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ABSTRACT 
Efficient crop planning is very important in agriculture because farmers need to allocate limited resources such as 

land, labour, and budget while facing uncertainty in crop yield, demand, and prices. In this research, deterministic 

and stochastic programming models are developed to determine the optimal land allocation and crop production 

plan that maximizes farmers’ profit while meeting food scarcity. All parameters in the deterministic models are 

certain. To address the uncertain parameters, a 2-stage stochastic programming model is developed where the land 

allocation, demand, selling, and purchasing decisions are considered as uncertain. Primary data are collected from 

direct interviews with the farmers to validate the model. Secondary data collected from the Bangladesh Bureau of 

Statistics (BBS) Yearbook 2023 are also used. Uncertainty is analysed through a stochastic model with 4 

scenarios. Both models are implemented and solved using the AMPL programming language. A comparative 

analysis indicates that although the deterministic model yields higher profit under fixed conditions, the stochastic 

model provides more robust and reliable decisions by incorporating uncertainty. Therefore, the proposed 

stochastic crop planning model can serve as an effective decision-support tool for farmers to manage agricultural 

risks and improve overall farm profitability. 

                                                                              

                                                                                            © 2026 Published by Bangladesh Mathematical Society 

Received: March 22, 2026  Accepted: June 13, 2026  Published Online: June 30, 2026 

Keywords: stochastic crop planning; stochastic programming; land allocation; scenario analysis. 

 
*Corresponding Author. Email Address: asaduzzamandu96@gmail.com  

1. Introduction 

Worldwide agricultural production plays a central role in ensuring food security, economic development, and rural 

livelihoods. Global demand for food continues to rise due to population growth, urbanization, and evolving 

consumption patterns, exerting increasing pressure on agricultural systems to enhance productivity while 

balancing environmental and economic goals [1,2]. However, agricultural systems face significant challenges due 

to climatic variability, soil degradation, pest outbreaks, and market fluctuations, which can drastically affect crop 

yields and farm incomes [3,4]. In countries like Bangladesh, where agriculture contributes significantly to the 

economy and employs a large share of the workforce, the adoption of modern agricultural machinery is crucial 

for improving productivity and reducing labour dependency. However, farmers often face challenges such as 

limited financial resources, small landholdings, and inadequate access to mechanization services, which restrict 

the widespread adoption of modern farming technologies [5]. Islam et al. show that conservation agriculture 

practices can enhance crop yields and water productivity, contributing to sustainable agricultural intensification 

for smallholders [6]. 

Traditional farm decisions are frequently based on experience or reactive responses rather than structured planning 

techniques, leading to overproduction, underproduction, and financial losses. Overproduction can saturate markets 

and depress prices, while underproduction can exacerbate food shortages and elevate prices, adversely affecting 

both farm profitability and consumer welfare [5,7]. These patterns highlight the importance of decision support 

tools that incorporate both economic objectives and real-world uncertainties. 

Linear programming (LP) has been widely used in agricultural planning to allocate scarce resources under 

deterministic assumptions. Hazell et al. illustrate how LP models can optimize economic decisions in agriculture 

by incorporating cost structures and production constraints [7]. Sorin demonstrated the utility of linear 

programming in farm planning models to optimize crop structure and maximize income in vegetable agricultural 
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farms [8]. Rajni et al. show how linear programming can support crop mix decisions, highlighting its practical 

value in real-world farm planning scenarios [9]. 

Birge et al. provide a comprehensive foundation for SP, detailing how uncertainty can be modelled using scenarios 

and probability distributions [10]. Shapiro et al. further develop the theory and computational aspects of SP, 

highlighting its applicability in planning problems where recourse actions are key [11]. Stochastic programming 

extends traditional optimization by incorporating uncertainty in parameters such as demand, prices, or yields. 

Accounting for this uncertainty allows for more robust and risk-aware decisions, with applications in agriculture, 

finance, and energy planning [10,11]. Applied studies show that SP can outperform deterministic models, 

especially in environments with high variability. Hardaker et al. review alternative programming models for farm 

planning under uncertainty, showing how stochastic, fuzzy, and chance-constrained approaches help farmers 

make decisions that balance expected returns with risk from variable yields, prices, and input availability [12]. 

Itoh et al. address the limitations of traditional linear programming in crop planning by incorporating uncertainty 

in profit coefficients caused by factors such as future weather. Their model treats these uncertain elements as both 

fuzzy and random variables, enabling farmers to make more informed and resilient decisions under variable 

agricultural conditions [13]. Ouattara et al. demonstrate that stochastic optimization can guide land allocation 

between annual and perennial crops, helping risk-averse farmers make decisions that balance income potential 

and production risk [14]. Backus et al. highlight how decision-making tools under risk and uncertainty can assist 

farmers in choosing optimal strategies, improving farm efficiency and reducing potential losses [15]. Nuthall 

emphasizes that enhancing farmers’ managerial ability through psychological insights can improve decision-

making, resource use, and overall farm performance [16]. Empirical analysis by Haile et al. demonstrates how 

international price changes and volatility influence farmers’ acreage allocation and yield decisions for major crops 

such as wheat, rice, corn, and soybeans. Their dynamic panel data results highlight that higher prices encourage 

production expansion, while increased price volatility discourages farmers from making larger production 

investments due to uncertainty [17]. Müller et al. explore uncertainties in global crop yield projections using a 

large ensemble of crop models combined with CMIP5 and CMIP6 climate scenarios. The study shows that 

variations in climate models, emission pathways, and crop model structures contribute significantly to uncertainty 

in future global crop yield projections under climate change [18]. Schlenker et al. investigate the nonlinear effects 

of temperature on U.S. crop yields using historical yield and weather data. The study demonstrates that extreme 

heat events cause disproportionately large reductions in yields, indicating that climate change could severely 

damage U.S. corn and soybean production [19]. Gao et al. propose a general framework for sustainable supply 

chain design that integrates life cycle optimization with two-stage stochastic programming to account for both 

economic and environmental objectives under uncertainty. Their stochastic mixed-integer linear fractional 

programming (SMILFP) model addresses uncertainties in feedstock supply and product demand, and an efficient 

solution algorithm using a parametric and multi-cut L-shaped decomposition method is demonstrated through a 

county-level hydrocarbon biofuel supply chain case study in Illinois [20]. Rockafellar et al. introduce the concept 

of Conditional Value-at-Risk (CVaR) as a coherent risk measure applicable to general loss distributions, providing 

a more robust assessment of extreme losses compared to traditional Value-at-Risk (VaR) approaches [21]. Ahmed 

et al. present the Sample Average Approximation (SAA) method as an effective approach for solving stochastic 

programs with integer recourse, providing a practical way to approximate solutions under uncertainty while 

maintaining computational tractability [22]. Shapiro discusses how stochastic programming problems involve 

optimizing an expected value function that cannot be computed exactly and must be approximated, often using 

Monte Carlo sampling. He highlights the Sample Average Approximation (SAA) method as a practical and 

efficient approach for estimating expectations and solving stochastic programming problems in real-world 

applications [23]. Olsson et al. highlight the use of Latin Hypercube Sampling (LHS) as an efficient technique for 

structural reliability analysis, enabling more accurate estimation of failure probabilities with fewer simulations 

compared to traditional Monte Carlo methods [24]. Ashofteh et al. assess streamflow simulation and transition 

probabilities under future climate change scenarios, demonstrating how hydrological models can project changes 

in water availability and inform adaptive water resource management strategies [25]. Lee et al. analysed agro-

economic time series from South Korea to show how fluctuations in crop prices and yields influence farmers’ 

crop selection decisions, highlighting the importance of integrating economic and production uncertainties into 

agricultural planning [26]. Biswas et al. demonstrate that fuzzy goal programming can be applied to agricultural 

land use planning, enabling decision-makers to balance multiple, often conflicting objectives under uncertainty 

for more effective resource allocation [27]. Charnes et al. introduce chance-constrained programming as a method 

to handle uncertainty in optimization problems, allowing constraints to be satisfied with a specified probability 

and supporting more robust decision-making under risk [28]. Ben-Tal et al. present robust convex optimization 

as a framework for making optimization decisions that remain feasible under data uncertainty, enhancing solution 

reliability and performance in uncertain environments [29]. Bertsimas et al. explore robust optimization theory 

and its applications, demonstrating how optimization models can account for uncertainty in parameters to produce 

solutions that are reliable and effective across a range of possible scenarios [30]. 

