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Abstract

This thesis addresses the optimization of an industrial robotic dosing system.

Thanks to Logic S.r.l., the case studio relies on real technical specifications

and customer requirements. The physical plant is composed of (5) dosing

machines and a limited number of parking spots (6). The process consists

of several recipes, that must be dynamically routed to different machines to

recive their ingredients, hence they are divided into sub-recipes. The primary

objective of the developed algorithm is to minimize the overall completion

time, while respecting physical constraints, like limited parking spots capac-

ity and mutual exclusivity within barrels and machines, and time constraints

for the completion of individual sub-recipes.

To manage this scheduling problem, Integer Linear Programming (ILP)

was utilized to develop the mathematical model to represent the industrial

environment. The ILP formulation relies on a set of optimization variables,

representing the solver’s decisions, and on the allocation matrix and capac-

ity vector, which allow to constrain the feasible solutions region. The imple-

mented model successfully optimize the scheduling, providing a minimization

of the completion time and a maximization of the machines utilization.
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Chapter 1

Introduction

In the new era of Industry 4.0, decisions regarding productivity can no longer

be left to human intuition. The overall efficiency of the manufacturing line

depends not only on the processing speed of machines as individual tools,

but also on the tight synchronization of parallel operations, taking into ac-

count collaboration among different workstations. In the current industrial

environment, this synchronization is fundamental to eliminating waste, es-

pecially in automated material handling, where different strategies can be

applied.

When analyzing multiple jobs competing for limited resources, bottle-

necks are an ever-present risk. Without a mathematical model to support

the decision-making process, it is left to rely on empirical approaches that

don’t capture the big picture of the plant. As a result it becomes frequent

to deal with useless bottlenecks, longer completion times, suboptimal utiliza-

tion of the buffer zone, and in general, unwanted long makespan and elevated

costs.

To address all of these critical points, scheduling optimization has become

a cornerstone for researchers, leading to the formulation and wide study of

the Job Shop Scheduling Problem (JSSP).

The JSSP has been one of the most thriving areas of operational research

and management science, and for its broad application backgrounds, it has

been extensively studied by academics and researchers [1]. Several tasks,

composed of operations, must be processed in a certain order on some ma-

1



2 CHAPTER 1. INTRODUCTION

chines, under predetermined constraints, usually due to space or technology

limits. The aim is to complete all jobs minimizing the overall completion

time [1].

Different formulations of the JSSP exist, as each industrial context re-

quires adaptations of the general model due to space constraints, machine

configuration, or job characteristics. Over the decades some solution meth-

ods have been developed in the literature, from exact approaches, such as

Linear programming, to heuristic algorithms or a combination of both.

In this thesis, the scheduling of an industrial robotic dosing system has

been developed. The company Logic S.r.l presented an industrial problem:

the commissioning of a system composed of 5 machines and 6 intermediate

buffers, 80 recipes to be completed in a working day, around 600 ingredients

distributed according to frequency and dosing duration in each machine, a

robotic arm to transfer barrels, and the aim of minimizing the makespan.

Here, an Integer Linear Programming (ILP) approach is applied to ad-

dress this static and deterministic JSSP.

The structure of the thesis is as follows:

� Chapter 2 formally classifies Job Shop Scheduling Problems, exact and

heuristic methods, and the mathematical background of ILP;

� Chapter 3 describes the system proposed by Logic S.r.l. and analyses

its critical aspects;

� Chapter 4 presents the mathematical formulation of decision variables,

constraints, objective function, resources, jobs, and operations;

� Chapter 5 shows the implementation in MATLAB software and ex-

plains the solver;

� Chapter 6 collects the fundamental simulations of a subset of recipes

in different operative conditions to prove the functioning of the opti-

mization and compares the results;

� Chapter 7 reports a simulation using a more realistic dataset and com-

parison with previous results;
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� Chapter 8 concludes the project and presents future work ideas.





Chapter 2

Theoretical background

The first chapter describes the theory related to the problem object of this

thesis, including a collection of characteristics of the scheduling model regard-

ing advantages, disadvantages, variations, and how it has been addressed.

2.1 Introduction to Job Shop Scheduling Prob-

lem

The production planning problem has been known for decades and is com-

monly referred to as the JSSP , Job Shop Scheduling Problem, a term that

first appeared in the 1950s [2]. In the classical JSSP a set of jobs must be

processed on a set of machines, the resources. Each job is composed of a

sequence of operations, with finite processing time and a machine to be elab-

orated on [1] and the schedule represents the occupancy of machines over

time [2]. The scheduling combines operations across machines with the pri-

mary objective of minimizing the makespan. Other entities in the production

activities of manufacturing systems can be involved such as operators, trans-

portation devices, industrial robots, auxiliary tools, buffers, warehouses, and

containers [1]. Specifically, this thesis will address buffer and transportation

management.

In general, there exist other two types of Shop Scheduling Problem: the

Flow Shop and the Open Shop. The first one characterizes for having a

predefined machine process and it is equal for all jobs, while the second one

5



6 CHAPTER 2. THEORETICAL BACKGROUND

does not have a sequence for jobs but they must visit every machine to be

completed, and it is quite rare in the real world. Despite some peculiari-

ties, the aim is to find the optimal combination of jobs to minimize some

parameters, most commonly the completion time [2].

The JSSP formulation involves assumptions or constraints representing

the gap between mathematical model and physical reality. In this project,

machines are available at time zero and either breakdowns or re-processing of

unqualified jobs are considered; there is no fixed priority among jobs and the

sequence of operations only varies due to optimality reasons; a machine can

only perform an operation at a time and an operation is assigned a machine

only once during its completion [1].

A further division in JSSP is between dynamic and static models. The

former one consists of relaxing assumptions on release time of jobs and man-

aging unexpected events, while the latter regards knowing beforehand all

involved attributes and environment information, which remain unchanged

during the scheduling process [1]. Having listed the assumptions on the cur-

rent problem, it reveals to be a static model, therefore any change in the

original conditions is not taken into consideration once the optimization has

begun.

2.2 Computational complexity

The scheduling problem generally consists of these key components: pro-

duction recipes, available processing and storage equipment, intermediate

storage policy, production requirements, specifications on resources, and a

time horizon. The goal is to determine the best schedule under these limita-

tions. JSSPs are inherently combinatorial because of the numerous discrete

decisions involved, so they belong to the set of NP-complete problems, mean-

ing that the solution time grows exponentially as the problem size increases

[3].

In computational complexity theory, the class NP encompasses decision

problems for which, if a solution exists and the answer is ”yes”, it can

be verified in polynomial time. NP-hard problems are Non-Deterministic

Polynomial-time Hard problems, and they are at least as difficult as the
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hardest problem in NP, meaning they could not generally have a solution

verifiable in polynomial time. The difference between NP-complete and NP-

hard is that the former is a decision problem, while the latter is tied to

optimization. NP-complete problems are only a subset of NP-hard ones,

coming from the intersection with NP problems. In general, there is no

known polynomial algorithm that solves NP-hard problems. Some real-world

categories of NP-hard problems are: combinatorial optimization, scheduling,

decision and search, bio informatics, operations research, logistics and trans-

portation, planning, manufacturing and production [4]. Consequently, the

problem tackled in this thesis falls into this classification.

Several factors contributing to the complexity of finding an optimal solu-

tion are:

� Exponential growth: the scheduling problem is combinatorial; as men-

tioned, the number of possible solutions can grow exponentially with

the size of the input;

� Interdependence between variables: if changing one variable affects oth-

ers, a complex network of interactions arises, complicating the research

of a solution;

� Incompleteness of information, human factor, limitation of resources,

and multiple objectives and constraints [4].

2.3 Limited parking spots and resource con-

tention

In classical job shops, the capacity of intermediate parking storage is assumed

to be infinite, which means parking spot constraints are neglected. However,

this assumption makes the model inapplicable to real industrial systems. For

example, in the food industry, the canning operation must come immediately

after the cooking operation to ensure freshness, so the no − wait constraint

occurs. In the chemical industry, the no− buffer/blocking constraint hap-

pens when a partially processed product must be temporarily kept in the

processing machine because of safety reasons [5]. Note that in this thesis
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the terms buffer, parking spots, and parking slots are intended as the same

entity.

The blocking constraint refers to storage capacity constraints, meaning

that when a job completed by a machine must remain on this machine as

long as the next machine that will process it is busy with another job. The

no-wait constraint occurs when a job must be processed continuously among

machines without interruption [6].

In industrial realities, the limited− buffer constraint is fundamental to

alleviating abrupt changes in fabrication lines since an intermediate ”parking

spot” allows started products to rest while waiting for the next equipment

unit [5].

In this project, machines are separated by buffers to allow the storage

of barrels among operations. These two constraints are not intrinsically a

characteristic of the problem analyzed, but one of them may happen: when

an operation finishes in a machine, but buffers are saturated, a barrel must

occupy a machine until there is a free park (this will be a further discussed

topic). Conversely, the no-wait constraint is not an interesting objective for

the purpose of this study, since there are no peculiarities regarding the nature

of the material dosed.

2.4 Time management

When formulating a mathematical model for any process scheduling problem,

the major issue to face is time management. It is possible to classify all exist-

ing formulations in two distinct categories: discrete-time and continuous-time

models [3].

2.4.1 Discrete-time

Discrete-time models follow the time-discretization approach: the time hori-

zon is divided into time intervals with uniform durations, to which the deci-

sions to be made are associated. This means working with an approximation

of time; in fact, a good strategy to obtain a reasonable degree of accuracy

is selecting a short length of time for the duration of time intervals. In fact,
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if the time horizon is long or the time interval length is small, the number

of discretized intervals can be very large, leading to an oversized combina-

torial problem that is computationally expensive to solve. To overcome this

drawback, continuous-time models have emerged [3].

