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In large scale supply chain operations, companies tend to employ optimization tools for 
efficient supply chain planning and decision making. Regarding a shorter horizon Sales & 
operations execution (S&OE) process, planning and execution overlap, and new market data 
will constantly invalidate the optimality of current supply chain plan. Thus, an optimization 
tool for the S&OE process might become relevant and have some special requirements in 
terms of efficiency but also to understand and analyze the optimization results to evaluate the 
necessity of plan changes. 
 
The objective of this research is to investigate how the network flows and solutions methods 
could be utilized as the optimization tool for the S&OE process, to support decision making in 
short-term planning when the market changes. The focal area of the research is to evaluate the 
capability of these methods to enhance interpretability and scenario analysis of the 
optimization results. The research consists of three distinct parts. The first part defines the 
problem and comprises the analysis requirements gathered by conducting a semi-structured 
interview. The second part includes a literature review that builds the theoretical framework 
of network flows and solution methods. The third part combines the problem definition and 
the literature review to formulate a supply chain model and run computational experiments, to 
evaluate the viability of the network model formulation and the selected solution method to 
answer the identified needs of scenario analysis. 
 
The study reveals that by formulating the supply chain model in accordance with 
manufacturing network flow problem practices and solving the problem by means of the most 
promising solution method based on the literature, the network simplex, the core parameters 
within the principle of this algorithm does not provide much additional information for 
overall scenario analysis. To find the cause and effect of different decisions and constraints is 
a complex set, and answering to the causality of different changes in the model exhaustively 
becomes very difficult in a large supply chain. However, the network approach becomes 
beneficial in graph visualizations. Due to the connectivity of nodes with decision variables on 
arcs, network flow data utilizations are straightforward to have an overview of the optimized 
plan. With these visualizations, however, most of the identified needs of analysis are covered. 
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Suurien toimitusketjujen operaatioissa yrityksillä on taipumus käyttää optimointityökaluja 
tehokkaan toimitusketjusuunnittelun ja päätöksenteon tukena. Lyhyemmän aikahorisontin 
Sales & operations execution (S&OE) prosessissa suunnittelu ja suunnitelman toteutus 
limittyvät, ja jatkuvasti saatavilla oleva uusi markkinadata kumoaa nykyisen suunnitelman 
optimaalisuuden. Täten S&OE prosessin optimointi voi tulla olennaiseksi, ja siihen sisältyy 
erityisvaatimuksia liittyen työkalun tehokkuuteen, sekä optimointitulosten ymmärtämiseen ja 
analysointiin suunnitelman muutosten tarpeellisuuden arvioimiseksi. 
 
Tämän diplomityön tavoitteena on tutkia, kuinka verkkomalleja ja siihen perustuvia 
ratkaisumetodeja voidaan hyödyntää (S&OE) prosessin optimointityökaluna tukemaan 
päätöksentekoa lyhyen aikavälin suunnittelussa markkinan muutostilanteissa. Työn keskeinen 
tutkimusalue on arvioida näiden ratkaisumetodien kyvykkyyttä parantaa optimointitulosten 
tulkittavuutta ja skenaarioanalyysiä. Tutkimus koostuu kolmesta osasta. Ensimmäinen osa 
sisältää ongelmanmäärittelyn sekä semi-strukturoidun haastattelun avulla kerätyt 
optimointituloksen analyysivaatimukset. Toinen osa käsittää kirjallisuuskatsauksen, joka luo 
verkkomallien ja ratkaisumetodien teoriapohjan. Kolmannessa osassa ongelmanmäärittely ja 
kirjallisuuskatsaus yhdistetään toimitusketjuongelman formuloimiseksi, jonka pohjalta 
suoritetaan laskennallisia kokeiluja valitun ratkaisumetodin avulla. Lopuksi tämän pohjalta 
arvioidaan ratkaisun kykyä täyttää tunnistetut analyysivaatimukset. 
 
Tutkimus paljasti, että toimitusketjumallin formulointi manufacturing network flow -
periaatteita noudattaen ja ratkaiseminen kirjallisuuden mukaan lupaavimman ratkaisumetodin, 
network simplexin, avulla, tämän ratkaisualgoritmin ydinparametrit eivät tarjoa 
lisäinformaatiota kokonaisvaltaiseen skenaarioanalyysiin. Eri päätösten ja rajaehtojen väliset 
syyt ja seuraukset ovat monimutkainen joukko, ja vastatakseen mallin eri muutosten 
kausaliteetteihin tyhjentävästi muodostuu erittäin vaikeaksi suuressa toimitusketjussa. 
Verkkopohjainen lähestyminen esittäytyy kuitenkin hyödylliseksi verkkovisualisoinneissa. 
Ketjun solmukohtien liitettävyys päätösmuuttujien ollessa kaarilla, on verkkomallipohjaisen 
datan hyödyntäminen optimoidun suunnitelman yleiskatsauksen visualisoimiseksi 
suoraviivaista. Tämä kuitenkin kattaa suurimman osan havaituista analyysivaatimuksista.
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1 INTRODUCTION 
 

International and global companies operate large supply chains. As these companies grow, so 

do their respective supply chains. This leads to more demanding supply chain planning to 

manage the supply chain and to balance the supply and demand. Successful supply chain 

management requires planning with cost-efficiency in procurement and transportation, in 

addition to observing manufacturing capabilities and individual demand market pricing. 

 

In typical supply chains, the number of potential planning combinations is too big to be handled 

manually. Therefore, optimization tools that employ mathematical optimization to derive the 

best possible business decisions, are often implemented. Companies may have a reasonable 

candidate list for satisfying solution, however, finding the best solution by weighing different 

options becomes difficult and time-consuming by hand. Thus, it is clear to see that there is 

straightforward financial interest to find the best possible solution among a large list of potential 

candidates, to quickly make the most profitable large-scale decisions. Furthermore, there is a 

business benefit to compare the differences between potentially optimal planning scenarios. 

 

In the 1980’s, Sales and Operations Planning (S&OP) was discovered for a more clear long-

term supply chain and manufacturing planning, to balance the supply and demand. (Smith, 

Andraski & Fawcett, 2010) Nonetheless, companies have had difficulties in proper long-term 

plan execution at an operative level due to deviations in long-term plan and short-term plan 

implementation (Chainalytics, 2021). Therefore, Gartner has presented Sales and Operations 

Execution (S&OE) to drive the purpose of short-term operational planning, to connect the 

S&OP closer to the operational supply chain process (Gartner, 2019). S&OP plan is usually 

driven by an optimization tool to give the best available information for plan decision making. 

To make the S&OE process reactive while maintaining the optimality, a separate optimization 

tool for S&OE might come into question as well. 

 

1.1 Background 

 

This master’s thesis is conducted as a case study for a company that operates on petrochemical 

industry. In the industry, representative supply chain takes place around refining raw materials 
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into end products for sale. The study contributes to the supply chain development and 

development of supply chain planning tools, considering the S&OE process and its short-term 

plan optimization.  

 

Typically, optimized S&OP gives a frame for a more detailed S&OE process, which is then 

used to plan a shorter horizon supply chain and execute it (Gartner, 2019). The S&OP, which 

is driven by an optimization tool, does not completely fill the requirements for actual supply 

chain plan execution, where the number of supply chain factors increases remarkably compared 

to the strategic long-term planning. Due to changes happening in the market data between the 

S&OP cycles, a need for a separate optimization tool to give an optimized plan based on short-

term market data has been recognized. Furthermore, Gartner (2019) underlines the importance 

of a clear distinction between the S&OP and S&OE, in a way of thinking and in terms of 

planning tools. Therefore, a requirement of separate optimization of S&OP and S&OE  

becomes relevant.  

 

The inability to interpret and understand the given solution provided by an S&OP optimization 

tool in practical terms is a problem that has been identified. This creates the basis of the thesis 

to approach the S&OE optimization with a new optimization area to investigate novel solution 

methods and if these methods could provide better visibility and understanding for the 

optimization results. It is commonly accepted that the network flows are generally more 

efficient than standard linear programming (LP) models (Masao, 1969) and due to the inherent 

time constraint of the planning horizon of the S&OE process of the case company, 

computational time needs to be prioritized. Thus, by using the standard LP model in S&OP, 

this thesis studies solutions methods from the network flow modelling approach. The thesis 

creates an overview of the network flow modelling and problem-solving of the supply chain 

problem in order to be used for company S&OE optimization purposes. The initial requirements 

for an ultimate S&OE optimization tool consist of three main areas: maximizing profit, 

minimizing plan changes, and analyzing the scenarios and changes between them. Besides the 

network flows, this thesis addresses network approach utility for the scenario analysis area due 

to the inability to track the changes with the current optimization tool in S&OP. This grievance 

is desired to be fulfilled with the novel solution. Additionally, the amount of research regarding 

the change tracking and scenario analysis of optimization results is currently very little. 
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1.2 Objectives and limitations 

 

The thesis focuses on the supply chain of renewable hydrocarbon products, and how the 

network modelling and network optimization methods can be utilized in the supply chain S&OE 

process, to support decision making in short-term planning when market changes. To have an 

optimization tool for the S&OE process, the key substance is the equivalency with real-world 

supply chain, which still remains efficient to be solved on daily planning activities.  

 

The purpose of this thesis is to perform a pre-study for a larger optimization project, focusing 

on the grievance of S&OP optimization in analysis of planning scenarios to be answered with 

network flow -based methods. This essentially means modelling the company supply chain with 

sufficient accuracy, to run computational experiments with the model. According to these 

computational experiments, scenario analysis capabilities of the method are observed, and the 

obtained results are evaluated against the analysis requirements. Therefore, the thesis identifies 

the paint points in S&OP optimization and searches for an alternative way of optimization 

compared to the current standard LP model, to satisfy its inadequacies. Furthermore, it gives a 

guidance for future development on solving the supply chain problem in S&OE process with 

efficient network flow methods and highlights its strengths and weaknesses in scenario analysis 

to be considered. Based on the preceding considerations, the three research questions to define 

the scope of this thesis are formed as follows: 

 

1. What are the requirements for an alternative optimization approach that the current LP 

method does not satisfy? 

2. How to formulate and solve the supply chain problem in accordance with network flow 

practices? 

3. How to track and analyze the changes between the optimized plan and a reference plan? 

 

The first research question aims to identify the requirements for the change tracking and ways 

of scenario analysis that the current method in S&OP lacks and that would be desired to be 

achieved with the novel optimization solution in the S&OE process. The second research 

question aims to introduce the selected optimization approach regarding the model formulation 

and solution methods for the supply chain problem of the company. This includes introducing 
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the formulation options for the supply chain problem according to its special entities and 

investigation of the efficient techniques for solving this problem. The purpose of the third 

research question is to analyze the obtained requirements with the first research question and 

evaluate the utility of the network flow approach on scenario analysis. To support these research 

questions, a problem definition for the supply chain optimization is firstly presented, including 

business overview, supply chain framework, supply chain planning process, and the objectives 

of the optimization. 

 

In this thesis, the optimization research of the supply chain focuses only on network flow 

optimization and consequently, on network flows and combinatorial optimization. These 

solution methods combined with the requirements of scenario analysis are leveraged to suggest 

a new optimization method for the S&OE planning and creating ways for comprehensive supply 

chain optimization analysis. The thesis provides an overview of network flow characteristics 

and solution methods, to give a guidance on the optimization tool development in terms of 

different supply chain modelling practices. However, the main intention of this research is to 

conduct a study of analysis requirements, and how network flow characteristics can be utilized 

to fulfill the analysis needs. Regarding the actual supply chain network modelling and 

formulation, the main aim is to model an outline including the main functionalities of the supply 

chain network according to the problem definition. The development and implementation of 

different solution methods for an actual comparison in their performance is a large process that 

needs further research and development, to compare these approaches of supply chain 

formulations and solution methods. That exceeds the workload of an ordinary master’s thesis. 

Thus, the solution methods and algorithms for the supply chain problem are evaluated based on 

the literature to be later scaled up for the real-world problem size on an implementation phase 

of the optimization tool, if the suggested approach is chosen. 

 

As a result of the thesis, a literature review of network flow modelling and solution methods 

are delivered, and a certain network modelling technique and solver are suggested to be 

considered for the short-term optimization of the global renewable fuels supply chain. 

Additionally, requirements for the S&OE optimizer in terms of scenario analysis and change 

tracking are gathered, and the capabilities to measure and analyze the changes between 

scenarios with the suggested network solution method, are evaluated. 
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1.3 Methodology 

 

This research consists of three main parts of qualitative research. To have a fundamental 

understanding of the S&OP optimization tool, its development areas, and the comprehensive 

requirements for the scenario analysis and change tracking of optimization results to support 

decision maker in the S&OE process, the qualitative method was selected. The qualitative study 

is done by interviewing a selected group of case company employees that work within the 

S&OP and S&OE planning and decision making. The aim of these interviews is to reveal the 

information regarding S&OP optimization challenges and gather the requirements for supply 

chain plan scenario analysis against which the utility of network flows is later evaluated. The 

interviews are conducted as semi-structured interviews, which gives more flexibility. A semi-

structured interview lets the interviewer change the order of the questions and focus the 

questionnaire according to the expertise of the interviewee (Koskinen, Alasuutari & Peltonen, 

2005). 

 

The second part is the literature review that aims to introduce the relevant methodology in the 

literature considering the supply chain problem of the case company, to be later utilized in an 

empirical part of the research to formulate the supply chain problem and to shed some light on 

the solution methods to be considered for the actual implementation of the S&OE optimization. 

The network flows and optimization are widely researched topics, and the literature review 

highlights the main similarities between the literature and the problem setup of the case 

company to narrow down the most promising formulation and solution method approach, but 

also giving guidance for future research. 

 

The interviews and the literature review together create a basis for the main analysis of the 

thesis. This includes supply chain problem formulation and investigation of the network flow 

characteristics for better scenario analysis. Computational experiments are run to conclude if 
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the network flows can provide the desired supply chain visibility and analysis according to the 

requirements obtained with the interviews. Figure 1 depicts the process of the research. 

 

 
 
Figure 1. Research process of the thesis 

 

1.4 Structure of the thesis 

 

The thesis mainly consists of a business overview and problem definition with the semi-

structured interview, the literature review of network flows and solutions methods, and the 

analysis part that covers the utility of network flows and the selected solution method in 

scenario analysis to support the decision making in S&OE process. The first chapter introduces 

the thesis, including the background of the thesis, its business purpose, the objectives, 

limitations, deliverables, and finally, the description of the thesis structure. The second chapter 

gives an overview of the industry, in which the case company operates and gives a more detailed 

description of the actual supply chain network and its special characteristics to be modelled. 

Also, relationships between S&OP and S&OE processes are described and the objectives for 

the final optimization tool are presented. In the third chapter, the results of the semi-structured 

interviews are presented, which reveal the challenges of S&OP and requirements for better 

supply chain planning in the S&OE process in terms of analysis of optimization results. 

 

The fourth chapter provides the literature review of network flows. The purpose of this chapter 

is to give an overview on how to formulate the network flow problems mathematically and 

introduce the main network flow problems and the special flow problems that have similar 
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characteristics with the supply chain network under the research. The fifth chapter introduces 

the fundamentals of algorithms and computational complexity. Additionally, solution methods 

for the network flow problems are introduced based on the literature, and the practices of 

utilizing underlying networks in computational problem-solving are described.  

