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Collaborative Models to Define Sustainable Crop Planning Reducing 12 

the Unfairness among Farmers in an Uncertain Context 13 

Inherent uncertainty surrounding the agri-food sector negatively impacts the 14 

supply chain’s (SC) sustainability and performance. A main consequence of this 15 

uncertainty is the imbalance between supply and demand with volatility in prices 16 

and high quantities of waste and unmet demand. Usually, farmers are the most 17 

affected by the negative impact of uncertainty. To improve their competitive 18 

position, it is necessary to implement new business models that encourage the 19 

collaboration among farms, try to reduce the number of intermediaries between 20 

farms and markets, reduce the activities related to the management of perishable 21 

crops and their associated costs, and enable mechanisms to sell the oversupply of 22 

crops such as their settlement. In this paper, a novel multi-objective model is 23 

proposed to support the crop planning under uncertainty for the proposed 24 

business model. Three objectives aligned with the triple bottom lines are 25 

considered: SC profit maximization (economic), waste minimization 26 

(environmental) and unfairness minimization (social). The last objective reduces 27 

the unwillingness of farms to cooperate with the crop planning. The model is 28 

solved with the weighted sum method and compared to an equivalent model 29 

considering only economic objectives, concluding that environmental and social 30 

aspects can be highly improved by little decreasing profits. 31 

Keywords: sustainability; collaboration; crop planning; unfairness; fuzzy multi-32 

objective model 33 

1   Introduction 34 

A new business model is arising in the agri-food sector that seeks to serve customers 35 

that appreciate freshness and quality of products and are aware of sustainability. In this 36 
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business model, channels are characterized to be more direct (fewer intermediary 37 

actors). The value chain proposes value to the customer by looking at previous concepts 38 

and, at the same time, reducing the unfairness among farmers through a better 39 

distribution of costs and benefits according to the farmer’s key resources. In this 40 

business model, it is very important to balance supply and demand in order to reduce 41 

waste in every farmer and the unmet demand. To achieve this balance, it is necessary to 42 

consider the demand during the crop planning decision-making process, which is the 43 

core of farming system management. Crop planning consists in choosing the crops to be 44 

planted, their acreage and their allocation to the farmland (Dury et al., 2012). Crop 45 

planning decisions will determine future harvest and flow of crops along the chain, and 46 

therefore their supply. However, it is not possible to reach a perfect balance between 47 

demand and supply given the impact of uncertainty on both elements. These sources of 48 

uncertainty inherent to the agri-food sector jointly with others negatively impact on the 49 

agri-food supply chain’s performance and sustainability (Esteso et al. 2018). 50 

Another aspect that leads to this imbalance is that crop planning decisions are 51 

usually made independently by each farmer once per season. This way of making 52 

decisions usually contributes to the overproduction of the crops that were more 53 

profitable on last season, leading to the drop down of prices and the production of 54 

wastes. On the opposite, this produces scarcity in the supply of crops that appeared to be 55 

less profitable on last season when compared to their demand, leading to the increase of 56 

their prices. Collaboration mechanisms can be used when making the crop planning 57 

decisions to better balance supply and demand, reducing waste and unmet demand, and 58 

to protect the supply chain against the negative impact of uncertainty (Esteso et al. 59 

2018). Zaraté et al. (2019) conclude that research on coordination issues in agricultural 60 

SCs is in its early development. Besides Handayati et al. (2015) state in their review that 61 
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studies on supply chain coordination in agri-food sector with a particular focus on 62 

small-scale farmers is very scarce. One collaboration mechanism applicable to the crop 63 

planning problem is the decision synchronization that consists in jointly making 64 

planning and operational decisions for all farms (Simatupang and Sridharan, 2005) in a 65 

centralized manner. 66 

To the best of our knowledge, there are no model-based computerized tools 67 

to support the crop planning decisions in this new business model. It seems obvious that 68 

models for crop planning should consider the demand of crops to balance supply and 69 

demand, however few papers do it. In addition, most of these papers only model 70 

decisions related to the crop planning such as the selection of crops to plant, the 71 

definition of the area or plots allocated to each crop and decisions about the resources 72 

needed to plant and cultivate the planted areas such as the irrigation, labouring, and the 73 

use of fertilizers. 74 

However, to balance supply and demand it is necessary to take into account 75 

more operative decisions. However, few papers as well as this paper take into account 76 

 additional more operative decisions such as the harvest, transport and sale of crops in 77 

order to anticipate the balance between supply and demand at markets (Ahumada et al., 78 

2012; Ahumada and Villalobos, 2011a, 2011b; Flores et al., 2019; Flores and 79 

Villalobos, 2018; Mason and Villalobos, 2015; Najafabadi et al., 2019; Nguyen et al., 80 

2019). In the particular case of transport decisions, analysed models do not take into 81 

account neither the capacity of vehicles nor the minimum cargo to be filled in order to 82 

use a vehicle, which determines the quantity of vehicles necessary to transport crops 83 

and limits the quantity of crops to be transported ready to satisfy demand. This paper 84 

models all these aspects, filling the gap identified in literature. 85 
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Most models for crop planning considering the demand of crops such as the 86 

proposed by Cid-Garcia and Ibarra-Rojas (2019) and Ren et al. (2019) assume that all 87 

demand should be met, allowing, and not penalizing the overproduction of crops and 88 

assume that all production is sold. However, few papers model what happens when 89 

an imbalance between supply and demand occurs, such as the generation of 90 

waste in cases of overproduction (Hasuike et al., 2018; Mason and Villalobos, 2015) or 91 

unmet demand in cases of underproduction (Albornoz et al., 2020; Darby-Dowman et 92 

al., 2000; dos Santos et al., 2010; Flores and Villalobos, 2018; Forrester et al., 2018; 93 

Hasuike et al., 2018; Mason and Villalobos, 2015; Nguyen et al., 2019; Villa et al., 94 

2019). Furthermore, waste is also generated due to the limited shelf-life of crops that 95 

has been modelled in few models (Ahumada and Villalobos, 2011a, 2011b). None of 96 

the papers allowing the crops overproduction implements mechanisms to reduce wastes 97 

generated along the chain by the excess of product and its perishable nature. With this 98 

objective this paper, that models the over and underproduction of crops due to the 99 

uncertainty in both supply and demand, proposes to settle the excess of supply at each 100 

period in order to reduce the quantity of generated waste and promote the sale of fresh 101 

products. 102 

Given the perishability of crops and the impact that the allocated land area and 103 

planting period of crops have on harvesting, and consequently, in the future available 104 

supply, it is also important to take into account the multi-period nature of the problem 105 

when addressing the harvesting and distribution decisions jointly with the cropping plan 106 

ones to satisfy the also seasonal market demand. This aspect is even more crucial when 107 

limited capacity of resources per period exist for implementing more operative 108 

decisions being necessary to efficiently plan their use. 109 
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All the above papers propose centralized models to support the aforementioned 110 

decision-making processes. Although centralized decision making process is proved to 111 

provide the best results for the entire agri-food supply chain (Stadtler, 2009), obtained 112 

solution would be difficult to implement in a real agri-food supply chain unless all lands 113 

belong to the same farmer since centralized decision making produces inequalities 114 

among the supply chain members (Ertogral and Wu, 2000) leading to the unwillingness 115 

of farms to collaborate. Because of this, analysed models could not be used to solve the 116 

crop planning problem in the new business model where the reduction of the unfairness 117 

among farmers is essential. 118 

Besides, analysed models mainly optimize economic aspects, leaving out the 119 

environmental and social aspects of sustainability which is another fundamental 120 

characteristic of this new business model. However, some of the analysed models 121 

optimize objectives related to more than one aspect of sustainability. For example,122 