2.4.2 Continuous-time

The continuous-time approach introduces the concept of variable time in-

tervals: they become continuous variables that can potentially assume any

value in the time horizon, hence changes in the activities can take place at

any time, modeling time more accurately. On one hand, problems can de-

crease in size and require less computational effort, on the other, it is more

challenging to model the scheduling due to the variable nature of events [3].

Due to the complexity of this kind of modeling, the possibility of apply-

ing the discrete-time approach has been considered and chose because the

Duration of Planning (DoP ) and the choice of the length of the time interval

as 1 minute allowed to reach the optimal solution anyway.

2.5 Solution methods

The difficulty yet importance of solving scheduling problems, due to their

combinatorial and NP-hard nature, has lead to a large number of solution

techniques which can be either exact or approximate [7].

Exact algorithms guarantee to find an optimal solution and prove its opti-

mality or that no feasible solution exists, when given enough computation

time [7]. Some exact methods are branch-and-bound, branch-and-cut, integer

programming and linear programming [8].

The most successful method has been Integer Programming. Advan-

tages are that, if the algorithm succeeds, the optimality can be proven; it

is possible to know information about lower and upper bounds even if the

algorithm is stopped before end; it is mathematically guaranteed to eliminate

unpromising regions within the solution space, where it is sure that optimal

points cannot exist [7].

Although the exactness, there are disadvantages such as: the size of the
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solvable instance is rather limited, the variance of the computation times may

be large when applied to instances of the same size, the memory consumption

could lead to the abortion of the program and finally, it is usually difficult

to add details [7].

For this reason heuristic and metaheuristic methods like genetic algo-

rithms are factored in, since they are more versatile and adaptive. They

are iterative approaches that explore solution spaces using patterns from

mathematics, nature and social behavior, consequently being reasonable for

real-world optimization problems where the objective is to obtain a good

solution in limited amount of time [9].

2.5.1 Choice of hybrid approach

Another possibility is to combine the two approaches in order to exploit the

speed of the metaheuristic and boost its performance with mathematical

programming techniques [7].

In this thesis the fundamental approach is an exact method: Integer

Linear Programming. Nevertheless, during the formulation of the solution

algorithm, it was decided to add the possibility of enriching the cost function

with two heuristic-based approaches: Shortest Processing T ime (SPT ) and

Most Work Remaining (MWKR). The former one is the most commonly

used for job shop scheduling and it is based on giving priority to short op-

erations on machines, minimizing mean flow time and mean tardiness [10].

While the latter gives the highest priority to the waiting operation associated

with the job having the most total remaining processing time to be done [11].

It has been decided to keep these two dispatching rules user-selectable

during the optimization phase. Although they are not always essential for

reaching the optimum, they provide a valuable mechanism to find an alter-

native scheduling configuration.
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2.6 Automation and dosage process applica-

tion

It is clear how scheduling optimization plays a pivot role in the competitive-

ness of an industry on the market. The pharmaceutical, manufacturing, food,

chemical sectors are all examples of industries that rely on a daily basis on

the management of automated systems to maximize efficiency and minimize

costs, lead time, cycle time, waste, etc [12].

The context in which this project applies ranges from the chemical and

pharmaceutical to the coating and food sectors, since it establishes the basis

for the scheduling of an industrial dosage system where barrels must be filled

with various ingredients, whether they are fragrances, paints, additives, or

flavourings.





Chapter 3

System Description

This chapter shows the structure of the reference system: the layout of the

machines and parking spots, the jobs and operations to be performed, the

displacement method, and the data.

3.1 Problem statement

This thesis addresses the scheduling problem of an industrial dosage system.

The process involves a set of n recipes, each assigned to a barrel and consist-

ing of a specific combination of ingredients. These ingredients are distributed

across nm dosing machines; consequently, each barrel must be routed to the

appropriate machines and remain stationed there for the exact time required

to complete the dosage, proportional to the quantity to pour. To rest the

barrels between operations, there are np parking spots, whose number and

configuration may vary due to performance or spatial requirements. Besides

machines and parking spots, there are an input place, output place and an

accommodation for the robot in charge of moving the barrels between sta-

tions.

At the beginning of the production, the barrels are staged in the infeed,

where they queue before entering the process. When the schedule commands

a displacement from the entry point to a machine, the robot arm deals with

it. It picks the barrel from the initial position (infeed, machine, parking spot)

and takes it to the final position (machine, parking spot) that can ultimately

13
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be the outfeed.

The dimensions of the physical machines and spots proposed by the com-

pany are:

Spot Dimension

Machine 1800mm

Parking spot 500mm

Infeed 1500mm

Outfeed 1500mm

Robot park 500mm

Table 3.1: Individual dimensions of system components.

3.2 Physical Layout

3.2.1 Porposed configurations

Considering a plant composed by 5 machines (A,B,C,D,E) and 6 parking

spots (P1,...,6) the following possible layouts of the system may be considered

by the company:

� Straight line layout allows to allocate the entire system along a straight

line, it saves up space but involves a longer run for the robot in charge

of the transportation.

Figure 3.1: System Straight line Layout.

� Double line layout takes up more space and clearly separates the ma-

chines from the parking spots. It ensures a shorter run but the robot

arm would have to operate at a much greater angular range, since pass-

ing through the two lines it must rotate of minimum 180°.
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Figure 3.2: System Double line Layout.

� U-layout implies to dedicate a wider area to the system and to be

equipped with a different route for the robot displacements, because

not only does it have to rotate wider, but also its movements must

consider a U-shaped track.

Figure 3.3: System U-Layout.

In these illustrative examples the number of parking spots is set to 6 (np = 6)

following the initial company’s requirement. A first objective of this thesis

was to analyze the effects of changing this number, to suggest potential mod-

ifications, as discussed in Chapter 7.
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3.2.2 Company’s choice

The company confirmed the straight line layout for the final configuration,

thus the system is arranged in a linear layout, due to space restrictions.

The plant under study consists of nm = 5 machines and np = 6 parking

spots, located between machines and at the edges of the line. As it is shown

in Figure 3.1, there are machines A,B,C,D,E, and parking slots Pp, with

p = {1, . . . , 6}.
The robot used to move barrels has a mean speed of 0.5 [m/s] and accel-

eration of 1 [m/s2]. Considering that the total length of the line results from

the sum of all the stations, the maximum displacement that the robot must

perform is 15.5 [m], as it can be seen in Table 3.1. Despite the space con-

straint of having subsequent stations in a straight line, the buffer layout and

robot velocity allow to consider the time for displacements almost negligible.

This thesis specifically addresses the need to optimize the system’s schedul-

ing through an Integer Linear Programming (ILP) approach. The objective

is to sequence the movement of the barrel across various machines handled

by a robotic arm, considering spatial distances between stations to complete

the entire process in the shortest possible time.



Chapter 4

ILP Mathematical formulation

This chapter presents the general mathematical formulation of the ILP method.

4.1 ILP background and assumptions

Linear programming has a continuous feasible region, meaning that each

variable can assume every value in the region. Integer linear programming

restricts this region to integer values only. As a result the feasible region is

made up of discrete points [13].

The choice of restricting variables to be integer make it easier for some

optimization problems to formulate mathematically, but at the expense of

computational complexity due to the increase in constraints [14]. However,

when dealing with physical units, it is strictly necessary to rely on integer

values, for the sake of realism.

The basic elements of the ILP method are:

� Decision variables x ∈ {0,1}: binary variables equal to 1 if the decision

is affirmative, 0 otherwise;

� Cost/Objective function: the function to be optimized - either maxi-

mized or minimized. In complex scenarios could be multi-objective, in

this thesis the aim is to minimize the completion time;

� Constraints: decision variables are subject to mathematical limitations

defining the limit of the feasible region and they can be equalities and

17
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inequalities.

The decision variable specifies whether the decision is affirmative or not,

under certain constraints and after an evaluation of the decision cost, through

the following formulation:

min
x

f(x)

subject to gi(x) ≤ 0, i ∈ {1, 2, . . . ,m}
xj ≥ 0, j ∈ {1, 2, . . . , n}

(4.1)

where f(x) = cTx and gi(x) = aTi x− bi.

The components of the formulation are:

� optimization variables: x = [x1, . . . , xn]
T ∈ Rn;

� feasible region: X = {x ∈ Zn : g1(x) ≤ 0, . . . , gm(x) ≤ 0};

� feasible points: x ∈ X;

� objective function: linear function f : X → R;

� decision cost: c = [c1, . . . , cn]
T ∈ Rn;

� constraints: gi : Rn → R, i = {1, . . . ,m};

� allocation matrix: A = [aT1 , . . . , a
T
m]

T ∈ Rm×n;

� capacity vector: b = [b1, . . . , bm]
T ∈ Rm;

In canonical form, it becomes:

min
x

cTx

subject to Ax ≤ b,

x ∈ {0, 1}

(4.2)

4.2 Solution methodology

There exist different solution methodologies to solve the ILP, as mentioned in

Chapter 1. Among the exact methods there are for example the Cutting planes
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algorithms, the Branch and Bound and Branch and Cut methods, and the

Relaxations and decomposition techniques. The general approach of this

methods is to relax the integrality restrictions on the variables and solve the

linear constrained program, if the solution is integer, it is the optimal solu-

tion of the original problem [15]. The algorithm includes the INTLINPROG

function, which uses in particular the Branch and Bound method.

This approach is designed for global optimization that maintains prov-

able lower and upper bounds on the optimal objective value. The algorithm

explores the solution space by partitioning it into smaller subproblems, that

are represented as nodes in a binary tree. The branching step is performed

by selecting a binary decision variable and creating two new branches: one

with value 0 and one with value 1. To evaluate the lower bound of each

subproblem without solving it (which would result in a long process due to

the combinatorial nature of the problem) the algorithm uses a continuous

relaxation. The integrality constraints are relaxed into continuous intervals,

to make the problem easier to solve. As the tree expands, the computational

load decreases because any node whose lower bound is grater than the cur-

rent global upper bound is deleted. This procedure continues until the gap

between the global upper and lower bounds falls below a preset tolerance,

terminating with the optimal solution [16].





