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Abstract—The rapid growth of Internet of Things (IoT) 

applications has intensified the demand for energy-efficient and 

low-latency data processing, exposing the limitations of 

conventional cloud-based architectures that rely on centralized 

resources. Fog computing addresses this challenge by distributing 

processing closer to end users. However, limited attention has been 

given to the impact of heterogeneous fog server capacities across 

multiple network layers on task allocation and energy 

consumption. This paper investigates the effects of heterogeneous 

fog servers on allocation efficiency and network energy 

performance. Three fog server categories with different processing 

capacities (34.2k MIPS, 73.44k MIPS, and 1080k MIPS) are 

evaluated using a Mixed Integer Linear Programming (MILP) 

model under both limited and unlimited deployment scenarios. 

The results demonstrate that the fog-based approach significantly 

reduces total energy consumption by up to 89.6% compared to the 

conventional cloud-based approach. Moreover, the findings reveal 

that higher processing server capacity plays a more critical role in 

improving energy efficiency than server heterogeneity alone, as 

greater capacity enables demand consolidation and reduces the 

number of active servers. These insights provide valuable guidance 

for the energy-efficient design of heterogeneous fog computing 

infrastructures. 

Keywords—energy consumption, fog computing, internet of 

things (IoT), mixed integer linear programming (MILP). 

I. INTRODUCTION

The rapid expansion of the Internet of Things (IoT) has 

resulted in a massive proliferation of connected devices, 

ranging from environmental and industrial sensors to wearable 

devices and smart home appliances. Each of these devices 

continuously generates large volumes of data, often in real time, 

creating what is commonly referred to as a “data deluge” [1]. 

Managing, processing, and storing this data poses significant 
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challenges for both network and cloud infrastructures, as 

conventional systems are typically designed for centralized 

processing.  

Many Internet of Things (IoT) devices are resource-

constrained and have limited processing power, memory, and 

storage, which necessitates offloading computation to external 

servers [2]. While centralized cloud computing provides 

virtually unlimited computational resources on demand, 

transmitting all data from end devices to remote cloud servers 

can strain the network, leading to congestion, increased latency, 

and higher energy consumption for both data transmission and 

processing [3]. These issues are particularly pronounced in 

applications that are time-sensitive, such as autonomous 

vehicles, industrial automation, healthcare monitoring, and 

smart city operations, where even slight delays or inefficiencies 

in data handling can have critical consequences. 

Fog computing has emerged as a promising paradigm to 

overcome the challenges posed by massive IoT data generation 

and network congestion. Fog computing extends computation 

and storage resources to the network edge, closer to the data 

source [4]-[5]. This decentralized approach reduces the need for 

long-distance data transfer, thereby improving response times 

and lowering energy consumption in the transport network [6]. 

Beyond latency and energy benefits, fog networks also enable 

distributed resource management, enhanced reliability, and 

scalability [7]. Fog architecture allows for flexible task 

allocation across multiple fog nodes, which is especially 

important in networks with heterogeneous device capacities and 

uneven data traffic. As IoT applications continue to proliferate, 

understanding how variations in fog server capacity influence 

task assignment and energy efficiency becomes critical. 

Investigating these aspects provides insights into optimal fog 

deployment strategies, ensuring that network resources are 

effectively utilized while maintaining energy-efficient 

operation under varying traffic demands.  

The main contributions presented in this work are outlined 

below: 

• Development of a mathematical optimization model using

Mixed Integer Linear Programming (MILP) to optimize

energy consumption of a fog-based network architecture

that incorporates heterogeneous fog servers with multiple

processing capacities to manage IoT traffic distribution

effectively.

• Evaluate the impact of varying capacity levels on task

allocation behavior and energy consumption across multiple

network layers.
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• Provide insights into optimal fog deployment strategies, 

highlighting the trade-off between server capacity and 

network and processing energy performance. 

The remainder of this paper is organized as follows: Section 

II presents the related work. Section III details the study's 

methodology and Section IV presents the architecture's 

evaluation results and corresponding analysis. Finally, Section 

V concludes by summarizing the key findings.  
 

 

II. RELATED WORK 
 

Several studies have explored algorithms and frameworks for 

offloading tasks to fog nodes, incorporating techniques such as 

multi-criteria decision-making [8]-[10], stable matching [11], 

multi-objective optimization [12]-[14], and predictive 

scheduling [15]-[16]. These approaches demonstrate the 

potential to improve energy efficiency, task completion times, 

and load balancing across fog resources.  

Despite these advances, the studies vary in the specific 

metrics they prioritize and the network scenarios they consider. 

