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Abstract: The exponential growth of Internet of Things (IoT) devices necessitates fog computing architectures that 

balance network performance with energy efficiency and environmental sustainability. Traditional fog node placement 

algorithms decouple energy considerations from optimization processes, leading to excessive grid dependency and 

substantial carbon emissions. This research introduces Green D-OXA, a novel energy-efficient algorithm for dynamic 
fog node placement with integrated renewable energy harvesting in sustainable IoT networks. Green D-OXA extends 

the bio-inspired OX optimizer through four adaptive mechanisms: energy-aware warm-start initialization, adaptive 

iteration control, intelligent triggering with renewable energy prediction, and explicit solar-wind harvesting models with 

battery management. The algorithm formulates continuous multi-objective optimization integrating connectivity, 

coverage, movement costs, energy consumption, renewable utilization, and carbon reduction. Comprehensive 

experimental evaluation across five dynamic scenarios mobile fog nodes, equipment failures, time-varying traffic, 

network expansion, and combined dynamics demonstrates superior performance compared to three established baseline 

algorithms (SPP-TLBO, CSA-FSPP, SPP-DEA). Green D-OXA achieves 97.8% connectivity, 98.4% coverage, 68.5% 

renewable energy utilization, and 43.4%-56% CO₂ emission reduction. Scalability analysis from 50 to 1000 nodes 

confirms practical deploy ability with minimal performance degradation and 3.8%-4.9% energy overhead. Results 

establish Green D-OXA as an effective solution for sustainable large-scale IoT-fog computing infrastructures, 
advancing green computing initiatives through intelligent renewable energy integration. 

 

Index Terms: Fog Computing; Internet of Things; Renewable Energy Integration; Energy Efficiency; Dynamic 

Optimization; Sustainable Computing 

 

 

1. Introduction 

The unprecedented proliferation of Internet of Things (IoT) technologies has catalyzed a fundamental 

transformation in distributed computing paradigms, with projections indicating that interconnected devices will surpass 
75 billion by 2025. This exponential expansion generates massive volumes of time-critical data across heterogeneous 

application domains, encompassing smart urban infrastructure, autonomous transportation systems, industrial process 

automation, precision agriculture, and real-time healthcare monitoring [1, 2]. Traditional cloud computing architectures, 

despite their substantial computational capacity and elastic scalability characteristics, impose significant latency 

penalties attributable to the considerable physical separation between edge-deployed sensing devices and 

geographically distant data processing centers [3]. Such architectural limitations render centralized cloud paradigms 

fundamentally unsuitable for latency-critical IoT applications requiring millisecond-scale response times and 

instantaneous decision-making capabilities. Fog computing extends cloud capabilities toward the network edge by 

deploying distributed computing nodes in close physical proximity to data generation sources [4]. This architectural 

approach facilitates several critical operational advantages: localized data processing that minimizes round-trip 

communication delays, substantial reduction in network transmission latency, optimized bandwidth utilization through 
edge-based data filtering and aggregation, enhanced data privacy preservation through localized processing, and notably, 
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significant energy conservation potential. These characteristics position fog computing as a crucial enabling technology 

for massive energy-saving IoT deployments and green IoT networks [5, 6]. 

The integration of renewable energy sources particularly solar and wind energy harvesting systems has garnered 

substantial research attention as a promising pathway toward sustainable fog computing deployments [7].  

Energy management systems must manage distributed and intermittent sources like solar panels, wind turbines, 

and micrograms as the world moves toward renewable energy, using fog computing to carry out demand-response and 

real-time load balancing nearer the energy source [8]. Hybrid energy harvesters combine circuits that generate power 

from single energy sources such as solar, radio frequency, and vibrations, achieving energy-autonomy when power 

output equals or exceeds the overall consumption of an IoT device [9]. However, renewable energy sources present 

unique operational challenges due to their inherent variability and unpredictability [10]. The main drawback of solar 

energy is its reliability, influenced by weather conditions and spatial-temporal factors like the Sun's position throughout 
the day [11]. The interface between energy harvesters and IoT platforms plays a critical role in ensuring that collected 

environmental energy such as solar, wind or vibrational energy is efficiently converted into electrical energy and 

seamlessly integrated into the IoT system [12]. 

Modern metaheuristic algorithms demonstrate particular suitability for these complex multi-objective optimization 

problems by synergistically combining stochastic global search mechanisms with localized refinement strategies. 

Recent algorithmic advances have integrated machine learning methodologies, deep reinforcement learning approaches, 

and artificial intelligence techniques into fog computing resource management frameworks. Machine learning models 

deployed on edge devices can collect real-time data from renewable energy sources such as solar panels and wind 

turbines for forecasting energy loads based on factors such as weather conditions, time of day, and historical energy 

consumption [13]. IoT devices such as sensors and meters enable real-time data collection on solar, wind, and other 

renewable resources, allowing for accurate and dynamic assessments through integration of smart technologies for 
better decision-making in resource allocation and energy production forecasting [14]. Static or quasi-static placement 

strategies, while capable of achieving near-optimality for instantaneous network state snapshots, demonstrate rapid 

performance degradation as underlying environmental parameters and energy availability patterns evolve temporally. 

Numerous algorithms impose computationally prohibitive overhead that prevents real-time reconfiguration 

responsiveness required in dynamic environments. Alternative approaches achieve accelerated convergence rates but 

sacrifice solution quality, fail to adequately consider energy constraints, or generate excessive operational costs through 

unnecessary and frequent node repositioning operations that consume substantial energy.  

This research addresses these critical challenges through the introduction of a novel Green Dynamic OX 

Optimization Algorithm (Green D-OXA) specifically architected for energy-efficient real-time fog node placement 

optimization with renewable energy integration in highly dynamic IoT network environments. The OX optimizer is 

inspired by oxen animals characterized by their great strength, designed to address challenges posed by complex, high-
dimensional optimization problems [15]. The OX optimizer is designed to leverage the strengths of existing 

metaheuristic frameworks while introducing unique mechanisms to improve search efficiency and solution quality, 

embodying a fundamental symmetry between global and local search processes. The proposed Green D-OXA 

framework extends the OX optimizer through four adaptive mechanisms: (1) energy-aware warm-start initialization 

using historical configurations, (2) adaptive iteration control based on environmental changes and energy resources, (3) 

intelligent triggering with renewable energy prediction, and (4) explicit solar/wind harvesting models with battery 

management. These innovations enhance efficiency, sustainability, and deployability. Unlike conventional static 

approaches, Green D-OXA formulates continuous multi-objective optimization integrating connectivity, coverage, 

movement costs, energy consumption, renewable utilization, battery management, and carbon reduction. This enables 

Pareto-optimal solutions balancing performance, efficiency, and sustainability. 

This research makes the following contributions to energy-efficient fog computing optimization: 

 
1. Introduce Mathematical model incorporating mobility patterns, node failures, renewable energy harvesting, 

battery dynamics, and multi-objective optimization. 

2. Provide Novel approach combining OX optimizer with energy-aware mechanisms, renewable prediction, and 

battery management for optimal performance and sustainability. 

3. Introduce Threshold-based mechanism using energy forecasts and battery monitoring to optimize network 

adaptation timing while minimizing consumption. 

4. Provide Comprehensive framework including modeling, energy prediction, battery management, and hybrid 

energy coordination with grid fallback. 

5. Extensive evaluation across five scenarios demonstrating superiority over baseline algorithms in connectivity, 

coverage, energy efficiency, and carbon reduction. 

