
HAL Id: hal-01437920
https://inria.hal.science/hal-01437920v1

Submitted on 17 Jan 2017

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

Distributed under a Creative Commons Attribution 4.0 International License

Robust Optimization Theory for CO2 Emission Control
in Collaborative Supply Chains

Giovanni Felici, Toshiya Kaihara, Giacomo Liotta, Giuseppe Stecca

To cite this version:
Giovanni Felici, Toshiya Kaihara, Giacomo Liotta, Giuseppe Stecca. Robust Optimization Theory
for CO2 Emission Control in Collaborative Supply Chains. 16th Working Conference on Virtual
Enterprises (PROVE), Oct 2015, Albi, France. pp.547-556, �10.1007/978-3-319-24141-8_51�. �hal-
01437920�

https://inria.hal.science/hal-01437920v1
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr


Robust Optimization Theory for CO2 Emission Control 

in Collaborative Supply Chains 

Giovanni Felici
1
, Toshiya Kaihara

2
, Giacomo Liotta

3
, Giuseppe Stecca

1,2
, 

 
1 Istituto di Analisi dei Sistemi ed Informatica “Antonio Ruberti”, C.N.R., 

Via die Taurini 19, 00185 Rome, Italy 

{giovanni.felici, giuseppe.stecca}@iasi.cnr.it 

 
2 Graduate School of System Informatics, Kobe University, l‐1, Rokkodai, Nada, 

657‐ 8501 Kobe, Japan 

kaihara@kobe-u.ac.jp 

 
3 Center for Industrial Production, Aalborg University, A.C. Meyers Vaenge 15, 

 DK-2450 Copenhagen SV, Denmark 

gl@business.aau.dk 

Abstract. Global sourcing in complex assembly production systems entails the 

management of potentially high variability and multiple risks in costs, quality 

and lead times. Additionally, current strategies of many companies or 

environmental regulatory frameworks impose - or will impose - on industries 

worldwide to take control, among others, of CO2 emissions and related costs 

generated in supply, production and distribution. Strategic planning should 

therefore manage multifaceted risks in order to prevent high-costly re-planning. 

This work addresses the problem of simultaneously controlling CO2 emission, 

production and transportation costs in supplier-manufacturer echelons. The 

problem is addressed by using the robust optimization theory applied to 

network strategic planning. A non-collaborative scenario in which each 

manufacturer independently selects its suppliers is compared to a scenario in 

which all the supply-chain actors aim to minimize production, transportation 

and CO2 emission costs. Computational experiments on realistic instances show 

positive effects of collaboration on costs, especially in more constrained tests. 

Keywords: Supply chain management, Supplier selection, Robust optimization, 

Sustainability, Collaboration. 

1   Introduction 

Supplier selection is a critical sourcing process with huge impacts on cost, time, and 

quality performance of manufacturing companies. The implementation of global 

sourcing programs offers companies to gain significant competitive advantages. 

However, these programs also expose Original Equipment Manufacturers (OEMs) to 

multifaceted risks (e.g., late deliveries, financial instability, environmental disasters or 
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negative impacts, security, and safety issues) and hidden costs that make supply chain 

more vulnerable to supply chain disruptions or poor supplier performance. 

Optimization models for supplier selection (mainly deterministic) have been 

proposed in the literature but a few of them included operational risks. Operational 

risks are related to uncertainties in customer demand, supply, and cost, and are 

opposed to disruption risks which are related to natural or man-made disasters [1]. As 

pointed out in [2, 3], (operational) risk management approaches can be divided into 

four categories: risk avoidance aims at eliminating the source of risk; risk mitigation 

reduces the probability of potential risks; risk sharing, in which cooperation contracts 

and insurances can be used to share risk with other parties; risk adoption, which is a 

passive risk taking strategy. Only in the recent years disruptions and uncertainty have 

been introduced and modeled in formulations including supplier selection (see, e.g., 

[4]). Beyond the competitiveness, supplier selection hugely impacts on sustainability 

performance of companies. However, quantitative models for supplier selection still 

require further research on criteria sets and integration of social and environmental 

dimensions [5]. In this work we study a robust approach in supply-chain strategic 

planning dealing with uncertainties in costs which are the uncertain price paid for CO2 

emission during production process. 