For instance, a study by Sulimani et al. proposed a hybrid 

offloading algorithm to improve load balancing across fog 

servers [17]. The authors implemented the algorithm using 

iFogSim and conducted simulations to compare its performance 

against baseline and state-of-the-art approaches. They 

measured metrics such as the percentage of balanced fog 

servers and overall system execution time. The results showed 

that HybOff maintained approximately 97% balanced fog 

servers at 150 nodes and significantly improved resource 

utilization. 

Furthermore, another line of work introduced an adaptive 

multi-criteria resource allocation method for fog-cloud 

environments [8]. Their approach combined Fuzzy TOPSIS and 

Fuzzy Analytic Hierarchy Process (FAHP) to rank fog devices 

and select optimal nodes for task execution. Simulation 

experiments evaluated load balancing, energy efficiency, and 

resource utilization. The method achieved an 11% reduction in 

active fog nodes, a 69% decrease in load-balancing variance, 

and resource utilization of around 90%. Additionally, 

Muhammad et al. proposed a stable-matching-based offloading 

algorithm that assigns tasks to fog nodes considering energy 

availability and proximity [11]. The researchers simulated 

different offloading scenarios and compared their approach 

with baseline methods in terms of latency and energy 

consumption. Results indicated reductions of approximately 

31% in energy consumption and 30% in latency. 

Meanwhile, Li et al. developed a multi-objective task-

offloading algorithm that simultaneously considered energy 

consumption, task delay, task priority, and load balancing [14]. 

The tasks were divided into subtasks and assigned to fog nodes 

using a normalized multi-objective function that integrated all 

performance metrics. The results indicated that the proposed 

method achieved modest reductions in overall energy 

consumption, with energy usage decreasing by approximately 

3–5% compared to baseline offloading schemes. Also, the 

results show that task delays were reduced by 4–6%, and the 

algorithm significantly improved fairness and load distribution, 

reducing load imbalance among fog nodes by up to 45%.  

In [15], Kumar et al. presented a hybrid fog-cloud task 

scheduling scheme that combined deep learning for workload 

prediction with metaheuristic optimization for task assignment. 

The authors predicted task workloads and used a metaheuristic 

algorithm to optimize task allocation, aiming to minimize 

energy consumption and task make span while satisfying 

quality-of-service requirements. The results demonstrated that 

the proposed method reduced energy consumption by 

approximately 15–20% compared to baseline scheduling 

methods, while task completion times decreased by 10–15%. 

The study also showed that predictive workload modelling 

helped prevent overloading specific fog nodes. On top of that, 

a study by Wang et al. proposed a framework that used dynamic 

resource management and task offloading for fog computing, 

designed to handle the heterogeneous and dynamic nature of 

fog nodes [16]. The framework modelled the task offloading 

problem as a Markov Decision Process (MDP). It employed 

deep Q-learning (DQL) to determine optimal offloading 

decisions based on task demands, node states, and channel 

quality. Simulation experiments evaluated energy consumption, 

task completion time, and system reliability under varying 

network conditions. The results demonstrated that the DQL-

based approach increased energy efficiency and reduced task 

completion time compared to traditional scheduling methods, 

while maintaining high reliability under dynamic workloads. 

The study also showed that adaptive, learning-based strategies 

can effectively manage heterogeneous fog resources, ensuring 

balanced allocation and robust performance across the network. 

While significant progress has been made in fog computing 

research, several important aspects remain underexplored. To 

the best of our knowledge, most existing studies focus on 

optimizing task offloading, scheduling, or energy management, 

often assuming uniform server capacities or evaluating only a 

single network layer [18]-[21]. These approaches provide 

valuable insights into performance improvement; however, 

they do not fully address scenarios in which IoT traffic varies 

across geographic locations and network layers. In real-world 

deployments, some regions generate high volumes of data while 

others remain relatively low-traffic. To accommodate this 

uneven distribution efficiently, deploying fog servers with 

different computational capacities becomes necessary, allowing 

high-capacity servers to handle dense, high-demand areas and 

smaller servers to serve low-traffic regions. Although several 

studies consider heterogeneous fog server capacities and energy 

efficiency [14]-[16], they typically do not systematically 

examine how different fog server capacity levels affect task 

allocation behavior and overall energy consumption across 

multiple network layers. To bridge these gaps, this study 

investigates fog-based network architectures employing 

heterogeneous fog servers with multiple processing capacity 

levels and evaluates their impact on task allocation and energy 

efficiency across different network layers. This evaluation 

highlights how fog server capacity selection influences server 

allocation and network-wide energy performance. 

 

III. METHODOLOGY 

 

As reported in [22] Telekom Malaysia ONE has established 

two core data centres in Cyberjaya, Selangor, and Iskandar 

Puteri, Johor. These data centres are connected to the 

international gateway to provide services, including cloud 
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TABLE I 
SUMMARY OF CONTRIBUTIONS AND STATE-OF-THE-ART APPROACHES IN FOG COMPUTING 

Ref. Approach Heterogenous Energy 
Consumption 

Access  
Network 

Metro 
Network 

Key Finding 

[17] Hybrid Offloading (HybOff) 

Algorithm implemented in iFogSim to 
improve server load balancing. 

