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Abstract

In this thesis, we consider the logistics network of a medtielon multimodal supply chain with
multiple products and components taking economic and environmental sustaiyataid
shipment consolidation int@onsideration Procedures for calculating and usimgth the water

and carbon footprints of the network as metrics for its environmental sustainability are also
explored. The supply chain logistics network is modelled as a Mixed Integer Linear Program
(MILP) and then tested on randomly generated but realistist iestances.The effects of
shipment consolidation on the economic and environmental cost of operations are analysed
with results showng that consolidation decreases the supply ch&BC)cost especially when

the distance between the shipper and receii@significant.

Considering that in reality, some of the parameters of supply chain network models might be
stochastic, experiments are carried out with the designed MILP model having its demand
parameter as stochastic. With the continual digitalizatidrsopply chain processes leading to
the automatic generation of data, machine learnifdL) has evolved as a methodology with

the potential to help optimize stochastic models witk increasingly accurate predictions of
future occurrences due to the contious innovation of new algorithm®&AL approaches to
predicting stochastic parameters using historical data are evaluated in comparison to the more
traditional stochastic programming approaches over multiple prediction periods. The three ML
models utilized Attention CNNLSTM (A€CSTM), Attention ConvLSTM (ACSTM) and an
ensemble of both models using Support Vector RegressiEmsgmbleSVR), performed
significantly better than the stochastic programming approaches consid&siple recourse
programmingand Chanceconstrained programming) in all scenarios. The MILP models using
the predictions from the Mlalgorithmsobtained the highest value of stochastic solution (VSS)
and had the lowestexpected value of perfect information (EVPI). This makes a cadbefor
continuedintegration of ML prediction methodologies into stochastic optimization modelling.
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Chapter 1

I ntroduction

1.1 ProblenDefinition and Motivation

A supply chain (SC) is a complex network of facilities and organiz#t@ins usuallyover a

wide geographical arewith interrelated activities involving the flow of information, products

and funds to produce and deliver a product or serwiceend uses (Musmannoet al., 2004).

There is a complex web of interactions between these players (facilities and organizations) that
stems from the beginning stage of sourcing raw materials to the final stage of delivering the
service or product to the endsers. One of the most crucial problems in Supply Chain
Management (SCM) is the network design. Inefficiencies in this stage would lead the SC to
operate at a higher cogKabadurmus and Erdoga2020) The goal is therefore to efficiently
design thenetwork such that it runs at the lowest cost (economic or as determined by the

decisionmaker) possible while fulfilling all the criteria or constraints present appropriately.

In the design othe logistical networks o8G, eitherlocd or global, one othe main factors

that make the modelling complex is the presence of stochastic parameters. The parameters are
uncertain and could affect every other decision variable present. For example, if the demand
parameter were stochastidt becomes difficult to miae optimal decisions such as thygantity

of raw materials to order, trucks to use, suppliers to contactd so onlt is thereby necessary

for the company/decisionmaker to have a method ofensuring efficient logistical planning
when stochastic parametsrare present. TheogisticdNetwork DesignL{ND) decisions have to

be viable and resilient enough to function wall uncertain environments over long periods

(Govindan et a)2017).

Most companies have to predict what the demand would be in the futorgsource theraw
materials required and make other decisions within the network. This becomes even more
critical when the goods involved are perishable and can not be rolled over to the next cycle.
However, an oveprojection could come with a cost inged due to storage or damages

(especially for perishable goods) while an ungsesjection leads to a loss in potential sakrsd



possibly, the los®f customer goodwill. It is therefore important to have a methodoldgy
forecastingthe stochastic demanavith high accuracy or at least to reduce the regret of the

decisionmaker.

Traditionally, Stochastic Programming (SP) is @sedptimization models containing stochastic
parameters The distribution or past scenarios of the parameters are utilizdsltiol the model

and the best decision which is expected to lead to the least regret or optimize the goal (cost or

LINEFAGO A& (GKSYy 200GFAYSR® 1 2SOSNE Ay (2RI @

motivation to have better accuracy forecastingdemand adalse predictions could lead to the
bullwhip effect(Carbonneau et gl2008) This refers to the SC phenomenon describing how
small fluctuations in demand at the retail level can cause progressively larger fluctuations in
demand upstream of the networkWith advancements in information technology arite
increased availability of a huge volume of data generated in various parts of SRMaee et

al., 202}, methods such as Machine Learning (ML) could play a biggeinrelesuringbetter

predictability ofdemand and other stochastic parameters.

In the design of SC networks, many previous studies mostly considered apparent costs such as
order, raw material,transportation and production costKabadurmus and Erdoga8020)
neglecting other factors that could make the network more robust and resilient while directly

or indirectly impacting the cost of the company. Some of these factors include sustaynabili

multimodal transportation, and shipment consolidation.

One of the major factors under whidhe logistical operations of a8C etwork should be
analyzed is its impact on the environment it interactsth. A competitive rush tothe
industrialization las resulted in the rapid depletion ohon-renewable resources. The
recognition of these impacts has led governments on different levels to sign new trEaies
as the Kyoto Protoco(UNFCCC, 2008), and Paris AgreemenfUNFCOC 2021)] aimed at
pressurizing companies into reducing their industrial waste, carbon/water footpants,so on
thereby leading to global awareness of the demand for sustainalgllityii & Engau, 2021).
Some of the most important governmental regulations thatve been directed at battling the

carbon emission rate of companies include the concepts of the carbon tax and carbancap



trade (Kabadurmus and Erdogar2020) There have also been recommendations tive
literature on how water conservation poligecould be developed to monitor and manage
water usage levels by factoriesspecially in droughprone localities (Farzaneh et al., 2021).
This is necessary because a large portion of the world is at risk of water scarcity. With climate
change worseninghie situation, and the likely increase in human water needs as the years go
by, there is a need to proactively set principles in place to matiagesituation Vheeler and

Von Braun, 201.3Scheweet al., 2014) Ideally, the impact of SCs on water usage and pollution
should be analyzed and considered in an integrated manner in the network design stage. In this
thesis environmental sustainability is considered through the inclusion of water and carbon

footprint analysign the design of the logistiasetwork of SCs

Multimodal Freight Tansportation(MFT)is the utilization of different modes (air, water, rail,
road) in the shipment of cargo from one location to another. The presendéFdfwidens the
choice of the decisiomaker (DM) by availing opportunitiego use the most appropriate and
efficient modefor every scenario encountered. For example, air mode, despite being the most
expensive, might be the best option if the delivery deadline is chvbde water mode, despite
typically being the slowest, might be the best option easse if the delivery deadlineis
reasonably farDifferent modes also have different environmental imgaaiiowingthe DM to

set up his transportation options following company policy or governmental regulations.
Multimodal transportation could reducdogistical operationalcosts and carbon emissions
(Kabadurmus and Erdoga®020).Figurel shows a basic threechelon supply chain network

with 4 modes of transportation.

Figurel. Threekchelon SC witMultimodal Freight Transportation
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ShipmentConsolidation is #ogisticsstrategy whereby multiple shipments are merged so that
they could be transported on the same vehicle to the same market regientially saving

costs through economies o$cale(Ulki, 2009) It could also provide the SC wian opportunity

to achieve its goal of reducing emissions and becoming more sustainable by using fewer
vehicles or covering shorter distanceqUIki, 2012) Different configurations of SCL are
considered in thisthesis including shippeperformed and ceier-performed consolidation.

Also, an experiment is carried out on the impact of SCL on the netaratkwhen it is most

profitable.

As competitiveness within industries grows and the complexity of networks increases, it
becomes more necessary to factam strategies such as multimodal transportation and
shipment consolidation into théogistical network of any S8 ensure operational excellence

and improved network resilience. Also, as more companies become aware of their duties to the
environment eitherdue to the cost incurred from government regulations or the recognition of
their corporate social responsibility, it becomes more important to factor sustainability directly
into the early stages of th&Cnetwork design rather than having to accommodateas a
forethought potentially leading to nooptimal decisions. Accurate forecasting of expected
demand also plays a role in ensuring that the necessary plans are put into motion to reduce the

extra cost incurred due to overstocking or unmet demand.

Theproblem being tackled in this thesis can therefore be defined as the de$igitEBCN with

the goal of optimizing its economic and environmental (carbon and water footprint)
sustainability while simultaneously factoring in MFT and SCL with a focus orcticaltéevel of
SCM decisiongrder quantity, suppliers to engage and so on). Afterwaedsase is made for

the utilization of ML approaches to stochastic optimization modelling of logistics networks by

evaluating its performance in comparison to tradital SP approaches.



1.2 Scope

Considering a holistic approach, in this study, a realistic rooitimodity threeechelon supply

chain optimization model is generated which considers factors such as environmental
sustainability (water and carbon footprint), multimodaéight transportaion (MFT)and SCL.

The demand is also consideradcertain Actual demand data is obtained, which is then used

as a baseline to compare several SP methods and ML techniques of modelling with stochastic
parameters and their performances over predictionsvafying periods into the future. The
problem is modelled as a Mixed Integer Linear Programming (MILP) model and solved using a
Gurobi optimization solver. Necessary parameterseitieer obtained from standard resources

or realistically generated for eadist instance. Thgoalsof this study can béescribedas the
optimization of the logistical network of atschasticsustainablesupply chain with multimodal

freight transportation andshipmentconsolidation (SSCN/MFT&SCL).

1.3 Contributions

A summary of the comparison between this thesis and other relevant works in literature is
provided inTable 1 The main contributions of this research work to literature are outlined as

follows:

A Development of a modelling framework for the sign and/or operation of a supply
chain network that simultaneously considers environmental sustainability factors such
as water usage, water pollution and carbon emission, alongside multimodal

transportation and shipment consolidation.

A Analysis of the effct of SCL on the economic and environmental sustainability of an SC

alongside the factors that enhance its advantageousness.

A Comparative analysis of the efficienayML approaches and SP approaches to working

with stochastic parameters in designing apization models.
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1.4 ThesigOrganization

The remainder of the thesis is structured as follo@siapter 2focuses on related works that

have been done in literature exposing the gaps this research wishes to cover. Some background
knowledge of each of the general concemgplored is provided inChapter 3 including
logistical netvork design for asupply chain, sustainability and multimodality, stochastic
programming and machine learning. The problem under consideration is descriligdhpter

4, including the network model formulation with its objeati function and constraint&Chapter

5 explains the procedures utilized for analysing and evaluating vli@ous approaches to
handling an SCN with stochastic parametdiise numerical experiments to be performed are
then delneated. Chapter 6summarizes the results and discusses the major findings obtained
from this research work. Lastl;hapter 7provides a conclusion and suggests potential areas

for improvement infuture researcles.



Chapter 2

Literature Review

2.1 Sustainability in Supply Chains

In the past two decades, sustainability §Cshas become a major conce(Kabadurmus and
Erdogan2020) Alignment of theSCgoals of an organization with the sustainability goals is very
important to proactively respond to the possible impact of its operationsther areas such as

the environment and the society at largelhe "TripleBottom-Line" approach (TBL) to
sustainabity was proposed by Elkington (1994) with the consideration of profit and loss, as

well as environmental and social valuesiile analysing the general performance of any
organization The profit and loss performanagetermine the economicsustainabilityof an
organization Factors such as the increasenmney flow throughputand continual growth

despite competition are major goals of ar8C Environmentalvaluesare concerned with

reducing pollution in the environment by emphasizing biodegradable prodawts reusing

them to avoid further depletion of natural resource3ocial values encourage the management

of business to ensure increased positive and reduced negative impacts on peogdilition to

GKS ¢.[ FLILNRBFOKE (KSNB & dBB8y B [Jdz8 K T & az
adzadFAYylFoAt AlR GKSNBoe -[FRWH&QA YDV .[ O0WvIdHIRNEHI D S
sustainability(Ulkii & Engau, 202Tiller et al., 202R This is because the consideration of the

cultural impact of the design or operations &CNsenforces policymakers to involve the
oppressed local communities in their decisioraking. This would further make companies

align more with the United NationauStainable Development Goaldrfited Nations, 2021

Environmental sustainability is a widely considered factor in the majority of stuoies
sustainableSCs Water and carbon footprint sustainability ateo of the common metrics in

the environmental sustinability of an SC Researchers have shown that carbon emissions from
various stages of the supply chain have a significant impact on the environment. The majority of
the researchworks analysed considerazarbon emissions as a cashile modelling the SCLe

and Lee (2013) investigated the economic dimension as cost and the environmental dimension

8



as CQ emission of theSC They considered the GQGemissions to only happen during
transportation throughout theSC Choudhary et al(2015) demonstrated the potential of
cutting down on thecarbon footprint (CFf the supply chains through reverse logistics without
increasing the total cost. Shaw et al. (2016) investigated carbon emissions and carbon trading
issues with the formulation of ahanceconstrained model. Results showed that tp&ants

activatedas well as material flow throughout tHe&CNvaried with the carbon credit price.

A rational tradeoff between environmental issues and total cost has been studied by Zhang et
al. (2017).A MILP was formulated andppliedto an actual case study of an electric meter
company to see the impacthe results showed that thatroduction of CF as a parameter
within the optimization modehad a substantial impact on th®CN resulting in a decrease

CQ emissions per unit shipment. A robust thrseageSPmodel is proposed for an olefin with

the consideration of supply and uncertainty in carbon emission tax (@&zadeh et a).2019).

They showed that increasing the carbon tax rate would desgeamissions but increase the

total network costs.Kabadurmus and Erdoga2020) designed a threeechelon sustainable
supply chain network considering carbon exploring the effects ofacajprade policy on
supply chain cost and emission. However, none of these papers considers the analysis of the

water footprint (WF)of the supply chin as an environmental sustainability factor.

WFanalysis is another important element in sustainability. Most industrial production systems
use fresh water as an essential element. The utilization of global freshwater for the agricultural
and industrialsectors is 70% and 22%, respectivéinifed Nations Educational, Scientific and
Cultural Organization2009). Many of the research works considenfi§ that were analyzed
however focused more on the agricultural sector. This could still be consideredriasfghe
supply chain as raw materials, especially for food supply chains, are sourced from farms.
Analysis oVFis critical in all sectors of th8CNor environmental sustainabilityRidoutt et al.
(2010) investigated the fresh mang8C network. It was found that the WF during the
agricultural stages is 2298 litres per kg, whereas it increased to 5218 litres per kg of mango
during the transportation, retailing, and consumption stages. De Boer et al. (2013) studied the

impact of freshwater consumptionnothe environment while considering milk production in the



global SCin the Netherlands, including resource depletion, using a Life Cycle Analysis (LCA).
They concluded that the amount of water required to produce 1 kg of fat and protairected

milk is66 litres. Gu et al. (2015) inquired about both direct and indirect water consumption in
an iron and steel factory in China. Based on the results obtained, the freshwater consumption

and water pollution per ton of stealere 5.5m* and 146nd, respectively.

Alternatively, transportation modes, especially shipping serve as a potential source of water
pollution through occurrences such as hydrocarbon leakage, sewage discharge and garbage
discharge(Shi et al., 2018Bedaiwi et al., 2019 All of the above indicate that in analyzing the

WEF of a complete SC network, both the impact of facility (such as farms and factories)
operations and transportation on water usage and pollution have to be considénethis

thesis we model aan SCNthat simutaneously considers environmental sustainability based on

both carbonand water footprint.

2.2 MultimodalTransportation in Supply Chains

Multimodal transportation is another important element in th®CNwith the potential of
redudng the overall cost ofSCs Multimodal transportation refers to when a supply chain
network considers two or more modes of transportation. Liotta et al. (201%idered a
three-echelon supply chain network with the road, rail, and water modes of transportation. It
was shown that more multimodal distribution options can help meet environmental and cost
saving goals by leveragingthe different costs and emission tes of different modes A
bioethanolSCQwith multimodal transportationwas investigatedby Park et al. (201 %ponsidering

a combination of truck and rail. Using more than one mode of transportation was more cost
effective than using just one mode of trarspation and led to a lower cost fathe SC A
multimodal cellulosic biofugbCwvas addressed by Xie et al. (2014) to minimize total cost. It was
found that railing was more convenient fdong-distance transportatiorwhile trucking was
more effective forshort-distance transportation. Beresford et al. (2011) investigated the best

multimodal transportation combination for transporting iron ore shipments from Australia to
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Northeast China identifying the reskarail transportation method as the most efficiemode

for bulk cargo.

Moradinasab et al. (2018yodelleda petroleumSCwhile considering rail, road, and pipeline
transportation to maximize the total profit and minimizenvironmental pollution. They
formulated the problem as a MILP, and the resultsvgéd that profits increased by 11.12% due
to the reduced transportation cost throughotite SCAn SC withdng-distance freight delivery
via multimodal ratroad transportation wasworked on by Mostert et al. (2018). They
considered roads, intermodal raind intermodal inland waterways to find the most economic
mode of transportation. Results showed that the combination of two modes of transportation
was a costeffective method, especiallwhen the distance to be coverewvas more than 300
kilometres. Kaladurmus and Erdoga(R020)considered 5 different modes of transportation
(including an environmenrfriendly truck) and found that the cost and emission level were
reduced when compared to unimodal transportation considering only the road mOtieer
studies that considered the combination wiultiple transportationmodes include Zhang et al.
(2017), Wang et al. (2018)@and Farazmand et al. (2022)ikewise multiple modes of

transportation (air, water, rail and road) are considered simultaneously irtlibss

2.3 Shipmentonsolidation in Supply Chains

ShipmentCGonsolidation(SCLalso plays a huge role in potentiareducing cost and greenhouse
gas emissions dCNgUIki,2012). Serrano et al(2017)proposed a global network of cross
docking platforms to connect longjstant assembly factories with firtier suppliers. The goal is

to minimize the overall cost, which includes the cost of inbound and outbound transportation.
Fan et al. (2019) examingtie flow consolidation of perishable and dry goods. The findings
suggest that shipping distance and cargo type affect the performance of flow consolidation in
logistics. Capar (2013) investigated a twetage combined shipment consolidation with an
inventory decision in the distribution system. An exact optimization approach was proposed to
handle the issue of optimum replenishment amount at the distribution centre, the eungeo

level at retailers, and a shipment consolidation cycle to measure overdibrpgance. The
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results indicated that in a shipping consolidation setting, having zero inventory on the ré@tailer

end increased the total cost.