Despite the rich literature on uncertainty modelling and optimization, many existing studies rely on synthetic or 
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aggregated data rather than real farm-level information, limiting their applicability to individual farmers’ 

decisions. Integrating primary data collected through farmer interviews with secondary national statistics, such as 

those provided by the Bangladesh Bureau of Statistics Yearbook, enhances the relevance and practical utility of 

optimization models [2,31]. Nusser et al. emphasize that proper sampling and data collection methods are essential 

for obtaining reliable and representative agricultural survey data. Their research highlights how careful design 

and estimation techniques reduce bias and improve the accuracy of farm-level analysis for research and policy 

decisions [32]. Risk metrics such as the Value of the Stochastic Solution (VSS) and the Expected Value of Perfect 

Information (EVPI) have also been developed to quantify the value of accounting for uncertainty in optimization 

models. VSS measures the improvement in expected outcomes when uncertainty is incorporated compared to 

using a deterministic expected-value solution. EVPI estimates the theoretical value of knowing future states with 

certainty, providing an upper bound on the benefit achievable through uncertainty resolution [10,11]. Bai et al. 

illustrate how stochastic and deterministic models can be compared in agricultural production networks by 

examining differences in model behaviour and performance metrics under uncertainty, highlighting the 

advantages of stochastic approaches for capturing variability in agricultural systems [33]. 

The remainder of this study is organized as follows: the problem statement as well as the deterministic model and 

two-stage stochastic model are explained in Section 2. The computational results and analysis are presented in 

Section 3. Finally, conclusions and further research directions are discussed in Section 4. 

 

2. Model formulation 

This section presents the formulation of both the deterministic and stochastic programming models for crop 

planning. The two approaches differ primarily in the way they handle uncertainty in key parameters such as crop 

yield, demand, and selling or purchasing prices. 

In the deterministic model, all parameters and decision variables are treated as fixed inputs. While this simplifies 

the modeling process and enables straightforward optimization, it has limited practical applicability because it 

does not account for the inherent variability and uncertainty in agricultural production. Consequently, solutions 

obtained from deterministic models may be less robust under real-world conditions and may fail to maximize 

profit when unexpected changes occur. 

In contrast, the stochastic programming model explicitly incorporates uncertainty into the decision-making 

process. Some key variables are considered scenario-dependent random variables. By accounting for multiple 

possible outcomes and their associated probabilities, the stochastic model provides a more realistic and risk-aware 

framework for crop planning. This approach enables the farmer to make decisions that are robust to variability, 

minimizing potential losses and improving expected profitability under uncertain conditions. 

The deterministic model serves as a baseline approach, while the stochastic model captures the dynamic and 

uncertain nature of agricultural production, providing more reliable and practical decision support for optimal 

resource management. 

2.1 Problem statement 

In agricultural production planning, farmers must decide how much land to allocate to each type of crop at the 

beginning of the planning period. These decisions are challenging because the key factors such as crop yield, 

market demand, and purchasing prices are intrinsically uncertain. The optimal strategy depends on multiple 

uncertain parameters, including variability in weather, market fluctuations, and production costs. 

2.2 Mathematical notation 

The mathematical notations used in the crop planning model are summarized in Table 1. The notations define the 

sets, parameters, and decision variables required to formulate the objective function and constraints. 

Table 1: Notations for the deterministic model 

Sets (subscripts): 

i 1, 2, …, I Crop index 

Parameters: 

L  Total available land (decimal) 

M  Total budget (Tk) 

LH  Total labor (hour) 

𝑑𝑖 Demand of crop i per kg 

𝑝𝑥𝑖
  Purchase cost of crop i per kg 

𝑐𝑥𝑖
  Production cost for crop i per decimal 

𝑦𝑥𝑖
  Yield per decimal (kg) 

𝐿𝑥𝑖
  Labor hour needed for crop i per decimal 

𝑠𝑠𝑖
 Selling price of crop i per kg 

Decision Variables: 

𝑥𝑖  Decimal of land devoted to crop i 

𝑝𝑖   Purchasing amount of crop i (kg) 
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𝑠𝑖 Selling amount of crop i (kg) 

2.3 Deterministic model 

In the proposed deterministic crop planning model, all parameters are assumed to be known with certainty. That 

is, yields, demands, selling prices, purchase prices, labour availability, land, and budget are considered fixed and 

predictable.  

The following assumptions are made in the deterministic model: 

• No initial inventory: It is assumed that the farmer starts with zero stock of any crop at the beginning of 

the planning period. 

• Resource limitations: Both land and labour are considered limited resources. Production is constrained 

by available land, labour hours, and the associated production costs. These resources are shared across 

all crops, and the model ensures that allocation does not exceed available capacity. 

Under these assumptions, the deterministic model simplifies the stochastic crop planning problem into a single-

scenario optimization, where the profit-maximizing land allocation, production, and purchasing decisions can be 

determined with certainty. 

2.3.1 Objective function 

The objective of the proposed crop planning model is to maximize the farmer’s total profit by taking into account 

selling price, purchasing costs, and production costs. Each term of the objective function represents a distinct 

component of the overall profit. 

Total Selling Price: 

Firstly, the total revenue earned from selling crops is ∑ 𝑠𝑖 ∗ 𝑠𝑠𝑖

𝐼
𝑖=1 . This component captures the primary source of 

income for the farmer, reflecting how the harvested crops translate into monetary returns. By maximizing this 

term, the model encourages allocation of land to crops that have high revenue potential, taking into account both 

crop yield and market price. 

Total Purchasing Price: 

Secondly, the cost incurred to purchase crops to meet demand that exceeds the farmer’s own production is 

∑ 𝑝𝑖 ∗ 𝑝𝑥𝑖

𝐼
𝑖=1  . This term ensures that the model incorporates additional expenditures required to satisfy crop 

demand. It discourages over-reliance on market purchases, encouraging the farmer to produce sufficient quantities 

on their own land whenever feasible. 

Total Production Cost: 

Thirdly, the cost of producing each crop on the allocated land is  ∑  𝑥𝑖 ∗ 𝑐𝑥𝑖

𝐼
𝑖=1 . This term ensures that the model 

accounts for the resources and expenses associated with land cultivation. By including production cost, the 

objective function encourages efficient allocation of land, focusing on crops that provide higher net returns relative 

to their production cost. 

The objective function can be interpreted as the net profit of the farming process, and considering all three 

components, it can be expressed as: 

max z = total selling revenue – total purchasing cost – total production cost 

              = ∑ [𝑠𝑖 ∗ 𝑠𝑠𝑖
− 𝑝𝑖 ∗ 𝑝𝑥𝑖

− 𝑥𝑖 ∗ 𝑐𝑥𝑖

𝐼
𝑖=1 ] 

The model maximizes the difference between expected revenues and total costs, thereby providing an optimal 

land allocation strategy. 

2.3.2 Constraints 

The proposed crop planning model is subject to several practical and economic constraints that ensure feasibility 

and realism in the allocation of resources. Each set of constraints reflects a physical, financial, or agronomic 

limitation in the production process. The following constraints are considered in the proposed model: 

Land constraints: ∑ 𝑥𝑖 ≤ 𝐿𝐼
𝑖=1                                                                                                                  (1) 

This constraint ensures that the total area allocated to all crops does not exceed the available land L. Land is a 

limited resource, and improper allocation can lead to infeasible production plans. By including this constraint, the 

model enforces that cropping decisions remain within the physically available land. 

Demand constraints: 𝑥𝑖 ∗ 𝑦𝑥𝑖
+ 𝑝𝑖 − 𝑠𝑖 ≥ 𝑑𝑖 , 𝑖 = 1,2,3, … ,13                                                                (2) 

This constraint ensures that the total available quantity of each crop-consisting of production from allocated land 

and market purchases, minus the quantity sold-is sufficient to meet the required demand, 𝑑𝑖. Including this 

constraint ensures that the farmer meets crop demand under realistic production conditions, preventing shortages. 

Cost constraints: ∑ 𝑝𝑖 ∗ 𝑝𝑥𝑖
 𝐼

𝑖=1 +  ∑ 𝑥𝑖 ∗ 𝑐𝑥𝑖

𝐼
𝑖=1 ≤ 𝑀                                                                              (3) 

The total cost of production and purchasing must not exceed the available budget M. The production cost includes 

all expenses associated with cultivating the crops, while the purchasing cost covers additional crop requirements. 

