




















































The CCP has been widely used over the years to address optimization problems

under uncertain scenarios: it is a valuable tool for addressing optimization prob-

lems in the presence of uncertainty, but its application requires attention to detail

and an in-depth understanding of the challenges involved.
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2 Exact and Heuristic Solutions for the Stock

Allocation Problem with FIFO Picking Oper-

ations

In this chapter, we study the problem concerning the allocation of the initial stock

and of the produced quantity of several products to the warehousing area, when

picking operations are performed on the basis of the FIFO principle.

2.1 Introduction

The effective management of stock and storage capacity is a crucial and very com-

mon challenge for companies operating in various industries. This has a signifi-

cant impact on operational decisions and on the company’s financial performance.

Companies that are driven by a Make-to-Stock production strategy must have par-

ticular attention in managing the storage capacity, meeting the market demands,

and simultaneously minimizing the operational costs.

The advent of the Covid-19 pandemic showed the impact that uncertainty and

demand variability could have on supply chains. As a result, the management

of storage capacity has emerged as a critical factor in responding to this unpre-

dictability. The first response in that particular situation was to raise stock levels

at all stages of the supply chain. However, under normal operating conditions, stor-

age capacity is inherently limited, and optimal management practices are needed

to prevent cost increase, and diminished profit margins. In this setting, the op-

timization of stock allocation in existing warehouse facilities becomes a necessary

activity for any company, to maintain its competitiveness and profitability.

The problem we study is a Stock Allocation Problem with picking operations

that corresponds to a real-world operational challenge routinely encountered by

a primary Italian mineral water bottling company. In this company, seven Stock

Keeping Units (SKUs) of bottled products are produced in a plant, with dedicated

zones designated to bottling production lines, and then the finished products are

stored in a warehouse. The entire production schema runs around Polyethylene

Terephthalate (PET) containers of varying capacities, ranging from 0.5 to 2 liters.

The facility operates on a continuous 24-hour basis, Monday through Friday, with
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sporadic weekend operations. Strategic and tactical production planning are de-

signed considering the Make-to-Stock strategy, in which the production quantity is

defined on the basis of demand forecasts. The production is then stored in either

an internal depot or external warehouse facilities. Since the mineral water indus-

try is characterized by high volumes and low unit values, an optimized logistics

management assumes a pivotal role to pursue corporate profitability.

The problem under examination is based on three types of operations:

1. Allocation of the initial stock to the warehousing area.

2. Allocation of the quantities produced to the warehousing area.

3. Picking from the warehousing area in order to fulfill pending orders.

In the first two operations, the logistic manager has to decide what is the

optimal allocation of the stock, while picking is based on the ”First-In-First-Out”

(FIFO) principle, meaning that the selection of the stock location for picking

depends on where the SKUs were placed in the previous two steps. The goal

is to minimize the total number of bins used, as unused bins provide additional

capacity when the problem is solved again on the same day. Taking into account

that this problem is typically solved four times every day, the total cost saving can

be relevant. In fact, thanks to these ”additional” available bins, part of the SKUs

can be stored in the internal depot, instead of sending them to external warehouse

facilities at higher costs.

For this problem, we formulate an integer linear programming model, able to

handle FIFO picking operations, prove that it is NP-hard, and solve it to opti-

mality. Then, we design a heuristic algorithm, based on the current rule of thumb

used by the company, and compare its solutions with the optimal solutions and the

ones applied by the company. In particular, we carry out computational experi-

ments using real-world data, thus offering valuable insights into their performance

and applicability in addressing the real-world complexities of stock allocation and

storage capacity management.

The chapter is organized as follows. In Section 2.2, we describe the problem

we study. In Section 2.3, we formulate an integer linear programming model to

solve this problem. In Section 2.4, we propose a heuristic algorithm based on

the current rule of thumb applied by the company. In Section 2.5, we carry out
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an extensive computational experiment on real-world instances, to compare the

optimal solution with the heuristic solution and the company solution.

2.2 Problem description

In the Stock allocation problem we study, several SKUs are bottled in a production

plant. For each of them, we know the initial stock, the expected production,

and the expected demand. The warehouse capacity is defined by the number of

available bins. Each bin has a storage capacity that varies on the basis of the SKU

stored in the bin. In each bin, pallets are organized in rows and stacked two levels

high. A Dedicated storage policy is used, i.e., different SKUs cannot share the

same bin. Picking is carried out on the basis of the FIFO principle.

Two time periods are given. The first corresponds to the beginning of the

operations. At this time period, the initial stock is available for each SKU, before

production starts. The second time period corresponds to the allocation of the

quantities arriving from the production lines, and then to the picking operations

carried out to satisfy pending orders. The planning over these two time periods

can be repeated several times on the same day. Any bin, totally or partially not

used in the current allocation, can be used in the next one, providing in this way

a reduction of the quantities of SKUs that must be stored in external facilities at

higher costs.

The problem is to assign the initial stock and the quantity produced of each

SKU to bins, and how to manage picking from these bins, in order to satisfy the

demand, with the goal of minimizing the total number of bins used.

2.3 Model formulation

In this section, we formulate an integer linear programming model for the problem

described in the previous section. The following indices, parameters, and variables

are introduced:

Indices:

i, s = 1, 2, . . . , n: indices of the SKUs

j = 1, 2, . . . ,m: index of the bins
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Constraints (31) apply the FIFO logic to the bins used in the assignment of the

production. In fact, they guarantee that, given any SKU i and any bin j at

which the initial stock and the production of i is assigned, if bin j has some

residual quantity of SKU i after having picked up the quantities USij and UPij

(i,e., ∆P = 1), then σP = 0 for any bin s = j + 1, j + 2 . . . ,m. Therefore, noij is

quantity can be picked up from any bin s = j + 1, j + 2, . . . ,m, i.e., UPis = 0 for

any bin s = j + 1, j + 2, . . . ,m.

We now prove that this problem is NP-hard, by showing that the Unbounded

knapsack problem, which is known to be NP-hard for m > 2, is a particular case

of it.

Theorem 1. Problem (8)–(31) is NP-hard.

Proof. Consider the simplified version of the problem with k = 0 only, and in

which the initial stock of just one SKU must be assigned. Assume that m > 2.

Problem (8)–(31) becomes:

m∑︂
min Yj (32)

j=1

m∑︂
Xj = S (33)

j=1

Xj ≤ CjYj j = 1, 2, . . . ,m (34)

Yj, Xj ≥ 0 integer j = 1, 2, . . . ,m (35)

By summing up Constraints (34), the following relaxation is obtained:

m∑︂
min Yj (36)

j=1
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m∑︂
S ≤ CjYj j = 1, 2, . . . ,m (37)

j=1

Yj ≥ 0 integer j = 1, 2, . . . ,m (38)

The latter problem is the Unbounded Knapsack Problem, which is known to

be NP-hard for m > 2 (see Martello and Toth [59]).

In the formulation of the model, we first inserted constraints to minimize the

use of the BINS and subsequently concentrated on respecting the FIFO logic. The

simplified version of the problem does not require FIFO for picking operations,

but analyzes the case in which only the initial stock needs to be allocated at time

period 0. The fact that this part is NP-hard is enough to demonstrate that the

whole model is NP-hard too, as the assignment of the production stock and the

outbound flow according to the FIFO logic are modeled at time period 1.

2.4 A heuristic algorithm

In this section, given that the problem is NP-hard, we provide a heuristic algorithm

for the solution of the problem, inspired by the current rule of thumb applied by

the company. This rule is based on operational procedures, refined over the years,

mainly on an experiential basis. Daily, at least four times a day, the manager of

the logistics area and his team update the stock flow data in Microsoft Excel files,

obtaining in this way a report of the stock levels and, at the end of the day, the

final stock levels. On the basis of the processed data, they decide how to assign

the quantities produced. The decision is based on their experience. The first

part of the warehouse, from bin number 1 to bin number 6, is dedicated to high

rotation SKUs, while the remaining bins are used for medium and low rotation

SKUs. Based on the current stock levels, the expected production plan and the

orders to be processed, the allocation of the SKUs is done, trying to have as many

free bins as possible. Since only one SKU can be stored in each bin, the choice

is based on the trade-off between how much production of a SKU a bin is able to
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contain, and how quickly it can be emptied, for the next allocation, based on the

orders that need to be fulfilled. All data, as mentioned, are processed on Excel

printouts, while the calculations of the various trade-off scenarios are made by

physically inspecting the warehouse. Following this analysis, the sequence of the

bins used until the next update is established. Sometimes, the need to provide

housekeeping activities emerges from the analysis. The most recurrent example is

need of repositioning the pallets at the beginning of the bin. For each bin, stock is

allocated from one side and removed from the other. This promiscuity determines

that any bin that has exhausted the space available for stock allocation cannot

be used until it is completely emptied from the opposite direction. Repositioning

the remaining pallets at the beginning of the bin allows the manager to have new

space for stock allocation.