Glock and Kim (2014) established a framewbek enables the minimization of the overall cost

for shipment consolidation ina context involvingnultiple vendors and single buysrAccording

to the numerical findings, deliveries should be arranged such that the buyer gets big shipments
at the start of the delivery cycle and modest shipments at the end. They alatianed that
vendors with a high production capacity should have their shipments delivered at the end of

the delivery process.

Another type of study on consolidation was the Urban Consolidation Centers (UCCs) idea, which
can be implemented considering sal cities. A UCC is built on the Gtporder so that large
vehicles from shippers can access it and deliver products. Small trucks are then utilized to
deliver products to city recipierd Lopez and Céceres (2020¥covered thatsuch a system

could ircrease complexity while increasing efficiency. Alves et al. (2019) used delivery lockers as
a lastmile alternative to investigate urban freight policy in connectioretcommerce. Carriers

may use lockers to decrease the number of trucks needed for dglidastead of home
delivery, Haider et al. (2020) recommended combining client orders and distributing them to a
nearby convenience store. This study desigms SC model that integrates multimodal
transportation and shipment consolidation into each othlerluating its impact on especially

large networks spanning global scales.

2.4 StochastiBemand in Supply Chains

A big concern in modellin§CNss that some of the parameters (such as demand) could be
unknown or stochastic. Numerous techniques for buaidd such models with stochastic
parameters have been considered in the literatufidnis includes stochastic programming (Ma
and Liu 2017), robust optimization (Behal et al.,, 2009),and fuzzy programming
(Zimmermann 1978) With increasing computing capabilities and available historical data, the

use of Machine Learning (ML) to assist DMs in planning is becoming more widely considered. In
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this thesis, the efficiency of ML approaches is evaluated and compared to some of tke mo

traditional Stochastic Programming (SP) approaches.

2.4.1 Stochastic Programming

SPis a framework that allows the consideration of stochastic parameters in the modelling of

optimization problemsSome of the widiesutilizing SEn the SCN contextlesign are discussed.

Ma and Liu (2017) investigated a closémbp supply chain network esidering transportation

and customer demand as stochastic parameters with known joint distributions. An equivalent
deterministic MILP model of the proposed stochastic chance constraint with Value at Risk (VaR)
is then formulatedand solved using commerdi&CPLEX software based on the finite discrete
distributions of the uncertain parameters. Computational results reveal the significance of the
proposed model and solution model. An integrated chanogstrained stochastic
programming model for mukperiod, multi-product, multiechelon and multcustomerclosed

loop SCmobile network was proposed by Ahmadnd Amin (2019). An equivalent multi
objective linear programming formulation was developed with stochastic product return rate
and demand tadetermine the appropriate location and the optimum number of facilitias.
integrated chanceonstrained model is formulated for sustainable supplier selection and order

allocation with stochastic demand (Mohe&dizadehand Handfield, 2018).

2.4.2 Machind_earning

Due to the increasing availability of supply chain generated data, computational power and
other advantages of machine learning methods over traditional methods, researchers and
practitioners have started incorporating machine learning methods mumerous areas of
supply chain managementSCM)including supplier selection, supplier segmentation, risk
prediction for the SC demand forecasting, manufacturing, and inventory management
(Tirkolaee et al., 2021). ML providesgaod accuracy in demandorecasting which gives a
significant advantage t8CMsince it helps to reduce theell-known bullwhip effect (Chong et

al., 2017%. Cao et al. (2017) predicted the customer demand using the least square support
vector machine and optimized it by the Pal Swarm Optimization algorithm. The applicability

of machine learning methods, namely neural networks, Recurrent Neural Networks (RNNs), and
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Support Vector Machines (SVMs) to forecast distorted demand at the end of a supply chain was
addressed by Carboeau et al. (2008). They compared the results witiditional forecasting
methods, including naive forecasting, trend, moving average, and linear regression. The RNN
and SVMs models outperformed the others. Ampazis (20b&s similar work in a different
context utilizing Artificial Neural Networks (ANNs) and SVMs to forecast customer demand at

the very first stage of a supply chain.

An intelligent demand forecasting system was developed by Kilimci et al. (2019) using a
combined application of time series methods, SVMs, and deep learning methods. A variety of
numerical tests show that the suggested demand forecasting system achieves notable
outcomes when compared to statsf-the-art studies. A study was carried out by Bimtnal.

(2022) considering demand forecasting under advertisement expenses using S\pptot
Regression (SVR), Random Forest Regression, Decision Tree Regressor and deep learning
techniques including ANNs, and Long Sfi@tm Memory (LSTM). LSTM wasvam to be
superior to other models in terms of predicting demand based on its significantly higher
accuracy. The study we found most interesting though was Okwuchi et al. (2020) which
compared traditional ML techniques of predicting time series demand tatdeep learning
modelsand observed that three deep learnimgodelsperformed better than the traditional
techniques. Thesenodelswere the Attentionbased CNML.STM (ACSTM), Attentiosbased
Convolutional LSTM (ACNSTM) and an ensemble of both techrequsingSVROkwuch et al.

(2020) utilized compound deep learning models that performed better than most of the best
performing models in many of the studies stated above (e.g., Carbonneau et al,,A0p8azis,

2016 Birim et al., 202

The increase ithe amount of data generated througho®CMprocesses encourages the use of
advanced methodologies such as ML to extract insights that can be used to improve such
processes. Tirkolaee et al. (2021) recognize that there is a huge gap in the utilizddah dfL

within the optimization model to design and optimize supply chain netwoikss paper
thereby integrates ML models into the optimization problem and compares the performance

with SP techniques for working with stochastic parameters. To this dmthree best ML
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models observed by Okwuchi et al. (2020) are consideratiis thesis agandidates for ML.

This is as it is a fairly recent study and has excellent performing models.

2.5 Summary

This research designs a realistic model that considenseg£chelon SC network, with multiple
product types being the flomdownstream, and multiple components being the flapsream
serving as raw materials for the produ¢teeFigurel). Raw material requirements were also a
factor considered by Fahimnia et al. (2015), Liotta et al. (2015Kafédurmus and Erdogan,
(2020) Similar tothe majority of the studiessich asShaw et al. 2016; Zhang et al., 2017;
Alizadeh et al., 2019), hSC network in thishesisconsiders multiple facilities, suppliers and
retailers Kabadurmus and Erdogaf2020) additionally consider carbon footprint and
multimodal transportation. To the best adur knowledge, there is no previous work that
consides and explors an SC withmultimodal transportation, shipment consolidation and
environment sustainability (water and carbon foatgt) simultaneouslyunder stochastic
demand We also could not find any previous work comparing the effectiveness of utilizing
data-driven machine learning approaches in optimizing stochastic models to utilizing basic

stochastic programming approachddesegagsin literature motivateghis thesis.
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Chapter 3

Background on Supply Chain Design andRelated Concepts
3.1 Sustainability

One of the mosipressing issues today is climate change effects and how much industrial
activities have an impact on. iTo alleviate the effects aflimate changenew regulations and
sustainability developmental goals have been put into effect by governing bodies on both
regional and international levels. These include the likes of the Paris Agreement, Kyoto
Protocol, an Carbon Offsetting and Reduction Scheme for International Avigkiahadurmus

and Erdogan2020) Sustainability in the&SChas thereby gained considerable attention in both
academia and practice. ThishiecauseSCoperations play a significant role aimate changen

a worldwide scal¢Kabadurmus and Erdogaz020)

According toUlkil & Engaif2021) there is a need t@ssess the performance of an SC network
by the quadruple bottom line of sustainable development which includes its economic viability,
environmental performance, social responsibility and cultural impact. Based on this, there have
been works in academianathe design of supply chain networks while factoring in its effects on
these factors(e.g.,Kabadurmus and Erdoga®020; Najjar et al., 2020; Ulkii & Engau, 2021
This research integrates two dimensions of sustainable development, namebgdm@mic ad
environmental performanceinto the Logistics Network Design (LNDphportant factors that
contribute to the environmental performance of SCs include the water and carbon footprint of
its activities such as transportation and production. Factoring these irLM@stage enables

the SC to proactively align its activitiegs the relevant Qustainable Development Goals as
defined by the United Nations. These include access to clean water and sanitation (goal 6),
reduced climate action (goal 13), protection of life below water (goal 14) and life on land (goal

15).

3.1.1 WaterFootprintAnalysis
bSEFENIe&e ymx:» 2F GKS g2NIRQA LRLMzZ FiA2y YR Wgl
scarcity(Vorésmarty et al.,, 2010)This is due tdhe societal water consumption by humans
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compounded with large industrighnd agricultural us 3 S ® | £ A ¥MaderBateghis y 3 S
situation Wheeler & Von Braun, 2013). Considering that human water needs are likely to
continue growing $cheweet al., 2014), it is important to consider the impact®En water

usage. This is because poanmanaged water distribution systems can lead to agricultural
FILAfdzZNBTX &LISOASE SEGAYyOGAZYyS F22R &aK2NIIl 3843
world population, climate change and continuing industrialization pose additional stresses to
freshwater availability (Manzardo et al., 2014). It is thereby important to factor in the impact of
factories and transportation modes on the water when designing supply chain networks. This
would motivate the efficient usage of the necessary elements of a lyuppain that impact

water sustainability.

In considering factory location and its impact on water sustainability, Farzaneh et al. (2021)
provide a system for the development of governmental plans for ecological and societal
allocation of water within a @gion considering hydrological factossich asprecipitation,
evaporation, inflow and seepage after historical patterns on these parameters have been
considered. Farzaneh et al. (202ignsider the development of water conservation policies
that ensure tha during a period, enough water is released to the local reservoir for societal
usage, to satisfy downstream ecological needs, and support aquatic ecosystems and ecosystem
services. This is to ensure the preservation of the water balance in the resewemduring

that at the end of edg period, the total water storage in the reservoir is not less than the dead
capacity (which makes drought a risk) and not more than the flood capacity (which makes

flooding a risk).

Assuming that such models as proposedHarzaneh et al. (20219 determine the industrial
allocation of water considering local factors (such as the local drought index) havebbiten

and analysedfactories andnanufacturing plarg within such locations can then be regulated

to limit their water usage on all processes to be withispecifiedcap. The model provided in

this paper assumes that after local water management has run the necessary analysis and
decided the amount of watecap is necessary for societal ecological and industrial usage,
individual caps or wastewater release caps after which recycling is enforced are then mandated

on local industries, factory, manufacturing centres with a charge for any overuse or money
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spent on wastewater.The water footprint of each product is the average volume of water
utilized (excluding the quantity recycleshile producing i{GerbensLeenes & Hoekstra, 2011)
From the point of view of the company, it (the company) has to ensure all its local processes
combined do not consume more water than the cap allocated to it (the company). This might
affect its decisions on variables such as the technology to use, thenmaxquantity of the

item to produce or process, and the amount of water overuse it can afford despite the charge
considering the end goal/gain. This is used to calculate the local water footprint of such a

company.

The next question is then about how acfory could measure the amount of water it consumes

if the quantity can not be gauged automaticalljp 2011, the Pacific Northwest National
Laboratory released a 33ages guideline for estimating unmetered industrial water B®y(,

2011). This provide@ systematic approach to calculating unmetered sources while utilizing
engineering estimates. The analysis provided a methodology for estimating water use in
systems such as steam boiler systems, and evaporative systems. The approach can however be
studied and generalized to other systems that might exist within the industries. The report
suggests that the most accurate way to measure water usage would be through the installation
of flow meters. However, in the absence or impracticality of installing simbices, the

guidelines can be used to obtain an engineering estimate.

Facilities use industrial water generally for purposes such as processing, fabricating, cooling,
diluting, washing otthrough the directincorporaion of water into a product Systems that
utilize water but operate in a closddop where there is no significant water loss per cycle
would provide negligible impact and can be ignored in estimatigoyq, 2011).All processes

that constitute water usage in Company X have to beyaeal individually and expertly. The
guantity of water usage in applications such as within an evaporative cooling system depends
on total hours of operation, and the size of the device (i.e chiller tonnage). Within usages
similar to the vashing processesthe quantity of water depends on the number of units
washed, processed or manufactured, the amount of water required for each washing per

gallon, and how much of such water is recycled by percentage
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As an analysis of a sample systéoyd (2011) gives thefollowing formula to calculateannual

water usage by an operecirculating cooling system

6 & & OLCEDO i MFD QDT &2 NG WRE | 6 & 1F 6 QE-£

where n is the number of chillers installed within the cooling systemijler consumptions a
factor basedn the sizeof each chiller, and total runtime is the number of hours the chillers are
runin a year divided by the number of hours in a year. An expert would be required to analyze
each of the existing watezonsuming systems within a factory amvelop the necessary

estimation formulae.

In summary, some of the quantity of water usage is defsnt on how long the processes are
run, while others depend on the total number of units or batches of units produced. The
following formula is therefore used as a summary of total water usage within a factory or
industry where processes that use water amhourly bass are indicated ap while those that

use on a quantity basis are indicatedops
e r 1 Ter en h [y 4 ALY t, € 7, € ?‘Y
Yé¢ 0000 i 0™ QQ w 20 oozb,—
wherew is the quantity of water useder hourby each procesgthat useswater on anhourly
basis,and"O is the total number of hours used per procgssy is the quantity of wateused
up by each procesg that uses water on a pebvatch basis *Y is the total number of units
worked onduring procesg] and6 is the batch sizevn and w are adjusted to reflect the

portion of the water recycled during the process.

Example 3.1

The major sources of water age in Factory X are an evaporative cooling system, a steam
heating system and a washing system. After an expert aisaysll systems, it is determined

that the cooling system uses water at a rate gdQD gallons per hour. The steam heating
system uses war at an average rate df,100gallons per hour (considering factors such as the
feed water rate and condensate return). The washing system however uses 200 gallons to wash

each batch of the product while reusing 50% of the wash watej0@Dunits are psduced
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annually at a size of 100 per batch, which requires the cooling system to run fdro27® and
the steam system to run for 250 hourBhe total water use can thereby be calculated as below
with the first, second and third terms representing the watconsumption by the cooling,
heating and washing systems respectively.

Y€ OO ®i 0 "QQ

QO & Q0 & Lo cMmnm .
pnr@t—iZcme ppn?'éc[—iZcumD pnannznp ™ Qo a

=0.565 million gal

Water is also polluted during transportation. In thigesis we consider transportation water
usage per mile to be negligible. This is as the water footprint directly related to transportation
is minimal unless when biofuelsuch as ethanol and biodie¥elre used(Aivazidou et al.,
2018) An exemption is however made for water transportation. This is because it could directly
impact water through means such as oily water discharge, wastewater discharge, garbage
waste and ballast water dischargk.geneal formula to calculate the impact of shipping the
water is provided below. The water footprint is then estimated as the number of
containers/vehicles owned by the company multiplied by the time used and the average
pollution rate per unit time for trasportation modd.

AEOOAT AA

A O A OGECAA A

where @ is the total water pollution, 0 is the average water pollution a
vehicle/container is accountable foper hour for mode t, and &is the number of
containers/vehicles in use. This gives an estimate of what ealkltle/container contributes to

the total SC water footprint.

For water footprint analysis in thigesis, the whole supply chain has to be considered. This
includes not just thequantity of direct water consumptiomut also the sustainable level of
water within the different catchment areas impacted considering available resources. To this
effect, the follaving will be considered in the model formulation:

a. The water scarcity level or water cap directives from local water management in facility

locations
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b. The direct water consumption (excluding the quantity instantly recycledhile
producing batches agach product (from plants)

c. In transportation, all modes are considered to have negligible water impact except
water transportation which could pollute water througts directcontact with it. This

will be incorporated into the model based on the distaticrelled.

3.1.2 CarbonFootprintAnalysis

The environmental damage accompanying the activities within SCs calls for action from all
parties including the regulatory bodies, business operators and consumers. Greening the supply
chain should thereby be aabjective while designing an SC network. To this effect, multiple
carbon emission regulation schemes have been developed. A carbon cap is set for every
company which can be reduced gradually to encourage them to go greener. Regulation
schemes include theacbon tax and carbon caandtrade. Carbon tax means companies have

to pay a tax on every unit of carbon emission above the cap set by the government. This is a
widespread initiative used in many countries such as Canada and China (Goulder and Schein,
2013 dhe unit price paid for excess emission is set by the regulatory bodies. The carbon tax
scheme however might cause unedilization of resources if companies become too careful

not to exceed the cap because of the reluctance to pay the tax. Thiatloniis covered by the
carbon capandtrade scheme which allows companies to buy and sell the allowance for carbon
emissions from other companies if necessary. The unit cost of carbon emission is determined by
the market and companies can design the SfBwork to optimize the overall cost while

factoring in emission allowance buying opportunit{gsbadurmus and Erdoga2020)

In the SC context, both transportation and facility operations are among the factor that
contributes to the overaltarbon footprint. In logistics, transportation is considered to be one
of the largest contributors to environmental hazards The source of moste@3sions in the
United State is the transportation sect{ePA, 2022)n literature, the calculation of th€Q
emissions from transportation is mostly based on the type of fuel used, the weight of the load,
the distance travelled and the type of vehicle used. Howel#k(i (2012)argues that to be

more realistic,factors such asehicle packing efficiency drtraffic congestion(especially for
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road transportation)should be considered. Other factors such as #itective volume and
weight utilization of the vehicle should also be considered in the calculation of the £0
emissions per tripln the last few decades, studies on reducing emissions at the SC level, and

hence from an SCN perspective have increased lgedhliand Merrick 2012).

The four major modes of transpation all have to be considerethir, road, rail and sea

OGN yaLR2NIFGA2y 0P ¢KS &AKALILAY3I SYAaarzy Fl Ooa2l
1.278, 0.209, 0.021, and 0.0409 kg of Carbon emissions pemiten This is the amount of

carbon emittedwhen shipping a tonne of freight travelling 1 mile (Cadoord, 2027) ®© / | Nb 2 Y
emission per gallon of fuel is also obtainable from the same source. Accorduigu¢2012),

carbon emissions from different modes of transportation canchkulated using the following

formula:
. o . . . YOBUO
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where @' Qp —— 7Y | El——h— , and

i. For each vehicle—0and —uU are the weight and volume efficiency targets set by the
DM.
il. [ isthe packing efficiency indicating how well the packages are stacked up.

iii. "Y isthe shipping emission factor per temile when vehiclé is in use

iv. Ois the total miles travelled

V. "O is the @rbon emission per gallon of fuel

Vi. 0 is thefuel mileage of the vehicle

Vii. 0 is the average amount of G@missionwhen packagingeach unit of cargo unto

vehiclet. Thisincludesemissiondrom loading and unloadingrocesses

vii. 7Y is the maximum number of produgtthat can fit in a single typevehicle
iX. i nis the average speed of vehidle

X. i n isthe maximum speed allowed

Xi. W is the number of vehicles in use for transportation made
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The first termin Eqn 3.1 refers to the amount of carbon emitted if the vehicle was travelling
empty. Thesecond term refers to emission while packaging the products (loading and
unloading) whereasthe third term refers to the shipping emission based on the weight of the
products being shipped, the distance being travelled and the congestion factpand i 1)

can be assumed equal for some modes of transportation (e.g air, water and rail) thereby having

a congestion factor of 0.

