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Abstract  Article Info 

Quantum computing is used to address supply chain optimization 

complexity and efficiency. Multiple locations, time periods, 

transportation expenses, facility opening costs, production capacity, 

and demand fulfillment requirements complicate supply chains. 

Supply chain optimization's complexity and huge solution areas 

challenge traditional optimization methods. Quantum algorithms 

can efficiently explore bigger solution areas in quantum computing. 

Starting with problem identification, this research reviews quantum 

computing and supply chain optimization literature. The supply 

chain optimization problem is modeled mathematically to 

incorporate transportation, facility opening, production, and cost. 

Binary choice factors and constraints ensure demand fulfillment, 

facility capacity limitations, and flow balance. The mathematical 

theory is applied numerically. The example addresses three 

locations, two time periods, transportation costs, demand amounts, 

production capacity, and facility opening costs. A proper 

optimization solver optimizes the decision variables to reduce total 

cost while meeting demand and making efficient supply chain 

decisions. The supply chain optimization model reduces costs and 

informs transportation, facility opening, and production decisions. 

The numerical example shows how quantum computing may 

optimize supply chain topologies and reduce costs. The study 

explains the findings, highlights gaps in the literature, and stresses 

the need for more research to bridge theory and practice. This study 

advances supply chain optimization with quantum computing. It 

shows how quantum computing might improve supply chain 

network decision-making, efficiency, and cost. 
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Introduction 

Modern business operations rely heavily on supply chain optimization, which enables organizations 

to attain cost efficiency, improve customer satisfaction, and enhance overall 

performance(Gunasekaran et al., 2004)(Fawcett et al., 2007)(Lenny Koh et al., 2007)(Moons et al., 

2019)(Banerjee & Mishra, 2017)(Cho et al., 2012). Conventional approaches to supply chain 

optimization frequently face complexities and inefficiencies(Juan et al., 2015)(Eskandarpour et al., 

https://creativecommons.org/licenses/by/4.0/


International Journal of Enterprise Modelling, Vol. 15, No. 3, September (2021)  

 

Quantum computing and supply chain optimization: addressing complexity and efficiency challenges (Ming-Lang Tun 

Hwang, et al) 

149 

2015)(Jung et al., 2004)(Sinha et al., 2017)(Azaron et al., 2008). Due to the expanding size and 

complexity of global supply chains and the dynamism of market demands (Bozarth et al., 2009)(Choi 

et al., 2001)(Prater et al., 2001)(Barrientos et al., 2011), it is difficult for conventional optimization 

techniques to manage the inherent complexity and uncertainty of supply chain systems(Srivastava, 

2007)(Min, 2010)(Tseng et al., 2009)(Power, 2005)(Ben-Tal et al., 2011)(Giannakis & Louis, 

2016)(Kehoe & Boughton, 2001)(Dillon et al., 2017)(Zheng & Ling, 2013)(Messier et al., 

2015)(Sarimveis et al., 2008)(Wieland, 2021)(Junaid et al., 2019). 

Quantum computing, a cutting-edge technology that employs the principles of quantum 

mechanics, has arisen as a promising means of addressing complex optimization issues(Schlexer 

Lamoureux et al., 2019)(Krishnakumar, 2020)(Hoo Teo et al., 2021)(Inglesant et al., 2016)(Dong et al., 

2020)(Horstemeyer, 2012). Using quantum phenomena such as superposition and entanglement, 

quantum computers may be able to perform certain computational tasks exponentially quicker than 

conventional computers(Marella & Parisa, 2020)(Gyongyosi & Imre, 2019)(Cacciapuoti et al., 

2019)(Preskill, 2012)(Jha, 2021)(Cusumano, 2018)(Ajagekar & You, 2019)(Wittek, 2014)(Jhanwar & 

Nene, 2021)(Deodoro et al., 2021). This extraordinary computational power presents a rare 

opportunity to address the complexity and efficiency challenges encountered by conventional 

supply chain optimization techniques(Zhou et al., 2017)(Werbos, 2011)(Serale et al., 

2018)(Gharehchopogh & Gholizadeh, 2019). 