Let us now describe the heuristic we propose, in which three consecutive steps

are carried out: Assign, Production and Outbound.

The objective of the first step (Assign) is to minimize the waste of space in

the assignment of the initial stock. If the stock of a SKU to be assigned is less

than or equal to the capacity available in one or more bins, the logic is to select

the available bin which allows us to minimize the difference between the assigned

stock and the storage capacity of the bin. However, if the stock to be allocated is

greater than the capacity of all the available bins, the logic is to choose the bin

that allows us to allocate the largest quantity of product; we choose the one with

the largest capacity with the aim to minimize the total number of bins used.

This step can be described as follows:

Assign

1. Sort the initial stock Si in the non–increasing order.

2. Following this ordering, for each SKU i:

(a) Stocki := Si

(b) Let B be the set of available bins. If Stocki > 0, select the bins to

allocate Stocki on the basis of the following rule:

IF there exists at least one available bin in B with storage capacity Cij

34



greater than or equal to Stocki, select the one, say j
◦, that minimizes the

difference between the storage capacity and the stock to be allocated,

i.e.,

j◦ := argmin(Cij − Stocki).
j∈B

The quantity of SKU i assigned to bin j◦ is equal to Stocki, i.e.,

X0ij◦ := Stocki

Stocki := 0

Remove bin j◦ from the set B.

ELSE

i. Select the bin that has the largest storage capacity, i.e.,

j◦ := argmaxCij.
j∈B

The quantity of SKU i assigned to bin j◦ is equal to the bin capacity,

i.e.,

X0ij◦ := Cij◦ .

Remove bin j◦ from the set B.

ii. Set

Stocki := Stocki −X0ij◦

and go to step (b).

Let us now describe the second step (Production) of the heuristic algorithm.

This step is very similar to the one used in the previous step. The activity

always concerns the assignment of the pallets to the BINS; in particular in

this second step we must choose where to place the pallets coming from the

production lines: the volume to be managed depends on the production plan

and varies from day to day. The goal is again to minimize the waste of

warehouse space. In this step, however, we have the additional constraint to

first fill up to capacity the bins used, in the first step, to assign the initial

stock. Bins are assigned using a Dedicated storage policy. Therefore, if in
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the list of used bins, there is one bin with residual storage capacity, this

one will be the first to be used to allocate production. Again, the idea is to

saturate its capacity, which, by definition, cannot be occupied with another

SKU. Note that at most one bin can have positive residual capacity in the

first step of the algorithm.

This step can be described as follows:

Production

(a) Sort the production quantities Pi in the non–increasing order.

(b) Following this ordering, for each SKU i:

i. Stocki := Pi

ii. Check if there exists a bin, say j◦, among the ones used in the

Assign step, having residual capacity Cij◦ −X0ij◦ greater than 0.

IF Cij◦ −X0ij◦ ≥ Pi, then

Pij◦ := Pi

Stocki := 0

ELSE

Pij◦ := Cij◦ −X0ij◦

Stocki := Pi − Pij◦ .

.

iii. Let B be the set of available bins. If Stocki > 0, select the bins to

allocate Stocki on the basis of the following rule:

IF there exists at least one available bin in B with storage capacity

Cij greater than or equal to Stocki, select the one, say j◦, that

minimizes the difference between the storage capacity and the stock

to be assigned, i.e.,

j◦ := argmin(Cij − Stocki).
j∈B
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The quantity of SKU i assigned to bin j◦ is equal Stocki. i.e.,

Pij◦ := Stocki

Stocki := 0

Remove bin j◦ from the set B.

ELSE

A. Select the bin that has the largest storage capacity, i.e.,

j◦ := argmax
j∈B

Cij.

The quantity of SKU i assigned to bin j◦ is equal to the total

bin capacity, i.e.,

Pij◦ := Cij◦ .

Remove bin j◦ from the set B.

B. Set

Stocki := Stocki − Pij◦

and go to step iii.

Let us now describe the third step of the heuristic (Outbound), the one re-

lated to picking quantities from bins, following the FIFO principle, to satisfy

the pending orders.

Outbound

(a) For each SKU i:

i. Let Bi be the set of bins used to assign the initial stock and the

production of the SKU i. Let this set be ordered on the basis of

the sequence in which the bins have been used to assign the initial

stock and the production. Therefore, the first bin in Bi is the first

bin used to assign the initial stock, the second is the second bin

used to assign initial stock and/or production.
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Let Qij = X0ij + Pij be the total quantity of SKU i allocated to

bin j.

ii. Orderi := Fi

iii. j := 1

iv. IF Orderi > Qij, we set the quantity to fulfill from this bin equal

to the overall quantity that is allocated to the bin, i.e.,

Uij := Qij

Orderi := Orderi − Uij

j := j + 1

and go to step iv.

ELSE we set the quantity to fulfill from this bin equal to the re-

maining quantity to deliver, i.e.,

Uij := Orderi

Orderi := 0.

2.5 Computational results

The mathematical model formulated in Section 2.3 and the heuristic algorithm

described in Section 2.4 were implemented in C++ using Visual Studio. The model

was solved by using CPLEX 20.1.0 on an Processor Intel(R) Xeon(R) W-1290P,

CPU @3.70GHz, 64 GB RAM. A dataset of 108 real-world instances was created by

using the data of the company in 2022. To allow the reader to replicate the results

of the developed approaches, these instances are available at https://github.com

/Fepeder/PhD_Thesis_Data.git. For each instance, the optimal solution found

by CPLEX and the heuristic solution are compared with the company solution.

To analyze the quality of the solutions, the following performance indicators

are taken into consideration:

- Total number of bins used at time periods 0 and 1

- Computational time (in seconds).
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Moreover, we consider another metric to compare the solutions, given by the

saturation of the space in the warehouse, at time periods 0 and 1. Even if this

metric is not in the objective function of the model, it is important from a practical

point of view. To do that, we use the following two indicators:

- Free space: It expresses the residual capacity of the warehouse, calculated as

the sum of the capacity of each unused bin. These bins can be used in the

future to allocate any SKU.

- Remaining space: It expresses the residual capacity of the warehouse, calculated

as the sum of the residual capacity of used bins. Partially used bins can be

useful in the future to assign the same SKU that is currently allocated to

each of them.

Note that both indicators are expressed in number of pallets.

Figure 2: Free space and Remaining space

Figure 2 shows a graphical example of what has just been described: 8, 9

and 10 are three bins, each of them having capacity of 240 pallets. Each bin is

composed of four parallel rows of 60 pallets each. Bin 8 has no free space, but

it has remaining space, that can be used only to allocate the same SKU in the

future. Bin 9 has free space, as no SKU is currently assigned to it. Any SKU can

be assigned to it in the future. Finally, bin 10 has neither free space nor remaining

free space, as it is completely occupied by a SKU.

Let us first show the results in terms of number of bins used. Figure 3 shows

the results obtained, for each of the 108 instances, by the mathematical model

(Opt), the heuristic algorithm (Heur), and the company solution (COM), in terms

of total number of bins used at time periods 0 and 1.

If we look at the total number of the bins used over the 108 instances, the

optimal solution uses 3103 bins, the heuristic solution 3298 and the company
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Figure 3: Total number of bins used

solution 3521 bins. Therefore, the percentage of optimal saving given by the

Heuristic is
COM–Heur

= 53.35%,
COM–Opt

meaning that the heuristic already achieves 53.35% of the benefits of optimization.