 Adekanmbi and Olugbara (2015) who maximize the supply chain profits (economic) 123 

while minimizing the land use (environmental). Najafabadi et al. (2019)  124 

consider the three aspects of sustainability by maximizing the supply chain profits 125 

(economic) while minimizing the water consumption, and the use of fertilizers and 126 

pesticides (environmental) and maximizing employment and food safety (social). The 127 

rest of the models to support crop planning problem analysed in this section only 128 

optimized economic objectives. It is remarkable that none of these models considered 129 

the reduction of wastes and unfairness among farms as objectives  while 130 

these aspects are fundamental for the Sustainable Development Goals (SDG) set by the 131 

United Nations (2019) and for the new business model also aligned with the Common 132 

Agricultural Policy (CAP) Objectives. 133 
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Finally, few  existing models to support the crop planning while considering 134 

demand of crops take into consideration the uncertain nature of factors related to the 135 

agri-food sector. In this case, Darby-Dowman et al. (2000) model the uncertainty of the 136 

plants yield stochastically while  Ahumada et al. (2012)  additionally 137 

consider the stochastic nature of market prices. On their part, Najafabadi et al. (2019) 138 

consider that the resources needed per crop are uncertain and modelled them by using 139 

fuzzy sets. This paper models the uncertainty on the yield of plants, demand of crops, 140 

and market and settlement prices by using fuzzy set theory since it is appropriate for 141 

cases in which uncertainty is associated with vagueness, ambiguity, imprecision and/or 142 

lack of information on a particular element of the problem at hand (Alemany et al., 143 

2015) which is our case. 144 

Therefore,  to the authors’ knowledge, there is a gap in literature as regards 145 

models for supporting the crop planning decisions in this new business model for 146 

achieving a sustainable supply chain. The objective of the paper is to cover this gap by 147 

developing a computerized tool based on a novel Uncertain Multi-Objective 148 

Centralized mathematical programming model for the Sustainable Crop Planning 149 

Problem, dubbed as UMO-SCPP hereunder. The UMO-SCPP  model seeks to balance 150 

the supply and demand of crops in an agri-food supply chain composed by farmers and 151 

retailers without intermediaries and considers different characteristics of the business 152 

model that to the best of authors’ knowledge have not been previously modelled in 153 

literature. 154 

Main novelties of the proposed mathematical programming model  are: i) 155 

modelling of the new business model itself, ii) inclusion of collaboration among 156 

stakeholders of the same SC stage, iii) anticipation of more operative decisions such as 157 

harvest, transport, and sales decisions when defining the crop planning, iv) modelling of 158 
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the distribution of cargo into vehicles, v) consider the possibility of settling the 159 

oversupply of crops in the same period of their harvest to guarantee the freshness of 160 

crops and to reduce generated waste and supply chain losses, vi) modelling of multi-161 

objective approach considering the three aspects of sustainability by means not only 162 

maximizing profits (economical objective) but also minimizing waste (environmental 163 

objective,) and minimizing the economic unfairness among farmers for implementing 164 

the collaborative approach (social objective), and vii) inclusion of inherent agri-food 165 

supply chain uncertainty by fuzzy modelling of parameters related to the yield, demand 166 

and prices of crops.  167 

The UMO-SCPP model is validated with realistic data from an Argentinean case 168 

study for two scenarios. Results show that it is possible to find solutions where the level 169 

of unfairness among farmers and waste generated are improved by slightly decreasing 170 

the total profit. Therefore, with this proposal we are contributing to increase the 171 

sustainability of the agri-food supply chains in its three dimensions simultaneously. 172 

The rest of the paper is aligned to the research methodology and is structured as 173 

follows. The fuzzy multi-objective MILP model to address the problem under study and 174 

the resolution methodology used to solve it are exposed in Section 2. Results are 175 

analysed and discussed in section 3. Finally, conclusions and future research 176 

lines are drawn in Section 4. 177 

2   Materials and Methods 178 

This section first explains the assumptions under which the crop planning problem is 179 

solved for the new business model, followed by the fuzzy multi-objective mathematical 180 

programming model to support crop planning decisions.  Finally, the CPM-EES-U 181 

model is transformed into an equivalent crisp model to facilitate its resolution. 182 

Commented [SL1]: What is this? Give full name before use 

the short name. 
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2.1   Crop planning in the new business model 183 

The business model under study is characterized by the lack of intermediaries between 184 

farms and retailers. Therefore, an agri-food supply chain composed by a set of farms 185 

and retailers directly linked that produce and commercialize multiple crops with limited 186 

shelf-life is considered (Figure 1). 187 

Figure 1. Supply chain configuration and main activities. 188 

 189 

Farmers are responsible for farming activities (planting, cultivation, and harvest) 190 

and for the transport of crops to retailers, where crops are sold to end consumers. Each 191 

farm disposes of one farming location with a limited planting area. Farmers define the 192 

area to plant with each crop per period, considering that a minimum area needs to be 193 

planted per selected crop and period due to technical reasons. The yield of plants 194 

depends on the crop, and its planting and harvest date. All crop matured at plant needs 195 

to be harvested in the same period. The transport of crops is made by trucks in a way 196 

that a minimum percentage of the cargo quantity needs to be loaded to use one truck. 197 

The business model also seeks to serve customers with very fresh products. To 198 

do this, the considered supply chain transport and selling the products on the same 199 

period of their harvest, being not allowed to store products from one period to the 200 

FARMER 1 

Planting Harvest Transport 

Wastes 

RETAILER 1 

Sales Settlement 

Wastes 

FARMER F 

Planting Harvest Transport 

Wastes 

RETAILER R 

Sales Settlement 

Wastes 
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following. So, crops harvested and not transported to retailers on the same period will 201 

be wasted in the farm level. On the other hand, all the crops that arrive to the retailer 202 

and are not sold in the same period will also be wasted. To reduce the wastes generated 203 

along the chain, this business model allows to settle a part of the oversupply of crops 204 

limited by a percentage of the demand with a reduced price. Finally, a minimum service 205 

level service is ensured for all crops in all retailers. 206 

2.2   Fuzzy mathematical programming model formulation 207 

The nomenclature used to formulate the UMO-SCPP model is exposed in Table 1, 208 

where uncertain parameters are identified by the symbol ̃ . The uncertain parameters 209 

are modelled with Fuzzy Set Theory since it has proved their validity for the uncertainty 210 

associated with vagueness, imprecision, inexact statements, incomplete, lack of 211 

information and/or unobtainable information on a particular element (Mundi et al., 212 

2016). This model considers that the sales and settlement prices, as well as the crop 213 

yields, and demands are uncertain parameters since their values cannot be known in 214 

advance. 215 

Table 1. Nomenclature for the UMO-SCPP  model. 216 

Indexes 

𝑐 Crops 

𝑝 Planting periods 

𝑡 Time periods 

𝑙 Farming locations 

𝑟 Retailers 

Set of indexes 

𝑃𝑐 Set of periods p in which crop c can be planted. 
𝑃𝑇𝑐𝑝  Set of periods 𝑡 in which crop 𝑐 planted in period 𝑝 can be harvested. 