This constraint reflects the financial limitations of the farmer, ensuring that the cropping plan is affordable and 

within budget. It also prevents overproduction that could exceed financial capacity, which may reduce 

profitability. 

Labor constraints: ∑ 𝑥𝑖 ∗ 𝐿𝑥𝑖
≤ 𝐿𝐻𝐼

𝑖=1                                                                                                     (4) 

Agricultural production is labour-intensive, and the demand for labour increases during the production period. 
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This constraint ensures that the total labour required for all crops does not exceed the available labour hours LH. 

Including labour constraints reflects practical operational limits, preventing infeasible cropping plans due to 

labour shortages. 

Upper Bound on land allocation: 𝑥𝑖 ≤ 𝑈𝑝, 𝑖 = 1,2,3, … , 𝐼                                                                    (5) 

Certain crops cannot be cultivated beyond specific land limits due to agronomic, environmental, or operational 

considerations. For example, some crops may require special soil conditions, irrigation, or management practices 

that restrict maximum cultivation area. This constraint also prevents excessive production, which could lower 

market selling prices due to oversupply. 

Non-negativity Constraints: 𝑥𝑖 , 𝑝𝑖 , 𝑠𝑖 ≥ 0 for  𝑖 = 1,2,3, … , 𝐼                                                                (6) 

All decision variables are required to be non-negative, reflecting that negative land allocation, crop purchase, or 

sales quantities are not feasible in practice. This constraint ensures that the model only produces realistic and 

implementable cropping plans. 

This framework provides a comprehensive and balanced approach, allowing the farmer to maximize net profit 

while efficiently managing resources and mitigating the risks associated with production and market uncertainties. 

2.4 Two-stage stochastic programming model 

To address uncertainty in agricultural production planning, a two-stage SP model is developed. The model 

determines the optimal land allocation for different crops while considering uncertain demand, yield, purchasing 

prices, and selling prices under multiple scenarios. The decision process is divided into two stages: first-stage 

decisions, which are made before the realization of uncertainty, and second-stage recourse decisions, which are 

made after the uncertain parameters are observed [10,11].  

Table 2: Notations for the SP model 

Sets (subscripts): 

i 1, 2, …, I Crop index 

𝑠′ 1, 2, …, 𝑆′ Scenario index 

Parameters: 

L  Total available land (decimal) 

M  Total budget (Tk) 

LH  Total labor (hour) 

𝑑𝑖,𝑠′ Demand of crop i per kg at each scenario 𝑠′ 

𝑝𝑥𝑖,𝑠′   Purchase cost of crop i per kg at each scenario 𝑠′ 

𝑐𝑥𝑖
  Production cost for crop i per decimal 

𝑦𝑥𝑖,𝑠′   Yield per decimal (kg) at each scenario 𝑠′ 

𝐿𝑥𝑖
  Labor hours needed for crop i per decimal 

𝑠𝑠𝑖,𝑠′ Selling price of crop i per kg at each scenario 𝑠′ 

𝜋𝑠′      Probability at each scenario 𝑠′ 

Decision Variables: 

𝑥𝑖  Decimal of land devoted to crop i 

𝑝𝑖,𝑠′  Purchasing amount of crop i (kg) at each scenario 𝑠′ 

𝑠𝑖,𝑠′ Selling amount of crop i (kg) at each scenario 𝑠′ 

2.4.1 Objective function of the 2-stage SP model 

The objective of the SP model is to maximize the total profit, which is defined as the total selling revenue minus 

the purchasing cost and production cost with realization 𝑠′=1, 2, …, 𝑆′. The corresponding probability at each 

realization is 𝜋𝑠′ ≥ 0 and  ∑  𝜋𝑠′ = 1𝑆′

𝑠′=1 . Then, 

max z = ∑ 𝜋𝑠′ ∑ 𝑠𝑖,𝑠′ ∗ 𝑠𝑠𝑖,𝑠′  𝐼
𝑖=1

𝑆′

𝑠′=1 − ∑ 𝜋𝑠′ ∑ 𝑝𝑖,𝑠′ ∗ 𝑝𝑥𝑖,𝑠′
𝐼
𝑖=1

𝑆′

𝑠′=1 − ∑  𝑥𝑖 ∗ 𝑐𝑥𝑖

𝐼
𝑖=1   

The first term represents the total revenue obtained from selling crops, the second term denotes the total 

purchasing cost of crops, and the third term represents the total production cost associated with land allocation 

decisions. 

2.4.2 Constraints of the 2-stage SP model 

The first-stage decisions correspond to strategic planning choices made before the realization of uncertain 

parameters. In this stage, the decision maker determines the amount of land allocated to each crop. 

Let 𝑥𝑖  denote the amount of land (in decimal) allocated to crop i, where i=1,2,…,I. These decisions incur 

production costs and utilize limited resources such as land and labor. 

The following constraints must be satisfied, which are similar to a deterministic programming model. 

 Land constraints: ∑ 𝑥𝑖 ≤ 𝐿𝐼
𝑖=1                                                                                                    (7) 

Labor constraints: ∑ 𝑥𝑖 ∗ 𝐿𝑥𝑖
≤ 𝐿𝐻𝐼

𝑖=1                                                                                       (8) 

Upper Bound Constraints: 𝑥𝑖 ≤ 𝑈𝑝, 𝑖 = 1,2,3, … , 𝐼                                                                (9) 

Second-stage decision (Recourse actions): 

After the realization of uncertainty, represented by scenario 𝑠′ , the farmer observes the values of uncertain 
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parameters. Based on these realized values, the farmer makes recourse decisions to balance supply and demand. 

The production quantity of crop i under scenario 𝑠′ depends on the allocated land and scenario-dependent yield: 

Production at each scenario = 𝑥𝑖 ∗ 𝑦𝑥𝑖,𝑠′ 

For each crop and scenario, total available supply must satisfy the demand. 

 Demand constraints: 𝑥𝑖 ∗ 𝑦𝑥𝑖,𝑠′ + 𝑝𝑖,𝑠′ − 𝑠𝑖,𝑠′ ≥ 𝑑𝑖,𝑠′ ;                                                            (10) 

                                                      𝑖 = 1,2,3, … , 𝐼;  𝑠′ = 1,2,3, … , 𝑆′  

The total expenditure consisting of production cost and purchasing cost cannot exceed the available budget M. 

 Cost constraints: ∑ ∑ 𝑝𝑖,𝑠′ ∗ 𝑝𝑥𝑖,𝑠′
𝐼
𝑖=1

𝑆′

𝑠′=1 + ∑  𝑥𝑖 ∗ 𝑐𝑥𝑖

𝐼
𝑖=1 ≤ 𝑀;                                             (11) 

Non-Negativity Constraints: 

All decision variables must be non-negative. 

𝑥𝑖 , 𝑝𝑖,𝑠′ , 𝑠𝑖,𝑠′ ≥ 0 for  𝑖 = 1,2,3, … , 𝐼;  𝑠′ = 1,2,3, … , 𝑆′                                                                        (12) 

 

3. Case study 

To illustrate and validate the proposed models, a case study is conducted based on a crop production planning 

problem of a farmer in Bangladesh. Agricultural production planning is highly influenced by uncertain factors 

such as crop yield, demand for the crop, and price fluctuations. Therefore, farmers must carefully allocate their 

limited resources, such as land, labor, and budget, to maximize profit while managing these uncertainties. 

In the considered case study, a farmer has a fixed amount of cultivable land, available labor hours, and a limited 

production budget. The farmer plans to cultivate several types of crops during a single production season. At the 

beginning of the planning period, the farmer must decide how much land should be allocated to each crop. 

However, the actual yield of crops, demand, selling price, and purchasing price may vary due to weather 

conditions, market fluctuations, and other external factors. 

The crops produced by the farmer can either be sold in the market to generate revenue or used to satisfy the 

farmer’s own demand. If the farmer’s production is insufficient to meet the demand, additional quantities of crops 

may be purchased from the market, which increases the total cost. On the other hand, if production exceeds 

demand, the surplus crops may be sold in the market, contributing to additional profit. 

The deterministic model assumes that all parameters such as yield, demand, and prices are known with certainty. 

However, in reality these parameters are uncertain, and therefore a stochastic programming approach is applied 

to incorporate multiple scenarios representing possible realizations of these uncertain parameters. 