Chapter 5

Logic S.r.l. ILP mathematical

formulation

The following chapter investigates how the general ILP formulation has been

adapted to the company’s system.

5.1 Introduction

The total duration of the planning process DoP is divided into time intervals

of 1 minute (sampling time Ts = 1 [min]) which corresponds to an iteration.

At each iteration the algorithm performs the optimization of the current

status of the scheduling, if there are available resources. It is possible to

assimilate this system structure to an event-triggered greedy approach, since

decisions are taken at regular time intervals, if a resource is released. It is

important to note that the DoP is the whole time horizon, but at each itera-

tion, as one minute of operational time elapses, the remaining time available

decreases of one minute, shrinking the planning horizon. The residual plan-

ning horizon is defined as RpH = DoP − t̄, where t̄ is the current iteration

of the scheduling.

Moreover, the n recipes are broken down based on the machines they

have to visit. For example, if recipe R1 must receive ingredients from 3

different machines (A,B,C), it will generate 3 sub-recipes (R1A,R1B,R1C)

related to the same barrel. The optimization variables then will include these

21
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r sub-recipes defining the proper constraints to ensure the same barrel is not

collecting ingredients from different machines at the same time.

5.2 ILP mathematical formulation

To adapt the general formulation to the current project, these indexes are

introduced:

� q ∈ {1, 2, . . . , n} index of recipes to complete;

� j ∈ {1, 2, . . . , r} index of sub-recipes to schedule;

� m ∈ {1, 2, . . . , nm} index of machine occupied by sub-recipe j;

� p ∈ {1, 2, . . . , np} index of occupied parking spot;

� i ∈ {1, 2, . . . , nm + np} index of spot occupied (both machines and

parking spots);

Therefore the mathematical formulation at a time instant t̄ is as follows:

min
x

cTx

subject to Ax ≤ b,

x ∈ {0, 1}

(5.1)

where:

� c = [c1, . . . , cr, c̃1, . . . , c̃r]
T ∈ R2r is the column vector containing the

costs cj of starting the remaining j− th sub-recipes, and the costs c̃j of

sub-recipes exceeding the CoT . The CoT is computed at the beginning

of the scheduling for the whole barrel (CoTq, which is a user-defined

time parameter), then specialized for each sub-recipe, and iteratively

updated based on their minute of starting. In the following, the cutoff

associated to sub-recipe j will be referred to as CoTj.
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� x = [x1, x2, . . . , xr, δ1, . . . , δr]
T ∈ {0, 1}2r is the optimization variables

vector, where its elements are defined as:

xj =

1 if sub-recipe j is scheduled,

0 otherwise.

δj =

1 if sub-recipe j exceeds its CoTj,

0 otherwise.

�

A =


Amachines

Aparks

Abarrels

Apenalty

 (5.2)

is the global allocation matrix which is partitioned in sub-matrices

according to the constraint they refer to. While they differ in the

number of rows, they match the number of columns (2r) to map both

the r decision variables and r auxiliary penalty variables. The detailed

description of the components of A is reported in Section 5.5;

�

b =


bmachines

bparks

bbarrels

bpenalty

 (5.3)

is the availability vector subdivided into sub-vectors according to the

allocation matrix. Additional details are reported in Section 5.5.
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5.3 Optimization variables

The decision variables xj dictate whether a sub-recipe is scheduled during

the current iteration. However, failing to schedule the start of sub-recipe

j might leave insufficient time for j to finish within its CoTj, if other sub-

recipes in the same machine come first. To penalize this specific condition,

r additional variables δj have been incorporated into the decision vector

and properly constrained. This penalty is necessary because it behaves as

a correcting factor, discouraging the solver from selecting a solution that

may appear optimal at the current iteration but causes tardiness for other

sub-recipes.

Let dj be the dosage duration of sub-recipe j. LetMj be the set of all sub-

recipes allocated to the same machine as sub-recipe j. The duration of any

competing sub-recipe within the same machine is dk, where k ∈ Mj\{j}, and
let xk be the binary variable of competing sub-recipes: it takes into account

the duration of sub-recipes that may be planned. The activation condition

is:

CoTj − dj · xj <
∑
Mj

dk · xk ⇐⇒ δj = 1 (5.4)

With this condition, the penalty δj will be activated if and only if the total

duration of the selected sub-recipes accessing the same machine does not

leave enough time to complete the sub-recipe j. The solver will explore

available scheduling paths not to incur in activating δj, thereby prioritizing

sub-recipes to respect their cutoff times.

5.4 Cost function

The objective function cf represents the function to be minimized:

cf =
r∑

cjxj +
r∑

c̃jδj (5.5)

and it is composed of various contributions.

The initial form V0 of the objective function to start sub-recipe j at
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minute t̄ includes:

cj = t̄+ (DoP − CoTj) (5.6)

The cost is strictly dependent on time related factors: the current it-

eration of the scheduling, and the time window for the sub-recipe to be

completed, which progressively decreases as the time horizon approaches.

5.5 Constraints

Matrix A and vector b represent the core construction of the problem con-

straints. The allocation matrix gathers information about the current status

of the system, while the capacity vector limits the possible choices of the

algorithm. The construction of these components tracks the constraints for-

mulation, which consider the different specific aspects of the problem. The

components are related to:

� Machines: the resources cannot house more than one barrel at once,

the relative matrix is

Amachines =


AA

AB

AC

AD

AE

 (5.7)

such that AS ∈ RRpH×2r with S = {A,B,C,D,E}. Each sub-matrix

AS represents the constraint of a specific machine. In particular, a

generic row of the of the matrix AS is related to a time instant t̃ ∈
[t̄, DoP ]. If the j − th sub-recipe starts at current iteration t̄ and

occupies machine S at time t̃, the position (t̃, j) will be equal to 1.

� Parking spots: to ensure physical feasibility, each individual park-

ing slot can accommodate at most one sub-recipe at any given time.

This constraint is formalized through the matrix Aparks ∈ RRpH×2r.

This matrix is obtained by summing the machine allocation matrices

Amachines and the specific allocation matrix dedicated to the parking
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slots Aparklimited
. The latter only refers to the reservation of parking

spots beside machines, the elements can assume the following values:
1 if sub-recipe j needs a parking slot p

0 if sub-recipe j is already being processed by a machine m

−1 if sub-recipe j must release a parking spot p

(see detailed construction in Chapter 6 ). The combination of these

physical places ensures to consider the whole system as a potential

waiting area for the barrel. This logic maximizes the utilization of

space: if parking spots are saturated and a machine is neither process-

ing a barrel or requested by a sub-recipe, it can be used as a temporary

storage space.

� Barrel integrity: sub-recipes belonging to the same barrel cannot be

scheduled simultaneously and Abarrels ∈ Rr×2r collects sub-matrices of

ones to relate sub-recipes belonging together (see detailed construction

in Chapter 6 ). A generic row will contain 1 in correspondence of all

the sub-recipes sharing the same barrel.

� Penalty: Apenalty ∈ R2r×2r doubles the original number of columns

of matrix A and has 2 · r rows to add the upper and lower bounds

associated to the sub-recipes to implement the constraints reported in

Formula (5.4).

The capacity vector b follows the structure of matrixA and it is composed

as follows:

� bmachines, bbarrels ∈ {0, 1}: the active sub-recipes in a machine and

within a barrel must not be greater than one; this mutual exclusivity

constraint states that a machine can process one barrel and a barrel

can visit one machine at once. If the resource is occupied or a barrel is

being processed the value in b is set to 0, meaning their unavailability.

� bparks ∈ {0, 1, . . . , nm + np}: it represents the maximum number of

stations to rest the barrels equals the total number of physical places
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in the system, with number of machines nm and number of parking

spots np. Whenever a place is occupied, the value decreases of the

number of spots taken, reaching 0 if there is no free spot among the

stations.

� bpenalty: this vector gathers lower and upper bounds based on the For-

mula (5.4).

In particular, to adapt the penalty logic formula (5.4) to a set of valid lin-

ear constraints involving the matrix Apenalty and the vector b, it is necessary

to specify the lower bound Lj and the upper bound Uj:

Lj = −(CoTj − dj) (5.8)

Uj =
∑
Mj

dk · xk + Lj (5.9)

By integrating these bounds, the following constraints are formulated:∑
Mj

dk · xk − Uj · δj ≤ CoTj − dj (5.10)

∑
Mj

dk · xk − (Lj − ϵ) · δj ≤ −(CoTj − dj)− Lj (5.11)

where ϵ represents a positive infinitesimally small value.

5.6 New multi-objective cost function

The cost function has undergone several additions during the thesis develop-

ment to address specific scheduling requirements and improve the scheduling

performance. These modifications are detailed below.

SPT and MWKR The evolution of the initial form comes from the in-

clusion of the aforementioned dispatching rules:

� short processing time SPT: this term act as a cost reduction. The

aim is to prioritize the sub-recipes that occupy the machine for a brief
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time, by proportionally lowering the cost based on the operation length:

SPTj = −0.5 · dj

� most work remaining MWKR: this term serves as a strategic weight.

For any given sub-recipe, the cumulative processing time of its barrel

is computed; the shortest part will have the most remaining work to

do and the bigger cost. By prioritizing operations with longer process,

it is prevented to generate bottlenecks at later stages.