The development of quantum hardware, software, and algorithms has led to significant 

advancements in the field of quantum computation in recent years(Bova et al., 2021)(Head-Marsden 

et al., 2020)(Möller & Vuik, 2017)(Bromley et al., 2020)(Klco et al., 2018). Researchers and industry 

professionals have initiated investigations into the potential applications of quantum computation 

in a variety of fields, including supply chain management (Zhong et al., 2016)(Addo-Tenkorang & 

Helo, 2016)(Ritchie & Brindley, 2007)(Arunachalam et al., 2018)(Rajeev et al., 2017)(Guha & Kumar, 

2018). Utilizing the computational capacity of quantum computing to optimize supply chain 

operations has attracted considerable interest and become an active area of research(Brown et al., 

2010)(Ajagekar & You, 2020)(Ajagekar, 2020)(Wittek, 2014). 

Multiple nodes, interconnected processes, and numerous decision variables characterize the 

complexity of supply chains(Surana et al., 2005)(Perea-Lopez et al., 2003), making them ideal 

candidates for quantum computing-based optimization(Liu et al., 2021)(Liu & Li, 2021). Quantum 

algorithms, including quantum annealing, quantum-inspired optimization, and quantum machine 

learning(Ramezani et al., 2020)(Acampora, 2019)(Sangeetha & Kumari, 2020), have the potential to 

surmount the limitations of classical algorithms and efficiently locate optimal or near-optimal 

solutions(Church & Baez, 2020)(Buddala & Mahapatra, 2018)(Manupati et al., 2013). These 

algorithms utilize the quantum properties of superposition and entanglement to simultaneously 

investigate multiple solutions(Ramezani et al., 2020)(Oh et al., 2019)(Long, 2012), enabling the 

identification of optimal configurations and trade-offs across various objectives. 

Supply channels are susceptible to numerous risks and uncertainties, such as demand 

fluctuations, disruptions, and market volatility(Saghaei et al., 2020)(Wagner & Bode, 2009)(Namdar 

et al., 2018)(Jabbarzadeh et al., 2016). By undertaking probabilistic analyses and optimizing supply 

chain resilience and risk mitigation strategies, quantum computing can assist with the management 

of these uncertainties(Cheung et al., 2021)(Nimbe et al., 2021). Quantum computation can facilitate 

more informed decision-making in uncertain environments by simultaneously evaluating multiple 

scenarios and their probabilities(Kasprzyk et al., 2013)(Thabrew et al., 2009)(Weaver et al., 

2013)(Patel et al., 2002). 

"Quantum-inspired algorithms for supply chain optimization" by Li et al. (2019): This study 

explores the application of quantum-inspired algorithms, such as the quantum genetic algorithm 

and quantum particle swarm optimization, in solving supply chain optimization problems. The 
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research demonstrates the potential of quantum-inspired approaches to improve the efficiency and 

accuracy of supply chain optimization compared to classical algorithms. 

"Quantum annealing for capacitated facility location problems" by Jiang et al. (2020): This 

research focuses on solving the capacitated facility location problem, a critical component of supply 

chain optimization, using quantum annealing. The study presents a quantum-inspired algorithm 

based on the D-Wave quantum annealer and compares its performance with classical optimization 

approaches. The results highlight the potential of quantum annealing in finding near-optimal 

solutions for complex facility location problems. 

"Quantum computing for logistics optimization" by Ghosh et al. (2021): This research 

investigates the use of quantum computing techniques, such as the quantum approximate 

optimization algorithm (QAOA), in logistics optimization. The study demonstrates how quantum 

computing can improve vehicle routing, inventory management, and warehouse location decisions, 

leading to enhanced logistics efficiency. The research provides insights into the practical 

implementation of quantum computing in supply chain optimization. 

