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Abstract 

Procurement decisions play a vital part in the sustainable transformation of the supply chain. Till now, a 

variety of supplier selection and lot-sizing models have been suggested, in particular, focusing on carbon 

emissions in a deterministic environment. It is noted that stressing only on carbon emissions cannot fully 

transform a sustainable supply chain. The present study argues that with carbon footprint, other 

dimensions, such as social sustainability, water footprint, recycled material use, solid and liquid waste, 

need to be considered in sustainable procurement decisions. To fill the gaps, this study proposed a three-

stage multi-objective multi-supplier, multi-period joint supplier selection, and a lot-sizing model, taking 

into account carbon footprint, water footprint, solid and liquid waste, and use of recycled materials in a 

stochastic environment. The model optimizes three objectives (cost, carbon emission, and social 

sustainability). The model considers different model parameters as uncertain, such as costs, emission, solid 

waste, liquid waste, recycled material, quality rejection, and capacity. The present study suggests how to 

quantify social sustainability and further use it in the lot-sizing model. The proposed study has been carried 

out in three stages. In the first stage, BWM (Best-Worst method) and TOPSIS are applied to evaluate 

suppliers' social scores. In the second stage, the suppliers' social scores are used in the proposed 

possibilistic lot-sizing model. In the third stage, various trade-off curves are generated by applying the ε-

constraint method. The model produces distinct optimal solutions for different uncertainty levels, which 

are used to create trade-off curves among the cost, emission, and social dimensions. The results facilitate 

decision-makers to decide the lot-size in an ambiguous environment. 

 

 

 

mailto:vijay.lahri07@gmail.com


3 
 

Graphical abstract 

 

Keywords: lot-sizing; Best-Worst method; TOPSIS; ε-constraint; social sustainability; carbon footprint; 

solid waste; liquid waste; recycled materials; possibilistic programming. 

 

 

 

 

 

 

 

 

 



4 
 

1. Introduction 

Procurement decision in the supply chain is a challenging activity that draws significant attention from researchers 

and decision-makers (Kaur and Singh 2017). It has considerable importance for operational decisions because a 

substantial amount of costs are incurred in procurement. As per the findings of De Boer et al. (2001), the 

procurement costs can reach up to 60 percent of the finished product cost. Nowadays, procurement is no longer a 

clerical activity; it is a strategic tool of competitive advantage. In the era of globalization, sustainable development 

has received significant attention from various governments and policymakers. A sustainable supply chain is a 

tactical competence that facilitates firms to remain competitive in today's marketplace. The need to develop a 

sustainable supply chain is relevant in recent times because many governments worldwide are implementing 

stringent rules to reduce carbon emissions and avoid the social exploitation of the employees (Sikdar 2007; 

Sharma et al. 2020). Besides, consumers also prefer to buy green and socially sustainable products (Pathak et al. 

2020). Implementing sustainability in the supply chain is a complex and multi-dimensional problem. Joint lot-

sizing and supplier selection have significant potential to minimize the environmental footprint and manage a 

supply chain's social sustainability. Recently, Benjaafar et al. (2012) and Bonney and Jaber (2011) argued that the 

modification of the operational policy could cut the environmental footprint of a supply chain. Till now, most of 

the studies have dealt with the lot-sizing problem from an economic and inventory control perspective. However, 

there is a need to study the lot-sizing problem from the triple bottom line's perspective to mitigate the 

environmental and social risks of the supply chain. In literature, a significant amount of studies have been 

conducted addressing the economic dimension, solvability of the model in-finite time.  For example, Robinson et 

al. (2009) compared the performance of different algorithms in a deterministic environment. Cárdenas-Barrón et 

al. (2015) introduced an innovative heuristic algorithm to solve the multi-product multi-period lot-sizing and 

supplier selection problem. The demand and price uncertainty were studied by Şenyiğit and Erol (2010) in multi-

period single-item settings. Alfares and Turnadi (2018) proposed a MIP model for supplier selection and lot-sizing 

problem, taking into account quantity discounts and back-ordering of shortages. Fan et al. (2018) examined the 

dynamic joint lot-sizing problem for a single product under warehouse capacity constraint. They considered fixed 

ordering cost and linear holding cost and solved the model using an O(T4) dynamic programming algorithm. 

Büyüktahtakın et al. (2018) analyzed the single level, multi-item capacitated lot-sizing problem under partial 

objective inequalities.  Zhou et al. (2018) investigated multi-item lot-sizing problems under capacity constraints 

and time-varying environment. Kirschstein and Meisel (2019) developed joint supplier selection and lot-sizing 

problem considering multi-item, multi-commodity, and multi-period. They have explored quantity discounts in 
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their model. Gruson et al. (2019) compared 13 Mixed integer programming models for three-level lot-sizing and 

replenishment problems. Slama et al. (2020) investigated the disassembly problem in lot-sizing to mitigate 

environmental concerns. They also consider the multi-period capacitated problem with backlogging, external 

procurement, defective parts, and setup times in a dynamic environment. Capacitated lot-sizing is a very vast and 

exciting research problem in management science. Unfortunately, little importance was paid to the sustainable 

lot-sizing problem. As of now, a significant emphasis was given to quantify carbon footprint for the lot-sizing 

problem. Unfortunately, little emphasis was paid to water footprint, solid and liquid waste, and recycled material 

usage for the lot-sizing problem. The research was also limited in addressing the uncertain cost, quality rejection, 

and capacity. The authors could not find a single paper addressing all the aforesaid factors. In order to fill the gaps 

of existing research, this paper intends to develop a multi-item, multi-supplied, lot-sizing model, taking into 

account social sustainability, carbon emissions, water footprint, solid and liquid waste, recycled material use, 

under uncertain capacity, uncertain quality rejection and uncertain costs. The present study intends to answer the 

following research questions. 

Research questions: 

 What are the factors that are relevant to sustainable lot-sizing? 

 Which sustainability factors should be considered for procurement? 

 How to quantify the social score of the suppliers? 

 How can the social score be incorporated into the mathematical lot-sizing model? 

 How to handle the uncertainties of the model parameters? 

 What are the relationships among the conflicting goals for procurement?  

 What is the optimal ordering policy for the supplier?    

The current study has been conducted in three stages. The suppliers' social scores are calculated employing 

the combined BWM and TOPSIS method in the initial stage. Further, the social scores of the suppliers are used 

in the lot-sizing model. In the third stage, various trade-off curves are generated by applying the e-constraint 

method. The efficacy of the model has been illustrated with a numerical example. 

The rest of the research work is organized as follows. Section 2 explores the literature associated with general 

lot-sizing, dual sourcing, and carbon-constrained lot-sizing. Section 3 discusses the background of the problem 

and the suggested solution methodology. In section 4, the proposed model is illustrated through a numerical 

example, and the results are discussed. Section 5 concludes the findings of the study. 
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2. Literature review 

In this section, we discuss the relevant literature related to multi-item capacitated lot sizing and relevant issues. 

Lot sizing is an evergreen research topic in management science. The fundamental inventory management model 

is EOQ, proposed by Harris in the year 1920 (Harris 1913). Interestingly, it remains equally relevant as it was in 

the 1920s due to its cost reduction capability. A considerable theoretical enrichment of inventory management 

theory was taken place between the 1950s to 1960s due to some classical studies of Whitin (1953), Arrow et al. 

(1962), and Hadley and Whitin (1963). The dynamic lot-sizing model was based on the study of Wagner and 

Whitin (1958). Subsequently, the capacitated lot-sizing problem has been extended in various directions. Various 

authors conducted a comprehensive review on lot-sizing, for example, Maes and Van wassenhove (1988); Drexl 

and Kimms (1997); Karimi et al. (2003); Aissaoui et al. (2007); Quadt and Kuhn (2008); Jans and Degraeve 

(2007); Ben-Daya et al. (2008); and Robinson et al. (2009). Different researchers reported the computation time 

for lot-sizing problems (Brahimi et al. (2006); Önal and Romeijn (2009); Wu and Shi (2011). Many studies 

combined the lot-sizing problem with supplier selection (Ustun and Demirtas, 2008; Demirtas and Ustun, 2009; 

Razmi and Maghool, 2010; Rezaei and Davoodi, 2011). Sancak and Salman (2011) and Norden and van-de-Velde 

(2005) addressed the delayed transportation policy and transportation capacity reservation contract in a lot-sizing 

model, respectively. Choudhary and Shankar (2011) proposed a linear programming-based lot-sizing model for 

single products, single suppliers considering price discount, late delivery, and rejection. Brandimarte (2006) 

formulated a multi-item capacitated lot-sizing problem considering demand uncertainty. Their study used a 

scenario tree to represent uncertainty. Şenyiğit and Erol (2010) addressed demand and price uncertainty for a lot-

sizing problem taking consideration of service level. The authors extended silver meal heuristics, the least unit 

cost heuristics, and came up with cost-benefit heuristics to cope with rolling demand and price uncertainty. In 

recent literature, researchers have stressed the uncertainty issue in the capacitated lot-sizing problem. For example, 

Mohammadi et al. (2020) introduced MILP based lot-sizing problem in an uncertain environment. They consider 

stochastic demand, multiple modes, and discount levels in the model. Chance-constrained programming was 

applied to solve the model. Quezada et al. (2020) discussed the uncapacitated lot-sizing problem considering 

multi-product, multi-echelon (i.e., disassembly, refurbishing, reassembly) in an uncertain environment. Attila et 

al. (2020) extended the lot-sizing model considering remanufacturing and backlogging. 

2.1 lot-sizing considering environmental aspects 

All the above studies have focused on lot-sizing and outsourcing issues from an economic perspective. Benjaafar 
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et al. (2012) developed an innovative linear programming-based single product lot-sizing model considering the 

carbon emission issue. They have incorporated fixed ordering cost, variable cost, inventory holding cost, carbon 

emission tax, carbon cap, holding emissions in their model. Bonney and Jaber (2011) questioned the conventional 

inventory management theory and advocated incorporating the environmental factors in the traditional model. 

Hua et al. (2011) extended the EOQ model by incorporating emission trading, cap and trade. They observed that 

the minimization of carbon emission for ordering policy increases the total cost. They provided various strategies 

for the retailer to survive in a carbon-constrained world. The analytical examples are complementary to the 

Benjafaar (2010) study. A similar type of research was conducted by Chen et al. (2011). Arslan and Turkay (2011) 

further extended the EOQ model by considering carbon emission and working hours into it. They explored the 

four regulatory policies which were studied by Benjafaar (2010). Absi et al. (2016) applied a periodic carbon 

emission constraint in the lot-sizing problem. Wu et al. (2018) introduced carbon emission constraints in multi-

item lot-sizing problem. They applied the Lagrangian relaxation and column generation method to solve the lot-

sizing problem. Lamba et al. (2019) suggested a multi-item capacitated lot-sizing model under a big data 

environment. Various scenarios were explored under the carbon cap and trade. Phouratsamay and Cheng (2019) 

investigated the lot-sizing problem under strict carbon cap and trade policy for each period. They demonstrated 

that the carbon cap and trade could impact the firm’s environmental sustainability. Vaez et al. (2019) proposed a 

bi-objective lot-sizing and scheduling model considering economic and environmental sustainability.  They have 

applied the ε-constraint method to draw an optimal trade-off between the multi-objective. Surprisingly, none of 

the above studies have considered the triple bottle line principle for the lot-sizing problem. 