Figure 4 shows, for each of the 108 instances, the computational time required

to compute the optimal solution and the heuristic solution. The time required by

the company is estimated in 600 seconds for each instance.

Figure 4: Computational time (sec.)

The average results, in terms of total number of bins and computational time,

are summarized in Figure 5. On average, the model requires 28.73 bins, the heuris-

Figure 5: Solution analysis

tic 30.54 bins, while the company 32.60 bins. Therefore, the average number of

bins used in the optimal solution is 5.93% less than the one used by heuristic,

and 11.87% less than the one used by the company. Since the average number of

bins used by the heuristic is 6.32% less than the one used by the company, a first

significant saving could be obtained by the company simply using the heuristic.
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This provides evidence of the importance of formalizing and improving the deci-

sion process used by the company. The optimal solution uses approximately 1700

pallets less than the company solution on each day. This implies a significant sav-

ing in the annual shuttle cost the company has to pay to send part of these pallets

to external facilities. Instead, the saving of the heuristic solution, with respect to

the company solution, is about 50% of the one obtained with the optimal solution

(920 pallets per day).

The average computational time to solve the mathematical model to optimality

is 1.41 seconds, to apply the heuristic algorithm is 0.08 seconds, while the average

time currently taken by the company is 600 seconds. Given that we have to solve

the problem 4 times a day and considering a time horizon equal to one year, the

time saving that can be obtained by using the model is about 167.61 hours in

total, and therefore about 39.91 minutes per day, while it is 167.98 hours, and

therefore about 39.99 minutes per day when the heuristic algorithm is applied.

The time saving generated by using the model and/or heuristics over one year,

converted into cost, is approximately 21,600 euros. This considers both the direct

costs deriving from carrying out the activity (time in the strict sense) and the

indirect costs deriving from the possible standardization of the process.

These results clearly show the advantage of using the model and the heuristic

with respect to the company solution. Moreover, the model is able to have a

significant reduction of the average number of bins with respect to the heuristic,

in a computational time that is comparable with the one required by the heuristic.

We now carry out some additional analyses to better understand the results we

obtained. In Figure 6 we compare the optimal solution with the company solution

in terms of how many bins are saved moving from the company solution to the

optimal solution. The comparison shows that the optimal solution uses up to 8

bins less than the company solution in about 8.3% of the instances, up to 4 bins less

in 46.3% of the instances, and up to 1 bin less in 98.1% of the instances. Finally, in

only 2 cases (about 1.8% of the instances) the number of bins is the same. Figure

7 shows the same type of analysis when we compare the heuristic solution with

respect to the company solution. The comparison shows that, in large part of the

instances, the heuristic uses a lower number of bins. In 70 out of 108 instances

(64.8%) the difference is from minus 5 to minus 1 bins. However, in 29.6% of the

instances there is no gap. Finally, the heuristic never uses more bins than in the
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Figure 6: Reduction of the number of bins moving from the company solution to
the optimal solution

company solution. The heuristic approach was designed by studying the business

approach. The number of instances without gaps could be representative of the

idea of taking care of the operational rules in the optimization approach.

Figure 7: Reduction of the number of bins moving from the company solution to
the heuristic solution

In Figure 8 we overlap the two distributions of the reduction of the number of

bins. The graph shows that the optimal solution is able to have a larger impact

on the reduction of the number of bins than the heuristic.

Let us now show a more detailed analysis concerning the computational time.

Figure 9 shows the Pareto graph of the solution time of the mathematical model.
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Figure 8: Comparison of the reduction of the number of bins

The Pareto chart is a combination of a bar chart and a line chart. The x-axis

of the graph contains the categories: in our case the time intervals to compute

the solution. The categories are reported in decreasing order of histogram width.

Meanwhile, a line represents the cumulative total of individual values in percentage

form. We can see that 50% of the instances are solved from 0.1 to 1.1 seconds.

If we move to the following echelon, up to 2.1 seconds, the percentage raises to

85.18%.

Figure 9: Pareto graph of the solution time of the mathematical model

Figure 10 shows the Pareto graph of the solution time of the heuristic algorithm:

61.1% instances are solved from 0.052 to 0.072 seconds.

Finally, we show the results obtained in terms of Free space and Remaining
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Figure 10: Pareto graph of the solution time of the heuristic algorithm

space. Even if these goals are not in the objective function, they represent a

key driver to understand the capacity of the depot. The indicators are expressed

in terms of number of pallets. Note that the maximum storage capacity of the

warehouse is 11, 525 pallets. Figures 11 and 12 show a comparison of the Free space,

in the optimal solution, in the heuristic solution, and in the company solution, at

time periods 0 and 1, respectively.

Figure 11: Free space at time period 0

The Free space in the optimal is very similar to the one in the company solutions

at time period 0, while the heuristic has a larger Free space. Instead, the situation

changes when looking at the results obtained at time period 1. The gap between the

optimal solution and the company solution becomes wider, the heuristic solution

continues to have a larger Free space, but very similar to the optimal solution.

Figures 13 and 14 show the Remaining space, related to bins that are just

partially used and that can be used in the future only to assign the same SKU

currently assigned to each of them. We can note that, as it happens for the Free
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Figure 12: Free space at time period 1

Figure 13: Remaining space at time period 0

space, the heuristic solution is better than both optimal and company solutions:

for this KPI, a greater number of pallets is equal to a greater number of space not

being used effectively.

Figure 15 shows the average Free space and Remaining space obtained with the

optimal solution, the heuristic solution, and the company solution. Considering

the Free space, we can notice that the heuristic solution, at time period 0, allows

us to have, on average, 446 and 659 more pallets than the optimal solution and

the company solution, which represent 3.87% and 5.71% of the maximum storage

capacity. At time period 1, the heuristic has 161 and 391 more pallets, equal to

1.39% and 3.39% of the maximum storage capacity. Note that the average Free

Space decreases going from time period 0 to time period 1. A part of the efficiency

is physiologically lost passing from time period 0 to time period 1, due to the fact

that the flow rules are both considered at the second time. This is due to how the

heuristic is designed: the Assign step selects the bin that best fits the quantity to

be allocated at each iteration, trying to minimize waste of space; the production

assignment flow and picking quantity flow are both considered at time period 1

and the second one follows exclusively the FIFO picking logic. Concerning the

average Remaining space at time period 0, the heuristic solution has 420 pallets

less than the optimal solution, and 870 pallets less the company solution. At time
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Figure 14: Remaining space at time period 1

Figure 15: Average Free space and Remaining space

period 1, the heuristic solution has 823 pallets less than the company solution, and

171 pallets less the optimal solution. By analyzing these results, it is immediate

to understand that for this KPI there is a gap between the proposed methods

and the company solution. The Remaining space increases going from time period

0 to time period 1: in addition to the assignment of production at time period

1, the picking of the quantities that must be delivered also takes place. This

physiologically leaves bins open, thus generating this unused space which can then

be filled with the next flow.
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3 An Integrated Goal Programming and Chance

Constrained Optimization Approach for Pro-

duction Planning with Uncertain Demand

In this chapter, we study the problem concerning the optimization of the produc-

tion plan of several products when demand is uncertain and the goal is to achieve

different targets on stock levels.

3.1 Introduction

One of the problems that impact all levels and all activities of any production

company, that is the definition of a production plan in line with company objec-

tives, able to include constraints on available resources. Different goals, in terms

of stock target levels, are balanced at best, costs are minimized, and produc-

tion capacities are saturated at best. This has an even greater impact in case of

Make-to-Stock production strategy, uncertain demand, high rotation, short shelf

life, low profit margins. These features are common in companies that deal with

the so called Fast-Moving Consumer Goods: food, beverages, cosmetics, cleaning

products, personal hygiene items, non-prescription drugs, office supplies and, in

general, consumables. In addition to these intrinsic features, the trading logic,

the tensions along the supply chains, and the rapid and continuous changes in the

world, push the company management to make strategic, tactical and operational

decisions in conditions of uncertainty. Therefore, the ability to manage uncertainty

is more and more a primary driver.