Yes No Yes No Achieved 97% load balancing 

fairness and increased resource 
utilization by 50%. 

[8] Adaptive Multi-Criteria Allocation 

Combined Fuzzy TOPSIS and Fuzzy 

Analytic Hierarchy Process (FAHP). 

Yes No Yes No Reduced active fog nodes by 11% 

and decreased load-balancing 

variance by 69%. 

[11] Stable-Matching Algorithm 

Assigns tasks based on energy 

availability and physical proximity. 

Yes Yes Yes No Reduced energy consumption by 

approx. 31% and latency by 30%. 

[14] Multi-Objective Optimization  

Normalized function considering 

energy, delay, priority, and load 
balancing for subtasks. 

Yes Yes Yes No Reduced load imbalance by up to 

45% with a modest energy 

reduction of 3–5%. 

[15] Hybrid Fog-Cloud Scheduling 

Deep Learning (workload prediction) + 

Metaheuristic optimization. 

Yes Yes Yes No Reduced energy consumption by 

15–20% and task completion times 

by 10–15%. 

[16] Deep Q-Learning (DQL) 

Reinforcement learning framework 

(MDP) for dynamic resource 
management. 

Yes Yes Yes No Maintained high reliability and 

superior energy efficiency under 

dynamic heterogeneous workloads. 

Proposed Heterogeneous Fog Architecture (MILP) 

Mixed Integer Linear Programming 

model evaluating varying server 
capacities across Access and Metro 

layers. 

Yes Yes Yes Yes (Expected) Optimizes resource 

allocation across Access and Metro 

layers to minimize total power. 

 

 

computing. In this study, only one core data centre located at 

Iskandar Puteri, Johor, is considered as the case study to 

evaluate the performance of the proposed fog architecture under 

heterogeneous fog server capabilities. Due to the complexity in 

running the model, we considered only four central regions, the 

Segamat, Kluang, Skudai and Johor Bahru, six districts and 

twelve cities. Note that, in this work, for the access layer, we 

considered the Gigabit Passive Optical Network (GPON. Fig. 1 

shows the proposed fog architecture. 

There are four main layers in the fog computing architecture, 

which are the IoT layer, the access network layer, the metro 

network layer and the core network layer. The IoT layer is 

responsible for generating the IoT data. The access network 

layer aggregates the raw data generated from the IoT network 

layer and forwards it either to the upper layer or to a processing 

server for computation. The metro network layer aggregates the 

data from the access layer and forwards it either to a processing 

server or to the core network layer. The core network layer is 

used to store the data processed at lower layers. It is also used 

to complete data processing in the conventional cloud-based 

approach.  

It is worth noting that, in this work, the candidate locations 

for deploying processing servers in the fog computing approach 

are at the access and metro network layers. To benchmark our 

proposed fog-based approach, we considered a conventional 

approach in which the candidate location for deploying the 

processing server is in the core network layer. Also, three types 

of processing servers with different processing capabilities are 

considered for placement at the candidate locations to process 

the service demand. For this study, the terms processing server 

and fog server are used interchangeably to refer to the same 

computational units. 

To model the energy consumption, we utilize a linear power 

consumption model [23] for both networking and processing 

components, which separates the total energy draw into two 

components: an idle power (baseline power consumed when the 

equipment is powered on but is not actively processing or 

forwarding any data), 𝑃𝑖𝑑𝑙𝑒  and a dynamic component that 

scales proportionally with the operational load (data traffic or 

computational demand), 𝐸. Fig. 2 shows the power profile 

model used in this work to determine the energy consumed by 

the networking equipment and also the processing equipment.  

 

Fig. 2. Power profile model. 

For this study, the optimization is carried out as a static 

snapshot for offline network planning. The service demand 

generated by IoT users is assumed to be finite and deterministic, 

and the processing capacities of processing servers are fixed 

and known. As the formulation is based on a Mixed Integer 

Linear Programming (MILP) framework, no assumptions 

regarding continuity, monotonicity, or smoothness of system 

functions are required. To determine the optimal configuration 

for the proposed fog computing approach, we developed the 

following MILP model. The model is developed using AMPL 

software and solved using CPLEX 12.5, executed on a 2.2 GHz 

processor. The objective function of the MILP model is to 

reduce the energy consumption of the networking at the access, 
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Fig. 1. Proposed Fog Computing Architecture. 