Parameters 

𝑎𝑝𝑙 Available area for planting in location 𝑙. 
𝑎𝑚𝑐 Minimum area to be planted with crop 𝑐 when it is decided to plant it (technical reasons). 

�̃�𝑐𝑝𝑡 Yield of crop 𝑐 planted at 𝑝 and harvested at 𝑡. 

�̃�𝑟𝑐𝑡 End consumers’ demand of crop 𝑐 at retailer 𝑟 at period 𝑡. 

�̃�𝑟𝑐𝑡 Excess of demand of crop 𝑐 that can be sold at retailer 𝑟 at a settlement price. 

𝑠�̃�𝑟𝑐𝑡 Market price of crop 𝑐 at retailer 𝑟  at period 𝑡. 

𝑜�̃�𝑟𝑐𝑡 Selling price of one kg of crop 𝑐 at retailer 𝑟 at period 𝑡. 

𝑔�̃�𝑟𝑐𝑡 Settlement price of one kg of crop 𝑐 at retailer 𝑟 at period 𝑡. 

𝑏𝑐𝑟𝑐𝑡  Penalty cost for not meeting one kg of crop 𝑐 demand at retailer 𝑟 at period 𝑡. 

Commented [SL2]:  

Commented [SL3R2]: Check this. 



11 

 

𝑝𝑐𝑐  Planting, cultivation and harvest cost for one plant of crop 𝑐. 

𝑡𝑐𝑙𝑟𝑐 Cost of transporting one kg of crop 𝑐 from location 𝑙 to retailer 𝑟. 

𝑠𝑙𝑐 Minimum service level for each crop 𝑐. 

𝑐𝑐 Fix cost of using one truck. 

𝑐𝑎𝑝 Capacity of one truck in kilograms. 

𝑚𝑐 Minimum percentage of the truck capacity that should be filled to be used. 

Variables 

𝐴𝑙𝑐𝑝 Area planted in location 𝑙 with crop 𝑐 at planting period 𝑝. 

𝐻𝑙𝑐𝑡 Quantity of crop 𝑐 harvested at location 𝑙 in period 𝑡. 

𝑊𝐿𝑙𝑐𝑡 Quantity of crop 𝑐 wasted at location 𝑙 at period 𝑡 after its harvest. 

𝑇𝑙𝑟𝑐𝑡 Quantity of crop 𝑐 transported from location 𝑙 to retailer 𝑟 in period 𝑡. 

𝑁𝑙𝑟𝑡 Number of trucks required to transport crops from location 𝑙 to retailer 𝑟 in period 𝑡. 

𝑊𝑟𝑐𝑡 Quantity of crop 𝑐 wasted at retailer 𝑟 at period 𝑡. 

𝑆𝑟𝑐𝑡 Quantity of crop 𝑐 sold at retailer 𝑟 at period 𝑡. 

𝐵𝑟𝑐𝑡 Unmet demand of crop 𝑐 at retailer 𝑟 at period 𝑡. 

𝐺𝑟𝑐𝑡 Quantity of crop 𝑐 settled at retailer 𝑟 at period 𝑡. 

𝐷𝑙 Difference between the region and location 𝑙 profit per area (absolute value). 

𝑌𝑃𝑙𝑐𝑝 Binary variable with value equal to one when location 𝑙 plant crop 𝑐 at period 𝑝, and zero otherwise. 

𝑌𝑟𝑐𝑡 Binary variable that takes value equal to one when demand of crop 𝑐 at period 𝑡  and retailer r is higher than 

supply, and zero otherwise. 

The triple bottom line is modelled with three objectives that combined through 217 

the weighted sum method (Marler and Arora, 2010) conform a single objective function 218 

(1). The objectives are scaled by dividing their values between the maximum value that 219 

they can acquire. These maximum values are obtained by executing the model 220 

maximizing only one objective (𝑍𝐸𝐶 , 𝑍𝐸𝑁𝑉, or 𝑍𝑆𝑂𝐶). 221 

𝑀𝑎𝑥 𝑍 = 𝑤𝐸𝐶 ·
𝑍𝐸𝐶

𝑍𝐸𝐶𝑚𝑎𝑥

− 𝑤𝐸𝑁𝑉 ·
𝑍𝐸𝑁𝑉

𝑍𝐸𝑁𝑉𝑚𝑎𝑥

− 𝑤𝑆𝑂𝐶 ·
𝑍𝑆𝑂𝐶

𝑍𝑆𝑂𝐶𝑚𝑎𝑥

 
(1) 

The economic objective (𝑍𝐸𝐶) maximizes the supply chain profits (2). The first 222 

term represents the sales obtained by demanded crops and settled crops. The rest of 223 

terms are related to the costs for planting, cultivation and harvest, transport of crops and 224 

penalizations for unmet demand. Since market and settlement prices for each crop, 225 

retailer and period are not known in advance to the crop planning decision and fluctuate 226 

as a consequence of the balance between supply and demand among other factors, these 227 

parameters are considered uncertain in this model. 228 

𝑍𝐸𝐶 = ∑ ∑ ∑(𝑠�̃�𝑟𝑐𝑡 · 𝑆𝑟𝑐𝑡 + 𝑔�̃�𝑟𝑐𝑡 · 𝐺𝑟𝑐𝑡 − 𝑏𝑐𝑟𝑐 · 𝐵𝑟𝑐𝑡)

𝑡𝑐𝑟

− ∑ ∑ ∑ 𝑝𝑐𝑐 ·

𝑝∈𝑃𝑐𝑐𝑙

𝐴𝑙𝑐𝑝

− ∑ ∑ ∑ ∑ 𝑡𝑐𝑙𝑟𝑐 · 𝑇𝑙𝑟𝑐𝑡

𝑡𝑐𝑟𝑙

− ∑ ∑ ∑ 𝑐𝑐 · 𝑁𝑙𝑟𝑡

𝑡𝑟𝑙

 