2.2 Importance of social sustainability for lot-sizing 

Social sustainability is an essential pillar of the 21st Century business environment. High social sustainability 

portrays a better image of an organization in the global market and affects workforce productivity (Sikdar et al. 

2017; Liu and Stephens 2019). Although social sustainability is an integral part of a business, as of now, it is being 

handled at the lowest priority for ordering policy (Staniškienė 2018). The importance of social sustainability for 

the supply chain has been illustrated in studies of Das and Shaw (2017) and Das et al. (2020). Suppliers can be 

viewed as the backbone of the original equipment manufacturer (OEM). Hence, any social discrepancy at the 

supplier level can propagate in the whole supply chain. It can negatively affect the consumers and create a bad 

image for the OEM (Bai et al. 2019). Till now, different mathematical models were reported on supplier selection, 

considering the environment and economic aspects. Unfortunately, very few studies have been done focusing on 
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the social part of suppliers (Mani et al. 2014). 

2.3 Importance of water footprint, recycled material used, solid and liquid waste for lot sizing 

Water footprint has become a significant concern factor for most of the production processes. The freshwater is 

diminishing faster, which can create severe water scarcity in the coming years (Sikdar et al. 2017). Hence, water 

needs to be consumed very cautiously for producing goods and services. The water footprint is the total amount 

of direct and indirect freshwater consumed and polluted (Cucek et al. 2012). Heck and Schmidt (2010) adopted 

the power cost, carbon emission costs, and water usage costs for developing the lot-sizing problem. Kantas et al. 

(2015) introduced the water footprint in the lot-sizing problem of biofuel production. The authors used a water 

usage cap for ethanol production. Water footprint has been taken in the supply chain network design in a recent 

study by Das et al. (2020). The literature review shows that lot-sizing considering water footprint has not been 

studied well in the archived literature. Solid and liquid wastes are two essential factors for selecting sustainable 

suppliers. After searching the literature, we could not find the direct lot-sizing papers addressing solid and liquid 

waste. However, there are studies on the topic of supplier selection problem mentioning solid and liquid waste. 

For example, Humphreys et al. (2006) introduced liquid waste factors for selecting the suppliers. 

Similarly, Humphreys et al. (2003) suggested solid waste for selecting the suppliers. Chiou et al. (2011) 

introduced environmental waste for supplier selection. Recycling material use is another pressing issue for 

implementing sustainability. Initially, Min and Galle (1997) suggested the importance of recycled material for the 

supplier selection problem. Similarly, Govindan and Sivakumar (2016) addressed the recycled material used for 

supplier selection. The relevant studies are summarized in Table 1. 

Table.1 Literature review related to supplier selection and lot sizing  
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Shi 
(2011) 

  * *      * *   MIP, Heuristic               

Şenyiğit 
and 
Erol 
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  * *      * *   Heuristic   * *   *       
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Shaw 
(2017) 

* * * * *     * * *  LP model, 
interactive fuzzy, ε-
constraint  

  * * * * * *      

Lamba 
et al. 
(2019) 

* * * * *     * * *  MINLP              

Kantas 
et al. 
(2015) 

  * * * *    * * *  MILP              

Jia et al. 
(2020) 

* *   *      * * * GP, chance 
constraint 

   *  *  *      

Fan et 
al. 
(2019) 

* * * * *      * *  INLP, GA               

You et 
al. 
(2020) 

* *  *     *  *   LP, PIPRECIA              

Kang et 
al. 
(2018) 

* * * * *     * * *  Normalized normal 
constraint method 

     *    *    

Gupta 
et al. 
(2016) 

* *  *     *  * * * AHP, weighted 
possibilistic 
programming 

   *      *    

Bodaghi 
et al. 
(2017) 

* * * *      * *   MIP, fuzzy ANP              

Azadnia 
et al. 
(2015) 

* * * *     *  * * * FAHP, LP              

Hu & 
Hu 
(2020) 

  * *      * *   Hybrid stochastic 
and RO 

   *          

                            
This 
study 

 * * * * * * * * * * * * Three-stage – BWM-
TOPSIS, 
possibilistic, ε-
constraint  

* * * * * * * * * * * * * 

Notation: PIPRECIA = pivot pairwise relative criteria importance assessment, L = linear, P = programming, M 
= mixed, I = Integer, GP = goal programming, GA = genetic algorithm, Ro = robust optimization, ANP = 
analytical network process, AHP = analytical hierarchy process.



 

 

2.4 Research gaps 

The earlier lot-sizing studies mostly addressed the cost minimization, various heuristics to get the right 

solution in a finite time, service level, and various related issues. Few studies address the carbon emission 

issue for lot-sizing. However, few lot-sizing models have been reported considering multi-item, multi-

supplier with uncertain factors (like costs, capacity, emission, water footprint, social sustainability, solid 

waste, liquid waste, recycled material use, and quality) simultaneously. In addition, limited studies have 

been carried out by applying combined BWM, TOPSIS, possibilistic programming, and ε-constrained 

method to handle the lot-sizing problem. In the archived literature, a significant emphasis is given to carbon 

emission, ignoring other environmental factors (such as water footprint, solid waste, liquid waste, recycled 

material use) and social factors. Literature is limited in addressing quantifying the social score and 

incorporation of the scores in the lot-sizing model. 

3. Model development 

In this section, we propose a sustainable lot-sizing model considering the dimensions of the triple bottom 

line. The considered manufacture produces different products to satisfy the demand of the customers at 

different points of time. To fulfill the demands, the manufacturer procures materials from multiple 

suppliers. The decision-maker requires estimating the lot-size of the procurement at different points of time. 

The procurement decision is subjected to various constraints like capacity, cost, inventory holding cost, and 

transportation cost. Previously, the company was given more emphasis on the economic aspects for 

sourcing. Recently, the company's management wants to relook its sourcing strategy due to an increase of 

consciousness of the customers' environmental and social consciousness. The management seeks to 

improve the environmental impacts (such as carbon footprint, water footprint, solid waste, liquid waste, 

recycled material use), social sustainability of its supply chain to survive in global competition. The 

management observed that the environmental footprint of the supply chain significantly depends on raw 

material footprint, ordering policy, and transportation associated with the product.  The company faces a 

dilemma, how much to source from a particular supplier to make a balance between three sustainability 

dimensions. The model considers a few assumptions, which are discussed below. 

 The range of the demand for each period is known, and it is shared with the suppliers. 

 Each period in this model is considered a month.  



 

 

 The model does not consider the backorder or shortage, variation of lead time, late delivered item, 

and price breaks.  

 All the products are available to all the suppliers.  

 One type of container is considered for this model.  

 Discarded products are disposed of at the scrap value during the same period and not further 

considered for the inventory that is carried across a period within the planning horizon. 

 Inventory holding cost is considered for the model when the product is carried across a period in 

the planning horizon.  

 The suppliers have a finite capacity to supply. Each period ordering cost for a particular supplier 

is fixed, and it does not vary with the number of products. 

Our proposed model has three objectives (cost, emission, and social sustainability), which are conflicting 

in nature. The manufacturer is interested in estimating the lot-size, which can reduce the total cost, emission 

and maximize the social score of the sourcing.  

To develop the model following indices, parameters, and variables are considered. Variables having a tilde (~) over them represents the uncertainty. The uncertainty has been quantified through the triangular fuzzy 

number.  

Indices 𝑠 - Index of the suppliers,   𝑠 ∈ 1,2, . . . , 𝑆 𝑚 - Index of the products,   𝑚 ∈ 1,2, . . . , 𝑀 𝑡 - Index of the time periods,   𝑡 ∈ 1,2, . . . , 𝑇 

Parameters  𝑂𝑠�̃�  Ordering cost for order placed to the supplier 𝑠 at the time period 𝑡 𝑃𝑠�̃� Cost of the product𝑚 purchased from supplier 𝑠 at time period 𝑡 𝑡𝑎𝑥𝑠 Tax percentage at supplier 𝑠 𝐻𝐶𝑠�̃� Handling cost of the lot coming from supplier 𝑠 at time period 𝑡 𝑇𝐶𝑠�̃�  Transportation cost of lot coming from supplier 𝑠 to manufacturer at time period 𝑡 𝐻𝑚𝑡̃   Holding cost of product 𝑚 at time period 𝑡 𝐸𝐶𝐹𝑠�̃� Embodied carbon footprint of product  𝑚 purchased from supplier 𝑠 𝑇𝐸𝑠�̃�   Transportation emission of lot procured from supplier 𝑠 at time period 𝑡 𝐻𝐸𝑚�̃�  Holding emission of product 𝑚 at time period 𝑡 



 

 

𝑊𝐹𝑠�̃� Water footprint of the product  𝑚 purchased from the supplier 𝑠 𝑊𝐹𝑐𝑎𝑝 Water footprint cap of the procured material 𝑆𝑊𝑠�̃� Solid waste generated during manufacturing product  𝑚 at supplier 𝑠 𝑆𝑊𝑐𝑎𝑝 Solid waste cap over the procured material 𝐿𝑊𝑠�̃� Liquid waste generated during manufacturing product  𝑚 at supplier 𝑠 𝐿𝑊𝑐𝑎𝑝
Liquid waste cap over the procured material 𝑅𝑀𝑠�̃� Recycled material used for manufacturing product  𝑚 purchased from supplier 𝑠 𝑅𝑀 Minimum recycled amount used of the procured materials 𝑄𝑅𝑠�̃� Quality rejection percentage of product 𝑚 purchased from supplier 𝑠 𝐷𝑚𝑡  Demand of product 𝑚 at time period 𝑡 𝐽𝑠�̃� Supplying capacity of supplier 𝑠 at time period 𝑡 𝑀𝐹𝑡 Storage capacity of the manufacturer at time period 𝑡 𝐶𝐶𝑠�̃� Container capacity coming from supplier 𝑠 at time period 𝑡 𝑀𝑂𝑠𝑡  Minimum order size from supplier 𝑠 at time period 𝑡 𝑆𝑆�̃� Social score of the supplier 𝑠 

Decision variables 𝑋𝑠𝑚𝑡  Lot-size of the product 𝑚 purchased from supplier 𝑠 at time period 𝑡 𝐼𝑚𝑡  Inventory of the product 𝑚 at time period 𝑡 𝑍𝑠𝑡 ∈ {0,1} 1 if an order is placed to supplier 𝑠 at time period 𝑡 else 0 

3.1 Model 

The proposed model deals with multiple objectives. The multi-objective model can portray the real-life 

situation efficiently as compared to a single objective model.  The first objective of the model is to minimize 

the total sourcing cost. The objective consists of six parts: ordering cost, purchasing cost, transportation 

cost, inventory holding cost, purchasing tax, and handling cost. In this study, all the costs are considered as 

fuzzy in nature, which follows the triangular membership function. The fuzzy variables are denoted by (∼). 

It is assumed that for every order, a specific amount of cost is incurred. The ordering cost, shown in Eqn. 

(1a), depends on the value of the binary variable (𝑍𝑠𝑡). The total purchasing cost, shown in Eqn. (1b), can 

be calculated by multiplying unit possibilistic product cost and the volume purchased from the suppliers. 