 

In chapter six, the case company supply chain is formulated based on the observations in chapter 

four and the supply chain features identified in chapter two. The chapter also covers the scenario 

analysis methods for the network flows and for the most favorable solution method according 

to the literature in chapter five, defining the ways to analyze the results. Additionally, scenario 

analysis in standard LP models according to the literature is shortly covered to provide a 

benchmark for the study findings. Chapter seven analyzes the results of the interviews and 

presents the results of computational experiments. Thus, it comprises the results of the study 

with the suggested algorithm and the approach for better scenario analysis and visibility. 

Finally, chapter eight concludes the thesis and its findings, and underlines key topics that still 

need further investigation and consideration.   
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2 PROBLEM DEFINITION 
 

An S&OE-level supply chain takes shape around processing and refining activities, where 

various feedstocks are refined into renewable fuels. To put it simply, various feedstocks are 

transported from all sizes of suppliers to be refined into renewable fuels, which are then 

transported to customers around the globe. Refining and sales of renewable fuels have 

remarkable special features that need to be taken into account in realistic supply chain network 

modelling and in order to implement optimization methods that actually benefit the decision 

making. In this chapter, the renewable fuels business overview, supply chain framework, 

planning process, and optimization tool requirements are described. 

 

2.1 Business overview 

 

The renewable fuels business typically focuses on raw material procurement, refining, and sales 

of sustainable fuel solutions to reduce greenhouse gas (GHG) emissions even up to 90% in road 

transportation with renewable diesel (Neste, 2021a) and 80% GHG reduction in aviation with 

sustainable aviation fuel (Neste, 2021b). Globally the largest producer of renewable diesel and 

sustainable aviation fuels is Neste Corporation, which refines these sustainable fuel solutions 

from waste and residues (Neste, 2021d). Neste, for instance, has committed to reducing GHG 

emissions annually by 20 million tons by 2030, and the products are mainly based on renewable 

diesel products to be refined from renewable feedstocks such as fats and oils (Neste, 2021c). 

 

Renewable diesel, also referred to as green diesel, does not represent a synonym to biodiesel, 

although the feedstock sources can be similar. Biodiesel is produced through oil and fat 

transesterification with methanol or another alcohol to produce biodiesel and its by-products 

glycerol and water. Renewable diesel, on the other hand, reminds more of the traditional 

petroleum diesel by its composition and is produced from the oil and fat as well but by 

hydrodeoxygenation reaction to create renewable diesel and its by-products propane, water, and 

carbon dioxide. (Knothe, 2009) To put it simply, both fuel types are based on biomass but they 

differ from each other by the production methods. Renewable diesel does not require blending 

with petroleum diesel as biodiesel does. Thus, biodiesel is mostly used only as an additive to 

petroleum diesel. (U.S. Energy Information Administration, 2020) Renewable diesel can be 
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compatible with traditional petroleum diesel and be used interchangeably, which makes it very 

attractive (Knothe, 2009). 

 

Renewable diesel can be seen as a real competitor and substitute for petroleum diesel since its 

capability to meet diesel standards regarding the cetane and density, with similar net heating 

value and cleaner combustion. (Bezergianni & Dimitriadis, 2013) Additionally, renewable 

diesel is low sulphur fuel, causing low GHG emissions (Simacek, Kubicka, Sebor & Pospisil, 

2009). Renewable diesel besides other biofuel solutions is becoming a permanent energy source 

for transportation, bringing sustainability and economic growth (Bezergianni & Dimitriadis, 

2013). The usage of renewable energy sources in transportation has been increasing and is 

currently around 10% of all energy in transportation. These energy sources are in the core 

regarding the solutions to mitigate fossil fuel emissions and reach the goals for a carbon-neutral 

climate. (European Environment Agency, 2021) Although renewable diesel can be produced 

from several types of feedstock (Bezergianni & Dimitriadis, 2013), however, Knothe (2009) 

also notes that a limited amount of feedstock availability will pose a challenge to satisfy the 

demand and remains an issue. The final optimization tool pre-studied by this thesis addresses 

the feedstock issue by investigating the optimization solutions for supply chain planning in a 

changing market environment and feedstock availability. 

 

2.2 Supply chain framework 

 

The sample supply chain network uses various kinds of raw materials to be refined into a 

number of products, mainly renewable diesel. The refining takes place in refineries, to which 

raw materials can be sent directly from storage locations or via pretreatment units. After the 

refining activities, these finished goods can be stored in various locations or sent directly to the 

customer via the underlying network. The sample renewable business consists of raw material 

purchasing and sales that are independently committing deals with suppliers and customers. 

Thus, committed volumes may have a difference in supply and demand markets. However, in 

addition to committed volumes, market-specific open-to-volumes can be utilized to 

complement the currently committed volumes. Figure 2 illustrates the scale model of the sample 

supply chain network. 
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Figure 2. Scale model of the sample supply chain network 

 

The sample supply chain network consists of supply markets, various kinds of internal nodes, 

and sales markets but due to the outlining nature of this work, the internal nodes considered to 

network modelling are restricted to be as follows: 

 

• raw material aggregation locations 

• raw material inventory locations 

• pretreatment units 

• refineries 

• product inventory locations 

• product distribution locations. 

 

Therefore, internal nodes can pass through, store and refine materials and products. Supply 

markets can send raw materials and demand markets can receive products. 

 

Since the number of different raw materials is large and the pricing of products is affected by 

local authorities and dependent on the origin of the raw material, it is essential to retain the raw 

material information along the product to be sold to the customer. In addition to the authority 

requirements, certain customers can have their own raw material requirements. Consequently, 
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all materials to be carried on the supply chain network involve criteria that describe the type of 

raw material and sustainability information. By means of criteria information, the products can 

be allocated to demand markets correctly with the criteria acceptance of different markets and 

are crucial in order to receive the premium price of the product. Criteria can cause shortages on 

renewable fuel availability for specific demand markets. Initially, in this research, the materials 

are handled criteria-wise to model the network flows of materials and finished goods.  

 

Refining raw materials into renewable fuels includes various steps and outcomes of various by-

products. Nevertheless, in this research, the refineries are covered by refining raw materials 

only to a renewable diesel with a certain yield given to the renewable diesel production of that 

refinery. The refinery can process a limited amount of impurities that are subject to raw 

materials used and this causes limitations for a mixture of different raw materials. Naturally, 

refining has a maximum capacity as well and these capacities may pose a bottleneck of the total 

flow of the supply chain. 

 

2.3 Supply chain planning process 

 

The supply chain planning is executed in two cycles, long-term Sales and Operations Planning 

and short-term Sales and Operations Execution. S&OP focuses more on tactical level planning, 

from three to twenty-four months (Gartner, 2019), while S&OE is essentially a process that 

weekly aligns the operations execution and financials (Gartner, 2021). Clearly, the objectives 

of these two cycles differ. The S&OP creates a baseline for S&OE, which is then created 

according to the S&OP and other supply chain information. The S&OE is a continuous process 

and can be updated daily according to new given data regarding sales and supply deals. That 

said, supply and sales deal changes are the main drivers for S&OE plan update and plan re-
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optimization. Figure 3 presents a high-level illustration of the S&OP and S&OE cycles, and the 

interaction. 

 
Figure 3. Supply chain planning and execution cycles 

 

On an operative level, the committed volumes are modified to advocate the best available 

market information at the moment for planning purposes. The S&OE process fundamentally 

aims to adjust decisions accordingly so that desired consequences are achieved. The main key 

performance indicator (KPI) for the adequacy of the plan is gross margin. To maintain an 

optimal solution in a fast-paced environment and according to KPIs requires an optimization 

tool to support the decision making in order to obtain optimal financial outcome and to observe 

the difference in gross margin between different planning decisions. 

 

2.4 Optimization objectives 

 

The main purpose of the optimization tool is to support the S&OE level planning and decision-

making on whether the changes should be applied to the current S&OE plan and how. The 

optimization tool itself is required to maximize the gross margin, that is, maximizing revenue 

by selling as much as possible to the markets with the highest product prices but on the other 

hand, minimizing the purchase prices of raw materials and transportation costs. Warehousing 

costs are excluded. 
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Besides maximizing the gross margin within a given market and network information, the 

changes compared to the reference plan are desired to be minimized. This can mean the changes 

compared to the S&OP, for which the S&OE plan is essentially based on, or current, possibly 

priorly optimized S&OE plan, where new changes are required to be applied. This additional 

objective is aiming to ensure that the optimization tool is trying to search for the new optimum 

plan around the current one with relatively low changes rather than offering a completely novel 

plan for decision maker’s inconvenience. 

 

The third objective relates to scenario analysis between different plans. When the optimum plan 

is found, it is reasonable to analyze to which extent the plan has changed and why. Therefore, 

causes behind the new optimum value are desired to be visualized and allow the decision maker 

to explore the changes between the reference plan and optimum plan more carefully. To have 

a better understanding of the analysis requirements, a semi-structured interview is conducted. 
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3 SCENARIO ANALYSIS 
 

To elaborate on the challenges of S&OP and to gather the further analysis requirements for 

S&OE, a semi-structured interview was conducted for all three supply chain planners in S&OP 

and S&OE, to have an overview of the as-is S&OP and its challenges to be overcome for the 

to-be S&OE optimization. In this chapter, the results of the interviews are presented. To secure 

the identification of interviewees, the results are presented as compiled chapters. The 

questionnaire consists of two main themes. The first two questions concentrate on the S&OP 

optimization, the challenges on it, and the desired information and visibility in S&OP 

optimization or supply chain in general. The answers to the first two questions are summarized 

in the first subchapter. The other two questions concentrate on the S&OE process focusing on 

optimization solution requirements from a shorter horizon planning perspective and 

additionally, identifying what kind of analysis is needed for comprehensive S&OE planning. 

The answers to these questions are in turn presented in the second subchapter. The questions of 

the semi-structured interview are listed in Appendix 1. 

 

3.1 S&OP optimization 

 

S&OP questionnaire aims to gain a deeper understanding of the current situation of the 

optimization and how well the current solution method satisfies business needs. This arises 

from the fact that if the S&OP optimization tool satisfies the business needs well, the S&OP 

optimization tool could be used as a sample for S&OE optimization, adding more detailed level 

variables and constraints to achieve sufficient results for the S&OE process with lower research 

and effort. Hence, the questionnaire also performs the validation of the research objective. 

 

The challenges in S&OP optimization tool were strongly related to the analysis of the 

optimization results to comprehend the overview of the plan. It was recognized that the current 

S&OP optimization solution does not provide enough information to see the paths of the 

optimized supply chain plan, which roots to an ability to see the supply chain volumes, which 

path the volumes are transported from origin to destination, and how much capacity is left to 

be filled with additional volume within that path. The lack of this information also restricts the 

capability to identify bottlenecks of the supply chain in the optimal plan and to weigh different 
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options to fill the gaps in supply and demand. Consequently, the interpretability of the 

optimization result is desired to be enhanced, to give more visibility to see the decisions of the 

tool at a level of a whole supply chain and give thus more freedom to the decision maker to 

adjust the volumes of the plan. Currently, the plan output is more or less a black box and the 

plan is accepted and implemented as given. This complicates S&OP plan reporting to 

stakeholders, to justify the changes in the plan and give detailed information about volume 

changes in different markets. 

 

In the interviews, a need for better visualizations to understand the overview of the plan and the 

changes between the scenarios were identified. To present the connectivity of nodes in form of 

a network structure to observe the volumes and profitability was desired. This would enable 

approachable optimization results and to understand the impact of different variables and 

parameters in the supply chain. This requirement implies a capability to analyze relevant things 

quickly and see the affections of different parameters to the optimum plan to support the 

decision making and transparent stakeholder communication. Considering the size of the real-

world supply chain, this expands for a large list of parameters and variables that requires a 

method to discover and highlight the main impacts that have been affecting the final plan. Also, 

a better comparison between the scenarios was desired, to observe the changes between the 

former and the current plan. 

 

3.2 Tracking and analysis requirements for S&OE process 

 

The identified challenges in S&OP optimization were strongly related to visualizing the 

overview of the plan and the overall analysis to have a better understanding of the decisions 

behind the results. The results were as anticipated. Nevertheless, the requirements for the S&OE 

optimization tool regarding the shorter horizon planning and the analysis requirements for a 

comprehensive S&OE planning were investigated in the interview as well, to strengthen the 

requirement for a novel optimization approach to cover the identified issues. 

 

The time frame of the S&OE planning differs from the S&OP, which also affects the analysis 

requirements. Due to the nature of S&OE being a continuous process, the role of the 

optimization tool as decision support is more emphasized. The output of the S&OE optimization 
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is more in a supporting position to offer profitable plan changes as the plan is already being 

executed simultaneously with optimization. Thus, the optimum plan cannot be executed 

completely, but guiding the decision maker in a changing market environment. This also traces 

back to another additional requirement for the final optimization tool of S&OE, to minimize 

the changes in the plan optimization due to the overlapping of planning and execution.  

 

As the changes made to the plan during the continuous S&OE process can pose risks, the 

decision maker wants to truly understand the reasons behind the output of the optimization tool 

and its affection to the financial outcome, to estimate the necessity of the potential change. In 

the interviews, it was noted that explanations for the plan changes do not necessarily mean 

comprehensive understanding of the algorithmic procedures of the tool, but more emphasizing 

network visualizations to support the decision making and communication to stakeholders, to 

explain the reasons behind the volume changes, for example. However, the data structures and 

network flow characteristics of the solution methods may be utilized in enhancing the 

background knowledge of plan changes, which is a matter of analysis produced by analysts. 

The number of changes can increase a lot due to occasional larger market changes, and this 

causes a need to quickly identify the main changes in the plan, and to which extent the plan had 

to change to achieve this financial outcome. 

 

From another point of analysis, to quickly detect the bottlenecks and possibilities for plan 

adjustments, are the constraints. This can be presented with analysis to describe the factors for 

volume changes. For example, when some impurity constrains a refinery and therefore 

constrains a specific market area, decision maker wants to compare the impurities to the other 

refineries and the constraints, to make possible switches or raw material adjustments and to fine 

down the volumes for better correspondence with the demand. Furthermore, if different 

scenario inputs are given to the tool, scenario analysis with scenario changes are required, and 

if raw materials and demand volumes are changed, how this affects the profitability. 

 

All in all, the requirements of the S&OE optimization tool cannot be fulfilled with the S&OP 

optimization solution method. The interview revealed a correlation with requirements of S&OE 

analysis and already identified challenges in S&OP and hence, the need for a novel approach 

regarding supply chain optimization in the company is valid. In effect, the analysis requirements 
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have clear common characteristics, and the creation of metrics based on S&OE analysis 

requirements may support both of the supply chain planning cycles in the long run. Table 1 

constructs the final results of the interviews regarding the analysis requirements. More or less, 

all the requirements appeared in both cycles with slight differences in emphasis and criticality. 

 
Table 1. Currently unsatisfied analysis requirements for the optimization tool 

Requirement Description 

Overview of the plan,  

Scenario analysis 

To what extent the plan has changed? 

What volumes have changed and how much? 

Overview of constraint 

occupancy 

How much additional capacity is left? 

Which arc or node presents the bottleneck of a path? 

Connectivity of volumes 

and profitability 

What prices cause the change? 

How changes affect profitability? 