The problem we study is a real-world operational challenge routinely encoun-

tered by a primary Italian mineral water bottling company. Six distinct Stock

Keeping Units (SKUs) of bottled products are processed in a plant with two pro-

duction lines. The entire production schema runs around Polyethylene Tereph-

thalate (PET) containers with different capacities, ranging from 0.5 liters to 2

liters. The facility operates on a continuous 24-hour basis, Monday to Friday, and

Monday to Saturday during a specific period of the year. Tactical and operational

production plans are designed considering the Make-to-Stock strategy adopted by

the company, wherein production quantities are determined on the basis of de-
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mand forecasts. The quantity produced is stored either in an internal depot or in

external warehousing facilities, to be able to satisfy the orders of the customers.

Since the mineral water industry is characterized by high volumes, demand uncer-

tainty and low unit values, the definition of an optimized production plan plays a

pivotal role to pursue corporate profitability.

The process that leads to the definition of the production plan of each SKU on

each production line is characterized by different time horizons: Yearly, quarterly

and monthly. Concerning the Yearly budget, a study is carried out in the last

months of the year T-1, to estimate the resources necessary to achieve the objec-

tives in terms of sales volumes, to be able to define the budget of the year T. First

of all, the following values are computed:

- The strategic forecast, obtained by aggregating, on a monthly basis, the ex-

pected sales of each SKU.

- The number of production work shifts, estimated on the basis of the expected

yield per production line and the minimum stock target level of each SKU.

- The production stops, needed to perform the ordinary and extraordinary main-

tenance already scheduled.

- The number of workers, estimated on the basis of the number of needed work

shifts per production line, taking into account the HR requirements.

Figure 16: Representation of the Yearly budget cycle

On the basis of these values, the yearly production plan is obtained. Then, this plan

is revised in at least two subsequent time periods, in April/May and in Septem-

ber/October: at these points the data from the past months are consolidated and

the data from the following months are recalculated taking into consideration the

opportunities and changes present in the market. These can be considered as a

budget update (see E0 and E1 in Figure 16).

Considering the Quarterly plan, starting from the Yearly budget, the sales

managers provide forecasts for each SKU for the next 4 months (Tactical forecast).
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These new forecasts replace the values previously reported in the Yearly budget,

in a rolling way (see Figure 17).

Figure 17: Representation of the Quarterly plan cycle

Finally, considering the Monthly plan, based on the stock target levels and the

tactical forecasts, the daily production plan is defined for each SKU, with the goal

to reach the desired stock levels, and to be aligned with the sales objectives. Oper-

ational constraints, such as minimum production quantities and setup operations,

must be taken into account. The stock level of each SKU is planned and then

monitored during the month: starting from the initial stock, the hypothetical final

stock of the month is calculated considering the tactical forecasts and the available

working shifts. Attention is also paid to information on expected sales, to take

actions to avoid understock or overstock. Note that we use the word understock,

and not shortage, because we refer to the ability of reaching the stock target level,

and not to the ability of satisfying the demand. Figures 18 and 19 give an idea of

what it means operating on the basis of a Make-to-Stock strategy in this setting.

The first shows how daily sales are tracked within a single month: as they con-

solidate, how the sales behave compared to the expected forecast is measured and

the part still to be processed within the month is arithmetically re-proportioned.

The second shows the difference between stock and the stock level: the first is the

stock actually present while the second is the desired stock level which varies over

the periods depending on production and expected sales: in view of an upward

forecast of sales, by increasing production we could have an actual stock higher

than the desired stock if the forecast is not met (see t+1 in Figure 19).

The definition of the production plan is based on deterministic and uncertain
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Figure 18: Representation of the Monthly Plan Forecast Monitor

data. One example of deterministic data is that the company cannot use more

than three 8-hour working shifts per day. The expected yield of each production

line can be either deterministic or uncertain, depending on the industrial sector

in which the company operates. The demand of each SKU, when operating with

the Make-to-Stock strategy, is typically uncertain, mainly in case of high volumes

and low values. In this setting, having the right solution approach is critical. Too

rigid plans can lead to losses of business opportunities or can generate a costly

inventory management. On the contrary, plans that are too flexible may require

an increase in raw material inventories to cope with all possible variations, and

the management of the workforce in a discontinuous and inefficient manner.

In our study, we propose an integrated Goal Programming and Chance Con-

strained Optimization approach to provide an optimized production planning. We

formulate two mixed integer linear programming models, that are used to define

the production plans at the tactical and at the operational level. The first is

used to compute the optimal quantity to produce for each SKU on a monthly

basis over the year. Goal Programming allows us to balance at the best the stock

target level of the SKUs, while Chance Constrained Optimization to handle de-

mand uncertainty. The model at the tactical level is used in a rolling horizon way,

and optimization is carried out on different reduced time horizons. Just to better
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Figure 19: Representation of the Monthly Plan Stock Level

understand the concept of reduced time horizons, consider optimizing a rolling

annual planning. In this case the total time horizon H is equal to the total time

over which the planning is carried out (12 months). The total time horizon is di-

vided into shorter segments, named reduced time horizons. On each reduced time

horizon S the optimization is carried out based on the new information available.

In the second model, which is based on a daily time unit, additional operational

constraints, related to the minimum production quantity and setup operations,

are introduced. Computational results, obtained using data provided by company,

allow us to show that this integrated approach is effective in terms of ability of

balancing the achievement of the stock target levels, cost minimization, and satu-

ration of the production capacity.

In Section 3.2 we describe and formulate an integrated Mixed Integer Linear

Goal Programming and Chance Constrained model for the tactical level. In Section

3.3 we describe and formulate a Mixed Integer Linear Goal Programming model

for the operational level. In Section 3.4 we carry out a computational experiment

to show the effectiveness of the proposed approach.
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3.2 Problem definition and formulation at the tactical level

In this section, we formally describe the problem at the tactical level. Then,

we formulate an integrated Mixed Integer Linear Goal Programming and Chance

Constrained Optimization model, in which production planning is started in month

t, where 1 ≤ t ≤ H. The optimization is carried out on a reduced time horizon of

S months, where 1 ≤ S ≤ H. This model is applied in a rolling horizon way, for

t = 1, 2, . . . , H, and the optimization is performed over s = t, t+ 1, . . . , t+ S − 1.

The optimal value of the variables related to month t is captured, and the final

inventory level of each SKU is used as the initial starting inventory level of the

successive month t+ 1.

The following indices, parameters and variables are introduced to formulate

the model.

Indices:

i = 1, 2, . . . , n: index of the SKUs

k = 1, 2, . . . ,m: index of the production lines

s = t, t + 1, . . . , t + S − 1: index of the months on which the optimization is

performed, where S is a given reduced time horizon.

Data:

Ii
0: initial stock of SKU i, available at the beginning of month t

Dis: stochastic demand of SKU i in month s. Let FDis
(y) := P (Dis ≤ y) be the

corresponding cumulative probability distribution. We assume that it is invertible.

Yki: expected yield of SKU i on production line k, i.e., the number of bottles per

work shift. It is calculated starting from the nominal speed of the line, to which

a weighted target efficiency percentage is applied. Some products can be bottled

on both lines, other just on single one.

Wks
R : number of regular work shifts in month s on production line k, obtained by

counting only the days from Monday to Friday included

WE number of extra work shifts in month s on production line k. These workks:

shifts can be used only on Saturday

ck
R: cost of one regular work shift on production line k

ck
E: cost of one extra work shift on production line k, i.e., the cost of the work

shifts carried out on Saturday
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α: confidence level in the chance constraints, i.e., the minimum probability at

which the chance constraints related to the stock levels are satisfied (0 ≤ α ≤ 1)

Tis: stock target level of SKU i in month s. It is the desired stock level.

pi: unit penalty cost charged when the stock target level of SKU i is not reached

oi: unit overstock cost charged when the stock target level of SKU i is exceeded.