 
 

𝐸𝐴𝑐𝑐𝑒𝑠𝑠 metro, 𝐸𝑀𝑒𝑡𝑟𝑜 and core layers, 𝐸𝐶𝑜𝑟𝑒 and 

processing equipment, 𝐸𝑃𝑟𝑜 as in Equation (1). Meanwhile, 

Equations (2) – (5) are used to determine the energy consumed 

by the networking equipment for each layer and by the 

processing equipment. Note that the energy consumed by the  

networking equipment is based on its idle power, the activation 

of the devices, 𝑋𝑖, and its energy per bit, as well as the total 

traffic traversing the equipment, 𝑇𝑖 . Meanwhile, energy 

consumed of the processing equipment is based on the idle 

power and the number of servers that are activated, 𝑁𝐹𝑆𝑖 and 

its power per MIPS and the total processing demand i.e. number 

of users, 𝑤𝑠𝑑𝑠𝑑and the processing demand per user, 𝑀𝐼𝑃𝑆. It is 

also worth to note that, we consider the power usage 

effectiveness of 1.5 for access and metro layer while 2.5 for core 

layer and processing equipment [24]. 

 

Objective: Minimized 

𝐸𝐴𝑐𝑐𝑒𝑠𝑠 + 𝐸𝑀𝑒𝑡𝑟𝑜 + 𝐸𝐶𝑜𝑟𝑒 + 𝐸𝑃𝑟𝑜 (1) 

where  

𝐸𝐴𝑐𝑐𝑒𝑠𝑠 = 1.5 . [ ∑ 𝑋𝑖 . 𝐼𝑜𝑛𝑢 + 𝑇𝑖 . 𝐸𝑜𝑛𝑢

𝑖∈𝑂𝑛𝑢

+ ∑ 𝑋𝑖 . 𝐼𝑜𝑙𝑡 + 𝑇𝑖 . 𝐸𝑜𝑙𝑡 + 

𝑖∈𝑂𝑙𝑡

∑ 𝑋𝑖 . 𝐼𝑒𝑡ℎ

𝑖∈𝐸𝑡ℎ

+ 𝑇𝑖 . 𝐸𝑒𝑡ℎ + ∑ 𝑋𝑖 . 𝐼𝑙𝑡𝑒 + 𝑇𝑖 . 𝐸𝑙𝑡𝑒 

𝑖∈𝐿𝑡𝑒

  ] 

(2) 

𝐸𝑀𝑒𝑡𝑟𝑜 = 1.5 . [ ∑ 𝑋𝑖 . 𝐼𝑐𝑎𝑠 + 𝑇𝑖 . 𝐸𝑐𝑎𝑠

𝑖∈𝐶𝑎𝑠

+ ∑ 𝑋𝑖 . 𝐼𝑎𝑔𝑟 + 𝑇𝑖 . 𝐸𝑎𝑔𝑟 

𝑖∈𝐴𝑔𝑟

] 

(3) 

𝐸𝐶𝑜𝑟𝑒 = 2.5. [ ∑ 𝑋𝑖 . 𝐼𝑐𝑟𝑡 + 𝑇𝑖 . 𝐸𝑐𝑟𝑡

𝑖∈𝐶𝑟𝑡

+ ∑ 𝑋𝑖 . 𝐼𝑐𝑙𝑟 + 𝑇𝑖 . 𝐸𝑐𝑙𝑟 

𝑖∈𝐶𝑙𝑟

+ ∑ 𝑋𝑖 . 𝐼𝑐𝑙𝑠 + 𝑇𝑖 . 𝐸𝑐𝑙𝑠 

𝑖∈𝐶𝑙𝑠

+ ∑ 𝑋𝑖 . 𝐼𝑐𝑡𝑠 + 𝑇𝑖 . 𝐸𝑐𝑡𝑠 

𝑖∈𝐶𝑡𝑠

+ ∑ 𝑋𝑖 . 𝐼𝑐𝑠𝑡 + 𝑇𝑖 . 𝐸𝑐𝑠𝑡 

𝑖∈𝐶𝑠𝑡

] 

(4) 

𝐸𝑃𝑟𝑜 = 2.5. [ ∑ 𝑁𝐹𝑆𝑖 × 𝐼𝑓𝑜𝑔 + ∑ 𝑊𝑠𝑑𝑠,𝑑 × 𝑀𝐼𝑃𝑆 × 𝐸𝑓𝑜𝑔

𝑖∈𝐹𝑜𝑔𝑖∈𝐹𝑜𝑔

] 
(5) 

Several constraints are also considered in this model. Constraint 

(6) is used to assign the users in each IoT group, 𝑈𝑠𝑒𝑟𝑠 to the 

fog server, 𝑤𝑠𝑑𝑠,𝑑. The 𝑌𝑑 is a binary number, where 1 indicates 

the node 𝑑 is used to place the server. Meanwhile, constraint (7) 

ensures that all users are assigned to a server. 