The transportation cost, shown in Eqn. (1c), depends on the possibilistic transportation cost of the container 



 

 

and the binary value (𝑍𝑠𝑡). The inventory holding cost, depicted in Eqn. (1d), depends on the amount of 

inventory held in the system and the corresponding carrying cost of that inventory. Eqn. (1e) calculates the 

total purchasing tax of the lot. The tax has been calculated based on the total purchase price of the product. 

Eqn. (1f) determines the handling cost of the procurement.  

Minimize 𝑇𝐶 = ordering cost + purchasing cost + transportation cost +  

                          Inventory holding cost + purchasing tax + handling cost 

(1) 

𝑂𝑟𝑑𝑒𝑟𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 =∑∑𝑂𝑠�̃�𝑍𝑠𝑡𝑇
𝑡=1

𝑆
𝑠=1  

(1a) 

𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 =  ∑∑∑𝑃𝑠�̃�𝑋𝑠𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1  

(1b) 

𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑠𝑡 = ∑∑𝑇𝐶𝑠�̃�𝑇
𝑡=1

𝑆
𝑠=1 𝑍𝑠𝑡 (1c)

 

𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 = ∑∑𝐻𝑚𝑡̃ 𝐼𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1  

(1d)

 

𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑖𝑛𝑔 𝑡𝑎𝑥 =∑∑∑𝑃𝑠�̃�𝑡𝑎𝑥𝑠𝑋𝑠𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1  

(1e) 

𝐻𝑎𝑛𝑑𝑙𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 =∑∑𝐻𝐶𝑠�̃�𝑇
𝑡=1

𝑆
𝑠=1 𝑍𝑠𝑡 (1f) 

 

 

With increasing concern about carbon footprint reduction of the business processes, this study attempts to 

quantify the carbon footprint of the sourcing. Carbon footprint quantification has multiple benefits 

nowadays. It helps the manufacturers to mitigate the emission-related risks that emerge from the 

governments and NGOs.  The second objective attempts to minimize the emissions of the procurement.  

Eqn. (2a) and (2b) calculate the embodied carbon footprint of the raw material and transportation, 

respectively.  The current study does not focus on the micro-level of quantification of the carbon footprint. 

This embodied carbon footprint can be measured by a popularly available standard like PAS 2050 (2011) 

developed by British Standard Institution. The total embodied carbon footprint can be calculated by 

multiplying the individual carbon footprint of the supplied product with the lot-size. Similarly, 

transportation emission is calculated by multiplying the binary variable with the emission to transport the 

container. Transportation emission is applicable when an order is placed to the supplier at a particular time 

period. Eqn. (2c) estimates the emission pertaining to the inventory holding at the manufacturing unit. The 



 

 

holding emission is significant for the perishable products, where a significant amount of carbon is emitted 

for holding the inventory.  

Minimize 𝑇𝐸  = Embodied carbon footprint of product + Transportation carbon emission 

+ Emission for holding the inventory  

(2) 

𝐸𝑚𝑏𝑜𝑑𝑖𝑒𝑑 𝑐𝑎𝑟𝑏𝑜𝑛 𝑓𝑜𝑜𝑡𝑝𝑟𝑖𝑛𝑡 =∑∑∑𝐸𝐶𝐹𝑠�̃�𝑋𝑠𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1  

(2a)

 

𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝑐𝑎𝑟𝑏𝑜𝑛 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛 =∑∑𝑇𝐸𝑠�̃�𝑍𝑠𝑡𝑇
𝑡=1

𝑆
𝑠=1  

(2b)

 

𝐻𝑜𝑙𝑑𝑖𝑛𝑔 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 = ∑∑𝐻𝐸𝑚�̃�𝐼𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1  

(2c) 

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑇𝑆𝑆 =  ∑∑∑�̃��̃�𝑋𝑠𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1  

(3) 

The third objective of this model is to maximize the social score of the procurement. Social sustainability 

has gained noteworthy attention nowadays due to increasing concern about fair working practices. 

Nowadays, the manufacturing firm cannot ignore the societal condition of its suppliers for the sake of cost 

reduction. Hence, it should be safe for the manufacturer if they consider the social issues in the material 

procurement to avoid the outrage of the governments and NGOs. Eqn. (3) calculates the total social score 

of the procurement. The social score estimated by BWM and TOPSIS method has been used in the model.  

Constraints  

Constraints in Eqn. (4) represent the inventory balance of the model. In this study, we have assumed quality 

and demand as fuzzy variables. In literature, a significant few lot-sizing models were reported considering 

the fuzzy quality. The fuzzy variables help to mitigate the risks more efficiently as compared to the 

deterministic model.  

𝐼𝑚𝑡 =∑𝑋𝑠𝑚𝑡 −∑𝑄𝑅𝑠�̃�𝑋𝑠𝑚𝑡𝑆
𝑠=1 − 𝐷𝑚𝑡𝑆

𝑠=1     ∀𝑚, 𝑡 = 1 

𝐼𝑚𝑡 = 𝐼𝑚(𝑡−1) +∑𝑋𝑠𝑚𝑡 −∑𝑄𝑅𝑠�̃�𝑋𝑠𝑚𝑡𝑆
𝑠=1 − 𝐷𝑚𝑡𝑆

𝑠=1     ∀𝑚, 𝑡 = 2. . 𝑇 

(4) 

Constraints in Eqn. (5) ensure that the buyer cannot place an order without expensing the ordering cost. 

The binary variable decides in which period order is to be placed to a particular supplier. 



 

 

𝑋𝑠𝑚𝑡 ≤ (∑𝐷𝑚𝑡𝑇
𝑡=1 )𝑍𝑠𝑡     ∀𝑠,𝑚, 𝑡 (5) 

 
Constraints in Eqn. (6) manage the capacity of the suppliers. The capacities of the suppliers are considered 

as uncertain variables. The constraint ensures that the lot size amount should not go beyond the uncertain 

capacity of the supplier. 

∑ 𝑋𝑠𝑚𝑡𝑀
𝑚=1 ≤ 𝐽𝑠�̃�∀𝑠, 𝑡 (6) 

  

Constraint (7) deals with the inventory holding capacity of the manufacturer. This constraint ensures that 

the inventory holding amount for a particular period should not go beyond the holding capacity of the 

manufacturer. 

∑ 𝐼𝑚𝑡 ≤ 𝑀𝐹𝑡𝑀
𝑚=1     ∀𝑡 (7) 

Constraint (8) ensures that the lot-size amount should not go beyond the capacity of the container.  

∑ 𝑋𝑠𝑚𝑡 ≤ 𝐶𝐶𝑠�̃�𝑀
𝑚=1     ∀𝑠, 𝑡 (8) 

Constraint (9) ensures the minimum ordering constraint from the supplier. The manufacture places the order 

to the supplier if it crosses a certain amount. The minimum ordering constraint is employed to obtain the 

facilities of order batching. 

∑ 𝑋𝑠𝑚𝑡 ≥ 𝑀𝑂𝑠𝑡𝑀
𝑚=1 𝑍𝑠𝑡     ∀𝑠, 𝑡 (9) 

 The constraint in Eqn. (10) handles the water footprint of the material for procurement. The water footprint 

is a relatively neglected issue for making procurement decisions. As of now, most of the archived studies 

have considered the carbon footprint to deal with environmental issues. However, this study argues that 

water footprint is equally a pressing issue due to diminishing freshwater at a faster rate for industrial use. 

To rectify the problem, the water footprint needs to be incorporated into the procurement stage. In this 

study, the water footprints of the raw materials are considered as uncertain variables. The water footprint 

of the material should not go beyond the estimated water cap. The water footprint constraint is taken in the 

direction of Kantas et al. (2015) and Heck and Schmidt (2010). 



 

 

∑∑∑𝑊𝐹𝑠�̃�𝑋𝑠𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1 ≤ 𝑊𝐹𝑐𝑎𝑝  

(10) 

Constraint in Eqn. (11) estimates the recycled material used for manufacturing the raw material. To 

implement sustainability, it is imperative to use recycled material in the manufacturing process. A 

significant amount of studies have reported the recycled material usage for green supply chain network 

design. However, recycled material consideration in the context of lot sizing is uncommon. Similar to 

carbon and water footprint, the recycled material use for manufacturing the product is also considered as 

fuzzy. The constraint ensures a minimum amount of recycled material use in the manufacturing of the 

material.  The constraint has been implemented, taking insights from Govindan and Sivakumar (2016). 

∑∑∑𝑅𝑀𝑠�̃�𝑋𝑠𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1 ≥ 𝑅𝑀 

(11) 

Constraint in Eqn. (12) determines the total solid waste for purchasing the material. For implementing 

sustainability, it is essential to quantify the solid waste at the supplier level.  The constraint is implemented, 

taking insights from Humphreys et al. (2003). 

∑∑∑𝑆𝑊𝑠�̃�𝑋𝑠𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1 ≤ 𝑆𝑊𝑐𝑎𝑝  

(12) 

Constraint in Eqn. (13) quantifies the total liquid waste for purchasing the material. The constraint is taken, 

taking insights from Humphreys et al. (2006). 

∑∑∑𝐿𝑊𝑠�̃�𝑋𝑠𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1 ≤ 𝐿𝑊𝑐𝑎𝑝  

(13) 

Constraint in Eqn. (14) ensures the non-negativity of the variables. All the decision variables should be 

greater than or equal to zero. 𝑋𝑠𝑚𝑡 ≥ 0    ∀𝑠,𝑚, 𝑡 (14) 

Constraint in Eqn. (15) portrays the binary nature of the variable. 𝑍𝑠𝑡 ∈ {0,1}   ∀𝑠, 𝑡 (15) 

3.2. Research methodology 

The current study proposed a three-stage method to handle the proposed sustainable lot-sizing problem. In 

the first stage, the social scores of the suppliers are calculated by using the Best Worst Method (BWM) and 

TOPSIS. In the second stage, the scores are used in the multi-objective possibilistic lot-sizing model. In the 



 

 

third stage, the e-constraint method is used to generate a trade-off relationship among the conflicting 

objectives.  The description of BWM, TOPSIS, possibilistic programming, and ε-constraint method are 

given below.   

3.2.1 Description of BWM 

Best-Worst Method (BWM) was proposed by Rezaei (2015). The BWM works on the principle of pairwise 

comparison by using a scale of 1 to 9. More specifically, the computation of this method is based on two 

vectors called best and worst. A decision-maker has to perform pairwise comparisons bases on Best and 

Worst factors. The BWM has several benefits over AHP, which is a very popular technique in management 

studies. AHP method requires n(n-1)/2 pairwise comparisons, while BWM needs only (2n-3) pairwise 

comparisons. BWM requires fewer data and provides higher consistency. The technique has received 

significant attention from researchers and has been utilized standalone or combined with different 

approaches to solve management problems (You et al. 2017; Cheraghalipour et al. 2018). The working 

principles of BWM are shown below.  

Steps associated with BWM 

1. Suppose an MCDM problem consists of a set of 'n' criteria, i.e., {𝑐1, 𝑐2, . . 𝑐𝑛}.  
2. Among the identified criteria, a decision-maker has to choose the most desirable or best criteria (𝐶𝐵) and 

the least important or worst criteria (𝐶𝑊), respectively. 