Green supplier selection requires solid environmentally-oriented metrics, 

collaborative relationships across the supply chain and real-life scenario testing even 

though the literature seems to demonstrate a raising interest which however is still 

relatively low [6]. CO2 emissions can be an effective and clear metric to be embedded 

in decision making. This is demonstrated by the recent development of models 

integrating CO2 in multiple criteria analysis such as Analytic Network Process (ANP) 

[7], fuzzy multi-objective linear programming and Analytic hierarchy process (AHP) 

[8]. Multicriteria decision models for supplier selection in collaborative networks (in 

particular ANP) have been introduced [7, 9] but risks and uncertainty issues have not 

been addressed. At industry level, the inclusion of CO2 emissions in supply chain 

management and in particular in supplier selection is particularly significant for 

companies relying on energy-intensive processes such as automotive suppliers and 

manufacturers [10, 11] or transportation and chemical/pharmaceutical industry [5]. 

Indeed, regulatory frameworks based on carbon taxation or cap-and-trade 

mechanisms have been already introduced in many countries worldwide [12]. In the 

future, companies will have to cope with these regulations de facto, internalizing the 

cost of their greenhouse gas emissions. This can also lead to improved environmental 

performance and cost energy savings involving suppliers [10]. On the other hand, the 

level of taxation or the trade pricing mechanisms may represent an additional risk 

factor because of the uncertainty in trends and fluctuations of CO2 prices (see, for 

example, [12, 13]). 

The objective of this paper is threefold: first, the CO2 emission cost for companies 

is integrated into an optimization model to support decision making for supplier 

selection in addition to production and transportation costs. Second, uncertainty is 

addressed by using the robust optimization theory, thus exploring several risk 

scenarios. Third, the impact of collaboration between suppliers and an OEM on the 

performance of these supply chain echelons is estimated. As exemplary case study, 

computational tests are carried out on the basis of an instance envisioned for an 

automotive supply chain [14]. Our approach, which entails robust optimization 
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modeling in operational risks, according to [3], is a risk mitigation strategy which 

anticipates risks and develops contingency plans. The proposed approach has been 

selected because optimization allows decision-makers to simultaneously minimize 

multiple cost components that can be parameterized in scenarios with different 

constraints. Robust optimization then includes uncertainty in model parameters, thus 

embedding risk management issues. In our model, multiple supply chain variables and 

parameters are included and uncertain CO2 emission cost levels (i.e., trade prices or 

taxation) are considered as a risk factor. To our best knowledge this is the first 

optimization model for supplier selection using robust optimization theory and 

internalization of CO2 emission costs by comparing collaborative and non-

collaborative settings. 

The paper is structured as follows. Section 2 presents the suppliers-OEM 

manufacturing network of the two supply chain echelons. The robust optimization 

model and the collaboration aspects are introduced in Section 3. Computational 

results are presented and discussed in Section 4. Conclusions follow. 

2   Manufacturing Network 

The manufacturing network consists of a two echelon production-distribution network 

serving a customer demand clustered in country demand areas. The general (physical) 

network configuration is presented in Fig. 1. 

 

 

Fig. 1. Multiechelon production – distribution network. 

The central echelon (layer 1) of the modeled supply chain considers the final 

assembly stage of the production. This layer represents all the final assembly plants 

controlled by a focal company (OEM). The upstream layer (layer 2) is represented by 

the suppliers of the main components that have to be assembled into the final 

products. Fig. 1 shows that potentially all the suppliers can provide all the assembly 

plants with the components and that all assembly plants can produce all the final 

products and serve the market. However, constraints regarding supply and assembly 

options have to be met as hereinafter explained. 
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Usually OEMs (the layer 1) establish supply contracts with a subset of suppliers in 

order to provide the required production levels and serve the final customers with an 

agreed service level. More sophisticated strategies could involve partnerships and 

collaboration between suppliers and/or a single OEM’s assembly plant or sets of 

OEM’s plants. 

In the modeled network, three assembly plants can produce and deliver at least one 

of three final products to the market. Each product consists of three major 

components. The OEM’s assembly plants can be supplied by a set of six (competing) 

suppliers. Suppliers produce specific components. Suppliers, components and product 

assembly options are specified in Table 1. 