The case study demonstrates how the proposed deterministic and stochastic models can support efficient 

agricultural production planning and resource allocation under uncertainty. 

3.1 Data sources 

The data used in this study were collected from both primary and secondary sources to ensure the reliability and 

applicability of the proposed crop planning model. 

First, primary data were obtained through direct interviews with local farmers. These interviews provided practical 

information related to crop production, such as land allocation, labor requirements, production costs, and other 

relevant farming practices. The information collected from the farmers reflects the real agricultural production 

environment and decision-making behavior at the farm level. The primary data collected from the interviews are 

presented in Table 3. The total available land, L= 700 decimal; total budget, M = 657970 Tk; total labor hours, 

LH = 1840 hours. In addition to the primary data, secondary data were obtained from the Yearbook of Agricultural 

Statistics 2023 published by the Bangladesh Bureau of Statistics [31]. This publication provides reliable and 

nationally recognized statistical information related to agricultural production and market prices. In this research, 

the statistical data were used to supplement and validate the collected field data. The crop production data obtained 

from this source are presented in Table 4. Furthermore, Table 5 presents the national average market price obtained 

by farmers, which is also collected from the same statistical yearbook [31]. These prices represent the average 

selling price received by farmers in the national market, and they are used in the model to estimate the potential 

revenue from crop sales. By integrating field-level primary data with official national statistical data, the dataset 

used in this study provides both practical relevance and statistical reliability, which strengthens the validity of the 

deterministic and stochastic crop planning models developed in this research. The upper-bound constraints data 

are represented by equation (13). 

Upper Bound Constraints: 𝑥1, 𝑥13 ≤ 200; 𝑥2, … , 𝑥8, 𝑥11, 𝑥12 ≤ 50; 𝑥9, 𝑥10 ≤ 100;                                         (13) 

 

 

 

 

 

 

 

 



Asaduzzaman/ GANIT J. Bangladesh Math. Soc.46.1 (2026) 001–018 7 

Table 3: Primary data 
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Table 4: Summary of crop production and cultivated area 

Serial 

no. 
Crops name year 

Area 

‘000’ 

Acres 

Production 

‘000’ Metric 

Tons 

1  Potato 2022-23 1125 10432 

2  Tomato  2022-23 77 469 

3  Brinjal  2022-23 86.4 445.8 

4  Cauliflower 2022-23 56.4 343.8 

5  Cabbage  2022-23 53.5 422.3 

6  Radish  2022-23 67.4 340.7 

7  Different other vegetables 2022-23 138 666.4 

8  Pepper 2022-23 240 662 

9  Wheat 2022-23 783 1170 

10  Maize 2022-23 1227 4563 

11  Bottle gourd  2022-23 49.7 284.3 

12  Onion 2022-23 503 2547 

13  Pumpkin 2022-23 44.9 227 

 

Table 5: Harvest time market price of each crop 

         2022-2023 (100kg/100 pieces/80 pieces/per Tk) 

Serial no. Product Name Annual 

Average 

1 Potato 2320 

2 Tomato 4834 

3 Brinjal 2898 

4 Cauliflower 2456 

5 Cabbage 1744 

6 Radish 1935 

7 Other Vegetables 2500 

8 Pepper 32241 

9 Wheat 4552 

10 Maize 3204 

11 Bottle Gourd 2489 

12 Onion 3621 

13 Pumpkin 2238 

 

3.2 Scenario generation 

In agricultural production planning, several critical parameters like crop yield, demand, selling price, and 

purchasing price are uncertain due to weather variability, pests, and market fluctuations. To consider this 

uncertainty, a scenario-based SP approach is employed where each scenario represents a possible realization of 

these uncertain parameters, capturing the variability in production and market conditions. In this SP model, 4 

types of scenarios are considered, which are the following: 

• Average value: the typical expected level. 

• 10% above average: a moderately favorable condition with slightly higher yield, demand, or price. 

• 10% below average: a moderately unfavorable condition with slightly lower yield, demand, or price. 

• 40% below average: a highly unfavorable condition representing extreme adverse events, such as poor 

weather, low market demand, or price drops. 

These 4 scenarios are applied to crop yield. 𝑦𝑥𝑖
farmer own demand 𝑑𝑖, selling price 𝑠𝑠𝑖

and purchasing price 𝑝𝑥𝑖
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to generate a comprehensive set of possible outcomes. 

The scenario probabilities are assigned based on expert judgment using primary data from farmer interviews. 

These scenarios allow the stochastic model to evaluate the expected profit under different conditions and support 

decision-making that is robust against variability in yield, demand, and market prices. 

3.3 Deterministic model results and analysis for primary data 

The deterministic crop planning model was solved using the AMPL programming language, assuming that all 

parameters are known with certainty. The model was solved using primary data collected directly from farmer 

interviews, which reflects real agricultural practices and decision-making. The solution provides the optimal 

allocation of land, purchasing, and selling amounts for each crop to maximize the total profit. The optimal 

objective function value for this deterministic case is z = 739,956 Tk. 

The results for land allocation 𝑥𝑖, purchasing amount 𝑝𝑖 , and selling amount 𝑠𝑖 for each crop are summarized in 

Table 6: 

Table 6: Solution of the deterministic model using primary data 

Land allocation(decimal) Purchasing amount(kg) Selling amount(kg) 

𝑥1 = 200 𝑝1 = 0 𝑠1 = 22300 

𝑥2 = 50 𝑝2= 0 𝑠2 = 6975 

𝑥3 = 0 𝑝3 = 30 𝑠3 = 0 

𝑥4 = 0 𝑝4= 20 𝑠4 = 0 

𝑥5 = 0 𝑝5= 18 𝑠5 = 0 

𝑥6 = 0 𝑝6 = 15 𝑠6 = 0 

𝑥7 = 0.5 𝑝7 = 0 𝑠7 = 0 

𝑥8 = 50 𝑝8 = 0 𝑠8 = 635 

𝑥9 = 100 𝑝9 = 0 𝑠9 = 1580 

𝑥10 = 100 𝑝10 = 0 𝑠10 = 6390 

𝑥11 = 0 𝑝11 = 15 𝑠11 = 0 

𝑥12 = 13.7474 𝑝12 = 0 𝑠12 = 409.916 

𝑥13 = 185.753 𝑝13 = 0 𝑠13 = 14845.2 

 

Land Allocation 

• Potato (200 decimals) and pumpkin (185.753 decimals) receive the largest land allocation, reflecting 

their high contribution to profit per unit of land. 

• Tomato (50 decimals), pepper (50 decimals), wheat (100 decimals), maize (100 decimals), and onion 

(13.7474 decimals) also receive moderate land allocations, showing that these crops are profitable but 

limited by land or budget constraints. 

• Brinjal, cauliflower, cabbage, radish, and bottle gourd are not cultivated (x = 0), indicating that 

purchasing from the market is more cost-effective than production under deterministic assumptions. 

• Other vegetables (0.5 decimals) receive a negligible allocation, showing low profitability but a minimal 

contribution to the solution. 

Purchasing Amount 

• Crops with zero land allocation (brinjal, cauliflower, cabbage, radish, and bottle gourd) have purchases 

made from the market to satisfy demand. 

• No purchasing is needed for the remaining crops because one's own production is sufficient to meet 

demand. 

Selling Amount 

• Crops that receive substantial land allocation also have large selling amounts, e.g., potato (22,300 kg) 

and pumpkin (14,845.2 kg). Purchased crops are used entirely to satisfy demand and have no additional 

sales. 

Based on farmers’ interview data, the estimated profit is 486,253 Tk, reflecting real-world practices, local 

constraints, and traditional decision-making approaches. In contrast, the deterministic LP model produced a 

significantly higher profit of 739,956 Tk when primary data were used, representing an optimal allocation of land, 

purchasing, and selling quantities under fixed parameter assumptions. The difference of 253,703 Tk highlights 

the potential efficiency gains achievable through systematic optimization. The deterministic model identifies an 

ideal resource allocation, whereas decisions obtained from direct farmer interviews reflect practical limitations 

such as lack of systematic planning and possible inefficiencies in current farming practices. 

3.4 Deterministic model results using secondary data 

In this case, the model was solved using secondary data obtained from the Yearbook of Agricultural Statistics 
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2023 of the Bangladesh Bureau of Statistics, which provides reliable national-level production and market price 

information. This dataset enables an analysis that reflects broader market conditions rather than farm-specific 

practices. 