Let Bj be the set of all sub-recipes sharing the same barrel as sub-recipe

j and let dw be their individual durations, where w ∈ Bj \ {j}. The

computation of this cost is:

MWKRj = 2
∑
Bj

dw

The new cost function V1 including all the components involves:

cj = t̄+ (DoP − CoTj) + SPTj + MWKRj (5.12)

Transport Cost To increase the level of realism, the last adding was con-

sidering the transport costs among stations. Every robot movement has been

mapped, encompassing the inlet, outlet, machines, and parking slots, with

a specific cost assigned based on the distance between these locations. As

previously mentioned, the maximum distance the robot must cover is short.

Given its operating speed of 0.5 [m/s], the resulting travel costs are minimal

and do not significantly influence the overall scheduling.

The most complete version V3 of the cost function includes:

cj = t̄+ (DoP − CoTj) + SPTj + MWKRj + tcj (5.13)

where tcj is the transport cost of sub-recipe j.

Another version to be considered is V2, where V0 is extended by the

tcj term, without including the dispatching rules. It will be used in the

simulations to compare its individual effect on the scheduling. The term cj
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in version V2 becomes:

cj = t̄+ (DoP − CoTj) + tcj (5.14)

5.7 Illustrative example of matrix composi-

tion

Consider a simplified scenario with 2 machines (nm = 2) where n = 2 recipes,

R1 and R2 require both the machines, and must be scheduled in DoP = 5

minutes, and the capacity of the parking spots is np = 2. At first step, the

2 recipes have been divided in 2 sub-recipes, each of them requiring a single

machine. In Table 5.1, the first column reports the identification code of the

single sub-recipe, the subsequent column clarify the dosage duration in the

2 machines. Then the barrel of belonging is reported, as well as the name of

the sub-recipe and its cutoff index. Let’s assume the CoTq of both barrels

is equal to the DoP . Considering a sub-recipe j belonging to barrel q, the

cutoff index is computed as

CoTj = CoTq −
∑
Bj

dw

and when a sub-recipe w starts, the CoTj is incremented by dw.

This example is provided solely to facilitate the understanding of the

matrix formulation. The next chapter will detail the generation of the fol-

lowing table, which acts as the core database supplying the algorithm with

the essential scheduling data.

ID A dA B dB ID Barrel Name CoT idx

1 1 2 0 0 1 R1A 4
2 0 0 1 1 1 R1B 3
3 1 1 0 0 2 R2A 3
4 0 0 1 2 2 R2B 4

Table 5.1: Simplified scenario for matrix population.

Recipe R1 lasts 2 minutes on machine A and 1 minute on machine B,
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while recipe R2 lasts 1 minute on machine A and 2 minutes on machine B.

They are then split in R1A, R1B, R2A and R2B. The blocks composing the

allocation matrix A are constructed below, considering the first iteration of

the algorithm.

The machine matrix contains 1 for as much rows as the minutes of the

dosage duration of the corresponding sub-recipe. Assume to consider the

system at time instant t̄ = 1. The following matrices will be constructed:

AA =


1 0 1 0

1 0 0 0

0 0 0 0

0 0 0 0

0 0 0 0

 AB =


0 1 0 1

0 0 0 1

0 0 0 0

0 0 0 0

0 0 0 0

 (5.15)

The matrix that considers only the parking spots indicates with 0 that the

spot is not required while the recipe is being processed under a machine, then

it is reserved with a 1 for the remaining minutes of scheduling.

Aparkinglimited
=


0 0 0 0

0 1 1 0

1 1 1 1

1 1 1 1

1 1 1 1

 (5.16)

The complete parking matrix used for the final allocation matrix implies

both machines and parking spots, it is the sum of the previous matrices and

results in:

Aparks =


1 1 1 1

1 1 1 1

1 1 1 1

1 1 1 1

1 1 1 1

 (5.17)

Then, there is the matrix that preserves the barrel integrity, by joining the

sub-recipes belonging to the same barrel in the following manner, it is im-
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possible for the solver to choose more shared barrel sub-recipes concurrently.

Abarrels =


1 1 0 0

1 1 0 0

0 0 1 1

0 0 1 1

 (5.18)

Finally, there is the matrix collecting the penalties. This matrix is composed

as follows: odd rows refer to upper bounds, even rows refer to lower bounds;

first 4 columns report for each sub-recipe j the sum of the dosage duration of

the other sub-recipes competing for the same machine, while last 4 columns

report upper bound −Uk and lower bound −(Lk − ϵ).

Apenalty =



0 0 2 0 1 0 0 0

0 0 −2 0 2 0 0 0

0 0 0 1 0 0 0 0

0 0 0 −1 0 2 0 0

1 0 0 0 0 0 0 0

−1 0 0 0 0 0 2 0

0 2 0 0 0 0 0 1

0 −2 0 0 0 0 0 2


(5.19)

Next step is to complete the formulation with matrix b: since the status

of the system is stopped at iteration 1, before the decision of the solver, the

vector contains 1 in each row, except of the block corresponding to Aparks,

where the sum of available spots is 4 (2 machines + 2 parking spots).

bA =


1

1

1

1

1

 bB =


1

1

1

1

1

 bparks =


4

4

4

4

4

 bbarrels =


1

1

1

1

 (5.20)

The last element is dedicated to the penalty contribution and contains 8



32CHAPTER 5. LOGIC S.R.L. ILP MATHEMATICAL FORMULATION

rows, since the vector gathers upper and lower bounds for each sub-recipe:

bpenalty =



2

0

2

0

2

0

2

0


(5.21)

To better understand the parking spots allocation logic and the dynamic

adjustments of matrices and vectors, assume to skip to time instant t̄ = 2.

At the previous iteration the solver decided to start sub-recipes R1A and

R2B. Matrices AA and AB become:

AA =


0 1

0 0

0 0

0 0

 AB =


1 0

0 0

0 0

0 0

 (5.22)

The number of rows decreases to 4 since the DoP shortens of the elapsed

minute. While the number of columns decreases to the 2 remaining sub-

recipes R1B and R2A. As a consequence, Aparkinglimited
becomes:

Aparkinglimited
=


−1 −1

−1 −1

−1 −1

−1 −1

 (5.23)

The matrix is composed of -1 because the 2 remaining sub-recipes represent

the last part of their respective barrel to complete the process, thus they

will not require a further parking spot, but they will exit the system once

finished. At the first iteration each j − th sub-recipe reserves a parking

spot through a 1 after their dosage duration, so it is necessary to cancel the
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previous reservation through a -1. Hence the matrix Aparks becomes:

Aparks =


0 0

−1 −1

−1 −1

−1 −1

 (5.24)

Since both sub-recipes R1A and R2B last 2 minutes, the iteration t̄ = 2

correspond to the starting minute of the sub-recipes R1B and R2A. It is

clear from the matrices that the 2 spots occupied by these last sub-recipes

are the machines S = {A,B}, while the parking spots are completely free.

Actually, in this scenario they are not used, because when the first two sub-

recipes finish, the machines interchange barrels and continue the process

without interruption. Since only the last parts of both barrels lack, there is

no more a mutual exclusivity constraint to respect:

Abarrels =

[
0 1 0 0

0 0 1 0

]
(5.25)

Consequently, before the solver’s decision of time instant t̄ = 2 sub-vectors

b become:

bA =


0

1

1

1

 bB =


0

1

1

1

 bparks =


2

2

2

2

 bbarrels =

[
0

0

]
(5.26)

The minutes of planning decrease to 4, and circulating sub-recipes are 2.

Both sub-recipes R1A and R2B finish, so both barrels and both machines

are available for other processes.

The following minute, the solver reads that the initial sub-recipes has

finished at t̄ = 2 and understands that the other two sub-recipes can be

scheduled.





Chapter 6

Implementation

This chapter details the translation of the mathematical formulation into

a MATLAB script. The architecture of the algorithm, which dynamically

evaluates the system state to schedule the available recipe , is mapped in the

initial section. Figure 6.1 illustrates the logical sequence of the optimization

loop.

6.1 System setup

At the beginning of the algorithm it is necessary to formalize the initial

variables of the system, to have a direct and easy access to parameters to

change.

First, the DoP variable is defined to establish the time horizon within

which the entire dosage process must be completed. Subsequently, the

Logic configuration file is loaded. The script contains the system’s speci-

fications given by Logic S.r.l., such as the number of machines, the capacity

of the parking spots, the total number of available spots, and their physical

dimensions as detailed in Table 3.1.

Then, the Data collection file contains the ingredient data extracted

from the documents provided by the company, which will be utilized for the

formulation of the recipes and their respective specifications.

Another key parameter that needs to be flexible is the total number of

recipes. Keeping it at the top of the algorithm through variable Numb Recipes

35
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Figure 6.1: Flowchart of the optimization loop.
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allows to change it easily.

6.1.1 Data Acquisition and Pre-processing

Raw data sheets can report undetected errors resulting in a misleading data

reading. In the data set received by Logic S.r.l. there was an ingredient

which stated a duration of hundreds of minutes. This could happen in every

industrial reality, where any kind of unexpected event, like the finishing of an

ingredient or the breakdown of the machine, could modify the data recording.

This lead to a recipe that could not be finished. Pre-processing this data

sheet, eliminating the disruptive influence, allowed to use exactly the dosing

durations listed in the given technical sheet. For this reason this JSSP can

be classified as deterministic, since each operation is given a predetermined

and unique processing time [1].

6.1.2 Industrial specifications and Model assumptions

Real-world requirements According to the industrial specifications pro-

vided by the company, the operational workload consists of 80 distinct recipes

within the production cycle. The structural composition of these recipes is

variable: the average number of ingredients is 25, but with an operational

variability that ranges from 5 to 45. The overall catalog accounts for 600

substances, uniformly allocated among the 5 operating machines. Further-

more, the finished recipes require payload limits between 1 and 25 [kg], with

average output of 4[kg].

Lastly, the time horizon is set to 1440 minutes (24 hours), thus it does not

correspond to an operator’s shift, but rather to a cyclic operational horizon

suited to the planning requirements.