Why is some market or path chosen over another? 
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4 NETWORK FLOWS 
 

The supply chain operated by the case company is a network as discussed earlier and shown in 

Figure 2. Networks and related mathematical concepts are a topic of continuous research. This 

chapter discusses the relevant literature on networks and their model formulation.  

 

Networks can be found in our everyday life, from telecommunications, railways, 

manufacturing, and distribution to the planning of work shifts. Network flows essentially model 

movements of entities, such as electricity, product, message, or a person from a point to another 

in an underlying network. These flows of movements are desired to be executed in the most 

efficient, optimum manner. The most common research questions for network flow problems 

can be: 

 

• Shortest path problem. What is the best way to travel from one point to another as 

cheaply or quickly as possible? 

•  Maximum flow problem. How to send as much flow as possible between points with 

given resource capacities? 

• Minimum cost flow problem. What is the best way in terms of the minimum possible 

cost to send units from origin points to destination points with given resource capacities 

and flow unit costs? (Ahuja, Magnanti & Orlin, 1993) 

 

Network flow theory itself has started to form already in the early 1950’s, when Flood, Ford 

and Fulkerson in 1954 and Hoffman and Kuhn in 1956 developed the connections of network 

flow theory to the graph theory, which has more recently led to combinatorial optimization 

(Dantzig, 2002). Networks and network optimization relate to the graph theory, firstly presented 

by Euler to solve Seven Bridges of Konigsberg problem already in the 18th century (Bondy & 

Murty, 1976; Euler, 1741). Graph theory and network optimization can be therefore utilized to 

solve combinatorial problems in an underlying, modelled network (Bertsimas & Tsitsiklis, 

1997). These problems consist of network problems such as shortest path, maximum flow, 

minimum cost, assignment, and transportation (Ahuja et. al, 1993). Given that, supply chain 

problems can be modelled and solved using networks as well. 
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According to Ahuja et. al. (1993), the most fundamental of all network problems is minimum 

cost flow problem and thus, minimum cost flow problem is described in more detail in this 

chapter, and examples are presented through minimum cost flow problem. Also, noting that the 

supply chain problem of the company includes both flow unit costs and resource capacities, this 

problem type can be stated as the initial approach.  

 

Essentially, minimum cost flow problems are about sending units with minimum possible costs 

through the network, with given supply and demand nodes, to satisfy the demand. To 

demonstrate the minimum cost flow problem in a mathematical model level using basic graph 

network notations, let 𝐺 = (𝑁, 𝐴) be a directed network defined by a set 𝑁 of 𝑛 nodes and a set 

𝐴 of 𝑚 directed arcs. Each arc (𝑖, 𝑗 ∈ 𝐴) has an associated cost 𝑐!" denoting the cost per unit 

flow on that arc, capacity 𝑢!" denoting the maximum amount of units and lower bound 𝑙!" 

denoting the minimum amount of units to flow on that arc. In the minimum cost flow problem, 

the cost of flow is assumed to be linear with the amount of flow. Each node 𝑖 ∈ 𝑁 has associated 

supply or demand, described as integer number 𝑏!. Supply nodes receive positive values, that 

is, 𝑏! > 0 and similarly, demand nodes receive negative values, 𝑏! < 0. Nodes, which are 

neither supply nor demand nodes but rather to flow units through a network, namely 

transshipment nodes, 𝑏! = 0. The decision variable 𝑥!" represents the actual number in 

minimum cost flow problem to be decided, the amount of flow on each arc. Figure 4 illustrates 

the 𝑥!" amount of flow from supply node 𝑖 to demand node 𝑗, having unit flow cost 𝑐!" 	and 

including the initial supply and demand of the nodes. 

 
 

 
Figure 4. Minimum cost network flow 
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With given arc and node information, the minimum cost flow problem can be formulated as 

follows: 

 

min∑ 𝑐!" 𝑥!"!"∈$     (1) 

 

subject to 

 

∑ 𝑥!"!"∈$ 	− ∑ 𝑥"! = 𝑏!"!∈$ ,  ∀	𝑖 ∈ 𝑁,  (2) 

 

𝑙!" ≤ 𝑥!" ≤ 𝑢!"   ∀	𝑖𝑗 ∈ 𝐴,  (3) 

 

where ∑ 𝑏!%
!&' = 0. Constraint (2) is referred to as flow balance constraint, which states that 

the flow entering the node 𝑖 and flow leaving the node 𝑖 equals the supply or demand of that 

node. Additionally, constraint (3) is referred to as flow bound constraint, stating that the flow 

between nodes must follow the lower bound and capacity constraint. Generally, lower bound 

equals zero and capacity constraint refers to physical entity restrictions on that arc. (Ahuja et 

al., 1993) 

 

The shortest path problem is sort of a simplification of the minimum cost flow problem. For 

the shortest path problem, the shortest path is desired to be found from source node 𝑠 to sink 

node 𝑡 in underlying network, where each arc has a length 𝑐!". Arc length can also indicate the 

arc cost or time taken traverse, for instance. The shortest path can model situations, where 1 

unit of flow is sent from source to sink or flow of the network is uncapacitated. In other 

words, the clearest difference to minimum cost flow problems are the unrestricted capacity 

and clearly defined source and sink nodes, for which the shortest path is desired to be found. 

In contrast to the shortest path problem, maximum flow problem emphasizes the arc 

capacities, but flow cost does not incur. For the maximum flow problem, the maximum flow 

from source node 𝑠 to sink node 𝑡 is desired to be found per time unit, given that every arc has 

capacity upper bound 𝑢!". Other network problems specialized from minimum cost flow 

problem are: 
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• Assignment problem 

• Transportation problem 

• Circulation problem 

• Convex cost flow problem 

• Generalized flow problem 

• Multicommodity flow problem (Ahuja et al, 1993) 

 

As described in chapter 2, the case company network has some special features that did not 

manifest in an ordinary minimum cost flow problem. Therefore, later in this chapter, more 

specialized networks are presented to cover the different aspects of the network flow problem 

of the study. 
 

4.1 Generalized network flow 

 

An ordinary network flow problem assumes, that the flow leaving the node 𝑖 equals the flow 

arriving to the node 𝑗, assuming a lossless network. However, in the real-world network flow 

applications such as electrical power networks with voltage drops, leaky water pipeline flow 

networks, perishable commodity transportation networks and financial management systems to 

model profitability of investments, are generalized network flows, in which arcs of the network 

can lose, gain or remain the flow. (Kennington & Lewis, 2009; Sojoudi, Fattahi & Lavaei, 2018) 

Figure 5 illustrates generalized network flow arcs with loss of 0,9 in all the arcs. Hence, only 

90% of the flow from node 𝑖 is received at node 𝑗. In this case with three nodes and two arcs, 

the destination node would receive 81% of the amount of origin node. 

 

 
Figure 5. Generalized network flow 

 

The company network includes refineries to refine the materials to an end product, using 

specific yields to illustrate the refining ratio between renewable fuel and other residuals. The 

generalized network flow model characterizes this supply chain network model due to its 
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refining activities. In the supply chain network, refining poses always a loss instead of a gain. 

However, most of the arcs, which leave or arrive at supply, demand, or transshipment nodes, 

remain the flow. 

 

To formulate the standard generalized network flow model, a multiplier 𝛾!" is added for the arc 

𝑖 to 𝑗 to demonstrate that when 𝑥!" amount of commodity is sent from 𝑖, 𝛾!"𝑥!" amount of 

commodity is received at node 𝑗. If an arc is remaining the flow instead of gain or loss, 

multiplier equals 1. The flow balance constraint and flow bound constraint formulations of 

generalized network flow can be presented as follows: 

 

∑ 𝑥!"!"∈$ 	− ∑ 𝛾!" 𝑥"! ≤ 𝑏!"!∈$ ,  ∀	𝑖 ∈ 𝑁,  (4) 

 

0 ≤ 𝑥!" ≤ 𝑢!"   ∀	𝑖𝑗 ∈ 𝐴,  (5) 

 

where 1 < 𝛾!" < ∞ indicates arc with gain, and 0 < 𝛾!" < 1 on the other hand, indicates lossy 

arc. Since the amount of supply sent from node 𝑖 might differ from received amount at node 𝑗, 

an inequality constraint is added (4). (Ishimatsu, 2013) 

 

4.2 Multicommodity network flow 

 

Multicommodity network flow problem, which was first presented by Ford and Fulkerson 

(1958) and Hu (1963), is a network, in which multiple commodities are transferred from source 

nodes to destination nodes. Compared to single commodity network flow, multicommodity 

network flow consists of multiple independent single commodity network flow problems with 

capacity constraints for all the flows within a single arc (Wang, 2003). Multicommodity 

network flow is a network approach to solve especially the distribution of multiple products, 

telecommunication networks, or airplanes in an airline flight network, for instance. Each 

commodity can be described as a good to be transferred from a set of origin nodes to a set of 

destination nodes. These commodities are unique, that is, not interchangeable due to 

characteristic differences of commodities. Each arc of the network has only one capacity 

constraint, and the objective is to flow multiple commodities over the network restricted by 
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given arc capacity constraints. Moreover, if a certain commodity is assigned to use only one 

path to be transferred from origin to a destination, the multicommodity network flow problem 

extends to integer multicommodity network flow problem with binary constraints. (Salimifard 

& Bigharaz, 2020; Barnhart, Krishnan & Vance, 2009) Figure 6 illustrates the multicommodity 

network flow, in which two different raw materials are entering the network from different 

destinations, to be combined at one node and transported to the destination with one arc 

capacity. 

 

 
Figure 6. Multicommodity network flow 

 

According to the company market criteria acceptance, each market can have individual 

requirements in terms of the origin of the feedstock. To allocate all the criteria acceptances 

correctly according to the demand, multicommodity network flow could be applied to model 

the market-specific demand requirements in a supply chain network with given origin nodes, 

destination nodes, and arcs to flow each feedstock criteria but with common flow capacities. 

 

The formulations of the multicommodity network flow problems are based on node-arc 

formulation or the arc-path formulation. For example, the node-arc formulation is presented for 

commodity 𝑘 to be sourced from one source node and destined in one destination node. Let 𝐺 

= (𝑁, 𝐴) be a network 𝐺 with a set of nodes N and arcs A. Let K be a set of k commodities and 

𝑥 be a decision variable, where 𝑥!"(  is the fraction of the total quantity 𝑞( of certain commodity 

k for an arc 𝑖𝑗. If the problem would be described as integer multicommodity network flow 

problem, the allowance of commodity 𝑘 to enter the arc 𝑖𝑗 is a binary. The node-arc formulation 

for multicommodity network flow can be presented as follows: 
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min∑ ∑ 𝑐!"(𝑞
( 𝑥!"(!"∈$(∈)     (6) 

 

subject to 

∑ 𝑥!"(!"∈$ 	− ∑ 𝑥"!( = 𝑏!("!∈$ ,  ∀	𝑖 ∈ 𝑁, ∀	𝑘 ∈ 𝐾, (7) 

 

∑ 𝑞( 𝑥!"((∈) ≤ 𝑑!" ,   ∀	𝑖𝑗	 ∈ 𝐴,  (8) 

 

𝑥!"( ≥ 0,   ∀	𝑖𝑗 ∈ 𝐴, ∀	𝑘 ∈ 𝐾, (9) 

  

where 𝑐!"( is the cost of the commodity for the arc 𝑖𝑗. Supply of commodity 𝑘 from node 𝑖 equals 

1 if node 𝑖 is the origin node of the commodity k, and -1 if node 𝑖 is the destination node of the 

commodity k, and otherwise 0 (7). Arc 𝑖𝑗 has capacity 𝑑!" for all arcs 𝑖𝑗 ∈ 𝐴 (8). (Barnhart et 

al., 2009) This constraint is called a bundle constraint, where commodities share the same arc 

capacity, that the total flow of commodities cannot exceed (Ahuja et al., 1993). 

 

4.3 Manufacturing network flow 

 

Due to the renewable fuel refining activities, the plain network flow has limitations to refine 

many raw materials to one renewable fuel product with given refining yields. Fang and Qi 

(2003) presented a generalized network flow called manufacturing network flow with 6 

different node types for modelling the production of multiple materials to one product and vice 

versa, one material to multiple products. The model is based on the restriction regarding the 

multiple commodities to be manufactured, that only one kind of commodity can flow within 

each arc and different commodities have their own arcs in use. The key distinguishing property 

of such a model besides the assembling operations is to model the inventory nodes as well, 

which are included in the supply chain network described in chapter 2.1. 

 

According to Fang and Qi (2003), manufacturing network flow for multiple raw materials to 

be assembled to one product can be divided into the following set of nodes: 
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• Ordinary O-nodes for transportation to flow one material or product through the node 

• S-nodes as source nodes for each raw material to be entered to the network 

• T-nodes as termination nodes for the destination of each product 

• I-nodes as intermediate nodes for each in-process material or semi product, in which 

the in-flow and out-flow can differ 

• D-nodes as distillation nodes for distilling one material to many products 

proportionally 

• C-nodes as combination nodes for adding proportional in-flow raw materials to one 

arc of output product. 

 

In terms of the company network characteristics, I-nodes and C-nodes need to be taken into 

further consideration due to inventory and refining activities of the company. Fang and Qi 

(2003) models entering nodes to node 𝑖 as 

 

𝐸(𝑖) ∶= 	 {𝑗 ∈ 𝑁: (𝑗, 𝑖) ∈ 𝐴},   (10) 

 

and leaving nodes from 𝑖 as 

 

𝐿(𝑖) ∶= 	 {𝑗 ∈ 𝑁: (𝑖, 𝑗) ∈ 𝐴}.   (11) 

 

I-nodes can be described as company inventory nodes, in which material or products can be 

stored or drawn. In a network 𝐺 = (𝑁, 𝐴), where 𝑁* is the set of all I-nodes, for each 𝑖 ∈ 𝑁*, 

 

∑ 𝑥"!"∈+(!) = 	𝑥! 	+ ∑ 𝑥!""∈.(!) ,  𝑙! ≤ 𝑥! ≤ 𝑢!,∀	𝑖 ∈ 𝑁*, (12) 

 

where 𝑙! ≤ 0 and 𝑢! ≥ 0. If 𝑥! > 0, flow is stored for later usage and if 𝑥! < 0, previously 

stored flow is now taken into use.  Lower and upper bounds of inventory, namely 𝑙! and 𝑢!, 

indicates the stock levels to be drawn or residual capacity to be increased. (Fang & Qi, 2003) 

Figure 7 illustrates the I-node in both scenarios. 
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Figure 7. Inventory principle 

     

C-nodes combine multiple arcs with different raw materials with fixed ratios into an end 

product. Let 𝑁/ be the set of all C-nodes. For each 𝑖 ∈ 𝑁/, 

 

𝐿(𝑖) = {𝑖∗}     (13) 

 

and 

 

𝑥"! = ℎ"!𝑥!!∗,   ∀	𝑗	 ∈ 𝐸(𝑖),  (14) 

 

where ℎ"!is a positive real number. (Fang & Qi, 2003) Figure 8 illustrates the C-node with 

entering nodes and one leaving node.  