"Quantum-inspired optimization for multi-objective supply chain network design" by Liu et 

al. (2021): This study proposes a quantum-inspired multi-objective optimization approach for supply 

chain network design. The research combines quantum-inspired algorithms with classical 

optimization methods to handle the complexity of multi-objective supply chain optimization 

problems. The study highlights the benefits of incorporating quantum-inspired techniques, such as 

quantum bit representation and quantum gate operators, in achieving better trade-offs and decision-

making in supply chain network design. 

While the application of quantum computation to optimize supply chains is still in its 

infancy, the potential benefits are substantial(Wamba & Queiroz, 2020)(Orús et al., 2019)(Zhong et 

al., 2016). Quantum computing has the potential to revolutionize conventional supply chain 

management strategies(Cacciapuoti et al., 2019)(Ajagekar et al., 2020)(Hanelt et al., 2021), offering 

the promise of more efficient network designs, improved inventory management, enhanced demand 

forecasting, and robust risk management techniques(Van Landeghem & Vanmaele, 2002)(Aburto & 

Weber, 2007)(Tiwari et al., 2018). These innovations can contribute to substantial cost reductions, 

shorter lead times, increased customer satisfaction, and greater supply chain sustainability(Chavez 

et al., 2016)(Eckstein et al., 2015). 

As quantum computing technology advances, ongoing research and development aims to 

make quantum algorithms, hardware, and software more accessible and applicable to real-world 

applications(Martonosi & Roetteler, 2019)(Petschnigg et al., 2019)(Kan & Une, 2021)(Bayerstadler et 

al., 2021). Collaborations between quantum computing researchers, supply chain professionals, and 

industry stakeholders are essential for bridging the gap between theory and implementation(Jing et 

al., 2019)(Andreas et al., 2021), ensuring that quantum computing-based supply chain optimization 

approaches are effective, scalable, and tailored to the diverse needs of various 

organizations(Houssein et al., 2021)(Gong & Jia, 2019). 

The convergence of quantum computing and supply chain optimization has enormous 

potential for addressing the challenges of complexity and efficiency confronted by conventional 

approaches(Ajagekar & You, 2019)(Ajagekar et al., 2020)(Ajagekar, 2020)(Biswas et al., 2017). 

Through advanced optimization algorithms, real-time analytics, and enhanced risk management, 

quantum computing can help organizations attain more agile, resilient, and cost-effective supply 

chains in a complex and dynamic business environment(Valero Berjaga, 2013). 

Modern business operations rely heavily on the optimization of supply chains in order to 

achieve efficiency and cost-effectiveness while meeting customer demands(Davis, 2015). Traditional 

approaches to supply chain optimization encounter challenges associated with complexity and 

efficiency, limiting their ability to fully optimize intricate and dynamic supply chain networks. The 
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increasing size and unpredictability of global supply chains necessitate more sophisticated 

optimization techniques to manage the inherent complexity and variability of these systems. 

Quantum computing has emerged as a potential solution to the supply chain optimization 

challenges of complexity and efficiency. Quantum computing exploits the power of quantum 

mechanics to perform computations exponentially quicker than classical computers, offering the 

potential to revolutionize supply chain management optimization. 

Method 

The methodology of this research involves a systematic approach to investigate the application of 

quantum computing in addressing complexity and efficiency challenges in supply chain 

optimization. The research methodology comprises several key steps: 

Problem Identification and Research Scope: The first step involves clearly defining the 

problem statement, identifying the specific complexity and efficiency challenges faced by traditional 

supply chain optimization methods. The research scope is determined, focusing on the potential of 

quantum computing to address these challenges and improve supply chain optimization outcomes. 

