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Abstract
Fog computing brings cloud-like services closer to data sources, improving 

responsiveness but also introducing challenges like high energy consumption and 
inefficient resource use. To tackle this, VM consolidation using live migration is employed 
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to enhance energy efficiency and resource management. This paper introduces a hybrid 
Genetic Algorithm model that combines various selection strategies—Tournament, Rank, 
SUS, Truncation, and Roulette-Wheel—to optimize CPU and memory usage during VM 
consolidation. By using heuristics for population generation, fitness evaluation, and load 
balancing, the model minimizes active physical machines and adapts to workload changes, 
improving efficiency in fog data centers.
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1. Introduction 
The evolution of Internet of Things (IoT) and the growing demand for real-

time data processing have highlighted the shortcomings of centralized cloud 
systems. In response, fog computing has emerged as a viable solution by 
extending cloud-like capabilities closer to data sources. By providing 
computation, storage, and networking near the edge, fog computing enhances 
responsiveness and supports latency-sensitive applications like intelligent 
transport systems and video conferencing. It operates through a decentralized 
framework where edge devices communicate with nearby fog nodes, such as 
routers and gateways, which are capable of handling localized tasks. This local 
processing reduces pressure on central servers, minimizes latency, and improves 
decision-making in time-critical scenarios. Alongside fog nodes, more powerful 
fog servers are deployed in locations like shopping malls to manage virtualized 
tasks such as job scheduling and intermediate storage. The architecture 
facilitates layered data handling by first processing data at the edge and then 
forwarding complex tasks to fog servers or the cloud. With the use of 
technologies like Wi-Fi, Ethernet, and 5G, fog computing ensures seamless 
communication, efficient resource use, and reduced reliance on centralized 
systems. While it improves performance, the rapid growth of fog infrastructure 
raises concerns about energy consumption and inefficient resource utilization. 
To address this, research proposes hybrid optimization techniques using genetic 
algorithms to improve VM consolidation, job scheduling, and energy efficiency, 
thus contributing to a more sustainable and effective fog computing model. 

2. Literature Review 
Cloud computing data centers are rapidly expanding to meet high-

performance demands, yet inefficient resource utilization results in high energy 
consumption and costs, leading researchers like [1] to propose VM 
consolidation techniques that factor in multiple efficiency parameters. Building 
on this, genetic algorithms have gained popularity for optimization in fog 
environments, with [2] offering a detailed taxonomy and [3] integrating GA with 
reinforcement learning to improve energy efficiency in fog nodes. Although fog 
computing effectively supports latency-sensitive applications, it still struggles 
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with load balancing and resource allocation, [4] propose a two-layer GA-based 
VM consolidation architecture, while [5, 6] present advanced hybrid 
optimization strategies like MOD-JAYA, E2FFO, and DCCO to boost energy 
efficiency and system performance. Author in [7] propose the HEPGA 
algorithm by combining HEFT, PSO, and GA for optimal task scheduling, while 
[8] apply a whale optimization hybrid to address cost, SLA violations, and 
resource efficiency. Building on this, researchers like [9, 10] have leveraged 
advanced meta-heuristics for load balancing and resource scheduling, achieving 
reductions in energy consumption and improvements in QoS. Innovations such 
as MOMA [11], DPSO-GA with CNN-LSTM [12], and WOA-Scheduler [13] 
have further advanced workload provisioning and dynamic task scheduling, with 
MG RAO [14] exploring resource utilization in WSN-IoT contexts using varied 
algorithms. Additionally, [6] introduce energy-efficient scheduling models like 
GA-based ILP, while [1] focus on workload learning and VM migration, all 
contributing to scalable and sustainable fog and cloud computing through AI 
and hybrid algorithm integration. 