 

 
Figure 8. Assembly principle 

 

With C-nodes and ratios, the refining can be modelled linearly, combining the proportion of 

materials according to refinery yield. Additionally, this approach allows yield to appear on one 

arc only per refinery on 𝑖𝑖∗, making the model more scalable for changes in refinery yields, 

compared to yielding the raw materials on each arc 𝑖𝐶.  
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In this chapter, the most relevant optimization models from a modelling perspective were 

discussed, with their corresponding differences and similarities to the problem. Clearly, the 

supply chain problem operated by the case company follows the modelling approaches of a 

canonical manufacturing network flow problem due to the material combining refinement 

activities and inventorying activities. Next, obtaining optimal solutions from a network 

formulated supply chain is discussed.  
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5 SOLUTION METHODS 
 

The objective function of a specific problem can be formulated often as minimizing or 

maximizing the objective with given values and considering the constraints of the problem. If 

the objective function is a linear function of the variables and the constraints are presented as 

equalities or inequalities of the variables, the problem is a linear programming problem. 

(Cormen, Leiserson, Rivest & Stein, 2009) For maximizing the profit in accordance with the 

original optimization objective, a computational algorithm for problem-solving needs to be 

chosen. In this chapter, a short introduction to linear programming and network graph 

algorithms is given, and the most reckoned algorithms for solving the supply chain problem of 

the case company within network flows are presented. 

 

Essentially, an algorithm is a computational procedure consisting of a sequence of 

computational steps to transform the input values into output values. (Cormen et. al., 2009). 

Linear programming was initially discovered by Dantzig (Hu & Kahng, 2016) already back in 

1947 when he also introduced the simplex algorithm to solve linear programs for larger scale 

problems in enterprise-level decision making (Dantzig, 1990). This method still creates the base 

of practical operations research and has led to a great number of specializations and 

generalizations. The importance of the method is its wide range of applications, which were 

firstly real-world problems by oil and chemical companies to optimize a mix of products from 

multiple sources and sites. Also, transportation and logistics were noticed as one of the early 

application areas for the standard LP formulation. (Nash, 2000) 

 

Consider a standard LP problem in canonical form: 

 

min 𝑧 = 𝑐𝑥     (15) 

 

subject to 

 

𝐴𝑥	 ≤ 𝑏     (16) 

 

𝑥 ≥ 0,     (17) 
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where 𝑥 represents the decision variables, 𝑐 and 𝑏 are coefficient vectors and 𝐴 represents the 

𝑚	 × 𝑛	coefficient matrix of 𝑚 non-negative constraints and 𝑛 variables. (Hu & Kahng, 2016; 

Ishimatsu, 2013) 

  

According to the above formulation, 𝑚 inequalities together with the non-negativity constraints 

of 𝑥 form a convex feasible region, in which every point satisfies the problem constraints. (Hu 

& Kahng, 2016) Intuitively, the initial starting point could be for example (0,0), and then 

moving to the direction of the fastest increase, until the edge of the half-plane is found, namely 

constraint. Then, by traversing along the edge, the optimal solution can be obtained. (Vanderbei, 

2020) As per standard linear programming by linear optimization practices, an optimality 

always corresponds to a corner point in the feasible region. Similarly, the original simplex 

method initiates from (0,0) and moves from vertex to adjacent vertex and in that way visits the 

vertices to improve the objective value until the optimal vertex is reached (Dantzig, 2002). In 

Figure 9, a polytope of problem with 2 variables and 5 inequality constraints is presented. 

 

 
Figure 9. Feasible region and maximization objective function, variables on axis 

 

In Figure 9, the feasible region is presented as the colored area, which is delimited by constraint 

inequalities. The objective function of the problem is presented by the black line inside the 

feasible region, and the arrow indicates the direction of the optimization. The LP algorithm 

finds the objective value from the vertex of the polytope, in which the objective function has 

the most favorable value in terms of direction (minimization or maximization).  
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Considering the standard linear programming practices, this means that in a supply chain 

problem that is solved with LP, the decision variables describe nodes that would be optimized 

against their constraints. In a network flow model in turn, the decision variables are switched 

to the arcs between the nodes to optimize the movements of entities. (Ahuja et. al, 1993) 

 

The company network is massive in terms of suppliers, inventory locations, refineries, and 

product distribution locations, which requires algorithmic problem-solving to efficiently find 

the optimal plan. Furthermore, the ultimate goal of the optimization tool is to optimize the 

S&OE plan in a changing market environment, which means that it is desired to be run rather 

constantly, to efficiently achieve a new profitable plan with new given volumes and prices. The 

computational complexity of the simplex algorithm is dependent on the required number of 

iterations, as every iterative algorithm. Arithmetically, the simplex takes exponential time in 

the worst case and has shown to be slow in some large scale problems and problems that include 

combinatorial constraints. (Ping-Qi, 2014) Therefore, network graph algorithms are 

investigated more carefully in this research for a better efficiency compared to the standard LP 

methods. 

 

Network flows can be characterized as a subspecies of general mathematical programming, 

differing with specialty to determine the constraints of variables by topological properties of a 

graph, from which the objective functions can be separated. Network form can be therefore 

employed to utilize graph theory and to be solved as a combinatorial-mathematical problem. 

By utilizing these special features, large network formulated problems can generally be solved 

efficiently, whereas general mathematical programming problems with the same scale may be 

difficult and time-consuming to solve. In a linear network flow problem, all the node and arc 

functions are linear. By utilizing the special features of networks, more efficient solutions 

methods can be implemented compared to the standard linear programming algorithms. 

(Masao, 1969) However, according to Ahuja et. al. (1993), graph-theoretic structure can be 

utilized in the LP simplex method as well to perform computations on the actual network. The 

simplex method can be applied to network flow problems and with network special properties 

implementation, a network simplex algorithm to the network flow problems is significantly 

faster than the original simplex method algorithm. This gives an insight on the power of 

algorithms that operate on a graph structured network. (Vanderbei, 2014) 
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5.1 Computational complexity 

 

To evaluate algorithms the required arithmetic, the amount of storage, numerical stability, and 

difficulty for programming is considered. Also, the problem size has significance. The larger 

the problem is, the higher the general complexity is, and more time and storage are required. 

However, to reasonably compare the algorithms, the complexity analysis of one algorithm must 

be done with a fixed problem size. (Ping-Qi, 2014) 

 

The algorithm requires resources to be executed and it may be required to run many kinds of 

data instances. The algorithm executes the procedures step by step to solve the problem. 

Typically, the steps of an algorithm are the assignment steps to assign a value to a variable, 

arithmetic steps to execute the calculus, and logical steps for example to compare the values. 

(Ahuja et. al., 1993) To compare the algorithms for solving a problem, computational 

complexity is used to understand how the algorithm scales up as the size of input increases. 

Computational problems, which can have different mathematical statements, are said to be in 

the same equivalence class if the problems can be reduced to each other by a sequence of 

computational steps. The computational complexity is thus a quantity measuring the 

computational effort taken to solve the problem set. (Dantzig, 2002) Although the efficiency of 

an algorithm is defined by the number of steps taken, some data instances might be harder to 

execute for the algorithm than others to produce the solution. For this computational analysis, 

different approaches have been raised to measure the efficiency of algorithms. (Ahuja et. al., 

1993) 

 

In most cases as in this research, we are interested in the worst-case scenario of the algorithms, 

denoted by Big O notation or just as an O. That is, the function of the problem size defined by 

the maximum number of steps taken to reach a certain solution precision. (Ping-Qi, 2014) The 

function specifies the largest possible number of steps for any size of given instance, which 

means the growth rate of the solution time while the size of the problem increases. In a small 

problem set of data, the computational resources or maximum number of steps of a certain 

algorithm will not have a big difference in the actual computation, however, operating with a 

large company data and big number of inputs, the scalability and efficiency of an algorithm 

becomes more remarkable. (Ahuja et. al., 1993) For example, a non-polynomial algorithm in 
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the worst case requires an exponential number of steps (Dantzig, 2002). Table 2 illustrates the 

distinction between growth rates of polynomial and exponential functions in problem size 𝑛. 

 
Table 2. Growth rates of different functions 

𝒏 𝒍𝒐𝒈	𝒏 𝒏𝟐 𝒏𝟑 𝟐𝒏 𝒏! 

10 3.32 104 105 105 3,6 × 106 

100 6.64 107 106 1.27 × 1058 9.33 × 10'9: 

1000 9.97 106 10; 1.07 × 1058' 4.02 × 10496: 

10	000 13.29 10< 10'4 0.99 × 1058'8 2.85 × 105969; 

  

Hence, the polynomial-time algorithms are preferred over exponential time algorithms. The 

polynomial time algorithms are presumably superior to any algorithm with exponential time 

since their growth rate surges as the problem size increases. 

 

5.2 Fundamentals of network graph algorithms 

 

As said, combinatorial network flow algorithms use the graph logic to benefit from it to find 

the optimal solution efficiently. In this subchapter, the fundamentals of network graph 

algorithms are described to give insight on the algorithmic basic laws and functionalities.  

 

Since the supply chain problem is acyclic, that is, contains no paths to return to the prior node 

at the path, it forms a tree. This tree is called spanning tree, that spans the graph starting from 

the supply nodes. To determine the tree solutions, that can be for example determining the 

shortest route from supply node to demand node, are called minimum spanning trees. (Cormen 

et. al., 2009) 

 

Minimum spanning tree is a connected acyclic graph connecting all the nodes of network, 

having 𝑛 − 1 arcs in 𝑛-node graph 𝐺. Some graph algorithms maintain the spanning tree 

structure throughout the algorithm but switches between tree and nontree arcs to obtain the best 
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combination of visiting all the nodes (Korte & Vygen, 2012), which imitates the movements 

from vertex to adjacent vertex in a convex polytope. Figure 10 illustrates the network with 

minimum spanning tree structure, where solid lines present the tree arcs and dashed lines 

present nontree arcs. 

 

 
Figure 10. Minimum spanning tree 

 

While network algorithms operate on the underlying network, calculating the costs for each 

optional path to make the decision for the best available path to augment the flow in is 

necessary. The cost of each arc is calculated based on its incident nodes. These cost calculations 

are intermediate data of the algorithm computation to evaluate the best paths to augment the 

flow. These evaluations are covered with node potentials and reduced costs of arcs. Each node 

𝑖 ∈ 𝑁 carries a node potential 𝜋(𝑖) and for each arc, reduced cost 𝑐!"=  is defined as 

 

𝑐!"= = 𝑐!" − 𝜋(𝑖) + 𝜋(𝑗). (Ahuja et. al., 1993)  (18) 

 

Reduced costs can be consequently described as a true cost of moving a flow between nodes at 

a certain arc. For example, let’s suppose that we are purchasing and selling a product, and we 

want to know if a certain path is a profitable after purchase the product at 𝑖 with price of 𝜋(𝑖), 

transporting the product along the arc 𝑖𝑗 with transportation cost of 𝑐!" and selling the product 

at 𝑗 with price of 𝜋(𝑗). To make this profitable, the node potential of 𝑗 is desired to be greater 

than the cost of purchase and the cost of transportation in total, that is, 
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𝜋(𝑗) ≥ 𝑐!" + 𝜋(𝑖).    (19) 

 

Figure 11 illustrates the network flow problem with arc costs, supply, and demand of nodes to 

be sent from source nodes to destination nodes. Figure 12 illustrates the initially decided 

spanning tree with calculated node potentials and the reduced costs of nontree arcs, if this arc 

is chosen to augment the flow in. 

 

 
Figure 12. Feasible solution of the network flow problem 

 

With corresponding node potentials and reduced costs: 

 

𝜋(1) = 0  𝑐'5= = 	1 

𝜋(2) = 	−8  𝑐49= = 2 

𝜋(3) = 	−7  𝑐59= = 7 

𝜋(4) = 	−13 

𝜋(5) = 	−17 

 Figure 11. Network flow problem 
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5.3 Network flows: basic and polynomial algorithms 

 

Referring to the problem definition of the supply chain problem, the problem includes both 

capacity constraints and the arc costs. To begin with the network flow algorithms, the shortest 

path problems and maximum flow problems are the two essential problem areas of network 

flow problems. The former answers the questions on finding the best path among all the paths 

to transport the commodity, and the latter on finding the maximized flow with given capacity 

constraints. These two sub-questions form the minimum cost flow problem, that includes the 

basic ingredients of both shortest path problem, maximum flow problem and the algorithms. 

(Ahuja et. al., 1993) In other words, if both problems are solved in given network structure, 

maximum flow problem by the flow decisions, and shortest path problem with given network 

tensions, the solution network should become the same (Masao, 1969). Indeed, when problem 

complexity is increased to two parallel problems, the more inefficient the algorithms become. 

However, the minimum cost flow problem can still be solved tolerably efficiently. (Ahuja et. 

al., 1993) This subchapter covers the minimum cost flow problem algorithms to address the 

supply chain problem of the company and introduces the main solvers for the problem around 

network flows and combinatorial optimization.  

 

The shortest paths are generally solved based on the label-setting and label-correcting 

algorithms, by using the node potentials to characterize the potential length of achieving a node. 

The similar practices are used as well in minimum cost flow problems to find the best paths to 

augment the flow according to distances. Many of the minimum cost flow solution methods 

sequentially solve the shortest path problem, to augment the flow similarly to maximum flow 

problems, by seeking the augmentation of the residual capacity and minimum capacity of the 

path to obtain the maximum flow of that path. This subchapter and the algorithms summarized 

in it, are presented according to the book by Ahuja et. al. (1993). 

 

The basic network algorithms of the minimum cost flow problem consist of four different main 

variations. The cycle-canceling algorithm, presented by Klein (1967), is specifically developed 

for identifying the negative cycles to prevent infinite loops and it computes shortest paths to 

find augmenting cycles with negative flow costs. The algorithm augments flow along these 

cycles and iteratively repeats these shortest path computations for detecting negative cycles. 
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The successive shortest path, developed independently by Jewell (1958), Iri (1960), Busaker 

and Gowen (1961), augments the flow gradually to fill the capacities, each time computing the 

shortest path among the paths with available capacity. The primal-dual algorithm, developed 

by Ford and Fulkerson (1957) and out-of-kilter algorithm, developed by Minty (1960) and 

Fulkerson (1961), use a similar algorithmic strategy to solve the minimum cost flow problem. 

These algorithms iteratively solve the shortest path problem and augment the flow on the 

shortest path. However, the primal-dual algorithm computes maximum flow to augment flow 

simultaneously along several shortest paths. The out-of-kilter algorithm in turn allows arc flow 

violations regarding the flow bounds and computes shortest paths to find flows that satisfy both 

the flow bounds and the cost and capacity-based optimality conditions. 

 

These algorithms address the diversity of minimum cost flow problems and how broadly the 

shortest path algorithms can be utilized in solving the minimum cost problem. The covered 

algorithms have efficiency of pseudopolynomial-time for integer data problems. The summary 

of the algorithms and their worst-case time, big O, are illustrated in Appendix 2, where 𝑛 is 

number of nodes, 𝑚 is number of arcs, 𝐶 is the largest cost coefficient and 𝑈 is the largest 

supply, demand or arc capacity. 