Model delimitation The data sheet given by the company contained

much information about the batch it came from and only codes, quantity

and dosage durations were considered. Among the listed ingredients, only

25 identified as unique; therefore the requested quantities of recipes and in-

gredients per recipe could not be met. In fact, there has been a decrease to
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a maximum of 31 recipes including between 10 and 25 ingredients, accord-

ing to the company’s approval. Also, the weight bound has not been taken

into consideration, due to the limitations of ingredients and the consequent

inability to mix a huge variety of components.

Finally, for the same reason, the total DoP did not need to be set to

an entire day, but it could be reduced as necessary, to effectively test the

capability of the optimization to complete the scheduling within the deadline.

6.1.3 Data organization

To actively use the information gathered, the script Data collection, has

been designed to organize the data in a table, as reported in Table 6.1. The

generation steps are as follows:

1. Compute the amount of times the same ingredient code appears in the

sheets and the frequency of occurrence via groupsummary;

2. Convert the time into numbers and calculate the dosage duration of

each row of each ingredient and sum it to get the absolute duration,

using datetime;

3. Compute the total weight of each ingredient;

4. Normalize the duration and the frequency to make them comparable;

5. Give a score based on the previous normalization and rank each name;

6. Assign machines based on a serpentine path (more details reported in

the following).

7. Refine the allocation based on the least loaded machine (in terms of

score).

To obtain an optimal load balancing, the ingredients were distributed

following a serpentine allocation strategy. However, a first test revealed a

structural bottleneck: by assigning the most frequent ingredient (the first

one in Table 6.1) to machine A and the following ones to the other machines,

the distribution was highly asymmetrical regarding the weight. To mitigate
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Code Occurrence Weight Duration Frequency Score Machine

8007400 388 2.4893e+03 1.6027e+03 38.6839 2 A
8011206 80 233.2980 88.7206 7.9761 0.2615 B
8014151 76 323.4260 102.0194 7.5773 0.2595 C
1032687 20 122.8350 263.9569 1.9940 0.2162 D
1021406 41 102.3320 163.5036 4.0877 0.2077 E

Table 6.1: First lines of the ingredient information table.

this load disparity, a dynamic routing strategy was implemented: to redirect

ingredients to the machine with the lowest cumulative load at any given

step. Three different versions were evaluated: temporal load (cumulative

processing duration), weight load and score-based load.

Among these criteria, the score-based approach proved to be the most

robust. For each y-th ingredient, the score is computed as the sum of its

normalized dosage duration and its normalized request frequency, defined as

follows:

Scorey =
dy

max(D)
+

fy
max(F )

where:

� dy represents the time required to pour the y-th ingredient;

� max(D) is the maximum dosage duration among all available ingredi-

ents y;

� fy denotes the frequency, thus the number of times the y-th ingredient

is requested to form a recipe;

� max(F ) is the maximum recorded frequency among all ingredients y.

Through this normalized formulation, the algorithm effectively weighs

both the physical time it takes for the machine to dispense an ingredient and

its occurrence rate within the overall production batch.

Despite the adjustments, the final allocation remained unbalanced. This

asymmetry highlights a decoupling between the dosage duration and the
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physical weight of the ingredients in the data sheet. This suggests the pres-

ence of different sized valves, depending on the required batch volume, or

the switching from a high-flow valve to a low-flow valve to ensure precision

at the end of the operation.

Since the dataset does not provide this peculiarity, the algorithm cannot

compensate for the flow changes. As a consequence, the workload imbalance

cannot be eliminated. This is not a limitation of the allocation strategy,

which successfully optimizes the routing as shown in Chapter 7.

6.1.4 Recipes generation

For the academic purpose of this project, the recipes do not come from exist-

ing databases but are generated through the function Recipe generation,

combining real ingredients and real dosage durations to maintain realism.

The logic of the function can be summarized in Algorithm 1.

Algorithm 1 Randomized selection of ingredients to compose realistic
recipes.

1: for the selected Numb Recipes do
2: Generate a random integer y between 10 and 25
3: Sample y ingredients from the database
4: Retrieve their corresponding identification codes
5: for each code do
6: Identify the assigned machine from the sorted list
7: Extract weight from the complete database
8: Populate RecipesComposition
9: end for
10: end for

RecipesComposition is the table that gathers the composition of all the

recipes generated by the script, including both the identification code of the

ingredient and its weight, which is mainly used to differentiate between rows

belonging to the same ingredient but different dosage durations.

Each time an ingredient is included in a recipe, it is deleted from the

complete database. If a large number of recipes is generated, specific in-

gredients may be depleted; consequently, the algorithm progressively re-

duces the number of available options, until the number set in the variable
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Number of recipes is reached.

6.1.5 Database generation

The next step consists of generating the database that contains all the data

that the algorithm needs. It is named RecipeDataBase and follows the logic

in Algorithm 2.

Algorithm 2 Generation of recipes information table.

1: for the selected number of recipes do
2: for each row in RecipesComposition do
3: Read the number of ingredients
4: Retrieve dosage duration and machine assigned from the original

database
5: Compute the total visiting time of a barrel in a machine
6: Record it in RecipeDataBase

7: end for
8: Compute cutoff time
9: Compute cutoff index
10: end for

The cutoff time is a user-selected value, typically dictated by operational

demands in the real industrial environments. In the presented work, the

cutoff time is generally set to 10 hours, unless the duration of the task exceeds

8 hours. In that case, the cutoff is set to dj + 2h. Initially, CoT idx

is set equal to the cutoff, expressed as elapsed time from the start of the

optimization to the theoretical completion time of the recipe, assuming it is

completed without interruption. This index must be initialized in advance

because it will subsequently be used to split the barrels.

The subsequent function SplitSharedBarrels completes the generation

of the database and its output is shown in Table 6.2. RecipeDatabase be-

comes an extended version, while it is kept record of the compact database

in RecipeDataBase original. Each recipe in the RecipeDataBase is parsed

and split into sub-recipes, each destined to be processed on a different ma-

chine. This procedure allows to shift the focus from the barrel to the indi-

vidual sub-recipes. Even if it could arise a doubt on the integrity of a barrel,

the correct formulation of the constraints allows to exploit this simplification.
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Actually, to ensure traceability of the parts belonging to the same barrel, the

ID Barrel remains unchanged for every sub-recipe. Consequently, the CoT

idx is dynamically updated: compared to the original barrel cutoff CoTq, the

CoTj for each sub-recipe j is reduced by the cumulative processing time of the

remaining parts of the same barrel. This guarantees that every sub-recipes is

completed with enough time left to process the subsequent sub-recipes. The

cutoff column has been voluntarily omitted since in this scenario it is fixed

to 10 hours.

The first sub-recipe that appears in Table 6.2 is R1A. Each row is dedi-

cated to a sub-recipe, hence there will be only one machine activated with its

processing time in the adjacent column. The first line keeps the same ID as

the relative barrel, while the following codes of the same recipe are numbered

from n+ 1 ahead to avoid duplicates.

Finally, last column shared equals 1 if the barrel must visit more than

one machine to be completely filled.

Table 6.2 is an illustrative example of the subdivision of the first barrel.

ID A dA B dB C dC D dD E dE ID Barrel Name CoT idx shared

1 1 3 0 0 0 0 0 0 0 0 1 R1A 574 1
6 0 0 1 15 0 0 0 0 0 0 1 R1B 586 1
7 0 0 0 0 0 0 1 5 0 0 1 R1D 576 1
8 0 0 0 0 0 0 0 0 1 6 1 R1E 577 1

Table 6.2: Subdivision of Barrel 1.

6.1.6 Temporal flow

After having rearranged all the data, obtaining a clear and detailed table, the

optimization process can begin. First information to display at the beginning

of the algorithm is the real starting date and time of the scheduling process,

hence the fix(now*1440) is utilized, which is a function call that gives as

output the current date and time as a serial date number.

The temporal flow of the scheduling process is managed through an itera-

tive loop defined by iCurrIter = 1:t sample:durationOfPlanning, where

t sample is Ts, and durationOfPlanning is DoP . This formulation ensures
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that the simulation is updated in discrete time steps, covering the entire

planning horizon.

Another index of the performance of the strategy presented in this thesis

is the computational time required to solve the problem and complete the

job scheduling. Hence, the computational time has to be recorded.

The variable that starts the minutes count is tstart=tic, where tic is a

built-in function to start the timer. At the end of the optimization process,

the tend=toc variable utilizes the built-in function toc to stop the time

recording.

6.2 Matrices generation

The allocation matrix A and the constraint vector b are the fundamental

basis of the ILP formulation, the success of the scheduling algorithm relies

on the correct generation of these elements. Specifically, matrix A trans-

lates physical and temporal limitations into mathematical constraints, while

vector b dictates the maximum capacity of the resources in the constraint

formulation.

6.2.1 Matrix A

This section details the implementation of the mathematical formulation in-

troduced in Chapter 5 providing a more complete comprehension of the ma-

trices construction, when necessary.

Machines The population process of the allocation matrix relies on scan-

ning the Recipe hist database, which tracks the pending sub-recipes (its

generation via the Recipe List update script will be discussed later).

For every sub-recipe in the list, the algorithm identifies the assigned re-

source and its processing duration. Consequently, it populates the specific

matrix block of that machine. For example, a 4-minute operation on machine

A for sub-recipe 1 results in four consecutive ones in the first column of the

machine A sector (AA). If sub-recipe 2 requires machine B, the algorithm
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shifts to the machine B sector (AB) of the matrix, filling the second col-

umn with ones according to its specific duration. This effectively maps the

spatio-temporal scheduling of each barrel as seen in the illustrative simplified

example in Chapter 5.

A critical edge case may occur: if the processing duration of a candidate

sub-recipe exceeds the total planning horizon, the algorithm assigns a high

cost (e.g. 1000). This results in violating the respective constraint and

rejecting the operation during the selection process.

