
 

International Journal of Applied 
Mathematics and Computing 

E-ISSN: 3047-146X 
P-ISSN: 3048-1988 

Vol.1 No. 2 April 2024 

 

 

  

 
 

  
DOI : https://doi.org/10.62951/ijamc.v1i2.72  https://international.arimsi.or.id/index.php/IJAMC  

(Research/Review) Article 

Optimization of Nonlinear Systems Using Genetic 
Algorithms: A Case Study in Resource Allocation 

Sarah Elhassan1, Mohammed Idris2, Hiba Abdallah3 

1,-3 Sudan University of Science and Technology, Khartoum, Sudan 
 
Abstract: This paper investigates the application of Genetic Algorithms (GAs) to optimize nonlinear 
resource allocation problems. By simulating various resource allocation scenarios, we demonstrate the 
effectiveness of GAs in identifying near-optimal solutions within complex optimization environments. 
The study compares the performance of GAs with that of traditional optimization methods and 
identifies the conditions under which GAs achieve superior results. The findings highlight the potential 
of GAs for real-world applications, particularly in solving large-scale optimization problems where 
conventional approaches face challenges due to the vastness and complexity of the solution space.. 
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1. Introduction  
In recent years, the optimization of nonlinear systems has attracted considerable 

attention due to the increasing complexity of real-world problems across various domains, 
including finance, logistics, and engineering. Nonlinear optimization problems often involve 
multiple local optima, making it difficult for conventional optimization techniques, such as 
gradient descent and linear programming, to identify globally optimal solutions (Zhang et al., 
2020). As a result, Genetic Algorithms (GAs), which are inspired by the principles of natural 
selection and biological evolution, have emerged as an effective alternative for solving 
complex optimization problems (Goldberg, 1989). GAs are particularly suitable for resource 
allocation problems, where limited resources must be distributed among competing activities 
or projects to maximize overall system performance or utility. 

The application of GAs to resource allocation has been extensively investigated in 
previous studies, demonstrating their ability to handle nonlinear objective functions and 
complex constraints. For example, Wang et al. (2019) applied GAs to optimize water resource 
allocation in agricultural systems and reported a 15% improvement in crop yield compared 
with conventional optimization methods. These findings demonstrate the potential of GAs 
to enhance decision-making in resource-constrained environments. Moreover, because GAs 
do not require derivative information, they are well suited for optimization problems with 
large, complex, non-smooth, or discontinuous search spaces, where traditional optimization 
methods often encounter difficulties (Deb, 2001). 

The significance of this study lies in its investigation of the performance of GAs under 
various resource allocation scenarios. By comparing the performance of GAs with that of 
traditional optimization techniques, this study aims to identify the conditions under which 
GAs provide superior optimization results. The findings are expected to contribute to a better 
understanding of the applicability of GAs in solving nonlinear resource allocation problems 
and to provide practical insights for their implementation in real-world optimization tasks. 

The remainder of this paper is organized as follows. Section II reviews the theoretical 
foundations of Genetic Algorithms. Section III describes the research methodology and the 
simulation framework for resource allocation scenarios. Section IV presents the experimental 
results and compares the performance of GAs with conventional optimization methods. 
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Finally, Section V concludes the paper by summarizing the key findings and discussing future 
research directions. 

2. Theoretical Framework of Genetic Algorithms 
Genetic Algorithms (GAs) operate on a population of candidate solutions that evolve 

through iterative processes inspired by the principles of natural selection and biological 
evolution. The optimization process is driven by three fundamental genetic operators: 
selection, crossover, and mutation. Selection is responsible for choosing the fittest individuals 
from the current population to serve as parents for the next generation. Common selection 
strategies, such as tournament selection and roulette wheel selection, increase the probability 
that high-quality solutions will contribute their genetic material to future populations, thereby 
improving the overall search performance (Mitchell, 1996). 

 
Crossover, also known as recombination, combines the genetic information of two 

parent solutions to generate one or more offspring. This operator promotes exploration by 
introducing new combinations of solution characteristics into the population, thereby 
increasing genetic diversity. Depending on the characteristics of the optimization problem, 
various crossover techniques, including one-point crossover, two-point crossover, and 
uniform crossover, can be employed (Holland, 1975). Mutation complements the crossover 
process by introducing random modifications to individual solutions. This mechanism helps 
preserve genetic diversity, prevents premature convergence, and enables the algorithm to 
escape local optima, thereby enhancing its ability to explore the search space effectively 
(Eiben & Smith, 2003). 

 
The performance of GAs in solving nonlinear optimization problems can be further 

improved through the incorporation of adaptive mechanisms. Adaptive Genetic Algorithms 
dynamically adjust algorithm parameters, such as crossover and mutation rates, according to 
the evolutionary progress of the population. This adaptive behavior enables a better balance 
between exploration and exploitation, resulting in improved convergence and solution quality 
(Zhang et al., 2020). In addition, hybrid optimization approaches that integrate GAs with 
complementary techniques, such as local search algorithms or Particle Swarm Optimization 
(PSO), have demonstrated superior convergence speed and optimization performance 
compared with standalone GAs (Liu et al., 2018). These theoretical developments highlight 
the flexibility, robustness, and effectiveness of GAs in addressing complex nonlinear 
optimization problems across a wide range of application domains. 

3. Methodology for Simulating Resource Allocation Scenarios 
To evaluate the performance of Genetic Algorithms (GAs) in solving nonlinear resource 

allocation problems, a series of simulation experiments was designed based on representative 
real-world scenarios. These experiments were intended to emulate practical resource 
allocation challenges, including budget allocation across multiple projects, task scheduling 
under limited time constraints, and energy resource management. Each scenario was 
formulated as a nonlinear optimization problem with predefined objective functions and 
constraints, reflecting the complexity of real-world decision-making processes (Wang et al., 
2019). 