 
The remainder of this paper is organized as follows: Section 2 present review of related work. Section 3 provides 

the methodology used in this work. Section 4 presents experimental results and comparative analysis. Finally, Section 5 

concludes with future research directions and practical recommendations. 
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2. Related Works 

The proliferation of IoT devices and latency-sensitive applications has necessitated fog computing paradigms to 

bridge the gap between cloud infrastructure and edge devices. This section reviews contemporary optimization 

approaches, categorized by methodological frameworks, while identifying critical research gaps motivating the present 

work. Energy efficiency has emerged as a fundamental challenge in fog computing, particularly for massive IoT 

deployments [16]. The proliferation of fog nodes introduces significant energy consumption challenges in resource-

constrained environments [17]. Machine learning-based approaches have shown substantial improvements. The 

EcoTaskSched model, integrating CNNs with Bidirectional LSTM, maintained 85% job completion rates while 
achieving lower response times and SLA violations [18]. Metaheuristic algorithms address the NP-complete nature of 

task scheduling. The EETSPSO algorithm effectively schedules tasks while minimizing energy consumption [19], while 

the ETFC framework utilizes SVMs for traffic prediction and NSGA-III for high-traffic management [20]. Deep 

reinforcement learning has demonstrated exceptional adaptability. The DRLMOTS scheduler reduced makespan by 

26.80% and energy consumption by 39.60% compared to conventional methods while enhancing fault tolerance by 

221.89% [21]. Comprehensive survey research has identified key trends and future directions. A systematic survey 

reviewing 51 research articles published over the past six years categorized task-scheduling algorithms into heuristic, 

meta-heuristic, AI-driven, and hybrid approaches, evaluating each based on objectives, strategies, and energy 

management capabilities with focus on key performance metrics such as energy consumption, computational latency, 

task completion time, and quality of service [22].  The ASSA combination for workflow scheduling successfully 

minimized both energy consumption and makespan under priority, deadline, and reliability constraints [23]. Modified 

optimization algorithms like TS-GWO, incorporating innovative operators, demonstrated superior performance over 
established methods in NASA Ames iPSC and HPC2N workloads [24]. A comprehensive review employing the 

PRISMA protocol examined heuristic-based task scheduling in fog computing, with selected studies required to meet 

criteria related to task scheduling, energy optimization, and resource management [25]. Solar energy represents one of 

the most accessible and widely adopted forms of renewable energy for IoT and fog computing applications. Research 

investigating combined renewable energy systems with IoT and smart homes demonstrated that hybrid systems 

optimizing solar panels, wind turbines, and energy storage systems with IoT sensors and controllers achieved average 

efficiency improvements of up to 72.3%, reduced energy costs by up to 61%, and lowered CO₂ emissions by more than 

61% compared to conventional systems [26]. The solar-wind-storage configurations increased efficiency to 80% with 

customer satisfaction of 8.5/10, indicating practical applicability. Smart hybrid renewable energy resource assessment 

involves utilizing an Internet of Things-based approach to optimize the evaluation and management of renewable 

energy sources by employing IoT devices such as sensors and meters for real-time data collection on solar, wind, and 
other renewable resources, allowing for accurate and dynamic assessments [27]. The integration of smart technologies 

enables better decision-making in resource allocation, energy production forecasting, and overall system optimization. 

Small-scale wind energy devices with high efficiency and flexible deployment have garnered attention for 

powering distributed IoT sensors [28]. Hybrid energy harvesters combining solar, RF, and vibration sources achieve 

energy-autonomy when output meets or exceeds device consumption. Super capacitor-based hybrid systems enable off-

grid battery charging even with 4V turbine output in low wind locations [29]. Machine learning models on edge devices 

collect real-time data from renewable sources for load forecasting based on weather, time, and historical consumption 

[30]. IoT-enabled systems revolutionize renewable energy monitoring and net-metering control [31]. Despite advances, 

renewable sources face challenges. Solar energy reliability is influenced by weather and spatial-temporal factors [28]. 

Renewables experience availability fluctuations due to variability, requiring optimization techniques including linear 

programming and learning algorithms [10]. 
The fog computing service placement problem belongs to the NP-complete complexity class, motivating 

metaheuristic approaches for near-optimal solutions. The Marine Predators Algorithm optimizes fog node deployments 

through multi-objective functions maximizing coverage and enhancing connectivity [32]. The MS-NSGA algorithm 

optimizes fog colonies for constrained multi-objective service placement, demonstrating optimal trade-offs for 

Barabasi-Albert topology [33]. The Imperialist Competitive Algorithm addresses IoT service placement as autonomous 

planning in fog computing [34]. Adapted grey wolf optimizers considering task duration and resource requirements 

outperformed GA, PSO, and ABC in makespan, energy, and cost [35]. Hybrid methods combining multiple techniques 

have shown enhanced performance. A GA-SA-PSO hybrid for multi-objective IoT service placement revealed that GA-

SA outperformed state-of-the-art algorithms [36]. Levy flight and genetic algorithm hybridization for fog-enabled IoT 

networks leveraged both algorithms' strengths for energy efficiency and QoS [37]. The IPGA-SPP, configured with 

shared memory and elitist operators, maintained Pareto solutions balancing latency, cost, utilization, and time while 

incorporating two-way trust management [38]. EMOPSOC combined with Fog Picker minimized latency, resource 
wastage, and load imbalances, outperforming NSGA-II and SPEA-II [39]. A secure two-step framework implements 

ML-based improved adaptive neuro-fuzzy inference for tier prediction and chaotic grasshopper with GA for fog tier 

scheduling, overcoming local minima and slow convergence [40]. Advanced replication and placement strategies enable 

scalable parallel processing adapting to demand fluctuations [41]. Multi-objective optimization balances conflicting 

metrics such as latency, energy, cost, and resource utilization. Enhanced task scheduling addresses IoT data growth 
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requiring prompt responses for delay-sensitive applications [42]. Formulations employ weighted sum approaches, 

Pareto-based methods (NSGA-II, NSGA-III, SPEA-II), or lexicographic strategies. Pareto-based methods maintain non-

dominated solution populations representing diverse trade-offs. Despite progress, critical gaps remain: Energy and 

Placement Decoupling, Computational Overhead, Renewable Energy Integration, Dynamic Adaptation Mechanisms, 

and Scalability and Real-World Deployment. These gaps motivate the Green D-OXA development, addressing 

limitations through integrated energy-aware mechanisms, renewable harvesting models, intelligent triggering protocols, 

and comprehensive multi-objective optimization balancing network performance, energy efficiency, and environmental 

sustainability. 

3. Methodology 

This section presents a comprehensive methodology for energy-efficient dynamic fog node placement with 

renewable energy integration. We begin with an overview of the proposed approach, followed by detailed system 

modeling, problem formulation, the Green D-OXA algorithm, and implementation considerations. The proposed 

methodology addresses the challenge of dynamic fog node placement in IoT networks while minimizing energy 

consumption and maximizing renewable energy utilization. The methodology integrates bio-inspired optimization (OX 

optimizer) with energy-aware adaptive mechanisms specifically designed for renewable energy-powered fog computing 

environments. 

3.1. System Architecture and Energy Models 

3.1.1. Three-Tier Architecture 

We adopt a three-tier IoT-fog-cloud architecture where fog nodes act as intermediary computational resources 

between IoT devices and cloud infrastructure as shown in figure 1. 
 

- IoT Edge Layer: Sensors, actuators, and smart devices generating time-sensitive data with constraints on 

latency and bandwidth. 

- Fog Layer: Distributed computing nodes equipped with solar panels and/or wind turbines for renewable energy 

harvesting, providing localized processing and storage. 

- Cloud Layer: Centralized resources for computationally intensive tasks, long-term storage, and global 

coordination. 

3.1.2. Network Components 

Fog Node Set: G (t) = {g1(t), …,   (t)} where each node gᵢ is characterized by: 

 
• Spatial position: (xᵢ (t), yᵢ (t)). 

• Communication range: Rᵢ [meters]. 

• Battery capacity:   
   [Wh]  

• State of charge: SoCᵢ (t) ∈ [0.2, 1.0]  

• Operational status: Active, Failed, or Recovering. 

 

Edge Device Set: E (t) = {e1 (t)…   ( ) (t)} with dynamic locations and service demands. 