Variables:

qis: non–negative integer variable representing the quantity of SKU i produced in

month s

xkis
R : non–negative continuous variable representing the number of regular work

shifts assigned to production line k to produce the SKU i in month s

xE non–negative continuous variable representing number of extra work shifts,kis:

carried out on Saturday, assigned to production line k to produce the SKU i in

month s

d− non–negative integer variable representing the quantity of SKU i missing tois:

reach the target Tis in month s

d+ non–negative integer variable representing the quantity of SKU i exceedingis:

the target Tis in month s

Iis: free integer variable representing the stock level of SKU i at the end of month

s. Note that this variable is free because the stock level can be negative.

The integrated Goal Programming and Chance Constrained Optimization model

can be formulated as follows.

m n n∑︂∑︂ t+∑︂S−1 ∑︂ t+∑︂S−1

R R E Emin (ck xkis + ck xkis) + (pidis
− + oid

+
is) (39)

k=1 i=1 s=t i=1 s=t

Subject to:

m∑︂
qis = Yki(xkis

R + xkis
E ) i = 1, 2, . . . , n s = t, t+ 1, . . . , t+ S − 1 (40)

k=1

n∑︂
xR ≤ WR k = 1, 2, . . . ,m s = t, t+ 1, . . . , t+ S − 1 (41)kis ks

i=1
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n∑︂
xE ≤ WE k = 1, 2, . . . ,m s = t, t+ 1, . . . , t+ S − 1 (42)kis ks

i=1

Iis + d− − d+ = Tis i = 1, 2, . . . , n s = t, t+ 1, . . . , t+ S − 1 (43)is is

P{Iis−1+qis−Dis ≥ Iis} ≥ α i = 1, 2, . . . , n s = t, t+1, . . . , t+S−1 (44)

Iit−1 = Ii
0 i = 1, 2, . . . , n (45)

qis ≥ 0 integer i = 1, 2, . . . , n s = t, t+ 1, . . . , t+ S − 1 (46)

xkis
R ≥ 0 k = 1, 2, . . . ,m i = 1, 2, . . . , n s = t, t+ 1, . . . , t+ S − 1 (47)

xkis
E ≥ 0 k = 1, 2, . . . ,m i = 1, 2, . . . , n s = t, t+ 1, . . . , t+ S − 1 (48)

d−is ≥ 0 integer i = 1, 2, . . . , n s = t, t+ 1, . . . , t+ S − 1 (49)

d+is ≥ 0 integer i = 1, 2, . . . , n s = t, t+ 1, . . . , t+ S − 1 (50)
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Iis integer i = 1, 2, . . . , n s = t, t+ 1, . . . , t+ S − 1 (51)

The objective function (39) minimizes the total cost, given by the sum of the

cost of the used regular and extra work shifts (Production cost), and the penalty

costs for not having reached the target (Understock cost), and the cost for having

produced more than the target (Overstock cost). Constraints (40) allow us to

compute the quantity of each SKU produced in each month on the basis of the used

regular and extra work sheets, taking into account of the yield on each production

line. Constraint (41) guarantee that the used regular work shifts do not exceed the

number of available regular shifts for each production line. Similarly, Constraint

(42) guarantee that the total number of used extra work shifts does not exceed the

number of available extra work shifts on each production line. Constraints (43)

are the Goal Programming constraints, i.e., the constraints to compute either the

stock d−is missing to reach the stock target level Tis or the stock d+is exceeding the

stock target level Tis, for each SKU i and month s. With these constraints, the

stock Iis of each SKU i in each month s is computed. It is equal to the stock target

level Tis whenever d
−
is and d+is are both equal to zero. Otherwise, a unit penalty cost

pi or a unit overstock cost oi is charged in the objective function for each unit of

deviation from the stock target level. Constraints (44) are the Chance constraints:

they guarantee that the probability of having a stock level of each SKU i at the end

each month s greater than or equal to the stock Iis, computed in the Constraints

(43), is not lower than the minimum probability required. Constraints (45) set

the stock level of each SKU available at the beginning of month t, i.e., the stock

available at the end of month t − 1, equal to the given initial stock It
0. Finally,

constraints (46)–(51) define the decision variables of the problem.

Note that model (39)–(51) is non–linear, due to the chance constraints (44). Let

Pis be the α-quantile of the distribution Dis. Although not all chance constraints

can be linearized (see Birge and Louveaux [14]), we now prove that the chance

constraints (44) can be linearized as follows:

Iis−1 + qis − Iis ≥ Pis i = 1, 2, . . . , n s = t, t+ 1, . . . , t+ S − 1. (52)
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In fact,

P{Iis−1 + qis −Dis ≥ Iis} ≥ α

can be written as

P{Dis ≤ Iis−1 + qis − Iis} ≥ α

which is equivalent to

FDis
(Iis−1 + qis − Iis) ≥ α.

If we take the inverse of both sides, we have

Iis−1 + qis − Iis ≥ F−1 (α).Dis

Let us rename, for simplicity, the percentile F−1 (α) as Pis. Then, we haveDis

Iis−1 + qis − Iis ≥ Pis,

that are the deterministic (linear) equivalent constraints to the Chance constraints

(44). It should be underlined that Chance constraints were modeled for each pe-

riod; this type of constraints are called Individual Chance Constraints : subsequent

periods are therefore modeled independently (regardless of possible correlations in

the underlying demand), and a certain probability is imposed on the satisfaction

of each constraint, but not on their simultaneous satisfaction. We implement the

model with constraints (52), to have a Mixed Integer Linear Programming Model

to solve.

3.3 Problem description and formulation at the operational

level

The model formulated for the tactical level is useful, but it is not enough for the

operational level. In fact, the Make-to-Stock strategy requires a more detailed

solution based on a daily time unit, in which additional constraints have to be

taken into account. For example, a minimum production quantity is required

whenever a SKU is produced, and setup operations are carried out to move from

the production of one SKU to another one.

In this section, we formally describe the problem at the operational level to
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create a daily schedule for each month separately. Then, we formulate a Mixed

Integer Linear Goal Programming model to solve it. Let t, with 1 ≤ t ≤ 12, be

the month under consideration. The following additional indices, parameters and

variables are introduced. For the sake of clarity, we will omit the reference to

month t in this additional notation.

Additional indices:

τ = 1, 2, . . . , st: index of the days in month t

Additional data:

ckτ : cost one work shift on production line k on day τ in month t. From Monday

to Friday, ckτ = ck
R, while on Saturday ckτ = ck

E

Wkτ : number of work shifts available on production line k on day τ in month t.

From Monday to Friday, Wkτ = Wkt
R, while on Saturday Wkτ = Wkt

E

fkji: setup time needed on production line k to move from the production of SKU

j to the production of SKU i. This time is expressed in terms of number of bottles

not produced to carry out setup operations. Note that it is equal to 0 if j is equal

to i

bki: minimum quantity of SKU i that must be produced on production line k when-

ever the production of SKU i is started on this production line. It corresponds to

the minimum number of bottles that must be produced

Bki: maximum quantity of SKU i that can be produced on production line k

πiτ : α-percentile of SKU i on day τ in month t. It is computed by dividing the

monthly α-percentile Pit by the number of sales days. Since sales are not allowed

on Saturday, πiτ = 0 on Saturday, while it is constant on the other days.

Variables:

x̄kiτ : non–negative continuous variable representing the number of work shifts as-

signed to production line k to produce the SKU i on day τ in month t

q̄kiτ : non–negative integer variable representing the quantity of SKU i bottled on

production line k on day τ in month t

Φkiτ : binary variable equal to 1 the SKU i is bottled on the production line k on

day τ in month t, and 0 otherwise
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Ī iτ : non–negative integer variable representing the stock level of SKU i at the end

of each day τ in month t.