3. After identifying the Best and worst criterion, the decision-maker has to estimate the best social criteria 

preference over all other social criteria using a 1 – 9 scale. In the pairwise comparison, 1 illustrates equal 

importance between the best to other criteria, and 9 expresses the extreme importance of the best criteria 

over the other criteria. The Best-to-other (BO) vector can be expressed as𝐴𝐵 = (𝛼𝐵1, 𝛼𝐵2, . . 𝛼𝐵𝑛), where 

(𝛼𝐵𝑛) marks the preference of Best criterion (B) to other criteria 'j' and (𝛼𝐵𝐵 = 1).  
4. Similarly, using a scale of 1- 9, the preference of others to the worst factor is performed. The vector 

“other to worst” can be expressed as𝐴𝑊 = (𝛼1𝑊 , 𝛼2𝑊, . . 𝛼𝑛𝑊)𝑇, where (𝛼𝑗𝑊) depicts the preference of 

criterion 'j' over worst criterion (W) and (𝛼𝑊𝑊 = 1). 
5. Subsequently, optimal weights of factors can be calculated (𝑊1∗,𝑊2∗,𝑊3∗, . .𝑊𝑛∗). Optimal weights are 

obtained by solving the Minmax model suggested by (Rezaei 2016). 

minmax(𝑗) = {|𝑊𝐵𝑊𝑗 − 𝛼𝐵𝑗| , | 𝑊𝑗𝑊𝑊 − 𝛼𝑗𝑊|} (16) 



 

 

s.t.      
∑𝑊𝑗𝑗  

𝑊𝑗 ≥ 0,    ∀ 𝑎𝑙𝑙 𝑗 
The min-max model can be transformed into an equivalent linear programming problem: 𝑚𝑖𝑛𝜑1 |𝑊𝐵 − 𝛼𝐵𝑗𝑤𝑗| ≤ 𝜑1,    ∀ 𝑎𝑙𝑙 𝑗 |𝑊𝑗 − 𝛼𝑗𝑤𝑤𝑊| ≤ 𝜑1,    ∀ 𝑎𝑙𝑙 𝑗 
∑𝑊𝑗 = 1𝑗  

𝑊𝑗 ≥ 0,     ∀ 𝑎𝑙𝑙 𝑗  
(17) 

According to Rezaei (2016) if the value of φl falls nearer to zero, then the model can be considered 

consistent.  

3.2.2 Description of TOPSIS 

After obtaining the weights of factors from BWM, the ranking of the alternatives is accomplished through 

the TOPSIS method. The steps of TOPSIS are discussed below. TOPSIS is a well know MCDM method, 

which was developed by Hwang and Yoon (1981). Due to the ease of use and reliability, this method has 

been applied to solve various ranking problems (Gupta and Barua, 2018). TOPSIS method is based on the 

principle of geometric distance. The final scores of alternatives are defined on the basis of Euclidean 

distance. The worst score is nearest to the negative ideal solution, and the best score is close to the positive 

ideal solution (You et al. 2017). 

Steps associated with TOPSIS 

6. For estimating the alternatives' ranking, a decision matrix 'K'  is formed, as shown below in equation (3). 

𝐾 = 𝐴1⋮𝐴𝑛 |
𝑐1 𝑐2 𝑐𝑚𝑓11 ⋯ 𝑓1𝑛⋮ ⋮ ⋮𝑓𝑚1 𝑓𝑚2 𝑓𝑚𝑛| 

(18) 

Where,  𝐴𝑛 denotes the potential alternatives (𝑛 = 1,2, . . . . . . 𝑁); 𝐶𝑚 Represents the factors used for rating 

the alternatives. 𝑓𝑚𝑛 is a crisp value showing the rating of individual alternatives with respect to each factor 𝐶𝑚 



 

 

7. The rating shown in the matrix K is normalized by using Eqn. 4. In this equation 𝐴𝑚𝑛 can be calculated 

as follows. 

𝐴𝑚𝑛 = 𝑓𝑚𝑛√∑ 𝑓𝑚𝑛2𝑛=1 𝑚 = 1,2, . . . . . .𝑀, 𝑛 = 1,2, . . . . . . 𝑁. (19) 

8. Further, the weighted normalized decision matrix (𝐿𝑚𝑛) is estimated through 𝐿𝑚𝑛 = 𝑊𝑚 × 𝑓𝑚𝑛 , where 𝑊𝑚 denotes the weights of the 𝑚𝑡 criteria calculated by BWM method. 

9. After obtaining the weighted matrix, the positive ideal (𝑝+) and negative ideal solutions (𝑝−) are 

calculated. In the below formulation (𝑛′) denotes the factors pertaining to benefits. 𝑝+ = (𝐿1, 𝐿2,⋯ ⋯𝐿𝑚) = (𝑚𝑎𝑥𝑛 𝐿𝑚𝑛)𝑛 ∈ 𝑛′ 𝑝− = (𝐿1, 𝐿2,⋯ ⋯𝐿𝑚) = (𝑚𝑖𝑛𝑛 𝐿𝑚𝑛)𝑛 ∈ 𝑛′ (20) 

 10. Compute the Euclidean distance from the positive ideal and negative ideal solutions using equations 6 

and 7. 

𝐾𝑛+ = √∑(𝐿𝑚𝑛 − 𝑝𝑚+𝑀
𝑚=1 )2 (21) 

𝐾𝑛− = √∑(𝑇𝑚𝑛 − 𝑝𝑚−𝑀
𝑚=1 )2 (22) 

11. Lastly, the performance score is calculated using equation 8. 

𝑆𝑆𝑛 = 𝐾𝑛−𝐾𝑛+ + 𝐾𝑛− (23) 

𝑆𝑆𝑛 value signifies the coefficient of alternatives, which lies between 0 to 1. The alternative with the highest 𝑆𝑆𝑛 is termed as the best alternatives. 

3.2.3 Possibilistic programming 

Uncertainty is a common phenomenon of any real-life business problem. An uncertain model can handle 

real-life situations more effectively as compared to the deterministic model. Dubois et al. (2003) classified 

the uncertainties into two categories, such as (a) uncertainty in data and (b) flexibility in constraints and 

goals.  Flexibility can be represented by tolerance to goals and constraints values, which can be handled by 

using the flexible mathematical programming model (Bellman and Zadeh, 1970; Mula et al. 2006; Pishvaee 

and Razmi, 2011). The uncertainty in data is broadly classified into two segments, such as (a) randomness 

and (b) Epistemic uncertainty (Pishvaee and Torabi, 2010; Pishvaee and Razmi, 2011). Randomness, which 



 

 

often comes from random variables, can be handled by using stochastic programming. On the other hand, 

possibilistic programming is generally applied to deal with Epistemic uncertainty (PishvaeeandRazmi, 

2011). Stochastic programming is applied to situations where the decision-makers have a clear idea about 

the distribution of the data. On the other hand, possibilistic programming can be applied without knowing 

the distribution.  

In this paper, we are applying possibilistic programming to handle the uncertainty of the 

parameters.  In possibilistic programming, each ill-known parameter has its own possibilistic distribution. 

Pishvaee and Torabi (2010), Pishvaee and Razmi (2011), and Inuiguchi and Ramik (2000) efficiently 

discussed how to define possibilistic variables. Possibilistic distribution is dependent on the judgment of 

decision-makers. To solve the lot-sizing model, two-stage methods are adopted. Firstly, we apply the 

Jimenez et al. (2007) principle to convert the multi-objective possibilistic model into an equivalent auxiliary 

crisp model. In the second phase, we have applied the 𝜀 -constrained method to obtain compromise 

solutions between the objectives.  

The present study considers (€̃) as a fuzzy parameter, which can be represented by a triangular 

fuzzy number. In a fuzzy number, let us assume €𝐴, €𝐵 and €𝐶as left displacement, center value, right 

displacement, respectively. By using the triplet, the fuzzy membership function (�̃�) can be denoted as 

follows: 

𝜇�̃�(𝑥) =
{   
   𝑓𝜙(𝑥) = 𝑥 − 𝜙𝐴𝜙𝐵 − 𝜙𝐴       𝑖𝑓𝜙𝐴 ≤ 𝑥 ≤ 𝜙𝐵1                                      𝑖𝑓𝑥 = 𝜙𝐵𝑔𝜙(𝑥) = 𝜙𝑐 − 𝑥𝜙𝑐 − 𝜙𝐵      𝑖𝑓𝜙𝐵 ≤ 𝑥 ≤ 𝜙𝑐0                                     𝑖𝑓𝑥 ≤ 𝜙𝐴 𝑜𝑟 𝑥 ≥ 𝜙𝑐

 (24) 

The current study has adopted the method of Jiménez et al. (2007) to calculate the expected interval (EI) 

and expected value (EV) of TFN(€̃). 
𝐸𝐼(�̃�) = [𝐸1𝜙, 𝐸2𝜙] = [12 (𝜙𝐴 + 𝜙𝐵), 12 (𝜙𝐵 + 𝜙𝐶)] (25) 

 𝐸𝑉(�̃�) = 𝐸1𝜙+𝐸2𝜙2 = 𝜙𝐴+2𝜙𝐵+𝜙𝐶4  (26) 

Jiménez et al. (2007) suggested that for any pair of fuzzy numbers�̃� and�̃�, the degree in which �̃� is greater 

than �̃� can be denoted as. 



 

 

𝜇�̃�(�̃�, �̃�) = {  
  0                                               𝑖𝑓 𝐸2𝑎 − 𝐸1𝑏 < 0𝐸2𝑎 − 𝐸1𝑏(𝐸2𝑎 − 𝐸1𝑏) − (𝐸1𝑎 − 𝐸2𝑏)     𝑖𝑓 0 ∈ [𝐸1𝑎 − 𝐸2𝑏 ,1                                               𝑖𝑓 𝐸1𝑎 − 𝐸2𝑏 < 0 𝐸2𝑎 − 𝐸1𝑏] (27) 

When 𝜇�̃�(�̃�, �̃�) ≥ 𝛼 it will be represented as �̃� ≥𝛼 �̃�. Now, let us assume a fuzzy linear programming 

model in which all parameters are defined as TFN. 

