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Abstract 

Energy-efficient and QoS-preserving scheduling is a major requirement in cloud–edge computing 

environments, where heterogeneous resources, dynamic workloads, and distributed data sources 

create complex performance–energy trade-offs. Although existing orchestration platforms provide 

automated deployment, scheduling, scaling, and workload management, many of them remain 

compute-centric and reactive. They commonly prioritize CPU availability, memory capacity, and load 

balancing while providing limited consideration for energy consumption, network latency, data 

movement cost, and service-level agreement satisfaction. As a result, conventional scheduling 

strategies may lead to excessive energy usage, higher latency, poor resource utilization, and 

increased SLA violations in cloud–edge infrastructures. This paper presents an experimental 

evaluation of an energy-efficient cloud–edge scheduling approach with QoS preservation. The 

proposed scheduling model supports intelligent task placement, workload scheduling, auto-scaling, 

VM/container migration, and workload consolidation across heterogeneous cloud, fog, and edge 

resources. The model integrates compute suitability, network condition, data locality, workload 

prediction, and Energy–QoS optimization to generate adaptive orchestration decisions. Unlike baseline 

schedulers that optimize isolated objectives, the proposed approach jointly minimizes energy 

consumption, latency, makespan, data transfer cost, and QoS violation while improving resource 

utilization and throughput. The performance of the proposed scheduling model is evaluated using 

multiple metrics, including total energy consumption, energy saving, average latency, makespan, SLA 

satisfaction rate, SLA violation rate, resource utilization, scheduling overhead, throughput, and data 

transfer cost reduction. The proposed model is compared with three related scheduling approaches: 

default Kubernetes scheduling, energy-aware scheduling, and ML-based resource scheduling. 

Experimental results show that the proposed approach achieves 32.15% energy saving, reduces 

average latency to 41.60 ms, improves SLA satisfaction to 98.10%, and increases resource utilization 

to 90.30%. Ablation analysis further confirms that task preprocessing, context modeling, workload 

prediction, multi-criteria decision-making, Energy–QoS optimization, and feedback learning each 

contribute progressively to the final improvement. Statistical significance testing validates that the 

observed gains are consistent and meaningful across repeated experimental runs. 

Keywords: Cloud–edge scheduling; energy efficiency; Energy–QoS optimization; QoS preservation; 

resource orchestration; SLA satisfaction; task placement; workload consolidation; workload 

prediction; sustainable cloud computing. 
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1. Introduction 

The increasing adoption of cloud–edge computing has changed the way computational workloads are 

deployed, scheduled, and executed across distributed infrastructures. Traditional cloud computing 

offers large-scale processing, storage, and virtualization capabilities; however, many modern 

applications such as IoT monitoring, autonomous systems, healthcare analytics, video surveillance, 

industrial automation, and smart-city services require faster response time and localized processing. 

Edge computing addresses this requirement by placing computation closer to data sources, while the 

cloud continues to provide high-capacity processing for computation-intensive workloads. As a result, 

modern distributed systems are no longer limited to centralized data centers but operate across a 

cloud–edge continuum, where cloud servers, fog nodes, edge gateways, and end devices must be 

coordinated together. 

In such an environment, task scheduling becomes a critical challenge because the scheduler must 

decide where each workload should execute while considering computation demand, network delay, 

data movement, node capacity, energy consumption, and service-level constraints. Edge computing 

surveys have shown that resource scheduling generally involves computation offloading, resource 

allocation, and resource provisioning, where each decision affects latency, energy consumption, and 

service quality [1]. Recent studies further highlight that scheduling across the computing continuum 

must consider placement, energy efficiency, heterogeneous infrastructure, and distributed 

application requirements [2]. Therefore, cloud–edge scheduling cannot be treated as a simple node-

selection problem; instead, it must be addressed as a multi-objective decision-making problem. 

Energy efficiency is one of the most important concerns in cloud–edge scheduling. Cloud data centers 

consume substantial energy due to continuous workload execution, cooling, and infrastructure 

operation. At the same time, edge devices often operate under constrained power conditions. 