Productionactivities within facilities also add to the total emissiaithe SCIt is also assumed
that the technologytype in different facilities causes varying emission rates even for similar
products. If thequantity of carbon emitted per batch production of final proddian factoryi is
represented asep and the total quantity of producp produced isk , then the total carbon

emission due to production is

AR Q2o

3.2 Multimodal FreightTransportation andgshipmentConsaldation

Multimodal FreightTransportation(MFT)now plays a central role in SCs majorly due to trends
that are fundamentally changing the business strategy of large or global corporations such as
the growing demand for speedy product deliveries, the continued enun globalization
driving trade and investment, adoption of practices like agile manufacturing and the need to
make supply chains increasingly effici€Riondinelli & Berry, 2000)The presence of multiple
transportation modes allows the network to usé the best combination of modes to ensure
products are delivered otime and the SC goals are achieved. With the increasing expansion
and integration of transportation systems, the evaluation of the full impddtansportationon

the environment (water air and land resources) becomes more comgkrandinelli & Berry,
2000) However, researches show thagsidespotentially reducing the total economic SC cost,
multimodality of transportation could also decrease environmental impact (such as the total
carbon emitted) by allowing the use of more sustainable transportation alternatives

(Kabadurmus and Erdoga2020)
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Shipment consolidation is a strategy that combines two or more orders into a larger unit that
can be dispatched on the same vehicle ugsuall the same market region. This strategy is
potentially more sustainablehan having to dispatch each shipment individually. THieause

it can greatly reduce the transportation cost per unit or order (hence economic sustainability)
while employing fewer londnaul shipmentsand redudng total vehicle miles. Ulk{(2012)
demonstrates that increased utilization of vehicle capacity (through shipment consolidation)

would lead to a reduction in total carbon emission.

The shipment could eitherebFull TruckLoad (FTL), where the shipper usest or the entire

truck spaceto make its delivery to its customers, or Less than TruckLoad (LTL), where only a
fraction of the truck space is used and paid for. The LTL shipment from multiple shippers is
loaded onto a truck and delivered as a whole to a customer or to a distribution center where

the shipment is broken down and distributed to respective custom@iiii, 2012) FTL

shipment is coseffective if most of the capacity of the truck is utilizedthg quantity of the

freight. This can be achieved through shipment consolidation. Allowing a mix of FTL and LTL
modes of shipments in an SC network can enable cost savings as there is generally more
utilization of available truckgJlkii, 2012) From thed K A LILJS N & , ER inygdé ca Be DA S &
used when a large capacity is required and LTL can be rented when only a fraction of the truck

space is needed.

The different shipment consolidation logistics configurations between shippers (e.g, a
manufacturer) ad receivers (e.g., a retailer) shownhkigure2 (based on Higginson, 199&j)e

briefly described.

In configuration 1a, the shipper utilizes its truck, the truck it receives from the receiver or a 3rd
party logistics (3PL) truck to directhansport its cargo to the receiver. This might be efficient if
the distance is short and/or if the shipper can achieve FTL. Otherwise, there might be great
underutilization of vehicle capacities. This could be compounded in multimodal transportation,
especially for global SCs where full fixed prices will be paid for underutilized vehicles/containers

travelling over long distances.
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Figure2. Different Shipment Consolidation Configurations
1. ShippetfPerformed Consolidation 2. QGarrier-Performed Consolidation

a. b.
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In configuration 1b, a single shipper intends to supply multiple receivers in the same or
relatively close market region. The shipper thereby consolidates all deliveries and sends them

over to a distribution facility closer to the region where the recesvare located. The facility
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breaks down the package and either delwar individual vehicles to the receivers or utilizes
the milk run delivery format. In global SCs, a supplier that has a large customer base in another
region can consolidate all its detries and thereby save money in the shipping of his

consolidated load as he uses fewer vehicles/containers.

In configuration 2a, loads from multiple suppliers are transported to a consolidation facility
from where the loads are consolidated and then gt@g over to the receiver. Depending on
the distance and truckload, this could provide a cheaper alternative to direct delivery as the
total distance travelled from the suppliers to the receiver is reduced thereby reducing fuel
utilization and carbon emissn. Also, in global supply chains where multimodal transportation
is required, individual loaxlare consolidated and shipped out as a singular unit thereby saving
costs accrued througless travel distancand increasing the utilization of vehicle capaasti
Configuration 2b is similar to 2a. It however recognizes that the shipment might be required to

go through a distribution facility if it is to be received by multiple receivers.

Figure3. Representation of Unimodal and Multimeddransportation
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Each arc on the supply chain network can utilize multimodal transportation. However, in this
study, some arcs are indicated as purely unimodal fSgare3a). These include trips between
facilities in the same regiorsypplier to local consolidation facility and distribution facility to
receiver). Arcs that require multimodal transportation are however considered to require

trucking for a portion of tk trip to transport the shipment from the shipping node to the
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intermodal hub (such as the airport), and from thetermodal hub to the delivery node (see
Figure3b ). Both modes are sometimes merged and representedrigare3c in the coming

chapters.

3.3 SupplyChain Stochasti®emandApproaches

Usually,many of the parametersconsideredin LNDsuchasdemand,supply,costand delivery
time are inherently uncertain (Govindan et al., 2017Yheseuncertaintiescould be causedby
disruptionsdue to humanor naturalfactorsand unforeseencircumstancesTheimpactof these
uncertaintiescould sometimesbe significant causingdecisionmakingto be more challenging
Methodologieshave been generatedto solve SCNmodelling problems with uncertainty to
obtain the best configurationthat generallyperforms well under all or most of the possible
occurrencs of the uncertain parameter (Govindan et al., 2017 Yraditionally,methodologies
employed to work withstochasticparameters with known probability distribution ssochastic
programming(SP) When no information about the probabilitgtistribution is known, robust
optimization (RO)models can beemployed to optimize the worstase scenariavhile fuzzy
mathematicalprogramming iscapable of handlinghe modelling when the uncertainty has

some level of ambiguity and/or vaguend&xovindaret al., 2017)

Basic SP approachesto uncertain parameterswill be consideredin this researchas the
Wi NI R kéthods e pefformanceobtainedwill be comparedagainstthe performanceof

other advancedechniquesof machinelearning.

1. Stochastic programming
a. SimpleRecourse Programming
b. ChanceConstrained Programming
2. Machine Learning
a. Attention ConvolutionalLong short term memory (ACSTM)
b. Attention Convolutional Neural NetworkongShort Term Memory ACNLSTM)
c. Stackingensemble of AA.STM and AGNSTMusing Support Vector Regression
(SVR)
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3.3.1 Stochastic Programming

Stochastic programs areptimization modelsin which some of the model parameters are
considered uncertainThe first forms wre by Bealg(1955)and Dantzig1955)which involved a
sequence of actiobservationreaction (or recourse).Simple and gneral recourse assumes
risk neutrality of theDM while other models like chanesonstraint programming factor in risk
averseness of theDM. SP has attracted a lot of attetion in literature because it is a
fundamental building block of many supply ain problems including capacity planning,

multiperiod inventory, and contract design problerf@hen et al., 2009)

To work with models having uncertaintieseveral mathematial frameworks have been used
including stochastic programming, charmenstrained programming and robust optimizatjon
each withvarying degrees of riskversion(Li & Grossmann, 20213P is a riskeutral approab

that aims to optimize the expected outcome for all scenariosor over the probability
distribution. The objective is to find a solution that performs optimally on average while being
feasible for all (or most) of the possible scenari@hance constrained programming can be
seen asa stochastic program wherein some of the constraints have probabilistic parameters
and these constraints only have to be satisfied at a given level of probability. Ghance
constrained programming has connections with risk management as it allows modiekiuef

enough to deal with reliability issuéki & Grossmann, 2021)

Thisthesisconsidersa model withdemand as a stochastic parameter with an overstocking cost

for stock above demand, and understocking cost for stock below demandisTduste similar

to the popularNewsvendor ProbleniNVP) (Scarfl958) The vendor must decide on how much

stock to orderx at a costc without prior knowledge of what the demandiould be This
RSYIFYR A& NBLINBaSy i She seléng priceddulyd B Ye cdrisitiefed asf S v
the understocking coat as it is asalesopportunity foregone. Theverstockingcosto could be

the difference between thesum of thepurchasingand holdingcost and the salvage value
However, we can assume perishable goods have no salvage value and would thereby not incur
holding coss$ as they are discarded with no return making the ®tecking cost equal to the

purchasing cost. For thisthesis the simple recoursestochastic programmingnd chance
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constrained programming are considerdtlis also assumed that the probability distribution of
the uncertain parameter (demand) islknown but characterised bysomediscrete realizations
(scenarios)of this parameter as an approximation of the probabilitystribution. A finite

number of scenarios obtained from historical observations is utilized.

1. Simple Recours&tochastic Programminghe objective is to find a solution that performs
optimally on average while being feasible for all (or most) of the possible sosném two

stage programming, there artgvo stages of decisions to be made. The fatstgedecisions are
GK2aS G2 0S5 Y dathe begnBingddf the peRod¢nasiage decisions involve

dzy OSNI F Ay de FyR | NB {KSdeBns atthg entl & yhe pedodhggel A {
decisions are taken after the true values of the uncertain parameters are disclésedimple
recourse SP, the recourse action simply involves calculating the penalty based on the deviations
of the outcome from theprescribed solution (Dye, 2008)heNVPis an exampl®f astochastic

linear program with recoursgBirge, 1997)The recourse can be seen as thecond stage
decisions to be made such as the quantity to backol@ehat option is availableor hold as

inventory for the next cycldt can be generally represented as the following model

[ EDo [ LR

b
(®06w ah
w Th

wherel , h =£ @z, n, o ,[al=max{a,0fBirge, 1997).

In a riskneutral setting, theobjective function of theproblem can be formulated as the
minimization of the expected value of the cost in relation to the probability of each possible
demand scenario, or the probability distribution of the demand (assuming a amum

distribution)

Theminimization of the expected value givassolution that performs optimally on average

all the possible scenarig®ye 2008)
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2. ChanceQonstrained Programming This was developed bghanes and Cooper (195&nd
has gained significant attenticdinom researchers in many field$his approaches thEVPfrom
a servicdevel perspectiveo find the optimal order quantity (inventory level) that allows the
demand to be met with at leasiep | probability while minimizing the cost incurred due to
inadequate or surplus inventorvan der Laan et al., 202Zfhis makes chanesonstrained

progranmming a riskaverse approach whergis the preset risk level of the decision maker.

Supposing that the constraint that links observation of the deman@cenario) to the target
inventory levelx is linear inx (represented as the functioiQah ®), then the servicelevel

constraint of themodel can be formulated as
"R 0 p oy

meaningthe values ofvariablex the optimal model provides only has falfil the constraint
often enough to meet the prset risk level . The objective function remains the samdnile

the servicelevel constraint eliminates some of the scenarios.

In classicabtochastic programmingt would berequiredthat sucha constraint is satisfied for

all possible realisatiaof the stochastic parameter. However, this might be infeasible or very
costly if the model has to adjust its decision variables to account for outliers within the scenario
space.The chance constrairprogramming reformulation allows for the mode&b ignore as
many outlier scenarios as possible that might increase the overall cost if catered for by the

program but within the probability limits set by the riakerseDM.

3.3.2 Machinelearning

Generalstatistical approaches to demandorecastingemploy the timeseries method using
techniques such asaive methods, average methods, exponential smoothidglt's linear
trend method damped trend methodsmoving averagesauto-regressive moving averagad
auto-regressiveintegrated moving average lyndman & Athanasopoulos 2018fowever,
machine learning (ML) approaches have been shown to perform significantly better than
traditional statistical approache€arbonneau et g12008) While both statistical and machine

learning methods to demand forecasting are based on t#@ges data, the difference between
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them is in the computational power of eagnethod. Thestatistical methals rely on limited
historical timeseries data whileite ML approach can use huge volwsrd data alongside
several of its related features to forecast future demand. For example, weather data can be
used alongside historical data to increa®eecastingperformance. ML can also do a deeper
search to obtainnsightsinto seasonality and correlation within the data to better improve

forecasting accuradKilimci et al., 2019)

ML is a subfieldof Artificial intelligencgAl)which takesadvantage of available computational
power and big data tenhancethe applcation of innovative algorithms to improve multiple
areassuch assupply chain managemenML allows machines to learn withoutardcoded
programming Unlike most traditional SP approaches, ML can deal thighhuge volumes of
data typicallygenerated in supply chain managemesten when the problem being solved
involves noHdinearity. This will make the model a datiriven model and can find much use in

optimizing supplchainnetworks especially nowadayshenthey generate huge datasets.

ML is usuallyclassified into supervised and unsupervidedrning SupervisedML modelsare
trained using defined labels which are then used to test and imprthar (models)
performance.These models are mostly used for regression @adsificationUnsupervised ML
models on the other hand do not require defined labels. The algorithm seeks out hidden
patterns and insights from the training dathat could then be used to classify or cluster both
the training and testing data (Okwuchi et,&020). Prediction of a stochastic parameter using
historicaldata wouldrequire a supervised learning regression algorithwvith the historicaldata

as labels.

In supervised learning, sevetasicML algorithms exist for solving regression problems. These
include Inear regression, support vector regressioandom forest regressignand so onAn
advanced type of ML is called Deep Learr(iblg) which is based on artificial neural networks
(ANN) with representation learnindhNNsare computing systems inspired bytaal biological
neural networks found in the human bra{€hen et al.,, 2019)An ANN is based on a collection
of connected nodes called neurons which model the neurons in a biological Weights are

used to connect the neuron. A stack of neurons on the same iscealleda layer. An ANNis
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made up of multiple interconnected layers with each layer performing some sort of
transformations on its input yieldg a different output. Input datatravels from the first layer
(input layer), through several hidden layers and comes out of the last layer (output. |ayer)
input to output transition is performed repeatedlfhe weights of each connectiane updated

as the learning proceeds until tHeest weights that lead to minimal loger optimize a cost
function e.g accuracyare obtained. The weights are updated using stochastic gradient descent
or other forms of optimizers. ANN serves as thandation for othertypes of DLalgorithms
(Schmidhber, 2015). Figure4 (based on Bre et al., 2018hows the structure of a typical

artificial neural network with connecting neurons in multiple layers.

Figure4. Artificial Neural Network
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DL algorithms have been shown to generally perform better than basic ML models (Sarker
2021; Okwuchi et al., 2012Pue to the ability of DL algorithms to learn more complex patterns

in data and also improve continuously with increasing data size (GoodfelaiCourville
2016),the ML techniques used in this thesise all DL algorithmd&'hey have also been shown

to perform excellently on time series data (Okwuchi et al., 20E8).time series datag spatial
relationship can be described as the pattern acquired based on the relative location of data
points to each other. Temporal relationships however describe @itemns acquired from the
sequential (timebased) arrangement of the data pointRifferent DL algorithms possess
different strengths imobserving both types of relationships (spatial and tempofXamples of

DLalgorithmsinclude Recurrent neural netwks(RNN), convolutional neural networks (CNN),
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Long Short Term Memory (LSTMDeep Belief Networks, Deep Neural Networksand so onFor

thisthesis only the relevant architectureand conceptsre briefly explained

. CNNLSTM

Convolutional Neural NetworkCNNshre a specialized type oeural network NN) used for
working with twodimensional gridike image data. This makes it applicable to fields like image
and video recognition, natural language processing, and medical image analysis. It has however
also shown good performance in finding spatial relasioips within nhumerical data (Bai et al.,
2018). Time series dataith samplestaken atregular time intervals could be seen as a one
dimensional grid (Goodfellovand Courville 2016). The CNN is made up of a series of
interconnected layers with hidden lags such as convolution, pooling and normalization and
fully connected layersCNM are difficult to tune require large datasetand have difficulty in

extracting temporal features (Okwuchi et,&020)

Meanwhile, Long Shoifterm Memory (LSTM) networlkse speciaRecurrentNeural Networks
(RNNs}hat have an improved remembering capacitynlikeother NNs, RNNs have a structure

in which all inputs and outputseuronsare directly connected to each othem addition,
neuron outputs are applied recursilyeas inputsecurrently. This acts afeedback which serves

as a form of memory that makes previous input data leave a footprint making it good for
observing temporal patterns in sequential dathe iterative procedure of the RNN however
often leads tothe exploding and vanishing gradienisoblem. LSTM serve as an improvement
to RNNs byfixing these problemsthrough the use ofspecialgates (input,input modulation,
output, forget) thereby allowingshort-term and longterm memoies. This makes the LSTM
much betterthan the standard RNN& capturing longterm temporal dependencies within the
data (Yildirim2018).LSTMs have high performance in observing temporal relationships in data

but do not perform as well in observing spatial relationships.