(2) 
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The environmental objective minimizes wastes along the chain (3). Wastes can 229 

be generated at the farming location by crops not distributed to the following stages of 230 

the supply chains, and at retailers when there is an oversupply of crops that cannot be 231 

finally be settled. 232 

𝑍𝐸𝑁𝑉 = ∑ ∑ (∑ 𝑊𝑟𝑐𝑡

𝑟

+ ∑ 𝑊𝐿𝑙𝑐𝑡

𝑙

)
𝑡𝑐

 
(3) 

The social objective minimizes the economic unfairness among farmers (4), 233 

calculated as the absolute difference between the overall profit per area for farming 234 

locations and the profit per area per each farming location. This objective is one of the 235 

main novelties of this model. The non-linearity of this objective is solved by replacing it 236 

with (5-7) where PR (8) and  𝑃𝐿𝑙 (9) are the overall profit for farming locations and the 237 

profit per each farming location l, respectively. Profits at the farm level are calculated as 238 

the difference between the sale of crops to retailers and costs related to the planting and 239 

transport of crops. The selling price for each crop at this level is also modelled as an 240 

uncertain parameter as it cannot be known in advance given its dependence to several 241 

factors such as the market prices.  242 

𝑍𝑆𝑂𝐶 = ∑ |
𝑃𝐿𝑙

𝑎𝑝𝑙

−
𝑃𝑅

∑ 𝑎𝑝𝑙𝑙
|

𝑙

 
(4) 

𝑍𝑆𝑂𝐶 = ∑ 𝐷𝑙

𝑙

 (5) 

𝐷𝑙 ≥
𝑃𝐿𝑙

𝑎𝑝𝑙

−
𝑃𝑅

∑ 𝑎𝑝𝑙𝑙

                                                    ∀𝑙 
(6) 

𝐷𝑙 ≥
𝑃𝑅

∑ 𝑎𝑝𝑙𝑙

−
𝑃𝐿𝑙

𝑎𝑝𝑙

                                                    ∀𝑙 
(7) 

𝑃𝑅 = ∑ (∑ ∑ ∑(𝑜�̃�𝑟𝑐𝑡 − 𝑡𝑐𝑙𝑟𝑐) · 𝑇𝑙𝑟𝑐𝑡

𝑡𝑐𝑟

− ∑ ∑ 𝑝𝑐𝑐 · 𝐴𝑙𝑐𝑝

𝑝∈𝑃𝑐𝑐

− ∑ ∑ 𝑐𝑐 · 𝑁𝑙𝑟𝑡

𝑡𝑟

)
𝑙

 

(8) 

𝑃𝐿𝑙 = ∑ ∑ ∑(𝑜�̃�𝑟𝑐𝑡 − 𝑡𝑐𝑙𝑟𝑐) · 𝑇𝑙𝑟𝑐𝑡

𝑡𝑐𝑟

− ∑ ∑ 𝑝𝑐𝑐 · 𝐴𝑙𝑐𝑝

𝑝∈𝑃𝑐𝑐

− ∑ ∑ 𝑐𝑐 · 𝑁𝑙𝑟𝑡

𝑡𝑟

                ∀𝑙 (9) 
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The UMO-SCPP model is subjected to the following constraints. The area 243 

allocated to each crop in all periods cannot exceed the total area of each farm (10). 244 

∑ ∑ 𝐴𝑙𝑐𝑝

𝑝∈𝑃𝑐𝑐

≤ 𝑎𝑝𝑙                                           ∀𝑙 (10) 

In case a crop is planted, the minimum planted area is limited due to technical 245 

reasons (11). In addition, no more area than the corresponding to the farmer can be 246 

planted with the same crop. 247 

𝑎𝑚𝑖𝑛𝑐 · 𝑌𝑃𝑙𝑐𝑝 ≤ 𝐴𝑙𝑐𝑝 ≤ 𝑎𝑝𝑙 · 𝑌𝑃𝑙𝑐𝑝            ∀𝑙, 𝑐, 𝑝 ∈ 𝑃𝑐  (11) 

Mature crops at plants are necessarily harvested (12) and transported to markets 248 

or wasted in this same period due to the limited shelf-life of crops (13). The yield of 249 

plants is considered as an uncertain parameter in this model since it is dependent of 250 

uncontrollable factors such as the weather, soil properties among others. 251 

∑ �̃�𝑐𝑝𝑡

𝑝∈𝑃𝑐

· 𝐴𝑙𝑐𝑝 = 𝐻𝑙𝑐𝑡                                      ∀𝑙, 𝑐, 𝑡 (12) 

𝐻𝑙𝑐𝑡 = 𝑊𝐿𝑙𝑐𝑡 + ∑ 𝑇𝑙𝑟𝑐𝑡  

𝑟

                               ∀𝑙, 𝑐, 𝑡 (13) 

To correctly calculate the wastes produced at the farm level it is necessary to 252 

take into account the limited availability of transport, aspect that have not been 253 

previously modelled in other models. Therefore, a minimum quantity of crops needs to 254 

be transported in order to use one truck, and the transported quantity cannot exceed the 255 

capacity of trucks (14). 256 

𝑐𝑎𝑝 · 𝑚𝑐 · 𝑁𝑙𝑡 ≤ ∑ 𝑇𝑙𝑐𝑡

𝑐

≤ 𝑐𝑎𝑝 · 𝑁𝑙𝑡            ∀𝑙, 𝑡 (14) 

All crops transported to retailers need to be sold or wasted in the same period of 257 

their transport since the business model under study does not allow to store perishable 258 

crops from one period to the following. With this, costs related to the workforce and 259 

facilities needed to the cold storage of perishable crops at retailers is eliminated. In 260 

addition, in order to reduce the quantity of wastes generated at markets, it is allowed to 261 
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settle crops in cases in which supply excess demand, which is a novelty of this model. 262 

Therefore, crops that arrive to markets are necessarily sold, settled, or wasted in the 263 

same period due to the limited shelf-life of crops and the business model implemented 264 

(15). 265 

∑ 𝑇𝑙𝑟𝑐𝑡

𝑙

= 𝑆𝑟𝑐𝑡 + 𝐺𝑟𝑐𝑡 + 𝑊𝑟𝑐𝑡                       ∀𝑟, 𝑐, 𝑡 (15) 

A minimum service level needs to be guaranteed when meeting demand (16). 266 

This ensures that a part of the demand fixed by the decision makers will be necessarily 267 

met for each crop in each retailer. The demand for each crop is also modelled as an 268 

uncertain parameter since it cannot be known in advance to the period of sales. 269 

∑ 𝑆𝑟𝑐𝑡

𝑡

≥ ∑ 𝑠𝑙𝑐 · �̃�𝑟𝑐𝑡

𝑡

                                  ∀𝑟, 𝑐 (16) 

In addition, in cases in which demand is higher than the supply, a part of the 270 

demand can be lost. So, the sum of sales and unmet demand for each crop, period and 271 

retailer should be equal to the demand of such crop. Thus, the unmet demand can only 272 

be produced in cases in which demand excess supply (18). 273 

𝑆𝑟𝑐𝑡 + 𝐵𝑟𝑐𝑡 = �̃�𝑟𝑐𝑡                                             ∀𝑟, 𝑐, 𝑡 (17) 