Literature Review: A comprehensive review of existing research is conducted to gather 

insights into the current state of knowledge and identify the gaps and opportunities in the field. This 

involves examining relevant scientific literature, research papers, conference proceedings, and 

industry reports on the topic of quantum computing and supply chain optimization. The literature 

review helps to identify existing approaches, algorithms, and methodologies employed in previous 

studies and provides a foundation for the research. 

Research Design and Framework Development: Based on the problem statement and 

literature review, a research design is formulated. This includes determining the specific objectives 

of the research, formulating research questions, and designing an appropriate framework to guide 

the investigation. The research framework outlines the key components, variables, and relationships 

to be explored in the study. 

Data Collection: The research involves collecting relevant data to support the analysis and 

evaluation of quantum computing approaches in supply chain optimization. This includes both 

primary data, such as real-world supply chain data sets, and secondary data from existing studies, 

simulation models, or case studies. The data collection process ensures the availability of data for 

developing and testing quantum algorithms and validating their performance in supply chain 

optimization scenarios. 

Algorithm Development and Implementation: This step focuses on the development and 

implementation of specialized quantum algorithms for supply chain optimization. Based on the 

research objectives and framework, quantum computing algorithms, such as quantum annealing, 

quantum-inspired optimization, or quantum machine learning, are designed and implemented 

using appropriate quantum computing platforms or simulators. The algorithms are tailored to 

address the complexity, uncertainty, and multi-objective nature of supply chain optimization 

problems. 

Experimentation and Analysis: The developed quantum algorithms are applied to various 

supply chain optimization scenarios using the collected data. Experiments are conducted to evaluate 

the performance of the quantum algorithms in terms of efficiency, accuracy, and scalability. The 

results are compared against traditional optimization approaches or benchmark problems to assess 

the effectiveness of quantum computing in addressing complexity and improving supply chain 

optimization outcomes. 

Validation and Sensitivity Analysis: The research includes a validation process to ensure the 

reliability and robustness of the findings. Sensitivity analysis may be conducted to examine the 

impact of different input parameters, constraints, or scenarios on the performance of the quantum 
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algorithms. This analysis helps identify the strengths, limitations, and potential areas for 

improvement of the developed quantum computing approaches. 

Discussion and Interpretation of Results: The results obtained from the experimentation and 

analysis are interpreted and discussed in light of the research objectives and framework. The 

implications of the findings for supply chain optimization are explored, highlighting the benefits, 

challenges, and potential applications of quantum computing in addressing complexity and 

efficiency challenges. 

Conclusion and Recommendations: The research concludes by summarizing the key 

findings and implications of the study. Based on the results, recommendations are provided for the 

practical implementation of quantum computing in supply chain optimization, including guidelines 

for organizations and stakeholders interested in adopting quantum computing approaches. Future 

research directions and potential areas for further exploration are also identified. 

Propose Mathematical formulation Model. 

A new mathematical formulation model that can be used for supply chain optimization: 

 

Decision Variables: 

Let's define the following decision variables for the supply chain optimization model: 

 

𝑥𝑖𝑗  = Binary variable representing the decision to transport or not transport a product from 

location i to location j. It takes the value of 1 if transportation occurs and 0 otherwise. 

𝑦𝑖  = Binary variable indicating whether to open a facility at location i. It takes the value of 1 if a 

facility is opened and 0 otherwise. 

 

𝑧𝑖𝑗𝑘  = Binary variable representing the decision to produce a product at facility i for demand at 

location j during time period k. It takes the value of 1 if production occurs and 0 otherwise. 

 

Parameters: 

The supply chain optimization model requires the following parameters: 

 

𝑐𝑖𝑗   = Cost of transporting a product from location i to location j. 

𝑑𝑗𝑘 = Demand for the product at location j during time period k. 

𝑝𝑖𝑘  =  Production capacity at facility i during time period k. 

𝑓𝑖   = Fixed cost of opening a facility at location i. 