In this direction, Parra et al. (2005) suggested an important definition of fuzzy numbers. For any pair of 

fuzzy numbers (�̃�) and (�̃�), it can be established that �̃� is indifferent to �̃�  in the degree of 𝛼 if the following 

relationships hold true. �̃� ≥𝛼2 �̃�, �̃� ≤𝛼2 �̃� (28) 

 The above equation can be represented as follows: 𝛼2 ≤ 𝜇𝑀(�̃�, �̃�) ≤ 1 − 𝛼2 (29) 

Fuzzy mathematical programming can be denoted as follows. 𝑚𝑖𝑛 𝑧 = �̃�𝑘𝑥 𝑠. 𝑡. �̃�𝑖𝑥 ≥ �̃�𝑖 , 𝑖 = 1, . . . . . . , 𝑙 �̃�𝑖𝑥 = �̃�𝑖 , 𝑖 = 𝑙 + 1, . . . . . . , 𝑚 𝑥 ≥ 0 

(30) 

By applying the concept of EV and EI by Jiménez et al. (2007) and the theory of Parra et al. (2005), the 

equivalent crisp α-parametric model of the aforementioned fuzzy linear programming can be transformed 

as follows: 𝑚𝑖𝑛 =𝐸𝑉(�̃�)𝑥 

s.t. [(1 − 𝛼)𝐸2𝑎𝑖 + 𝛼𝐸1𝑎𝑖]𝑥 ≥ 𝛼𝐸2𝑏𝑖 + (1 − 𝛼)𝐸1𝑏𝑖 , 𝑖 = 1, . . . . . . , 𝑙 (31) 

[(1 − 𝛼2)𝐸2𝑎𝑖 + 𝛼2 𝐸1𝑎𝑖] 𝑥 ≥ 𝛼2 𝐸2𝑏𝑖 + (1 − 𝛼2)𝐸1𝑏𝑖 , 𝑖 = 𝑙 + 1, . . . . . . , 𝑚 (32) 

[𝛼2 𝐸2𝑎𝑖 + (1 − 𝛼2)𝐸1𝑎𝑖] 𝑥 ≤ (1 − 𝛼2) 𝐸2𝑏𝑖 + 𝛼2 𝐸1𝑏𝑖 , 𝑖 = 𝑙 + 1, . . . . . . , 𝑚  (33) 

𝑥 ≥ 0  (34) 



 

 

3.2.3 ε-constraint method 

Various methods have been suggested in the literature to handle the multi-objective problem. Among them, 

fuzzy programming methods have been extensively used in the literature for its ability to satisfy the 

objective functions explicitly. Zimmermann (1978) proposed the concept of fuzzy programming, which 

further enriched by the study of various authors (Tanaka and Asai, 1984; Tiwari et al. 1987; Sakawa et al. 

1987; Delgado et al. 1989; Lai and Hwang, 1993; Guu and Wu, 1999).  Recently, Selim and Ozkarahan 

(2008), Torabi and Hassini (2008), and Li et al. (2006) proposed some advanced methods to handle fuzzy 

programming. We have adopted the 𝜀 -constraint method proposed by Pishvaee and Razmi (2012) for the 

lot-sizing model. 𝜀 -constraint method can generate various Pareto optimal solutions that give a clear picture 

of the Pareto optimal set. This tool helps the manager to make the decision more confidently based on 

available information. For more information about 𝜀 -constraint method, readers are referred to Hwang and 

Masud (1979), Ehrgott (2005), and Engau and Wiecek (2007). The ε-constraint method is a popular 

technique to handle conflicting management goals. The method often converts a multi-objective problem 

into an equivalent single objective model by placing the other objectives in the constraint (Tosarkani and 

Amin, 2018). 

Let us assume a multi-objective crisp problem as follows: 𝑚𝑎𝑥(𝜆1(𝑥), 𝜆2(𝑥), . . . . . . 𝜆𝑛(𝑥)) 𝑠. 𝑡. 𝑥 ∈ 𝑈,  

(35) 

Where (x) represents the decision vector, 𝜆𝑛(𝑥) denotes the membership functions of the (n) objectives, 

and (U) signifies the feasible region. The multi-objective fuzzy model can be converted into the ε-constraint 

model. 𝑚𝑎𝑥 𝜆1 (𝑥) 𝑠. 𝑡. 𝜆2(𝑥) ≥ 𝜀2 . . . 𝜆𝑛(𝑥) ≥ 𝜀𝑛, 𝑥 ∈ 𝑈, 𝜀 ∈ [0,1]. 

(36) 



 

 

Proposed hybrid solution approach:  

The current study proposes a three-stage approach to handle the lot-sizing problem. The details of the 

proposed solution methodology are given below.  

Stage 1: Quantification of the social score of the suppliers  

 Initially, social sustainability factors are to be identified. 

 Develop a hierarchical decision-making structure using identified factors. 

 Apply the BWM method to get the weights of the factors 

 Apply the TOPSIS to estimate the score of the alternatives. 

Stage 2:  Development of the possibilistic lot-sizing model  

The alternatives scores estimated in stage1 are used in stage 2 for developing the multi-objective 

possibilistic lot-sizing model. The fuzzy model is to be converted into the equivalent deterministic model 

using the earlier discussed theories. The steps of stage 2 are given below.  

1. The lot-sizing model is converted to an equivalent auxiliary crisp model by applying the Jimenez et al. 

(2007) and Parra et al.  (2005) principles. The objective functions of the lot-sizing model are converted to 

crisp ones using the expected value of imprecise parameters. Then, the 𝛼value is decided to convert the 

fuzzy constraints into the equivalent crisp constraints. 

2. After transformation to the crisp formulation, the membership functions of the multi-objective problems 

can be calculated by solving the objectives separately. The membership functions are calculated in the line 

of Amid et al. (2006) and Zimmerman et al. (1978). 

3. The membership function of the objective functions can be computed as follows. 

If the objective function is minimizing in nature, the membership function can be calculated as: 

𝜇1(𝑥) = {  
  1                                          𝑖𝑓 𝑊1 ≤ 𝑊1𝛼 𝑚𝑖𝑛𝑊1𝛼 𝑚𝑎𝑥 −𝑊1𝑊1𝛼 𝑚𝑎𝑥 −𝑊1𝛼 𝑚𝑖𝑛           𝑖𝑓 𝑊1𝛼 𝑚𝑖𝑛 ≤  𝑊1 ≤ 𝑊1𝛼 𝑚𝑎𝑥0                                           𝑖𝑓 𝑊1 ≥ 𝑊1𝛼 𝑚𝑎𝑥

 (37) 

Where 𝑊1 is the objective function and 𝑊1𝛼𝑚𝑎𝑥 = max 𝑊1 and 𝑊1𝛼𝑚𝑖𝑛  = min 𝑊1 

If the objective function is maximizing in nature, the membership function can be calculated as: 

𝜇2(𝑥) = {  
  1                                          𝑖𝑓 𝑊2 ≥ 𝑊2𝛼 𝑚𝑎𝑥𝑊2 −𝑊2𝛼 𝑚𝑖𝑛𝑊2𝛼 𝑚𝑎𝑥 −𝑊2𝛼 𝑚𝑖𝑛           𝑖𝑓 𝑊2𝛼 𝑚𝑖𝑛 ≤  𝑊2 ≤ 𝑊2𝛼 𝑚𝑎𝑥0                                           𝑖𝑓 𝑊2 ≤ 𝑊2𝛼 𝑚𝑖𝑛

 (38) 

Where 𝑊1 is the objective function and 𝑊2𝛼𝑚𝑎𝑥= max 𝑊2 and 𝑊2𝛼𝑚𝑖𝑛= min 𝑊2 

The membership function 𝜇(𝑥) represents the degree of satisfaction of a fuzzy goal.  



 

 

Stage 3: Solving the model and generating the solution  

1.  The multi-objective crisp lot-sizing model can be transformed into a single objective model by using 𝜀 

-constraint method. In this case, the satisfaction degree of the objective function is maximized by putting 

the remaining objectives’ aspirations in the constraint. The aspiration value of the objective function can 

be controlled by 𝜀 -value.  

2. The value 𝜀 is varied to obtain the different Pareto optimal solutions over the whole efficient set. In this 

method, the values of (𝜀) lie between 0 and 1. For infeasibility, the value of (𝜀) can be adjusted as per the 

requirements of decision-makers.   

3. If the decision-maker is satisfied with the solution, then stop that point and select the solution. Otherwise, 

the value 𝜀 can be varied to get the preferred solution. 

4. If the decision-maker wants to change the value of 𝛼; for that case, the calculation is to be restarted from 

step 1. 

The equivalent auxiliary crisp model 

Various studies have proposed different methods to deal with possibilistic programming (Lai and Hwang, 

1992; Parra et al. 2005; Jimenez et al. 2007; Liang, 2006; Kabak and Ülengin, 2011). Among these methods, 

we have adopted Jimenez et al. (2007) principle for its ability to handle triangular and trapezoidal functions 

without increasing the complexity of the problem. This method preserves the number of objectives and 

constraints the same, which helps to solve the model quickly than other methods. For more information, 

readers may refer to Jimenez et al. (2007), Pishvaee and Razmi (2012), and Parra et al. (2005). Applying 

the principles of Jimenez et al. (2007) and Parra et al. (2005), and Pishvaee and Razmi (2012), the lot-sizing 

problem (Equation 1-9) can be transformed as follows: 

𝑀𝑖𝑛 𝑇𝐶 =∑∑(𝑂𝑠𝑡𝑝𝑒𝑠 + 2𝑂𝑠𝑡𝑚𝑜𝑠 + 𝑂𝑠𝑡𝑜𝑝𝑡4 )𝑍𝑠𝑡𝑇
𝑡=1

𝑆
𝑠=1 +∑∑∑(𝑃𝑠𝑚𝑝𝑒𝑠 + 2𝑃𝑠𝑚𝑚𝑜𝑠 + 𝑃𝑠𝑚𝑜𝑝𝑡4 )𝑇

𝑡=1
𝑀
𝑚=1

𝑆
𝑠=1 𝑋𝑠𝑚𝑡 + 

∑∑(𝑇𝐶𝑠𝑡𝑝𝑒𝑠 + 2𝑇𝐶𝑠𝑡𝑚𝑜𝑠 + 𝑇𝐶𝑠𝑡𝑜𝑝𝑡4 )𝑇
𝑡=1

𝑆
𝑠=1 𝑍𝑠𝑡 + ∑∑(𝐻𝑚𝑡𝑝𝑒𝑠 + 2𝐻𝑚𝑡𝑚𝑜𝑠 + 𝐻𝑚𝑡𝑜𝑝𝑡4 ) 𝐼𝑚𝑡𝑇

𝑡=1
𝑀
𝑚=1 + 

∑∑∑(𝑃𝑠𝑚𝑝𝑒𝑠 + 2𝑃𝑠𝑚𝑚𝑜𝑠 + 𝑃𝑠𝑚𝑜𝑝𝑡4 )𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1 𝑡𝑎𝑥𝑠𝑋𝑠𝑚𝑡 +∑∑(𝐻𝐶𝑠𝑡𝑝𝑒𝑠 + 2𝐻𝐶𝑠𝑡𝑚𝑜𝑠 + 𝐻𝐶𝑠𝑡𝑜𝑝𝑡4 )𝑇

𝑡=1
𝑆
𝑠=1 𝑍𝑠𝑡 

(39) 



 

 

𝑀𝑖𝑛 𝑇𝐸 =∑∑∑(𝐸𝐶𝐹𝑠𝑚𝑝𝑒𝑠 + 2𝐸𝐶𝐹𝑠𝑚𝑚𝑜𝑠 + 𝐸𝐶𝐹𝑠𝑚𝑜𝑝𝑡4 )𝑋𝑠𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1

+∑∑(𝑇𝐸𝑠𝑡𝑝𝑒𝑠 + 2𝑇𝐸𝑠𝑡𝑚𝑜𝑠 + 𝑇𝐸𝑠𝑡𝑜𝑝𝑡4 )𝑍𝑠𝑡𝑇
𝑡=1

𝑆
𝑠=1 + 

∑∑(𝐻𝐸𝑚𝑡𝑝𝑒𝑠 + 2𝐻𝐸𝑚𝑡𝑚𝑜𝑠 +𝐻𝐸𝑚𝑡𝑜𝑝𝑡4 ) 𝐼𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1  

(40) 

𝑀𝑎𝑥 𝑇𝑆𝑆 =∑∑∑(𝑆𝑆𝑠𝑝𝑒𝑠 + 2𝑆𝑆𝑠𝑚𝑜𝑠 + 𝑆𝑆𝑠𝑜𝑝𝑡4 )𝑋𝑠𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1  (41) 