The solution provides the optimal allocation of land, purchasing, and selling amounts for each crop, achieving a 

total profit of z = 1,017,700 Tk. The results are summarized in Table 7: 

                 

Table 7: Solution of the deterministic model using secondary data 

Land allocation(decimal) Purchasing amount(kg) Selling amount(kg) 

𝑥1 = 200 𝑝1 = 0 𝑠1 = 18446 

𝑥2 = 0.410 𝑝2= 0 𝑠2 = 0 

𝑥3 = 0 𝑝3 = 30 𝑠3 = 0 

𝑥4 = 0 𝑝4= 20 𝑠4 = 0 

𝑥5 = 0 𝑝5= 18 𝑠5 = 0 

𝑥6 = 0 𝑝6 = 15 𝑠6 = 0 

𝑥7 = 0 𝑝7 = 40 𝑠7 = 0 

𝑥8 = 50 𝑝8 = 0 𝑠8 = 1374 

𝑥9 = 85.92 𝑝9 = 0 𝑠9 = 1263.59 

𝑥10 = 100 𝑝10 = 0 𝑠10 = 3709 

𝑥11 = 50 𝑝11 = 0 𝑠11 = 2845 

𝑥12 = 13.67 𝑝12 = 0 𝑠12 = 662.403 

𝑥13 = 200 𝑝13 = 0 𝑠13 = 10097 

The deterministic solution using secondary data demonstrates the profit-maximizing cropping plan under national-

level production and market conditions, achieving a total profit of 1,017,700 Tk, which is higher than the profit 

obtained using primary data. This difference reflects the higher yields and selling prices at the national average 

level, compared to the local farm-level conditions captured in the primary data. 

• High-profit crops: potato and pumpkin consistently receive the largest land allocations in both primary 

and secondary data cases, confirming their strong profitability across different data sources. 

• Moderate allocation: Crops such as maize, wheat, pepper, bottle gourd, and onion are allocated moderate 

land areas, balancing resource constraints and profit contribution. Compared to the primary data case, 

bottle gourd receives more land in the secondary data scenario, indicating differences in national average 

yields and market prices. 

• Minimal cultivation: Tomato and other vegetables receive negligible or very low land allocation, while 

brinjal, cauliflower, cabbage, and radish are entirely purchased from the market to meet demand. This is 

consistent with the primary data case, suggesting that for these crops, market purchases are more cost-

effective than cultivation. 

• Selling amounts: Crops with large land allocations, such as potato, pumpkin, and maize, have 

correspondingly high selling amounts. Purchased crops are used entirely to satisfy demand and are not 

available for additional sales. 

The comparison indicates that while the optimal cropping pattern is broadly similar between the primary and 

secondary data cases, the total expected profit is significantly higher under secondary (national) data due to higher 

yields and selling prices. This highlights the sensitivity of deterministic solutions to input data. Decisions based 

on local farm-level data may yield more conservative profits, whereas national averages may overestimate 

achievable returns. 

This analysis emphasizes the limitation of deterministic models, as both solutions assume certainty in all 

parameters. Real-world agricultural conditions are variable, and ignoring uncertainties in crop yield, demand, and 

prices can lead to risky decisions. This motivates the application of a stochastic programming approach, which 

incorporates uncertainty to provide more robust and risk-aware cropping plans. 

3.5 Analysis for the stochastic case 

In the stochastic programming framework, we consider land allocation as the first-stage decision, which must be 

made before the realization of uncertainties. The purchasing amount and selling amount of each crop are treated 

as second-stage recourse decisions, which can be adjusted once the uncertain parameters are realized. 

To model uncertainty, four levels of crop yield are considered: the average yield, 10% above average, 10% below 

average, and a critical scenario of 40% below average. The 40% below-average scenario represents extreme events 

such as floods, erosion, tornadoes, or storm surges that can severely damage crop fields and significantly reduce 

production. These four cases are treated as different scenarios in the stochastic framework. The first scenario 

(average yield) is assigned a probability of 0.50, the second scenario (10% above average yield) has a probability 



Asaduzzaman/ GANIT J. Bangladesh Math. Soc.46.1 (2026) 001–018 11 

of 0.10, the third scenario (10% below average yield) has a probability of 0.25, and the fourth scenario (40% 

below average yield) is assigned a probability of 0.15. These 4 scenarios are applied to crop yield 𝑦𝑥𝑖
, farmer own 

demand 𝑑𝑖, selling price 𝑠𝑠𝑖
, and purchasing price 𝑝𝑥𝑖

 to generate a comprehensive set of possible outcomes. The 

scenario probabilities are assigned based on expert judgment using primary data from farmer interviews. 

Assuming independence between demand and yield is often unrealistic because both are driven by common 

factors such as weather and market conditions. This can misrepresent their joint behavior by ignoring correlation 

and extreme co-movements. As a result, risk may be underestimated and profit estimates biased. It can also lead 

to non-robust decisions and implausible scenario combinations, reducing model reliability and practical relevance. 

In this study, demand is assumed to vary proportionally with the respective yield scenarios, while the selling price 

changes in the opposite direction, reflecting the typical supply-demand relationship in agricultural markets: lower 

yields generally lead to higher prices, whereas higher yields tend to reduce prices. This scenario-based framework 

enables the stochastic model to represent both normal and extreme production conditions and to generate a more 

robust and risk-aware crop planning strategy that accounts for the inherent variability in agricultural production 

and market dynamics. 

Tables 8, 9, 10, and 11 summarize the scenario-based data used in the stochastic model. Table 8 provides the crop 

yields for each scenario, Table 9 lists the corresponding selling prices, Table 10 shows the market demand, and 

Table 11 presents the purchasing prices. These tables serve as the input parameters for the stochastic analysis, 

capturing the variability across different scenarios and enabling systematic evaluation of crop planning decisions 

under uncertain conditions. 

Table 8: Yield in different scenarios 
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Scenario 1 Scenario 2 Scenario 3 Scenario 4 

1 Potato 112 123.2 100.8 67.2 

2 Tomato 140 154 126 84 

3 Brinjal 40 44 36 24 

4 Cauliflower 120 132 108 72 

5 Cabbage 120 132 108 72 

6 Radish 80 88 72 48 

7 
Other 

Vegetables 
80 88 72 48 

8 Pepper 12.8 14.08 11.52 7.68 

9 Wheat 16 17.6 14.4 9.6 

10 Maize 64 70.4 57.6 38.4 

11 Bottle Gourd 24 26.4 21.6 14.4 

12 Onion 32 35.2 28.8 19.2 

13 Pumpkin 80 88 72 48 

 

Table 9: Selling price in different scenarios 
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Scenario 1 Scenario 2 Scenario 3 Scenario 4 

1 Potato 20 18 22 28 

2 Tomato 30 27 33 42 
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3 Brinjal 40 36 44 56 

4 Cauliflower 20 18 22 28 

5 Cabbage 25 22.5 27.5 35 

6 Radish 15 13.5 16.5 21 

7 
Other 

Vegetables 
20 18 22 28 

8 Pepper 150 135 165 210 

9 Wheat 70 63 77 98 

10 Maize 22.2 19.98 24.42 31.08 

11 Bottle Gourd 30 27 33 42 

12 Onion 50 45 55 70 

13 Pumpkin 10 9 11 14 

 

Table 10: Demand in different scenarios 
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Scenario 1 Scenario 2 Scenario 3 Scenario 4 

1 Potato 100 110 90 60 

2 Tomato 25 27.5 22.5 15 

3 Brinjal 30 33 27 18 

4 Cauliflower 20 22 18 12 

5 Cabbage 18 19.8 16.2 10.8 

6 Radish 15 16.5 13.5 9 

7 
Other 

Vegetables 
40 44 36 24 

8 Pepper 5 5.5 4.5 3 

9 Wheat 20 22 18 12 

10 Maize 10 11 9 6 

11 Bottle Gourd 15 16.5 13.5 9 

12 Onion 30 33 27 18 

13 Pumpkin 15 16.5 13.5 9 

 

Table 11: Purchasing price in different scenarios 
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Purchase price (Tk per kg/pieces) 

Scenario 1 Scenario 2 Scenario 3 Scenario 4 

1 Potato 26 23.4 28.6 36.4 

2 Tomato 39 35.1 42.9 54.6 

3 Brinjal 52 46.8 57.2 72.8 

4 Cauliflower 26 23.4 28.6 36.4 

5 Cabbage 32.5 29.25 35.75 45.5 

6 Radish 19.5 17.55 21.45 27.3 

7 Other 26 23.4 28.6 36.4 
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Vegetables 

8 Pepper 195 175.5 214.5 273 

9 Wheat 91 81.9 100.1 127.4 

10 Maize 28.86 25.974 31.746 40.404 

11 Bottle Gourd 39 35.1 42.9 54.6 

12 Onion 65 58.5 71.5 91 

13 Pumpkin 13 11.7 14.3 18.2 

3.5.1 Stochastic model solution and interpretation 

Finding the solution of the 2-stage SP model is very challenging. Because considering all scenarios, the number 

of variables and constraints becomes very large. The stochastic crop planning model of this study was solved 

using the AMPL programming language. 