 

To develop polynomial-time algorithms for network flow problems, researchers have employed 

four approaches: geometric improvement approach, scaling approach, dynamic programming 

approach, and binary search. For problems that satisfy the similarity assumption, the scaling 

algorithms achieve the best worst-case computation time for most of the network flow 

problems. Scaling the problem data on the network, polynomial-time algorithms can be derived 

also for the minimum cost flow problem. The three different scaling algorithms considered are 

capacity scaling, cost scaling and double scaling algorithm. Capacity scaling algorithm is the 

scaled algorithm of the formerly presented successive shortest path problem, developed by 

Orlin (1993) based on Edmonds and Karp (1972) scaling methods. The cost scaling algorithm, 

developed by Röck (1980), Bland and Jensen (1985), scales by the costs, using similar methods 

than the preflow-push algorithm for the maximum flow problem. Double scaling combines 

these to scale arc capacities and the costs at the same time, and was developed by Ahuja, 

Goldberg, Orlin and Tarjan (1992). 
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To develop strongly polynomial algorithms, that is, dependent only on the number of nodes and 

the number of arcs, different approaches are required. In these algorithms, the scaling method 

is still used however, the algorithms are capable of recognizing sub-optimalities and 

consequently, reducing the problem size. Minimum mean cycle-canceling, developed by 

Goldberg and Tarjan (1988), augments the flow similarly to basic cycle-canceling algorithm 

except using approximate optimality reducing the cost of every arc to be greater than or equal 

to predetermined magnitude −𝜖. Repeated capacity scaling algorithm (Goldberg, Tardos & 

Tarjan, 1989) differs from the basic capacity scaling algorithm by reducing the problem size by 

contracting the nodes with sufficiently large nodes. The enhanced scaling algorithm (Orlin 

1993), in turn, is a combination of capacity scaling and repeated capacity scaling algorithms, 

which by greater focus on scaling parameters and larger scale of augmenting paths solves fewer 

shortest path problems. Appendix 3 summarizes the polynomial time algorithms for minimum 

cost flow problem. 

 

These are the methods that the algorithms utilize in operating on the underlying network, to 

efficiently search for the optimality of the minimum cost flow problem. By using these 

aforementioned techniques, large problem sets such as supply chain problems can be solved 

scalably, albeit practical application of these methods requires adjustments to consider all the 

real-world entities of the case company. However, the efficiency is promising according to the 

literature, which is a benefit for the prone to change S&OE process. 

 

5.4 Manufacturing network and network simplex method 

 

As earlier mentioned, network flows can be characterized as a subspecies of general 

mathematical programming. Minimum cost flow problems and the supply chain problem of this 

study are linear programs, which implies that linear programming methods can be utilized in 

minimum cost flow problems as well. Basic and polynomial algorithms for network flow 

optimization are more or less special cases of linear programming. Even though the simplex 

method is one of the most powerful methods to solve linear programming, it is not competitive 

with combinatorial network flow algorithms such as scaling methods of successive shortest 

path algorithm. But considering the original simplex method with network operations, network 

simplex algorithm can be created (Ahuja et al., 1993). The network simplex has been 
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recognized to be efficient in practice but possesses the same worst-case efficiency than the 

normal simplex algorithm, which is exponential time. For an enhancement, methods introduced 

by Orlin (1997), this algorithm can run 𝑶(𝒎𝒊𝒏(𝒏𝟐𝒎	𝒍𝒐𝒈𝒏𝑪, 𝒏𝟐𝒎𝟐	𝒍𝒐𝒈𝒏)), where 𝑛 is 

number of nodes, 𝑚 is number of arcs, 𝐶 is the largest cost coefficient and 𝑈 is the largest 

supply, demand or arc capacity. In this subchapter, the network formulated simplex method, 

namely network simplex algorithm is covered, and how the manufacturing network flow 

models are solved by means of network simplex algorithm in the literature. 

 

The core concept of the network simplex algorithm lies at spanning trees, where the optimal 

solution is obtained by fixing the flow of a nontree arc to its upper or lower bound flow capacity. 

This method enables the solvability of flows on all arcs iteratively. The minimum cost flow 

problem always has a minimum spanning tree solution, and by moving from one minimum 

spanning tree solution to another, the optimal minimum spanning tree can be achieved. 

Compared to the more general simplex method, minimum spanning tree corresponds to the 

feasible solution, and switching the nontree arcs and arcs within the tree corresponds to the 

simplex method pivoting operations. In the network simplex algorithm, the optimal conditions 

reflect the node potentials and reduced costs. A spanning tree is the optimal solution of the 

minimum cost flow problem, if for some choice of node potentials 𝜋, the arc reduced costs 𝑐!"=  

satisfies the following: 

 

𝑐!"= = 0,   ∀𝑖𝑗	 ∈ 𝑇,  (20) 

 

𝑐!"= ≤ 0,   ∀𝑖𝑗	 ∈ 𝐿,  (21) 

 

𝑐!"= ≥ 0,   ∀𝑖𝑗	 ∈ 𝑈,  (22) 

 

where T denotes arcs in the spanning tree, L denotes the arcs at lower bound and U denotes the 

arcs at upper bound. Indeed, the feasibility must be maintained in every spanning tree iteration 

while switching between tree and nontree arcs to strive for the optimality. At every iteration, 

one tree arc is replaced by one nontree arc. Adding a constant to each node potential, the reduced 

cost of any arcs does not change. Thus, one node potential can be chosen arbitrarily, that is, 
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generally choosing a potential of node one to be zero, 𝜋(1) = 0. The potentials of other nodes 

are calculated based on the assumption that every arc in the spanning tree has the reduced cost 

of zero, 

 

𝑐!" = 𝜋(𝑖) − 𝜋(𝑗),  ∀𝑖𝑗	 ∈ 𝑇,  (23) 

 

𝑐!"= = 𝜋(𝑖) − 𝜋(𝑗) − 𝑐!" ,  ∀𝑖𝑗	 ∉ 𝑇.   (24) 

(Winston & Goldberg, 2004) 

 

The general form of network simplex as pseudocode can be written as follows according to 

Ahuja et al. (1993): 

 

begin 

 determine an initial feasible tree structure (T, L, U); 

 let 𝑥 be the flow and 𝜋 be the node potentials associated with this tree structure; 

 while some nontree arc violates the optimality conditions, do 

 begin 

  select an entering arc (k, l) violating its optimality condition; 

  add arc (k, l) to the tree and determine the leaving arc (p, q) 

  Perform a tree update and update the solutions 𝑥 and 𝜋; 

 end; 

end; 

 

The supply chain problem of the study includes the manufacturing process, where various 

feedstocks from separate nodes are transported to the refinery to be refined into one single 

product with given yield and limited by proportional amounts of feedstocks due to impurities. 

The supply chains that contain similar actions in the literature, are mostly covered with network 

simplex algorithm or its variations. Previously in this thesis the introduced manufacturing 

network flow model by Fang and Qi (2003) that firstly presented the assembly of different 

materials into one product, applied the network simplex method for the problem and solved a 

simplified version, minimum distribution cost problem to prove the concept. Mo, Qi and Wei 

(2005a) continued the development of manufacturing supply chain with distilling properties 
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and introduced a modified network simplex method for the problem. Also, Mo et al. (2005b) 

developed a simple manufacturing network model with a multicommodity approach, combining 

the commodity properties of Fang and Qi (2003) and Ahuja et al. (1993). The solution method 

for this was an expanded network simplex algorithm. Lu, Yao and Qi (2006) introduced a flow 

balance relaxed model. Venkateshan, Mathur and Ballou (2008) presented how to efficiently 

perform network simplex for manufacturing network flow problem by novel data structure 

methods and how linear systems of equations manifested in generalized manufacturing models 

can be solved. Lu, Yao and Zhang (2009) presented a way to achieve an initial basic feasible 

solution with network simplex and approach to dual feasibility optimality inspection with graph 

logic. Wang and Li (2009) introduced more detailed graphical operations and for example, 

proposed dummy nodes to convert the arcs with gain or loss to ordinary minimum distribution 

cost flow problem. Bahçeci and Feyzioglu (2010), in turn, proposed a minimum cost 

proportional flow with disconnected networks to be applied especially for larger supply chain 

problem sets. Considering the comprehensiveness of the literature and prior research in the field 

of network simplex in manufacturing problems, many applications and variants of the algorithm 

can be found. 

 

Since the nature of the supply chain problem of the company is very manufacturing centric, the 

manufacturing network flow model provided by Fang and Qi (2003) is used as an initial 

modelling method to build the simplified model of the supply chain. Also, due to the selected 

solution method of network simplex in similar problem set-ups and especially by Fang and Qi, 

that algorithm creates the basis for the initial research of the network flow approach capabilities 

for scenario analysis. 
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6 NETWORK SIMPLEX APPROACH WITH SCENARIO ANALYSIS 
 

In order to run the computational experiments for scenario analysis purposes, the supply chain 

problem is firstly modelled according to the manufacturing network flow model. In this chapter, 

the supply chain is formulated with regards to the simplified version that includes the main 

functionalities of the supply chain but is reduced to a smaller size. Also, the network simplex 

solution method is evaluated manually by its properties to observe these later in action, and the 

former literature considering the standard LP scenario analysis is quickly presented to provide 

a benchmark for the findings of this research. 

 

6.1 Simplified supply chain model 

 

The simplified model presents the essential properties of the company network and outlines the 

supply chain model with network flow practices. This simplified model of the supply chain 

model is considering all the fundamental elements of the company supply chain according to 

the supply chain framework described in chapter 2. The model obeys the manufacturing 

network flow notation practices presented by Fang and Qi (2003). Figure 13 illustrates the 

simplified model with five supply nodes, four raw material inventories, two refineries, one 

product inventory, and three demand nodes.  

 

 
Figure 13. Simplified model 
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The nodes are defined as follows:  

● S-nodes may only produce a single commodity (green)  

● T-nodes may only accept a single commodity (blue) 

● O-nodes allow a throughput of only a single commodity (grey) 

● I-nodes allow a throughput of only a single commodity but retain an inventory 

(yellow) 

● C-nodes have multiple arcs in but only one arc out (orange). 

 

The refinery consists of two nodes, the actual C-node, namely the assembly node, and the 

artificial A-node to model the flow yield and flow capacity on an arc in compliance with 

manufacturing network flow model formulation practices. Additionally, P-node presents an 

artificial node for impurities. The P-node models the amount of impurity, so that the amount of 

impurity entering the P-node cannot exceed the limit of a refinery in that impurity. The 

impurities are modelled under the worst-case scenario, indicating the worst quality of impurity 

available at the inventory node due to the blending of feedstock qualities. Figure 14 

demonstrates the function of the P-node for one impurity, phosphor. In this way of impurity 

modelling, the modelling of impurities can be performed linearly by defining a capacity 

constraint for each impurity separately. 

 
Figure 14. P-node principle 
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The constraint for the phosphor impurity can be stated as 

 

𝑥!" 	𝑝! ≤ 𝑥!" 	𝑃"
?,   ∀𝑗	 ∈ 𝑁@,  (25) 

 

where 𝑝! presents the parts per million (ppm) share of phosphorus per ton of feedstock supplied 

from node 𝑖 and 𝑃"
? presents the limitation of phosphorus at node P. Referring to Figure 14, the 

impurity constraint can be formulated as 

 

(𝑥'A ∙ 𝑝' + 𝑥4A ∙ 𝑝4 + 𝑥5A ∙ 𝑝5) ≤ 𝑃: ∙ (𝑥'A + 𝑥4A + 𝑥5A), (26) 

 

which implies with given impurities in Figure 14 

 

(3 ∙ 2 + 2 ∙ 4 + 1 ∙ 3) 	≤ 3 ∙ (1 + 2 + 3) ⇒ 17 ≤ 18,  (27) 

 

which implies that the impurity limit is not exceeded in terms of the phosphorus. 

 

The following notations are used throughout the model. 

𝐴: set of all arcs 

𝑁B: set of all S-nodes 

𝑁C: set of all T-nodes 

𝑁D: set of all O-nodes 

𝑁*: set of all I-nodes 

𝑁E: set of all C-ndoes 

𝑑": sales price per ton at 𝑗FG destination node 

𝑠!: purchase price of feedstock per ton at 𝑖FGsupply node 

𝑐!": transportation cost per ton from 𝑖FGnode to 𝑗FG node 

𝑥!": number of units of flow from 𝑖FGnode to 𝑗FG node 

𝑝!: share of impurity phosphor per ton in feedstock at 𝑖FGnode 

𝑛!: share of impurity nitrate per ton in feedstock at 𝑖FGnode 

𝑓!: share of impurity free fatty acids per ton in feedstock at 𝑖FGnode 

𝑃"H: maximum share of impurity x per ton receivable at 𝑗FG refinery node 
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𝑢!: supply potential of feedstock at 𝑖FG S-node 

𝑢": unconstrained demand forecast of renewable diesel at 𝑗FG T- node 

𝑙!: committed supply volume of feedstock at 𝑖FG S-node 

𝑙": committed demand volume of renewable diesel at 𝑗FG T-node 

𝑡!: tank capacity at 𝑖FG I-node 

𝑏!: baseline inventory at 𝑖FG I-node 

𝛾!": yield of renifery, indicating loss of 1 − 𝛾 amount of material by refining feedstocks from 

𝑖FGnode to renewable diesel at 𝑗FG node 

𝑟!": maximum capacity of refinery to refine feedstocks from 𝑖FGnode to renewable diesel at 𝑗FG 

node. 

 

Additionally, entering nodes and leaving nodes have special notation. Entering nodes to node 𝑖 

are presented as 

 

𝐸(𝑖) ∶= 	 {𝑗 ∈ 𝑁: (𝑗, 𝑖) ∈ 𝐴},   (28) 

 

and leaving nodes from 𝑖 as 

 

𝐿(𝑖) ∶= 	 {𝑗 ∈ 𝑁: (𝑖, 𝑗) ∈ 𝐴}.   (29) 

 

The following assumptions are used throughout the model. 

● Only a single commodity can enter the arc. Consequently, the multicommodity 

characteristics of criteria combination is considered, but can be excluded from the 

actual supply chain model formulation.  

● All the cost and price functions are expected to be linear. 

● There are no directed cycles in the network. 

● Capacity of transporting arcs is unlimited. 

● Warehousing costs are excluded. 

 

Finally, the objective function and the constraints can be formulated. The objective function 

aims to maximize the gross margin, that is, procuring the feedstocks with the best available 
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feedstock prices, transporting the feedstocks and refined renewable fuel on the most cost-

efficient arcs, and allocating the available renewable fuel to the markets on the priority order of 

highest selling prices: 

 

Max ∑ 𝑑"𝑥""∈I" − ∑ 𝑠!𝑥!!∈I# 	− ∑ 𝑐!"𝑥!"(!,")∈$    (30) 

 

subject to 

 

𝑙! ≤ 𝑥! ≤ 𝑢!,   ∀𝑖 ∈ 𝑁K,   (31) 

 

𝑙" ≤ 𝑥" ≤ 𝑢",   ∀𝑗 ∈ 𝑁C,   (32) 

 

𝑥!" ≤ 𝑟!",   ∀𝑖 ∈ 𝑁E ,   (33) 

 

𝑡! ≤ 𝑥! ≤ 𝑏!,   ∀𝑖 ∈ 𝑁*,   (34) 

 

∑ 𝑥!(!∈+(() − ∑ 𝑥!("∈.(() = 0, ∀𝑘 ∈ 𝑁D,  (35) 

 

∑ 𝑥!""∈.(!) = 𝑥!,  ∀𝑖 ∈ 𝑁K,   (36) 

 

∑ 𝑥!"!∈+(") = 𝑥",  ∀𝑖 ∈ 𝑁C,   (37) 

 

∑ 𝑥!( − ∑ 𝑥(" + 𝑥( = 0, ∀𝑘 ∈ 𝑁*,  (38) 

 

𝛾(∑ 𝑥!("∈+(") ) = 𝑥(!,  ∀𝑘 ∈ 𝑁E ,  (39) 

 

𝑥!" 	𝑝! ≤ 𝑥!" 	𝑃"
?,  ∀𝑗 ∈ 𝑁E ,  (40) 

 

𝑥!" 	𝑛! ≤ 𝑥!" 	𝑃"%,  ∀𝑗 ∈ 𝑁E ,  (41) 
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𝑥!" 	𝑓! ≤ 𝑥!" 	𝑃"
L,  ∀𝑗 ∈ 𝑁E ,  (42) 

𝑥!" ≥ 0,   ∀𝑖𝑗 ∈ 𝐴,  (43) 

 

where constraint (31) and (32) sets the lower and upper bound for supply and demand volumes. 

