributions

7.1.1 Continuous uniform distribution

In probability theory and statistics, a continuous uniform distribution describes an
experiment where its outcome lines between specified bounds, defined by the parameters
a (lower bound) and b (upper bound). The interval may be closed (including the bounds,
symbolized [a,b] ) or open (not including its bounds, symbolized (a,b) ). For an experiment
whose outcomes follow the continuous uniform distribution, all outcomes are equally
probable. The main characteristics of the distribution are [38]:

Fla),foranSb,

e Probability density function: f(x) =
0,forx <aorx>b.

e Meanvalue: U = %(a + b).

e Variance: 02 = % (b — a)?.

Figure 7.1 shows the probability density function of a uniform distribution bounded in [a,b]:
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Figure 7.1: Continuous uniform distribution probability density function [39].

7.1.2 Exponential distribution

In probability theory and statistics, the exponential distribution is the probability distribution
of the time period between successive events following the Poisson point process. In a
Poisson process, events occur continuously and independently of each other at a constant
average rate. Those events can range from production errors, client arrivals to natural
disasters and other phenomena. The key point of the exponential distribution is that it’s
memoryless. Its main characteristics are [40]:

le™* for x = 0,
e Probability density function: f(x) =
0,for x <O.

where A>0 is the distribution’s rate parameter.

1
e Meanvalue: U = T

e Variance: o° = —.

An example of the exponential distribution for A=0.01 and A=0.005 is shown in Figure 7.2.
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Figure 7.2: Example of an exponential distribution [41].
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7.2 Appendix B: MATLAB code for agent training

The full MATLAB code used to train the RL agents is the following:

%% Initialization
module = 'prodline_Baseline';%Environment loading
agentBlock = [module '/RL Agent Block'];%Agent block

%Possible machine states

observationInfo = rlNumericSpec([6,1],
'LowerLimit', [0;0;0;0;0;0],...
"UpperLimit', [1;1;1;1;3;3]);

observationInfo.Name = 'Machine states"';

%Creation of the possible states matrix
actMi1=[0,1,2];

actM2=actM1;

actionMatrix = combvec(actMl,actM2)’;

%Splits actionMatrix into 16 different cell arrays with dimension 2
%each. Then it passes them as possible agent states

actionInfo = rlFiniteSetSpec(mat2cell(actionMatrix, ones(1,9), 2));
actionInfo.Name = 'Machine actions';

env = rlSimulinkEnv(module,agentBlock, observationInfo, actionInfo);

%% Creation of the critic and actor networks
observationDimension = observationInfo.Dimension(1);
actionDimension = size(actionMatrix,1);

actorNet = [
featurelnputLayer(observationDimension)
fullyConnectedLayer(128)
reluLayer()
fullyConnectedLayer(64)
reluLayer()
fullyConnectedLayer(actionDimension, ...
'"WeightsInitializer', 'zeros')
softmaxLayer("Name","actionProbability")];

actor = rlDiscreteCategoricalActor(actorNet,...
observationInfo, actionInfo);

criticNet = [
featurelnputLayer(observationDimension)
fullyConnectedLayer(128)
reluLayer()
fullyConnectedLayer(64)
reluLayer()
fullyConnectedLayer(1,...
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'"WeightsInitializer', 'zeros')];

critic = rlvValueFunction(criticNet,...
observationInfo);

%% RL agent parameters
rlActorOpt = rlOptimizerOptions("LearnRate", 3e-3,...
"GradientThreshold", 0.4);

rlCriticOpt = rlOptimizerOptions("LearnRate", 7e-4,...
"GradientThreshold", 0.25);

agentOptions = rlPPOAgentOptions(...
'ClipFactor', 0.025,...
"ExperienceHorizon", 2048,...
"EntropyLossWeight', @.02,...
"MiniBatchSize", 256,
'AdvantageEstimateMethod', 'gae’,...
"ActorOptimizerOptions", rlActorOpt,
"CriticOptimizerOptions", rlCriticOpt,...
'DiscountFactor', ©.992);

agentObj = rlPPOAgent(actor, critic, agentOptions);

%% Training options

trainOpts = rlTrainingOptions(...
'MaxEpisodes', 20000,...
'MaxStepsPerEpisode', 5000,...
'ScoreAveragingWindowLength', 100,...
'Verbose', true);

%% Process parallelization
poolsReg=input("Enter the amount of pools to use for " + ...

"parallel computing (@ or 1 to disable parallelization):

if ~isempty(gcp('nocreate'))
poolsOnline=gcp( 'nocreate').NumWorkers;
else
poolsOnline=0;
end
if poolsReq==0 || poolsReqg==1
if ~isempty(poolsOnline)
delete (gcp('nocreate'));
trainOpts.UseParallel = false;
end
elseif poolsReq~=poolsOnline
delete(gcp("nocreate™));
parpool('local',poolsReq);
trainOpts.UseParallel=true;

trainOpts.ParallelizationOptions.Mode = "async";
else

trainOpts.UseParallel=true;

trainOpts.ParallelizationOptions.Mode = "async";

end
%% Training execution
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trainingStats = train(agentObj, env, trainOpts);
% Save the agent and the training stats

save('agent_prodlineActive.mat', 'agentObj');
save('trainingStats_2machines.mat', 'trainingStats');
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7.3 Appendix C: Full simulation results

Simulation of the trained agents produced results that were not essential to the performance
analysis. For readers interested in a more in-depth analysis, all the produced tables are
placed below:

Table 7-1: Average simulation reward.