3.1.3. Energy Consumption Model 

Total energy consumption for fog node    during time interval    comprises three components [43]: 

 

   
     ( )      

    ( )     
    ( )     

    ( ) (1) 

 

- Computational Energy:   
    ( )               

 ( )      where   is processor coefficient,    is capacity, and 

  ( ) is CPU frequency 
- Communication Energy:  

 

   
    ( )    ∑ (                     

       )
 

 
(2) 

 

accounting for transmission/reception circuitry (       ) and distance-dependent propagation (   ) 
 

   
    ( )         ‖  ( )      (      )‖ (3) 

 

for physical node repositioning. 
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Fig. 1. A three-tier IoT-fog-cloud architecture. 

3.1.4. Renewable Energy Harvesting Model 

Renewable energy sources embedded in fog computing deployments—solar photovoltaic panels and small-scale 

wind turbines are inherently intermittent and statistically non-stationary. Their output depends on multi-scale 

meteorological dynamics: irradiance varies with the diurnal solar cycle and seasonal orbital geometry; wind speed 

exhibits site-specific distributional characteristics that shift between seasons; and transient cloud-cover events interrupt 

solar generation on timescales of seconds to minutes. An accurate energy management strategy must therefore represent 
these three distinct sources of variability diurnal and seasonal deterministic trends, inter-epoch stochastic fluctuations, 

and event-driven intermittency within a unified probabilistic framework. The following subsections develop each 

component in turn before synthesizing them into a joint availability model used by Green D-OXA's reconfiguration 

scheduler. 

Solar Energy: The instantaneous solar power harvested is [44]: 

 

   
     ( )                ( ) (4) 

 

where       ,         -  is photovoltaic efficiency,    is panel area ,  - , and  ( )  is solar irradiance ,    - 

varying with time of day, season, and weather conditions. 

Wind Energy: For wind speeds within operational range [45]: 

 
 

  
    ( )    

 

 
           

 ( ) 
(5) 

 

where                 is air density,    is turbine swept area,          is power coefficient,            is 

generator efficiency, and   ( ) is wind speed ,   -. 
Total Harvested Energy: 
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       ( )    .  

     ( )     
    ( )/        (6) 

3.1.5. Battery Dynamics and Grid Fallback 

Battery state of charge evolves according to 

 

 

    (      )        ( )   
       

       ( )   
  
     ( )

  

  
      

(7) 

 

where           is charging efficiency,           is discharging efficiency. The constraint     ( )    0.2 prevents 

battery deep discharge. 

Grid Energy Fallback: When renewable energy is insufficient and battery depleted: 
 

   
    ( )       .    

     ( )      
       ( )/           ( )         (8) 

 

This ensures continuous operation while prioritizing renewable energy utilization. 

3.1.6. Network Performance Metrics 

Connectivity: The network connectivity is measured as the size of the largest connected component: 

 

  ( ( ))         |  ( )| (9) 

 

Two nodes       are connected if  (       )       (     ) and both are active.Coverage: The number of edge 

devices covered by at least one active fog node: 
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(10) 
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   (       )

 
   

(11) 

3.2. Problem Formulation 

3.2.1. Multi-Objective Optimization 

The dynamic fog node placement problem is formulated as a constrained multi-objective optimization that 

balances network performance, energy efficiency, and environmental sustainability: 

 

 
     ( ( ))     

 ( ( ))

 
    

 ( ( ))
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(12) 

 

where: 

 

           ,   - are weight parameters with                   

 First term maximizes network connectivity 

 Second term maximizes device coverage 

 Third term minimizes movement cost:      ( )    ∑      ‖  ( )     (      )‖
 
  

 Fourth term maximizes renewable energy utilization ratio. 

3.2.2. Environmental Sustainability Metric 

Carbon footprint from grid energy consumption: 

 

 
   ( )    ∑   

    ( )        

 

     
 

(13) 

 

where                      is the grid emission factor. 
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3.2.3. Formal Constraint Set 

The following constraints constitute the complete feasibility region. They are grouped by concern: spatial 

feasibility, connectivity, energy (including renewable variability and storage), and movement budget. 

Spatial Feasibility 

Every active fog node must reside within the deployment region at all times: 

 

   ( )    ,    -   ( )    [    ]        ( )     (14) 

Minimum Connectivity 

The placement must guarantee that the largest connected component contains at least a prescribed fraction d_min 

of all active nodes: 

 

 |   ( ( ))|                   (15) 

 

This constraint prevents solutions that satisfy the coverage objective by dispersing nodes to the point of network 

partition. 

Movement Budget 

Node repositioning per reconfiguration epoch is capped at D_max to limit energy expenditure and ensure nodes 

remain accessible throughout the transition: 

 

 ‖  ( )      (      )‖                ( )      (16) 

Renewable Energy Variability (Solar) 

Instantaneous solar power harvested by node i is a bounded, time-varying quantity governed by weather and 

diurnal irradiance patterns: 

 

       
     ( )            

         ( )            
                     (17) 

 

The irradiance I(t) is treated as an exogenous, stochastic process; the algorithm does not control it but must respect 

its upper bound when budgeting energy for the optimization run. 

Battery State-of-Charge Bounds 

The battery state of charge of each node evolves according to the charge-balance equation and must remain within 

safe operating bounds at every epoch: 

 

              ( )               ( )     (18) 

 

where SoC_min = 0.2 guards against deep discharge, which degrades battery chemistry and shortens lifespan. 

Battery Storage Capacity 

The total stored energy must never exceed the physical battery capacity of the node: 

 

     ( )     
   
     

   
         (19) 

 

Equivalently, SoC_i(t) ≤ 1.0. Excess harvested energy beyond capacity is curtailed, which informs the scheduling 

heuristic that avoids waste by deferring high-intensity computation to periods of near-full storage. 

Grid Fallback Non-negativity 

The grid energy supplement is non-negative and is activated only when the combined renewable harvest and 

battery discharge cannot cover the node's instantaneous demand: 

 

   
    ( )       (    

     ( )             ( )     
   
     

    ( )     )          (20) 

 

The system thereby treats grid consumption as a last-resort measure, consistent with the renewable-maximization 
objective. 
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3.2.4. Dynamic Optimization Problem 

Given initial configuration ( ), edge device dynamics ( ), and renewable energy availability patterns, determine: 

1. Reconfiguration times     *          + 
2. Optimal fog node positions  (  ) at each reconfiguration 

Objective: Maximize time-averaged performance:    
 

 
 ( ( ))    subject to all constraints. 

3.3. Proposed Solution: Green D-OXA 

3.3.1. OX Optimizer Foundation 

The Green D-OXA algorithm is built upon the OX optimizer, a bio-inspired metaheuristic inspired by oxen's 

strength and steady collaborative behavior [46]. The algorithm operates through balanced exploration and exploitation 

phases. 

Solution Representation: Each agent (ox)    represents a candidate fog node configuration: 

 

      ,(     ) (     )   (     )-  (21) 

 

Fitness Evaluation: Each solution is evaluated using  (  )     ( ( )) from Equation (3). 

Exploration Phase: Global search discovering promising regions: 

 

   
                (          )         (          ) (22) 

 

where          (   )       is the best solution found, and       is a random solution.Exploitation Phase: Local 

refinement with persistence (damping): 

 
 

  
               (          )     

 
 

     
(23) 

 

where     ,   -  controls step size and  
 

 

     provides decreasing perturbation over iterations.Collaborative 
Mechanism: Averaging neighboring solutions: 
 

 
  
      

 

|  |
∑   

 

      

 
(24) 

3.3.2 Energy-Aware Adaptive Mechanisms 

Mechanism 1: Warm-Start Initialization: Leverages temporal correlation by initializing from previous optimal 

solution: 

 
   

    ( )         (      )    (   
 )  (25) 

 

where            (           ). This reduces convergence time by   –    compared to random initialization. 

Mechanism 2: Energy Budgeting: Constrains algorithm energy consumption to protect battery reserves: 

 

      ( )          (    ( )      )     
     (26) 

 

Ensuring algorithm overhead remains below    of available energy. 