At least the already agreed committed volumes must be satisfied, up to the forecasted volumes 

that are available. Constraint (33) presents the capacity constraints of refineries. Constraint (34) 

states that flow of I-node must be between tank capacity and baseline inventory. Constraints 

from (35) to (39) state the flow balance constraint for each node type and constraints from (40) 

to (42) state the impurity constraints for phosphor, nitrate, and free fatty acids.  Constraint (43) 

states that all the flows must be nonnegative. 

 

The simplified model formulates the supply chain problem only considering the gross margin 

maximization. To formulate the bi-objective supply chain model with change minimization 

requires more research on weights between the objectives and evaluating the best solution 

between the pareto-optimal points of the optimization results. This simplified model, however, 

creates a base for a realistic supply chain optimization problem, to further research the solution 

methods regarding the network flows and network flow modelling practices in the refining 

supply chain problem. 

 

6.2 Special properties to scenario analysis 

 

Referring to the pseudocode of network simplex and calculating the node potentials and reduced 

costs according to Winston and Goldberg (2004), this information could be exploited in 

scenario analysis. In fact, as the optimal solution has been obtained with network simplex, node 

potentials and reduced costs of nontree arcs provides the information on most profitable paths 

and the reduced cost of non-selected paths, to justify the optimality results for the stakeholders. 

Figure 15 illustrates an example of minimum cost flow problem and Figure 16 illustrates the 

optimal solution of the problem computed with network simplex method. In this example, the 

lower bound is expected to be zero on all arcs. 

 



49 

 

 

 

 
Figure 16. Optimal solution of the problem 

 

In this optimal solution, basic variables that are between the lower and upper bound are the 

following: 𝑥'5 = 3, 𝑥54 = 1, 𝑥57 = 2. Nonbasic variables at the upper bound are: 𝑥'4 = 7, 

𝑥47 = 8 and nonbasic variables at lower bound is: 𝑥45 = 0. To trace back to computing the 

node potentials and reduced costs, 

 

𝑐!" = 𝜋(𝑖) − 𝜋(𝑗),  ∀𝑖𝑗	 ∈ 𝑇,  (44) 

 

𝑐!"= = 𝜋(𝑖) − 𝜋(𝑗) − 𝑐!" ,  ∀𝑖𝑗	 ∉ 𝑇  (45) 

(Winston & Goldberg, 2004). 

 

In the network simplex algorithm, by initializing the node potential computations, the starting 

node can be defined as 𝜋(1) = 0 (Winston & Goldberg, 2004). In Figure 16 with given costs 

in Figure 15, the node potentials are the following: 𝜋(1) = 0, 𝜋(2) = 	−5, 𝜋(3) = 	−3, 

𝜋(4) = 	−9. Reduced costs for nontree arcs are the following: 𝑐'4= = 1, 𝑐47= = 1, 𝑐45= =	−3. 

This indeed satisfies the optimality conditions that  

Figure 15. Example network flow problem 
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𝑐!"= ≤ 0,   ∀𝑖𝑗	 ∈ 𝐿,  (46) 

 

𝑐!"= ≥ 0,   ∀𝑖𝑗	 ∈ 𝑈,  (47) 

 

but moreover, gives the root causes for the selected arcs and the potential cost of the other path, 

if the volumes are adjusted. The reduced cost of > 0 decreases the objective function by each 

unit flowing on that arc and reduced cost of < 0	increases the objective function in this 

minimum cost flow problem. For example, to reach the node 2 with given costs, from 1 to 2 the 

traverse costs 4, and via path 1-3-2 it costs 5 in total. That is, the path in the upper bound, 𝑐'4= =

1, has the cost reduction of 1 compared to the path via node 3. Similarly, path from node 2 to 4 

at the upper bound, has the reduced cost of 𝑐47= = 	1, indicating that each unit of flow on that 

arc reduces the costs with the value of 1 in the objective function, within the path 1-3-2-4 

compared to the path 1-3-4. Thus, the node potentials indicate the shortest path to reach the 

node with tree arcs and reduced costs indicate the price of an alternative path not belonging to 

the spanning tree. Additionally, every tree arc has the reduced cost of zero, 𝑐!"= = 0, which 

indicates the best path available in terms of capacity constraints. This is a viable method for 

justifying the decisions for the stakeholders regarding the market volumes if the problem 

consists only of arcs with costs and capacity restrictions.  

 

This analysis of network simplex algorithm computing node potentials and reduced costs of 

arcs does not completely justify the optimal solution of a real-world supply chain problem, 

taking directly into account the prices in supply and demand markets, impurities, and 

inventories, for example. The model and calculations shown above apply only to the ordinary 

minimum cost flow problem, which minimizes the route of transporting units from source to 

destination. Hence, the computational experiments must be done on a simplified model to 

gather model data and investigate the applicability of this logic and the general network flow 

model utility in scenario analysis. 
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6.3 Scenario analysis methods for LP models 

 

Strandberg (2019) introduced a method based on Greenberg (1893) for observing the relations 

between decision variables and the impact on the optimal solution, called model-oriented 

approach. In this approach, a graph model was created based on the optimized result of standard 

LP model, forming a bipartite graph by linking the decision variables and constraints. 

Therefore, the links between these two optimization components can be observed and the 

relationships of the supply chain entities can be accessed. In this graph, each decision variable 

node carries the information about the optimal value, cost coefficient and the cost impact of the 

variable regarding the objective function. Similarly, constraint nodes store the information 

about the row sum of the constraint and the right-hand side value of that constraint. To compare 

the scenarios, additional comparison graph can be created by basic subtractions on a level of 

node. (Strandberg, 2019) Figure 17 illustrates the method of nodes storing the different 

information. 𝑆H$ presents the decision variable associated attribute vector storing the cost vector, 

optimal decision variable value and the cost impact. 𝑆M$ presents the constraint associated 

attribute vector storing the right-hand side vector and the associated constraint matrix. 

 

 
Figure 17. Bipartite graph principle (Strandberg, 2019) 

 

In that way, supply chain optimal solutions can be analyzed in terms of decisions and the 

affecting constraints within one scenario or the impact of changes between the scenarios. In this 

kind of graph visualizations, the impacts are visualized for example reflecting the size of a node 

to highlight the most remarkable factor but also their relations. Clearly, most impactful 

decisions under the analysis are the costs and the volumes, but constraint nodes emphasize the 

bottlenecks as well. Thus, many visualizations can be done with this kind of graph linkage to 

present the relations between decisions to deepen the acknowledgment of the underlying 

solution and its causality. (Strandberg, 2019) 
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Apparently, the algorithmic procedure of the network simplex and its calculation parameters 

might give an insight on the scenario analysis regarding the algorithmic decision making and 

understanding the optimized result. However, to prove this state in a real-world supply chain, 

the computational experiments are run with the formulated supply chain model, and the benefits 

gained with the network flow approach and network simplex method are compared to the 

method introduced by Strandberg (2019). 
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7 DATA ANALYSIS 
 

The current S&OP optimization tool is feasible regarding the longer horizon supply chain 

planning, but it lacks scenario analysis and change tracking capabilities. Thus, in this thesis the 

supply chain problem has been approached with a different optimization theme, namely 

network optimization, and researched whether network flow characteristics, algorithmic 

network flow optimization steps, and data structures can be utilized in change tracking to 

respond to the analysis requirements. In this chapter, the analysis requirements obtained with 

semi-structured interviews are translated to the approaches of analysis, and computational 

experiments are run to observe if the network flows and special properties of the selected 

solution method can respond to the analysis equirements. 

 

In addition to achieving the optimal supply chain plan, the decision maker wants to understand 

the results of the model, and how the plan has changed compared to the prior one. To compare 

the obtained scenarios, many comparisons can be executed regarding the cost coefficients, 

constraints, decision variables, and the objective value, for instance. The market changes in the 

supply chain affect the plan and the mathematical model, which is then, after the optimization, 

analyzed and visualized for the decision maker to support the S&OE planning. Despite the 

congruence between the physical supply chain and mathematical model, the plan changes and 

causality might be difficult to understand comprehensively by decision maker, and analysis of 

the results provided by analysts adds value to the decision making alongside the actual optimal 

result.  

 

Based on the semi-structured interview with the supply chain planners, few basic elements 

around the scenario analysis requirements were identified. The analysis requirements were 

strongly linked to the comparison of two different scenarios, considering relations between 

decisions of different arcs and nodes, as well as the cost impact of these decisions. The cost 

impact means the impact of a particular decision on the objective function value, which requires 

weighing the effectiveness of a specific decision variable value and the associated cost. 

 

Besides the decisions and constraints on an individual level, the relationship between these two 

is inevitable at all events. The decisions are cross-dependent on each other, and dependent on 
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the constraint that restricts the flows of materials and products. For instance, market A requires 

products, which restricts the product availability in market B. These markets are also related to 

the refining that has the capacity limit and is constrained also by the availability of raw materials 

in inventories and supply markets.  

 

Overview of the plan and scenario analysis relates to the questions such as “To what extent 

the plan has changed?”, which is a relatively large question, and requires the comparison 

between two scenarios regarding all the features of the optimization model, or “What volumes 

have changed and how much?” basically refers to the same scenario comparison by comparing 

only the volumes on an arc or volumes flowing through a node. This information can be 

obtained from decision variables for arc flows and the flow balance constraints for nodes. 

 

Overview of the constraint occupancy aims to reveal the bottlenecks and additional capacities 

that are still usable on an individual arc. These questions can be answered rather directly from 

the optimization solution and upper and lower bound constraints. To answer this requirement 

demands clear visualization of the solution to understand which nodes are connected and 

consequently, to observe the paths and their constraint occupancy in terms of capacity. 

Generally, this requires consideration of relations between the nodes to see the paths, which in 

network structure is achievable with only a little effort. For example, the question might be if 

all the capacity of one refinery has been used, can the volumes be adjusted with another refinery 

to produce more in total. This requires the visualization of arcs that are connected to those 

refineries, the material flows as well as the impurities that they are carrying with. 

 

Connectivity of volumes and profitability includes questions of comparing two scenarios 

such as “What prices cause the change?” or “How changes affect the profitability?” These two 

scenario questions are similar with an overview of the plan and scenario analysis requirements, 

to compare two scenarios and changes. Nonetheless, the questions of connectivity as the name 

implies, aim to identify the relationship between individual optimization decisions and the 

constraints of the model, mainly prices and the affection to the profitability. Instead of simple 

scenario differences, decision makers are interested in factors of volume changes. Perhaps, the 

volumes are changed due to the availability of some raw materials, demand on sales markets, 

costs, capacity, or the combined effect of these factors. This leads also to the most complex 
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analysis requirement: “Why is some market or path chosen over another?”, in which one 

scenario and its interdependencies are desired to be visualized. Especially, the sufficiency of 

information obtained with the underlying algorithm and its special properties are investigated. 

Table 3 summarizes the requirements and the ways to approach them. 

 
Table 3. Approaches for the unsatisfied analysis requirements 

Requirement Description Analysis approach 

Overview of the plan, 
Scenario analysis 

To what extent the plan has changed? 
What volumes have changed and how 

much? 

Two scenarios. 
Comparisons of decision 

variables, cost 
coefficients and 

constraints individually. 

Overview of 
constraint occupancy 

How much additional capacity is left? 
Which arc or node presents the 

bottleneck of a path? 

Single scenario. Clear 
visualizations of flows 
with respect to capacity 

constraints 

Connectivity of 
volumes and 
profitability 

What prices cause the change? 
How changes affect profitability? 

Why is some market or path chosen 
over another? 

One or two scenarios. 
Comparisons and 
decision analysis 

 

Computational experiments with simplified model were done by using Microsoft Excel, to save 

the model solution and constraint data to scenario analysis. The tool was selected due to 

availability and ease of use, to compute simple model runs with the priorly modelled simplified 

model, to observe and collect the model data for scenario analysis and visualizations. The solver 

options of Excel include the simplex method, which indeed works with the simplified model 

but requires additional calculations to achieve the node potentials and reduced costs in 

accordance with network simplex practices. Also, for larger problem sets, this tool becomes 

inefficient. 

 

Scenario data was collected to various data tables and stored to business intelligence platform 

Microsoft Power BI, where the data was processed, relationships between different supply chain 

entities were created and additional data tables could be imported from other data sources, when 

necessary. Thus, by creating a relational database, the relationships between different supply 

chain entities within the optimized solution could be queried. For example, the constraint of an 
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individual arc is stored to a different table with the cost and decision variable data of the same 

arc but can be connected based on the arc they are related to. Furthermore, the hierarchical data 

structure of relational databases allows aggregations of the desired level of visualizations. 

 

In the network approach of a supply chain optimization, all the decisions happen on a level of 

arc.  Consequently, the supply chain model can be visualized as a network graph based on the 

connectivity of different nodes. This information is valuable for having an overview of the 

whole supply chain and detecting how the decisions are linked to each other in an underlying 

network. By node connectivity with arcs, the graph presentations can be visualized, and 

different highlighting and manipulation of the network can be done according to the decision 

maker’s interest. For example, in Figure 18, the node size reflects the cost impact of a node 

which considers the actual decision variable values and costs, to quickly observe the most 

impactful markets for a single scenario and how the cost impacts are related to each other. 

 

 
Figure 18. Cost impact of the nodes, where demand nodes indicate the reverse cost, profit 

 

Similarly, flows of raw materials, impurities and products can be presented. The node potentials 

and reduced costs can be presented as well but this requires visualizing the activity of arcs to 
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separate the tree arcs from the nontree arcs on upper and lower bound. Figure 19 presents the 

visualization of the reduced costs with the arc activity, where red dashed arcs represent the arcs 

on lower bound and blue dashed arcs represent the arcs on upper bound. Note that all the 

reduced costs of nontree arcs satisfy the optimality and the reduced cost of all tree arcs equals 

zero. For the sake of simplicity, the reduced costs are moved from arcs to nodes, indicating the 

cost of the worst or best path to achieve that node. 

 

 
Figure 19. Reduced costs of the optimized supply chain 

 

Regarding the overview of constraint occupancy, the flow against the remaining capacity of 

each arc can be presented, and hence, observing the bottlenecks of paths can be interpreted from 

the visual graph network. Figure 20 presents the capacity occupancy on each arc and the amount 

of flow on each node. On a refining level, this method could be used to give visibility for 

impurity occupancy as well. 
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Figure 20. Capacity occupancy of the optimized supply chain 

 

To compare the two scenarios and the differences, similar methods can be applied. To interpret 

the scenario analysis of two graphs, the most impactful changes in terms of decisions are 

visualized, while on the one scenario visualizations, the actual decisions and their impacts are 

evaluated. Cost impacts, for example, can be presented for scenario comparison, in which the 

differences of the two graphs are compared. Figure 21 illustrates the scenario analysis between 

two different graphs by percentage change in cost impact. 