Table 12 presents the optimal values of the first-stage decision variables, which represent the allocation of land 

among different crops. The solution indicates that the largest portions of land are allocated to potato (200 

decimals), pumpkin (185.753 decimals), wheat (100 decimals), maize (100 decimals), tomato (50 decimals), and 

pepper (50 decimals). A very small portion of land is allocated to other vegetables (0.5 decimals) and onion 

(13.7474 decimals), while brinjal, cauliflower, cabbage, radish, and bottle gourd receive no land allocation. These 

decisions are made before the realization of uncertainty and remain fixed across all scenarios. 

 

Table 12: First stage solution 

Decimal of land allocation 

𝑥1 = 200 

𝑥2 = 50 

𝑥3 = 0 

𝑥4 = 0 

𝑥5= 0 

𝑥6 = 0 

𝑥7 = 0.5 

𝑥8= 50 

𝑥9 = 100 

𝑥10 = 100 

𝑥11= 0 

𝑥12= 13.7474 

𝑥13= 185.753 

Tables 13 and 14 show the optimal values of the second-stage decision variables for each scenario. Table 13 

presents the selling quantities of crops for scenarios i=1,2,3,4, which correspond to different realizations of yield 

and market conditions. The results show that crops such as potato, tomato, pepper, wheat, maize, onion, and 

pumpkin are sold in significant quantities across scenarios, while the remaining crops have zero selling quantities 

because they are not cultivated or are not profitable under the given conditions. The selling quantities vary across 

scenarios because changes in yield and demand directly influence the amount available for sale. 

Table 14 presents the purchasing quantities under different scenarios. Purchasing occurs mainly for crops that are 

not produced sufficiently by the farmer but are required to meet demand constraints. For example, brinjal, 

cauliflower, cabbage, radish, and bottle gourd show positive purchasing amounts, and these values vary across 

scenarios depending on the changes in demand and market conditions. In contrast, crops that are sufficiently 

produced, such as potato, tomato, wheat, maize, onion, and pumpkin, do not require purchasing. 

The optimal objective function value of the stochastic model is z = 707826. This value represents the expected 

profit obtained under uncertain conditions when considering all possible scenarios simultaneously. Compared 

with the deterministic approach, the stochastic model provides a more realistic planning strategy by incorporating 

variability in yield, demand, and prices, allowing the farmer to make more robust decisions under uncertain 

agricultural environments. 

Table 13: Second stage solution (selling amount) 

Selling amount for different scenarios i 

Scenario i=1 Scenario i=2 Scenario i=3 Scenario i=4 

𝑠1,𝑖   = 22300 𝑠1,𝑖   = 24530 𝑠1,𝑖   = 20070 𝑠1,𝑖   = 13380 
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𝑠2,𝑖 = 6975 𝑠2,𝑖 = 7672.5 𝑠2,𝑖 = 6277.5 𝑠2,𝑖 = 4185 

𝑠3,𝑖 = 0 𝑠3,𝑖 = 0 𝑠3,𝑖 = 0 𝑠3,𝑖 = 0 

𝑠4,𝑖 = 0 𝑠4,𝑖 = 0 𝑠4,𝑖 = 0 𝑠4,𝑖 = 0 

𝑠5,𝑖= 0 𝑠5,𝑖= 0 𝑠5,𝑖= 0 𝑠5,𝑖= 0 

𝑠6,𝑖= 0 𝑠6,𝑖= 0 𝑠6,𝑖= 0 𝑠6,𝑖= 0 

𝑠7,𝑖 = 0 𝑠7,𝑖 = 0 𝑠7,𝑖 = 0 𝑠7,𝑖 = 0 

𝑠8,𝑖 = 635 𝑠8,𝑖 = 698.5 𝑠8,𝑖 = 571.5 𝑠8,𝑖 = 381 

𝑠9,𝑖 = 1580 𝑠9,𝑖 = 1738 𝑠9,𝑖 = 1422 𝑠9,𝑖 = 948 

𝑠10,𝑖 = 6390 𝑠10,𝑖 = 7029 𝑠10,𝑖 = 5751 𝑠10,𝑖 = 3834 

𝑠11,𝑖 = 0 𝑠11,𝑖 = 0 𝑠11,𝑖 = 0 𝑠11,𝑖 = 0 

𝑠12,𝑖 = 409.916 𝑠12,𝑖 = 450.907 𝑠12,𝑖 = 368.924 𝑠12,𝑖 = 245.949 

𝑠13,𝑖 = 14845.2 𝑠13,𝑖 = 16329.7 𝑠13,𝑖 = 13360.7 𝑠13,𝑖 = 8907.13 

 

Table 14: Second stage solution (purchasing amount) 

Purchasing amount for different scenario i 

Scenario i=1 Scenario i=2 Scenario i=3 Scenario i=4 

𝑝1,𝑖   = 0 𝑝1,𝑖   = 0 𝑝1,𝑖   = 0 𝑝1,𝑖   = 0 

𝑝2,𝑖 = 0 𝑝2,𝑖 = 0 𝑝2,𝑖 = 0 𝑝2,𝑖 = 0 

𝑝3,𝑖 = 30 𝑝3,𝑖 = 33 𝑝3,𝑖 = 27 𝑝3,𝑖 = 18 

𝑝4,𝑖 = 20 𝑝4,𝑖 = 22 𝑝4,𝑖 = 18 𝑝4,𝑖 = 12 

𝑝5,𝑖= 18 𝑝5,𝑖= 19.8 𝑝5,𝑖= 16.2 𝑝5,𝑖= 10.8 

𝑝6,𝑖= 15 𝑝6,𝑖= 16.5 𝑝6,𝑖= 13.5 𝑝6,𝑖= 9 

𝑝7,𝑖 = 0 𝑝7,𝑖 = 0 𝑝7,𝑖 = 0 𝑝7,𝑖 = 0 

𝑝8,𝑖 = 0 𝑝8,𝑖 = 0 𝑝8,𝑖 = 0 𝑝8,𝑖 = 0 

𝑝9,𝑖 = 0 𝑝9,𝑖 = 0 𝑝9,𝑖 = 0 𝑝9,𝑖 = 0 

𝑝10,𝑖 = 0 𝑝10,𝑖 = 0 𝑝10,𝑖 = 0 𝑝10,𝑖 = 0 

𝑝11,𝑖 = 15 𝑝11,𝑖 = 16.5 𝑝11,𝑖 = 13.5 𝑝11,𝑖 = 9 

𝑝12,𝑖 = 0 𝑝12,𝑖 = 0 𝑝12,𝑖 = 0 𝑝12,𝑖 = 0 

𝑝13,𝑖 = 0 𝑝13,𝑖 = 0 𝑝13,𝑖 = 0 𝑝13,𝑖 = 0 

 

3.5.2 Evaluation of decision quality measures 

To evaluate the effectiveness of the stochastic programming model, several decision quality measures are 

analyzed, including the wait-and-see solution (WS), expected result of using the expected value solution (EEV), 

expected value of perfect information (EVPI), and the value of the stochastic solution (VSS). These measures 

help assess the benefit of considering uncertainty in the decision-making process. 

The wait-and-see solution (WS) represents the ideal situation where the decision-maker has complete knowledge 

of all uncertain parameters before making decisions [10,11]. In other words, the land allocation and recourse 

actions are determined after observing the actual realization of yield, demand, and prices. Under this case, the 

obtained objective value is WS = 707,825.9. This value serves as a theoretical upper benchmark because such 

perfect information is not available in real agricultural planning. 