Mechanism 3: Renewable Energy Prediction: Uses exponential smoothing for short-term energy forecasting: 

 

         
 (      )                  ( )                  (      ) (27) 

 

Non-critical reconfigurations are strategically delayed to periods of predicted high renewable energy availability, 

reducing grid dependency. 

3.3.3. Complete Algorithm 

The complete Green D-OXA workflow integrates all components into a unified framework: 
 

Algorithm 1. Green D-OXA for Energy-Efficient Fog Node Placement. 

Input: Initial positions P (0), Weight parameters (α, γ, β, s), Maximum iterations     , and Energy models (solar, 

wind, battery).Output: Optimal positions P(t) over time, Energy consumption statistics, Performance metrics history. 

1: Initialize population using warm-start (Eq. 8). 

2:  Evaluate fitness  (  ) for all solutions. 3:        ← solution with highest fitness.4:   Store:        in memory for 
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future warm-starts. 

5:   while              do 

6:   // Monitoring Phase 

7: Measure current state:  ( ( ))  ( ( ))     ( )8:  Update renewable energy:   
 
 harvest (t) 9:   Predict future 

energy:   harvest (      ) using Eq. 11 

10:  // Decision Phase 

11:   if        ( )      then    

12:    Determine adaptive iterations:          using Eq. 9  

13:   Check energy budget constraint: Eq. 10 
14:   // Optimization Phase 

15:   for iter     to        do16:   for each agent   in population do17:   if iter         /2 then18:   // Global 

exploration 

19:    Update    using Eq. 5   

20:     else  

21:    // Local exploitation      

22:    Update   using Eq. 6      

23:    Apply collaborative averaging: Eq. 7       

24:     end if   

25:   Enforce spatial, energy, movement constraints 

26:   Evaluate fitness: S(  ) = F(P(t))27:  if S(  ) > S(     ) then  28:       ←      29:    end if    

30:    end for  
31:    end for   

32:     // Deployment Phase 

33:      Deploy new configuration: P(t) ←      34:   Update battery states: SoC_i(t+Δt) using Eq. 235:  Calculate 

movement cost: C_move(t) 36:   Log environmental impact: CO₂ (t) 

37: end if 

38: Update all node energy states 

39: Apply grid fallback if necessary 

40: t ← t + Δt 

41: end while 

4. Experimental Results 

This section presents comprehensive experimental evaluation of the Green D-OXA algorithm across diverse 

dynamic scenarios. We compare performance against three established baseline algorithms and analyze results across 

energy efficiency, network performance, and sustainability metrics. 

4.1. Experimental Setup 
 

Experiments were conducted using MATLAB R2023b on a system with Intel Core i7-12700K processor and 32GB 

RAM. The simulation environment models a three-tier IoT-fog-cloud architecture with integrated renewable energy 
systems. All algorithms use identical initial configurations and parameter settings for fair comparison. Each experiment 

is repeated 50 independent runs with different random seeds to ensure statistical reliability and minimize the impact of 

stochastic variations. As detailed in Table 1, the experimental configuration encompasses a deployment area of 1000m 

× 1000m with 20-50 fog nodes and 100-500 IoT devices, depending on the specific scenario requirements. Each fog 

node is equipped with a communication range of 200 meters, enabling localized service delivery to edge devices. The 

renewable energy infrastructure includes solar panels with 2 m² area and 20% efficiency, complemented by wind  

Table 1. Network Configuration and Energy System Parameters. 

Parameter Value 

Deployment area 1000m × 1000m 

Number of fog nodes 20-50 (scenario-dependent) 

Number of IoT devices 100-500 

Communication range   =200 m 

Simulation duration 24 hours 

Time step Δt 5 minutes 

Solar panel area 2   per node 

Panel efficiency 0.20 

Wind turbine swept area 1.5   

Battery capacity 500Wh 

Charging/discharging efficiency 0.95 
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turbines with 1.5 m² swept area. Battery systems provide 500Wh capacity with 95% charging and discharging 

efficiency, ensuring reliable energy storage and utilization. The simulation spans 24 hours with 5-minute time steps, 

capturing diurnal variations in renewable energy availability and network dynamics. 

4.2. Overall Performance Comparison 

Table 2 presents a comprehensive performance comparison of Green D-OXA against three established baseline 

algorithms: SPP-TLBO (Service Placement Problem with Teaching-Learning-Based Optimization), CSA-FSPP (Crow 

Search Algorithm for Fog Service Placement Problem), and SPP-DEA (Service Placement Problem with Differential 

Evolution Algorithm). The results demonstrate Green D-OXA's superior performance across all evaluated metrics, 

establishing its effectiveness in balancing network performance, energy efficiency, and environmental sustainability. 

Green D-OXA achieves the highest connectivity rate of 97.8%, representing a 2.6% improvement over SPP-TLBO and 

a substantial 5.5% enhancement compared to SPP-DEA. This superior connectivity ensures robust communication 
pathways among fog nodes, critical for maintaining network resilience in dynamic environments. Similarly, Green D-

OXA attains 98.4% coverage, surpassing all baseline algorithms and ensuring that nearly all IoT devices receive 

adequate service from fog nodes, as illustrated in Figure 2. The network performance metrics visualization in Figure 2 

clearly demonstrates Green D-OXA's dominance in both connectivity and coverage dimensions, with consistently 

higher bars compared to competing algorithms. 

Table 2. Comprehensive Performance Comparison Across All Dynamic Scenarios. 

Algorithm Connectivity 

(%) 

Coverage (%) Adaptation 

Time (s) 
Movement 

Cost (J) 

Energy 

Consumption 

(kWh) 

Renewable 

Util. (%) 

CO₂ (kg) 

SPP-TLBO 95.2 96.8 120.5 412.7 8.45 52.3 4.03 

CSA-FSPP 94.6 95.2 95.3 398.6 8.72 49.7 4.38 

SPP-DEA 92.3 93.8 45.2 567.8 9.28 44.2 5.18 

Green D-OXA 97.8 98.4 78.2 245.3 7.23 68.5 2.28 9 
 

Regarding computational efficiency, Green D-OXA completes network adaptations in 78.2 seconds, positioning it 

between the fastest (SPP-DEA at 45.2 seconds) and slowest (SPP-TLBO at 120.5 seconds) algorithms. This 

intermediate adaptation time represents an optimal trade-off, as excessively rapid convergence often sacrifices solution 

quality, while prolonged optimization delays network responsiveness. The efficiency metrics comparison presented in 

Figure 3 illustrates this balance, showing how Green D-OXA achieves superior performance without the computational 
overhead of SPP-TLBO or the premature convergence issues of SPP-DEA. 

 

 

Fig. 2. Network Performance Metrics: Connectivity and Coverage Comparison across All Algorithms. 

The most significant advantage of Green D-OXA emerges in movement cost optimization, where it requires only 

245.3 joules a remarkable 40.6% reduction compared to SPP-TLBO (412.7 J) and 56.8% improvement over SPP-DEA 

(567.8 J). This substantial reduction in physical node repositioning directly translates to energy conservation and 

extended network operational lifetime. As depicted in Figure 3, movement cost represents a critical efficiency metric 

where Green D-OXA demonstrates exceptional performance. Energy consumption analysis reveals that Green D-OXA 

consumes 7.23 kWh over the simulation period, representing 14.4% less energy than SPP-TLBO (8.45 kWh) and 22.1% 

less than SPP-DEA (9.28 kWh). This reduction stems from Green D-OXA's intelligent integration of renewable energy 
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forecasting and adaptive iteration control mechanisms. Most remarkably, Green D-OXA achieves 68.5% renewable 

energy utilization, substantially exceeding SPP-TLBO (52.3%), CSA-FSPP (49.7%), and SPP-DEA (44.2%). This 16.2 

percentage point improvement over the best baseline algorithm demonstrates the effectiveness of Green D-OXA's 

energy-aware adaptive mechanisms and renewable energy prediction capabilities. The environmental impact assessment 

reveals that Green D-OXA produces only 2.28 kg of CO₂ emissions, representing a 43.4% reduction compared to SPP-

TLBO and a 56% reduction compared to SPP-DEA. This substantial carbon footprint reduction aligns with global 

sustainability objectives and demonstrates the algorithm's contribution to green computing initiatives. 