CNNLSTM therefore,involves the stacking adhe CNN and LSTM modéb take advantage of
the strength of each. Thisreates an architecture that is not only good in observing temporal
relationships within data (through the presence of LSTMSs) but also good in observing its spatial

relationships (through the presence of CNNs). @SNIMs have been applied in time seriegt t
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3.

classification and price prediction showing results thatperform either singularlfOkwuchi et

al., 2021)

ConvolutionalLSTM(ConvLSTM)The Convolutional LSTM modelan architecturenspired by

both CNN and LSTMaving a better performance in oberving the spatiotemporal
relationships in data than either of the modaelsdividually (Shi et al., 2015)Compared to
standard LSTMs, ConvLSTM is able to model both spatial and temporal relationships
simultaneously byencodng the spatial information ito tensors (Wang et al. 2017). The
ConvLSTM architecturpreserves the spatial information within the data Inyodifying the

LSTM through the replacement of its (LSTM) matrix multiplication operations with
convolutional operations (Luo et al., 201QonvLSTM is typically suitable &oseries of time
dependentimagesor videos(Vrskova et al., 2022)t has however also been applied to time

series datgOkwuchi et a].2021)but requiresthe reshaping of the input datappropriately

Attention Mechanism This is amechanismthat can be added to an existing NN modkl.
mimics cognitive attention and itgoal is to helpthe model focus on important parts of the
input datarather than allof the information(Vaswani et al., 2017ror sequence modellinghé
attention mechanism allowshe modelling of dependencies without regard to their distance in
the input or output sguences(Kim et al., 2017)This makes the network devote more
attention and focusto small important parts of the data that hawelarger nfluenceon the
output. Selfattention is an attention mechanism relating different positions of a single
sequencen order to compute a representation of the same sequenteselfattention layer
can be added to the architecture aither deep learning modslto potentially increase its
performance.lt is added to the CNHNSTM and Convolutional LSTM layers previously described
to form the Attention-based CNNLSTM(ACGLSTM)and the Attention-based Convolutional
LSTM(ACVLSTM) respectivelyOkwuchi et al. 2021 show thahese attention-basedmodels

perform better than thar counterparswithout the attention layet

Ensemble This isa process wherenultiple models are combined in the prediction process by
either using different ML algorithms or using different training data .s€te predictions are

then aggregated using an ensemble model which outputs a single prediction for the unseen
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ensemble include stacking and baggingootstrap aggregating)Bagging is a techniquier

reducing the generalization error by combigitme predictions from the children model3his is

done by having all the children models individuéifin on the input data and then vote on the

output for the test dataFor regression data, the average value of all the predictions would be

taken as the final outputOn the other hand, Stacking uses a neanbiner algorithnto learn

how best to combie the predictions from contributing children modeisking advantage of

where each child model performed better than the other

For this study, our objectiveis to forecastfuture demandbasedon historical orders. To this

end, we investigatethe utilisation of multiple machine learning techniques.An increasein
forecastingaccuracywould lower overallcostasinventoryis reducedto what is required while

increasingcustomersatisfactiondueto fulfilled requests.

3.4 Summary

This chapter generallytroduces the major concept that will be considered in tiéDdesign.
This includedsustainability, MFTSCL, SP and MLhe formulas and explanations provided

inspire the objective function and constramised in the formation of the optimization model
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Chapter 4

Problem Description & Model Formulation

A realistic 3-echelon supply chain network is contrived which considers environmental
sustainability with factors like water and carbon footprints. The network also factors in
multimodal freight transpoitation and consolidation of shipment between its agenthis
sustainable SCN with multimodal freight transportation and shipment consolidation is termed
Model A for convenience. A similar model without shipment consolidat@pabilitiesis also
formulated and termed Model Brhis allows for a comparatiwtudy of both models toanalyse

the impact of shipment consolidation on economic and environmental sustainali#idagh

Model A and Model B are considered deterministic.

4.1 Sustainable Supply Chain Networkith Multimodal Feight
Transportation and Shipmer@onsolidation SSCIMFT&SCL)

The proposedSC model comprises multiple suppliers, plants, retailers, consolidation and
distribution facilitiescenters, components and findaproducts. Suppliers provide components
which are delivered to the manufacturing plants as raw materials. There is a bill of material
(BOM) indicating which components are required for the production of each product. The
plants then produce the final pragtts and deliver them to the retailers according to their
orders. Each plant uses varying technologies which impact the cost, time consunvpdiean
consumptionand emission rate of productiolhe goal is a systemide optimization of the
logistic network of theSQ\ with a focus orthe tactical levellogistical decisiofmaking such as
order quantity, suppliers to engage and transportation modes to &ggure5 shows the three
echelon network describing the connections between the supply chain agéfsonsider an

SCN with &chelors because it ishe simplest butnot trivial case

The retailers/retail stores base the quantity they order on the local demand from customers.
From the time between the initial retailer request to the delivery of the final products, there is

a set planning period during which the ordaeliver cycle hasot be completed. For the
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deterministic model, it is assumed that the retailers know the exact amount of demand they
would receive and plan accordingly

Figure5. Supply Chain Network Diagram
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The other characteristics of the netrk and assumptions considered are enlisted below:

1 The bill of materia(BOM indicates the components required for the production of each
final product.

1 All manufacturing plantgsuppliers)are capable of producing every final product
(component) The capacity for a plant (supplier) to produce a final product (component)
can be set to zerto makethe plant (supplier) incapable of producing the final product
(component).

1 The physical network infrastructures are allowed to beliiferent regions or countries,
hence the requirement for multimodal modes of transportation which include road, rail,

air and water.
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Different types of components or final products are allowed to be shipped together on
the same vehicle/container.

The consolidatin and distribution facilitileenters are setto be geographically located
between the suppliers(plants) and the plants (retailers). The location of these
consolidation/distribution facilities can however be set as requir€de consolidation
facilities are similar to urban consolidation centers and the distribution facilities are
similar to urban distribution centers.

The consolidation facilities are assumed to be close to the shippers (suppliers in the
upstreamand plants in thedownstrean) thereby requring road as the only mode of
transportation The model can be adjusted to remove this assumption.

The distribution facilities are assumed to be close to the receivers (plantee
upstreamand retailersin the dowrstream) thereby requiring road d@ke only mode of
transportation The model can be adjusted to remove this assumption.

A shorthaul truck with a fixed cost less than that of a normal kagl truck is used for
trucking between the shippes and the consolidationfacilities, and between th
distribution facilites and the receivers

To be more realistic, rail, air and water transportatimodesare only available on some

of the arcs with long distances. Road transportation is available on all arcs.

There is an activation cost for each suppland manufacturingplant. Each supplier
(plant) has a limited capacity for producing each component (final product).
Consolidation and distribution facilities are however-capacitated.The capacityimit

can be set if required.

The handling cost (loadng, unloading) of itemgaken through theconsolidationor
distributionfacilitiesis considered dependent on the number of items being processed.
Transportation capacity limitations between SC nodes are not considered. It is assumed
that as manyvehicles/containers as needed can be obtained. There is however a fixed
cost for activating each unit of vehicle/containers except for air transportation where
cost is solely based othe billable weight (the higher of the volumetric weight and

physical weght) ofthe cargo andhe distance travelled.
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When rail, air and water transportation modes are used, the need to utilize $tawit
trucking for a portion of the trip is recognized (delivery to and from the intermodal hub
SeeFigure3b).

The portion of each trip through air, water and rail requirstgrthaul trucking can be
described as a percentage It is assumed that-on a specific arc for all three modes is
the same.

The cost of utilizing rail, air and water transportation modes on any arc thereby has the
added fixed cost of using two shdmntaul trucks(for delivery from and to the intermodal
hub) for each vehicle/containgrail, air or water) The variable transportation cost

also set to balependent on the percentage of the distance covered by the active mode
and the shorthaul truks

It is assumed that shippehsave to usendividualtrucks (no milk runs)o directly deliver
cargo to the receiversven if the cargo is LTL. This might not be too efficient thereby
providing potential benefits to utilizing consolidation facilities betweshippers and
receivers, especially for lorgjstance tripsReturn trips are not considered.

The carbon emission from each trip is dependent on both the number of vehicles
activated and the weight of cargo on each vehicle

Each manufacturing plant has #fdrent emission rate for the production of different
products. The total carbon emission due to production is the cumulation of the
mathematicalproduct of the quantity of eaclinal product by its production emission
rate from all plants.

For carbon fotprint assessment, the carbaiax scheme is consideredhe @rbon
emission excess of the carbon cap is penalized with.a tax

Each manufacturing plant has multiple watnsuming processes. Some processes
consume water on hourlgr dailybases while othes consume on basis of the quantity
of production.

The quantity of water impacted by ships through water pollution is also considered.
The sum of the total quantity of water consumed in each plant above the stipulated

regional cap and the quantity of wateplluted through shipping is penalized with a tax.
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This deterministic modeBSCN/MFT&SGLa (I SaNVRSSRandyit dansiders alpossibleSCL

configurationssimultaneouslyseeFigure2 and Figure5). These include:

a.

b.

Direct shipping from the supplier (plant) tioe plant (retailer).

Shipping from the supplier (plant) to a consolidation facility where the package is
consolidated with shipments from other suppliers (plants) before delivery to each plant
(retailer).

Supplier (plant) consolidates shipments destined for multiplentsfetailers) locally
and then ships out to a distribution facility where the shipment is broken down and sent
to each plant (retailer).

Multiple deliveries from different suppliers (plants) to a consolidation facility where the
shipments are consolidated and then shipped out to a distribution facility. The

consolidated loads broken down and then sent to multiple plants (retailers).

4.2 MathematicaModel: SENMFT&SCI(Model A)

The sets, parameters, decision variables and miresger linear programming (MILP) model of

the problem is presented below.

Table2: Sets

Suppliers, indexed hy

1 Manufacturing plants, indexed by

C Retailers, indexed by
Cel | Consolidation facilitieapstream ofthe SCNndexed byel
Del | Distribution facilitiesupstream ofthe SCNndexed byd1
Ce2 | Consolidation facilitiedownstream ofthe SCNindexed bye2
De2 | Distribution facilitiesdlowndream ofthe SCNindexed byd2

3 Final products, indexed by

Components, indexed gy

All products:L* 5, indexed byp
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Componens k required forfinal productsf represented as a paifk, f) forkN K f~ F

d
7

All transportation modesindexed byt wheret=0 ,0 ,0 D }

d
7

Air transportation mode.e.,q 0

d
7

Road transportation modee.,q| 0

J

All transportation modes except air transportatiotee 0 M

R Production processes that require dalater use indexed by

Q Production processes that require water on a per batch basis, indexgd by
rLl | Arcsinthe upstream @0 hd ¥ F DAQ {4 r@m’ m

2 | Arcsinthe downstream@hd M f DEQ ! F Fm’ rm

All Arcs in the SCNo * g Fl° 2

Table3: Parameters

aQ Lead time for suppliert S[dayqg
o Eé Variable transportation cost per kper tonnefor transportation moded N “VY[$]
Q Fixed cost of activating a vehicle/container for transportation moded where
£ =0[$]
Q Fixed cost of activatingshort haul truck [$]
QQa The demand bretailerc™ Cfor final productf ™ F
Q Distance of arc between nodeand nodeb for (a,b)¥ E[km]
— Percentage of the distance of arc requiritmgckingbetween nodea and nodeb
for (a,b)V E
n Unit purchase ast of componenk™ Kfrom supplieri™ S [$]
A Unit production costof final productf ¥ Ffrom plantjy M [$]
W Consolidation/distributiorhandlingcost per unit producf$]
@ Activation cost of supplier/planth S° M [$]
a Capacity(in units)of supplier/planti ¥ S M to producep » P

Carbon tax of one unit (kgf carbon emission above c4p]
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%00

Emission limifkg]

0 Weight of producip™ P[kg]
0 Volume of producp™ P[m?q]
0 Total weight capacity of a vehicle/container/airplane T [kg]
0 Total volume capacity of a vehicle/container/airplane T [m?]
0 Billable weight of produgdp ™ P [kg]
T Carbon emission per kilometre per weight (metric ton)tfansportation mode
tN T [kg/km-Ton|
Q Carbon emission (kg) of producing one unit of final productF at plantiNn M
[ka]
I Charges for each unit of water usage above the eagrécyclirg) [$]
4 Batch size of final produét Fin manufacturingplantiy M for procesggM Q
1 Water limit based on scarcity level of the catchment ameawhich plant i is
located[gal]
0@ Quantity of water used per day for process' R for final productf N Fin
manufacturing plant™ M [gal]
0 ® Quantity of water used in procesg¥ Q for each batch of product in
manufacturing plant™ M [gal]
0 ® Quantity of water per hour polluted through transportation modé T [gal/hr]
nQ The average quantity of produét” F produced per day in thenanufacturing
plantiyn M
Q Fuel emissions factor [km/gal]
n Packaging emission rate (while loading and unloading) for transportation m
N T [kg/item]
i Shipping emission factor for transportation modke T [kg/Tonkm]
a Averagefuel mileage for vehicle typeN T[km/gal]
—0 Targetvolume efficiency of truck spaset by DM
—0 Target weight efficiency of truck spaset by DM
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Packing efficiency for vehicle typ& T[km/gal]

i N Average speed of transportation modle T[km/hr]
wQ Congestion factor of transportation mode T
A 0 if road transportation is activated, 1 otherwise
n € i 0 ¢ Dwelling tme spent at the intermodal hubs while switching modé&sT [days].
cons_time | Time taken to consolidate dsireakdowncargoat the consolidation/distribution
center [day$
plan_period | Maximumtime allowed for a full cycle frometailers tosuppliersand backo the
retailers [days]
M A very bigpositivenumber
Sn Avery smalpositive number

Table4: DecisiorVariables

o

The number of units of produgi ™ P transported from nodea to nodeb

usingtransportation mode N Tfor (a,b)N E

The number of vehicles/containers/airplanes T activated from nodea

to nodeb for (a,b)N E

1 if supplier/planti¥ S M is activated for producp ™ P, 0 otherwise

the amount of excess emission above #maission limit

The quantity of excess water usage above the stipulated limit in the re

each plant is located

The total quantity of water polluted through transportation

1 if the number of vehicles/containers/airplanes T activated from node

ato nodeb is greater than zero, O otherwise

YQa Q

The maximum travellingime spentbetween each pair of SC agents tha
have direct connectiof(S , M), (S, Cel), (Bel), (Cel, Del), (Cel,
(Del, M), (M, C), (M, Ce2), (M, De2), (Ce2, De2), (Ce2, C), (De2,

Y i od

‘Q @ | The maximum timeconsumedupstream of theSCN
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O VET ai Q The maximumime consumeddownstream of theSCN

D OO 1 £ Q" The maximum production time used by all plants

Model A

1 Variable transportation cos

06 p —Q Qe —Q Ot O ®

For multimodal transportation, the first term is the variable cost dependent on distance and the
percentage— of the trip covered by rail, road or water. The second term is the variable cost
of using road transportation for— percentage of eachrip. Note that— =0 for arcs that use

only road transportation.

1 Variable air transportation cofs

06 0 HE p — QO —0 HE O 8

The first term refers to the variable cost of air cargo dependent on the total billable weight of
the cargo and the distance travelled. The second term refers to the variable cost foistiat2
road trips utilized to deliver goods from the start nodetke airport and at the other end of

the arc, from the airport to the end node

9 Fixed transportation cos

1)
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where p=0 when t=0 and 1 otherwise. This is the cost of activating a
vehicle/container/aeroplane. The cost of activatingl@rt haultrucks is added if the mode is

rail, air or water."Qof air transportation is equal to O as transportation cost is solely based on
weight

1 The purchasing cost of components

06 A 8

This finds themathematicalproduct of the outputs from all Suppliers "Y(to manufacturing

plants directly, or through the consolidation and distribution centers) and the cost of

purchasing one unit of componektfrom supplieri.

1 The production cost of final products

06 A &

Thisfinds the product of the total output from all Manufacturing plants( (to retailers,

consolidation and distribution centers) and the cost of producing one unit of each final product
f.

1 Make-bulk / break-bulk cost

06 &N & & @

This is the sum of thenathematicalproduct of the input to each consolidation centre and the
unit cost of consolidation;p
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08 &R & & X

This is the sum of thenathematicalproduct of the output from each distribution center and

the unit cost of consolidatiom n
1 Facility activation cost

06 & G &y

The equation finds the total activation cost of all supplier and manufacturing plants of the
supply chain utilized wheréd is a binary with 1 indicating the activation of the node, and 0

indicating otherwiselt is assumed that there is no activatiawost for consolidation and

distribution centers.
9 Carbon footprint cost
608 6 @i M RN

This refers tcd 1 @ , the excess carbon emitted above the carbon cap stipulated by the

government. An amount of mone®,'is paid per unit extra as tax.

1 Water footprint cost

WO 7y W [
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The first term refers to the accumulated excess water usage in each plant above the stipulated
water usage cap in the region where plant located. The second term refers to the total
water pollution/consumption for all transportation on all arcs while NS FSNE (2 (GKS O3

unit to recycle water or as charges.

Thecost-minimizing objective function:

AT TTATEXS AOAMEITI OBOBA OADI OBOBDO
=06 06 E 0o 60 ®»"0 P p

The objective function is to minimize the sum of the economic, carbon footprint (CF) and water
footprint (WF) cost. The economic cost is divided into eggliicategories which are presented

as Egns. (4.1) to (4.8). The CF cost is presented as Eqn. (4.9) while the WF cost is presented as
Egn. (4.11).

Constraints

1 Flow balance constraints in plants

(4.12)

Constraint (4.12) msures the input into each planf® M from all nodes (supplier,
consolidation,and distribution centers respectively) equals output from each plant through all
nodes (retailer, consolidation and distribution centers respectivellgf) ¥ B ensures the
components required for each final product according to the BisMupplied.B is a set that

contains the pair of final produdtand the required componestk.
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1 Demand balance constraint

® 0o

QQa » » o I GON O 7O

Constraint (4.13gnsuesthe demand for each produdtat retail store®is equal tothe input
from all relevant locations (consolidation, distribution center, plarthrough all modes of

transportation

1 Flow balance constraint foupstream consolidation centers

& & & I N 6 eRaN O T

N N N N N

Constraint (4.14) guarantees thtite sum of each componerktreceived by each consolidation

center el from all suppliers is equal to the sum of each componkntielivered to all

distribution centers and plants.
i Flow balance constraint fodownstreamconsolidation centers

& & & Lan 6 gign 0 TRV

Constraint (4.15) msures the sum of each final produateceived by each consolidation center

e2from all plants is equal to the sum of each final produgelivered to all distribution centers

and retailers.
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1 Flow balance constraint foupstream distribution centers

& & & oI eY e LIV

Constraint (4.16) msures the sum of each compondnteceived by each distribution centef
from all suppliers and consolidation center is equal to the sum of comporiedé&divered by

the deconsolidation centre to all plants.

i Flow balance constraint fodownstream distribution centers

& & & v 0Qfir 0 T X

Constraint (4.17) guarantees thttte sum of each final produdtreceived by each distribution
center d2 from all plants and consolidation centers is equal to the sum of the final product

delivered by the distribution centre to all retailers.

91 Capacity constraints for suppliers and plants

& & & a @ 1o oo Y ®
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The sim of all the output from each suppligplant) to the plants (retailers) consolidation
center and distribution center should be less than or equal to the capacity of the supplier
(plant).i and p are indexed differently irConstraint(4.19 because ifx and® h'® Y 0

andn N 0 ° "Orespectively.