The expected value of perfect information (EVPI) measures the potential benefit that could be achieved if the 

decision-maker had perfect knowledge of future uncertain events. It is calculated as the difference between the 

recourse solution (RS) and the wait-and-see solution (WS): 

EVPI = RS−WS = 707,826−707,825.9 = 0.1 

The EVPI value is extremely small, indicating that perfect information about future scenarios would provide 

almost no additional benefit in terms of profit improvement. This suggests that the stochastic model already 

performs very close to the theoretical best-case solution [10,11]. 

The expected result of using the expected value solution (EEV) represents the expected profit obtained when the 

deterministic solution, based on average parameter values, is applied to all stochastic scenarios [10,11]. In this 

study, the value of EEV = 350,090. The average parameter values used in this calculation are presented in Table 

15, which are derived from the primary dataset shown in Table 3. The EEV value is significantly lower than the 

stochastic solution, indicating that decisions based solely on average values may lead to poor performance when 
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uncertainty is present. This result highlights that relying only on deterministic average data cannot adequately 

capture the variability in agricultural production and market conditions. The value of the stochastic solution (VSS) 

quantifies the advantage of using the stochastic programming model instead of the deterministic expected-value 

model. It is computed as: 

VSS = RS − EEV = 707,826 − 350,090 = 357,736 

The large positive value of VSS clearly demonstrates that incorporating uncertainty into the crop planning model 

substantially improves the expected profit. This result highlights the importance of stochastic optimization in 

agricultural decision-making, as it provides a more reliable and robust cropping strategy compared to deterministic 

approaches. 

Table 15: First stage value for EEV 

Decimal of land allocation 

𝑥1 = 200 

𝑥2 = 25 

𝑥3 = 50 

𝑥4 = 25 

𝑥5= 25 

𝑥6 = 25 

𝑥7 = 5 

𝑥8= 25 

𝑥9 = 75 

𝑥10 = 25 

𝑥11= 12.5 

𝑥12= 7.5 

𝑥13= 200 

3.5.3 Sensitivity analysis on scenario probabilities 

To evaluate the impact of scenario probabilities on the stochastic optimization model, two additional probability 

distributions were considered while keeping all other model parameters unchanged. The scenario probability 

settings used in the sensitivity analysis are presented in Table 16. 

 

Table 16. Scenario probability distributions used for sensitivity analysis 

Scenario Description 
Case 1: Original 

probabilities 

Case 2: Equal 

probabilities 

Case 3: Reversed 

probabilities 

1 Average yield 0.50 0.25 0.15 

2 10% above average yield 0.10 0.25 0.25 

3 10% below average yield 0.25 0.25 0.10 

4 40% below average yield 0.15 0.25 0.50 

The resulting objective function values are presented in Table 17. 

 

Table 17. Effect of probability variations 

Probability case Objective value (z) Change from original 

Case 1: (Original probabilities) 707,826 – 

Case 2: (Equal probabilities) 687,380 -20,446 (-2.89%) 

Case 3: (Reversed probabilities) 642,398 -65,428 (-9.24%) 

The results show that the objective value decreases as more weight is assigned to unfavorable yield scenarios. 

Under the equal-probability assumption (case 2), the objective value decreases by 2.89% compared with the 

original case. When the probability structure is reversed (case 3), giving the highest probability (0.50) to the worst-

yield scenario, the objective value decreases by 9.24%. 

This behavior is consistent with the principles of stochastic programming. Increasing the likelihood of adverse 

yield conditions leads the model to adopt a more conservative decision strategy, resulting in a lower expected 

objective value. Although the objective value changes across different probability distributions, the model remains 

stable and feasible, indicating that the proposed stochastic framework is reasonably robust to variations in scenario 

probabilities. 

3.5.4 Comparison between deterministic and stochastic models 

Based on these fixed parameters, the deterministic model produced an optimal profit of 739,956 Tk, while the 
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profit increased to 1,017,700 Tk when secondary production and price data were applied. 

To address the limitation of the deterministic model, the stochastic model incorporates multiple scenarios 

representing different realizations of uncertain parameters. The expected optimal profit obtained from the 

stochastic model is 707,826 Tk. The comparison is shown in Table 18. 

 

Table 18. Comparison of deterministic and stochastic model results 

Model type Case description Optimal Profit (Tk) 

Deterministic Based on primary data 739,956 

Deterministic With secondary production and price data 1,017,700 

Stochastic Expected value over multiple scenarios 707,826 

Although the profit value of the stochastic model is lower than that of the deterministic solution, the stochastic 

approach is considered superior and more reliable. It accounts for uncertainty and provides a robust decision-

making framework that performs reasonably well under different possible scenarios. In contrast, the deterministic 

model may overestimate profit since it assumes ideal conditions. Therefore, the stochastic model offers a more 

practical and risk-aware strategy for agricultural crop planning, enabling farmers to make better-informed 

decisions in uncertain and variable environments. 

3.5.5 Computational time and scalability 

The proposed stochastic optimization model was implemented in AMPL and solved using CPLEX 22.1.1.0. The 

computational performance was evaluated in terms of solver run time and number of iterations required to reach 

optimality. The model converged efficiently within approximately 100 simplex iterations, indicating good 

computational performance. This demonstrates that the proposed formulation is computationally tractable and 

suitable for practical agricultural planning problems. 

Regarding scalability, the computational effort is expected to increase with the number of scenarios, constraints, 

and decision variables, as is typical in stochastic programming models. However, within the current problem size, 

the model remains efficiently solvable using a standard optimization solver. 

 

4. Conclusion 

This study develops an optimization framework for agricultural crop planning by integrating deterministic and 

stochastic programming approaches. The proposed models assist farmers in making systematic decisions 

regarding land allocation, crop production, purchasing, and selling activities while considering the limitations of 

land, labor, and budget resources. By formulating the crop planning problem as a mathematical programming 

model, the study provides a structured method to improve farm profitability through efficient resource utilization. 

The deterministic model offers an optimal production plan under fixed parameter values and provides a clear 

benchmark for profit maximization. However, agricultural production is strongly influenced by uncertain factors. 

To address this issue, the stochastic model incorporates multiple scenarios representing different possible 

realizations of the uncertain parameters. This approach allows the decision-making process to adapt to varying 

conditions and provides more realistic planning outcomes. The evaluation of the stochastic solution demonstrates 

its practical advantage. The EVPI indicates that perfect foresight would provide minimal additional benefit, 

confirming the efficiency of the stochastic solution. Meanwhile, the VSS highlights the substantial improvement 

in expected profit obtained by explicitly considering uncertainty, compared to decisions based solely on average 

parameter values. These metrics underline the robustness and reliability of stochastic crop planning under 

uncertain production and market conditions. The comparative analysis demonstrates that although the 

deterministic model may produce higher nominal profit values under ideal assumptions, the stochastic model 

provides more reliable and practical decisions by accounting for uncertainty. Such a framework helps farmers 

prepare for unfavorable situations, including significant reductions in crop yield caused by natural disasters or 

sudden market changes. 

The developed models emphasize the importance of incorporating uncertainty into agricultural planning. The 

results indicate that optimization-based decision support systems can play a critical role in improving crop 

management strategies and supporting sustainable agricultural production. Future research may extend this 

framework by incorporating additional factors such as weather forecasting information and multi-season planning 

to further enhance its applicability in real-world agricultural decision-making. 

 

Funding 

No funding was received for this research. 

 

Acknowledgements 

Heartfelt appreciation is extended to family members for their continuous support, encouragement, and 

understanding throughout this research. 

 



Asaduzzaman/ GANIT J. Bangladesh Math. Soc.46.1 (2026) 001–018 17 

Conflict of interest 

The author declares no conflict of interest. 

 

Data sharing 

No additional data is used. 

 

References 

[1] Tilman, D., Balzer, C., Hill, J., & Befort, B. L. (2011). Global food demand and the sustainable intensification 

of agriculture. Proceedings of the National Academy of Sciences, 108(50), 20260–20264. 

https://doi.org/10.1073/pnas.1116437108 

[2] Food and Agriculture Organization of the United Nations, International Fund for Agricultural Development, 

United Nations Children's Fund, World Food Programme, & World Health Organization. (2020). The state of 

food security and nutrition in the world 2020: Transforming food systems for affordable healthy diets. FAO. 