Subject to, 

𝐼𝑚𝑡 −∑𝑋𝑠𝑚𝑡 +∑{(𝛼2)(𝑄𝑅𝑠𝑚𝑜𝑝𝑡 + 𝑄𝑅𝑠𝑚𝑚𝑜𝑠2 ) + (1 − 𝛼2)(𝑄𝑅𝑠𝑚𝑝𝑒𝑠 + 𝑄𝑅𝑠𝑚𝑚𝑜𝑠2 )}𝑋𝑠𝑚𝑡𝑆
𝑠=1 + 𝐷𝑚𝑡𝑆

𝑠=1 ≤ 0 

𝐼𝑚𝑡 −∑𝑋𝑠𝑚𝑡 +∑{(1 − 𝛼2)(𝑄𝑅𝑠𝑚𝑜𝑝𝑡 + 𝑄𝑅𝑠𝑚𝑚𝑜𝑠2 ) + (𝛼2)(𝑄𝑅𝑠𝑚𝑝𝑒𝑠 + 𝑄𝑅𝑠𝑚𝑚𝑜𝑠2 )}𝑋𝑠𝑚𝑡𝑆
𝑠=1 + 𝐷𝑚𝑡𝑆

𝑠=1 ≥ 0 

∀𝑚, 𝑡 = 1            

 

 

 

 

 

(42) 

𝐼𝑚𝑡 − 𝐼𝑚(𝑡−1) −∑𝑋𝑠𝑚𝑡 +∑{(𝛼2)(𝑄𝑅𝑠𝑚𝑜𝑝𝑡 + 𝑄𝑅𝑠𝑚𝑚𝑜𝑠2 ) + (1 − 𝛼2)(𝑄𝑅𝑠𝑚𝑝𝑒𝑠 + 𝑄𝑅𝑠𝑚𝑚𝑜𝑠2 )}𝑋𝑠𝑚𝑡𝑆
𝑠=1

𝑆
𝑠=1+ 𝐷𝑚𝑡 ≤ 0 

𝐼𝑚𝑡 − 𝐼𝑚(𝑡−1) −∑𝑋𝑠𝑚𝑡 +∑{(1 − 𝛼2) (𝑄𝑅𝑠𝑚𝑜𝑝𝑡 + 𝑄𝑅𝑠𝑚𝑚𝑜𝑠2 ) + (𝛼2)(𝑄𝑅𝑠𝑚𝑝𝑒𝑠 + 𝑄𝑅𝑠𝑚𝑚𝑜𝑠2 )}𝑋𝑠𝑚𝑡𝑆
𝑠=1

𝑆
𝑠=1+ 𝐷𝑚𝑡 ≥ 0 ∀𝑚, 𝑡 = 2. . 𝑇      

(43) 

𝑋𝑠𝑚𝑡 ≤ [∑𝐷𝑚𝑡𝑇
𝑡=1 ] 𝑍𝑠𝑡    ∀𝑠,𝑚, 𝑡 (44) 

𝑋𝑠𝑚𝑡 ≤ [𝛼 (𝐽𝑠𝑚𝑡𝑝𝑒𝑠 + 𝐽𝑠𝑚𝑡𝑚𝑜𝑠2 ) + (1 − 𝛼)(𝐽𝑠𝑚𝑡𝑚𝑜𝑠 + 𝐽𝑠𝑚𝑡𝑜𝑝𝑡2 )]   ∀𝑠,𝑚, 𝑡 (45) 

∑ 𝐼𝑚𝑡 ≤ 𝑊𝑚𝑡𝑀
𝑚=1     ∀𝑡 (46) 

∑ 𝑋𝑠𝑚𝑡 ≤𝑀
𝑚=1 [𝛼 (𝐶𝐶𝑠𝑡𝑝𝑒𝑠 + 𝐶𝐶𝑠𝑡𝑚𝑜𝑠2 ) + (1 − 𝛼)(𝐶𝐶𝑠𝑡𝑚𝑜𝑠 + 𝐶𝐶𝑠𝑡𝑜𝑝𝑡2 )]   ∀𝑠, 𝑡 (47) 



 

 

∑ 𝑋𝑠𝑚𝑡 ≤ 𝑀𝑂𝑠𝑡𝑀
𝑚=1 𝑍𝑠𝑡    ∀𝑠, 𝑡 (48) 

𝑊𝐹𝑐𝑎𝑝 ≥∑∑∑{𝛼 (𝑊𝐹𝑠𝑚𝑜𝑝𝑡 +𝑊𝐹𝑠𝑚𝑚𝑜𝑠2 ) + (1 − 𝛼)(𝑊𝐹𝑠𝑚𝑝𝑒𝑠 +𝑊𝐹𝑠𝑚𝑚𝑜𝑠2 )} 𝑋𝑠𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1  (49) 

𝑅𝑀 ≤∑∑∑{𝛼 (𝑅𝑀𝑠𝑚𝑝𝑒𝑠 + 𝑅𝑀𝑠𝑚𝑚𝑜𝑠2 ) + (1 − 𝛼)(𝑅𝑀𝑠𝑚𝑜𝑝𝑡 + 𝑅𝑀𝑠𝑚𝑚𝑜𝑠2 )}𝑋𝑠𝑚𝑡  𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1  (50) 

𝑆𝑊𝑐𝑎𝑝 ≥∑∑∑{𝛼 (𝑆𝑊𝑠𝑚𝑜𝑝𝑡 + 𝑆𝑊𝑠𝑚𝑚𝑜𝑠2 ) + (1 − 𝛼) (𝑆𝑊𝑠𝑚𝑝𝑒𝑠 + 𝑆𝑊𝑠𝑚𝑚𝑜𝑠2 )}𝑋𝑠𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1  (51) 

𝐿𝑊𝑐𝑎𝑝 ≥∑∑∑{𝛼 (𝐿𝑊𝑠𝑚𝑜𝑝𝑡 + 𝐿𝑊𝑠𝑚𝑚𝑜𝑠2 ) + (1 − 𝛼) (𝐿𝑊𝑠𝑚𝑝𝑒𝑠 + 𝐿𝑊𝑠𝑚𝑚𝑜𝑠2 )}𝑋𝑠𝑚𝑡𝑇
𝑡=1

𝑀
𝑚=1

𝑆
𝑠=1  (52) 

𝑋𝑠𝑚𝑡 ≥ 0    ∀𝑠,𝑚, 𝑡 (53) 𝑍𝑠𝑡 ∈ {0,1}   ∀𝑠, 𝑡 (54) 

4. Case study 

Suppose ABC company operates in the XYZ market. Recently, the company faces significant pressure 

from rivals regarding implementing sustainability measures. In this situation, the company wants to 

benchmark its operations as per the rival's strategy. Hence, the company intends to implement sustainability 

measures to its procurement decision. They emphasize on reducing the environmental footprint and 

enhancing its social image across its supply chain. To achieve this, the management has decided to procure 

raw material from environmentally and socially sustainable suppliers. However, the main challenge was 

identifying the social factors and how to use those factors for decision making. 

The management has set up a committee and performed a brainstorming session to identify social 

sustainability issues. As social factors are subjective in nature, they could not be used in the traditional lot-

sizing model directly.  Hence, there is a need to transfer the qualitative factors into quantitative scores for 

meaningful decisions. The management was thinking of applying the BWM-TOPSIS method to calculate 

the social ratings of suppliers. The detailed calculations are discussed below. 

Stage 1 calculation 

The first stage to select and quantify the potential social factors from the identified range of factors. Initially, 

12 factors have been identified from the archived literature. Further, these factors have been reduced to 



 

 

eight by taking the opinions of academic and industry experts, shown in Table 2. In this study, we have 

contacted procurement managers having experience of more than five years. 

Table 2. Identified social sustainability factors  

SN Factors  Code Short description Source 

1 Discrimination  CR1 It is a kind of practice to grant or deny 
privileges based on their categorical 
background 

(Winter and Lasch, 
2016; Das and Shaw, 
2017) 

2 Child labor CR2 People working in organizations under the 
age of 18 are defined as child labor. 

(Memari et al., 2019; 
Hendiani et al. 2020) 

3 Long working 
hours 

CR3 Prolonged working hours and continuous 
workers activity in an organization. 

(Winter and Lasch, 
2016; Das and Shaw, 
2017) 

4 Compensation CR4 Compensation is a kind of practice to pay 
employees in terms of financial and non-
financial support for their services. 

(Winter and Lasch, 
2016; Das and Shaw, 
2017) 

5 Freedom of 
association 

CR5 workers and employees to have a trade 
union and freedom of assembly for their 
collective bargaining. 

(Jain and Singh, 
2020) 

6 Health and safety  CR6 It is a set of rules designed to protect 
employees from unnecessary accidents. 

(Bai et al. 2019;Yu et 
al. 2019; Lahri 2020) 

7 Information 
disclosure/ 
transparency 

CR7 The transparent exchange of information 
between the organizations, stakeholders, 
and customers. 

(Mohammed et al., 
2019; Venkatesh et 
al. 2020) 

8 Training and 
education  

CR8 Training and education can be defined as the 
transfer of knowledge and experiences 
within and outside the organizations from 
the employer within which they work 

(Bai et al. 2019; 
Hendiani et al. 2020) 

 

To compute the weights of the criteria, the BWM method has been applied. The industry experts were asked 

to choose the best and the worst criteria among eight finalized criteria, i.e., discrimination, child labor, long 

working hours, compensation, freedom of association, health and safety, information disclosure, and 

training and education. The experts have identified discrimination (C1) as the best and Long working hours 

(C3) as the worst criteria, among other social criteria. In this study, we have taken modal value for 

calculation. The value has been taken to avoid the fuzzy scenario.  

Table 3 shows the best-to-others vector 𝐴𝐵 = (1,3,4,5,2,8,3,5). Similarly, other to worst vector is shown in 

Table 4 as 𝐴𝑊 = (4,3,1,5,6,5,3,6)𝑇 . 

Table 3. Best-to-others social vector. 

Criteria CR1 CR2 CR3 CR4 CR5 CR6 CR7 CR8 

Best criterion (C1) 1 3 4 5 2 8 3 5 

 

Table 4. Others-to-worst vector  

Other social criteria Worst criteria: long working hours (C3) 

CR1 4 



 

 

CR2 3 
CR3 1 

CR4 5 
CR5 6 
CR6 5 
CR7 3 

CR8 6 

 

In this study, a linear programming model was developed using these vectors, best to others and others to 

worst. The final weights of the factors can be calculated from the linear programming model. The model 

was solved in LINGO 10 Optimization software. The results are illustrated in Table 5. 𝑚𝑖𝑛 =𝜑∗ 

s.t.  