3. Proposed Methodology 
This paper presents a VM optimizer integrated within the Fog Node 

controller module, designed to enhance task scheduling and resource allocation 
in fog computing environments. The Fog controller comprises three primary 
units: the VM Controller, GA Optimizer, and Computing Unit, each playing a 
vital role in managing virtual machines efficiently as depicted in the Figure 1. 
The VM Controller is responsible for monitoring VM status, analyzing 
application requirements, and prioritizing service requests based on urgency and 
resource needs. It collects data on context instances and system status to queue 
and assign service requests accordingly. The GA Optimizer employs a Hybrid 
Genetic Algorithm, including a variant with Local Search (HGALS), to select 
VMs based on CPU and memory utilization. Various fitness functions were 

 
Figure 1 

Proposed Flow diagram the Fog Node 
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tested to improve the accuracy of VM selection and optimize resource usage. 
Once a VM is selected, it is passed to the Computing Unit, which represents 
virtualized computing resources responsible for executing delay-sensitive tasks. 
This Computing Unit helps reduce latency by processing data locally within the 
fog environment. The use of hybrid optimization techniques ensures better 
performance, especially for applications requiring real-time processing. 

2.1 Algorithms 
Algorithm 1: GA with the Roulette-Wheel Selection 
Input :   - Task Resources (     - CPU and    -  Memory) 
     - Population Size, G-Generation,   - Mutation Rate;        – Task Count; 
    - New Population 
Algorithm Genetic_Algorithm(  ,      , G,   ): 
1. Initialize population using Initialize_Population (      ,      ) 
    *              +   
             *              + 
2.  For generation in range (1, G + 1): 
         a. Evaluate fitness for each chromosome in the   
  For each chromosome: 

  Compute total CPU and memory usage is given by equation 1 and 
fitness given by equation 2. 

             (                 )   
      (                  )   (1) 

           
(         )  (2) 

 b. Create new population: 
  For i = 1 to      / 2: 

 i. Select parents using Selection (     , fitness_scores). The selection 
is based on the Roulette- Wheel. The parents are selected based on 
the equation 3. 

                                       (            
       (           )
∑                 

)      (3) 

  ii. Perform crossover to generate child_1, child_2. 
                                             ,      -          ,      - 
                                              ,      -          ,      - 
  iii. Mutate child_1 and child_2 with Mutate(). 
  iv. Add child1 and child2 to      
 c. Replace the old population with the      using the crossover and 

mutate. 
 d. Print the best fitness of the generation. 
 e. If best fitness == 1: 
  Break (optimal solution found). 
3. Return the best chromosome as the optimal schedule. 
End Algorithm 
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HGA can improve resource utilization and reduce energy consumption in 
fog computing by combining GA with heuristics or other optimization 
techniques. To further enhance performance, HGA is modified with a Local 
Search using hill-climbing, forming the HGALS. The paper also introduces 
features to track and visualize CPU and memory usage across generations 
during HGALS execution. 

Algorithm 2: HG with Local Search, Roulette-Wheel Selection 
Input:      - Population Size, G-Generation,   - Mutation Rate;        – Task 
Count;     - New Population 

T- Tasks*          +; PM- Physical Machine contains the information 
regarding the CPU and memory 

Define Hybrid_Genetic_Algorithm(T, PM,      , generations,   ): 
          = len(tasks) 

population = Initialize population with random task assignments 
best_fitness_per_gen=[],cpu_utilization_per_gen=[], 
memory_utilization_per_gen = [] 

For gen from 0 to generations - 1: 
Fitness_scores = [fitness(individual, tasks, PM) for individual in 
population] 
new_population = [] 
For each pair of parents: 