We have the following Mixed Integer Linear Goal Programming formulation

for each month t:

m n st n∑︂∑︂∑︂ ∑︂
min ckτ x̄kiτ + (pidit

− + oid
+
it) (53)

k=1 i=1 τ=1 i=1

Subject to:

m st∑︂∑︂
Ii
0 + q̄kiτ − Pit + dit

− − d+it = Tit i = 1, 2, . . . , n (54)
k=1 τ=1

q̄kiτ = Ykix̄kiτ k = 1, 2, . . . ,m i = 1, 2, . . . , n τ = 1, 2, . . . , st (55)

q ≥ bkiΦkiτ k = 1, 2, . . . ,m i = 1, 2, . . . , n τ = 1, 2, . . . , st (56)¯kiτ

n∑︂
q̄kiτ ≤ Bki − fkjiΦkjτ−1 k = 1, 2, . . . ,m i = 1, 2, . . . , n

j=1

τ = 1, 2, . . . , st (57)

x̄kiτ ≤ WkτΦkiτ k = 1, 2, . . . ,m i = 1, 2, . . . , n τ = 1, 2, . . . , st (58)
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n∑︂
Φkiτ ≤ 1 k = 1, 2, . . . ,m τ = 1, 2, . . . , st (59)

i=1

m∑︂
¯ ¯I iτ = I iτ−1 + q̄kiτ − πiτ i = 1, 2, . . . , n τ = 1, 2, . . . , st (60)

k=1

¯ = I0I i0 i i = 1, 2, . . . , n (61)

Ī iτ ≥ πiτ i = 1, 2, . . . , n τ = 1, 2, . . . , st (62)

x̄kiτ ≥ 0 i = 1, 2, . . . , n τ = 1, 2, . . . , st (63)

d−it ≥ 0 integer i = 1, 2, . . . , n (64)

d+it ≥ 0 integer i = 1, 2, . . . , n (65)

q ≥ 0 integer k = 1, 2, . . . ,m i = 1, 2, . . . , n τ = 1, 2, . . . , st (66)¯kiτ

Φkiτ ∈ {0, 1} k = 1, 2, . . . ,m i = 1, 2, . . . , n τ = 1, 2, . . . , st (67)
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Ī iτ ≥ 0 integer i = 1, 2, . . . , n τ = 1, 2, . . . , st (68)

The objective function (53) minimizes the sum of the production cost, which

is a function of the number of working shifts, and of the penalty cost paid when

the stock level at the end of month t is lower or greater than the stock target

level in month t. Constraints (54) are the Goal Programming constraints, as they

compute the negative and positive deviations from the stock target level at the

end of month t. Constraints (55) are used to compute the quantity of each SKU i

produced on each production line k on day τ , on the basis of the number of working

shifts used. Constraints (56) establish that, if a SKU is produced on a given day,

the quantity produced must be greater than or equal to the minimum quantity to

be bottled. Constraints (57) allow us to manage the maximum quantity of each

SKU i that can be produced on each line k on each day τ , taking into account

of setup operations. In fact, if the SKU produced on day τ is different than the

one produced on day τ − 1 on the same line, the maximum production quantity

is reduced by the number of bottles lost due to setup operations. Constraints

(58) establish that the number of working shifts assigned of each SKU i on each

bottling line k can be at most equal to those available for each day. Constraints

(59) guarantee that at most one SKU is produced on each bottling line on each

day. Constraints (60), (61) and (62) are related to the stock level. They compute

the stock level of each SKU at the end of each day, and guarantee that the stock

level at the end of each day is at least equal to the forecast. In this way, we ensure

that the stock level covers at least two days of sales, given that πiτ is constant for

all day, with the only exception of Saturday in which it is 0. Finally, constraints

(63)–(68) define the decision variables of the problem.

Note that this model can require, in some months, a very long computational

time. In this case, we can apply the procedure used by the company to define the

operational production plan, or we can use a heuristic algorithm.

The procedure used by the company is based on the commercial logic. When-

ever it is necessary to choose which SKUs to miss from the market in case of limited

production capacity, the SKUs with lower penalties are not produced. This proce-

dure can be improved by the following heuristic algorithm inspired to it. A binary
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variable Dit is introduced for each SKU i. It is equal to 1 if the corresponding

variable d−it must be greater than 0 in month t, i.e., if a negative deviation from the

stock target level Tit is forced, and 0 otherwise. Moreover, a parameter β, having

1, 2, . . . , n as possible values, is introduced. We assume that a feasible solution

exists for β = n. This parameter limits the number of SKU that can have dit
− > 0.

The following two constraints are added to model (53)–(68):

Dit ≤ d−it i = 1, 2, . . . , n (69)

n∑︂
Dit ≤ β (70)

i=1

The heuristic algorithm, in which the SKUs are selected in a greedy way on

the basis of the unit penalty cost pi, can be described as follows.

Greedy Algorithm

1. Sort the SKUs on the basis of the non–decreasing order of the penalty cost

pi.

2. Set β := 0

3. Do while a feasible solution is not found:

(a) β := β + 1

(b) Set Dit = 1 for the first β SKUs in the ordered list

(c) Solve the model (53)–(68) with the two additional constraints (69)-(70).

3.4 Computational results

The mathematical models formulated in the previous two sections were imple-

mented in the AMPL sofware and solved on an Intel(R) Xeon(R) CPUW 3680@,

3.33GHz, RAM 64 GB PC by using CPLEX 20.1.0.
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3.4.1 Data

We use the following parameters, obtained from the real-world case of the primary

Italian mineral water bottling company under consideration, and referred to the

year 2023:

Time horizon H: 12 months

Number of SKUs n: 6

Number of production lines m: 2

Cost ck
R of one regular working shift on production line k: Line 1 (multi-

product): 48.00 euros, Line 2 (single-product): 40.00 euros

Cost ck
E of one extra working shift on production line k: 62.39, 52 euros

Unit understock cost pi: 17.39, 30.43, 10.87, 13.04, 10.00, 8.69 euros

Unit overstock cost oi: 1.00, 0.74, 1.00, 0.43, 1.08, 0.34 euros.

The previous unit costs were obtained from company data by scaling them by

a constant, to preserve data confidentiality. We set the confidence level α =

0.95 in the chance constraints. To allow the reader to replicate the results of

the developed approaches, all remaining data are available at the following URL:

https://github.com/Fepeder/PhD_Thesis_Data.git.

Remember that the tactical model is based on the availability of the α-quantile

Pis of the distribution Dis for each SKU i and month s (see constraints (52)).

To compute it, the corresponding invertible cumulative probability distribution

function FDis
(y) of the demand is needed. We considered the sales per month in the

last six years for each SKU, and tried to build this function. However, no classical

probability distribution function was able to fit the data in an appropriate way.

Therefore, we computed the α–quantile as follows (see Gravetter andWallnau [36]).

We sorted the N historical demand values of each SKU i in a non–decreasing order.

Let v(k) be the k-th value of the demand in this ordered list, with k = 1, 2, . . . , N .

Then, we computed the fractional rank, as follows:

x = α(N − 1) + 1.
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Finally, we computed the α-quantile as follows:

Pis = v(⌊x⌋) + [v(⌈x⌉)− v(⌊x⌋)] (x− ⌊x⌋).

Figure 20 shows that this method outperforms other two classical methods,

that are Linear regression and Exponential smoothing with seasonality, in terms

of Weighted Mean Absolute Percentage Error (WMAPE) calculated on the total

sales of the year 2023, for each SKU separately. WMAPE is widely used to measure

forecasting accuracy (see Terblanche and Wilson [80], Qi et al. [70] and Mohamed

et al. [61]) and it is computed as follows for each SKU i:∑︁H
t=1 | yit − ŷit |WMAPEi = ∑︁H

t=1 | yit |

where yit denotes the actual sales and ŷit the forecast value for the SKU i in month

t.

Figure 20: Comparison of different demand forecast methods in terms of WMAPE

3.4.2 Tactical level

Let us first provide the computational results obtained by solving the model at

the tactical level.

Performance of the tactical model on each month

A first computational experiment is carried out to evaluate the saving the com-

pany can have if the optimal solution is used, instead of using the solution of the

company, separately for each month. To do that, we introduce the Single Month
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(SM) approach, where the reduced time horizon S is set equal to 1, and the initial

stock Iit−1 of each SKU i in month t is set equal to the one used by the company.

Since the starting stock level for each month is equal to the one used by the com-

pany, this comparison can be useful for understanding how the model performs

with respect to the company solution.

Figure 21 shows the comparison of the costs obtained by the company and the

optimal costs in each month, and the average cost (AvG), in terms of production

cost and overstock cost. Moreover, the Stock on Target performance indicator,

measuring the percentage of observations that have reached at least the stock

target level, is provided. The total number of observations is 72, given that we

have 6 SKUs and 12 months.