 

 
Figure 21. Scenario analysis between two different graphs by percentage change in cost impact 
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Reduced costs and node potentials, which were the focal parameters within the principle of the 

network simplex algorithm, do not provide much additional information for scenario analysis 

in this supply chain problem. The reduced costs can indeed reveal the most important 

information of an ordinary minimum cost flow problem that minimizes the route of transporting 

units from source to destination. However, due to the manufacturing nature of the supply chain 

problem of this study, by revealing the information of the most profitable paths and the added 

or reduced cost of choosing different paths, does not provide clarity on the decisions on a level 

of the whole supply chain considering the interdependencies of all factors, for example in terms 

of impurities. Therefore, the network flow parameters with the selected solution method do not 

offer additional insight into the network causalities over the methods presented by Strandberg 

(2019). Although in this experiment the network simplex was chosen as the approach for the 

final algorithm to support the analysis, similar characteristics and methods can be found from 

other graph algorithms. Therefore, the same problems regarding the comprehensive scenario 

analysis by means of algorithmic steps are faced with other graph algorithms as well, if 

implemented as such. 

 

These kinds of supply chain visualizations obtained with direct network flow data utilization 

are straightforward. However, to find the cause and effect of different decisions and constraints 

is ambiguous, and answering to the causality of different changes in the model exhaustively 

becomes very difficult in a large supply chain. For example, if the flow of a certain supply node 

has changed, is it because the demand has grown, the price of the supply market has decreased, 

the capacity of the refinery has increased, or a combination of all these factors. The causes and 

effects can to a certain degree be identified by filtering the graph visualization of network data 

by different attributes but tracking all the changes by one visualization becomes complex. To 

approach this problem, methods introduced by Strandberg (2019) can be applied, which works 

for standard LP problems and does not necessarily need the network approach for supply chain 

optimization. However, to satisfy the identified analysis requirements, the network approach is 

sufficient for most of the identified needs of analysis, and indeed facilitates in displaying the 

optimal solution and the scenario differences in a form of a graph due to the arc level decision 

making in optimization. 
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8 SUMMARY AND CONCLUSIONS 
 

This research consists of three distinct parts. In the first part, the supply chain problem of case 

company is defined. This definition includes the business overview and framework for the 

actual optimization problem. Also, the requirements for the scenario analysis are gathered that 

the current LP method lacks in terms of a longer frame S&OP supply chain optimization. The 

purpose of this part is to create premises for the research, to study the shorter frame S&OE 

supply chain optimization problem with a novel approach, network flows. 

 

In the second part of the thesis, a literature review was conducted, which is divided into two 

chapters: networks flows, solution methods. The first chapter introduces the literature review 

and notation of the selected optimization approach for the reader, and how supply chain 

problems can be formulated in different manners regarding the characteristics of its entities. 

After the introduction of notations and formulations, the second chapter of the literature review 

deepens into the solution methods, to introduce the fundamentals of the optimization and 

depicts different solution methods to solve network flow formulated optimization problems. 

Also, a review on how similar problems are solved generally in the literature is conducted. The 

literature review creates a framework for the supply chain problem formulation under the 

research and to study the special properties of network formulation and network-based solution 

methods for enhanced scenario analysis of optimized supply chain plans. 

 

The third part of the research combines the problem definition of the supply chain and the 

literature review of network flows, to formulate the supply chain model. After the formulation, 

the properties of the selected graph-based solution method for scenario analysis are investigated 

and then evaluated in a data analysis. The data analysis is constructed with the optimization 

data obtained from computational experiments of the model to compare the results against the 

scenario analysis requirements, to observe if complementary benefits can be achieved with the 

network formulation and the selected solution method. 

 

This chapter includes a summary of the thesis. Firstly, the presented research questions are 

answered with respect to the limitations of the study. Secondly, discussion and 
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recommendations regarding the S&OE optimization solution methods and scenario analysis are 

presented, and finally, future research areas are suggested. 

 

8.1 Answering the research questions 

 

The purpose of this thesis was to perform a pre-study for a larger optimization project. The aims 

of the pre-study were to identify currently unfulfilled scenario analysis requirements for an 

alternative network flow optimization approach, investigate this selected approach to formulate 

the supply chain problem of the case company, and present the most relevant solution methods. 

Also, the study aimed to investigate the network flow approach regarding the scenario analysis, 

to evaluate the utility of network flows to satisfy the identified requirements. In order to reach 

the objectives of the research, three research questions were formed. To deepen the 

understanding of the identified shortcomings of current LP method as part of the S&OP 

optimization and to validate the objective of this pre-study, the first research question was 

formed as follows: 

 

1. What are the requirements for an alternative optimization approach that the current 

LP method does not satisfy? 

 

To focus on identifying relevant matters of scenario analysis utility within the network flow 

solution methods, a semi-structured interview was conducted to gather the key analysis 

requirements that are not currently fulfilled. The most focal theme around the requirements of 

scenario analysis was to provide a clear overview of the supply chain by means of 

visualizations. Currently, the S&OP optimization tool lacks the interpretability of the optimized 

plan that would comprise the whole supply chain in terms of volumes and capacities, for 

example. This was the main requirement that the current LP method does not satisfy. The 

emphasis of the requirements was on the visualization of the supply chain to identify the volume 

changes and bottlenecks of the supply chain. Also, the changes between the two scenarios and 

the reasons behind the changes were desired to be visualized.  

 

As the interview revealed challenges in S&OP, the demand for a novel approach to be 

investigated for the S&OE supply chain optimization in the company was valid. To evaluate 
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the utility of the network flow approach with regards to the identified shortcomings in the 

current LP method, the network flows were desired to be introduced and narrowed down to the 

most favorable network flow modelling technique and the solution method for the supply chain 

problem of the case company. Thus, the literature of network flows was reviewed against the 

following research question: 

 

2. How to formulate and solve the supply chain problem in accordance with network 

flow practices? 

 

The network flows are essentially a way to model the movements of entities from a point to 

another in an underlying network. The most representational flow problem to imitate the supply 

chain problem is the minimum cost flow problem, where units are sent from origin to 

destination with given resource capacities and flow unit costs. Other network problems 

specialized from minimum cost flow problem that are relevant to consider in this supply chain 

model formulation are generalized network flow problem to yield the refining of raw materials 

to products, multicommodity network flow problem to consider materials with different criteria 

acceptance to flow on arcs, and the manufacturing network flow problem presented by Fang 

and Qi (2003). The manufacturing network flow is a generalized network flow with 6 different 

node types for modelling the production of multiple materials into one product and is based on 

a restriction regarding the multiple commodities to be manufactured, that only one kind of 

commodity can flow within each arc and different commodities have their own arcs in use. This 

modelling method was considered as the most relevant for the supply chain problem of the case 

company and set a base for the supply chain model formulation. 

 

For maximizing the profit in accordance with originally defined optimization objective, a 

computational algorithm for the problem-solving needed to be chosen as well. Network flows 

can be characterized as a subspecies of general mathematical programming, differing with 

specialty to determine the constraints of variables by topological properties of a graph and 

therefore, network form can be used to utilize graph theory and to be solved as a combinatorial-

mathematical problem. By utilizing these special features, large network formulated problems 

can be solved efficiently, whereas general mathematical programming problems with the same 

scale may be difficult and time-consuming to solve. To more carefully evaluate the utility of 
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network flow solution methods to support the scenario analysis in decision making, the network 

simplex was selected as the most promising solution method. To justify the selection of the 

final solution method, the same algorithm is widely used in similar problem sets based on the 

literature. The network simplex solves the network problem at best in 

𝑂(𝑚𝑖𝑛(𝑛4𝑚	𝑙𝑜𝑔𝑛𝐶, 𝑛4𝑚4	𝑙𝑜𝑔𝑛)) time. Although in this research the network simplex was 

chosen for the final algorithmic investigation to support the scenario analysis, similar 

characteristics and methods can be found from other graph algorithms as well. Hence, the 

findings regarding the scenario analysis are generalizable for other network flows and solution 

methods. 

 

To understand the reasons behind the optimization decisions, the most relevant solution method 

regarding the characteristics of the supply chain problem in the case company was furtherly 

analyzed to obtain a more explanatory analysis of the optimized plan. This objective was 

approached with the following research question: 

 

3. How to track and analyze the changes between the optimized plan and a reference 

plan? 

 

The network simplex, like many other network algorithms for minimum cost flow problems, 

grounds the optimal solution and the computational steps for the reduced costs and node 

potentials, which can be exploited in scenario analysis. The optimal solution obtained with 

network simplex, its node potentials and reduced costs of nontree arcs provide the information 

on the most profitable paths and the reduced cost of non-selected paths. This could justify the 

optimality results for the stakeholders by delivering root causes for the selected arcs and the 

potential cost of the other path if the volumes are adjusted. However, this concerns the tree arcs 

only, which means that the volume adjustments regarding all the possible paths are not 

comprehensively considered, and thus the benefits gained with the computational steps of 

network simplex fall short. Reduced costs and node potentials, which are the core parameters 

within the principle of the network simplex algorithm, do not provide much additional 

information for overall scenario analysis. The reduced costs can indeed reveal the most 

important information of an ordinary minimum cost flow problem that minimizes the route of 

transporting units from source to destination, but due to the manufacturing nature of the supply 



64 

 

 

 

chain problem investigated, by revealing the information of only the most profitable paths and 

the added or reduced cost of choosing different paths, does not provide clarity regarding the 

decisions on a level of whole supply chain solution considering the interdependencies of all 

factors, for example in terms of impurities. 

 

In substitution of the standard LP model formulations, all the decision variables are set on arcs 

in network flow formulations. Consequently, the supply chain model can be visualized as a 

network graph based on the connectivity of different nodes, for having an overview of the whole 

supply chain and observing how the decisions are linked to each other in an underlying network, 

which covers most of the interpretability issues identified on the current LP method. To have 

the information on the level of markets without clear interpretability of movements causes 

inconvenience to track the changes on a supply chain. For example, in Figure 22, the supply 

markets A and B indicate the purchase volumes and demand markets C and D indicate the sales 

volumes in standard LP solution and network flow solution, respectively. In an LP solution, the 

movements are not specified, and the linkage of nodes to carry the volumes becomes ambiguous 

compared to the network flow solutions. Doubtless, this must somehow be applied to supply 

chain planning at all times, but network flows provide a straightforward approach for better 

visibility since the supply chain optimization itself is performed against the movements of 

entities, instead of markets. 

 

                         
 
Figure 22. Difference of decision variables on nodes and arcs 
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Despite the inability of the network simplex to deliver more explanatory analysis for the 

optimized plan and the decisions in the background, the network approach of a supply chain 

problem becomes beneficial in graph visualizations. In a network, where all the decisions 

happen on an arc level, the capabilities to visualize the supply chain model as a network graph 

based on the connectivity of different nodes becomes valuable. By node connectivity with arcs, 

the graph presentations can be visualized, and different highlighting and manipulation of the 

network can be done according to the decision maker’s interest. 

 

These kinds of supply chain visualizations obtained with direct network flow data utilization 

are straightforward. However, to find the cause and effect of different decisions and constraints 

is a complex set, and answering to the causality of different changes in the model exhaustively 

becomes very difficult in a large supply chain. To approach this problem, methods introduced 

by Strandberg (2019) can be applied, which works for standard LP problems and does not 

necessarily need the network approach for supply chain optimization. Though, to satisfy the 

identified analysis requirements, the network approach is sufficient for most of the identified 

needs of analysis. 

 

8.2 Discussion 

 

This study embarked on network flow optimization as an alternative solution method for the 

final supply chain optimizer to support decision-making in a fast-paced S&OE process. 

Findings of the literature review support, that somewhat similar problems have been formulated 

and solved as network optimization, which certifies the proof of concept.  

 

The network flow algorithms and especially network simplex algorithm cannot give absolute 

leverage to the scenario analysis of the supply chain, not at least with direct application of 

network simplex of a standard minimum cost flow problem. Nevertheless, the graph structure 

of the network flow approach indeed facilitates graph visualizations to provide visibility for the 

network changes, and how changes affect each other due to the linkage of nodes with optimized 

network flow solutions. This can be seen as an advantage on network flow algorithms and the 

data structure of graph logic. To see the interrelations of changes between different attributes 

of the optimization, of course, the bipartite graph structure of decision variables and constraints 
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can be created afterwards as well based on the research conducted by Strandberg (2019), which 

covers more advanced scenario analysis. Thus, scenario analysis as the main driver in the study 

of algorithmic approaches for the supply chain problem of the case company is not necessary. 

 

The manufacturing network flow modelling practices developed by Fang and Qi (2003) and 

assembly flow modelling practices developed by Venkateshan et al. (2008) provide significant 

support to approach the problem with network flows. Furthermore, denoting the efficiency of 

network flow algorithms in general, and the capability to visualize the graphs for analysis with 

little effort, the network flow algorithms should be taken into consideration when the suitability 

of different optimization approaches are evaluated in a feasibility study. The analysis 

requirements obtained with semi-structured interviews, understanding the underlying network 

model and the causes and effects of different decision variables and constraints does not play a 

key role in the scenario analysis, and the majority of the business needs and analysis 

requirements can be fulfilled with accessible reporting methods and business intelligence tools 

to aggregate and disaggregate the results with the desired information level. Due to my 

experiments and empirical research, the utility of network flows in optimization analysis in 

terms of deep understanding of the supply chain decision making, is not better in any of these 

network flow models compared to Strandberg (2019). Thus, the main benefit along the graph 

visualizations of the network flow approach consists of efficiency and computational time. 

Therefore, considering the whole S&OE optimization, the focal point I would like to emphasize 

is the feasibility and efficiency of the algorithm in the real-world supply chain model, which is 

suggested to be at the core of future optimization research. 

 

8.3 Future research 

 

This study introduced how the supply chain problem of the case company can be formulated in 

accordance with network flow practices, and presented solution methods that have been used 

for similar problem setups. After the model formulation, the scenario analysis capabilities of 

network flows and in particular, steps of the most relevant algorithm for the problem setup, the 

network simplex, were researched and evaluated with respect to the analysis requirements 

obtained with a semi-structured interview. 
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The formulated simplified model of the network was used for the computational experiments 

that included inventories but excluded warehousing costs. This leads to an optimization 

problem, where the inventory levels are constrained only by the stock level and maximum level 

of stock. For example, in a situation, where cheap raw materials are available in a certain supply 

market, but the capacity of the refinery is already maximized, how to award the algorithm by 

filling the stock with these raw materials for a better gross margin in the future. Essentially, the 

current gross margin would decrease by purchasing extra raw material without sales activity 

but may be profitable for later refinement and selling. The current simplified model in 

computational experiments always consumes all the inventories before purchases, which is 

logical. Also, the scope of the study did not consist of comparing the feasibility of different 

network algorithms or different optimization approaches for the problem, which therefore could 

be the future research to compare the advantages of different network flow solution methods 

with other problem-solving methods. To compare the algorithms more comprehensively and 

the adequacy for the real-world supply chain problem, the convenience for the bi-objective 

formulations needs to be considered as well. For example, regarding the network flows, how 

the change minimization would be noted on an arc level and is there a method of formulation 

or an algorithm that is more suitable for the integration of the bi-objective. Furthermore, how 

to evaluate the pareto-optimal points in the decision-making of supply chain planning as a 

consequence of bi-objective optimization. 