 

 

Fig. 3. Efficiency Metrics Comparison: Node Repositioning Movement Cost and Network Adaptation Time. 

4.3. Scenario-Specific Analysis 

4.3.1. Scenario 1: Mobile Fog Nodes 

Mobile fog node scenarios simulate environments where fog infrastructure is deployed on moving platforms such 

as autonomous vehicles, drones, or mobile edge servers. Table 3 presents performance metrics under these challenging 

conditions, where network topology continuously evolves due to node mobility. Green D-OXA maintains exceptional 

connectivity (97.8%) and coverage (98.4%) despite continuous node movement, demonstrating robust performance in 

highly dynamic environments. The adaptation time of 85.3 seconds represents optimal responsiveness, balancing 

thorough optimization with timely network reconfiguration. Most significantly, Green D-OXA achieves a recovery time 
of 72.4 seconds following mobility-induced disruptions—26.0% faster than the best baseline algorithm (SPP-DEA at 

98.0 seconds) and 37.5% faster than SPP-TLBO (115.8 seconds). The movement cost of 268.5 joules demonstrates 

Green D-OXA's intelligent repositioning strategy, which minimizes unnecessary node movements while maintaining 

optimal network configuration. This efficient mobility management is critical in scenarios where energy resources are 

limited and physical movement incurs substantial operational costs. 

Table 3. Performance under Mobile Fog Node Conditions. 

Algorithm Connectivity (%) Coverage (%) Adaptation Time (s) Movement Cost (J) Recovery Time (s) 

SPP-TLBO 94.5 96.1 118.7 445.2 115.8 

CSA-FSPP 93.8 95.3 98.4 425.3 108.5 

SPP-DEA 91.7 93.5 90.9 415.4 98.0 

Green D-OXA 97.8 98.4 85.3 268.5 72.4 

4.3.2. Scenario 2: Random Equipment Failures 

Equipment failure scenarios evaluate algorithm resilience when fog nodes experience random hardware 

malfunctions, power outages, or software crashes. Table 4 presents network recovery performance metrics under these 

fault conditions, which are inevitable in real-world deployments. Green D-OXA demonstrates superior fault tolerance, 

maintaining 96.2% connectivity and 97.5% coverage even during failure events. The recovery time of 78.3 seconds 

significantly outperforms baseline algorithms, representing 37.5% faster recovery than SPP-TLBO (125.4 seconds) and 

21.2% improvement over SPP-DEA (99.4 seconds). This rapid recovery capability ensures minimal service disruption 

and enhanced system reliability. The service disruption metric reveals Green D-OXA's most impressive advantage in 

this scenario: only 12.5 seconds of service interruption compared to 29.6 seconds (SPP-DEA), 38.4 seconds (CSA-

FSPP), and 45.8 seconds (SPP-TLBO). This represents a 57.8% reduction in disruption time compared to the best 

baseline algorithm, directly translating to improved quality of service and user experience. Additionally, Green D-OXA 



Green D-OXA: Energy-Efficient Fog Node Placement with Renewable Energy Integration for Sustainable IoT Networks 

Volume 18 (2026), Issue 3 – Page 12 

achieves the fastest failure detection at 6.8 seconds, enabling prompt remedial actions and minimizing cascading 

failures. 

Table 4. Network Recovery Performance Under Random Equipment Failures. 

Algorithm Connectivity (%) Coverage (%) Recovery Time (s) Service Disruption (s) Failure Detection (s) 

SPP-TLBO 93.8 95.2 125.4 45.8 8.3 

CSA-FSPP 92.4 94.6 102.7 38.4 7.8 

SPP-DEA 92.3 93.7 99.4 29.6 7.5 

Green D-OXA 96.2 97.5 78.3 12.5 6.8 

4.3.3. Scenario 3: Time-Varying Traffic Patterns 

Time-varying traffic scenarios simulate realistic IoT workloads characterized by diurnal patterns, periodic events, 

and stochastic demand fluctuations. Table 5 evaluates algorithm performance under these dynamic load conditions, 
which require adaptive resource allocation strategies. Green D-OXA achieves 97.5% connectivity and 98.2% overall 

coverage while maintaining exceptional performance during both peak and low-load periods. During peak load 

conditions, when network resources face maximum stress, Green D-OXA sustains 97.8% coverage a 3.8% 

improvement over SPP-TLBO (94.2%) and 5.3% enhancement compared to SPP-DEA (92.9%). This superior peak-

load performance ensures quality of service maintenance during critical high-demand periods. During low-load periods, 

Green D-OXA achieves 98.6% coverage, demonstrating consistent performance across varying load conditions. The 

energy efficiency metric reveals Green D-OXA's most significant advantage in this scenario: total energy consumption 

of only 5.4 kWh compared to 6.2 kWh (SPP-TLBO), 6.5 kWh (CSA-FSPP), and 6.9 kWh (SPP-DEA). This represents 

a 12.9% energy reduction compared to the best baseline algorithm, achieved through intelligent load-aware adaptation 

and renewable energy forecasting mechanisms that defer non-critical reconfigurations to periods of high renewable 

energy availability. 

Table 5. Adaptation Performance Under Time-Varying Traffic Patterns. 

Algorithm Connectivity (%) Coverage (%) Peak Load 

Coverage (%) 

Low Load 

Coverage (%) 

Energy Efficiency 

SPP-TLBO 95.8 96.9 94.2 97.8 6.2 kWh 

CSA-FSPP 94.2 95.8 93.5 97.2 6.5 kWh 

SPP-DEA 96.7 94.4 92.9 97.9 6.9 kWh 

Green D-OXA 97.5 98.2 97.8 98.6 5.4 kWh 

4.3.4. Scenario 4: Progressive Network Expansion 

Progressive network expansion scenarios evaluate algorithm performance during incremental fog node deployment, 

simulating realistic network growth patterns where infrastructure is deployed in phases. Table 6 presents performance 

metrics during this evolutionary deployment process. 
Upon completion of the expansion process, Green D-OXA achieves 98.1% final connectivity and 98.7% final 

coverage, surpassing all baseline algorithms. The total movement cost of 387.5 joules represents a 38.1% reduction 

compared to SPP-TLBO (625.8 J) and demonstrates efficient integration of new nodes without excessive repositioning 

of existing infrastructure. The integration success rate of 99.2% indicates that Green D-OXA successfully incorporates 

new fog nodes while maintaining network stability and performance. This represents a 2.7 percentage point 

improvement over SPP-TLBO and 1.8 percentage points over SPP-DEA, demonstrating robust handling of topology 

changes. Most remarkably, Green D-OXA achieves convergence in only 145.3 seconds 49.1% faster than SPP-TLBO 

(285.4 seconds) and 23.7% faster than CSA-FSPP (248.7 seconds). This rapid convergence enables timely network 

scaling and reduces the transitional period during which the network operates sub-optimally. 

Table 6. Performance of Progressive Network Expansion. 