Parking spots Algorithm 3 explains in detail the logic behind the con-

struction of the matrix referred to the parking spots mapping.

Algorithm 3 Parking allocation logic to populate Aparklimited

1: for each candidate sub-recipe j in Recipe hist do
2: if sub-recipe j shares a barrel then
3: Extract barrel ID and determine phase status (is new barrel,

is last phase)
4: Calculate working mins on the assigned processing machine
5: if is new barrel and not is last phase then
6: Reserve parking slots for the entire horizon (A parklimited =

1)
7: Free parking slots during working mins (A parklimited = 0)
8: else if is new barrel and is last phase then
9: Do not reserve parking slots (A parklimited = 0)
10: else if not is new barrel and not is last phase then
11: Do not reserve new parking slots (A parklimited = 0)
12: Apply negative adjustment during working mins

(A parklimited = -1)
13: else if not is new barrel and is last phase then
14: Permanently drop parking requirements (A parklimited =

-1)
15: end if
16: end if
17: end for

This algorithm is then summed to matrices A associated to the five ma-

chines, because as mentioned in the previous chapters, the objective is to

exploit every free spot, so both parks and inactive machines are taken into
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consideration. The resulting matrix is Aparks.

The population happens in four different states:

� New barrel, multiple phases: when a barrel newly enters the sys-

tem, a parking slot is reserved for the entire planning horizon except

from the minutes during which it is processed by the machine;

� Single-phase barrel: if it requires only one machine, it won’t need

any waiting slot;

� Started barrel, intermediate phase: if the barrel has begun cir-

culating in the system, new parking slots are not requested, because

at its first operation they were already reserved; furthermore, a nega-

tive adjustment is necessary during the working minutes to delete the

previously set ones;

� Started barrel, last phase: if the objective is to finish the filling, the

barrel will exit the line, hance the parking requirement is permanently

dropped off.

Barrel integrity To ensure the physical integrity of the barrels, the schedul-

ing model must guarantee that sub-recipes belonging to the same barrel are

never processed simultaneously. This mutual exclusion is mathematically

enforced through the symmetric square matrix Abarrels. For each candidate

sub-recipe, the algorithm scans the previously evaluated operations up to the

number of machines minus one (which is the maximum possible number of

remaining phases). If a preceding sub-recipe shares the exact same barrel, a

symmetric 1 is assigned to their intersection in the matrix. When passed to

the solver, this formulation prevents any temporal overlap between parts of

the same physical entity. Algorithm 4 is implemented in the first if cycle

of Algorithm 3.
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Algorithm 4 Barrel integrity logic

1: for each candidate sub-recipe j in Recipe hist do

2: if the sub-recipe has preceding operations to evaluate (j > 1) then

3: for each previous respective step do

4: Determine the index of the previous operation

5: if the previous operation belongs to the same barrel then

6: Mark their intersection in the Abarrels matrix with 1

7: Apply the symmetric constraint with 1

8: end if

9: end for

10: end if

11: end for

6.2.2 Vector b

Vector b represents the physical and time constraints for the sub-recipes. The

physical constraints are collected in a sub-vector b1 = [bTmachines, b
T
parks, b

T
barrels]

T .

Due to the fact that it has to comply with the dimension of matrix A, it is

subdivided into parts for the machines, where the maximum capacity is set

to 1, a part for the overall parking spots, set to nm + np (machines+parking

spots). This construction avoid exceeding the physical space to be occupied:

bmachines =


CapacityA · 1T

RpH

CapacityB · 1T
RpH

CapacityC · 1T
RpH

CapacityD · 1T
RpH

CapacityE · 1T
RpH


bparks =

[
Capacityparks · 1T

RpH

]
bbarrels =

[
Capacitybarrels · 1T

RpH

]
(6.1)

where 1 equals a vector of ones.

Each iteration the vector b1 is dynamically updated subtracting the vector

Schedule, obtaining vector b as follows:

b = b1− Schedule
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This updated vector collects the physical quantities running through the

system at each single iteration. In fact, it is iteratively decreased of the

number of units circulating, resulting in the remaining free spots.

This procedure allows to obtain both matrix A and vector b with three

parts dedicated to capacity constraints for the machines, the parking spots

and the barrels.

6.2.3 Upper bound and Lower bound

The construction of the upper and lower bounds follow the mathematical

equations explained in Chapter 5 and the placement engage both matrix A

and vector b.

Matrix Apenalty To implement the penalty constraint the matrix A is dy-

namically expanded to accommodate the new variables. The base matrix is

doubled with a new matrix of zeros, to create space for the decision variable

δj, as discussed in Chapter 5. For each iteration, two constraint row vectors

are computed: ApenaltyU and ApenaltyL. The first section encodes the process-

ing durations of active sub-recipes sharing the same machine, except of the

current one, the second part addresses the penalty variables:

ApenaltyU =
[∑

Mj
dk − Uk

]
where Uk =

∑
Mj

dk + Lk.

For the second vector:

ApenaltyL =
[
−
∑

Mj
dk − (Lk − ϵ)

]
where Lk = −(CoTj − dj).

Then, these rows are concatenated at the end of the allocation matrix,

obtaining the matrix A that will be put as input of the solver.

Matrix bpenalty The right-hand side vector b is iteratively updated to set

the limits of the previous equation. For each j the bound values bpenaltyU

and bpenaltyL are established and represent the temporal limit, in fact they



48 CHAPTER 6. IMPLEMENTATION

are given by:

bpenaltyU = CoTj − dj

bpenaltyL = −(CoTj − dj)− Lk

Therefore, bpenalty is vertically concatenated to b1, to obtain the final vector

b that will be an input of the solver as well.

6.3 Objective function

The objective function cfj for sub-recipe j contains information about the

current iteration t̄, its cost cj = 1 or with the penalty c̃j = 5000, the differ-

ence between the the sub-recipe cutoff CoTj and the planning horizon DoP ,

the dispatching rules SPTj and MWKRj and the transport costs tcj, as

introduced in Chapter 5. The latter element was introduced through a com-

prehensive mapping of all possible barrel movements, prior to calculating the

individual cost of the sub-recipes.

6.3.1 Movement tracking

The strategy adopted to compute the transport costs tc is to read all the

remaining sub-recipes, with their actual, previous and future position, in

order to compute the cost of displacement. Indeed, the transport mission is

divided into two phases: pick-up and drop-off. First, the automated system

must retrieve the barrel from its last position, then it must bring it to the

drop-off destination as indicated in the database. This two-step journey is

iteratively evaluated for all pending sub-recipes, thereby providing the cost

function with the necessary information to evaluate the optimal scheduling

choice.

In function transport the system is modeled as a physical structured

space. The layout is divided into 13 strategic nodes, considering machines

(1-5), parks (6-11) and input and output (12-13). The system arrangement

becomes:

nodes = [12, 6, 1, 7, 2, 8, 3, 9, 4, 10, 5, 11, 13]
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following the selected layout in Figure 3.1. Each node is assigned a size

depending on the dimensions in Table 3.1, specifically taking into account

the center of the entities, since it is assumed to be the robot’s stop position:

sizes = [1.5, 0.5, 1.8, 0.5, 1.8, 0.5, 1.8, 0.5, 1.8, 0.5, 1.8, 0.5, 1.5]

Then, the symmetric cost matrix has dimension 13× 13, the number of rows

i and columns s correspond to the number of nodes. Taking as an example

nodes(i = 1) = 12 and nodes(s = 2) = 6, the related transport cost tc

between these stations is built as follows:

sizes(1) = 1.5; sizes(2) = 0.5

centers(1) =
sizes(1)

2
= 0.75

centers(2) = centers(1) +
sizes(1)

2
+

sizes(2)

2
= 1.75

distance = |centers(2)− centers(1)| = 1

cost matrix(12, 6) = ⌊distance⌉ = 1

where center(i) and center(s) represent the assumed stop position of the

robot, and distances are rounded to the nearest integer value, to comply

with the requirement of the ILP.

6.3.2 Objective function versions

The change of objective function across the four versions is easily managed

through a switch-case control structure with a flag at the beginning of

the algorithm, assuming values from 0 to 3. This modular approach allows

to selectively append or exclude the reward strategies (short processing time

and most work remaining) and the dynamic movement cost from the baseline

formulation. The resulting entity is a cost vector, containing the individual

value assigned to each sub-recipe, which serve as input for the solver.
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6.4 Solver

To compute the optimal scheduling configuration, the system relies on the

MATLAB built-in solver intlinprog, designed for MILP (Mixed ILP) prob-

lems. The process is managed through the optimoptions function to sup-

press the default output. When executing the solver iteratively, disabling the

display of statistics is a choice to eliminate graphical load and accelerate the

elaboration time.

The solver receives the cost vector c, the intcon parameter (that impose

the integer constraint on all decision variables), the complete matrix A and

vector b, and the lower and upper bound vectors set respectively to 0 and 1,

providing a constraint for the solver to formulate binary decision variables.

The output is composed of three main parts:

� x: it is the vector of binary decisions, including scheduled recipes and

penalty activation.

� fval: it is the overall optimal value of the optimization.

� exitflag: it represents whether the solver found the optimal solution

(1) or there has been a problem (other numbers).

6.5 Database population

The first half of the vector output x of the solver is used for two main

objectives: remove the started sub-recipes from the list of pending sub-

recipes Recipe hist, and delete the respective rows in the scheduling vector

Schedule for the elapsed minute and the started sub-recipe. This allows a

dynamic scaling of the matrices, in order to reduce their size according to

the passing of time.