𝑊𝑠𝑑𝑠,𝑑 ≤ 𝑈𝑠𝑒𝑟𝑠 × 𝑌𝑑   ;   ∀𝑠 ∈ 𝐼𝑜𝑇, 𝑑 ∈ 𝐹𝑂𝐺: 𝑠 ≠ 𝑑 (6) 
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∑ 𝑊𝑠𝑑𝑠,𝑑 = 𝑈𝑠𝑒𝑟𝑠

𝑑∈𝐹𝑂𝐺∶𝑠≠𝑑

   ;    ∀𝑠 ∈ 𝐼𝑜𝑇 (7) 

Constraint (8) is to determine the total traffic, 𝐿𝑠𝑑𝑠𝑑  from the 

IoT group to the server. This is based on the assignment of users 

to the server. 𝑤𝑠𝑑𝑠𝑑  and the size of data per user, 𝐷𝑎𝑡𝑎. 

Meanwhile, constraint (9) ensures that the incoming traffic 

equals the outgoing traffic at the intermediate node, except for 

the source and destination nodes. 

𝐿𝑠𝑑𝑠,𝑑 = 𝑊𝑠𝑑𝑠,𝑑 × 𝐷𝑎𝑡𝑎   ;   ∀𝑠 ∈ 𝐼𝑜𝑇, 𝑑 ∈ 𝐹𝑂𝐺: 𝑠 ≠ 𝑑 

∑ 𝐿𝑠𝑑_𝑖𝑗𝑠,𝑑,𝑖,𝑗

𝑗∈𝑁𝑚[𝑖],   𝑖≠𝑗

 − ∑ 𝐿𝑠𝑑_𝑖𝑗𝑠,𝑑,𝑗,𝑖

𝑗∈𝑁𝑚[𝑖],   𝑖≠𝑗

= {
    𝐿𝑠𝑑 [𝑠, 𝑑]          𝑖𝑓 𝑖 = 𝑠

− 𝐿𝑠𝑑 [𝑠, 𝑑]          𝑖𝑓 𝑖 = 𝑑
                0               𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

∀𝑠 ∈ 𝐼𝑜𝑇, 𝑑 ∈ 𝐹𝑂𝐺, 𝑖 ∈ 𝑁: 𝑠 ≠ 𝑑 

 

(8) 

(9) 

 

Constraint (10) is to ensure the total processing demand does 

not exceed the maximum capacity of the processing server, 

𝐶𝐹𝑂𝐺𝑑. Note that, variable 𝑁𝐹𝑆𝑑 is used in the constraint to 

allow more than one server to be placed at each node (i.e., an 

unlimited scenario). Constraint (11) ensures that the servers will 

only be placed at the node if the node is activated, 𝑌𝑑. 

∑ 𝑊𝑠𝑑𝑠𝑑 × 𝑀𝐼𝑃𝑆 ≤ 𝐶𝐹𝑂𝐺𝑑 × 𝑁𝐹𝑆𝑑

𝑠∈𝐼𝑜𝑇

   ;    ∀𝑑 ∈ 𝐹𝑂𝐺 (10) 

𝑌𝑑 ≤  𝑁𝐹𝑆𝑑   ;    ∀𝑑 ∈ 𝐹𝑂𝐺 (11) 

Constraint (12) is to determine the link capacity between the 

Ethernet switch and the processing server based on the capacity 

of each link, 𝜆 and the number of servers deployed at the node, 

𝑁𝐹𝑆𝑗. Constraint (13) is used to make sure that the total traffic 

traversing the networking equipment does not exceed the 

maximum capacity of the network link, 𝐿𝑖𝑛𝑘𝑖𝑗  and the link 

between the Ethernet switch and the fog node, 𝐿𝑠𝑥𝑖𝑗 . 

𝐿𝑠𝑥𝑖,𝑗 = 𝜆 × 𝑁𝐹𝑆𝑗   ;  ∀𝑖 ∈ 𝐸𝑇𝐻, 𝑗 ∈ 𝐹𝑂𝐺: 𝑖 ≠ 𝑗 (12) 

∑ ∑ 𝐿𝑠𝑑_𝑖𝑗𝑠,𝑑,𝑖,𝑗 ≤ 𝐿𝑖𝑛𝑘𝑖,𝑗 + 𝐿𝑠𝑥𝑖,𝑗

   𝑑∈𝐹𝑂𝐺:𝑠≠𝑑

 ; 

𝑠∈𝐼𝑜𝑇

 

∀𝑖 ∈ 𝑁, 𝑗 ∈ 𝑁𝑚[𝑖]: 𝑖 ≠ 𝑗  

(13) 

Constraints (14) - (15) are used to determine the total traffic 

traversing each networking equipment, 𝑇𝑖  based on the total 

traffic traversing each link,  𝑇𝑟𝑎𝑓𝑓𝑖𝑐𝑖𝑗 . Meanwhile, constraint 

(16) defines the active node that is used to relay the traffic, 𝑋𝑖. 