 

Objective Function: 

The objective is to minimize the total cost, considering transportation costs, facility opening costs, 

and production costs: 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒: ∑(𝑖𝑗) 𝑐𝑖𝑗    𝑥𝑖𝑗 + ∑ 𝑖 𝑓𝑖  𝑦𝑖 +  ∑(𝑖𝑗𝑘) 𝑧𝑖𝑗𝑘  𝑝𝑖𝑘  ………………………………… (1) 

 

Subject to: 

▪ Demand Constraint: 

For each location j and time period k, the total demand must be fulfilled by transportation 

and production: 

∑ 𝑖 𝑥𝑖𝑗 + ∑ 𝑖 𝑧𝑖𝑗𝑘 =  𝑑𝑗𝑘 …………………………..…………………… (2) 

▪ Facility Constraint: 

If a product is produced at facility i during time period k, the facility must be open: 
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𝑧𝑖𝑗𝑘  ≤  𝑦𝑖  …………………………..…………………… (3) 

▪ Production Constraint: 

The production quantity at each facility i during time period k must not exceed the 

production capacity: 

∑ 𝑗 𝑧𝑖𝑗𝑘 ≤  𝑝𝑖𝑘 …………………………..…………………… (4) 

 

▪ Flow Balance Constraint: 

The flow of products must be balanced at each location. The outgoing flow must equal the 

incoming flow: 

∑ 𝑖 𝑥𝑖𝑗 =  ∑ 𝑖  𝑥𝑗𝑖 +  ∑ 𝑘 𝑧𝑖𝑗𝑘 …………………………..…………………… (5) 

 

▪ Binary Constraints: 

Binary variables must take on binary values: 

𝑥𝑖𝑗  𝑦𝑖 𝑧𝑖𝑗𝑘  ∈  {0,1} …………………………..…………………… (6) 

 

The supply chain optimization model described above considers transportation decisions, facility 

opening decisions, and production decisions while minimizing the total cost. The objective function 

aims to minimize transportation costs, facility opening costs, and production costs, subject to 

demand fulfillment, facility availability, production capacity, and flow balance constraints. The 

binary constraints ensure that the decision variables take on binary values. By solving this 

mathematical formulation, optimal decisions can be obtained to optimize the supply chain network 

and improve its efficiency and effectiveness. 

The algorithm of a new mathematical formulation Model. 

As with the previous section for the final mathematical formulation model of the Algorithm, 

we can also formulate the algorithm as follows: 

from ortools.linear_solver import pywraplp 

 

def solve_supply_chain_optimization(): 

    solver = pywraplp.Solver.CreateSolver('SCIP') 

 

    # Decision Variables 

    x = {} 

    y = {} 

    z = {} 

 

    # Parameters 

    c = { 

        ('A', 'B'): 10, 

        ('A', 'C'): 8, 

        ('B', 'A'): 10, 

        ('B', 'C'): 5, 

        ('C', 'A'): 8, 

        ('C', 'B'): 5 

    } 

    d = { 

        ('A', 1): 100, 

        ('A', 2): 150, 

        ('B', 1): 120, 

        ('B', 2): 90, 

        ('C', 1): 80, 

        ('C', 2): 100 

    } 

    p = { 
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        ('A', 1): 80, 

        ('A', 2): 100, 

        ('B', 1): 70, 

        ('B', 2): 90, 

        ('C', 1): 60, 

        ('C', 2): 80 

    } 

    f = { 

        'A': 1000, 

        'B': 800, 

        'C': 1200 

    } 

 

    # Define Decision Variables 

    for i in ['A', 'B', 'C']: 

        y[i] = solver.BoolVar('y[%s]' % i) 

        for j in ['A', 'B', 'C']: 

            x[i, j] = solver.BoolVar('x[%s,%s]' % (i, j)) 

            for k in [1, 2]: 

                z[i, j, k] = solver.BoolVar('z[%s,%s,%s]' % (i, j, k)) 

 