Once the sub-recipes history is updated, the database RecipeDataBase

is completed with start and end time of each started sub-recipe j as follows:

startj = t̄;

endj = t̄+ dj
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Having the final decision of the solver, a dedicated tracking table is pop-

ulated to record the actual movements of the robot, derived from the ac-

tively started sub-recipes. This registry acts as the final reference for the

transport function. During the subsequent iteration, the function fetches

these confirmed positions to map the current layout and compute the candi-

date trajectories for the next scheduling operation.

6.5.1 System state update

When the optimization starts, two main aspects must be coherently up-

dated: the list of sub-recipes and the matrix of time. The script and function

that deals with this management are, respectively, Recipe List update and

Update Schedule.

Update of Recipes The main logic behind the update of the list of re-

maining sub-recipes to be done relies on the reading of the output vector x

of the solver, and it is explained in Algorithm 5.

Algorithm 5 Update of the sub-recipes list.

1: if there are pending sub-recipes then

2: Retrieve the q barrel of the started sub-recipe j

3: Retrieve the other sub-recipes in Bj sharing the same barrel

4: if there are other operations for the same barrel then

5: Update cutoff and cutoffIndex of the remaining operations by

shifting their deadlines forward by the duration of the scheduled sub-

recipe

6: end if

7: Remove iteration rows from Schedule

8: end if

This part of the algorithm has the aim of updating the cutoff time of

the sub-recipes, taking into account the starting minute of its relative parts.

When an operation on a barrel starts, the deadline of the same barrel parts

must be shifted forward because the initial time reference for the cutoff time

computation is the beginning of the optimization. In each sector of the
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Schedule, then it is deleted the row corresponding to the current minute of

scheduling, keeping the remaining minutes to follow the real passing of time.

Update of the Schedule The update of the vector Schedule deals with

the update status of the transiting barrels, as in Algorithm 6.

Algorithm 6 Update of the sub-recipe part of the schedule.

1: for each sub-recipe j do

2: if its barrel is currently in use then

3: Retrieve the sub-recipes sharing the barrel

4: Retrieve the last scheduled operation

5: if its finishing time exceeds the current iteration then

6: Update Schedule with 1 in the row associated to the j-th row

of Recipe hist

7: else

8: Update the same row with 0

9: end if

10: end if

11: end for

This function keeps 1 for the sub-recipes that cannot be selected because

their barrel is occupied in an operation. It is fundamental for the schedul-

ing since it prevents the solver from considering an awaiting sub-recipe as

selectable despite its occupied barrel.



Chapter 7

Simulations and Results

This chapter presents the simulations performed to validate the proposed

scheduling algorithm, demonstrating its operational efficiency under varying

production scenarios.

7.1 Proof of concept

To evaluate the effectiveness of the implemented strategies, a subset of n = 10

recipes and np = 6 parking spots is analyzed through the 4 different versions

of the objective function, described in Chapter 5. At first, it is possible to

provide a visual representation of the scheduling to intuitively highlight the

macroscopic differences, thanks to the limited number of sub-recipes r =

49. Subsequently, a quantitative analysis is performed to evaluate the Key

Performance Indicators (KPIs):

� Elaboration time: the time elapsed to perform a simulation by a per-

sonal computer equipped with an AMD 3020e CPU operating at 1.20

GHz, with 8 GB RAM;

� Nlate: the number of recipes finishing after the CoT ;

� Average lead time: average completion time of a sub-recipe. It is calcu-

lated through the mean value of the completion time of all the recipes

l̄t =

∑n
q=1 teq − tsq

n

53
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where te and ts are the finishing and starting minute of each recipe q,

respectively.

� Lead time ltmax: maximum completion time of the last recipe to finish

ltmax = max(teq)

� Inactivity of machines S (IoMS): percentage of idle time of each ma-

chine. It is computed by subtracting the machine’s active utilization

percentage from 100% , where the utilization is the ratio between the

total physical dosing time (wm) and the machine’s maximum occupa-

tion time (om)

IoMS = 100− wmS

omS

The main versions of the cost functions can be summarized as follows:

� V0: the first scenario represents the starting point, where sub-recipes

only aim at respecting their cutoff times and the total planning horizon;

� V1: the second version introduces the short processing time and most

work remaining rules;

� V2: the third version adds to the V0 the transport costs;

� V3: the last scenario includes both the dispatching rules and the trans-

port costs.

Figure 7.1 presents the simulation of V0. The x-axis represents the

scheduling minutes, where only the useful values are reported, and the y-axis

represents the machines S. The recipes are color-coded, thus it is possible

to visualize in each machine the temporal location of a particular barrel.

Black and striped blocks represent the occupation of machines by awaiting

barrels that cannot be moved because of parking spots saturation. Empty

slots indicate the idle times of machines.

Although the first version presents positive aspects, such as the continu-

ous working time of machine D, there are some inefficiencies. The machines,
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Figure 7.1: 10 recipes scheduling version V0.

except of D, show significant dead times: A (in the intervals 29-30 and 36-

65), B (in the interval 119-147), C (in the interval 70-88), E (in the interval

86-101). Furthermore machine C and E are also used as parking spots for

25 and 19 minutes, respectively. It can be seen in both Figures 7.1 and 7.2,

where two red lines indicate the starting minute of the blocking machine

times, showing that the parking spots are entirely occupied at those time

instants.

The second version V1 introduces the dispatching rules. This strategy

aims at prioritizing short sub-recipes within machines to avoid bottlenecks,

and long sub-recipes within a barrel to prevent it from being occupied for

extended periods later in the production cycle, when the residual number

of sub-recipes is lower and no other task can be processed while waiting.

Indeed, Figure 7.3 shows a substantial improvement with respect to the pre-

vious version. Idle times and machine blocking times are drastically reduced,

demonstrating a better parking spots management. It is also visible the pri-

oritization of short recipes within machines, which has the biggest influence

in this scenario.

Figure 7.4 represents version V2, where transport costs are added to

version V0. As anticipated throughout the description of the problem, these



56 CHAPTER 7. SIMULATIONS AND RESULTS

Figure 7.2: Saturated buffer in 10 recipes scenario, version V0.

Figure 7.3: 10 recipes scheduling version V1.
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Figure 7.4: 10 recipes scheduling version V2.

costs are negligible. In fact, the two charts appear to be the same, as it will

be clearer also from a quantitative point of view, through Table 7.1.

Last Figure 7.5 shows the optimized scheduling thorugh the most com-

plete version of the cost function, that includes the dispatching rules and

the transport cost. Although the difference may be visually negligible, the

effect of the transport costs is noted through the sub-recipes arrangement.

For example, in machine B, R1B (red) is displaced from minute 39 in V1 to

minute 23 in V3, being closer to R1A that finishes at minute 12. Another

noticeable difference concerns R6 in machines B and C. In version V1 the

elapsed time between them is 13 minutes (in the interval 32-45), while in

version V3 is 3 minutes (in the interval 45-48). It can be concluded that

the effect on the overall completion time is almost absent, but the internal

configuration of the scheduling is modified.
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Figure 7.5: 10 recipes scheduling version V3.

Table 7.1 summarizes and compares the performance indicators of the

simulations, giving a quantitative meaning to the visual differences.

Table 7.1: Performance indicators for the 10 recipes scenario across the four

objective function versions.

Metric V0 V1 V2 V3

Elaboration time (min) 0.88048 0.84788 0.90135 0.82226

Nlate 0 0 0 0

l̄t (min) 150.2 125.3 150.2 170.1

ltmax (min) 221 221 221 221

IoMA (%) 44.78 2.63 44.78 0

IoMB (%) 18.79 0 18.79 0

IoMC (%) 42.57 0 42.57 0

IoMD (%) 0 0 0 0

IoME (%) 23.13 0 23.13 0

The first notable result in Table 7.1 is the Nlate parameter equal to zero
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in each version: the completion of the recipes occurs within the total DoP .

This means that the mathematical formulation of temporal and physical

constraints was successful. To add relevance to this information, also the

ltmax is consistent across each version, indicating that the changes compel

the solver to explore different paths, without degrade the overall optimal

processing time.

An interesting insight arises from analyzing the l̄t: version 1 shows that

the introduction of the discounts pushes the solver to finish the recipes as

quickly as possible, achieving an l̄t of 125.3 minutes. Conversely, when com-

bining also transport costs, a tiny difference occurs: the solver attempts to

group together sub-recipe to avoid additional costs and the l̄t increases until

170.1 minutes. However, aligning with the company exigences, this incre-

ment turned out to be an irrelevant problem, since the primary industrial

objective is to minimize the ltmax, rather than the l̄t.

Regarding machine inactivity, the impact of the optimization logic intro-

duced is significant: the solver succeeds in eliminate almost all dead times,

optimizing at best the scheduling and exploiting the resources.

Lastly, the elaboration time indicates the elapsed time for the solver to

complete the optimization and it is expressed in minutes. As it can be seen,

with a small amount of recipes, it does not exceed a minute.

Version V3 reveals to be the most efficient one. Transport costs are a

company’s requirement, thus it is not possible to decide whether to consider

them. However, simulations are fast to run with a small load, so it allows

to perform both V2 and V3, whose only difference is in the presence of the

added scheduling strategies, and choose the most suitable. Indeed, it may

depend on operational requirements. Version V3 allows to minimize IoM ,

but at the expense of the l̄t, hence version V1 would be a better choice if the

focus shifts from completing the overall scheduling to minimize the individual

transiting time of barrels.

7.2 Extended recipes list

In order to evaluate the optimization performance over a more realistic sce-

nario, a subset of n =30 recipes is considered. A visual representation of this
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case would be chaotic, due to the numerous components involved; therefore,

only the performance indexes are reported in Table 7.2.

Table 7.2: Performance indicators for the 30 recipes scenario across the four

objective function versions.