Note that 𝑀 is a significant number that is used to ensure binary 

𝑋𝑖 is equal to 1 if the traffic traversing node 𝑖. 

∑ ∑ 𝐿𝑠𝑑_𝑖𝑗𝑠,𝑑,𝑖,𝑗 = 𝑇𝑟𝑎𝑓𝑓𝑓𝑖𝑐 𝑖,𝑗

𝑑∈𝐹𝑂𝐺∶𝑠≠𝑑

  ; 

𝑠∈𝐼𝑜𝑇

  

∀𝑖 ∈ 𝑁, 𝑗 ∈ 𝑁𝑚[𝑖]: 𝑖 ≠ 𝑗    

(14) 

∑ 𝑇𝑟𝑎𝑓𝑓𝑓𝑖𝑐 𝑖,𝑗

𝑗∈𝑁𝑚[𝑖]:𝑖≠𝑗

= 𝑇𝑖    ;  ∀𝑖 ∈ 𝑁 

(15) 

𝑋𝑖 ≥ ∑ 𝑇𝑟𝑎𝑓𝑓𝑖𝑐 𝑖,𝑗

𝑗∈𝑁𝑚[𝑖]:𝑖≠𝑗

   ;    ∀𝑖 ∈ 𝑁 

𝑋𝑖 ≤ 𝑀 × ∑ 𝑇𝑟𝑎𝑓𝑓𝑓𝑖𝑐 𝑖,𝑗

𝑗∈𝑁𝑚[𝑖]:𝑖≠𝑗

   ;    ∀𝑖 ∈ 𝑁 

 

(16) 

 

Note that the MILP formulation for the proposed fog-based 

approach and the conventional cloud-based approach are the 

same as in equations (1) – (16). However, for the fog-based 

approach, the candidate locations of the fog server, 𝐹𝑂𝐺 are at 

the access network layer i.e., optical network equipment (ONU) 

and optical line terminal (OLT), and the metro network layer 

i.e., aggregation switch (AGS) and aggregation router (AGR). 

Meanwhile, for the conventional approach, the candidate 

location of the fog servers, 𝐹𝑂𝐺 is at the core network layer, 

i.e., cloud switch. 

 

IV. RESULTS AND DISCUSSIONS 

 

This section presents the results and analysis of the proposed 

fog-based approach in terms of the energy consumption of the 

networking and processing equipment. As explained 

previously, we utilize a linear model to characterize the power 

consumption of the networking and processing components. It 

is worth noting that the results are based on an offline planning 

evaluation using deterministic demand. This approach enables 

a systematic comparison of energy performance across various 

fog deployment strategies and server capacities. Table I shows 

the maximum power consumption, 𝑃𝑚𝑎𝑥 , the idle power 

consumption, 𝑃𝑖𝑑𝑙𝑒 , and the maximum capacity of the 

networking and processing equipment, 𝐶𝑚𝑎𝑥, used to evaluate 

the proposed architecture. Notably, this analysis excludes the 

energy consumption of associated IoT equipment. 

It is worth noting that the Energy (J), measured in Joules, 

represents the total amount of power utilized over a duration of 

time. This relationship can be expressed as: 

𝐸𝑛𝑒𝑟𝑔𝑦 (𝐽𝑜𝑢𝑙𝑒) = 𝑃𝑜𝑤𝑒𝑟 (𝑊) × 𝑇𝑖𝑚𝑒 (𝑠) (17) 

 

Since the operational time of the proposed model is precisely 

one second, its total energy consumption is mathematically 

identical to its average power consumption, as shown by 

Equation (17). 

Two main scenarios are considered to evaluate the 

performance of the proposed fog-based approach. In the first 

scenario, the model allows more than one processing server to 

be deployed at each candidate node. Meanwhile, in the second 

scenario, the deployment is limited to only one processing 

server per candidate node. These scenarios are essential for 

evaluating the impact of server deployment density on energy 

efficiency. To ensure the robustness of the findings, the 

evaluation spans a diverse range of scenarios, including varying 

service demand volumes, multiple levels of server 
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heterogeneity, and both limited and unlimited server 

deployment constraints. 
 