Figure 21: Comparison of the company and optimal solutions in the SM approach

The results show that the solution proposed by the model allows us to save

approximately 7%, on average, in terms of production cost, and 13% on average

in terms of overstock cost. The percentage of achievement of the stock target level

is the same for both solutions: the average performance over the 12 months is

79.17%, i.e., both solutions are able to have a monthly stock level at least equal

to the desired target in 57 times out of 72 observations. Let us now consider the

Understock cost. To have a fair comparison, we need to consider that the plan is

constantly revised by the company, to take into account of the differences between

the forecasts and the corresponding actual sales. Figure 22 shows the comparison

of the costs if we use the corrections applied by the company, in the company

solution and in the SM solution. The goal of this task, referred to as fine-tuning,

is to use the residual production capacity to bring the stock levels close to the

desired ones, on the basis of information revealed over time on when sales peaks

will occur.

The results show that the average total cost of the optimal solution is about

25.80% lower than the cost of the company solution, mainly due to the reduction

of the understock cost. Production and overstock costs are lower than those in
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Figure 22: Comparison of the company solution and the SM solution after fine-
tuning

the company solution, while the average decrease in number of working shifts is

equal to about 4 from Monday to Friday, while there is an increase of about 0.5

on Saturday. The saturation of the production capacity offered by the optimal

solution is, even after fine-tuning, better than the one offered by the company

solution.

Performance of the tactical model over the planning horizon

A second computational experiment is carried out to use the tactical model with a

rolling horizon approach, with different reduced time horizons S. In this approach,

the initial stock of each SKU i is equal to the one in the company solution in month

1, while, for each successive month s = 2, 3, . . . , H, it is equal to the stock level

obtained by using the optimal values of the variables in month s − 1, and the

actual sales in month s− 1. Concerning the reduced time horizon S, we consider

these two extreme cases:

- Single Month Rolling approach (RSM): In this case, the reduced time horizon

S is set equal to 1 month, i.e., the optimization is carried out on one month

at a time.

- Decreasing Months Rolling approach (RDM): In this case, S = 12 when t = 1,

S = 11 for t = 2, and so on in this way until S = 1 when t = 12, i.e., the

optimization is carried out on the remaining part of the year and only the

decisions on the first month of the reduced time horizon are captured.

65



In both cases, first the costs are computed by using the optimal values of the

variables, and the α-quantiles are used to compute the stock levels. Figure 23

shows the results obtained.

Figure 23: Comparison of the rolling horizon approaches

The results show that the RSM approach, as expected, has a total cost higher

than the RDM approach. In fact, RSM provides a total cost that is about 17.46%

greater than the one of the RDM approach. Since the computational time is

negligible in both cases, it is worth extending the reduced time horizon S from 1

month to 12 months. The production cost is similar in both cases. The difference

is totally on penalty costs. In particular, there is an additional overstock cost

in the RDM, especially from April to June. The corresponding extra production

allows us to avoid paying the understock cost in June and July. Instead, the

RSM approach, having a reduced time horizon of just one month, is not able to

anticipate production. Therefore, penalties are paid in June and July, due to

production capacity saturation. This highlights that optimizing on larger reduced

time horizons, even if there is uncertainty, is able to provide a lower average cost.

Figure 24 shows the number of regular and extra working shifts used by the RSM

Figure 24: Number of working shifts used by the rolling horizon approaches

and RDM approaches. The total number is greater in the RDM approach, but

RSM uses a larger number of extra working shifts. This different mix provides a

similar production cost, as shown before.

Continuing the analysis, we now do fine-tuning and compute the total costs on

the basis of the optimal values of the variables and of the actual sales. We obtain

the results shown in Figure 25.
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Figure 25: Comparison of the rolling horizon approaches after fine tuning

The results show that the RDM approach has a cost 0.7% greater than the RSM

approach. The production cost is similar. In the RSM approach, the understock

cost is equal to 0 in all months, with the only exception of June, due to the large

deviation between the forecasts and the actual sales. In fact, the stock target

level cannot be reached, despite the maximum saturation of production capacity.

In the RDM approach, this does not happen because part of the production is

anticipated in the previous months. This implies an higher overstock cost and, in

total, a higher total cost.

The following analysis adds evidence to what we just showed. We increase the

value of α from 0.95 to 0.99, to increase the probability of satisfying the uncertain

demand. Figure 26 shows the results obtained without fine-tuning.

Figure 26: Comparison of the rolling horizon approaches with α = 0.99

The total cost increases by 8.5% in the RSM approach, and by 16.81% in

the RDM approach, compared to the total costs obtained with the case with

α = 0.95. The production cost has a slight increase in both solutions, while the
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understock cost is increased in the same months where it was already paid. The

understock cost, on the other hand, increases more in the RDM than in the RSM.

As anticipated, this positive difference between the forecasts and the actual sales

generates higher costs in the rolling horizon approach. The number of working

shifts slightly increases.

3.4.3 Operational level

Let us now show the results we obtained for the model at the operational level.

Performance of the operational model on each month

As already described, this model is used to validate the tactical plan and generate

a daily schedule of the production plan that takes operational constraints, related

to the minimum quantity to produce and setup operations, into consideration.

The analysis of the results on the SM approach is shown in the next figures. The

reduced time horizon S is set equal to 1, and the initial stock Iit−1 of each SKU

i in month t is set equal to the one used by the company. In particular, Figure

27 compares the optimal solutions of the tactical model, without fine tuning, with

the ones obtained by the operational model. Since finding an optimal solution of

the latter model can require a lot of computational time in some months, we set

a time limit of 60 seconds. The costs are computed on the basis of the values of

the α-quantiles, as it is in the model, and not on the basis of the actual sales, as

our goal is to show the cost increase in the optimal solution due to the additional

operational constraints.

Figure 27: Comparison of the SM approach at the tactical and at the operational
level

The results show that the average total cost of the optimal solution of the

operational model is about 14% more than the cost of the optimal solution of the
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tactical model. The difference is small in the production cost and in the overstock

cost, while there is a large difference in the understock cost. This is because, in

July, the model at the operational level is not able to determine a daily schedule

without paying a penalty.

All solutions of the model at the operational level, obtained within the time

limit of 60 seconds, shown in Figure 27, are optimal, with the only exception of

July, where only a feasible solution is obtained within the time limit of 60 seconds.

Figure 28 shows the results obtained running the model (53)–(68) with larger time

limits.

Figure 28: Feasible solutions obtained in July with different time limits

The total cost does not improve significantly by increasing the execution time

limit and the percent gap is still large (19.33% in the best case).

A different approach is to apply the procedure applied of the company (see

the end of Section 3.3), to find a production plan for July. Doing that, a feasible

solution having cost 14,862 is obtained for β = 3 (see Figure 29).

Figure 29: Procedure applied by the company when an optimal solution is not
found within the time limit

The results obtained by this procedure could be improved by applying the

heuristic Greedy, described the end of Section 3.3, with given values of β. In fact,

if we consider β equal to 3, as in the procedure applied by the company, and β = 4,

we obtain the results shown in Figure 30 for different time limits. The percent gap

is still large.
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Figure 30: Feasible solutions obtained in July with constraints (69) and (70) and
different time limits

Comparing the values obtained in the first approach, Figure 28, and the val-

ues obtained in the last heuristic Greedy approach, we can note that in the first

approach proposed the same result is obtained in a lower computational time. So,

this first approach should be used. Moreover, it can be easily shown that, replac-

ing in Figure 27 the total cost 14,862 of the operational model in July with the

value of the lower bound corresponding to the best percent gap 19.33% obtained

in the first approach, the average total cost of the operational model over the year

becomes 5,125 instead of 5,509. i.e., there is an improvement, but not so large,

even in the case in which the optimal solution has a cost equal to the lower bound.

So, the trade-off between the quality of the solution and the computational time

required to compute it must be taken into account. From a practical point of view,

a time limit of 600 seconds in the first approach seems to be the one that should

be suggested to a decision maker.

As a concluding remark, we can say that this analysis demonstrates how the

commercial logic currently used by the company can be significantly improved by

solving optimization models.