Metric V0 V1 V2 V3

Elaboration time (min) 2.98 4.00 3.03 3.96

Nlate 0 0 0 0

l̄t (min) 142.0 153.37 142.0 150.2

ltmax (min) 503 499 503 499

IoMA (%) 59.48 61.79 59.48 60.61

IoMB (%) 13.31 18.83 13.31 16.39

IoMC (%) 10.71 7.16 10.71 5.15

IoMD (%) 0.80 0 0.80 0

IoME (%) 9.54 20.36 9.54 19.95

The system’s behavior undergoes significant changes due to the parking

spots saturation and computational load. The first observation regards elab-

oration time: it is clear the not proportional, but exponential increase with

respect to the 10-recipes scenario. In particular, the execution times more

than triple.

Despite the increased work, parameter Nlate remains zero, proving the

robustness of the scheduling model and parking allocation logic.

The trade-off between ltmax and l̄t becomes evident in this extended sce-

nario. The optimization strategies make the solver compress the schedule

from 503 to 499 minutes, at the expenses of the l̄t which increases from 142

minutes (V0,V2) to 150/153 minutes (V1,V3). This means that to ensure

the shortest lead time, the solver keeps the barrels in the system for a longer

time, finding a more optimal combination. Actually, the introduction of the

transport costs serves as a tie-breaker, as it is seen in versions V1 and V3,

the l̄t decreases by grouping operations based on their displacements.

Finally, the IoM percentages exposes the discussed apparent bottleneck



7.3. ROBUSTNESS VALIDATIONWITH ANALTERNATIVE DATASET61

caused by machine D: its inactivity is calculated at hardly 1%. However, the

previously analyzed parameters confirm that the solver victoriously optimizes

the schedule, despite this inconvenience that does not allow to have an evenly

distributed production.

7.3 Robustness validation with an alternative

dataset

The results were obtained with a set of recipes coming from a randomized

selection of ingredients; it is possible to generate alternative recipes to com-

pare results, as in Table 7.3, keeping the target number set to n = 30. The

results replicates the previous case study.

The algorithm maintains adherence to the constraints, resulting in zero

number of late recipes in all four variations. The ltmax is successfully mini-

mized between versions (V0,V2) and (V1,V3) from 481 to 472 minutes. As

above, the scheduling compression sacrifices the l̄t, that increases also in this

scenario from 135.10 to 142 minutes. Furthermore, the IoM confirms the

structural limit analysis. Machine D continues to work without hardly any

interruption while machine A remains underutilized.
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Table 7.3: Performance indicators with a different set of recipes to validate

model robustness.

Metric V0 V1 V2 V3

Elaboration time (min) 2.52 3.43 2.52 3.50

Nlate 0 0 0 0

l̄t (min) 135.10 142.07 135.10 142.77

ltmax (min) 481 472 481 472

IoMA (%) 52.31 65.17 52.31 64.37

IoMB (%) 4.64 14.44 4.64 10.98

IoMC (%) 6.67 12.50 6.67 14.68

IoMD (%) 1.87 0 1.87 0

IoME (%) 0.64 15.72 0.64 16.62

This recurring setting across different datasets provides the evidence of

the workload imbalance being an inherent characteristic of the original data,

and that with these assumptions the ILP scheduling consistently identifies

the best possible routing configuration anyway.

The results obtained from this set of recipes illustrate more effectively the

necessity of considering both versions, with and without dispatching rules V3

and V2 (maintaining transport costs as a mandatory term in the objective

function). Depending on the operational objective, version V2 provides a

better configuration when analyzing the l̄t and IoM , while version V3 repre-

sents a better trade-off if the aim is the minimization of the total completion

time. Since the company expressed its aim is the latter one, the most com-

plete version V3 is considered to be the best formulation in this thesis.

7.4 Robustness validation with a different park-

ing spot capacity

To study the optimal number of parking spots, besides the original require-

ment of np = 6, a few simulations have been conducted. By changing the
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parameter in the initial script Logic Configuration it is possible to easily

modify the number.

This simulation analyzes a specific subset of 20 recipes, based on V3 as

the best-performing version of the cost function.

Table 7.4: Performance parameters comparison for a 20 recipes subset under

varying parking slot capacities.

Metric 8 Slots 6 Slots 4 Slots 2 Slots

Nlate 0 0 0 0

l̄t (min) 160.20 144.20 123.55 102.60

ltmax (min) 301 301 301 307

IoMA (%) 67.47 70.87 73.20 75.46

IoMB (%) 30.32 35.02 40.08 44.60

IoMC (%) 0.00 0.00 0.00 0.00

IoMD (%) 0.00 0.00 0.00 8.47

IoME (%) 0.00 5.31 15.02 22.15

The above table shows the capability of the algorithm to adapt to changes.

In all the scenarios, there are not recipes finishing after their deadline, so the

optimization rearranges the scheduling in an adequate manner. While the

total completion time suffers from an increase of a few minutes, the individual

transiting time of each barrel is significantly reduced from 160.20 to 102.60

minutes. Lastly, due to the scarcity of parking slots, the IoM increases, but

the list of recipes is successfully finalized.

In conclusion it is possible to confirm that the initially set number of

parking spot is appropriate; although the 8-spots option decreases the IoM ,

the overall performance does not change, the ltmax remains 301 minutes,

thus the spatial limitation of the physical layout is not an obstacle for the

optimization success.





Chapter 8

Conclusions and Future work

This thesis addressed the scheduling optimization of an industrial robotic

dosing system, based on a real-world scenario proposed by Logic S.r.l.. The

main objective was to minimize the total completion time of a set of recipes,

while respecting physical limitations of the plant, the availability of machines,

the limited capacity of the parking spots, and time constraints associated

with the barrels.

To achieve this objective, an Integer Linear Programming approach was

developed and implemented in MATLAB. The mathematical formulation had

to represent the characteristics of the system, as the allocation of barrels to

machines, the integrity of the individual barrels, and the management of the

available time windows to complete the processes through dedicated penalty

variables. Furthermore, the cost function was extended with two dispatching

rules, shortest processing time and most work remaining, together with the

transport costs, associated with the robot movements.

The simulations results demonstrated that the developed model can suc-

cessfully manage the system’s constraints and find the optimal schedule. The

tested scenarios included different sets of recipes and different parking spots

capacity, proving that the number of late recipes remained equal to zero.

This result confirms the effectiveness of the proposed formulation of respect-

ing the temporal constraints. Moreover, the algorithm proved to adapt to

different number of parking spots, continuing to fine the optimal solution.

The comparison between the different versions of the objective function

65
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highlighted the importance of utilizing an appropriate strategy. On one hand,

the introduction of the dispatching rules helped the solver recognize the best

scheduling by avoiding machines to be used as parking spots. On the other

hand, the introduction of transport costs had a limited impact on the overall

results, especially in the smaller scenario. However, it provided an addi-

tional criterion to choose among scheduling combinations, proving that even

secondary aspects can contribute to the definition of the optimal result.

The simulations regarding a bigger scenario, further demonstrated the

benefits of the proposed approach, even when using a different recipes com-

position. The reductions in completion time are limited, but they confirm

that the implemented strategies improve the system’s performance. At the

same time, the results highlighted a trade-off between the total Lead time

and the Average lead time of individual barrels. Minimizing the overall dura-

tion of the performance does not necessarily mean minimizing the individual

time spent by a barrel inside the system.

Another important aspect is the influence of the parking spots number.

In the analyzed 20-recipes scenario, the total completion time remained the

same with four, six and eight spots, while increased with two spots. Reducing

the parking spots caused the increase in machine inactivity, since resources

had to be exploit to rest barrels between operations. These simulations

validate the company’s choice to include six parking spots, since increasing

the number would cause a negligible reduction in machines inactivity and

the violation of space constraints. Nevertheless, the best configuration can

depend on specific production requirements.

Despite the results, some limitations must be noted. The proposed system

is modeled as a static and deterministic problem, where information is known

beforehand and unexpected events are not considered. Furthermore, the

recipes used were generated through a randomized selection of ingredients,

rather than being based on real batches. This choice allowed the algorithm

to be tested under different conditions, but a more realistic dataset would

provide a stronger proof of applicability to real industrial scenarios. Finally,

due to its combinatorial and NP-hard nature, the algorithm becomes more

demanding in terms of computational load as the number of recipes increases.

Future work could focus on some improvements. A first development
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could be to extend the dataset by introducing a larger number of ingredients

and recipes, to make the scenario more realistic. In particular, the use of real

recipes would allow to consider production requirements more accurately, and

obtain a more reliable evaluation of the performance.

A further extension would be to consider a system equipped with two

robots. The single-robot configuration may imply limitations due to its avail-

ability, while two robots could increase the flexibility of barrels handling.

However, the modification would lead to additional constraints to avoid con-

flicts between the two tools, or even the formulation of another optimization

problem to manage the collaboration between them.

Finally, following the suggestions proposed by Logic S.r.l., the model

could be extended through a more dynamic management. A development

would concern the advanced management of duplicated resources across dif-

ferent machines. In this scenario, if an ingredient runs out in one machine, the

algorithm should be able to dynamically redirect the barrels to an alternative

machine providing the same ingredient. Moreover, the system could be im-

proved to manage temporary stock-outs: if an ingredient becomes completely

unavailable, the algorithm should prioritize recipes that do not require it, or

continue the production until the finished ingredient is the only one miss-

ing. Lastly, the framework could integrate strategies to handle unexpected

events, such as sudden machine breakdowns or variations in processing times,

adjusting the schedule based on the real-time state of the plant.

In conclusion, this thesis provides a mathematical approach for the schedul-

ing optimization of a dosing system with limited parking spots. The results

demonstrated the effectiveness of the ILP approach in managing the inter-

actions among machines, barrels, parking spots and time constraints, while

the introduction of additional scheduling strategies has improved the per-

formance. Although further improvements are necessary to address real in-

dustrial requirements, the proposed method is a successful starting point to

improve production planning and reduce bottlenecks in automated dosing

systems.
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