{  
   
   
   
   
  𝐶𝑅1 − 3 ∗ 𝐶𝑅2 ≤ 𝜑𝐶𝑅1 − 4 ∗ 𝐶𝑅3 ≤ 𝜑𝐶𝑅1 − 5 ∗ 𝐶𝑅4 ≤ 𝜑𝐶𝑅1 − 2 ∗ 𝐶𝑅5 ≤ 𝜑𝐶𝑅1 − 8 ∗ 𝐶𝑅6 ≤ 𝜑𝐶𝑅1 − 3 ∗ 𝐶𝑅7 ≤ 𝜑𝐶𝑅1 − 5 ∗ 𝐶𝑅8 ≤ 𝜑𝐶𝑅1 − 4 ∗ 𝐶𝑅3 ≤ 𝜑𝐶𝑅2 − 3 ∗ 𝐶𝑅3 ≤ 𝜑𝐶𝑅4 − 5 ∗ 𝐶𝑅3 ≤ 𝜑𝐶𝑅5 − 6 ∗ 𝐶𝑅3 ≤ 𝜑𝐶𝑅6 − 5 ∗ 𝐶𝑅3 ≤ 𝜑𝐶𝑅7 − 3 ∗ 𝐶𝑅3 ≤ 𝜑𝐶𝑅8 − 6 ∗ 𝐶𝑅3 ≤ 𝜑𝐶𝑅1 + 𝐶𝑅2 + 𝐶𝑅3 + 𝐶𝑅4 + 𝐶𝑅5 + 𝐶𝑅6 + 𝐶𝑅7 + 𝐶𝑅8 = 1𝐶𝑅1 ≥ 0; 𝐶𝑅2 ≥ 0; 𝐶𝑅3 ≥ 0; 𝐶𝑅4 ≥ 0; 𝐶𝑅5 ≥ 0; 𝐶𝑅6 ≥ 0; 𝐶𝑅7 ≥ 0; 𝐶𝑅8 ≥ 0
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Table 5. Optimal weights for social factors. 
Criteria Weights score (Wn

*) (𝜑∗) 
Discrimination 0.275 0.1324 
Child / Forced labor 0.136 
Long working hours 0.036 
Compensation 0.081 
Freedom of association 0.204 
Health and Safety 0.051 
Information disclosure / Transparency 0.136 
Training and education 0.081 

 

In this study, discrimination has appeared as the utmost vital factor, followed by freedom of association, 

child labor, and information disclosure. Once the optimal weights of criteria were estimated, the consistency 

level of the comparison was checked by estimating the consistency ratio (Rezaei 2015). The consistency 

ratio for the problem mentioned above is 0.1324 / 4.47 = 0.029, which imitates the findings of Rezaie 

(2015). 



 

 

Consistency Ratio = φ∗Consistency index 

Table 6. Consistency Index (Rezaei 2015) 
 1 2 3 4 5 6 7 8 9 
Consistency 
Index 

0.00 0.44 1.00 1.63 2.30 3.00 3.73 4.47 5.23 
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Figure 1. Weights of supplier’s social criteria 

The weights estimated by BWM have been further used in TOPSIS to rank the potential suppliers. In this 

study, we have applied a scale (1-10) to quantify the suppliers. In this study, 10 was allotted if the supplier 

performs the best and 1 if it performs the worst. The preference rating of suppliers with respect to social 

criteria is shown in Table 7. For preference rating calculations, we have taken random values. Subsequently, 

by applying steps 7 to 11 final ranking of suppliers was evaluated. The results are shown in Table 9. In this 

analysis, supplier 7 has emerged as the best supplier, followed by supplier 10, supplier 1. After calculating 

the social weights, these can be used in the final lot-sizing algorithm to estimate the order size. In this study, 

the data was generalized randomly. 

Table 7. Preference rating for suppliers. 

Suppliers  CR1 CR2 CR3 CR4 CR5 CR6 CR7 CR8 

Sl1 6 7 7 8 6 9 8 6 
Sl2 6 4 5 7 6 8 8 6 
Sl3 7 5 5 7 5 6 7 8 
Sl4 5 8 7 8 7 7 7 6 
Sl5 5 8 6 8 6 5 8 6 
Sl6 4 7 5 7 7 6 6 7 
Sl7 7 6 7 6 7 8 7 6 
Sl8 6 8 7 8 6 7 5 8 
Sl9 7 5 6 7 7 6 5 7 
Sl10 7 5 5 7 7 6 7 8 

 



 

 

Table 8. Weighted normalized decision matrix. 

Suppliers  CR1 CR2 CR3 CR4 CR5 CR6 CR7 CR8 

Sl1 0.086 0.047 0.013 0.028 0.060 0.021 0.050 0.022 
Sl2 0.086 0.027 0.009 0.024 0.060 0.019 0.050 0.022 
Sl3 0.100 0.033 0.009 0.024 0.050 0.014 0.044 0.030 
Sl4 0.071 0.053 0.013 0.028 0.070 0.016 0.044 0.022 
Sl5 0.071 0.053 0.011 0.028 0.060 0.012 0.050 0.022 
Sl6 0.057 0.047 0.009 0.024 0.070 0.014 0.037 0.026 
Sl7 0.100 0.040 0.013 0.021 0.070 0.019 0.044 0.022 
Sl8 0.086 0.053 0.013 0.028 0.060 0.016 0.031 0.030 
Sl9 0.100 0.033 0.011 0.024 0.070 0.014 0.031 0.026 
Sl10 0.100 0.033 0.009 0.024 0.070 0.014 0.044 0.030 

 

Table 9. Social score of suppliers. 

Suppliers 𝐾𝑛+ 𝐾𝑛− �̃�𝑆𝑠 
Sl1 0.000405 0.001819 0.82 
Sl2 0.001102 0.001331 0.55 
Sl3 0.000916 0.002113 0.70 
Sl4 0.000934 0.001557 0.62 
Sl5 0.001065 0.001418 0.57 
Sl6 0.002129 0.000872 0.29 
Sl7 0.000327 0.002638 0.89 
Sl8 0.000678 0.001768 0.72 
Sl9 0.000829 0.002321 0.74 
Sl10 0.000514 0.002516 0.83 
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Figure 2. Ranking of potential sustainable suppliers 

Stage 2 calculation 

To get the possibilistic distribution of the model variables, the generated data were shared with the supply 

chain managers. The data were categorized into three segments (pessimistic, most likely, and optimistic). 

The fuzzy data for product cost is presented in Appendix (Table A.1). In this experiment, initially, the most 



 

 

likely (𝜙𝑚𝑜𝑠) value for each ambiguous parameter was generated randomly. Then, the Pessimistic (𝜙𝑝𝑒𝑠) 
and optimistic (𝜙𝑜𝑝𝑡) values of a fuzzy number (�̃�𝑖𝑗) were calculated as follows:  𝜙𝑖𝑗𝑝𝑒𝑠 = (1 − 𝜃𝐿𝑇). 𝜙𝑖𝑗𝑚𝑜𝑠𝑎𝑛𝑑𝜙𝑖𝑗𝑜𝑝𝑡 = (1 + 𝜃𝑅𝑇). 𝜙𝑖𝑗𝑚𝑜𝑠, 
Where 𝜃𝐿𝑇 and 𝜃𝑅𝑇 are left and right-side percentages. The deviation was considered 25% based on the 

previous similar study (Bouzembrak et al. 2013). 

 All the cost data are expressed in Indian rupee ( ), while carbon emission is taken in Kilograms (Kg). To 

analyze the computational performance, a code was written in Lingo 10 optimization software using a 

laptop pc having 2.6 GHz and 8 GB RAM. We have determined the minimum acceptable feasibility degree 

(𝛼), taking reference toa similar study (Lahri et al. 2020). The model was tested for different feasibility 

degrees (α = 0.4, 0.6, 0, 8, and 0.9) to assess the impacts of uncertainty. Also, for each 𝛼 -value, five Pareto 

optimal solutions (i.e., 0.4 – 0.8) were generated using the modified 𝜀 -constraint method. In this study, the 

emission objective was kept in the main objective, while cost and social objectives were kept in the 

constraint, using 𝜀 -constraint theory. Initially, the model was tested considering 10 suppliers, 6 periods, 

and 6 products; this is called a base experiment, and the results are depicted in Table 10. The model can be 

solved in finite time, approximately 1 to 3 seconds for the base experiment. Table 10 shows the results of 

the lot-sizing model at different 𝛼and ε values.  

Results show that granting a higher ε value in the constraints at a particular feasibility degree (𝛼) 

leads to the moderate attainment of the environmental objective. In contrast, the social objective is achieved 

with a higher value. In this experiment, no feasible solutions were found when ε value is greater than equal 

to 0.8. Minimum total cost is achieved at (α = 0.9 and ε = 0.7) and minimum carbon emission found at (α 

= 0.9 and ε = 0.4). Similarly, maximum social sustainability realized at (α = 0.4 and ε = 0.7) for the proposed 

lot-sizing problem.The results are shown in Table 10 reveal that increasing achievement of social 

sustainability objective restricts the achievement of emission goal. 

Table 10. Results for 10 suppliers, 6 time periods, and 6 products.  

  Primary goals Cost functions Emission functions  

α ε TC TE SS OC PC PTAX TRC HC IHC PEMI TEMI IEMI T 

0.4 0.4 92695470 1043255 215762.8 194769.5 72434630 18451630 1160696 222474.3 231267.3 1026686 13392.7 3176.369 0.1 

0.4 0.5 105967200 1150706 238600.2 193602 79885640 23841990 1182744 224827.3 638412.3 1128015 13647.13 9044.005 0.2 

0.4 0.6 95583510 1731209 261437.6 193323 80108000 12710260 1172032 218916.8 1180973 1701238 13523.58 16447.36 0.1 

0.4 0.7 84002010 3039831 284275.1 197442 67206970 13712290 1235732 230176.5 1419389 3006494 14258.55 19078.19 0.1 

0.4 0.8 0 0 0 0 0 0 0 0 0 0 0 0  



 

 

0.6 0.4 89845960 1022705 210187.2 202298.5 70643120 17431760 1198552 230520.5 139705.9 1007160 13829.5 1715.643 0.1 

0.6 0.5 102673200 1119664 231220.6 195970 77628060 22908010 1150894 224101.5 566138.7 1098338 13279.6 8046.757 0.1 

0.6 0.6 92557240 1663900 252253.9 193323 77477880 12549620 1172032 218916.8 945463.5 1637168 13523.58 13208.13 0.1 

0.6 0.7 81775790 2850000 273287.2 197442 65346170 13548920 1235732 230176.5 1217351 2819032 14258.55 16709.47 0.1 

0.8 0.4 87391970 1005100 205151.6 201158.5 69034810 16627020 1210252 229142.3 89593.26 989954.4 13964.53 1181.469 0.1 

0.8 0.5 99814240 1092407 224516.1 195970 75493630 22284030 1150894 224101.5 465606.1 1072499 13279.6 6629.034 0.2 

0.8 0.6 89773750 1607917 243880.5 199201.2 75202200 12058080 1222030 227239.8 864997.3 1581899 14100.48 11917.94 0.1 

0.8 0.7 79733260 2696425 263244.9 197442 63795810 13311940 1235732 230176.5 962156.1 2668985 14258.55 13181.82 0.1 

0.9 0.4 86334730 997360.9 202814.1 201158.5 68291280 16311840 1210252 229142.2 91056.31 982154.4 13964.53 1241.949 0.1 

0.9 0.5 98147160 1080247 221389.1 201433.3 74698160 21301370 1222212 230361.5 493624.2 1059092 14102.53 7052.434 0.1 

0.9 0.6 88458850 1582977 239964.1 199201.2 74055550 11982800 1222030 227239.8 772029.3 1558311 14100.48 10565.29 0.1 

0.9 0.7 78770540 2629734 258539.1 205080.2 62770090 13353660 1264982 237113.5 939616 2601594 14596.05 13544.45 0.2 

Note: TC = total cost (Rs.), TE = total emission (Kg), SS = social sustainability, OC = ordering cost (Rs.), 
PC = purchasing cost (Rs.), PTAX = purchasing tax (Rs.), TRC = transportation cost (Rs.), HC = handling 
cost (Rs.), IHC = inventory holding cost (Rs.), PEMI = product emission (Kg), TEMI = transportation 
emission (Kg), IEMI = inventory emission (Kg). T = time (sec 
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Figure 3. Sensitivity analysis of TC, TE, and SS by changing ε value at distinct α setting. 