Therefore, an inefficient scheduling decision can increase both operational cost and environmental 

impact. Recent studies on energy-aware edge computing indicate that energy optimization must be 

addressed at different levels, including device-level execution, task offloading, middleware, 

application placement, and system-level resource management [3]. However, energy minimization 

alone is not sufficient because aggressive energy-saving strategies may degrade QoS, increase 

response time, and cause deadline violations. 

Quality of Service preservation is equally important in cloud–edge environments. Many cloud–edge 

applications are latency-sensitive and require strict response-time guarantees. QoS-aware 

orchestration studies have emphasized that applications in the cloud–edge continuum must be 

dynamically deployed and adapted according to changing service requirements [4]. Serverless and 

function-based cloud–edge systems further demonstrate that heterogeneous functions and service 

classes require QoS-aware offloading policies to maintain service utility under resource and budget 

constraints [5]. Hence, an effective scheduler must balance energy efficiency with QoS preservation 

rather than optimizing either objective independently. 

Several recent studies have proposed energy-efficient and QoS-aware scheduling methods for cloud, 

edge, and hybrid environments. Deep reinforcement learning-based task scheduling has been used to 

improve decision-making in cloud computing [6]. Other approaches use multi-criteria decision-making 

for energy-efficient cooperative resource allocation in IoT edge environments [7]. Energy-efficient 

resource allocation and management strategies have also been proposed for improving resource usage 

and reducing power consumption in fog-enabled systems [8]. These works show that intelligent and 

optimization-based scheduling can improve resource management; however, many of them still focus 

on a limited set of objectives or specific environments. 

Another important limitation in existing scheduling approaches is the incomplete integration of 

network and data movement costs. In cloud–edge systems, data is often generated at edge devices, 
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but computation may be executed at fog nodes or cloud data centers. If the scheduler selects a 

distant compute node only because it has high processing capacity, the system may suffer from 

increased latency, bandwidth consumption, and energy cost due to data transfer. Recent works on 

integrated computing, caching, and communication in the cloud-to-edge continuum emphasize the 

need to jointly consider computation, communication, and data-related decisions [9]. 

Adaptive scheduling is also necessary because cloud–edge workloads are highly dynamic. Workload 

arrival rates, user mobility, network congestion, node availability, and energy status can change 

continuously. Static scheduling policies and rule-based heuristics may perform well under fixed 

conditions but fail when the system state changes. Recent research on intelligent job scheduling and 

real-time resource optimization for edge-cloud continuum systems demonstrates the importance of 

adaptive decision-making in next-generation networks [10,11]. Autonomous energy-aware scheduling 

mechanisms for serverless edge environments also show that dynamic scheduler selection can improve 

energy-aware function execution [12,13]. 

Despite this progress, several research limitations remain. First, many existing schedulers remain 

compute-centric and consider CPU, memory, or task load as the primary decision factors. Second, 

some energy-aware methods improve energy saving but do not sufficiently preserve QoS under 

latency-sensitive workloads. Third, many QoS-aware methods reduce response time but do not 

explicitly minimize energy consumption and data transfer cost. Fourth, several ML-based methods 

focus on prediction or offloading but do not provide a complete scheduling pipeline that includes 

placement, migration, scaling, workload consolidation, and feedback-based policy adaptation. 

Motivated by these limitations, this paper presents an Energy-Efficient Cloud–Edge Scheduling Model 

with QoS Preservation. The proposed model supports task placement, workload scheduling, auto-

scaling, VM/container migration, and workload consolidation across heterogeneous cloud, fog, and 

edge resources. Unlike conventional schedulers, the proposed approach jointly considers compute 

suitability, network condition, data locality, workload prediction, energy consumption, and QoS 

constraints. The scheduling problem is formulated as a multi-objective optimization process that 

minimizes energy consumption, latency, makespan, data transfer cost, and QoS violation while 

improving SLA satisfaction, throughput, and resource utilization. 