3.4.4 Tactical vs. operational

The following analysis shows a comparison between the optimal solutions of the

tactical model and the ones of the operational model, after performing fine-tuning

in the SM approach and considering actual sales, instead of the α-quantiles, to

compute the stock levels.

Figure 31 shows that the model at the operational level is able to generate

a daily schedule having an average total cost with almost no difference than the

one of the model at the tactical level. This is really interesting as the operational

model takes into account of minimum production quantities and setup operations,
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Figure 31: Comparison of the models at the tactical and operational levels after
fine-tuning

while the tactical level can be not feasible with respect to these additional con-

straints. Finally, we can compare the solutions obtained by solving the models

with the company solution. The tactical approach, used together with the oper-

ational approach, allows us to have an average saving on the total costs equal to

approximately 25.71%. A further benefit is given by considering the saturation of

the production capacity, which turns out to be better.
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Conclusion

The goal of this PhD thesis was to address the optimization of Production and Lo-

gistics as a primary driver for pursuing profitability and business success. The use

of optimization models, that are well formulated and able to take into account all

deterministic and uncertain data, can be of great help in solving these challenging

problems.

In Chapter 2, we studied the Stock Allocation Problem. The study presented

has shown how this problem can be difficult to model, considering all features found

in companies, in particular the FIFO picking logic. Moreover, the formulated

model turned out to be NP-hard. However, the computational results on real-

world instances showed that the problem can be solved to optimality in short

computational time. Moreover, the solution provided by the heuristic is effective,

and even better than the optimal solution with respect to different KPI indicators,

such as Free space and Remaining space. Future research could be devoted to

study a multi-objective model, in which all these different KPIs can be balanced

at best. Moreover, the current approach is based on the assumption of a given

layout. Dynamic models, able to adapt the layout on the basis of the stock flows,

could be formulated and solved.

In Chapter 3, we introduced a methodology based on the integration between

Goal Programming and Chance Constrained Optimization, to determine optimal

tactical and operational production plans for companies with a Make-to-Stock

logic and uncertain demand. Computational experiments, on the real-world case

of a the mineral water bottling company, showed that this approach is effective.

Moreover, some interesting take-away messages emerged. The first is that, even

if it is difficult to achieve high forecast accuracy, it is important to use statistical

methods to compute forecasts. The sales department can then add any additional

information related to specific commercial actions. A second take-away message

is that it is important to simultaneously consider a long-term tactical plan and

its validation in a more detailed operational plan. The tactical model can be

easily solved to optimality whenever unplanned commercial opportunities may

arise. The operational model can take long computational times, since it has to

take into account difficult operational constraints related to the minimum quantity

to produce and setup operations. In that case, heuristic algorithms can be used.
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We provided a heuristic based on the procedure applied by the company and one

based on the solution of the model in an appropriate time limit. Future research

could be dedicated to the study of different Stochastic Programming models, to

be able to embed different scenarios of the future demand in the model.

The studied problems aimed at building a “bridge” between scientific research

and its application to real business optimization problems. This research made

a contribution by proposing methods for modeling challenging logistics and pro-

duction problems for the academic and industrial research, and, at the same time,

provided significant improvements in the company results.
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[62] J. Mula, R. Poler, J.P. Garćıa-Sabater, and F.C. Lario. “Models for pro-

duction planning under uncertainty: A review”. In: International Journal of

Production Economics 103.1 (2006), pp. 271–285.

[63] A. Nargundkar and A.J. Kulkarni. “A Comprehensive Review of Goal Pro-

gramming Problems and Constraint Handling Approaches”. In: Handbook of

Formal Optimization. Singapore: Springer Nature Singapore, 2023, pp. 1–32.

[64] B.S. Narum, F. Maggioni, and S.W. Wallace. “On the safe side of stochastic

programming: bounds and approximations”. In: International Transactions

in Operational Research 30.6 (2023), pp. 3201–3237.

[65] J.P. Oddoye, D.F. Jones, M. Tamiz, and P. Schmidt. “Combining simulation

and goal programming for healthcare planning in a medical assessment unit”.

In: European Journal of Operational Research 193.1 (2009), pp. 250–261.

[66] G. Pantuso and L.M. Hvattum. “Maximizing performance with an eye on the

finances: a chance-constrained model for football transfer market decisions”.

In: Top 29.2 (2021), pp. 583–611.

[67] S. Peng, F. Maggioni, and A. Lisser. “Bounds for probabilistic programming

with application to a blend planning problem”. In: European Journal of

Operational Research 297.3 (2022), pp. 964–976.

[68] W.B. Powell. Approximate Dynamic Programming: Solving the curses of di-

mensionality. John Wiley & Sons, 2011.

80



[69] Richard F Powers. “Optimization models for logistics decisions”. In: Journal

of Business Logistics 10.1 (1989), pp. 106–121.

[70] Y. Qi, C. Li, H. Deng, M. Cai, Y. Qi, and Y. Deng. “A Deep Neural Frame-

work for Sales Forecasting in E-Commerce”. In: Proceedings of the 28th

ACM International Conference on Information and Knowledge Management.

CIKM ’19. Beijing, China, 2019, pp. 299–308.

[71] T.R. Rakes, L.S. Franz, and A.J. Wynne. “Aggregate production planning

using chance-constrained goal programming”. In: International Journal of

Production Research 22.4 (1984), pp. 673–684.

[72] A. Rong and R. Lahdelma. “Fuzzy chance constrained linear programming

model for optimizing the scrap charge in steel production”. In: European

Journal of Operational Research 186.3 (2008), pp. 953–964.

[73] T.L. Saaty. “Decision making with the analytic hierarchy process”. In: In-

ternational Journal of Services Sciences 1.1 (2008), pp. 83–98.

[74] Nikolaos V Sahinidis. “Optimization under uncertainty: state-of-the-art and

opportunities”. In: Computers & chemical engineering 28.6-7 (2004), pp. 971–

983.

[75] H.D. Sherali and A.L. Soyster. “Preemptive and nonpreemptive multi-objective

programming: Relationship and counterexamples”. In: Journal of Optimiza-

tion Theory and Applications 39 (1983), pp. 173–186.

[76] E.A. Silver, D.F. Pyke, and R. Peterson. Inventory management and pro-

duction planning and scheduling. Vol. 3. Wiley New York, 1998.

[77] B. Singh. “Chance-constrained programming: joint and individual constraints”.

In: Encyclopedia of Optimization. Springer, 2023, pp. 1–5.

[78] M.G. Speranza. “Trends in transportation and logistics”. In: European Jour-

nal of Operational Research 264.3 (2018), pp. 830–836.

[79] M. Tamiz, D. Jones, and C. Romero. “Goal programming for decision mak-

ing: An overview of the current state-of-the-art”. In: European Journal of

Operational Research 111.3 (1998), pp. 569–581.

81



[80] W. Terblanche and T. Wilson. “An evaluation of nearly-extinct cohort meth-

ods for estimating the very elderly populations of Australia and New Zealand”.

In: PLoS One 10.4 (2015), e0123692.

[81] Y. Wilamowsky, S. Epstein, and B. Dickman. “Optimization in multiple-

objective linear programming problems with pre-emptive priorities”. In: Jour-

nal of the Operational Research Society 41.4 (1990), pp. 351–356.

[82] L.A. Wolsey and G.L. Nemhauser. Integer and Combinatorial Optimization.

John Wiley & Sons, 2014.


	Abstract
	Abstract (Italian)
	Acknowledgements
	Literature Review
	Optimization of Production and Logistics
	Stock Allocation Problem Literature Review
	Goal and Chance Constrained Programming Literature Review

	Exact and Heuristic Solutions for the Stock Allocation Problem with FIFO Picking Operations
	Introduction
	Problem description
	Model formulation
	A heuristic algorithm
	Computational results

	An Integrated Goal Programming and Chance Constrained Optimization Approach for Production Planning with Uncertain Demand
	Introduction
	Problem definition and formulation at the tactical level
	Problem description and formulation at the operational level
	Computational results
	Data
	Tactical level
	Operational level
	Tactical vs. operational


	Conclusion
	Bibliography