𝐵𝑟𝑐𝑡 ≤ �̃�𝑟𝑐𝑡 · 𝑌𝑟𝑐𝑡                                               ∀𝑟, 𝑐, 𝑡 (18) 

On the other hand, the demand for settled crops is limited by a percentage of the 274 

demand (19). The settlement of crops is only allowed in this business model in cases in 275 

which there is an oversupply of crops. 276 

𝐺𝑟𝑐𝑡 ≤ �̃�𝑟𝑐𝑡 · �̃�𝑟𝑐𝑡 · 𝑌𝑟𝑐𝑡                                     ∀𝑟, 𝑐, 𝑡 (19) 

Finally, the nature of decision variables is defined (20). 277 

𝐴𝑙𝑐𝑝 , 𝐻𝑙𝑐𝑡 , 𝑊𝐿𝑙𝑐𝑡 , 𝑇𝑙𝑐𝑡 , 𝑊𝑐𝑡 , 𝑆𝑐𝑡 , 𝐵𝑐𝑡 , 𝐺𝑐𝑡 , 𝐷𝑙 , 𝑃𝑅, 𝑃𝐿𝑙           𝐶𝑂𝑁𝑇𝐼𝑁𝑈𝑂𝑈𝑆,

𝑁𝑙𝑡                                                                                               𝐼𝑁𝑇𝐸𝐺𝐸𝑅          
𝑌𝑃𝑙𝑐𝑝                                                                                           𝐵𝐼𝑁𝐴𝑅𝑌             

 
(20) 
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2.3   Solution Method 278 

The methodology proposed by Jiménez et al. (2007) to transform a fuzzy model into an 279 

equivalent crisp model is used in this paper. We refer readers to the original paper 280 

(Jiménez et al., 2007) for more information about this method. In this paper, it is 281 

assumed that fuzzy parameters (�̃�) are characterized by triangular membership functions 282 

(�̃� = (𝑎1, 𝑎2, 𝑎3) that represent the most pessimistic, possible and optimistic values for 283 

the uncertain parameters (Mula et al. 2010), what is in concordance with the problem 284 

under study. The auxiliary crisp model is formulated as follows where parameter 𝛼 285 

represents the degree of feasibility for each solution and ranges between 0 and 1, being 286 

1 the value related to the highest degree of feasibility of a solution: 287 

𝑀𝑎𝑥 𝑍 = 𝑤𝐸𝐶 ·
𝑍𝐸𝐶

𝑍𝐸𝐶𝑚𝑎𝑥

− 𝑤𝐸𝑁𝑉 ·
𝑍𝐸𝑁𝑉

𝑍𝐸𝑁𝑉𝑚𝑎𝑥

− 𝑤𝑆𝑂𝐶 ·
𝑍𝑆𝑂𝐶

𝑍𝑆𝑂𝐶𝑚𝑎𝑥

 
(1) 

Subject to: 288 

(3)-(7), (10), (11), (13)-(15), (20)  

𝑍𝐸𝐶 = ∑ ∑ ∑ (
𝑠𝑝𝑟𝑐𝑡

1 + 2 · 𝑠𝑝𝑟𝑐𝑡
2 + 𝑠𝑝𝑟𝑐𝑡

3

4
· 𝑆𝑟𝑐𝑡 +

𝑔𝑝𝑟𝑐𝑡
1 + 2 · 𝑔𝑝𝑟𝑐𝑡

2 + 𝑔𝑝𝑟𝑐𝑡
3

4
· 𝐺𝑟𝑐𝑡             

𝑡𝑐𝑟

− 𝑏𝑐𝑟𝑐 · 𝐵𝑟𝑐𝑡) − ∑ ∑ ∑ 𝑝𝑐𝑐 ·

𝑝

𝐴𝑙𝑐𝑝

𝑐𝑙

− ∑ ∑ ∑ ∑ 𝑡𝑐𝑙𝑟𝑐 · 𝑇𝑙𝑟𝑐𝑡

𝑡𝑐𝑟𝑙

− ∑ ∑ ∑ 𝑐𝑐 · 𝑁𝑙𝑟𝑡

𝑡𝑟𝑙

 

(21) 

𝑃𝑅 = ∑ (∑ ∑ ∑ (
𝑜𝑝𝑟𝑐𝑡

1 + 𝑜𝑝𝑟𝑐𝑡
2 + 𝑜𝑝𝑟𝑐𝑡

2 + 𝑜𝑝𝑟𝑐𝑡
3

4
− 𝑡𝑐𝑙𝑟𝑐) · 𝑇𝑙𝑟𝑐𝑡

𝑡𝑐𝑟

− ∑ ∑ 𝑝𝑐𝑐 · 𝐴𝑙𝑐𝑝

𝑝𝑐𝑙

− ∑ ∑ 𝑐𝑐 · 𝑁𝑙𝑟𝑡

𝑡𝑟

) 

(22) 

𝑃𝐿𝑙 = ∑ ∑ ∑ (
𝑜𝑝𝑟𝑐𝑡

1 + 𝑜𝑝𝑟𝑐𝑡
2 + 𝑜𝑝𝑟𝑐𝑡

2 + 𝑜𝑝𝑟𝑐𝑡
3

4
− 𝑡𝑐𝑙𝑟𝑐) · 𝑇𝑙𝑟𝑐𝑡

𝑡𝑐𝑟

− ∑ ∑ 𝑝𝑐𝑐 · 𝐴𝑙𝑐𝑝

𝑝𝑐

− ∑ ∑ 𝑐𝑐 · 𝑁𝑙𝑟𝑡

𝑡𝑟

                                     ∀𝑙 

(23) 
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∑ [(1 −
𝛼

2
) · (

𝑦𝑐𝑝𝑡
1 + 𝑦𝑐𝑝𝑡

2

2
) + (

𝛼

2
) · (

𝑦𝑐𝑝𝑡
2 + 𝑦𝑐𝑝𝑡

3

2
)]

𝑝∈𝑃𝑐

· 𝐴𝑙𝑐𝑝 − 𝐻𝑙𝑐𝑡 ≤ 0      ∀𝑙, 𝑐, 𝑡 
(24) 

∑ [(1 −
𝛼

2
) · (

𝑦𝑐𝑝𝑡
2 + 𝑦𝑐𝑝𝑡

3

2
) + (

𝛼

2
) · (

𝑦𝑐𝑝𝑡
1 + 𝑦𝑐𝑝𝑡

2

2
)]

𝑝∈𝑃𝑐

· 𝐴𝑙𝑐𝑝 − 𝐻𝑙𝑐𝑡 ≥ 0      ∀𝑙, 𝑐, 𝑡 
(25) 

∑ 𝑆𝑟𝑐𝑡

𝑡

≥ ∑ [𝛼 ·
𝑑𝑟𝑐𝑡

2 + 𝑑𝑟𝑐𝑡
3

2
+ (1 − 𝛼) ·

𝑑𝑟𝑐𝑡
1 + 𝑑𝑟𝑐𝑡

2

2
] · 𝑠𝑙𝑐

𝑡

                           ∀𝑟, 𝑐 
(26) 