Algorithm Final Connectivity 

(%) 

Final Coverage (%) Total Movement 

Cost (J) 

Integration Success 

(%) 

Convergence Time 

(s) 

SPP-TLBO 96.3  97.4  625.8  96.5  285.4  

CSA-FSPP 95.7  96.8  598.2  95.8  248.7  

SPP-DEA 94.8  95.6  463.4  97.4  190.5  

Green D-OXA 98.1  98.7  387.5  99.2  145.3  

4.3.5. Scenario 5: Combined Dynamics 
 

The combined dynamics scenario represents the most challenging evaluation, simultaneously incorporating mobile 

nodes, equipment failures, traffic variations, and network expansion. Table 7 presents performance metrics under these 

realistic, multi-faceted dynamic conditions. Green D-OXA maintains 96.5% connectivity and 97.8% coverage despite 

the compounding challenges of multiple simultaneous dynamics, representing 3.3% and 3.0% improvements over SPP-
TLBO respectively. The algorithm executes only 14 total reconfigurations during the simulation period, demonstrating 
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intelligent triggering that avoids excessive network adaptations while maintaining performance. This represents the 

optimal balance between adaptation frequency and stability, as SPP-DEA's 15 reconfigurations achieve lower 

performance, while CSA-FSPP's 22 reconfigurations introduce unnecessary operational overhead. The average energy 

consumption of 7.8 kWh represents a 15.2% reduction compared to SPP-TLBO and 22.8% improvement over SPP-

DEA. Most significantly, Green D-OXA achieves 65.3% renewable energy utilization—a 16.8 percentage point 

improvement over SPP-TLBO—demonstrating the algorithm's effectiveness in maximizing sustainable energy sources 

even under complex, multi-dimensional dynamic conditions. The stability index of 0.89 quantifies network consistency 

and predictability, with Green D-OXA achieving 14.1% higher stability than SPP-TLBO (0.78) and 25.4% 

improvement over SPP-DEA (0.71). This superior stability ensures reliable service delivery and reduces the frequency 

of disruptive reconfigurations, as visualized in Figure 4. The performance metrics across all five scenarios, illustrated in 

Figure 4, demonstrate Green D-OXA's consistent superiority across diverse operational conditions, with connectivity 
and coverage bars consistently exceeding baseline algorithms in every evaluated scenario. 

Table 7. Performance under Combined Dynamic Conditions. 

Algorithm Connectivity 

(%) 

Coverage (%) Total Reconfig. Avg Energy 

(kWh) 

Renewable Util. 

(%) 

Stability Index 

SPP-TLBO 93.2 94.8 18 9.2 48.5 0.78 

CSA-FSPP 92.5 94.1 22 9.5 46.2 0.74 

SPP-DEA 90.8 92.3 15 10.1 42.8 0.71 

Green D-OXA 96.5 97.8 14 7.8 65.3 0.89 

 

 

Fig. 4. Algorithm Performance (Connectivity) and Coverage across Five Dynamic Evaluation Scenarios. 

4.4. Energy and Sustainability Analysis 

4.4.1. Renewable Energy Utilization 

Table 8 provides a detailed breakdown of energy sources utilized by each algorithm, offering insights into 

sustainability performance. Green D-OXA harvests 3.58 kWh from solar energy, representing 14.7% more solar 

utilization than SPP-TLBO (3.12 kWh) and 33.6% improvement over SPP-DEA (2.68 kWh). This enhanced solar 

energy harvesting results from Green D-OXA's renewable energy prediction mechanism, which strategically schedules 

computationally intensive operations during periods of peak solar irradiance. Wind energy harvesting remains relatively 

consistent across algorithms (1.30-1.42 kWh), as wind patterns exhibit greater temporal variability and reduced 

predictability compared to solar irradiance. However, Green D-OXA's hybrid energy coordination framework 
effectively combines both renewable sources to maximize total harvesting. 

Table 8. Results of Energy Breakdown Analysis. 

Algorithm Solar Energy 

(kWh) 

Wind Energy 

(kWh) 

Grid Energy 

(kWh) 

Total (kWh) Renewable (%) 

SPP-TLBO 3.12 1.30 4.03 8.45 52.3% 

CSA-FSPP 2.95 1.38 4.39 8.72 49.6% 

SPP-DEA 2.68 1.42 5.18 9.28 44.2% 
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Green D-OXA 3.58 1.37 2.28 7.23 68.5% 

 
The most significant differentiation emerges in grid energy consumption, where Green D-OXA requires only 2.28 

(kWh) representing a 43.4% reduction compared to SPP-TLBO (4.03 kWh) and 56.0% reduction compared to SPP-

DEA (5.18 kWh). This substantial decrease in grid dependency directly translates to reduced carbon emissions and 

lower operational costs. The total energy consumption of 7.23 kWh demonstrates Green D-OXA's overall efficiency, 

achieving superior network performance while consuming 14.4% less energy than SPP-TLBO and 22.1% less than 

SPP-DEA. Green D-OXA's renewable energy utilization rate of 68.5% represents a paradigm shift toward sustainable 

fog computing, as illustrated in Figure 5. The energy breakdown comparison clearly visualizes how Green D-OXA 

maximizes solar and wind harvesting while minimizing grid dependency, with the green (renewable) portions of bars 

substantially larger than baseline algorithms. This achievement stems from the synergistic integration of energy-aware 

warm-start initialization, adaptive iteration control, renewable energy prediction, and intelligent triggering mechanisms. 

 
 

 

Fig. 5. Energy Breakdown Comparison by Source (Solar, wind, and grid energy utilization across algorithms). 

 

4.5. Environmental Impact and Scalability 

Table 9 presents a comprehensive environmental impact assessment, quantifying the carbon footprint of each 

algorithm. Green D-OXA produces only 2.28 kg of CO₂ emissions over the 24-hour simulation period, representing a 
43.4% reduction compared to SPP-TLBO and 56.0% reduction compared to SPP-DEA. To contextualize this 

environmental benefit, the equivalent trees metric indicates that Green D-OXA's carbon reduction is equivalent to the 

annual CO₂ absorption of 0.10 mature trees, representing 44.4% fewer trees required for carbon offsetting compared to 

SPP-TLBO. The battery cycles metric reveals that Green D-OXA completes only 2.1 full charge-discharge cycles 

during the simulation period, compared to 3.2 cycles for SPP-TLBO and 4.1 cycles for SPP-DEA. This 34.4% reduction 

in battery cycling extends battery lifespan and reduces replacement frequency, contributing to both economic savings 

and environmental sustainability by minimizing electronic waste. Figure 6 provides a compelling visualization of 

environmental impact, with Green D-OXA's CO2 emissions bar substantially shorter than all baseline algorithms, 

reinforcing its position as the most environmentally sustainable solution. 

Table 9. Results of environmental Impact Assessment. 

Algorithm CO₂ Emissions (kg) Equivalent Trees* Battery Cycles 

SPP-TLBO 4.03  0.18 3.2  

CSA-FSPP 4.38  0.20 3.5  

SPP-DEA 5.18  0.24 4.1  

Green D-OXA 2.28  0.10 2.1  

 

Table 10 evaluates Green D-OXA's scalability across network sizes ranging from 50 to 1000 nodes, addressing a 

critical concern for large-scale IoT deployments. The execution time exhibits approximately linear growth, scaling from 
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35.2 seconds for 50 nodes to 612.8 seconds for 1000 nodes, demonstrating computational tractability even for extensive 

networks. Memory consumption grows proportionally from 124 MB to 2480 MB, remaining within practical limits for 

modern computing systems. 

 

Fig. 6. Environmental Impact Assessment (CO₂ emissions comparison across algorithms). 

Table 10. Scalability Performance Over Network Sizes. 

Network Size (k) Execution Time (s) Memory (MB) Connectivity (%) Coverage (%) Energy Overhead (%) 

50 35.2 124 98.5 98.9 3.8 

100 78.2 248 97.8 98.4 4.2 

200 142.5 496 97.2 97.9 4.5 

500 325.4 1240 96.8 97.5 4.7 

1000 612.8 2480 96.3 97.1 4.9 

 

Remarkably, Green D-OXA maintains consistently high connectivity (96.3%-98.5%) and coverage (97.1%-98.9%) 

across all network scales, with performance degradation limited to only 2.2% and 1.8% respectively when scaling from 

50 to 1000 nodes. The energy overhead remains modest at 3.8%-4.9%, increasing by only 1.1 percentage points across 
the entire scaling range. This demonstrates that Green D-OXA's energy-aware mechanisms maintain efficiency even as 

network complexity increases, ensuring practical deploy ability for large-scale IoT-fog computing infrastructures. 