The major contributions of this paper are summarized as follows: 

1. An energy-efficient and QoS-preserving cloud–edge scheduling model is presented for 

heterogeneous distributed infrastructures. 

2. The proposed model integrates compute suitability, network awareness, data locality, workload 

prediction, and Energy–QoS optimization into a unified scheduling process. 

3. A multi-dimensional evaluation framework is used to assess total energy consumption, energy 

saving, average latency, makespan, SLA satisfaction, SLA violation rate, resource utilization, 

scheduling overhead, throughput, and data transfer cost reduction. 

4. The proposed model is compared with default Kubernetes scheduling, energy-aware scheduling, 

ML-based scheduling, and selected existing methods. 

1. Ablation analysis and statistical significance testing are included to validate the contribution of 

each component and confirm the reliability of performance improvements 

The rest of the paper is organized as follows. Section 2 reviews existing studies on energy-aware 

scheduling, DL and RL-based scheduling, serverless cloud edge scheduling and multi-objective 

optimization. Section 3 identifies the key research gaps and explains how the proposed framework 

addresses them. Section 4 presents the proposed methodology. Section 5 discusses the experimental 
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results, baseline comparisons, ablation study, and statistical significance analysis. Finally, Section 6 

concludes the paper and outlines future research directions. 

2. Literature Survey 

Energy-efficient scheduling in cloud–edge environments has become an important research direction 

because modern applications increasingly require low latency, high QoS, reduced energy 

consumption, and efficient resource utilization. Existing studies have explored energy-aware 

scheduling, QoS-aware task allocation, serverless offloading, reinforcement learning-based 

scheduling, and sustainable edge-cloud workload distribution. These works demonstrate that energy, 

latency, resource availability, workload priority, and service requirements must be considered during 

task placement and resource allocation. However, most existing methods focus on specific 

environments such as vehicular edge computing, IoT-edge systems, mobile edge computing, or 

serverless workflows. As a result, they often do not provide a unified scheduling and orchestration 

framework that can jointly handle compute suitability, network condition, data locality, workload 

prediction, Energy–QoS optimization, task placement, scaling, migration, consolidation, and 

feedback-based adaptation across heterogeneous cloud–fog–edge infrastructures. 

2.1 Energy-Efficient Scheduling in Cloud–Edge Environments 

support computation-intensive workloads while reducing power consumption and operational cost. In 

[14], cloud–edge data center optimization was studied by jointly considering security, QoS, and 

energy efficiency. The study highlights the importance of balancing energy consumption with service 

requirements; however, it focuses mainly on selected optimization dimensions and does not fully 

integrate placement, scaling, migration, workload consolidation, and feedback-based scheduling into 

one unified framework. 

QoS-aware task scheduling has also been explored in vehicular edge computing. In [15], joint task 

scheduling and resource allocation were formulated to improve QoS under vehicular edge conditions. 

The method demonstrates the value of considering both computation and communication resources 

during scheduling. However, such domain-specific models are often designed for vehicular scenarios 

and may not generalize directly to heterogeneous cloud–fog–edge infrastructures. 

In [16], energy-efficient cooperative resource allocation and task scheduling were investigated for IoT 

edge environments using a multi-criteria decision-making strategy. The work shows that ranking-

based resource selection can improve energy efficiency and task allocation. However, predefined 

criteria and fixed weights may reduce adaptability under dynamic workload, network, and energy 

conditions. 

Similarly, [17] proposed an efficient resource allocation and management strategy with energy 

efficiency for fog-enabled systems. Although it improves energy-aware resource assignment, it mainly 

focuses on allocation efficiency and does not provide a complete cloud–edge scheduling pipeline 

involving network awareness, data locality, workload prediction, Energy–QoS optimization, and 

adaptive decision enforcement. 
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2.2 Deep Learning and Reinforcement Learning-Based Scheduling 

Deep reinforcement learning-based scheduling has been examined in [18], where an energy-efficient 

task scheduler was designed for cloud computing. The approach learns scheduling decisions through 

interaction with the environment and improves scheduling performance compared with conventional 

reinforcement learning methods. However, such models often require careful reward design and may 

not explicitly include data locality, communication cost, and SLA violation penalties in the scheduling 

objective. 