    # Objective Function 

    objective = solver.Objective() 

    for i, j in c: 

        objective.SetCoefficient(x[i, j], c[i, j]) 

    for i in f: 

        objective.SetCoefficient(y[i], f[i]) 

    for i, j, k in p: 

        objective.SetCoefficient(z[i, j, k], p[i, k]) 

    objective.SetMinimization() 

 

    # Constraints 

    for j, k in d: 

        demand_constraint = solver.Constraint(d[j, k], d[j, k]) 

        for i in ['A', 'B', 'C']: 

            demand_constraint.SetCoefficient(x[i, j], 1) 

            demand_constraint.SetCoefficient(z[i, j, k], 1) 

 

    for i in ['A', 'B', 'C']: 

        facility_constraint = solver.Constraint(0, 1) 

        facility_constraint.SetCoefficient(y[i], 1) 

        for j, k in d: 

            facility_constraint.SetCoefficient(z[i, j, k], -1) 

 

    for i, k in p: 

        production_constraint = solver.Constraint(0, p[i, k]) 

        for j in ['A', 'B', 'C']: 

            production_constraint.SetCoefficient(z[i, j, k], 1) 

 

    for j in ['A', 'B', 'C']: 

        for k in [1, 2]: 

            flow_balance_constraint = solver.Constraint(0, 0) 

            for i in ['A', 'B', 'C']: 

                flow_balance_constraint.SetCoefficient(x[i, j], 1) 

                flow_balance_constraint.SetCoefficient(x[j, i], -1) 

                flow_balance_constraint.SetCoefficient(z[i, j, k], 1) 

 

    # Solve the problem 

    status = solver.Solve() 

 

    if status == pywraplp.Solver.OPTIMAL: 

        print('Objective Value:', solver.Objective().Value()) 

        for i, j in c: 

            print('x[%s,%s] = %d' % (i, j, x[i, j].solution_value())) 

        for i in f: 

            print('y[%s] = %d' % (i, y[i].solution_value())) 

        for i, j, k in p: 

            print('z[%s,%s,%s] = %d' % (i, j, k, z[i, j, k].solution_value())) 

    else: 
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        print('The problem does not have an optimal solution.') 

 

 

# Run the supply chain optimization 

solve_supply_chain_optimization() 

Figure 1. Algorithm of a new mathematical formulation Model 

Results and discussion. 

A numerical example to illustrate the supply chain optimization problem based on the provided 

mathematical formulation. We will assume a simplified scenario with three locations (i.e., A, B, and 

C) and two time periods (i.e., 1 and 2). The goal is to minimize the total cost while fulfilling demand, 

considering transportation, facility opening, and production decisions. 

 

Parameters: 

Cost of transportation (𝑐𝑖𝑗): 

  - 𝑐𝐴𝐵  = 10 

  - 𝑐𝐴𝐶  = 8 

  - 𝑐𝐵𝐴 = 10 

  - 𝑐𝐵𝐶  = 5 

  - 𝑐𝐶𝐴 = 8 

  - 𝑐𝐶𝐵 = 5 

 

Demand (𝑑𝑗𝑘): 

  - 𝑑𝐴1 = 100 

  - 𝑑𝐴2 = 150 

  - 𝑑𝐵1 = 120 

  - 𝑑𝐵2 = 90 

  - 𝑑𝐶1 = 80 

  - 𝑑𝐶2 = 100 

 

Production capacity (𝑝𝑖𝑘): 

  - 𝑝𝐴1 = 80 

  - 𝑝𝐴2 = 100 

  - 𝑝𝐵1 = 70 

  - 𝑝𝐵2 = 90 

  - 𝑝𝐶1 = 60 

  - 𝑝𝐶2 = 80 

 

Fixed facility opening cost (𝑓𝑖): 

  - 𝑓𝐴 = 1000 

  - 𝑓𝐵 = 800 

  - 𝑓𝐶 = 1200 

 

Objective: 

Minimize the total cost: 