1 Vehicle/Container volume capacity constraints

0O ro —ud I oo v OON Y T& TT

Constraint (4.20) msures that the total volume of products transported each arc does not
exceed the total volume capacity of that arc due to the number of activated trucks, containers
or airplane cargos. The constraint is adjusted to factor in the packing efficiency and target

weights efficiency as explained in Egh1j.

1 Vehicle/Container weight capacity constraints

0 @ ro —0® ) G N ODdN Y 18 p

Constraint (4.21) msures that the total weight of products transported on an arc does not
exceed thetotal weight capacity of that arc due to the number of activated trucks, containers
or airplanes. The constraint is adjusted to factor in the packing efficiency and target volume

efficiency as explained in EqB.1Y).

1 Air transport billable weight
0 iA@OE8— I AN D (4.22)
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Eqn. (4.22) calculate§ KS YIF EAYdzY 2F (GKS LINRRdzOG Q& 6SA3IKI

weight to calculate its billable weight. This is only used for air transportation as the pricing
practice for freight transportation througthe air is calculated as the billable weight dfet
consignment multiplied by the distance travelled. The volumetric weight is calculated as the
volume (n¥) of cargo divided by 0.06, a value provided by the United States Postal Services
(Kabadurmus and Erdoga2020)

1 Production water usage constrata based on regional cap

Eqn. (4.23ensures that the surplus by which watesage in each plant exceeds the regional
cap is captured a® . This excess can then be summed for all plants. The first term
indicates the total quantity of water used to perform each activityY for each product~ "O

in all the plantsSince the number of day®r hours) process will run is required, the total
guantity of products produced is divided by the average quantity of produbiat plant i
produces in a day] Q. It is assumed that all process@s'Y have to run simultaneously.

The second term indicates the totquantity of water used to perform all activitiesfor each
product f in all plants considering the total quantity of products that were produced and in
what batch sizes. It is assumed that the better the technology in plaifite less the water
required (w for each batch and/or the larger the batch size ( for processesyd 0

and/or the less the water requiredy  per day for processay Y.
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1 Transportationbased water pollution

@ 060 T

Egn (4.24)indicates the total water pollution the SC network is accountable for. This is based
on average shipping water consumption/pollution per hour for each transport made) for
all transportation within theSCand how may containers/vehiclegt> were used in each

trip.

1 Total carbon consumptiorconstraints and equations

5o O Q0 8 v
NCQR 1) Q@i § Qf ¢ 8
PR Q Tp @0
h o~ N p]TT[T[N p B p
i .
z 0@ —Q Tp @Q
<, PTUTT
Od 1y SO & AN {| Q¢ ¢ 8 X
Q p —Q® Q —Q w
. a . a
h w N h N
0 &dO@a Vi i Q¢ ¢ oo 8y

h o~ N N

8ol & UCON A QAR | "@GER & & AN | BT OWE W | Q (4.29)
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These extensive equations for calculating carbon emissions from transportation are adapted

from (Ulk(, 2012)The shipping emission is the emission based on the weight of cargo being

transported and the distance travelled. The number of vehicles is not fedtor as the weight

is distributed over the vehicles in use. The empty haulage emission is the amount; of CO

emissionsif the vehicles were travelling empty. It is dependent on the mileageand total
distance travelled by all vehicle$he packing emission is the amount of.@issions while

packaging a cargo through activities such as loading and unloading of thelevel is

dependent on thenumber of items handled. The packing emission of modes other than the

road is set to be higher. This is to factor in the emissions due to the extra loading and unloading

in the transportation hub (e.g transfer of containersrfrdruck to ship in the seaport)

M Timeconstraints

(4.31)
YO4aQ 0 aqQ 0éi 00 Lo RO © o Y
-0 p —0Q (4.32)
o N N PO S,
YOaQ v A0Q T weEie 5 LMY 0 POV Y
o o
-0 p — 10 (4.33)
S LN o O
YOaQ v A0Q T wEéie DET g0 ™M OQN Y
o o
(4.34)
YOoaQ 0 0DéEi 00 o 6 Py O o Y
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(4.36)
YOoaQ 0 I "0 0@y b hov Y
YRi 04 QO YOG BYOA'Q "YO4'QAYO4A'Q “YO4&'Q RYOdaQ (4.37)
“YO& Q “YO& Q
—0 p — 0 (4.38)
SO o B LN e o e
YOaQ U & x: DEL O " oh» O hov 7Y
o o
(4.39)
“YO& Q 0 wEie I O hQ 6 N Y
(4.40)
—Q p — Q
.ol L n v v O
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o o
o) p —0Q (4.41)
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Yoa'Q 0 0ET 00 I 6 OhY Shon Y
(4.43)

YOa'Q 0 | " O'QhQy 6hoN Y
0t0¢i 61 Q0 (4.44)

YOO 'BYOa'Q "YOa'Qh'YOAQ “YO&QHRYOdQ
"Y'Od& Q "Y'Od Q

- @
b habi £ QYRE D © (4.45)
N N N N rl Q

@ . .

o L | Gft v O Y (4.46)
Ya

() . .

6 = L@t v Opn Y (4.47)

YRi 04 QO OEVET G QM GwL i £ QYMRaG @EQT Q¢ Q (4.48)

The approximate time spent in the supply chairdgsial to themaximum time expended in the
downstream, upstream and maximum production tinfeom all plants. To obtain the
downstream (upstream) time, the maximum time spent on each of the four possible routes
from the supplier (plant) to the plant (retaieis consideredn Egn. (4.37) andegn. (4.44) The
maximum production time is also obtained by dividing the number of products to be produced
from each plant by the production rate per day. The maximum of all production times is then
recorded. The upst@m time, downstream time and production tinee to all be completed

within the allotted planning periof4.48) For routes that include the Supplier, the supplier lead
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time is added to the time consumed. For the routes that have multimodal transportation
capability, dwelling time spent at the port of exchangd?¢rtD is also added. This value is
equated to O for road transportation. For routes that go through consolidation or distribution
centers, an extra timeonst_timeis added to reflect the time spérconsolidating or breaking
down the cargoConstraintg4.46) and (4.47) ensure that only transportation modes that have
vehicles/containers in use on each arc are considered in the calculation of the total time spent
inthe SCN.

In Egn. (4.31),"Y'0O4 Qrepresents the maximum time spent travelling from the suppliers to
manufacturers  ensureshat onlythe arcs that have at least one vehicle are considered. For
each of these arcs, the lead time of the suppliefds added to the travel timén daysused by

the required transportation modeThe time spent in the dwelling port € 1006 is then
added. The procedure is repeated for all possible connections in the SCNHyan{4.32) to
Egn. (4.43). Consolidation time (cons_time) is added for arcs thatend at the
consolidatiortdistribution facilities, dwellingtime 0 € 106 is added for arcs that go through

intermodal hubs and supplier lead timéQ) is added for arcs that staat the suppliers.

1 Boundaryand integality constraints

~

© o Qe 6 QGO N Tip 4.49

~ ~ ~

6 Ml o o ho MRl o QNEVET @1 BdOWO I ¢ QYQ¢ 4.50

The model is a mixed integénear model because of the presence of integer variables such as
@ and ® . All the other variables are either continuous or binafipe total number of
variablesand constraint§exempting theboundary andntegrality constraints)n the model can

be described in terms of the ssizes
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Number of variablest s06 $% SY 0szds s px

Number of constraints= 16 §% X ¢Ds 9s €% VQPs b OPs D E0Qs
PG IR IDs OPds PP PP 9OPs W B8
s IPs IE@ S oPs P QG OPWs PO I @& s
where! B8 - #Ap#A S$Ap$SAc#s

As an example, formSCNwith |S|=|M|=|C|=|4|, |Cel|=|Ce2|=|Del|=|De2|=1, |T|=4,
|[K|=6, |[F|=4 and |P|=10, the number of variables equal®,389and the number of constraints
equals4,485.

4.3 Mathematical Model: SSCN/MFT without 8@adel B)

A second model is definadith the objective of using it t@valuate the value of incorporating

SCL within a supply chain network. This was done by comparing the SSCN/MFT&SC model
(termed Model A and an alternative that excludes the SCL opttemnied Model B). Without

SCL, only direct delivery from shippers to receivisrallowed (See Figure 6). All other

assumptions indicated in the description of Modehrk also applicable to Model B.

Figure6. IntegralBackbone of the SC network
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Model B

Sets, parameters and decision variables are the same as providedle®?, Table3 and Table4

respectively.

Thecost-minimizing objective function:

e A A~ Rz AA Ar A Qi A

AT TTATEXS AOAMEITT OBOBA OAIDI OBADBDO

=06 06 E 06 06 60 ®»"0 @ p

The objective function is tminimize the sum of the economic, carbon footprint (CF) and water
footprint (WF) cost. The economic cost is divided into six subcategories which are obtained
from Egns. (4.1) to (4.5) and Egn. (4.8). This is similar to Model A. HoMalkexbulk / break

bulk coss (O 6 and' O6 are removed.The CF cost is obtained from Eqn. (4.9) while the WF
cost is obtained from Eqgn. (AL

Constraints:
Constraints (4.129 (4.50)and Constraint (4.52) provided below.

1 Consolidation/ distribution centerelimination constraints
6 mMHR mMOQE mMOQ m (4.%2)
Constraint (4.52) provides an easy modification of the constraints of Model A to form Model B.

It removes all the consolidation/distribution facilitied enforces onlythe option of direct

directly from shippers to receivers
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4.4 Summary

This chapter begns by describing the propose®lCN with multimodal freight transportation and
shipment consolidationThis model was termed Model Retails about the notations were

then stated. This included the sets, parameters and decision variables. The full mathematical
model was then provided stating the objective function and constraifite size of the model

in terms of variables and constraints was then briefly discussiedt, Model B,a version of
Model A without shipment consolidation was discussed with its notations, objective function,

and constraints presented.
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Chapter 5

Approaches forthe Stochastic Version of Model A

This chapter discusses the various aspects required for consideraition optimizinga supply
chain network design probleravingstochasticparameters Models A in the previous section

is deterministic. However, we consider its (Model A) stochastic argrsivhere one of its
parameters isuncertain. Different approaches to optimizing stochastic models are thereby

explored. The approaches considered in this study are generally classified as:

1 Stochastic programming approaches (SP)

1 Machine Learning approach@slL)

For the SP approaches, model reformulations (e.g simple recourse) are proposed. Model A is
reformulated to factor in either multiple discrete scenarios or the distribution of the stochastic
parameter. The objective function and constraints that hétve stochastic parameter are also
modified. For each of the ML approaches, historical data of the stochastic parameter is fed into
models as training data, after which the trained model is used to predict the future values of

the parameter. These predictis can then be fitted into Model A and solved deterministically.

In this study, we consider the demand paramet€ Q & to be the stochastic parameter. To
comparatively test the efficiency of each of the approaches mentioned above, real demand

datais obtained, and comparative experiments are performed.

In the remainder of this chapter, we go into more detail on the S® rfibdel reformulations)

and ML approaches considered. We then discuss the experiments to be carried out and the
evaluation metres to utilize.For these experiments, details on obtaining the values of the
network model parameters are explained and the sourcing of real data for the stochastic

parameter (demand) is discussed.

60



5.1 Stochastic Programmidgpproaches

SeveralStochastid®Programming $P approaches have been proposed in the literature including
methods such as the simple recourse, chanoastrained programming, Conditional Variance

at Risk (CVaR), etdowever, the optimization model has to be reformulated for each method.
The demand balnce constraint(4.12) of the model is the constraint having a stochastic
parameter.The optimal solution is sensitive to the value of the uncertain parameter. Due to
uncertainty, we can not find a solution optimal for all scenarios. We seek to balanogtingal
solution among all scenarios. We source discrete scenarios from the data points and assume
each scenario has equal probabilitigsor riskaverse approaches, we seek a solution that
minimizes the objective function while considering as many seéesas possible and fulfilling

the risk level set by the DM.

5.1.1 Simple Recourse SP: Model Reformulatjdodel Al)

This is a reformulation of Model A which we term Model Al. The demand parameter is
represented as a finite set of discrete scenatm$e obtained from historical dataConsidering
that the model will become infeasible if some of the scenarios are not satisfied, we add a

surplus/shortagepenalty for each unsatisfied scenario to maintain feasibility
Model Al

Sets, parameters and decision variables include those providédbte2, Table3 and Table4

respectively.The parameteQ ‘Q & is replaced withQ Q & . To formulate the simple recourse

model, it is necessary to consider some extra notations.

Set

Sc | Set of scenarios, indexed by

Parameters

() Understocking cost for final produttn planti

Q Overstocking cost for final produtin planti

ni ¢ ( Probability of scenarie
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Variables

a Unsatisfied demand faretailercov 6 for productiQ¥ "Oin scenarid M "Y®

Q Surplus above demand foetailerr @ & for productiQ' "Oin scenarid N "Y®

1 Surplus/Shortage cost

YY Al é® o A QA

N N N ‘ ' U@

Thecost-minimizing objective function:
%AT 1 TATE® AOMI T 0BOBDGE 0ADI 6BOBDO
3003 BIOCOAAOH
=06 06 E 06 60 ®'0 YUY L&

The objective function is to minimize the sum of the economic, carbon footprint (CF), water
footprint (WF) cost and Surplus/Shortage (SS) cost. The economic cosideddinto eight
subcategories which are obtained from Eqns. (4.1) to (4.8). The CF cost is obtained from Eqn.
(4.9) while the WF cost is obtained from Egn. (4.10)s is similar to Model A. However, the
costincurred due to the deviation ahe total sypply to the retailers (manufacturing plagt |,
consolidationdd and distribution cented ) from the demandscenarios is added as Eqn.
(5.1) This is to enforce the model to choose the best values for the supply that would lead to

the leastcost based on thdeviation from all the scenarios under consideration.
Constraints
Constraints (4.12), (4.14)(4.50) and Constraints (5.8)5.4) desdbed below.

9 Demand balance constraint

Q& & & & a & ) oveRQr G v YH  L®
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Constraint (5.3) captures the difference between the input from all sources (manufacturing
plant, consolidation and distribution center) to each retaibeior each final product for each
scenarios as either surplus@  or shortaged@ . These are then penalized in the objective
function. In comparison to Model A, all constraints are used in Model Al except for Constraint

(4.13) which is replaced by Constraints (5.3) and (5.4).

5.1.2 ChanceconstrainedP: Model Reformulation(Model A2)

In thisreformulation of Model A the decision maker sets a risk value which indicates how

many of the scenarios the model factors in when optimizing. This is useful when there might be
outliers within the scenarios. The model ignoré® tscenarios that are likely to increase the
overall cost as much as  permits. The demand constraint is an equality constraint so it was
SELI YRSR AyiG2 H OZhé&addlistegnadModeMAX W | YR Y xW0 ©

Model A2

Sets, parameters and decision variables include those providédbie2, Table3 and Table4

respectively. The parameteQ Qa is replaced withQQd& . To formulate the chance

constrained model, it is necessary to consider some extra notations.

Set

Sc | Set of scenarios, indexed by s

Parameters

w Understocking/Backordering cost for final prodf@iat plant i

Q Overstocking cost for final produttn plant

n i € (¢ Probability of scenarie

| Probability of violating the chance constraint
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Variables

a Unsatisfied demand faretailer oo 6 for productiQ¥ "Oin scenarid M "Y®

o Surplus above demand foetailer oo 6 for productiQ¥ "Oin scenarid ¥ "Y

Ns 1 if scenatrio s is fulfilled, O otherwise

Thecost-minimizing objective function:
%AT 1 TATE® AOMI I 0BOBDG 0ADI 6BOBDO
3003 BIOCOAAOH
=06 06 E 06 60 ®'0 YUY Ld

The objective function is the same as that of Modelwth the goal of finding the best values

for the decision variables that minimize the sum of the economic, carbon footprint (CF) and
water footprint (WF) cost This is similar to Model A. Howevdegviationsin the supply from all
sources (manufacturing plant® , consolidatiord and distribution centetd ) to each
retailer c for each final product for each scenari®is penalised as the Surplus/Shortage (SS)
cost[Egn. (5.1)]

Constraints

Constraints (4.12), (4.14)(4.50) and Constraints (5.€)(5.10) provided below.

1 Demand balance constraint
The demand balance constraint(4.13) can be changedctmaceconstraint

(5.6)
0 0QQa A @) @ p | I o~ 8y O

Constraint (5.6) can then be reformulated as Constrain ¢6.(510) below.
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QQa 00 @ @ @ ¢ a )avsRergivye  (5.7)

QQa 00 & ) & a a 1 on SR "B N YD (5.8)
6 | SY® (5.9)
a ha mhl ~ 7ip (5.10)

Due to the equality in the chance constraint (5.6), it can be broken down into two constraints
g AlUR WYB asta binary variable basically counts the number of times the Constraints
(5.7) and (5.8) are violated and Constraint (5.9) ensures the average of the varidbteall
scenarios is less than the set . Constraini(5.10) ensures the binariness 6f and sets a

boundary for the surplus and shortage variablés (ha

5.2 Machine Learningpproaches

To integrate Machine Learning (ML) approaches into stochastic optimization modelling, the
procedure used ithis thesis is to utilize historical data in predicting the value of the stochastic
parameter in the future. This value can then be used in Model A and solved deterministically.
Thedemand parameter@ '@ is considered stochastic with univariateng serieshistorical

data. A time series is a set of observations recorded at equally spaced inteavalsa
univariate time series is a time series with a single observation recorded at each timestamp.
The demand data we have fits this description. Thie iModels explored are the three best
performing models by Okwuchi et al.,, (2020) who compared traditional machine learning
models with deep learning models in predicting the price and yield of perishable goods. These

three are the attentiorbased compoundieep learning models named Attention Convolutional
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Neural NetworkLSTM (A€CSTM), Attention ConvolutioraSTM (ACYSTM) and a stacking
ensemble of both using Support Vector Regressor (Ensemble SVR). For each model, the training
data was used to build theodel as well as evaluate its performance. After adjusiisgthe

model) hypemparameters to obtain the best performances, the model is used to predict the

future demand data points required.

Thegeneralprocedureof buildingan ML model (especiallyfor supervisedearning)involvesthe

following steps[asshownin Figure7 (basedon Vrskovaet al.,2022]:

1. Choosinghe mostappropriatemodelconsideringhe dataat handandthe objective.

2. Preprocessinthe dataandadjustingits shapeto that requiredby the chosenmodel.

3. Dividingthe datainto training, validationandtestingdata.

4. Thetrainingdatais usedasinput to train and build the ML modelwhile the performanceof
the modelon the validationdata servesas continuousfeedbackto improveits parametes.
Finally,the testing data is the unseendata usedat the end of the processto confirm how
goodthe built modelis.