𝑆𝑟𝑐𝑡 + 𝐵𝑟𝑐𝑡 ≤ (
𝛼

2
) · (

𝑑𝑟𝑐𝑡
1 + 𝑑𝑟𝑐𝑡

2

2
) + (1 −

𝛼

2
) · (

𝑑𝑟𝑐𝑡
2 + 𝑑𝑟𝑐𝑡

3

2
)                        ∀𝑟, 𝑐, 𝑡 

(27) 

𝑆𝑟𝑐𝑡 + 𝐵𝑟𝑐𝑡 ≥ (
𝛼

2
) · (

𝑑𝑟𝑐𝑡
2 + 𝑑𝑟𝑐𝑡

3

2
) + (1 −

𝛼

2
) · (

𝑑𝑟𝑐𝑡
1 + 𝑑𝑟𝑐𝑡

2

2
)                        ∀𝑟, 𝑐, 𝑡 

(28) 

𝐵𝑟𝑐𝑡 ≤ [𝛼 ·
𝑑𝑟𝑐𝑡

1 + 𝑑𝑟𝑐𝑡
2

2
+ (1 − 𝛼) ·

𝑑𝑟𝑐𝑡
2 + 𝑑𝑟𝑐𝑡

3

2
] · 𝑌𝑟𝑐𝑡                                        ∀𝑟, 𝑐, 𝑡 

(29) 

𝐺𝑟𝑐𝑡 ≤ [𝛼 ·
𝑒𝑟𝑐𝑡

1 + 𝑒𝑟𝑐𝑡
2

2
+ (1 − 𝛼) ·

𝑒𝑟𝑐𝑡
2 + 𝑒𝑟𝑐𝑡

3

2
] · [𝛼 ·

𝑑𝑟𝑐𝑡
1 + 𝑑𝑟𝑐𝑡

2

2
+ (1 − 𝛼) ·

𝑑𝑟𝑐𝑡
2 + 𝑑𝑟𝑐𝑡

3

2
]

· 𝑌𝑟𝑐𝑡                 ∀𝑟, 𝑐, 𝑡 

(30) 

3   Computational experiments: Application to the Argentinean case study 289 

The UMO-SCPP  model was implemented in MPL® 5.0.8 and solved by using the 290 

solver GurobiTM 8.1.1 in a computer with an Intel® Xeon® CPU E5-1620 v2(C) 291 

@3.70GHz processor, with an installed capacity of 35GB and a 64-bits operating 292 

system. Microsoft Access Database was used to store input data and obtained results. 293 

The UMO-SCPP  model is solved for an Argentinean case study in which the 294 

determination of the final sales price for agricultural products depends on diverse 295 

factors such as the production, commercialization and consumption structure, the power 296 

of the actors implied in the price fixing, and the balance between supply and demand. 297 

Thus, the Argentinean government is implementing national policies prioritizing 298 

familiar farming, promoting direct commercialization channels, and boosting sales at 299 

major markets so that supply and demand at commercialization link have a greater level 300 

of concentration enabling farmers to not only be price takers. 301 
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In the considered case study, a set of farms located in the region of La Plata 302 

define the weekly crop planning for three varieties of tomato for the next year. All 303 

varieties share the same planting/harvest calendar (Figure 2). Demand and prices are 304 

extracted from the Buenos Aires Central Market webpage. The rest of data is gathered 305 

from interviews with Argentinean farming experts from the Universidad de La Plata. 306 

All data can be found at https://cigip.webs.upv.es/docs/CropPlanningData.ods. In case 307 

of fuzzy parameters, obtained data is used as the most possible values for their 308 

membership functions while the lower and upper bounds are obtained by varying these 309 

central values by 10%. 310 

Figure 2. Planting/Harvest calendar. 311 

 312 

The weights assigned to each objective differentiate between their importance 313 

(Song and Kang, 2016). When defining the weights assigned to the objectives that 314 

compose the global objective function, decision makers hardly know their preferences 315 

and how to quantify them (Mavrotas, 2009). The Analytic Hierarchy Process (AHP) 316 

(Saaty, 1990) facilitates this task by obtaining the relative importance of elements, in 317 

this case the objectives, from a subjective comparison of their importance. For that, a 318 

paired comparison of the objectives is done by using the scale proposed by Saaty (1990) 319 

that gives higher values to most relevant elements. The weight to be assigned to each 320 

objective is then calculated by dividing the sum of values assigned to each objective by 321 

the sum of all values of the comparison matrix. The comparison matrix and the obtained 322 

weight distribution for this case study are shown in Table 4. 323 

Table 4. Pairwise comparison matrix 324 

Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun    

              Planting 

              Harvest 

               

 

https://cigip.webs.upv.es/docs/CropPlanningData.ods
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 𝒁𝑬𝑪 𝒁𝑬𝑵𝑽 𝒁𝑺𝑶𝑪 𝒘𝒇 

𝒁𝑬𝑪 1 5 5 0.66 

𝒁𝑬𝑵𝑽 1/5 1 1/3 0.09 

𝒁𝑺𝑶𝑪 1/5 3 1 0.25 

The UMO-SCPP  model is solved for 11 α-cuts representing the degree of 325 

feasibility of the solution and for the weights’ distribution extracted from the AHP 326 

(TBL scenario). The model is also solved by assigning all the weight to the economic 327 

objective (economic scenario) to extract managerial insights from the comparation of 328 

results. Solutions obtained for the triple bottom line indicators (supply chain profits, 329 

wastes and unfairness among farms) by both scenarios are shown in Figures 3 to 5 330 

where the blue line correspond to the economic scenario where all weight is assigned to 331 

the supply chain profit and the orange line correspond to the TBL scenario that assigns 332 

weights to the three objectives of the global objective function. 333 

Figure 3. Results – Supply chain profits. 334 

  335 

Figure 4. Results – Wastes. 336 

  337 
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Figure 5. Results – Unfairness among farmers. 338 

 339 

From results obtained for the economic scenario, it is extracted that it obtains the 340 

best profits for the entire supply chain in all α-cuts. However, wastes associated with 341 

these profits are high and make up over 52% of the total harvest. In addition, the total 342 

profits obtained at the agricultural level are only distributed among the 30% of the 343 

farmers so that some farmers obtain losses (up to -22000 €/ha) while others obtain great 344 

profits (up to 25000 €/ha). This generates a great perception of unfairness among 345 

farmers, preventing them from collaborating and abiding the planning obtained with the 346 

centralized model. 347 

On the other hand, the TBL scenario that represents the new business model 348 

arising in the agri-food sector obtains lower profits to the economic scenario. However, 349 

this scenario shows improvements in terms of wastes and economic unfairness among 350 

farmers. In the case of wastes, these can account for 30% of the total harvest, which 351 

despite representing a high percentage shows a significant improvement with respect to 352 

the economic scenario. In this case, the profits at the agricultural level are distributed 353 

among all farmers, obtaining a minimum of 55 €/ha and a maximum of 2400 €/ha. 354 