Table 1.  Component supply and product assembly options. 

Supplier (Si) Component (Ci) Product assembly options (Pi) 

S1 C1 P1 = C1+ C2+ C3 S2 C1 

S3 C2 P2 = C1+ C2+ C4 S4 C2 

S5 C3 and C4 P3 = C1+ C3+ C4 S6 C3 and C4 

 

Each supplier operates in a specific country. Each country is characterized by 

specific CO2 emission levels depending on the location and manufactured 

components. Suppliers and assembly plants are connected by a multimodal transport 

network across which road, rail or sea transport services are provided. 

The main CO2 emission parameters for production and transportation are 

summarized in Table 2 and 3. The CO2 emission standard parameters for component 

production are presented in Table 2. These CO2 emission levels have been estimated 

by elaborating on the data of a case study of the automotive industry1. In our 

elaboration, CO2 emission levels at suppliers’ production sites are limited to the 

lowest (ideal) levels across the countries considered. According to the different 

locations of sites in the network, in the worst cases, the CO2 emission levels can be up 

to approximately 200% and 270% higher than the standard values considered in Table 

2 for the components. 

Table 2.  CO2 emissions and cost parameters of production of components. 

Components CO2 Emission (tCO2/unit)a 

C1 0.102 

C2 0.022 

C3 0.05 

C4 0.1 
a Estimate of standard CO2 emissions in the countries with 

the lowest emissions per unit manufactured in the network. 

The production costs are both fixed and variable. Fixed production costs range in 

the interval 1.80-4 mEUR while the variable costs of components respectively range 

                                                           
1 http://publications.lib.chalmers.se/records/fulltext/136639.pdf  
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in the intervals 26.5-300 EUR. Transportation costs are specified in Table 3. The 

carbon price considered is 10 EUR/tCO2 (see, for example, the 2020 ETS price 

projections presented in [13]). The considered network costs concern the supply costs 

and transportation costs between the selected suppliers’ sites and assembly plants. 

Table 3.  CO2 emissions and cost parameters of transport. 

Transport mode CO2 Emission (gCO2/tKm)2 Transport cost (EUR/tKm)3 

Roada 93.1 0.14 

Rail 17.4 0.11 

Sea 101 0.009 
a Road, semi-trailer truck with a GCW of 40 tonnes, large volumes, road diesel 
b Short-sea shipping, Ro-Ro 

3   Robust Optimization Approach 

Robust optimization is used in mathematical programming to deal with uncertain 

parameters. With respect to stochastic programming, where some parameters are 

known through their distribution probability, in robust optimization the parameters are 

known only through their bounds of variability. 

In integer programming, the robust optimization [15] can be defined over cost 

parameters, constraint parameters (e.g., product weights, arc traveling times, etc.), and 

known terms (e.g. customer demand values, plant capacities, etc.). The robust 

optimization aims to find a solution which is feasible and “good” over all the 

variation scenarios of unknown terms. In particular, some approaches are aimed to 

find the best solution in the worst case. Our approach is inspired by the work of [15], 

where robustness is considered inside the mathematical model and a parameter called 

“robustness budget” will let decide the degree of coverage amongst unexpected 

events. In the studied case, the unknown parameters are the CO2 emission costs. 

The studied problem can be formulated over a graph G(N,A) where multiple 

commodities k should be delivered from suppliers to OEM’s assembly plants using 

arcs (i,j). The goal is to minimize the overall production transportation and CO2 

emission costs over a time horizon T. The single time period is denoted with t. The 

parameters are as follows: 

dikt Demand 

fpikt Activation cost 

cpikt Unit production cost 

hikt Unit holding cost in inventories at node i  

ICikt Inventory capacity 

PCikt Production capacity 

epit Emission factor at node level: the grade of emission of node i with respect to 

the reference country  

                                                           
2 http://www.developpement-durable.gouv.fr/IMG/pdf/Information_CO2_ENG_Web-2.pdf 
3 http://ec.europa.eu/ten/transport/studies/doc/compete/compete_report_en.pdf 
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epk Unit emission cost for product k (Reference country at time 0) 

etk Emission cost/Km (rail at time 0 =1) 

cijkt Unit travel cost for production k 

ftijkt Arc activation cost for production k 

etijt Emission factor at arc level: the grade of emission of arc (i,j) with respect to 

the reference arc  

 

The variables are as follows: 

vikt quantity of product k manufactured in node i in period t 

zikt 1 if k is manufactured in i at time t, 0 otherwise  

xijkt quantity of product k flowing in arc (i,j) in period t 

uijkt 1 if k is flowing in arc (i,j) in period t, zero otherwise 

sikt inventory level of product k in node i in period t, t∈[0, T]. 