5. If the performanceon the testingdatais poor, the network hyperparametersare adjusted

andthe training processstarted again.
Figure7. Flowchart of ML procedures
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5.2.1 Models

The followingare theML architectures employed in this study.

1. Attention ConvLSTM (AENSTM)After preliminary trials, an architecture comprising three
repeated layers of 2D ConvLSERthwith a kernel size of (1,3), and 64 filtassbuilt Each
layer was followed by a batch normalization layer. The output was then mapped intc a self
attention layer with sigmoid activation. This is then followed by 4 dense layers with the
number of neurons set as 64,32,16,1 times the number of output respectively. Dropout
layers with a rate of 0.1 are put between consecutive dense laydns is described in
Figure8. Rectified linear activation functiorRelu activatiohpis used on each layer (except
the selfattention layer), the loss function is set@sY S| y & |j dzntliBeoptiSiliaiB NI
asSi! Ray @

Figure8. ACWLSTM Architecture
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2. Attention CNNLSTM (ACSTM)After preliminary trials, an architecture comprising of four
repeated layers of 1D convolution with 120 filters, kernel size of 3 and stridesdbdilt Each
layer is followed by a batch normalization layer. The output was then mapped into 2
consecutive LSTM layers with 100 units and then into an additiveateiftion layer with
sigmoid activationThis is then followed by 4 dense layers with thanber of neurons set as
64,32,16,1 times the number of output respectively. Dropout layers with a rate of 0.1 are put

between consecutive dense layershis is described ikigure 9. Rectified linear activation
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function (Relu activation) is used on each layer (except theasielfition layer), the loss

Tdzy OtiA2y Aa aSi Fa WYSkty &ljdd NBR SNNENR | yR

Figure9. ACLSTM Architecture
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3. Stacking Ensemble using STt two models, ACSTM and ACNSTM are used to create an
ensemble. Support vector regression is used as a stacking algorithm. First, both algorithms are
individually trained on thelata, and then SVR is used as a combiner algorithm to make a final
prediction using the prediction from AGSTM and AGNSTM as additional inpufSeeFigure

10). Stacking algorithms typically yield better performances than any of the child models it is

built on (Wolpert, 1992).

Figurel0. Ensemble Architecture
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5.2.2 ML Performance Metrics

The most frequently usedperformance measures in literature are the Mean absolute
percentage error (MAPE), Mean squared error (MSE), Mean absolute error (MAE) and Root
mean square error (RMSEyndman & Koehle2006; Shukla & Jharkhayi2013).

Mean absolute error is a commonatmnic used for evaluating regression models. It computes
the absolute difference between the predicted and actual values. The total of the absolute
error for all samples is summed up and the average is calculated. MAE is less impacted by
outliers than othe measures such as MSE and RMSE.

B 91 Q® dso (5.11)

NG ,
0

where 3sis the absolute value &f.

A special metric is developed which takes the ratio of overstocking to understocking cost (OUC)
into consideration and uses them as weights to penalize positive and negative deviations. This
metric is used as a custom metric within the ML models to entdwenodel obtains the best
performing  weights and  predictions considering our  objective  (reducing
overstocking/understocking cost).This special metric is called the MOU (Mean
Overstocking/Understocking cost).

e B TYEDGDODTI QQOUOKD O DO (5.12)
vu'yY 5

where @ is the maximum o€band 0,Unis the understocking cosfvis the overstocking cost

andN s the number of predictions being compared.

5.2.3 Model Tuning

There are a lot of hypgparameters in deep learning modelling thadn be used to control the
behaviour of the algorithm. Hypgrarameters tuning thereby becomes necessary to find the
combination that gives the best performance. The model has to avoid underfitting or overfitting

the training data. Underfitting refers tavhen the model is not flexible enough to learn the
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training data and would normally not generalize well on new testing data. Overfitting refers to
when a model is too closely aligned with the training data by learning its details and noise to
the extent that it negatively influences its performance on new testing data. How well the
model performs on previously unseen inputs is called generalization. The generalization error of
a model is measured as its performance on test data is separate from the dade itrained

with (Goodfellowand Courville 2016).

Hyperparameters such as the learning rate determine the size of the steps the optimization
algorithms take toward finding the global minimum. The larger the value, the more the chances
of non-convergence. On the other hand, the lower the value, the more the chances of the
optimizer getting stuck in a local minimum. To choose the best learning rate, a scheduler is

used to continually adjust the learning rate value after every epoch.

Model creckpointing is also used to save the weights of the model at the epoch where the
model obtains the least validation error. This helps to avoid inaccuracies caused by overfitting

which might be due to having too many epochs.

Other parameters such as the el size, the number of layers, optimizer algorithm,

regularization parameter and error functions were determined through manual iterations

5.3NumericalExperimentatios

In analysingall the models already definedhttee individual experiments are to heerformed.

These experiments and the logic behind them are outlined below.

1. Conparative Analysis dModels A and BTheintegral backbone of thethree-echelon SCN
was shown irkigurel. Model Ahowever includes consolidation and distribution centers which
are not integral parts of the networlodel B provides aalternative configuratiorto Model A

by restricting deliveryoptions to only direct delivery from shipper tbe receiver. Constraint
(4.52) ensures this by excluding the consolidation/distribution facilities forcing the ntodel

take only direct routes between shippers and receivers. This also means that in therketf
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Model B, shippers might have to use full trucks even if they want to ship LTL over long

distances.

In thisexperiment the objective is tmbserve if the presence of theonsolidation/distribution
facilities enables economic and/or environmentalst savingsor not. Metrics such as the
average distance between the integral SCN facilities (suppliers, manufacturing plants and
retailers) and the average vehicle capacity usage are varied and the cost of both rageels

compared.

The averagalistance is varied to test the relationship between the advantageousness of SCL
and the distance to travel between shippers and receivers. The average vehicle capacity usage
is varied to evaluate the relationship between the average quantity of outboumgocttom

each shipper and the potentiabstsaving benefit®f using SCwithin the SCNThe demand is

considered deterministic for this experiment.

The second and third experiments are carried out to examine different approaches to
optimizing decisiormaking when some of the relevant parameters of the SSCN/MFT&SC model
are uncertain. For these experiments, the demand is considered stochastic-diData
stochastic programming and machine learning approaches are thereby employed to optimize
the stochastianodel. Real demand data is sourced online, extracted and preprocessed to the
format required. For each of the SP approaches, the SC model is reformulated appropriately.
This gives new models which we term Models A1 andR&2.each of the ML approaches)
algorithm is built and used to predict the demand which is then used to sdioslel A
deterministically.Solutions obtaied from all the approaches(SP & MLjare then compared

with the deterministic solutionobtained from usingthe actual demandassumingperfect
knowledge. This helps us evaluate the expected value of perfect information (EVPI) of each
approach. The solutions are also compared to that of using the expected value of the demand
parameter from historical datarhis serves as a lower baselfioe comparing how good or bad

how approachesre in comparison to simply using the average historical value of the stochastic

parameter.

71



In the sequence of logistical operations in the SCN, the retailers makeotieir requestsand
start the cycle. Théme spent in the SCN frothe time ofordering by the retailers to the final
delivery of the requested final produstust be less than or equal to the set planning period

(SeeFigurell). Experiments 2 and 3 are based on these details.

Figurell. Sequence of Operations

Planning period
)

- forecasts demand and chooszes the best ) delivers required delivers final .{-}
w makez delivery requast “suppliers to engage F-,_L',:;" {8 " component to plants products to retailers &I:;[;jv

Retailers Suppliers Plants Retailers
Plamnts

2. Stochastic Model with a planning period of-@&ys: This considers a produgti planning
period of 4weeks (28 days) wherein the demand is forecasted leading to the supply of required
components. The sum of the delivery time from suppliers to the plant, supplier lead time,
dwelling time at intermodal facilities, consolidation timgrpduction time within the plants and

the delivery timeof final productsrom plants toretailersthereby have to be less than 28 days.

In real life, this mightapply to products that have short expiry dates or quickly run out of
fashion. Considering the short peridckelative to Experiment 3)the SC might not be able to
take advantage of some ttie cheaper and more sustainable transportation modes (such as rail
or water) (Carbonfund2022). For example, sea shipping typically takegl2@ays or more
(Freightos$2022). Alternatively, the demand quantity might also be considerably large requiring
a processing period of more than 28 dayhese limitations are considedt in the third
experiment.The performance of the SP & ML approaches are compared over a planning period
of 28-days.

3. Stochastic Model with a planning period efm®nths: The second experiment considers a
productionplanning period of 3 months (84 daysherein the forecasted demand dictates the
number of components demanded from suppliers. Once again, the total sum of delivery time
from suppliers to plants, supplier lead time, dwelling time at intermodal facilities, consolidation

time, production time \ithin plants and delivery timef final products fromplants toretailers
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have to be less than 3 months. Tlader planning perio@dllows for theoptimizationmodel to
consider even slowemodes of transportation, while also testing the robustness andt loh

the approaches under consideration.

5.4 Overall Evaluation Metrics

For Experiment 1to evaluate the efficiency oModels A and B their economic and
environmental costs are compared while varying the average vehicle capacity @sagé){Y
and the average_ distanceparameters The demand is considered deterministic for this

experiment.

0 w O rapresents the amount of cargo an average supplier has to shigoonteet the final
demand from the retailersn terms of the number of vehicles/contaire « 6 B¥dependent

on the total demand for final products from the retailers, the average number of components
required to produce each final product, the average weight/volume of these components, the
aveaage weight/volume capacity of a vehicle/container, and the number of suppliers required
to fulfil the total demand.

5 06 Y 0 £ OGO EaCE 0( ‘r‘]'é érr‘i(‘l@'“@’(hér‘]didé QO o (5.13)
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The numerator indicates the total weight/volume of components that are required from all
suppliers based on the final product demand from all the retailers, average component
weight/volume and number of componestequired for each final product. The denomioat
indicates the number of suppliers and the average vehicle weight/voluine ¢ thereby
represents the average vehicle capacity usage for each supptierclosed 6 g¥ts to 1, the
more the average percentage of a truck occupied by outgoingac&VCUbelow 1 indicates

that an average supplier has to ship out less thandafgowhile values higher than 1 indicate
that the supplier might have to use a mixture of FTL and LTL to meet its reqUlestbigher

the AVCUthe more the total demand and number of trucks the average supplier requires.
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Egn. (5.13) can be reformulated to keademand thesubject of the formulaTotal demand can
also be represented as the mean demand of all the retados all final products= Eqn. (5.15)
allowsus to vary thed w&to obtain differentmeandemandvalues for experimentationThis

is required because the demand is an actual parameter in the model formulation.
0€¢ 0D WE RQWAQA VENEG (5.14)

e s L WD 20 W67¥YE (5.15)
AQNRVANE xS
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where Sis the number of suppliers engagetl, @& a is the maximum capacity of the
vehicle, andcomponents per final produds the average number of components required for
the production of one final produciccording to the BoMO ¢ is the average weightolume

of each component.

We alsoevaluat the impact of theaveragedistance between shippers and receivers on the
viability of SCLThe locations of the facilities are set to be dependent on the parameter
average_distancas indicated inTable4. This allows for the comparison of the total SC cost
(economic impact) and the total distance travelled (environmental impact) for Model A and B
when the facilities are varying distances apart. Both evaluatiomstric (6 @ 6 "and
average_distanceservea function in analysinghe settings or conditionsinder whichSCL is

advantageous and when it does not provide clear advantages.

For Experiments 2 and )¢ evaluation metrics utilized to compare the SP and ML approaches
were the Value of Stochastic 8tobn (VSS) and Expected Value of Perfect Information (EVPI).
For a stochastic optimization model, if we replace the stochastic parameter with its expected
value (such as its mean from historical data), and solve the model detistivally, weobtain a
simpler problem (Birge, 1997). The solution for the model with mean values could serve as a
baseline to compare other approaches to handling stochastic mod&sS. is a measure of how
good or bad the solutiomobtained from these other approacheme in comparison to the
model with mean valuesAlso, the actuafuture value of the stochastiparameter assuming

perfect knowledgecan beused to solve the modeadeterministically This serves asnather
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baseline which can also be used to compare tiber approaches to handling stochastic

models. The closer the solution from these approaches is to that of the model with perfect

knowledge, thdowerthe EVPI, and vice versa.

In this studythe solution for a specific solution approach (either SP orisitdnsideredisthe
G2dal € Oz ali GKAOK Aa OlFfOdzZIGSR Fa (KS
overstocking/understocking cost (OUC) obtained from comparingqtnentities of thefinal

products provided to the actual demand. As an example, ifapproach instructs the SCN to

a dzy

provide 15 final products and the actual demand is 10, the total cost of the approach is the SCN

cost incurred due to the transportation, production, and so on, of 15 products plus the

overstocking cost of 5 units. On the ethhand, if it instructs the SCN to provide 5 final

products, the total cost is equal to the cost of providing the 5 units and the understocking cost

of 5 units.

We intend to obtain both thevSSand EVPI simultaneouslyhe lower baseline is set as the
solution obtained from solving Model A deterministically withet average of all the past
demandscenarios This is termed th&W2 RSt ¢ A (i K . YH® higher @dsélinz$sZs& as
the solution obtained from solving Model deterministicallywith the actualfuture demand
assuming perfect knowledgdhis has no overstocking or understocking césesolution from
each of the approaches (SP from Model A1&A2 and ML from Mod& #en positioned
0S06SSYy (KS WwWa2z2RSf gA0GK YSIy RGNt {B&@igute 2R
(based on Birge BY)].

Figurel2. VSS vs Solution vs EVPI

Expected value using
stochastic model

VSS EVPI
J: r 3
T T | T T
Y 1 Expected value using 3 4 Expected value
deterministic model with perfect
with mean information
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For the SP approael the reformulated moded A1 and A2 arsolved using the scenarios
generated from the data. The final value of the tosaipply of final product$o each retailer
[see Constraint (5.3) for Model A1 and Constraint (5.6) for Model AZ]taken as the
WLINE a O eithadinfodel dhebase Model Ais then solved deterministically with these
prescriptionsto obtain the SC cost.h€ OUC is also calculated using the surghsftages
(difference between actual demand and poeibed. The SC cost is added to the OUC as the

final cost of the SP approach

For the ML approachea)most similar procedures ataken. After the ML model has been used
to predict the future demand, the predicted demand is used to solve the optimizMiodel A1
deterministically to obtain the SC cost. The surmhsttagesare then used to calculate the
OUC. The SC cost and the OUC are then added to get the final cost of each ML approach. The
VSS and EVPI are used as evaluation metrics to compare both approaches. The formula below is
used to calculate the performance of each rnebdelative to thetotal cost obtained using the
mean values of historical data aadtual demand assumirgerfect knowledge othe future.

DE QO QOEG R 6 ¢ QR WO DG Oed Qi ©

Eqn.5.16A a aSi adzOK (KI iM2IRKSS HAfhdgl AYSy yT N Y diSK) W
2F TSNP 6KAES (GKFUG 2F GKS Y2RSt ¢ Nieklosetith® i dzi
solutionunder considerations to that of perfect knowledge, the closer the performance factor

is to 100. Approachethat give solutions worse than that of the mean demand obtain a
negative value for performancdhe performance of theolution under consideration relative

to the model with mean values is the VSS and its performance relative to the model with actual

demand is its EVPI.

The mean absolute error (MAE) is the average of the deviation of the provided units from the
actual demand for all final productsfor all retailerCand is calculated using Eqn. (5.1Ifis is

used as an additiona&valuationmetric. Note that Eqn. (5.7) is an adaptation of Egn. (5.11).
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B.B., 0@ 0iM (5.17)

The MILP modslare coded using Gurolaptimization solver and the ML models are built and
trained using TensorflovAll experimentss SNBE S E S Odzii SR 2-9750H CPULwthi S €
2.60GHz PCral 6GB dedicated memory.

5.5 SCNetwork Model Parameter éneration

The size of the model is depgent on the number of elements present (i.e number of
suppliers, plantsretailers products and components). This means the madeal beadjusted
to fit both large and smatbCsThe multimodality of the network could also be adjusted to only
include the available modesTlesecan be used to specifthe regionality or globality of the

supply chain members.

To analyze the proposed model, realistic data is generated for most of the parameters such as
plant and suppliercapacity, cod, distances, weight/volume of products or components etc.
Other parameters such as emission 1sé&ee obtained fronpublicly-avalableresourcesandthe
literature. Plant capacity is determimesuch that multiple plants will be needed to satisfy
customer needs. Supplier capacityalsodetermined so that multiple suppliers are required by
each plantMost of the parametersare obtined fromKabadurmus and Erdog4®020 as the
network theyanalysecontainsmany ofthe elements used in our modeThe volume, weight
and cost of components are designed to be much less than thogedihal productsbecause

in this case studywe assume that 3 components are required for a single product. Weight and
volume capacity for road, rail and water transtagion modes are according the standardfor

their container types. A 40ftontainer is considered for rail and water while a 4&htainer is
considered for roadransportation The activation cost of each plant/supplier is considered
$2000 (Kabadurms and Erdogan2020) while there is no fixed activationcost for
consolidation/dstribution centres. There is however a variable cost dependentf@quantity

of cargo processed through the faciliti€set as 0.5%/unit) Water recyclingcostis dependent
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on the region and could range from as low as 0.22$/m3 (0.0008%/gal) to as high as 2.0$/m3
(0.0075%/gal)Plapally 2012). The median is used (0.0042%/gal). The quantity (in gal) of water
used for each process is guided by the examptesidedby Boyd (2011).The quantity of each
product f produced per day in eacplant is setsuch thatmultiple days might be required to

fulfil the demandMore details are provided imableb.

Table5: DataGeneration forCaseSudy

Parameter Data Generation

Average demand of a retailer (fol This isset to bedependent on theaverage
deterministic model) vehicle capacity usage 0 6 @'Y for
Experiment 1 [See Eq(b.15)].

Demand variance of iitailer Uniform random number between 0.25 ar

0.33 of theaveragedemand

Actual demand of a retailer Normal distribution according to the averag

demandand variance

Plant capacity for a final product Uniform random number betweenc and
1.5*c, where c is the total quantity g
demandrequired divided by the number @
plants availablé€for the stochastic model, the
maximum demand fromhistorical datais

usedasc).