Therefore, the feeling of fairness among farms is greatly benefited in the TBL scenario 355 

with respect to the economic scenario, making farmers more participatory and willing to 356 

implement the obtained planning. 357 
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Therefore, it is extracted from the comparison between the results obtained by 358 

both scenarios that the environmental and social aspects of sustainability can be highly 359 

improved in exchange for a slight decrease in the economic results. For example, by 360 

considering the proposed multi-objective approach, reducing the obtained profits at the 361 

economic scenario in an 8 to 9% leads to the reduction of the quantity of crops wasted (-362 

47% in average with regard to the economic scenario) and of the economic unfairness 363 

among farmers (-95% in average with regard the economic scenario). In addition, the 364 

reduction on the economic unfairness among farmers encourages them to comply with 365 

decisions made in a centralized way, avoiding the unwillingness to collaborate that is 366 

usually related to the centralization of the decision-making process.  367 

The values obtained for the models’ objectives per α-cut get worse for both 368 

scenarios as the degree of feasibility (α) of the solution increases. This is because the 369 

constraints with fuzzy parameters are more flexible when the feasibility degree decreases. 370 

Therefore, a balance between the satisfaction of the value obtained for each objective and 371 

the degree of feasibility of the solution should be made by decision makers in order to select 372 

the solution to be finally implemented in the real agri-food supply chain (Esteso et al., 373 

2018b). 374 

The solved model counted with 6,724 constraints and 6,181 variables from 375 

which 5,415 were continuous, 520 were integer and 246 were binary variables. Optimal 376 

solutions were found for all α scenarios with an average resolution time of 1.27 seconds. 377 

4   Conclusions 378 

A multi-objective model called UMO-SCPP to centrally define the crop planning for an 379 

agri-food supply chain under uncertain context is designed for a new business model. 380 

The UMO-SCPP model optimizes three objectives aligned to the triple bottom line. A 381 
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single objective is constructed by applying the weighted sum method and the weights 382 

distribution is defined with the AHP (TBL scenario) or by assigning all weight to 383 

economic objective (economic scenario). 384 

After analysing mathematical programming models to support crop planning 385 

while considering the crops demand, it was found that main novelties of this proposal 386 

are: i) modelling of a new business model, ii) collaboration among stakeholders of the 387 

same SC stage, iii) joint modelling of crop planning, harvest, transport and sales 388 

decisions, iv) modelling of the distribution of cargo into vehicles, v) settlement of 389 

overproduction to reduce wastes, supply chain losses and to ensure the freshness of sold 390 

crops, vi) multi-objective approach considering the three aspects of sustainability, vii) 391 

minimization of wastes as an environmental objective, viii) minimization of economic 392 

unfairness among farmers as a social objective, and ix) fuzzy modelling of parameters 393 

related to the yield, demand and prices of crops. 394 

Results show that optimizing environmental and social aspects of sustainability 395 

leads to crop planning with economic results similar to the obtained by only optimizing 396 

the economic objective. In addition, such solutions highly reduce the quantity of wastes 397 

along the supply chain, and the economic unfairness among the actors of the agri-food 398 

supply chain. Thus, the proposed model and its results contribute to the following 399 

Sustainable Development Goals (SDGs) from the United Nations: 2) Zero Hunger, 10) 400 

Reduced Inequalities, 12) Responsible consumption and production, and 17) 401 

Partnerships for the goals from the United Nations. 402 

The multi-objective approach considered in this paper based on the weighted 403 

sum method has some limitations for the implementation of results in the real agri-food 404 

supply chain. This results from the fact that the distribution of weights to objectives 405 

depends on the subjectivity of decision makers. In addition, the obtained solution can 406 
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only be the optimum for the defined weights distribution. To solve this, the UMO-SCPP  407 

model could be solved in the future with the ε-constraint method to obtain a set of non-408 

dominated solutions not influenced by the subjectivity of decision makers when 409 

defining the distribution of weights among objectives. In this case, a method to choose 410 

the most satisfactory solution for the supply chain should be defined. 411 
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agriculture production systems”, funded by the European Union’s research and innovation 414 

programme under the H2020 Marie Skłodowska-Curie Actions. 415 

References 416 

Adekanmbi, O., Olugbara, O., 2015. Multiobjective optimization of crop-mix planning 417 

using generalized differential evolution algorithm. J. Agric. Sci. Technol. 17, 418 

1103–1114. 419 

Ahumada, O., Rene Villalobos, J., Nicholas Mason, A., 2012. Tactical planning of the 420 

production and distribution of fresh agricultural products under uncertainty. Agric. 421 

Syst. 112, 17–26. https://doi.org/10.1016/j.agsy.2012.06.002 422 

Ahumada, O., Villalobos, J.R., 2011a. A tactical model for planning the production and 423 

distribution of fresh produce. Ann. Oper. Res. 190, 339–358. 424 

https://doi.org/10.1007/s10479-009-0614-4 425 

Ahumada, O., Villalobos, J.R., 2011b. Operational model for planning the harvest and 426 

distribution of perishable agricultural products. Int. J. Prod. Econ. 133, 677–687. 427 

https://doi.org/10.1016/j.ijpe.2011.05.015 428 

Albornoz, V.M., Véliz, M.I., Ortega, R., Ortíz-Araya, V., 2020. Integrated versus 429 

hierarchical approach for zone delineation and crop planning under uncertainty. 430 

Ann. Oper. Res. 286, 617–634. https://doi.org/10.1007/s10479-019-03198-y 431 



23 

 

Alemany, M.M.E., Grillo, H., Ortiz, A., Fuertes-Miquel, V.S., 2015. A fuzzy model for 432 

shortage planning under uncertainty due to lack of homogeneity in planned 433 

production lots. Appl. Math. Model. 39, 4463–4481. 434 

https://doi.org/10.1016/j.apm.2014.12.057 435 

Cid-Garcia, N.M., Ibarra-Rojas, O.J., 2019. An integrated approach for the rectangular 436 

delineation of management zones and the crop planning problems. Comput. 437 

Electron. Agric. 164, 104925. https://doi.org/10.1016/j.compag.2019.104925 438 

Darby-Dowman, K., Barker, S., Audsley, E., Parsons, D., 2000. A two-stage stochastic 439 

programming with recourse model for determining robust planting plans in 440 

horticulture. J. Oper. Res. Soc. 51, 83–89. 441 

https://doi.org/10.1057/palgrave.jors.2600858 442 

dos Santos, L.M.R., Costa, A.M., Arenales, M.N., Santos, R.H.S., 2010. Sustainable 443 

vegetable crop supply problem. Eur. J. Oper. Res. 204, 639–647. 444 

https://doi.org/10.1016/j.ejor.2009.11.026 445 

Dury, J., Schaller, N., Garcia, F., Reynaud, A., Bergez, J.E., 2012. Models to support 446 

cropping plan and crop rotation decisions. A review. Agron. Sustain. Dev. 32, 447 