 

We first describe the non-robust deterministic model. The objective function to be 

minimized is: 
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The constraints on capacity are: 
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Other constraints are: 

kiss ikik ,0, )1(0 ∀=−       (6) 

vikt, xikt, sikt positive integer; zikt, uijkt binary    (7) 

 

Robust optimization protects against all the possible occurrences of the uncertain 

values inside given bounds. Here robustness is introduced against the variation of 

costs of CO2 emissions for production nodes. The emission factor epit over time is not 

fixed and may vary inside the interval [ epit , epit + ∆epit] for i ∈ N’⊆N, t ∈[1,..,T]. 

Subset N’ and A’ contain the nodes for which the unknown variability is considered. 

Let Γ ≤ |N’| T be the “budget of robustness” for emission variability intervals of 

production. Γ can be explained as the maximum number of variable intervals that are 

allowed to vary at their maximum and for which robust solution is guaranteed to be 

feasible. The model considering Γ robustness is named “robust counterpart”. The new 

objective function z’ of the robust counterpart model is: 
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By using duality theory, the formulation can be rewritten as a standard mixed-

integer linear programming (MILP) model adding variables and constraints to hold 

robust terms and removing the min – max form [15]: 

∑
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The complete model would then be: 

 

min z’ 

s.t (2), (3), (4), (5), (6), (7) and 
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4   Computational Results and Discussion 

The computational experiments have been conducted on two different scenarios: first, 

a non-collaborative scenario in which each OEM’s assembly plant (layer 1 of Fig. 1) 

run the optimization separately and sequentially in order to identify the suppliers 

leading to locally optimal solutions. In the second scenario, a collaborative decision is 

made between all the OEM’s assembly plants of the layer 2 simultaneously in order to 

jointly select the suppliers minimizing the global system costs. The multi-period 

model runs over 10 years. The robustness is applied to the CO2 emission cost of the 

suppliers’ production nodes in order to investigate variability and risks of CO2 cost 

impact for production in different countries by focusing on the supplier selection 

problem. A nominal level of demand and capacity is used in a first experiment 

(Experiment 1). In the Experiment 2, the demand is supposed to increase by 5% 

yearly. However, in the non-collaborative scenario, it is also assumed that the 

suppliers and carriers allocate no more than 75% to each assembly plant. In the 

Experiment 3, the demand is the nominal one (Experiment 1) but the supplier’s 

production capacity allocated to an OEM’s plant is up to 33% in order to be able to 

potentially cover with 100% of capacity the demand of all the three OEM’s assembly 

plants. The computational results are presented in Table 4. 

In the Experiment 1, the total cost savings resulting from the collaboration at OEM 

level (approximately 3% in robust and non-robust solutions) moderately support the 

need for integrated sourcing solutions between assembly sites. In this experiment, the 

most relevant contribution to cost savings derives from reduced production costs 

whereas the impact of the variability of CO2 emission costs is negligible. The effects 

of collaboration on cost reduction are amplified when the demand increases and 

capacity allocation decisions are more constrained (Experiments 2 and 3). In 

particular, production, transportation and CO2 emission costs significantly decrease. 
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Especially in the Experiment 2, the cost savings are quite significant and higher than 

the Experiment 3, which however exhibits positive results. 

Table 4.  Comparisons between the non-collaborative and collaborative scenarios. 