Supplier capacity for a component Uniform random number betweers and
1.5*s. sis calculated ashe total quantity of
componentk required divided by the numbe
of suppliers availabléjuantity of component

is based on the BoM).

Production cost of a final product] "Q Normal distribution with the mean m ang
standard deviation 0.05m, where m is a

uniform random number between 10 ang
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100.

Purchasing cost of a compone(it Q)

Normal distribution with the meam and the
standard deviation0.05*m, where m is a

uniform random number between 1 and 10

Carbon emission (in kg) for producing a fi

product

Uniform random number between 0.02 ar

0.08

Average distance

This is adjusted to vary the average distal

between shippers and receivers fq

experimenation.

Location of a supplier

Each ode is randomly located on a squa
grid. X and Y coordinatesare random
numbers between average_distanc® to

average_distanct).5.

Location of a manufacturing plant

Each ode is randomly located on a squa
grid. X and Y coordinatesare random
numbers between average_distance to

average_distancdl..5.

Location of aetailer

Each nde is randomly located on a squa
grid. X and Y coordinatesare random
numbers between average distanc& to

average_distance.5.

Location of a consolidation center

Uniform random number betwa i and i*r,
whire i is the average location of all th
shipping (supplier or planthodes andr is a
factor indicating how far the center is fro

the nodes it serve

Location of a wbtribution center

Uniform random number betweepand j*r,
where j is the average location of all th

receiving nodegplant or retailer)andr is a
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factor indicating how close the center is fro

the nodes it serve

Distance of arg

Euclidean distance between nodes

Percentage of distanceof arc for which roac

transport is required —

Uniform random number betwees and 10.

Lead time for a supplien(Q

Uniform random number between 1 and 5

Weights (kg) of afinal product and &

component 0

The weight of a final product is a unifor
random number betweerl.5 and 3, and the

weight of a component i6.8

Volumes (M) of a final product and 3

component U

The volume of a final product is a unifor
random number between 0.08 and 0.18, a

the volume of a component is 0.05

Production latch size for each M@y )

Uniform random number betweed0 and 60

Averagequantity of productf produced daily,
in each plantr) Q

Uniform random number betwee800 and
1500

Quantity of nonreused water utilized fol
making a batch of final products in each N

0w )

Uniform random number between 100 an

200 gal

Quantity of water use per day by ea

process (with dailyse)in each MGQU @& )

Uniform random number between 100
and 20000gal

Target volume efficiency—u

1 for all transportation modes

Target weight efficiencf—0)

1 for all transportation modes

Packing efficiencfactor (

Uniform random number between 0.8 and

Consolidation/distributiortime (cons_time

1 day

Carbontax per unit(

1.2%/kg

Water recycle cost )

0.0042%/g4 (Plapally2012)
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Table6: ParameteValues ofTransportationModes

Road Rail Water Air
"Q(per vehicle) 150 170 150 0
Q 50
& (per km per vehicle) | 0.075 0.035 0.05 0.0025%
0 ¢Xgal/hr) 0 0 200 0
Q (per km per kg) 0.075 0.025 0.015 0.6
"Q  (kg/gal) 8.78 0 0 0
N (kglitem) 1.0-3.0 [3.05.0 3.05.0 3.05.0
i (kg/Tonkm) 0.144 0.014 0.028 0.875
a (km/gal) 10.5
0 (md 90 67 67 60
0 (kg) 24000 26000 26000 21000
i n(km/hr) 100 32 40 900
®Q 0-0.2 0 0 0
0 €1 (@Mays) 0 1-3 1-5 1-3

aThe variable cost of air mode is calculated per km per kg

Data for'Q

motor gasoline. The values for other modes are set to 0 asdingo only occupies a portion of
the vehicle. This is compensated for by slightly indrepthe value ofi
from Carbonfund(2022. Mileage of truck isxtracted from United States Department of

Energy(2020. The packing emission rate for each mode is set as a random value within the

given range. The total packing emission is dependent on the number of items being loaded onto

the truck/container.

is obtained from EPA&022. The fuel used in road transportation is taken as

A is obtained

Table7: Probability ofAvailability of TransportationModes onMultimodal Arcs

Trucks Rail Water Air
Minimum 0 300 1000 800
distance(>km)
Probability (%) 100 75 25 100
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To be more realistic, the probabibt of rail and watertransportation modesbeing available

are set tobe 75% and 25% respectively. Also, they are only activated if the distance to be
covered is more than 300 and 1000 kilomest respectively. Air transportation is available on all
arcs witha distance greater than 800. After pmglinary tess, values are alsochosen for the

emission limit and water limibased on the total demand and number of plants.

5.6 DataSourcing

To examineand comparethe effectiveness of all the approaches consideraad actual dataset
wasextractedfrom Kaggle.contited W{ 4 2 NB A GSY RSYIl yRKagoge ROEgO | & (A y =
The dataset contain$ years ofdaily sales data of 50 items in 10 differergtail stores. In
preprocessing, we divide the datatan10 separategroups with each hang 5 different items

for the 10 stores This allows for 10 repetitions of the same experiments with exclusive data.
Eachsupply chain networkvill therefore have 10 retailerswith 5 final productsThe obtained

data is clean and has no missivgues Some of the data is cut out to represent the unseen

actual future demand data while the rest is used to build the mo¢eéFigurel3). The dita is
preprocessed differently for each approach (SP or M) the SP approaches, the scenarios are
generated from the data which are then used as parameters while building each model, while

for the ML approaches, the data is reshaped to the requir@ditmlimension for each model.

Figurel3. SplittingData into Historical/Training andFuture DemandData
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5.7Summary

This chapter startswith a description of the multiple approaches to handling stochastic
optimization modelling explored in this study. The SP approaches were presented and the
reformulations to the base Model A where provided. These were termed Model A1 and Model
A2. Detailson the procedure of applying ML approaches were then presented describing the
models/algorithms, training performance metrics and model tuning. We then go ahead to
discuss the details of the experiments to terriedout. Details on evaluation metrics, tweork

parameter generation and data sourcing are then provided.
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Chapter 6

Experiment Results & Discussion

6.1 Experiment 1

To analyse the influence of shipment consolidationtba supply chain network, six sample
networks with 4 suppliers, tanufacturing plants, 4 retailers, 5 final products, 6 components
and 4 modes of transportation eve generated (48IM-4C, 5F6K, 4T) usingealistic random

test instancesaccording toTable5 . The mean of the obtainedesults was calculated and
graphswere plotted. Theaverage distancéetween shippers and receivers is set as 2000km to
represent a wide global SThe goal of this experiment is to evaluate the advantageousness of
SCL and the conditions that make it profitabfer the Model A the number of upstream
consolidation and disibution centes were set to 1. The sam&as set for the number of
downstream consolidation and distribution cees. ForModel B the values of the facilities
were set to zero. This enforced the model to take only the direct routes from shippers to

receivers whileModel Acould take multiple routes.

The average vehiclmapacity usagdVCUs set as an evaluating factor to compare bothdek.
The more theAVCU the more the quantity ofhe items being shipped out on average by each

supplier or plant. The cost would also generally incredbe. results obtained aralsoplotted.

According toFigurel4, the total cost accrued bylodel Awas always less than or equal to that

of Model B. This is expected as the only transportation route option available to Model B is the
direct route while Model A has more transportationoptions and could seek claper
alternatives. This makes it such that the lowest cost possibl&ltatel Ais the cost of Model B.

The total cost is the sum of the transportation, facility activation, production, carbon and water

cost.
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Figurel4. Total Cost vsAVCU
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There were more vehicles in total used\odel A(Figurel5). There were a lot of shoitthaul
trips between the shippers and the consolidation/distribution facilities thereby requiring more

vehicles. This could have been potentially reduced if thereewmilk runs between the
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shippers. From Figure 16, it can be seen that the total distance travelled by all the
vehicles/containers iModel Ais sigificantly lower than that of Model B. This is most likely
because the shipments were consolidated early in the SC and fewer vehicles/{immstslikely

with FTL)were used forbigger partsof the trips. This option was not available in Model B as
shippershad to use as many trucks as required even if they were shipping LTLs, thereby causing
Model B to have feer trucks, but with each needing to traverse the full distance to the

receiver.

Figurel7. Carbon CosCF/WFvsAVCU
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The cost accrued due tihe carbon tax was higher for thiglodel B Eigurel7a). The values in
the figure howeverinclude the carbon emissions during production within the plants. The
reduced carbon costor the Model Ais majorly due to the decrease in the total dista

travelled Eigurel6). Figurel7b showsthat the carbon footprint of Model A is consistently less

than that of Model BThis means that Model B is less environmentally sustainaiblEigure

17c, the WF of both models are the same in most of the experiments. There are however
samples where the WF of eithanodel is slightly higher than the otherThis is because
production is the major contributor to the water footprint in our caseidies and production

WEF is the same for both models in most cases. The only other source of WF in our study is the
water mode of transportation. The slight difference between the WF of Models A and B seem

to occur when either of them chooses to use thater mode of transportationwithin its SCN

The experiment was repeated withe value of AVCUfixed asl.2 while varying theaverage

distance between shippers and receivers
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Figurel8. Total Costs Averagédistance

4S54M-4C, 5FoK, 4TAVC1F1.2

2,750,000
2,700,000
2,650,000
2,600,000
2,550,000
2,500,000
2,450,000
2,400,000
2,350,000
2,300,000

Total Cost

200 400 600 800 1,000 1,500 2,000 2,500 3,000
average_distance

=@=|odel A =@=Model B

Figurel9. Total Distance Travelled vs Average distance
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The total cost was fairly similar until tlaererage _distancegot up to around 1500kn{seeFigure
18). The total distance travelled was also similar until tverage_distance(between shippers
and receivers) got taround 600 (seeFigurel9). This means SCL might not lead to economical
and environmental savings in every scenario. The distance bettveeSC agents f&to be

above a certain threshold foSCLto be beneficial The high spike irFigure 19 between
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average_distance2000 and 3000 shows thatall the necessary factors were in pla@huge

environmental savings opportunity could arise.

In summary, the inclusion afhipment consolidation into the supply chametwork generally
reduced the total transportation cost, carbon cost due to emissalmsvethe cap, and reduced
total distance travelled. However, the number of vehicles used increased due abtenceof

milk runs between shipperd.he average distance between the shippers and receivers atso ha

to be above a certain threshold before SCL can be considered advantageous.

6.2 Experiment 2

For the ML approaches,anthly demand ér the retailersis predicted usiig historical demand

as input. The daily data is aggregated into montf2g-days)values. Demand for 24 months
before the demand prediction date is taken as input with a corresponding output of the
demand predictiorfor 3 months after the prediction date.-Bionthstimeline was selected so

as to be able to use the output of each ML mddigjorithm for both Experimens 1 and 2
simultaneously. After training the models and predicting tleenéndfor the final 3 months,he

future prediction for the first month is taken as thalue usedn this experiment. The data has

10 retail stores with 50 items/final products. This was divided into 10 groups with each group
havingthe samel0 retail storesbut with 5 unique items/final products each. For each retalil
store, each product has historical demand data. The goal is therefore to predict the demand for

the next month(28-days)for all retail storesanditems.

The S8 modelwasset with 4 suppliers, 4 manufacturing plants, ré@ailers, 5 final products, 7
components and 4 modes of transportation {48-10C, 5K, 4T)The planning period is set

as 28days.Parameters are generated, and the modepreliminarily solved deterministically

with the actualdemandvalues (no oversock and understockjo obtain the first baselineThis

gave the actual cost of the supply chain if we had perfect knowledge. The total cost was divided
by the total quantity of final product® obtain an ideaof the unit cost The understocking cost

is considerecas sales opportunity foregone and madguivalent to the selling price whial

set as2 times the per unit cosof the final products (total SCcost/total quantity of final
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products).Overstocking cost ialso considered asalf the unit cost (salvage value iset ashalf

the unit cost) Excess stock is however not carried over to the next planning pefioel
historical data aggregated into monthly data is used as past scenarios for the SP models, and as
training data for the ML modelsThe ML models were trained with MO(Eqgn 5.12) as the

custom metric so the model learns to optimize the output while factoring in the penalties for

overstocking and understocking proportionately.

Figure20 shows the graphical comparison between the prediction demand and actual demand
for the AGLSTM model for Group 1 arid. The xaxis shows the Store/lte(final product)
number while the yaxisshows the demand/alue Thetight closing between the actual and
predicted values in theesults show that the model was able to learthe relationships within

the data.Themodeltends to oftenovershootin its predictions.This is because the penaltyrf

over-prediction is less than that of undg@rediction (understocking cost>overstocking cost)

Figure20. AGLSTM Prediction Graph
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Figure21 and Figure22 showthat the ACM.STM and Ensemble SVR were also alkatothe

pattern within the data and give very close predicgoifhe Ensemble SVR however seems to
generally have higher predictisrthan the ACALSTMThis could be advantageous if it leads to

a smaller overall SC cost. The overall performan@dl ofodel typesis evaluated next.
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Table8 shows a summary of all the models considered for Group 1. The ditgthc describes

the mean absolute error (MABetween the predicted and actual demand values. Considering

that the goal ofthe prediction is its usage within a newsvendor MILP modés$, étialuation

compares all the ML and $Rodels throughthe total cost incurred after using the predictions

to optimize the MILP modeknhile includingthe overstocking and understocking co$@UC)

due to inaccurate predictions. Tmeeanvalue ofhistoricaldemandisalso used as W LINS RA OG A 2 y
to enablecomparisonwith the ML and SP modetsd to evaluate the Value of the Stochastic

0 KS Y2 R &dded foihé fable4d canipaz How 5 S Y |- y

good the predictions of the ML and SP are in comparison to the ideal scertare the actual

Solution.Thed 2 f dziA2y 27

Figure21l. ACVLSTM Prediction Graph (@ays)
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Figure22. SVREnsemble Prediction Graph {@8ys)

GROUP 1: Actual VS Predicted SVR Ensemble (28-days)
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FromTable8, the results from the experiment show that generally, ik modelsoutperform

the SPmodels MAE is calculated as the averagé the absolute difference between the

prediction and actual demanfgeeEqn. (5.1)]. ForeachSPapproach the modeQ W LINE RA Ol A 2 Y
is considered as the summation tife values of the variable® , & hd& [see Constraint

(5.3) for Model Al and Constraint (5.6) for Model Aftgr optimization. The Total OUC is also
calculated as the cost of understocking and overstocking. Optimization model cost (also Total

cost) is the addition of the cost of solving theodel ARS G SNXYAYyAaGAOlIf & gA0K
each method and the Total OUBCVLSTM gives the smallest MAEhe Ensembe-SVR

howeverperforms better, leading to the lowest OUC atatal cost.

Table8: Group 1Evaluation (2&lays)

Model (Group 1) Performance Metrics (2&lays)
MAE Total OUC Optimization Model
Cost
SP Simple Recourse 69.2 608979 4,609,866
Chance constraint ' ' n 4 63.4 527,516 4,576,183
Chance constraint ' ' n ¢ 59.8 469,474 4,547,130
ML AGLSTM 314 98,839 4,365,955
ACMLSTM 239 144,385 4,385,431
Stacking Ensemble 30.8 97,108 4,360,621
Baselines  Model with mean values 70.4 625594 4,622,319
Actual Demand 0 0 4,339,078

A very similar trend is s& with Group 10in Table9 with the ML approaches having very good
performances and obtaining results closest to that of having perfect knowledge (BHViEl)
Ensemble SVR once again performs best with the smallest OUC and Total cost while the AC
LSTM has the smallest MAE. The Simple recappeoach (Model Alpbtains a solution very

close to themodel with mean valuesvhile the Chance constraint apprdaas (Model A2)

obtain better results with increasing valsief h.
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Table9: Group 10 Evaluation (28ays)

Model (Groupl0) Performance Metrics (2&lays)
MAE Total OUC OptimizationModel

Cost
SP Simple Recourse 100.2 700864 5,144,707
Chance constrainb " T' 1 q 89.5 620,082 5,117,958
Chance constraint " T' n q 82.4 547,745 5,092,752
ML AGLSTM (MAE) 30.4 92,506 4,957,362
ACVLSTM (MAE) 359 209,997 5,005,574
Stacking Ensemble (MAE)| 40.4 84,515 4,951,500
Baselines  Model with mean values 104.7 725360 5,145,069
Actual Demand 0 0 4,884,868

Only evaluation data for Group 1 and 10 are shown in this chapter with the remaining 8 groups
illustrated in the Appendix The average of all ten groups is however discussed for overall
comparison Table10 shows the summary of all 10 groups with the average of all solutions

generally inline with the analysis of Grosyd and 10

Tablel0: Average Evaluation for all 10 Groups-(28/s)

Average of 10 Groups Performance Metrics (2&lays)
MAE oucC Optimization Model

Cost
SP Simple Recourse 106.4 805370 5,660,968
Chance constraind " ' n ® H 98.5 739,430 5,635,534
Chance constraind " ' 1 ® H 92.9 654,018 5,603,868
ML AGLSTM (MAE) 45.4 119331 5,466,616
ACVLSTM (MAE) 40.1 154,057 5439291
Stacking Ensemble (MAE) 42.2 113660 5,435597
Baselineg Model with mean values 1257 843018 5,669,537
ActualDemand 0 0 5,364,076
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Figure23 and Figure24 plot the three solutiongGroups 1, 2 and the average of all groupsa

two-dimensional graph to show how well placed each model is in comparison toaedines
The position of each approach relative to the model with mean values is its VSS while its

position relative to the model with actual demand is its EVPI.

Theperformancemeasuresn Figure24 are calculated using Eqi(5.16). The closer the valus

to 100, the more the cost saved due tite accuracy othe prediction. The Ensembi8VRhas

the lowest EVP$howing how close to pesfOl (y26f SRIS (KS Y2RSft Qa
ACVLSTM model is however the closest to the mean values among the ML models. 4t (ACV
LSTM) still performs significantly better than the SP models. Among the SP models, the Simple
recourse(Model Al)performsthe worst with a total cost very close to that of the mean values
(overall least VSS) showing how close the solution obtained from the method was to barely
using the average of thaistorical data The Chance constraimodels (Model A9 perform
slightlybetter than the Simpleecourse(Model Al)but perform poorly in comparison to all the

ML approaches.