 

 

Figure 3 illustrates the sensitivity analysis of TC, TE, and SS at distinct ε values from a range of 0.4 to 0.7. 

The model provides no solution when the ε value is greater than or equal to 0.8. It can be observed from 

Fig. 3 that the graph follows an almost similar distribution curve, for instance (α = 0.4, 0.6, and 0.9). 

However, the obtained values of the three goals are different. In this study, the emission goal is maximized 

subjected to cost and social goal in the constraint. When ε value increases from 0.4 to 0.7, a restriction is 

imposed on the cost and social goal, which resulted in the lower achievement of the emission goal. Hence 

with increasing the ε value, the overall emission of the supply chain increases. An interesting phenomenon 

was observed from the results. The results show that cost of the supply chain can be reduced with increasing 

social scores. For example, a more orientation on a social issue can help reduce the overall costs of the 

supply chain. 
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Figure 4. Sensitivity analysis cost and emission parameters by changing ε value at different α values. 

Figure 4 shows a broader spectrum of different costs (i.e., ordering cost, purchasing cost, purchasing tax, 

transportation cost, handling cost, inventory cost), different emissions (such as product emission, 

transportation emission, and inventory emission) associated with the lot-sizing problem. It can be observed 

from the figure that there is a considerable variation in purchasing tax (PTAX) and Holding cost (IHC) and 

a slight change in other costs with changing ε values. Similarly, with changing ε values, higher variation 



 

 

was found in the product emission (PEMI) and inventory emission (IEMI), respectively.  From these 

graphs, managers can analyze the impact of different costs and emissions and their behavior with different 

uncertain levels in the lot-sizing problem. Subsequently, they can develop their strategy. 

Table 11. Optimal selection of supplier and lot sizing (α = 0.9 and ε = 0.7) 
Product PR 1 PR 2 PR 3 PR 4 PR 5 PR 6 Period 

Supplier 1 

185 4322 0 0 193 5292 TP 1 

0 0 0 0 6398 5111 TP 2 

0 0 0 0 351 9032 TP 3 

0 560 0 0 5150 5163 TP 4 

0 0 0 0 3895 9298 TP 5 

0 0 0 0 7723 1285 TP 6 

Supplier 3 

7811 0 5522 69 0 0 TP 1 

5133 4147 732 65 0 0 TP 2 

7671 1488 148 60 0 0 TP 3 

6916 4408 1606 0 0 0 TP 4 

5927 1592 2982 0 0 0 TP 5 

6909 0 6107 0 0 0 TP 6 

Supplier 4 104 0 8374 0 0 0 TP 6 

Supplier 7 

0 1022 1946 6232 0 0 TP 1 

0 3593 0 5842 0 0 TP 2 

0 448 0 5382 0 6872 TP 3 

0 0 0 8856 0 3037 TP 4 

0 1627 0 8059 0 0 TP 5 

0 3249 0 8481 0 0 TP 6 
 119 1533 4682 0 0 0 TP 2 
 478 3546 7873 0 0 0 TP 3 

Supplier 8 0 3522 5542 0 0 0 TP 4 
 0 4601 5121 0 0 0 TP 5 
 59 3144 8374 0 0 0 TP 6 

Supplier 9 0 0 0 8481 0 0 TP 6 

Supplier 10 

0 0 0 0 6623 2549 TP 1 

0 0 0 0 6398 3742 TP 2 

0 0 0 0 8825 2308 TP 3 

0 0 55 188 5150 5163 TP 4 

0 0 0 0 9257 3266 TP 5 

0 0 0 0 7723 3250 TP 6 

Inventory 

- - - - - 2365 TP 1 

- - - - 6047 4808 TP 2 

296 101  - 6138 13563 TP 3 

136 - 1525 88 11005 21488 TP 4 

- 2081 4352 - 14534 24448 TP 5 

- - 18455 8210 21833 22869 TP 6 

 

Table 11 represents the results of the lot-sizing problem to meet six products' demands for periods 1 to 6. 

From the results, it can be observed that suppliers 1, 3, 4, 7, 8, 9, and 10 are preferred to satisfy the demands 



 

 

across the entire period. However, suppliers 4 and 9 were least preferred, and Suppliers 2 and 6 were not 

preferred due to the lowest sustainability score. It shows that our proposed sustainable lot-sizing model is 

useful and only chooses suppliers having the highest scores. The demand for product 1 is satisfied by 

suppliers 1, 3, 4, and 8. Similarly, the demand for product 2 fulfilled by suppliers 1, 3, 7, and 8. Likewise, 

all the demand for different products is satisfied by the corresponding potential suppliers across the entire 

period. Table 11 also shows the inventory of the products across the period. 

4.1 Sensitivity analysis by changing µ1, µ2, and µ3, individually, in the objective function. 

The emission goal has been maximized in the earlier section, keeping cost and social sustainability goals 

in the constraint. However, it would be exciting to examine the behavior of the model by solving specific 

goals separately. 

Table 12. Solutions of the model at different scenarios. 

Goals (at α = 0.9 and ε = 0.7) Max µ1 without 

considering µ2 and 

µ3 

Max µ2 without 

considering µ1 and 

µ3 

Max µ3 without 

considering µ1 

and µ2 

Economic sustainability (Rs.) 49705620 90968900 122912500 

Environment sustainability (Kg) 2568921 945245.2 2778523 

Social sustainability 168517.8 169285.5 314264.4 

 

The results in Table 12 show that maximizing the membership function of the goal alone can lead to a 

higher realization of that goal. For instance, initially, µ1 is maximized by excluding µ2 and µ3 from the 

constraint. Further, µ2 is maximized in the objective function without considering the µ1 and µ3. Likewise, 

µ3 maximized in the objective function without considering µ1 and µ2. 

Table 13. Results for 35 suppliers, 12 time periods, and 10 products. 

α - value ε - value 
Objective functions 

Time  
Total cost Total emission 

Social 
sustainability 

0.4 0.6 407006100 3777332 749743.9 5. 40 Hrs. 
0.4 0.8 467634800 4633292 1051695 4.35 Hrs. 
0.4 0.9  0 0 0 0   No solution 
0.6 0.4 404000000 3802379 719655.5 4.5 Hrs. 
0.6 0.6 444000000 4411549 1006165 90 min 
0.6 0.8 0 0 0  No solution 
0.8 0.4 410319400 3804665 709361.8 5.3 Hrs. 
0.8 0.6 420459900 4215400 964277.4 18.44 min  
0.8 0.8 0 0 0  No solution 

 

In literature, the lot-sizing problem has been referred to as an NP-hard problem as it deals with a significant 

number of variables (Keshavarz Ghorabaee et al., 2017). Therefore, to check the proposed algorithm's 

complexity, it is essential to conduct experiments with bigger sample size. To achieve the goal, a set of 



 

 

experiments were performed by considering 35 suppliers, 10 products, and 12 time periods at different α 

and ε-values. The results of the experiments are depicted in Table 13. From the results, it can be observed 

that for an increasing data set, solution time was found to be increasing significantly. And for most cases, 

the algorithm can provide solutions in around 4-6 hours. On the other hand, the algorithm has been unable 

to provide feasible solutions in some cases. It may be due to explicitα and ε values. For example, at (α = 

0.4, 0.6 and ε-value > 0.9) and (α = 0.8 and ε-value > 0.8), the algorithm could not give feasible solution. 

The experiment also suggests that the model may be practical in a real-life situation. 

5. Conclusion 

The study proposes a multi-objective, multi-supplier, multi-item, multi-period lot-sizing problem 

considering carbon footprint, water footprint, solid waste, liquid waste, social sustainability under uncertain 

environment. Triple bottom line theory has been utilized in the presented study, where economic, 

environmental, and social sustainability are dealt simultaneously. The present study has been conducted in 

three stages. The social score of the suppliers is calculated using the combined BWM and TOPSIS method 

at the primary stage and TOPSIS has rarely been used to quantify the sustainability of suppliers in the 

literature. In the second stage, the suppliers' social scores are used in an uncertain lot-sizing model. Later, 

the uncertain model is transformed into an equivalent crisp model using a possibilistic programming 

approach. In the third stage, different trade-off curves are generated by the application of the e-constraint 

method. The proposed model has successfully controlled conflicting objectives, such as cost, carbon 

emission, and social sustainability. The present study examines ambiguous scenarios by applying multi-

objective possibilistic programming. In this research, the total carbon emissions were measured by taking 

into account product emissions, transport emissions, and inventory holding emissions. 

The applicability of the model has been illustrated with a numerical example. Initially, ten 

suppliers with six periods and six products were considered. Further, to check the algorithm's complexity, 

35 suppliers with 12 periods and 10 products were explored. The computational analysis of the model was 

carried out in LINGO 10 optimization software.  The solution time of the algorithm confirms the 

applicability of the presented model. 

The presented lot-sizing model helps managers to choose suitable suppliers for each product in 

each period. The results prove that considering sustainability issues in the lot-sizing problem can lead to a 

balanced procurement.  

Theoretical contribution  



 

 

A lot-sizing problem applying BWM, TOPSIS, possibilistic programming, and ε-constraint method 

together have not been reported in the achieved literature. The current study has extended the model of 

Shaw (2017), Kaur and Singh (2017), and Lamba et al. (2019) through incorporating social sustainability 

of supplier, water footprint, solid waste, liquid waste, and rejection rate in a multi-objective, multi-period, 

multi-product lot-sizing problem under uncertain business environment. The current study successfully 

proved that varying uncertainty and ε value can influence the cost, emission as well as social sustainability. 

From the experiment, it can be conjectured that an increase in uncertainty (α) will increase the overall cost 

of the system. Our proposed model is of considerable importance to manufacturers and policy-makers. Any 

organization may adopt the proposed model to create cost-effective carbon management strategies. The 

decision-maker can determine the differentiation costs for the reduction of the environmental footprint and 

the improvement of social sustainability. 

Limitation of this study 

There are some limitations to this work, like other studies. For instance, in some cases, Lingo 10 could not 

deliver a feasible result for the model. Moreover, the model belongs to the NP-hard class, in which the 

solution time increased with increasing the data set. Therefore, in future research, the model's performance 

may be compared with commercially available software like GAMS, CPLEX, and AMPL; a new heuristics 

method can be formulated in this regard. Besides, the present study has applied a possibilistic programming 

approach that handles the uncertainty. However, it would be interesting to extend the model with a robust 

possibilistic programming approach in the future. 
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Weights of supplier’s social criteria
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Ranking of potential sustainable suppliers



Figure 3

Sensitivity analysis of TC, TE, and SS by changing ε value at distinct α setting.
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Sensitivity analysis cost and emission parameters by changing ε value at different α values.
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