[3] Porter, J. R., Xie, L., Challinor, A. J., Cochrane, K., Howden, S. M., Iqbal, M. M., et al. (2015). Food security 

and food production systems. In Climate change 2014: Impacts, adaptation, and vulnerability. Part A: Global and 

sectoral aspects (pp. 485–534). Cambridge University Press. https://doi.org/10.1017/CBO9781107415379.012 

[4] Lobell, D. B., Schlenker, W., & Costa-Roberts, J. (2011). Climate trends and global crop production since 

1980. Science, 333(6042), 616–620. https://doi.org/10.1126/science.1204531 

[5] Banik, B., Jahan, H., Ahmed, M. R., Nandi, R., Jackson, T., & Jannat, A. (2026). Determinants of modern 

agricultural machinery adoption in Northern Bangladesh: A multivariate probit analysis. Sustainable Futures, 

11(1), 101615. https://doi.org/10.1016/j.sftr.2025.101615 

[6] Islam, S., Gathala, M. K., Tiwari, T. P., Timsina, J., Laing, A. M., Maharjan, S., et al. (2019). Conservation 

agriculture-based sustainable intensification: Increasing yields and water productivity for smallholders of the 

Eastern Gangetic Plains. Field Crops Research, 238, 1–17. https://doi.org/10.1016/j.fcr.2019.04.005 

[7] Hazell, P. B. R., & Norton, R. D. (1986). Mathematical programming for economic analysis in agriculture. 

Macmillan. 

[8] Ionitescu, S. (2023). A linear simulation model for optimizing crop structure to maximize income in a vegetal 

agricultural farm. Scientific Papers Series Management, Economic Engineering in Agriculture and Rural 

Development, 23. 

[9] Jain, R., Immaneulraj, K., Malangmeih, L., Deka, N., Raju, S. S., Srivastava, S. K., et al. (2018). Linear 

programming based optimum crop mix for crop cultivation in Assam State of India. Advances in Intelligent 

Systems and Computing, 736, 988–997. https://doi.org/10.1007/978-3-319-76348-4_95 

[10] Birge, J. R., & Louveaux, F. (2011). Introduction to stochastic programming (2nd ed.). Springer. 

https://doi.org/10.1007/978-1-4614-0237-4 

[11] Ruszczyński, A., & Shapiro, A. (Eds.). (2009). Lectures on stochastic programming: Modeling and theory. 

Society for Industrial and Applied Mathematics & Mathematical Programming Society. 

[12] Hardaker, J. B., Pandey, S., & Patten, L. H. (1991). Farm planning under uncertainty: A review of alternative 

programming models. Review of Marketing and Agricultural Economics, 59(1), 9–22. 

https://doi.org/10.22004/AG.ECON.12460 

[13] Itoh, T., Ishii, H., & Nanseki, T. (2003). A model of crop planning under uncertainty in agricultural 

management. International Journal of Production Economics, 81–82, 555–558. https://doi.org/10.1016/S0925-

5273(02)00283-9 

[14] Ouattara, P. D., Kouassi, E., Egbendéwé, A. Y. G., & Akinkugbe, O. (2019). Risk aversion and land allocation 

between annual and perennial crops in semisubsistence farming: A stochastic optimization approach. Agricultural 

Economics, 50(3), 329–339. https://doi.org/10.1111/agec.12487 

[15] Backus, G. B. C., Eidman, V. R., & Dijkhuizen, A. A. (1997). Farm decision making under risk and 

uncertainty. Netherlands Journal of Agricultural Science, 45(2), 307–328. https://doi.org/10.18174/njas.v45i2.520 

[16] Nuthall, P. L. (2001). Managerial ability: A review of its basis and potential improvement using psychological 

concepts. Agricultural Economics, 24(3), 247–262. https://doi.org/10.1111/j.1574-0862.2001.tb00028.x 

[17] Haile, M. G., Kalkuhl, M., & von Braun, J. (2016). Worldwide acreage and yield response to international 

price change and volatility: A dynamic panel data analysis for wheat, rice, corn, and soybeans. American Journal 

of Agricultural Economics, 98(1), 172–190. https://doi.org/10.1093/ajae/aav013 

[18] Müller, C., Franke, J., Jägermeyr, J., Ruane, A. C., Elliott, J., Moyer, E., et al. (2021). Exploring uncertainties 

in global crop yield projections in a large ensemble of crop models and CMIP5 and CMIP6 climate scenarios. 

Environmental Research Letters, 16(3), 034040. https://doi.org/10.1088/1748-9326/abd8fc 

[19] Schlenker, W., & Roberts, M. J. (2009). Nonlinear temperature effects indicate severe damages to U.S. crop 

yields under climate change. Proceedings of the National Academy of Sciences, 106(37), 15594–15598. 

https://doi.org/10.1073/pnas.0906865106 

[20] Gao, J., & You, F. (2017). Design of a sustainable supply chain under uncertainty using life cycle optimisation 

and stochastic programming. Chemical Engineering. https://www.academia.edu/download/85533129/023.pdf 

https://doi.org/10.1073/pnas.1116437108
https://doi.org/10.1007/978-1-4614-0237-4


18  Asaduzzaman/ GANIT J. Bangladesh Math. Soc.46.1 (2026) 001–018 

[21] Rockafellar, R. T., & Uryasev, S. (2002). Conditional value-at-risk for general loss distributions. Journal of 

Banking & Finance, 26(7), 1443–1471. https://doi.org/10.1016/S0378-4266(02)00271-6 

[22] Ahmed, S., & Shapiro, A. (2002). The sample average approximation method for stochastic programs with 

integer recourse. 

[23] Shapiro, A. (2001). Monte Carlo simulation approach to stochastic programming. In Proceedings of the 

Winter Simulation Conference (Vol. 1, pp. 428–431). https://doi.org/10.1109/WSC.2001.977317 

[24] Olsson, A., Sandberg, G., & Dahlblom, O. (2003). On Latin hypercube sampling for structural reliability 

analysis. Structural Safety, 25(1), 47–68. https://doi.org/10.1016/S0167-4730(02)00039-5 

[25] Ashofteh, P. S., Bozorg Haddad, O., & Mariño, M. A. (2013). Scenario assessment of streamflow simulation 

and its transition probability in future periods under climate change. Water Resources Management, 27(1), 255–

274. https://doi.org/10.1007/s11269-012-0182-2 

[26] Lee, H., Bogner, C., Lee, S., & Koellner, T. (2016). Crop selection under price and yield fluctuation: Analysis 

of agro-economic time series from South Korea. Agricultural Systems, 148, 1–11. 

https://doi.org/10.1016/j.agsy.2016.06.003 

[27] Biswas, A., & Pal, B. B. (2005). Application of fuzzy goal programming technique to land use planning in 

agricultural system. Omega, 33(5), 391–398. https://doi.org/10.1016/j.omega.2004.07.003 

[28] Charnes, A., & Cooper, W. W. (1959). Chance-constrained programming. Management Science, 6(1), 73–

79. https://doi.org/10.1287/mnsc.6.1.73 

[29] Ben-Tal, A., & Nemirovski, A. (1998). Robust convex optimization. Mathematics of Operations Research, 

23(4), 769–805. https://doi.org/10.1287/moor.23.4.769 

[30] Bertsimas, D., Brown, D. B., & Caramanis, C. (2011). Theory and applications of robust optimization. SIAM 

Review, 53(3), 464–501. https://doi.org/10.1137/080734510 

[31] Bangladesh Bureau of Statistics. (2024). Yearbook of agricultural statistics 2023. Statistics and Informatics 

Division, Ministry of Planning, Government of the People's Republic of Bangladesh. https://www.bbs.gov.bd 

[32] Nusser, S. M., & House, C. C. (2009). Sampling, data collection, and estimation in agricultural surveys. In 

C. R. Rao (Ed.), Handbook of Statistics (Vol. 29, pp. 471–486). Elsevier. https://doi.org/10.1016/S0169-

7161(08)00018-7 

[33] Bai, P., Banks, H. T., Dediu, S., Govan, A. Y., Last, M., Lloyd, A. L., et al. (2007). Stochastic and 

deterministic models for agricultural production networks. Mathematical Biosciences and Engineering, 4(3), 373–

402. https://doi.org/10.3934/mbe.2007.4.373 

https://doi.org/10.1137/080734510
https://doi.org/10.1016/S0169-7161(08)00018-7
https://doi.org/10.1016/S0169-7161(08)00018-7