. . . Slower
Baseline | HighDemand | HighDemandV2 Production EnergyCost
Baseline -2.575 -3.459 -3.023 -3.459 -3.807
HighDemand -2.583 -2.716 -2.758 -3.017 -3.810
HighDemandV2 -2.625 -2.689 -2.720 -2.994 -3.841
Pri;"l:’:’:‘;:m -3.010 -3.154 -3.173 -3.167 -4.446
EnergyCost -2.688 -3.446 -3.973 -4.192 -3.894

Table 7-2: Average Machine 1 utilization.

Baseline | HighDemand | HighDemandV2 PrgfjoL:,c\:i:)n EnergyCost
Baseline 0.510 0.680 0.672 0.758 0.510
HighDemand 0.509 0.672 0.672 0.760 0.509
HighDemandV2 | 0.511 0.673 0.673 0.762 0.511
Slower 0.611 0.801 0.801 0.801 0.650
Production
EnergyCost 0.510 0.677 0.678 0.766 0.510
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Table 7-3: Average Machine 2 utilization.

Baseline | HighDemand | HighDemandV2 Priijol.\l,::iron EnergyCost
Baseline 0.493 0.658 0.659 0.735 0.493
HighDemand 0.492 0.659 0.659 0.735 0.492
HighDemandV2 0.493 0.659 0.659 0.736 0.493
oot | 0,612 0.814 0.814 0.798 0.660
EnergyCost 0.492 0.659 0.658 0.734 0.492

Table 7-4: Average Stage 1 buffer level.

Baseline | HighDemand | HighDemandV2 Pricl:lo:c\:i:)n EnergyCost
esalie 3.687 | 20924 3.388 3.461 3.832
HighDemand | 4.854 5.134 4.966 5.401 4.863
HighDemandv2 | 7.166 7.045 7.041 7.537 7.117
Pri:m;:m 5.001 11.000 10.938 6.726 6.692
EnergyCost | 11.692 | 19.544 19.987 19.129 8.926

Table 7-5: Average Stage 2 buffer level.

Baseline | HighDemand | HighDemandV2 Pri(l:lo:c\;fi:)n EnergyCost
Baseline 5.974 1.936 2.980 2.348 6.135
HighDemand 6.419 3.832 3.924 3.485 6.309
HighDemandV2 | 7.449 4.824 4.714 4.370 7.520
oo | 26.089 | 25.232 25.434 21.025 26.872
EnergyCost 2.970 1.985 1.875 1.421 2.949
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Table 7-6: Maximum client queue spike.

Baseline | HighDemand | HighDemandV2 Pri(ljol.\llc\;‘tai:)n EnergyCost
Baseline 7 16 12 15 7
HighDemand 7 9 9 11 7
HighDemandV2 7 9 9 12 7
Slower
Production 7 ° ° 8 7
EnergyCost 11 18 22 18 7

Table 7-7: Average client wait times.

Baseline | HighDemand | HighDemandV2 Pri(l:IOL\llc\;‘:iron EnergyCost
. 0.072 3.382 1.201 4.668 0.084
HighDemand | 0.057 0.557 0.448 1.876 0.061
HighDemandv2 | 0.048 0.290 0.247 1.525 0.046
Prﬁfa’ﬁm 0.045 0.098 0.108 0.191 0.050
EnergyCost | 0.493 3.378 3.420 8.424 0.457

Table 7-8: Average client queue length.

Baseline | HighDemand | HighDemandV2 Priijo:::(:i:)n EnergyCost
Baseline 0.018 1.124 0.399 1.161 0.021
HighDemand 0.014 0.185 0.149 0.465 0.015
HighDemandV2 | 0.012 0.097 0.082 0.378 0.011
oot | 0.011 0.032 0.036 0.047 0.012
EnergyCost 0.122 1.123 1.137 2.087 0.113
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Table 7-9: Average Machine 1 energy state coefficient.

Baseline | HighDemand | HighDemandV2 Priijol.\l,::iron EnergyCost
Baseline 6.191 6.990 6.866 7.034 6.196
HighDemand 6.199 6.885 6.896 7.093 6.198
HighDemandV2 6.225 6.904 6.927 7.137 6.204
oot | 6.576 7.674 7.657 7.648 6.692
EnergyCost 6.276 6.999 7.007 7.269 6.270

Table 7-10: Average Machine 2 energy state coefficient.

Baseline | HighDemand | HighDemandV2 Pricl:lo:c\:i:)n EnergyCost
Baseline 6.332 7.108 7.358 7.718 6.319
HighDemand 6.247 7.151 7.130 7.395 6.275
HighDemandV2 | 6.248 7.092 7.115 7.333 6.230
o | 7.397 8.375 8.380 8.473 7.477
EnergyCost 6.355 7.123 7.119 7.385 6.369

Table 7-11: Total clients served.

Baseline | HighDemand | HighDemandV2 PSLOL\I’;;;” EnergyCost
Baseline 4955 6646 6648 4947 4955
HighDemand | 4955 6648 6648 4955 4955
HighDemandv2 | 4955 6648 6648 4955 4955
Prﬁf{ﬁ;ﬂ 4955 6648 6648 4955 4955
EnergyCost 4955 6647 6645 4954 4955
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