The simulation framework incorporated several GA parameters, including population 
size, crossover rate, and mutation rate, which were systematically varied to evaluate their 
effects on optimization performance. A population size of 100 individuals was selected as the 
baseline configuration because it provides an effective balance between exploration and 
exploitation (Deb, 2001). The crossover rate was evaluated at 0.6, 0.8, and 1.0, whereas the 
mutation rate was tested at 0.01, 0.05, and 0.10 to investigate its influence on convergence 
speed and solution quality. 

For each experiment, the GA was executed for a predetermined number of generations, 
ranging from 100 to 500 depending on the complexity of the optimization problem. 
Algorithm performance was evaluated using three primary metrics: convergence speed, 
solution quality, measured by the objective function value, and computational time. To assess 
the relative effectiveness of the proposed approach, the results obtained using GAs were 
compared with those produced by conventional optimization methods, including linear 
programming and simulated annealing. 
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To ensure the reliability and validity of the experimental findings, the simulation results 
were analyzed using statistical methods. Descriptive statistics, including the mean and 
standard deviation, were computed for each experimental setting. Furthermore, statistical 
hypothesis testing was performed to determine whether the observed performance 
differences between GAs and the conventional optimization methods were statistically 
significant (Field, 2013). This methodological framework provides a rigorous and 
reproducible basis for evaluating the effectiveness of GAs in solving nonlinear resource 
allocation problems. 

 
4. Results and Comparison with Traditional Optimization Methods 

The simulation results demonstrate that Genetic Algorithms (GAs) consistently 
outperformed conventional optimization methods across most of the resource allocation 
scenarios evaluated. In particular, GAs achieved superior solution quality and faster 
convergence when solving complex nonlinear optimization problems. For example, in the 
budget allocation scenario involving multiple competing projects, GAs produced an average 
objective function value that was 12% higher than that obtained using linear programming 
techniques (Wang et al., 2019). This result highlights the capability of GAs to effectively 
explore complex search spaces and satisfy nonlinear constraints, leading to higher-quality 
optimization outcomes. 

Furthermore, GAs exhibited greater robustness in optimization problems characterized 
by multiple local optima. In the task scheduling scenario, GAs successfully identified near-
optimal solutions within fewer generations than simulated annealing, which frequently 
became trapped in local optima (Liu et al., 2018). Despite their evolutionary search process, 
the average computational time required by GAs was comparable to that of the conventional 
optimization methods, indicating that improved optimization performance can be achieved 
without a substantial increase in computational cost. 

Another important advantage of GAs is their flexibility in addressing a wide variety of 
resource allocation problems. Their representation and genetic operators can be readily 
adapted to accommodate different optimization models, ranging from single-objective budget 
allocation to complex multi-objective optimization problems involving multiple constraints. 
This adaptability makes GAs particularly suitable for real-world applications, where 
optimization requirements often vary in terms of objectives, constraints, and problem 
complexity (Deb, 2001). 

The statistical analysis further confirmed the effectiveness and robustness of the 
proposed approach. The hypothesis testing results showed that the performance differences 
between GAs and the conventional optimization methods were statistically significant at the 
95% confidence level. These findings provide strong empirical evidence that GAs constitute 
an effective optimization technique for solving nonlinear resource allocation problems, 
particularly in situations where conventional optimization methods are limited by complex 
search spaces, nonlinear constraints, or the presence of multiple local optima. 

5. Conclusion 
The findings of this study suggest several promising directions for future research on 

the application of Genetic Algorithms (GAs) to nonlinear optimization problems. One 
potential research direction is the integration of machine learning techniques with GAs to 
improve their adaptability and optimization performance. By incorporating historical data and 
learning mechanisms into the evolutionary process, hybrid approaches may enhance the 
search capability of GAs, leading to faster convergence and higher-quality solutions in 
complex resource allocation problems (Zhang et al., 2020). 

Another important area for future investigation is the scalability of GAs for large-scale 
optimization problems. As modern organizations increasingly operate in dynamic and data-
intensive environments, optimization methods must be capable of efficiently exploring 
extremely large and complex search spaces. Future studies could therefore focus on 
developing parallel and distributed GA frameworks that leverage advances in high-
performance and cloud computing to improve computational efficiency and enable the 
solution of more computationally demanding optimization problems (Eiben & Smith, 2003). 

The findings of this study also have important practical implications for industries that 
depend on efficient resource allocation. In the energy sector, GAs can be applied to optimize 
the allocation of renewable energy resources, thereby improving energy utilization and 
supporting sustainable energy management. Likewise, in project management, GAs can assist 
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decision-makers by generating near-optimal solutions for allocating budgets, personnel, and 
time across multiple projects under various operational constraints (Wang et al., 2019). Similar 
applications can also be extended to logistics, manufacturing, transportation, and supply chain 
management, where efficient resource allocation is essential for improving operational 
performance. 

In conclusion, this study demonstrates that Genetic Algorithms are an effective and 
flexible optimization technique for solving nonlinear resource allocation problems. The 
experimental results show that GAs consistently achieve superior optimization performance 
compared with conventional optimization methods in complex nonlinear environments while 
maintaining competitive computational efficiency. Their ability to adapt to diverse 
optimization problems and effectively explore large search spaces makes GAs a promising 
approach for addressing real-world optimization challenges. As the complexity of resource 
allocation problems continues to increase across various application domains, the role of GAs 
is expected to become increasingly important, encouraging further research and the 
development of more advanced evolutionary optimization techniques.. 
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