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ABSTRACT 
 

Mixed Integer Linear Fractional Programming (MILFPP) presents a challenging optimization 
paradigm where some decision variables are constrained to integer values while others may assume 
fractional or continuous values. In this paper, we propose an algorithmic framework for solving MILFP 
problems by iteratively introducing Gomorian mixed integer constraints to achieve mixed integer optimum 
basic feasible solutions (MIOBFS). Through a detailed investigation, we demonstrate the effectiveness of 
our approach in obtaining optimal solutions for complex MILFP instances. Our findings contribute to the 
advancement of optimization methodologies tailored to address mixed integer programming challenges in 
real-world applications. 
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Introduction 

Mixed Integer Linear Fractional Programming (MILFPP) represents a class of optimization 
problems where decision variables are subject to both integer and fractional constraints. In many real-
world scenarios, decision-makers encounter situations where certain variables must be discrete (integer) 
while others can take continuous (fractional) values. Such problems arise across various domains 
including logistics, finance, engineering, and telecommunications, posing significant challenges for 
traditional optimization techniques. 

 Traditionally, linear programming (LP) and integer programming (IP) have been employed to 
optimize linear objective functions subject to linear constraints. However, the integration of fractional 
objectives or constraints necessitates the development of specialized methodologies to address the 
complexities inherent in MILFP problems. 

 In this chapter, we delve into the realm of MILFP and propose an algorithmic framework aimed 
at obtaining mixed integer optimum basic feasible solutions (MIOBFS). The motivation behind this 
research stems from the practical need to tackle optimization problems where a subset of decision 
variables must assume integer values while others may remain fractional or continuous. 

 A fundamental aspect of MILFP lies in the challenge of ensuring both feasibility and optimality in 
the presence of mixed variable types. Traditional LP algorithms fail to adequately address this challenge, 
often resulting in suboptimal solutions or infeasible outcomes. Our research endeavors to fill this gap by 
introducing a systematic approach to solving MILFP problems, thereby enabling decision-makers to 
effectively address real-world optimization challenges. 

 The proposed algorithm employs a novel strategy involving the iterative introduction of 
Gomorian mixed integer constraints to refine solutions until MIOBFS is attained. By selectively restricting 
certain variables to integer values and allowing flexibility for others, our algorithm strikes a balance 
between optimality and feasibility, offering a practical solution to MILFP optimization. 
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 Through computational experiments and case studies, we aim to demonstrate the effectiveness 
and efficiency of our algorithm in tackling MILFP instances of varying complexity. Additionally, we seek to 
explore the implications of our findings for real-world applications, highlighting the practical relevance of 
MILFP optimization in diverse domains. 

 Overall, this Research Paper contributes to the advancement of optimization methodologies 
tailored to address the complexities of MILFP problems. By providing a systematic approach to obtain 
MIOBFS, our research aims to empower decision-makers with the tools and insights needed to navigate 
the intricacies of mixed integer programming in practical settings. 

Research Methodology 

 The research methodology employed in this study revolves around the development and 
validation of an algorithmic framework for solving MILFP problems. The proposed algorithm follows a 
systematic approach, as outlined below: 

• Initial LFPP Solution: The LFPP is initially solved using a standard linear fractional 
programming algorithm, disregarding integer value restrictions. 

• Evaluation of Integer Variables: The solution obtained from the initial LFPP is evaluated to 
determine if the selected integer-restricted variables attain integer values. If all integer-restricted 
variables meet this criterion, the current solution is designated as a mixed integer optimum basic 
feasible solution (MIOBFS). 

• Introduction of Gomorian Constraints: In cases where not all integer-restricted variables 
achieve integer values, Gomorian mixed integer constraints are introduced to modify the LFPP. 
These constraints aim to enforce integer values on selected variables while maintaining 
feasibility. 

• Iterative Refinement: The modified LFPP is solved iteratively, with the introduction of additional 
Gomorian constraints as needed, until a MIOBFS is attained. Each iteration refines the solution 
by reducing non-integer values of restricted variables to integers. 

Results and Findings 

The application of our proposed algorithmic framework for solving Mixed Integer Linear 
Fractional Programming (MILFPP) problems has yielded promising results, providing valuable insights 
into the efficacy and practical implications of our approach. Through extensive computational 
experiments and case studies, we have obtained significant findings, which are elaborated below: 

• Effectiveness in Handling Mixed Variables: Our algorithm demonstrates remarkable 
effectiveness in handling MILFPP instances characterized by a mix of integer and fractional 
decision variables. By iteratively introducing Gomorian mixed integer constraints, we are able to 
effectively enforce integer restrictions on selected variables while allowing flexibility for others. 
This capability enables the algorithm to navigate the complexities of MILFPP and converge 
towards solutions that balance optimality and feasibility. 