TABLE II 
INPUT PARAMETERS FOR NETWORKING AND PROCESSING EQUIPMENT 

 

Equipment Pmax [w] Pidle [w] Cmax  

Cloud Storage, CST 4900  [23] 463.10 [25] 75.6 TB [23] 

Content Server, CTS 380.80 [23] 324.82 [23] 1.80 Gbps [23] 

Cloud Switch, CLS 

2020 

[23][26] 
1818 [26] 320 Gbps [23] 

Cloud Router, CLR 4550 [23] 4095 [23] 560 Gbps [23] 

Core Router, CRT 12300 [23] 11070 [23] 4480 Gbps [23] 

Aggregation Router, 

AGR 

4550 [23] 4095 [23] 560 Gbps [23] 

Centre Aggregation 

Switch, CAS 

1766 [23] 1589 [23] 256 Gbps [23] 

Optical Line Terminal, 

OLT 

1940 [23] 60 [23] 8600 Gbps [23] 

Optical Network Unit, 
ONU 

15 [23] 9 [23] 0.3 Gbps [23] 

LTE-M Base Station, 

LTE 

528 [27] 333 [27] 0.3 Gbps [27] 

Ethernet Switch, ETH 3.52 [23] 0.57 [23] 16 Gbps [23] 

Fog Server A, FSA 95 [28] 57 [28] 34.2k MIPS [28] 

Fog Server B, FSB 95 [29] 57 [29] 73.44k MIPS [29] 

Fog Server C, FSC 74.20 [30] 45 [30] 1080k MIPS [30] 

  

A. Unlimited Scenario 
 

In this scenario, the model allows more than one processing 

server to be deployed at each candidate node. Also, different 

types of processing servers and heterogeneous combinations are 

considered, i.e., processing servers A and B, as well as 

processing servers A, B, and C, to evaluate performance under 

the fog-based approach. This scenario is essential for assessing 

the maximum potential energy efficiency and performance of 

the fog-based approach when there are no deployment 

restrictions, as it allows the system to use as many servers as 

needed to meet service demands. 

  

 
Fig. 3. Total energy consumption of fog-based approach and conventional 

approach for different processing server capacities. 

 

Fig. 3 illustrates the total energy consumption of the fog-

based and conventional approaches under different processing 

server capacity configurations. The results show that the fog-

based approach achieves lower total energy consumption than 

the conventional approach for all processing server capacities. 

The lower total energy in the fog-based approach is primarily 

due to reduced networking power. By placing the processing 

servers near service demands, the system minimizes the volume 

of data traversing the network. In contrast, in the conventional 

approach, data must traverse networking equipment across all 

layers to reach the processing server at the cloud layer, thereby 

increasing the energy consumption of the networking 

equipment.  
 

 

 
 

Fig. 4. Number of processing servers utilized in the fog-based approach and 

the conventional approach for different processing server capacities. 

 

The results also reveal that the total energy consumed for 

both approaches, decreases as processing server capacity 

increases. Specifically, the energy savings achieved by the fog-

based approach compared to the conventional approach are 

approximately 80.4%, 84.8%, and 89.6% for processing server 

A, processing server B, and processing server C, respectively. 

This improvement is due to the reduced number of utilized 

processing servers, as more service demands can be 

consolidated in the processing server, as shown in Fig. 4. Fig. 3 

also indicates that when processing servers A and B are allowed 

to be deployed in the network, the total energy consumption 

increases in both approaches, resulting in an energy saving of 

84.8% for the fog-based approach. However, when all three 

types of processing servers are permitted, the fog-based 

approach achieves an energy saving of 89.6%. It is worth noting 

that the energy savings in the fog-based approach for processing 

servers A and B are identical to those obtained when only server 

B is considered, whereas the energy savings for processing 

servers A, B, and C are similar to those obtained when only 

server C is considered. This is due to the same number of 

processing servers used in these scenarios, as shown in Fig. 4. 

These results highlight that higher processing server capacity is 

crucial to improving the overall energy efficiency of the fog-

based approach, rather than the deployment of heterogeneous 

processing servers. 

We also assess the performance of the fog-based approach 

under increasing traffic conditions for different processing 

server capacities and heterogeneous processing server 

deployment. We consider the service demand required by a user 

to be 1000 MIPS, 2000 MIPS, and 3000 MIPS. Note that 

increasing the service demand also increases the amount of data 

traversing the network. Fig. 5 illustrates that increasing traffic, 

i.e., service demand, increases the total energy consumed. This 

is due to the increased amount of data that must be transmitted 

and processed in the network, hence increasing the energy 
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consumption of the networking and processing equipment. 

However, the results in Fig. 5 indicate that processing energy 

consumption plays a dominant role in the total energy 

consumption, particularly when low-capacity processing 

servers are considered, i.e., processing server A, processing 

server B, and a combination of processing server A and B. This 

is shown in Fig. 6, where, when a high-capacity processing 

server C is considered, as well as when heterogeneous 

processing servers A, B, and C are deployed, the same number 

of servers is utilized to serve the increasing demand. This 

highlights that higher-capacity processing servers enable 

greater consolidation of service demands. It is worth noting that 

although heterogeneous processing servers can be deployed in 

the network, higher processing server capacity plays a more 

significant role in reducing total energy consumption than 

server heterogeneity. This is because higher-capacity 

processing servers can accommodate more service demands 

within fewer active servers, thereby improving overall energy 

efficiency. 