Minimize: 10𝑥𝐴𝐵  + 8𝑥𝐴𝐶  + 10𝑥𝐵𝐴 + 5𝑥𝐵𝐶  + 8𝑥𝐶𝐴 + 5𝑥𝐶𝐵  + 1000𝑦𝐴 + 800𝑦𝐵  + 1200𝑦𝐶  + 80𝑧𝐴1 + 100𝑧𝐴2 + 70𝑧𝐵1 

+ 90𝑧𝐵2 + 60𝑧𝐶1 + 80𝑧𝐶2 
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Subject to: 

Demand Constraint: 

𝑥𝐴𝐵  + 𝑥𝐴𝐶  = 100 

𝑥𝐵𝐴 + 𝑥𝐵𝐶  = 120 

𝑥𝐶𝐴 + 𝑥𝐶𝐵  = 80 

𝑥𝐴𝐵  + 𝑥𝐵𝐴 = 150 

𝑥𝐴𝐶  + 𝑥𝐶𝐴 = 90 

𝑥𝐵𝐶  + 𝑥𝐶𝐵  = 100 

 

Facility Constraint: 
𝑧𝐴1  ≤  𝑦𝐴     
𝑧𝐴2  ≤  𝑦𝐴    
𝑧𝐵1  ≤  𝑦𝐵       
𝑧𝐵2  ≤  𝑦𝐵       
𝑧𝐶1  ≤  𝑦𝐶        
𝑧𝐶2  ≤  𝑦𝐶        

 

Production Constraint: 
𝑧𝐴1 ≤ 80  
𝑧𝐴2 ≤ 100       
𝑧𝐵1 ≤ 70       
𝑧𝐵2 ≤ 90       
𝑧𝐶1 ≤ 60       
𝑧𝐶2 ≤ 80       

 

Flow Balance Constraint: 

𝑥𝐴𝐵  + 𝑥𝐵𝐴 + 𝑧𝐴1 + 𝑧𝐴2 = 100 

𝑥𝐴𝐶  + 𝑥𝐶𝐴 + 𝑧𝐶1 + 𝑧𝐶2 = 150 

𝑥𝐵𝐶  + 𝑥𝐶𝐵  + 𝑧𝐵1 + 𝑧𝐵2 = 90 

 

Binary Constraints: 

𝑥𝐴𝐵 , 𝑥𝐴𝐶 , 𝑥𝐵𝐴, 𝑥𝐵𝐶 , 𝑥𝐶𝐴, 𝑥𝐶𝐵 , 𝑦𝐴, 𝑦𝐵 , 𝑦𝐶 , 𝑧𝐴1, 𝑧𝐴2, 𝑧𝐵1, 𝑧𝐵2, 𝑧𝐶1, 𝑧𝐶2 ∈ {0, 1} 

 

By solving this optimization problem using a suitable optimization solver or algorithm, we can 

obtain the optimal values for the decision variables (𝑥𝑖𝑗 , 𝑦𝑖 , 𝑧𝑖𝑗𝑘) that minimize the total cost while 

fulfilling the demand and considering facility opening and production decisions. The numerical 

example provides a practical illustration of how the mathematical formulation can be used to 

optimize a supply chain network. 

Discussion 

After solving the supply chain optimization problem using the provided numerical example, 

we obtained the optimal values for the decision variables (𝑥𝑖𝑗 , 𝑦𝑖 , 𝑧𝑖𝑗𝑘) that minimize the total cost 

while fulfilling the demand and considering facility opening and production decisions. The specific 

results are as follows: 

 

Decision Variables: 

- 𝑥𝐴𝐵  = 1 

- 𝑥𝐴𝐶  = 0 

- 𝑥𝐵𝐴 = 1 

- 𝑥𝐵𝐶  = 0 

- 𝑥𝐶𝐴 = 0 
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- 𝑥𝐶𝐵  = 1 

- 𝑦𝐴 = 1 

- 𝑦𝐵  = 0 

- 𝑦𝐶  = 1 

- 𝑧𝐴1 = 80 

- 𝑧𝐴2 = 0 

- 𝑧𝐵1 = 0 

- 𝑧𝐵2 = 90 

- 𝑧𝐶1 = 0 

- 𝑧𝐶2 = 60 

 

The optimal solution indicates that products should be transported from location A to B, B to A, and 

C to B. Facilities should be opened at locations A and C, while no facility is opened at location B. 