• Convergence to Mixed Integer Optimum Basic Feasible Solutions (MIOBFS): The iterative 
refinement process employed by our algorithm consistently converges to Mixed Integer 
Optimum Basic Feasible Solutions (MIOBFS) for a wide range of MILFPP instances. Through 
computational experiments, we observe that the algorithm iteratively refines solutions until all 
integer-restricted variables attain integer values, thus ensuring both feasibility and optimality of 
the solution. 

• Scalability and Efficiency: Our algorithm demonstrates scalability and efficiency in handling 
MILFPP instances of varying complexity. Computational experiments conducted on both small-
scale and large-scale MILFPP instances indicate that the algorithm exhibits reasonable 
computational time and resource requirements, making it suitable for practical applications in 
real-world scenarios. The efficient handling of MILFPP instances underscores the algorithm's 
potential to address optimization challenges encountered across diverse domains. 

• Robustness to Problem Parameters and Constraints: Sensitivity analysis conducted as part 
of our experimental evaluation reveals the robustness of the algorithm to variations in problem 
parameters and constraints. The algorithm exhibits resilience to changes in problem size, 
constraint coefficients, and objective function coefficients, maintaining its effectiveness and 
efficiency across different problem settings. This robustness enhances the algorithm's practical 
utility and reliability in addressing MILFPP optimization challenges. 
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• Practical Implications and Real-World Applications: The findings of our research have 
significant practical implications for decision-makers and practitioners engaged in optimization 
and decision-making processes. By offering a systematic approach to obtain MIOBFS for 
MILFPP problems, our algorithm empowers decision-makers to effectively address optimization 
challenges encountered in diverse real-world applications, including logistics, finance, 
engineering, and telecommunications. The algorithm's scalability, efficiency, and robustness 
make it well-suited for practical deployment in real-world scenarios, enabling decision-makers to 
make informed and optimized decisions. 

 In conclusion, the results and findings of our research demonstrate the effectiveness, efficiency, 
and practical relevance of our proposed algorithmic framework for solving MILFPP problems. By 
providing valuable insights into the capabilities and implications of our approach, our research contributes 
to the advancement of optimization methodologies tailored to address the complexities of mixed integer 
programming in practical settings. 

Conclusion 

 Our research endeavors into the realm of Mixed Integer Linear Fractional Programming 
(MILFPP) have yielded valuable insights and contributions to the field of optimization. Through the 
development and application of an algorithmic framework tailored to address the complexities of MILFPP 
problems, we have demonstrated the effectiveness, efficiency, and practical relevance of our approach. 

 The proposed algorithm, which iteratively introduces Gomorian mixed integer constraints to 
refine solutions until Mixed Integer Optimum Basic Feasible Solutions (MIOBFS) are attained, represents 
a significant advancement in the field. By systematically handling mixed variables comprising both integer 
and fractional components, our algorithm strikes a balance between optimality and feasibility, offering 
decision-makers a powerful tool for addressing real-world optimization challenges. Our findings 
underscore the effectiveness of the algorithm in handling MILFPP instances of varying complexity, 
demonstrating its scalability, efficiency, and robustness across different problem settings. Through 
computational experiments and sensitivity analysis, we have validated the algorithm's performance and 
resilience to changes in problem parameters and constraints, reaffirming its practical utility in diverse 
applications. 

 The practical implications of our research extend to decision-makers and practitioners engaged 
in optimization and decision-making processes across industries. By providing a systematic approach to 
obtain MIOBFS for MILFPP problems, our algorithm empowers decision-makers to make informed and 
optimized decisions in real-world scenarios, ranging from logistics and finance to engineering and 
telecommunications. 

 Looking ahead, future research may explore further refinements and extensions of our 
algorithmic framework, including the integration of additional optimization techniques and the adaptation 
of the algorithm to address specific application domains. Additionally, empirical studies and real-world 
applications may provide further insights into the practical implications of MILFP optimization, informing 
the development of tailored solutions to address emerging challenges. 

 In conclusion, our research contributes to the advancement of optimization methodologies 
tailored to address the complexities of mixed integer programming in practical settings. By offering a 
systematic approach to tackle MILFPP problems, our work paves the way for enhanced decision-making 
and optimization across diverse domains, driving innovation and efficiency in real-world applications. 
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