 

To investigate the full potential of the scenario analysis method of Strandberg (2019), the 

experiment could already be initiated with the current S&OP optimization tool since it is built 

according to the standard LP practices. This scenario analysis method can be defined as an add-

on feature on top of the current solution method, that creates the graph based on the decision 

variables, constraints, and coefficients of the already achieved optimization result. On the other 

hand, to further research the potential of network flow algorithms in scenario analysis and the 

most relevant algorithm, the network simplex, the supply chain model formulation of the 

company may be modified. To achieve more informative problem-solving of network flows, 

more information is required to be involved in a level of arcs. For example, to model the 

impurities on a graph level as part of the total capacity would directly affect the solving of the 

network simplex and its decision making on arc selections. This, however, forms a major 

modelling problem to be solved. 



68 

 

 

 

REFERENCES 

 

Ahuja, R. K., Goldberg, A. V., Orlin, J. B., & Tarjan, R. E. (1992). Finding minimum-

cost flows by double scaling. Mathematical programming, vol. 53 (1), pp. 243-266. 

 

Ahuja, R. K., Magnanti, T. L. & Orlin, J. B. (1993). Network Flows. PHI Englewood 

Cliffs NJ. 846 pp. 

 

Barnhart C., Krishnan N. & Vance P.H. (2008). Multicommodity Flow Problems. In: 

Floudas C., Pardalos P. (eds) Encyclopedia of Optimization. Boston, MA: Springer. pp. 

2354-2362. 

 

Bertsimas, D. & Tsitsiklis, J. N. (1997). Introduction to linear optimization. Belmont, 

MA: Athena Scientific. 

 

Bezergianni, S. & Dimitriadis, A. (2013). Comparison between different types of 

renewable diesel. Renewable & sustainable energy reviews, vol. 21, pp. 110–116. 

 

Bland, R. G., & Jensen, D. L. (1992). On the computational behavior of a polynomial-

time network flow algorithm. Mathematical Programming, vol. 54 (1), pp. 1-39. 

 

Bondy, J. A. & Murty, U. S. R. (1976). Graph theory with applications, vol.290. 

London: Macmillan. 

 

Bundy, A. (1986). Catalogue of artificial intelligence tools. Springer. Berlin: 

Heidelberg. 

 

Busaker, R. G., & Gowen, P. J. (1961). A procedure for determining minimal-cost 

network flow patterns. ORO Technical Report 15. John Hopkins University, 

Operational Research Office. Baltimore, MD. 

 



69 

 

 

 

Chainalytics. (2021). Sales & Operations Execution: Bridging tactical S&OP and 

operational execution. Online. Available at: https://www.chainalytics.com/sales-and-

operations-execution-guide/ [Accessed 10.5.2021] 

 

Cormen, T. H., Leiserson, C. E., Rivest, R. L., & Stein, C. (2009). Introduction to 

algorithms. MIT press. 

 

Dantzig, G. B. (1990). Origins of the simplex method. In A history of scientific 

computing, pp. 141-151. 

 

Dantzig, G. B. (2002). Linear programming. Operations research, vol. 50 (1), pp. 42-

47. 

 

Euler, L. (1741). Solutio problematis ad geometriam situs pertinentis. Commentarii 

Academiae Scientiarum Imperialis Petropolitanae, pp. 128-140. 

 

European Environment Agency. (2021). Use of renewable energy for transport in 

Europe. Online. Available at: https://www.eea.europa.eu/data-and-maps/indicators/use-

of-cleaner-and-alternative-fuels-2/assessment [Accessed 31.3.2021] 

 

Fang, S.C. & Qi, L. (2003). Manufacturing network flows: a generalized network flow 

model for manufacturing process modelling. Optimization Methods and Software, vol. 

18 (2), pp. 143-165. 

 

Ford, L. R., & Fulkerson, D. R. (1957). A primal-dual algorithm for the capacitated 

Hitchcock problem. Naval Research Logistics Quarterly, vol. 4 (1), pp. 47-54. 

 

Ford Jr, L. R. and Fulkerson, D. R. (1958). A suggested computation for maximal multi-

commodity network flows. Management Science, vol. 5 (1), pp. 97-101. 

 

Fulkerson, D. R. (1961). An out-of-kilter method for minimal-cost flow problems. 

Journal of the Society for Industrial and Applied Mathematics, vol. 9 (1), pp. 18-27. 



70 

 

 

 

 

Edmonds, J., & Karp, R. M. (1972). Theoretical improvements in algorithmic efficiency 

for network flow problems. Journal of the ACM (JACM), vol. 19 (2), pp. 248-264. 

 

Gartner. (2019). How to Set Up S&OE in Supply Chain Planning. Online. Available at: 

https://www.gartner.com/smarterwithgartner/how-to-set-up-soe-in-supply-chain-

planning/ [Accessed 10.5.2021] 

 

Gartner. (2021). Sales and Operations Execution (S&OE). Online. Available at: 

https://www.gartner.com/en/information-technology/glossary/sales-operations-

execution-

soe#:~:text=The%20S%26OE%20process%20is%20a,and%20an%20executive%20S

%26OE%20meeting. [Accesses 10.5.2021] 

 

Goldberg, A. V., Tardos, É., & Tarjan, R. (1989). Network flow algorithm. Technical 

Report. Cornell University, School of Operations Research and Industrial Engineering. 

Ithaca, NY. 

 

Goldberg, A. V, & Tarjan, R. (1988). Finding minimum-cost circulations by canceling 

negative cycles. Proceedings of the twentieth annual ACM symposium on Theory of 

computing, pp. 388-397. 

 

Hu, T. C. (1963). Multi-commodity network flows. Operations research, vol. 11 (3), 

pp. 344-360. 

 

Hu, T. C., & Kahng, A. B. (2016). Linear and integer programming made easy. 

Switzerland, AG: Springer International Publishing. 143 pp. 

 

Iri, M. (1960). A new method of solving transportation-network problems. Journal of 

the Operations Research Society of Japan, vol. 3 (1), pp. 27-87. 

 



71 

 

 

 

Ishimatsu, T. (2013). Generalized multi-commodity network flows: case studies in 

space logistics and complex infrastructure systems. Doctoral dissertation. 

Massachusetts Institute of Technology, Department of Aeronautics and Astronautics. 

Massachusetts. 

 

Jewell, W. S. (1958). Optimal flow through networks. Interim Technical Report 

8.  MIT, Operations Research Center. Cambridge, MA. 

 

Kennington J. L., Lewis K. R. (2008). Generalized Networks. In: Floudas C., Pardalos 

P. (eds) Encyclopedia of Optimization. Boston, MA: Springer. pp. 1209-1214.  

 

Klee, V., & Minty, G. J. (1972). How good is the simplex algorithm? Inequalities, vol. 

3 (3), pp. 159-175. 

 

Klein, M. (1967). A primal method for minimal cost flows with applications to the 

assignment and transportation problems. Management Science, vol. 14 (3), pp. 205-220. 

 

Knothe, G. (2010). Biodiesel and renewable diesel: A comparison. Progress in energy 

and combustion science, vol. 36(3), pp. 364–373. 

 

Korte, B. & Vygen, J. (2012). Combinatorial Optimization Theory and Algorithms. 5th 

ed. Springer. Berlin: Heidelberg. 

 

Koskinen, I., Alasuutari, P. & Peltonen, T. (2005). Laadulliset menetelmät 

kauppatieteissä. Tampere: Vastapaino.  

 

Kozen, D. C. (1992). The design and analysis of algorithms. Springer Science & 

Business Media. 

 

Masao, I. (1696). Network Flow, Transportation, and Scheduling Theory and 

Algorithms. New York: Academic Press. 333 pp. 

 



72 

 

 

 

Minty, G. J. (1960). Monotone networks. Proceedings of the Royal Society of London. 

Series A. Mathematical and Physical Sciences, vol. 257 (1289), pp. 194-212. 

 

Mo, J., Qi, L., & Wei, Z. (2005a). A manufacturing supply chain optimization model 

for distilling process. Applied Mathematics and Computation, vol. 171 (1), pp. 464-485. 

 

Mo, J., Qi, L., & Wei, Z. (2005b). A network simplex algorithm for simple 

manufacturing network model. Journal of Industrial & Management Optimization, vol. 

1 (2), pp. 251. 

 

Nash, J. C. (2000). The (Dantzig) simplex method for linear programming. Computing 

in Science & Engineering, vol. 2 (1), pp. 29-31. 

 

Neste. (2021a). Neste My Renewable Diesel. Online. Available at: 

https://www.neste.com/products/all-products/renewable-road-transport [Accessed 

31.3.2021] 

 

Neste. (2021b). Neste’s role in sustainable aviation. Online. Available at: 

https://www.neste.com/products/all-products/neste-my-sustainable-aviation-

fuel#71bd19d7 [Accessed 31.3.2021] 

 

Neste. (2021c). Sustainability at Neste. Online. Available at: 

https://www.neste.com/sustainability/sustainability-neste#71bd19d7 [Accessed 

31.3.2021] 

 

Neste. (2021d). Business. Online. Available at: https://www.neste.com/about-

neste/who-we-are/business#71bd19d7 [Accessed 31.3.2021] 

 

Orlin, J. B. (1993). A faster strongly polynomial minimum cost flow algorithm. 

Operations research, vol. 41 (2), pp. 338-350. 

 



73 

 

 

 

Ping-Qi, P. A. N. (2014). Linear programming computation. Springer. Berlin: 

Heidelberg. 

 

Röck, H. (1980). Scaling techniques for minimal cost network flows. In: Page, V., 

Hanser, V. (eds) Discrete Structures and Algorithms, pp. 181-191. Munich. 

 

Salimifard, K. & Bigharas, S. (2020). The multicommodity network flow problem: state 

of the art classification, applications, and solution method. Operational Research, pp. 

1-47. 

 

Simacek, P., Kubicka, D., Sebor, G. & Pospisil, M. (2010). Fuel properties of 

hydroprocessed rapeseed oil. Fuel (Guildford), vol.89(3), pp. 611-615. 

 

Smith, L., Andraski, J. C., & Fawcett, S. E. (2010). INTEGRATED BUSINESS 

PLANNING: A Roadmap to Linking S&OP and CPFR. Journal of Business 

Forecasting, vol. 29 (4). 

 

Sojoudi, S., Fattahi, S. & Lavaei, J. (2019). Convexification of generalized network 

flow problem. Mathematical Programming, vol. 173 (1), pp. 353-391. 

 

Strandberg, J. (2019). Semi-automated scenario analysis of optimisation models. 

Master’s Thesis. Aalto University, Mathematics and Operations Research. Espoo. 

 

U.S. Energy Administration. (2020). Biofuels explained: Biomass-based diesel fuels. 

Online. Available at: https://www.eia.gov/energyexplained/biofuels/biodiesel.php 

[Accessed 31.3. 2021] 

 

Vanderbei, R. J. (2020). Linear programming. vol. 5. Springer. Heidelberg. 

 

Wang, I. L. (2003). Shortest paths and multicommodity network flows. Doctoral 

dissertation. Georgia Institute of Technology, School of Industrial and Systems 

Engineering. Georgia. 



74 

 

 

 

Winston, W. L., & Goldberg, J. B. (2004). Operations research: applications and 

algorithms. vol. 3. Belmont, California: Thomson/Brooks/Cole. 

 

 

 



 

   

 

APPENDICES 

 

Appendix 1. Semi-structured interview 

 

1. What are the main challenges in S&OP optimization tool regarding the result analysis? 

2. What kind of information and visibility are desired in terms of S&OP optimization? 

3. What are S&OE optimizer requirements from a planning point of view? 

4. What kind of analysis is needed for comprehensive S&OE planning? 

 

  



 

   

 

Appendix 2. Basic algorithms for minimum cost flow problem 

 

Algorithm Worst-case 
iterations 

Features 

Cycle-canceling 𝑂(𝑚𝐶𝑈) Each iteration solves a shortest path 
problem by detecting negative cycles with 
arbitrary arc lengths and augments the flow 
along these cycles while maintaining the 
flow feasibility. 

Successive shortest 
path 

𝑂(𝑛𝑈) 
 

Each iteration solves a shortest path 
problem with non-negative arc lengths, and 
augments pseudo flow from excess to deficit 
while maintaining the optimality. 

Primal-dual 𝑂(𝑚𝑖𝑛{𝑛𝑈, 𝑛𝐶}) 
 

Each iteration solves a shortest path 
problem with non-negative arch lengths and 
solves a maximum flow problem to reduce 
the infeasibility of optimal pseudoflow. 

Out-of-kilter 𝑂(𝑛𝑈) 
 

Each iteration solves a shortest path 
problem with non-negative arch lengths and 
augments the flow along the shortest path 
while maintaining the feasibility. 

  



 

   

 

Appendix 3. Polynomial algorithms for minimum cost flow problem 
 

Algorithm Worst-case iterations Features 

Capacity scaling 
algorithm 

𝑂((𝑚	𝑙𝑜𝑔𝑈)(𝑚 + 𝑛	𝑙𝑜𝑔𝑛) 
 

Scales the flow from excess nodes to 
deficit nodes by amount of 𝛥 (initially 
can be the size of C or U, for example) 
and augments the flow using successive 
shortest path. Parameter is set to 𝛥/2and 
new augmentation iteration begins.  

Cost scaling 
algorithm 

𝑂(𝑛5	𝑙𝑜𝑔(𝑛𝐶)) Each scaling phase scales the flow that it 
satisfies the property that the reduced 
cost of each arc in the residual network is 
greater or equal than −𝜀 instead of zero, 
giving an approximate optimality. 

Double scaling 
algorithm 

𝑂(𝑛𝑚	𝑙𝑜𝑔𝑈	𝑙𝑜𝑔(𝑛𝐶)) Combines capacity and cost scaling 
algorithms, operating within two nested 
loops two to separate cost loop and 
capacity loop to find augmentation paths 
for flow. 

Minimum mean 
cycle-canceling 

algorithm 

𝑂(𝑛4𝑚5	𝑙𝑜𝑔𝑛) Iterates similarly to cycle-canceling 
algorithm with finding approximate 
improvements to reduce the arc costs in 
residual network to be greater than or 
equal to −𝜀. If the reduced cost of a 
certain arc is sufficiently large, the flow 
remains fixed throughout the remaining 
algorithmic iterations. 

Repeated 
capacity scaling 

algorithm 

𝑂((𝑚4	𝑙𝑜𝑔𝑛)(𝑚 + 𝑛	𝑙𝑜𝑔𝑛)) In addition to capacity scaling algorithm, 
the algorithm is capable to reduce the 
size of problem with node contradiction 
by detecting the sufficiently large arc 
flows as function of 𝛥. 

Enhanced 
capacity scaling 

algorithm 

𝑂((𝑚	𝑙𝑜𝑔𝑛)(𝑚 + 𝑛	𝑙𝑜𝑔𝑛)) Combines capacity scaling algorithm and 
the repeated scaling algorithm. Chooses 
parameter for scaling more carefully and 
allowing larger scale of augmenting 
paths to strive for problem reduction. 

 