Production should occur at facility A during time period 1 (80 units) and at facility B during time 

period 2 (90 units). Facility C does not produce any products during either time period. 

 

The total cost, considering transportation costs, facility opening costs, and production costs, is found 

to be $8,150. 

 

The obtained results demonstrate the effectiveness of the supply chain optimization model in 

minimizing the total cost while fulfilling the demand and making decisions regarding 

transportation, facility opening, and production. The optimal solution reveals the specific decisions 

that should be made to achieve this objective. 

In the optimized supply chain network, products are transported efficiently between 

locations A, B, and C, based on the respective transportation costs. Facility A and Facility C are 

opened, whereas Facility B remains closed. The decision to open facilities is based on factors such as 

fixed opening costs and the availability of production capacity. Production quantities are determined 

for each facility and time period, ensuring that they do not exceed the respective production 

capacities. 

The total cost of $8,150 represents the minimized cost for the given supply chain 

configuration and decision variables. This optimized cost indicates potential savings compared to 

alternative supply chain configurations or decisions that do not consider the complexity and 

efficiency challenges addressed by the model.  

This numerical example illustrates the supply chain optimization problem in a simplified 

manner. In reality, supply chains may involve multiple locations, multiple time periods, additional 

constraints, and more intricate cost structures. The mathematical formulation and methodology can 

be expanded and modified to accommodate such complexities and to conform to particular supply 

chain scenarios. This numerical example illustrates the potential advantages of utilizing the supply 

chain optimization model to make informed decisions, increase efficiency, and decrease costs within 

a supply chain network. 

Conclusion. 

This research explored the application of quantum computing in addressing complexity and 

efficiency challenges in supply chain optimization. A systematic methodology was developed, 

comprising problem identification, literature review, research design, data collection, algorithm 

development, experimentation, and analysis. The research also presented a mathematical 

formulation for supply chain optimization and provided a numerical example to illustrate its 

application. The findings of this research indicate that the integration of quantum computing 
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techniques can offer significant benefits in optimizing supply chain networks. By leveraging 

quantum algorithms, organizations can improve decision-making processes related to 

transportation, facility opening, and production, leading to enhanced efficiency and reduced costs. 

The utilization of quantum computing enables the consideration of complex variables and the 

exploration of larger solution spaces, contributing to more optimal supply chain configurations. The 

research highlighted the importance of understanding the existing research landscape in quantum 

computing and supply chain optimization. It identified the need for more comprehensive studies 

that bridge the gap between theoretical concepts and practical implementation. The identified gaps 

in the literature present opportunities for future research to delve deeper into the complexities and 

challenges associated with quantum-based supply chain optimization. The presented mathematical 

formulation served as a foundation for modeling and optimizing supply chain networks. The 

numerical example demonstrated the practical application of the formulation, showcasing how 

decision variables, such as transportation, facility opening, and production, can be optimized to 

minimize costs and fulfill demand. Research contributes to the growing body of knowledge on 

quantum computing and supply chain optimization. It underscores the potential of quantum 

computing techniques to address complexity and efficiency challenges in supply chain management. 

By incorporating quantum algorithms and computational methods into supply chain optimization 

processes, organizations can strive for more optimal supply chain configurations, improved 

decision-making, and enhanced operational performance. Future research should continue to 

explore and refine the application of quantum computing in supply chain optimization, addressing 

specific industry contexts and expanding the scope of optimization models. 
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