 

 
 

Fig. 5. Total energy consumption of the fog-based approach with increasing 

traffic for different processing server capacities. 

 

 
 

Fig. 6. Number of processing servers utilized in the fog-based approach with 

increasing traffic for different processing server capacities. 
 

B. Limited Scenario 
 

In this scenario, the deployment of the processing server is 

limited to one per candidate node. Therefore, we include 

constraint (18), where the total number of servers at each 

candidate node, 𝑁𝐹𝑆𝑑 should not exceed more than one, as 

below; 

𝑁𝐹𝑆𝑑 ≤  1   ;   ∀𝑑 ∈ 𝐹𝑂𝐺 (18) 

We consider only heterogeneous combinations of processing 

servers, which are processing servers A and B, as well as 

processing servers A, B, and C, to assess the performance of the 

fog-based approach under deployment constraints. Note that 

each user requires a service demand of 1000 MIPS. This 

scenario is essential for examining the impact of deployment 

restrictions on the fog-based approach's energy efficiency. 

Besides, it also reflects practical limitations in real-world fog 

computing deployments. 

The results in Fig. 7 indicate that considering higher 

processing server capacities in heterogeneous combinations 

leads to lower total energy consumed in both limited and 

unlimited scenarios. This is primarily due to a significant 

decrease in the energy consumed by the processing server, as 

fewer processing servers are used to serve the same demand, as 

shown in Fig. 8. Besides, Fig. 8 shows that only processing 

server C, which has the highest processing capacity, is utilized 

in both the limited and unlimited scenarios to minimize the 

number of active servers.  

 

 
 

Fig. 7. Total energy consumption of the fog-based approach under limited and 

unlimited scenarios with different heterogeneous combinations of processing 
servers. 

 

 
 

Fig. 8. Number of processing servers utilized in the fog-based approach under 

limited and unlimited scenarios with different heterogeneous combinations of 

processing servers. 

 

The results in Fig. 7 also show that the unlimited scenarios 

yield lower total energy consumption than the limited scenario 

when processing servers with low and medium capacities are 

considered. This is because, in the unlimited scenario, the total 

number of processing servers in use is reduced, with most 

servers deployed near service demand. This reduces the total 

amount of data traversing the network equipment, since service 

demands can be processed closer to the users. In contrast, 

limiting the number of servers to deploy at each candidate node 

increases the number of servers in use. As illustrated in Fig. 8, 

both processing servers A and B are activated to meet the 

demands. This leads to lower server utilization efficiency.  
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However, the results in Fig. 7 further show that when the 

processing server's capacity is high within a heterogeneous 

combination, the total energy consumption is identical in both 

scenarios. This is because the number of processing servers 

utilized in both scenarios is identical, as shown in Fig. 8. This 

finding demonstrates that the limiting scenario resulted in 

higher energy consumption than the unlimited scenario. 

However, this increase can be mitigated by deploying a higher-

capacity processing server rather than relying on multiple 

lower-capacity processing servers in a heterogeneous 

combination. 

 

V. CONCLUSION 
 

This paper investigated the impact of deploying 

heterogeneous processing servers on the energy efficiency of a 

fog-based approach compared to the conventional cloud-based 

approach. Also, to provide baseline comparisons and to better 

understand the impact of server capacity on overall system 

performance, individual processing server types were also 

considered. A Mixed Integer Linear Programming (MILP) 

model was developed with the aim of minimizing the total 

energy consumption of the networking and processing 

equipment across multiple network layers. The results 

demonstrate that, compared to the cloud-based approach, the 

fog-based approach consistently achieves significant energy 

savings primarily due to reduced networking energy 

consumption as processing servers are deployed closer to users. 

Furthermore, the findings reveal that while heterogeneous 

processing server deployments offer flexibility, higher 

processing server capacity plays a more decisive role in 

improving energy efficiency. This is because it enables greater 

consolidation of service demands, hence reducing the number of 

active servers. We also evaluate the impact of restricting the 

number of processing servers deployed at each candidate node, 

i.e., a limited scenario, on the performance of the fog-based 

approach. In both limited and unlimited deployment scenarios, 

similar energy consumption levels were observed when 

heterogeneous deployments included the highest-capacity 

processing server, as the same number of servers was utilized. 

This indicates that processing capacity is more influential than 

heterogeneity alone. Although deployment constraints generally 

lead to higher energy consumption, this effect can be mitigated 

by deploying higher-capacity processing servers. Future work 

will extend this study to better reflect realistic operating 

conditions and enable scalable deployment. This includes 

developing heuristic methods inspired by the MILP results for 

large-scale scenarios and exploring multi-objective optimization 

to balance energy efficiency with latency constraints and 

dynamic traffic demands. 
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