567–580. https://doi.org/10.1007/s13593-011-0037-x 448 

Ertogral, K., Wu, S.D., 2000. Auction-theoretic coordination of production planning in 449 

the supply chain. IIE Trans. 32, 931–940. 450 

https://doi.org/10.1080/07408170008967451 451 

Esteso, A., Alemany, M.M.E., Ortiz, A., 2018a. Conceptual framework for designing 452 

agri-food supply chains under uncertainty by mathematical programming models. 453 

Int. J. Prod. Res. https://doi.org/10.1080/00207543.2018.1447706 454 

Esteso, A., Alemany, M.M.E., Ortiz, Á., Guyon, C., 2018b. A Collaborative Model to 455 

Improve Farmers’ Skill Level by Investments in an Uncertain Context, in: IFIP 456 



24 

 

Advances in Information and Communication Technology. pp. 590–598. 457 

https://doi.org/10.1007/978-3-319-99127-6_51 458 

Flores, H., Villalobos, J.R., 2018. A modeling framework for the strategic design of 459 

local fresh-food systems. Agric. Syst. 161, 1–15. 460 

https://doi.org/10.1016/j.agsy.2017.12.001 461 

Flores, H., Villalobos, J.R., Ahumada, O., Uchanski, M., Meneses, C., Sanchez, O., 462 

2019. Use of supply chain planning tools for efficiently placing small farmers into 463 

high-value, vegetable markets. Comput. Electron. Agric. 157, 205–217. 464 

https://doi.org/10.1016/j.compag.2018.12.050 465 

Forrester, R.J., Rodriguez, M., Forrester, R., Rodriguez, M.", 2018. An Integer 466 

Programming Approach to Crop Rotation Planning at an Organic Farm. UMAP J. 467 

38, 5–25. 468 

Handayati, Y., Simatupang, T.M., Perdana, T., 2015. Agri-food supply chain 469 

coordination: the state-of-the-art and recent developments. Logist. Res. 8, 1–15. 470 

https://doi.org/10.1007/s12159-015-0125-4 471 

Hasuike, T., Kashima, T., Matsumoto, S., 2018. Multiobjective crop planning 472 

considering optimal matching between retailers and farmers with contract. J. Adv. 473 

Mech. Des. Syst. Manuf. 12, 1–16. 474 

https://doi.org/10.1299/jamdsm.2018jamdsm0071 475 

Jiménez, M., Arenas, M., Bilbao, A., Rodríguez, M.V., 2007. Linear programming with 476 

fuzzy parameters: An interactive method resolution. Eur. J. Oper. Res. 177, 1599–477 

1609. https://doi.org/10.1016/j.ejor.2005.10.002 478 

Marler, R.T., Arora, J.S., 2010. The weighted sum method for multi-objective 479 

optimization: New insights. Struct. Multidiscip. Optim. 41, 853–862. 480 

https://doi.org/10.1007/s00158-009-0460-7 481 



25 

 

Mason, A.N., Villalobos, J.R., 2015. Coordination of perishable crop production using 482 

auction mechanisms. Agric. Syst. 138, 18–30. 483 

https://doi.org/10.1016/j.agsy.2015.04.008 484 

Mavrotas, G., 2009. Effective implementation of the ε-constraint method in Multi-485 

Objective Mathematical Programming problems. Appl. Math. Comput. 213, 455–486 

465. https://doi.org/10.1016/j.amc.2009.03.037 487 

Mula, J., Peidro, D., Poler, R., 2010. The effectiveness of a fuzzy mathematical 488 

programming approach for supply chain production planning with fuzzy demand. 489 

Int. J. Prod. Econ. 128, 136–143. https://doi.org/10.1016/j.ijpe.2010.06.007 490 

Mundi, M.I., Alemany, M.M.E., Poler, R., Fuertes-Miquel, V.S., 2016. Fuzzy sets to 491 

model master production effectively in Make to Stock companies with Lack of 492 

Homogeneity in the Product. Fuzzy Sets Syst. 293, 95–112. 493 

https://doi.org/10.1016/j.fss.2015.06.009 494 

Najafabadi, M.M., Ziaee, S., Nikouei, A., Ahmadpour Borazjani, M., 2019. 495 

Mathematical programming model (MMP) for optimization of regional cropping 496 

patterns decisions: A case study. Agric. Syst. 173, 218–232. 497 

https://doi.org/10.1016/j.agsy.2019.02.006 498 

Nguyen, T.-D., Venkatadri, U., Nguyen-Quang, T., Diallo, C., Adams, M., 2019. 499 

Optimization Model for Fresh Fruit Supply Chains: Case-Study of Dragon Fruit in 500 

Vietnam. AgriEngineering 2, 1–26. 501 

https://doi.org/10.3390/agriengineering2010001 502 

Ren, C., Li, Z., Zhang, H., 2019. Integrated multi-objective stochastic fuzzy 503 

programming and AHP method for agricultural water and land optimization 504 

allocation under multiple uncertainties. J. Clean. Prod. 210, 12–24. 505 

https://doi.org/10.1016/j.jclepro.2018.10.348 506 



26 

 

Saaty, T.L., 1990. How to make a decision: The analytic hierarchy process. Eur. J. 507 

Oper. Res. 48, 9–26. https://doi.org/10.1016/0377-2217(90)90057-I 508 

Simatupang, T.M., Sridharan, R., 2005. The collaboration index: A measure for supply 509 

chain collaboration. Int. J. Phys. Distrib. Logist. Manag. 35, 44–62. 510 

https://doi.org/10.1108/09600030510577421 511 

Song, B., Kang, S., 2016. A Method of Assigning Weights Using a Ranking and 512 

Nonhierarchy Comparison. Adv. Decis. Sci. 2016, 1–9. 513 

https://doi.org/10.1155/2016/8963214 514 

Stadtler, H., 2009. A framework for collaborative planning and state-of-the-art. OR 515 

Spectr. 31, 5–30. https://doi.org/10.1007/s00291-007-0104-5 516 

United Nations, 2019. The sustainable development goals report 2019. United Nations 517 

Publ. issued by Dep. Econ. Soc. Aff. 64. 518 

Villa, G., Adenso-Díaz, B., Lozano, S., 2019. An analysis of geographic and product 519 

diversification in crop planning strategy. Agric. Syst. 174, 117–124. 520 

https://doi.org/10.1016/j.agsy.2019.05.006 521 

Zaraté, P., Alemany, M., del Pino, M., Esteso, A., Camilleri, G., 2019. How to Support 522 

Group Decision Making in Horticulture: An Approach Based on the Combination 523 

of a Centralized Mathematical Model and a Group Decision Support System, in: 524 

Lecture Notes in Business Information Processing. pp. 83–94. 525 

https://doi.org/10.1007/978-3-030-18819-1_7 526 

 527 