Parent_1, parent_2 = selection(population, fitness_scores) 
Child_1, child_2 = crossover(parent1, parent2) 
new_population.extend([mutate(child1, mutation_rate, task_count), 
mutate(child_2, mutation_rate, task_count)]) 
top_individuals = sort population by fitness in descending order 
optimized_individuals = Apply local search to top 5 individuals 
new_population [0 to len (optimized_individuals)] = 
optimized_individuals 
population = new_population 
best_fitness = max ([fitness (ind, tasks, PM) for ind in population]) 
best_fitness_per_gen. append (best_fitness) 
best_individual= population [fitness_scores. index 
(max(fitness_scores))] 

cpu_util, memory_util = calculate_utilization (best_individual, tasks, PM) 
cpu_utilization_per_gen. append (cpu_util) 

memory_utilization_per_gen. append (memory_util) 
Return population, best_fitness_per_gen, cpu_utilization_per_gen, 
memory_utilization_per_gen 

 
The proposed approach optimizes task scheduling in fog computing by 

integrating a GA with Local Search, considering CPU and memory constraints. 
It begins with a random population of task-to-PM schedules, evaluated using a 
fitness function that penalizes high resource usage. Through crossover, 
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mutation, and roulette-wheel selection, new populations are generated while 
maintaining diversity. The best individuals undergo hill-climbing-based local 
search to enhance performance. Progress is monitored by recording fitness 
values and resource utilization across generations. HGALS is tested using five 
different fitness functions: Rank Selection (RS), Stochastic Universal Sampling 
(SUS), Tournament Selection (TS), Truncation Selection, and Roulette-Wheel 
Selection (RW). Each technique offers unique benefits in balancing selection 
pressure and diversity, contributing to better scheduling efficiency and energy 
savings in the fog environment. 

2.2 Experimental Analysis & Result 
In the experimental results Initial step, the CPU utilization is checked. The 

proposed approach compares different selection methods—RW, RS, SUS, TS, 
and Truncation Selection, applied to both HGA and HGALS. In RW, individuals 
are chosen probabilistically based on fitness, maintaining diversity but risking 
premature convergence if fitness variance is high or low. RS improves fairness 
by ranking individuals before assigning selection probability, enhancing 
performance while preserving diversity. SUS selects parents using evenly 
spaced pointers, reducing randomness and maintaining proportional 
representation, which improves scheduling consistency. TS boosts selection 
pressure by choosing the best among randomly sampled groups, ensuring robust 
selection while maintaining fairness. Truncation Selection quickly retains only 
the top-performing individuals but risks reduced diversity and premature 
convergence, though it is effective in simpler, well-understood environments.  

 

Figure 2 
CPU and Memory utilization of the HGALS 

 
All methods are evaluated for CPU and memory utilization, demonstrating 

the impact of each selection approach on resource efficiency. The combined 
results highlight that the choice of selection function significantly influences the 
optimization quality and system performance in fog computing environments. 
Table 1 presents the CPU and memory utilization, while Figure 2 visually 
represents the same. 
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Table 1 
HGALS with the Different Selection methods 

 
 
Figures 3 and 4 illustrate the selection of best fitness and VM-PM 

utilization, where for 50 instances, 10 VMs are efficiently mapped to 4 PMs 
based on their best-fit assignment. 

 

Figure 3 
VM selection and assignment of VM to the PM. 

 

 
Figure 4 

Selection-utilization-Best fitness and VM and PM 

4. Conclusion 
Fog computing, offering low-latency benefits for delay-sensitive 

applications, faces high energy and operational costs due to inefficient resource 
management in expanding data centers. This paper explores a HGA and HGALS 
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model to address resource utilization and energy efficiency challenges in fog 
computing environments. The proposed model employs selection strategies like 
Tournament, Rank, SUS, Truncation, and Roulette-Wheel to optimize CPU and 
memory utilization during VM consolidation. By incorporating heuristic-based 
initialization and local search strategies like hill-climbing, it dynamically adapts 
to workload changes, enhancing energy savings and system efficiency. 
Performance analysis demonstrates the model's superiority in resource 
optimization, ensuring quality of service and effective scheduling for diverse 
tasks. The hybrid GA approach is a scalable, energy-efficient solution, with 
potential for future refinement using advanced metaheuristic methods and real-
world applications. 
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