Figure 7 presents recovery time analysis across different algorithms, illustrating Green D-OXA's superior fault recovery 

performance. The visualization clearly demonstrates Green D-OXA's consistently lower recovery times compared to 

baseline algorithms, reinforcing its resilience and reliability advantages discussed in Scenario 2 analysis. 

 
 

 

Fig. 7. Network Recovery Time Analysis by Equipment Failure Type and Severity. 

Figure 8 depicts the 24-hour energy profile, providing temporal insights into energy consumption and renewable 

energy utilization patterns. The diurnal variation shows peak renewable energy harvesting during midday hours (10:00-
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15:00) when solar irradiance is maximum, with Green D-OXA strategically scheduling energy-intensive operations 

during these periods. The visualization demonstrates how Green D-OXA's renewable energy prediction mechanism 

enables proactive adaptation to energy availability patterns, minimizing grid dependency during low-renewable-energy 

periods (18:00-06:00) through intelligent battery management and deferred non-critical reconfigurations. 

 

 

Fig. 8. 24-Hour Energy Profile (Temporal energy consumption and renewable energy utilization patterns). 

The comprehensive experimental evaluation across five diverse dynamic scenarios conclusively demonstrates 

Green D-OXA's superiority in energy-efficient fog node placement with renewable energy integration. The algorithm 

achieves 2.6%-5.5% higher connectivity, 1.6%-5.1% improved coverage, 40.6%-56.8% lower movement costs, 14.4%-

22.1% reduced energy consumption, 16.2-24.3 percentage points higher renewable energy utilization, and 43.4%-56.0% 
lower CO2 emissions compared to established baseline algorithms. These results validate the effectiveness of Green D-

OXA's four adaptive mechanisms: energy-aware warm-start initialization, adaptive iteration control, intelligent 

triggering with renewable energy prediction, and explicit renewable energy harvesting models with battery management. 

The algorithm demonstrates robust scalability from 50 to 1000 nodes while maintaining consistent performance and 

modest computational overhead, establishing Green D-OXA as a practical, sustainable solution for large-scale dynamic 

IoT-fog computing environments. 

4.6.1. Theoretical Complexity 

The per-reconfiguration complexity of Green D-OXA is O(T_max × P × k²), where T_max is the adaptive iteration 

bound, P is the population size, and k is the number of fog nodes. The quadratic term in k arises from pairwise 

connectivity evaluation (Equation 9). In practice, the 200 m communication range constraint yields a sparse network 

graph, reducing empirical connectivity cost to O(k) and producing near-linear practical scaling. Two algorithmic 
mechanisms further reduce the effective constant: (i) the warm-start initialization (Mechanism 1) cuts convergence 

iterations by approximately 40% relative to random initialization; and (ii) the adaptive iteration control (Mechanism 2) 

dynamically lowers T below T_max during periods of low network change, constraining energy overhead to 3.8% –5.0% 

across all tested scales. 

Table 11 compares the asymptotic complexity of all evaluated algorithms. Although Green D-OXA shares a 

similar worst-case bound with SPP-TLBO, the mechanisms above yield consistently lower empirical runtimes, as 

confirmed in Table 12. 

Table 11. Theoretical Time Complexity Comparison. 

Algorithm Complexity Empirical Growth Key Constraint 

SPP-TLBO O(T × P × (k² + kn)) ~26× (50→1000) Teaching phase overhead 

CSA-FSPP O(T × P² × k) ~20× (50→1000) Memory per agent 

SPP-DEA O(T × P² × k) ~15× (50→1000) Premature convergence 

Green D-OXA O(T_max × P × k²) ~17× (50→1000) Sparse graph → near-linear 

4.6.2 Runtime Comparison across Network Sizes 

Table 12 reports mean execution times over 50 independent runs for all algorithms as network size scales from 50 

to 1000 fog nodes. Green D-OXA is 2.54× faster than SPP-TLBO at k = 50, growing to 3.14× at k = 1000, 

demonstrating that its efficiency advantage amplifies with scale. Although SPP-DEA is marginally faster at small sizes, 
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this is achieved at the cost of substantially lower solution quality (movement cost 567.8 J vs. 245.3 J; renewable 

utilization 44.2% vs. 68.5%). Green D-OXA's runtime scales by ~17× from k = 50 to k = 1000, consistent with near-

linear empirical growth driven by sparse graph topology. 

Table 12. Runtime Comparison Across Algorithms for Varying Network Sizes. 

Nodes (k) SPP-TLBO (s) CSA-FSPP (s) SPP-DEA (s) Green D-OXA (s) D-OXA Speedup 

50 89.4 72.1 31.5 35.2 2.54× 

100 198.7 155.3 62.4 78.2 2.54× 

200 401.2 318.6 108.7 142.5 2.82× 

500 958.3 742.5 241.8 325.4 2.94× 

1000 1925.6 1480.2 498.3 612.8 3.14× 

4.6.3. Scalability across IoT Device Densities 

Table 13 extends the analysis to joint combinations of fog node count and IoT device population (up to k = 1000, n 

= 5000). Execution time is driven primarily by k rather than n: fixing k = 100 while increasing n from 100 to 500 raises 

runtime by only 24.4%, whereas doubling k at fixed n raises it by 67.4%, confirming that the O(k²) connectivity term 

dominates over the O(kn) coverage term. Connectivity and coverage remain robust at all scales, degrading by only 2.5% 

and 2.1% respectively at the maximum configuration, while energy overhead grows by just 1.2 percentage points across 
the full scaling range. 

Table 13. Green D-OXA Scalability Across Node Counts and Device Densities. 

Nodes (k) IoT Devices Exec. Time (s) Conn. (%) Coverage (%) Energy OH (%) 

50 100 35.2 98.5 98.9 3.8 

50 500 42.3 97.8 98.2 4.0 

100 300 78.2 97.8 98.4 4.2 

200 1000 157.3 96.9 97.6 4.6 

500 2000 358.2 96.5 97.2 4.8 

1000 5000 674.5 96.0 96.8 5.0 

 

Collectively, these results confirm that Green D-OXA scales efficiently for large-scale IoT-fog deployments, 

maintaining high performance with modest and predictable computational overhead. 

4.7. Statistical Validation 

All reported results are based on 50 independent simulation runs with different random seeds, as stated in Section 

4.1. This section consolidates the statistical characterization of those runs through confidence intervals, variance 

analysis across scenarios, and non-parametric significance testing to confirm that the performance advantages of Green 

D-OXA are robust and not attributable to favorable random outcomes. 

4.7.1. Mean, Standard Deviation, and 95% Confidence Intervals 

Table 14 reports the mean, standard deviation (SD), and 95% confidence intervals (CI) for the four primary 

performance metrics across all algorithms, computed over 50 runs using a t-distribution with 49 degrees of freedom. 

Green D-OXA exhibits notably tighter intervals than the baseline algorithms across every metric, reflecting lower run-

to-run variability. For example, its connectivity SD of ±0.9% is less than half that of SPP-DEA (±2.4%), confirming 

that its superiority is consistent rather than occasional. 

Table 14. Mean ± SD and 95% Confidence Intervals Across 50 Runs. 

Algorithm Connectivity % 

Mean ± SD 

Energy (kWh) 

Mean ± SD 

Renewable Util. % 

Mean ± SD 

CO₂ (kg) 
Mean ± SD 

SPP-TLBO 95.2 ± 1.8 8.45 ± 0.31 52.3 ± 2.6 4.03 ± 0.14 

CSA-FSPP 94.6 ± 2.1 8.72 ± 0.38 49.7 ± 3.1 4.38 ± 0.17 

SPP-DEA 92.3 ± 2.4 9.28 ± 0.42 44.2 ± 3.4 5.18 ± 0.19 

Green D-OXA 97.8 ± 0.9 7.23 ± 0.22 68.5 ± 1.8 2.28 ± 0.09 
 

4.7.2. Non-Parametric Significance Testing 

To verify that observed differences are statistically significant, Wilcoxon signed-rank tests were applied pairwise 

between Green D-OXA and each baseline algorithm across all six performance metrics (Table 15). This non-parametric 

test was chosen because it makes no assumption of normality in the run-to-run distributions. A Bonferroni correction 

was applied to account for multiple comparisons, with a family-wise significance threshold of α = 0.05. As shown in 

Table 15, Green D-OXA achieves p < 0.001 against all baselines for every primary metric, and p < 0.05 for adaptation 

time. These results confirm that the improvements in energy consumption, renewable utilization, CO2 reduction, 

movement cost, connectivity, and coverage are statistically significant and not a product of random variation. 
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Table 15. Wilcoxon Signed-Rank Test: Green D-OXA vs. Baseline Algorithms (50 runs, Bonferroni-corrected). 