Experiment 1: Nominal demand and 

capacity 

Non-collaborative 

scenario (KEUR) 

Collaborative 

scenario (KEUR) 
Var. % 

Production cost 2,695,705 2,545,705 –5.56 

CO2 Emission cost from production 13,974.10 13,974.10 0.00 

Transportation 2,418,167 2,418,167 0.00 

CO2 Emission cost from transport 3,027.10 3,027.10 0.00 

Total costs without robustness 5,130,873 4,980,873 –2.92 

Total costs with robustness 5,256,640 5,106,640 –2.85 

Robustness contribution ( Γ = 1) 125,767 125,767 0.00 

Experiment 2: Increased demand; 

reduced supplier capacity allocation in 

non-collaborative scenario 

  

 

Production costs 4,117,944 3,268,599 –20.63 

CO2 Emission costs from production 21,519.58 18,901.30 –12.17 

Inventory costs 583,500 956,250 +63.88 

Transportation costs 3,893,614 3,159,373 –18.86 

CO2 Emission cost from transport 4,728.39 3,986.67 –15.69 

Total costs without robustness 8,621,306 7,407,111 –14.08 

Total costs with robustness 8,814,982 7,577,223 –14.04 

Robustness contribution ( Γ = 1) 193,676 170,112 –12.17 

Experiment 3: Nominal demand; 

reduced supplier capacity allocation in 

non-collaborative scenario 

  

 

Production costs 2,837,585 2,545,705 –10.29 

CO2 Emission costs from production 15,155.07 13,974.1 –7.79 

Transportation costs 2,526,145 2,418,167 –4.27 

CO2 Emission cost from transport 3,206.29 3,027.1 –5.59 

Total costs without robustness 5,382,092 4,980,873 –7.46 

Total costs with robustness 5,518,488 5,106,640 –7.45 

Robustness contribution ( Γ = 1) 136,396 125,767 –7.79 

 

The collaborative supplier selection based on global cost optimization not only 

entails important cost savings but produces also a positive effect on risk management 

related to emission costs. In fact, in the last two experiments, the contribution of the 

robustness budget emerges in terms of reduction in the budget allocated to the 

variability of CO2 cost on the basis of the same demand for suppliers (approximately –

12 and –8%). Although the total cost of the robust optimization is higher that the non-

robust one, the effects of the occurrence of the worst cases may definitely be more 

harmful in non-robust solutions. 
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5   Conclusions 

This work contributes to the research on collaborative supply chains under risk 

conditions with consideration of CO2 emissions by embedding a robustness budget for 

CO2 cost uncertainty in the optimization approach for supplier selection, in both 

collaborative and non-collaborative settings. 

The work is inspired by realistic instances and can be useful for: (i) industrial 

managers, in order to innovate procurement decision-making processes by 

considering supply-chain partnerships and budgets for uncertainty of variable CO2 

prices or taxes that has, or will have, to be considered according to current or future 

regulatory frameworks; (ii) policy makers, in order to adjust and test the impacts of 

variable CO2 emission trading prices, different pricing mechanisms, carbon taxation 

schemes or collaboration incentives for supply chain actors. 

Test runs are executed over a test instance envisioned in a previous work [14]. We 

find that the simultaneous, joint decision of OEMs on the selection of the suppliers 

leads to a cost reduction which varies depending on the experimental setting. When 

capacity constraints are less tight and the demand does not vary, a reduction in 

production cost is observed whereas transportation and CO2 emission costs are 

substantially unvaried. However, the effects of collaboration on cost reduction are 

amplified when the demand increases and capacity allocation decisions are more 

constrained. Therefore, collaboration benefits the environmental performance of the 

sourcing process. In fact, in the non-collaborative approach, suppliers sequentially 

reserve production capacity to OEMs requesting the components. This entails a not 

optimal allocation strategy. Nominal demand levels in the constrained scenario of 

capacity allocation produce positive but less significant effects. Robust optimization 

leads to reduced total costs in all the tests with respect to non-collaborative settings. 

This entails the possibility to allocate a budget for risks related to CO2 emissions cost 

uncertainty from variable trade prices or taxation that can be fully absorbed by the 

cost benefits from collaboration. 

This work has the following limitations: collaboration is not considered 

horizontally among suppliers and carriers, respectively. Furthermore, transaction 

costs, which are not considered in the model yet, may lower the potential gain of the 

collaborative scenario. Future research tasks will aim to identify further instances and 

additional complexities of the real-life decision-making processes such as, e.g., scarce 

resources and their impact on collaboration settings. Moreover, the model will be 

extended to an entire supply chain and possibly integrated with simulation in order to 

embed dynamicity. 
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