Figure23. Mean vs Solution vs Perfect Knowledged2gs)
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Figure24. Mean vs Sation vs Perfect Knowledge Total Cost¢2§s)
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6.3 Experiment 3

The previous experiment considered the planning period to be 28 days. This experiment
however consides a larger planning period of 84 daff/dote: A month is considered 28 days)
The reason for enlarging the planning period was to getdeaof how the SP and ML models
would perform if we had to forecast further into the futuoe expand our planning horizofRor

the ML modelshistoricaldemand for 24months before the beginning of the planning period
was taken as input to predict theemand forthe following 3months The available data is for

65 months with the first62 months used as training data and the last 3 months used as the
unseenactual future demandThe training data was split into a sequence such that Month 1 to
Month 24 data is used as input for Month 25 to Month 27, Month 2 to Monthi2Gsed as
input for Month 26 to Month 28, up till, Montl36 to Month 59 used as iput for Month 60 to
Month 62. After training the model, Month Bto Month 62is then used as testing data toake

the final prediction for Month$3 to 65. This procedure was already carried out in Experiment

2. The 3month prediction waghen summed up into &ingle value.
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For the SP models, the fir6R data points are also used to generatthe requiredscenariosA
rolling aggregate with &months spans used for each scenario. This meahst the sum of
demand from Month 1 to Month 3 is the first scemardemand,the sum of demand from
Month 2 to Month 4 is the second scenario demand, upthi#,sum of demand from Monti®0

to Month 62 as the last scenarioThis procedure was taken for two reasoris, So the
generated scenarios can captuseme longterm trends and2. To maintain a relatively large
numberof scenariosThe model is then optimized with the demand scenarios generatdédeas
discrete samples of the stochastic demand paramef@r each Skhodel, after optimization,

the values of the variabled , & h® (seeDemand balance constrair.13) are extracted
and summed up as thquantity of final products the models A1 & A2 prescribe the SCN to
supplyfor each retail store for each producthese values are then used as the demand value
to solve Model A deterministically to obtain the model cost. The difference between the

guantity of final products supplied and the actual demand is used to obtai®th€ cost.

For the ML approachegijgure29 shows the relationship between thactualdemandand the
predicted demand using thAGLSTM model. The motleQ & LINBr&® dgéiniverg ¢fose to

the actual demand despite the largplanningperiod potentially leading to a small OUC.

Figure 26 and Figure 27 also show that the ACKMSTM and Ensemble SVR have good
performances. Graphs fgroups 2to 9 are show in the Appendix

Figure25. AGLSTM Prediction Graph-g3onths)
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Figure26. ACVLSTM Prediction Graph3nths)
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Figure27. SVR Ensemble Prediction Grapm@ths)
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Table 11 presentsa comparative analysis of all the methods. All kiodels have good
performances with values very close to thmdel with actual demandThe SVR Ensemble gives
the lowest total costAGLSTM however comes close with a total cost almost equal to that of
the SVR Ensemble. ASTM has the least OUC and MAE. The SP approaches do not perform
well as all have MAE, OUC and total sdsgher than themodel with mean valuesSimilar

results ae obtained in Group 1(Qlablel2).
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Tablell: Group 1 Evaluation {81onths)

Model (Group 1)

Performance Metricg3-months)

MAE Total OUC OptimizationModel
Cost

SP Simple Recourse 121.2 1,078558 11,109,093

/| KIyOS 0O2yaii13s.2 1,224,624 11,152,059

/| KIyOS 02y ai136.8 1,220,792 11,222,144

ML ACGLSTM 491 250940 10,800,178
ACMLSTM 62.8 426,127 10,879521

Stacking Ensemble 49.9 287,533 10,793808

Baselines Model with mean values | 1061 805470 11,018492
Actual Demand 0 0 10,712,399

Tablel2: Group 10 Evaluation {&onths)

Model (Groupl0)

Performance Metrics (3nonths)

MAE Total OUC OptimizationModel
Cost
SP Simple Recourse 160.4 1,088517 11,115358
| Kl yOS 02y a|165.2 1,222,940 11,190,968
| Kl yOS 02y a|i165.1 1,222406 11,204,924
ML AGLSTM (MAE) 542 226,672 10,895,784
ACVLSTM (MAE) | 1473 775414 11,034,724
Stacking Ensemble (MAE 90.7 455559 10,942,753
Baselineg Model with mean values| 1534 813211 11,035,848
Actual Demand 0 0 10,763,345
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Averaging all 10 Groupdable13) and @mmparing the results of all models, the ML models
generallyoutperform the SP model#Among the ML approaches, the SVR Ensemble performs
the best overall. This is not surprising as the EnsetSMR uses the outputs of the two other
ML models as extra input (children models) when training itself. TReSY®A1 and ACNSTM
also perform closed the model with Hctual deman@and obtain similar results. Analysing the
SP approaches, unlike when the planning period wad&& (Experiment 2), all the models
perform poorly (belonModel with mean valugs The Chance constraint approa@odel A2)

has the highest average total cost, OUC and MAE. This might be a resultobdletbeingtoo
conservative thereby impacting the viability thfe solution obtained over a longer perioth
comparison toExperiment 2 where the planning period was signifidgrgmaller, both the ML
and SP models do not perform in this experiment as well as they did. Th&NE@ and SVR
Ensemble with MAE of 69.2 and 65.9 respectively however still perform relatively well in
comparison to the actual demand values. Thibasau® Figure25 shows that actual demand

could be as high as 7000 (that is within 1% accuracy).

Tablel3: Average of 10 Groups Evaluatiorni@nths)

Average of 10 Groups Performance Metrics (3months)
MAE Total OUC | Optimization Model Cost

SP Simple Recourse 181.3 1,539,783 15,731,840

| KI yOS O2yal 1854 1,671,597 15,787,402

| KIyOS O2yal 1862 1,720,751 15,804,447

ML AGLSTM (MAE) 69.2 338,656 15,355,731
ACVLSTM (MAE) 103.4 637,870 15359121

Stacking Ensemble (MAE 65.9 319260 15,251,771

Baselines| Model with mean values | 176.2 1,171575 15,587,240
Actual Demand 0 0 15,156,420

Figure28 and Figure29 graphicallyshows the comparisonf the three tadles(Group 1, 10 and

average)and how themodels performin comparison to the baselise
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Figure28. Mean vs Solution vs Perfect Knowledgen(ths)
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Figure29. Mean vs Solution vs Perfect Knowledge Performéinenths)
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There isa consistent patterrof the MLapproachegerforming better than the SBpproaches
with the EnsembleSVRperforming best. This trend can be attributed to theability of ML

models toefficiently learn patternsand seasonalityvithin the historicaldata using advanced
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algorithms and computational powerthereby able to predict the future demand fairly closely

leading to less penalty incurred due to overstocking or understocking.

In terms of CPU runtime, for Miel A1 with simple recourse, it took an average of two minutes
to solve the models to optimality. For Model A2 with chance constraint ard.1, it took an
average of two hours to solve the models while that of 0.2 took about four hours teolve

In comparison, in the ML approaches, it took about 12 hours to run the ML algorithms with an
additional two minutes to solve Model A deterministically using the predicted values. This
shows that even though the machine learning approaches provided betsedtseand helped

save more cost, they were more computationally expensive.
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Chapter 7

Conclusion & Future Research

In this thesis, a novel supply chain optimization problem is presented to design sustainable
multimodal supply chains which also consider shipment logistics and stochastic demand. One of
the objectives of this thesis was to buildraSCN model that showsow water footprint and
carbon footprint analysis can be factored into the tactical decisions made pla@mingsupply
chainlogistics.We went through the procedure on how to analyse and incorporate different
elements such as water footprint analysis, aambfootprint analysis, multimodal freight
transportation and shipment consolidation logistics into the S&khe design stager while
performing logistical operation®r an existing SCN. This involved the buildingroadaptable
optimization model whik could be modified and applied to optimize rdié&& SCN optimization

problems

We then demonstrated how shipment consolidation logistics could serve as a tool for reducing
not just the economic cost of SCs, but also the amount of environmental impa&Cof
operations due toa reduction in the distance travelled to attain SC goals. We evaluated the
conditions that make the use of SCL within the SC most profitdbdelel A (with SCLwas
compared with Model Bwithout SC). For the base case data usédodel Aperformed equally

or outperformed Model B in every single scenaribhis is becauséModel A has the
infrastructure of the Model B within it and generally decides to use consolidation/distribution
facilities when there are costaving opportunities, or ignore those facilities and make only

direct deliveries from shippers to receigavhen that isbetter.

While varying theaveragevehicle capacity usaggAVCU factor, Model A seemed to find
significant cossaving opportunities when the vehicle utilization factor indicated a combination
of FTL and LTL. It seemed the LTLs were mostly transpbrtaeyh consolidation/facilities. The
number of vehicles utilized withiMmodel Awas generally higher than that of Model B. This is

mostly because the shippers had to uselividual trucks to deliver their LTL cargo to the

102



consolidation/distribution centerdefore shippingt to the receiversThis led to extra costlue
to the fixed cost of activating each vehicle. The overall cosadel Awas however still less
than Model B. This is because the optimizer would only choose to use SCL whenevergigere w

significant cost savings to offset the vehstliexed coss.

After the AVCUfactor was fixed as 2.and the average distance between the shipping and
receiving facilities variedlodel Ainitially had the same cost as Model B for short distances but
found higher costsaving opportunities as the average distance travelled increased. This
demonstrates that utilizing SCL might offer no cost savings when the distance of delivery is low
but becomes more profitable when the SCN is large and spans over a waléeageregional,
global). The cumulated distance travelled by all vehicles/contasfamplanes withinModel A

was equal to orsignificantly lower than that of Model B in all the scenarios considered. This
means Model B has more environmental impact asnsgortationbased CF is roughly
proportional to the distance travelled. This highlights the environmental advantage of
incorporating shipment consolidation into SAfe managerial implication of this is that the
SSCN/MFT&SCL model can be used by DMs dosehwhen it is appropriate to use
consolidation facilities within the SCN to obtain a feasible solution under budget
considerations. Using the results obtained from modifying the model generated in this thesis to
specific scenarios, the DM can make lagatdecisions and choose the appropriate suppliers,
manufacturing plants, transportation modes and order quantity for their operations to
minimize economic and environmental costs while concluding all operations within the set

planning period.

In tackling the inherent stochasticity of some of the parameters under consideration when
designing a SCN or making logistics decisiomsfferent approaches were utilized and
compared. These included multiple SP and &plproachesfrom which all the MLmodek
performed better than the traditional SmModels The ensemble model performed best and
obtained results closest to theodel with perfect predictionshereby giving thdowest EVPI
Even after extending the forecasting period, the Mpproachesstill had performances
significantly better than the S&pproacheswith their (ML models) predictions within 1% of the

actual demand valueJ his makes the case for tltensiderationof ML-basedapproaches when
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makinglogisticaldecisions on how to runreSCWith the proliferation in the generation of data
through the continual digitalization of SC processesand the innovation of new efficient
algorithms, MEbased approachesto uncertainty within the S(romise to be evenmore
accurate thereby enablingnore precie planningThe flexibility and effectiveessof ML models

in predicting varying forecast periods allow the DMfteely change the planning perioth

response tothe trends in the marke or technical changes in network parameters (such as

supplier lead time)
Areas of further extension to this work could include:

1. The consideration othe impact of SCs on othagillars of sustainability (social and
culture) and how to factor this into theupply chain network desigand logistics
planning

2. Theexpansion of thanodelto consider milk runs between the shippesad between
the receivers This willpotentially reduce the economic and environmental cesf the
model.

3. The application of this wrk to reatlife case stugbsto discover new findings or verify
the current findings.

4. The use of other demancklated data (e.g weather conditions, store location, month of
the year) alongside the demand data to further improve the forecasting accafady

models

5. The consideration of other SP methodologies such as sample average approximation

using simulated dataConditional Value at Risk
6. The utilization of decomposition methods or metaheuristics to handle taogde cases

that can not be easily solved using optimization solvers (such as Gurobi).

7. The analysis of the impact of improved prediction precision through the use of machine

learning on the bullwhip effect.
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Appendix

The results and graphdtained forGroups 2 to 10 are provided in this chapter.
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GROUP 2: Actual VS Predicted AC-LSTM (3-months)

GROUP 2: Actual VS Predicted AC-LSTM (28-days)
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Model (Group 2)

Performance Metrics (2&lays)

Performance Metrics (3

months)
MAE Total | Optimization | MAE Total | Optimization
oucC Model Cost oucC Model Cost
SP Simple 1396 | 964,335 7,072519 | 215.6| 1,984,764 | 20,231,160
Recourse
Chance | 120.6| 880,005 7,038212 | 220.2| 2,262029 | 20,227,873
constraint
6h T nd
Chance |1159| 791854 7,023798 | 219.8| 2,259101 | 20,222,094
constraint
6h T nd
ML AGLSTM | 90.5 | 156,037 6,807,077 |99.1 | 190872 | 19948809
ACV 81.9 | 144916 6,790158 | 1289 | 231,158 | 20,076401
LSTM
Stacking | 42.7 | 117,727 6,740396 | 77.0 | 448586 | 19880104
Ensemble
Baselines Model 147.2| 1,001,314 | 7,085294 | 2160 | 1,502304 | 20,246,691
with
mean
values
Actual 0 0 6,701,768 |0 0 19,714,867
Demand
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3

Grou

GROUP 3: Actual VS Predicted AC-LSTM (3-months)

GROUP 3: Actual VS Predicted AC-LSTM (28-days)
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Model (Group 3)

Performance Metricg28-days)

Performance Metris (3-months)

MAE Total Optimization | MAE Total Optimization
oucC Model Cost oucC Model Cost
SP Simple 705 | 1,140646| 8,132071 |2804|2,204239| 21325571
Recourse
Chance 75.4 1 1,148838| 8,135178 |282.1|2,459214| 21,403700
constraint
6h T no
Chance 683 | 897,047 8,037,237 | 279.8| 2,456,088 | 21,402332
constraint
6h T no
ML AGLSTM | 53.1 | 106,390 7,785,767 68.1 | 302743 20,741,281
ACMLSTM | 47.2 | 290331 7,831,955 | 157.7| 973788 20,804,298
Stacking 53.2 | 109881 7,736,867 67.4 | 270918 20,782,818
Ensemble
Baselineg Model 180.3| 1,207,656 | 8,155155 |271.6| 1,695665| 21,141,360
with mean
values
Actual 0 0 7,695,000 0 0 20,616,088
Demand
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GROUP 4: Actual VS Predicted AC-LSTM (3-months)

Actual VS Predicted AC-LSTM (28-days)
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Model (Group 4)

Performance Metrics (2&lays)

Performance Metrics (3nonths)

MAE | Total | Optimization | MAE Total Optimization
oucC Model Cost oucC Model Cost
SP Simple 107.2| 775304 5,373454 150.2| 1,238868 | 13428341
Recourse
Chance 87.7 | 642575 5,324,003 152.5| 1,400477| 13491512
constraint
6h T naoy
Chance 80.3 | 560,013 5,296,262 151.5| 1,270504 | 13447714
constraint
6h T naoi
ML AGLSTM 58.0 | 114095| 5,132994 58.3 | 153699 | 13052736
ACMLSTM | 333 | 105638 5112966 781 | 476312 13,164,687
Stacking 30.4 | 119112 5,166,989 786 | 471706 13,140,531
Ensemble
Baselineg Model with | 108.5| 774,731 5,371,192 148.9| 942841 13,303566
mean
values
Actual 0 0 5,106,847 0 0 12,993 957
Demand
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Actual VS Predicted AC-LSTM (3-months)
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Model (Group 5)

Performance Metrics (2&lays)

Performance Metrics (3nonths)

MAE Total | Optimization | MAE Total Optimization
oucC Model Cost oucC Model Cost
SP Simple 1455 | 920012 6,368357 |201.9|1,888855| 19671473
Recourse
Chance 141.2 | 908,754 | 6,364,738 | 203.5(2,127231| 19,764,097
constraint
6h T no
Chance 1216 | 734582 | 6,290905 |203.5(2,127231| 19,766,110
constraint
6h T no
ML AGLSTM 32.9 | 157546 | 6,127640 |1093| 768058 19,306,171
ACMLSTM | 372 | 104005| 6,051,385 72.9 | 492931 19,180,611
Stacking 305 | 146124 | 6,081,689 52.2 | 304420 19,053,548
Ensemble
Baselineg Model with | 147.8 | 964,782 | 6,383938 |202.1|1,452887| 19,507,390
mean
values
Actual 0 0 6,024,914 0 0 18,991,453
Demand
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Model (Group 6)

Performance Metrics (2&lays)

Performance Metrics (3nonths)

MAE | Total | Optimization | MAE Total Optimization
oucC Model Cost oucC Model Cost
SP Simple 128.5| 823907 5,538496 180.2| 1,408814 | 15,023548
Recourse
Chance 115.3| 780,803 5,525434 1703 | 1,206,797 | 14,967,626
constraint
6h T naoy
Chance 105.6| 725752 5,509,965 175.5| 1,610008| 15,064,017
constraint
6h T naoi
ML AGLSTM 35.6 | 136,884 5410440 52.5 | 233040 14,606,825
ACMLSTM | 40.8 | 102402 5,309,248 721 | 174071 14,531,681
Stacking 38.2 | 122907 5,334,767 67.8 | 153226 14,502,892
Ensemble
Baselineg Model with | 133.4| 842543 5542981 175.7| 1,060885| 14,861,598
mean
values
Actual 0 0 5,259,048 0 0 14,451,284
Demand
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Model (Group 7)

Performance Metrics (2&lays)

Performance Metrics (3nonths)

MAE | Total | Optimization | MAE Total Optimization
oucC Model Cost oucC Model Cost
SP Simple 902 | 743848 5,255,589 181.2| 1,749540| 18,091,028
Recourse
Chance 89.9 | 671425 5,212582 1935 1,987195| 18,189,266
constraint
6h T naoy
Chance 973 | 641,199 5,214510 1907 | 1,987,492 | 18188732
constraint
6h T naoi
ML AGLSTM 32.1 | 151,892 | 5,081,991 998 | 709691 | 17,703366
ACMLSTM | 32.9 | 95844 5,036,467 142.2| 1,038734| 17,828332
Stacking 67.5 | 109,028 5,297,945 59.9 | 262453 17,650,717
Ensemble
Baselines Model with | 128.5| 777,689 5,260,351 1768 | 1,308846| 17,918642
mean
values
Actual 0 0 4,961,295 0 0 17,402456
Demand
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