Metric vs. SPP-TLBO vs. CSA-FSPP vs. SPP-DEA 

Connectivity (%) p < 0.001 p < 0.001 p < 0.001 

Coverage (%) p < 0.001 p < 0.001 p < 0.001 

Energy (kWh) p < 0.001 p < 0.001 p < 0.001 

Renewable Util. (%) p < 0.001 p < 0.001 p < 0.001 

CO₂ Emissions (kg) p < 0.001 p < 0.001 p < 0.001 

Movement Cost (J) p < 0.001 p < 0.001 p < 0.001 

Adaptation Time (s) p < 0.001 p = 0.003 p = 0.021 
 

4.7.3. Variance Analysis across Dynamic Scenarios 

Table 16 presents mean ± SD for Green D-OXA across all five dynamic scenarios, along with the maximum 

coefficient of variation (CV = SD / mean × 100%) as a normalised measure of dispersion. CV values remain below 1.4% 

across all scenarios and metrics, indicating highly consistent behaviour regardless of the type of dynamic challenge 

encountered. The combined-dynamics scenario yields the highest variance (CV = 1.4%), which is expected given the 

compounded uncertainty of simultaneous mobility, failures, traffic variation, and expansion. Nevertheless, even in this 
most demanding scenario, the SD of connectivity (±1.3%) and coverage (±1.0%) remain small in absolute terms, 

confirming that Green D-OXA's performance guarantees hold reliably across diverse operating conditions. 

Table 16. Variance Analysis of Green D-OXA Across Five Dynamic Scenarios (50 runs each). 

Scenario Connectivity 

Mean ± SD 

Coverage 

Mean ± SD 

Energy (kWh) 

Mean ± SD 

Renewable % 

Mean ± SD 

Max CV% 

Mobile Nodes 97.8 ± 0.8 98.4 ± 0.7 7.31 ± 0.24 67.8 ± 1.9 0.9% 

Equip. Failures 96.2 ± 1.1 97.5 ± 0.9 7.18 ± 0.27 68.1 ± 2.1 1.2% 

Traffic Varying 97.5 ± 0.7 98.2 ± 0.6 5.40 ± 0.19 69.2 ± 1.7 0.8% 

Net. Expansion 98.1 ± 0.6 98.7 ± 0.5 7.35 ± 0.21 68.8 ± 1.6 0.7% 

Combined 96.5 ± 1.3 97.8 ± 1.0 7.80 ± 0.31 65.3 ± 2.3 1.4% 

 

Taken together, the confidence intervals, significance tests, and variance analysis confirm that the energy 

efficiency, renewable utilization, and carbon reduction gains reported for Green D-OXA are statistically robust, 

reproducible across independent trials, and generalizable across the five evaluated dynamic scenarios. 

4.8. Carbon Emission Derivation and Lifecycle Analysis 
 

Table 17 applies Equation 13a to the energy breakdown from Table 8, deriving the full 24-hour operational CO2 

for each algorithm. 

Table 17. Operational CO₂ Derivation by Energy Source (24-Hour Simulation, All Algorithms). 

Algorithm E_grid (kWh) E_solar (kWh) E_wind (kWh) CO2 Grid (kg) Total Op. CO2 (kg) 
SPP-TLBO 4.03 3.12 1.30 1.814 1.956 

CSA-FSPP 4.39 2.95 1.38 1.976 2.112 

SPP-DEA 5.18 2.68 1.42 2.331 2.457 

Green D-OXA 2.28 3.58 1.37 1.026 1.188 

 

Under the extended model, Green D-OXA produces 1.188 kg CO₂ per 24-hour period  a 39.3% reduction 

compared to SPP-TLBO (1.956 kg) and 51.7% compared to SPP-DEA (2.457 kg). These figures are modestly lower 

than those reported in Table 2 (2.28 kg and 5.18 kg) because the original model only captured grid emissions; the 

extended model reveals that Green D-OXA's shift toward renewable sources carries a small but non-negligible 

embodied footprint, partially offsetting the grid savings. Critically, the relative ordering and the magnitude of Green D-

OXA's advantage are preserved under both formulations. Table 19 reports the full lifecycle CO2 for each algorithm, 

scaling the 24-hour operational results to annual figures (×365) and adding the shared embodied component. Two 

reduction metrics are reported: operational CO2 reduction (algorithm-dependent) and total lifecycle CO2 reduction 

(which dilutes the operational advantage due to the common embodied baseline). 

Table 18. Full Lifecycle CO2 Comparison Annual Operational + Embodied Carbon (20-Node Deployment). 

Algorithm Annual Op. CO2 

(kg/yr) 

Annual Embodied CO2 

(kg/yr) 

Total Lifecycle CO2 

(kg/yr) 

SPP-TLBO 713.9 766.0 1479.9 

CSA-FSPP 770.9 766.0 1536.9 

SPP-DEA 896.8 766.0 1662.8 

Green D-OXA 433.6 766.0 1199.6 
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Three findings emerge from Table 18. First, Green D-OXA achieves the lowest annual lifecycle CO2 at 1,199.6 

kg/year, compared to 1,479.9 kg/year for SPP-TLBO and 1,662.8 kg/year for SPP-DEA lifecycle reductions of 18.9% 

and 27.9% respectively. Second, the embodied carbon component (766 kg/year) constitutes 51%–64% of the total 

lifecycle footprint across all algorithms, underscoring that hardware selection and lifetime extension are critical levers 

for further sustainability improvement beyond algorithmic optimization. Third, the absolute gap between Green D-OXA 

and the worst-performing baseline (SPP-DEA) is 463.2 kg CO₂/year equivalent to driving approximately 1,900 km in a 

petrol-engine vehicle, contextualizing the practical environmental significance of the algorithmic choice. 

5. Conclusion 

 

This research presented Green D-OXA, a novel energy-efficient algorithm addressing critical challenges in 

dynamic fog node placement for sustainable IoT networks. By integrating the OX optimizer with four adaptive 

mechanisms energy-aware warm-start initialization, adaptive iteration control, intelligent renewable energy prediction, 

and explicit solar-wind harvesting with battery management Green D-OXA successfully bridges the gap between 

network performance optimization and environmental sustainability. Comprehensive evaluation across five dynamic 

scenarios demonstrated exceptional performance improvements. Green D-OXA achieved 97.8% connectivity and 98.4% 

coverage while attaining 68.5% renewable energy utilization a 16.2 percentage point improvement over the best 
baseline algorithm. The 43.4%-56% reduction in CO2 emissions, coupled with 40.6%-56.8% lower movement costs, 

validates the algorithm's dual commitment to operational efficiency and environmental responsibility. The intelligent 

triggering mechanism minimized unnecessary reconfigurations while maintaining network resilience under mobile 

nodes, equipment failures, traffic variations, and network expansion conditions. Scalability analysis from 50 to 1000 

nodes confirmed practical deploy ability with only 1.1% energy overhead increase and minimal performance 

degradation, establishing Green D-OXA's viability for large-scale deployments. Future research directions include 

integrating advanced machine learning for enhanced energy prediction, extending to heterogeneous multi-tier 

architectures, and conducting real-world tested validations to accelerate adoption in sustainable IoT-fog computing 

infrastructures. 
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