Task offloading and resource allocation in edge computing networks were studied in [19], where 

energy consumption, latency, task heterogeneity, and resource constraints were considered. This 

confirms that scheduling in edge systems requires joint optimization of multiple conflicting 

objectives. However, many such approaches focus mainly on offloading rather than a complete 

scheduling workflow covering placement, scaling, migration, consolidation, and feedback-driven 

adaptation. 

In [20], an energy-efficient and priority-aware task scheduling model was proposed for dynamic 

vehicular edge computing. The model highlights the role of task priority in scheduling decisions. 

However, priority-aware scheduling must be further integrated with energy–QoS balancing and data-

locality awareness to support general cloud–edge environments. 

In [21], task offloading optimization was performed using density clustering, ensemble learning, and 

deep reinforcement learning. The method improves offloading decision-making in mobile edge 

computing. However, ensemble-based scheduling can increase model complexity and decision 

overhead, which may affect real-time orchestration in large-scale cloud–edge systems. 

2.3 Serverless and Function-Level Cloud–Edge Scheduling 

Serverless cloud–edge scheduling has also received attention. In [22], QoS-aware offloading policies 

were developed for serverless functions in the cloud-to-edge continuum. The study shows that 

function heterogeneity and service classes must be considered during scheduling. However, 

serverless-specific methods may not directly address broader scheduling scenarios involving 

containers, virtual machines, microservices, and data-intensive workloads. 

Energy-aware serverless scheduling was addressed in [23], where scheduler selection was adapted 

according to energy conditions at edge nodes. This demonstrates the importance of energy-awareness 

in edge execution. However, scheduler selection alone may not fully optimize network latency, data 

locality, SLA deadlines, and workload consolidation. 

In [24], an autonomous energy-aware scheduling mechanism was proposed for serverless IoT edge 

environments. The work emphasizes residual energy-aware resource allocation. However, residual-

energy-based scheduling requires extension with compute suitability, network status, and QoS-aware 

optimization to support heterogeneous cloud–edge infrastructures. 

In [25], energy-aware serverless workflow orchestration was studied for the computing continuum. 

The work considers energy consumption and sustainability in workflow orchestration. However, 
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serverless workflow optimization differs from general-purpose cloud–edge scheduling, where 

workloads may include containerized services, VM-based tasks, and mixed application types. 

2.4 Task Offloading, Resource Allocation, and Data Movement 

Task offloading and resource allocation were further studied in [26], where latency and energy 

consumption were optimized in mobile edge computing. This confirms that offloading must balance 

execution delay and power usage. However, many offloading approaches still focus mainly on device-

to-edge allocation and do not fully represent hierarchical cloud–fog–edge execution. 

In [27], cloud–edge–end cooperative task offloading and resource allocation were formulated using a 

time-slotted scheduling model. The study supports cooperation across different infrastructure layers. 

However, time-slotted formulations may be less flexible under unpredictable workload arrivals, 

changing link conditions, and real-time SLA constraints. 

Distributed task offloading and resource allocation were investigated in [28], where latency and 

energy trade-offs were considered. Distributed scheduling can improve scalability and reduce 

centralized control dependency. However, it may also introduce coordination overhead and may not 

always capture global Energy–QoS optimization across the entire cloud–edge continuum. 

In [29], task offloading for energy-harvesting IoT devices was studied by balancing execution utility 

and cost. The work is useful for energy-constrained IoT scenarios. However, a broader evaluation is 

required for general cloud–edge scheduling, including SLA satisfaction, resource utilization, 

makespan, throughput, scheduling overhead, and statistical significance. 

2.5 Multi-Objective Optimization and Sustainable Scheduling 

Multi-objective scheduling has been addressed in [30], where task offloading and resource allocation 

were jointly optimized in MEC-enabled medical vehicular networks. The study confirms the 

importance of optimizing completion time and energy consumption together. However, application-

specific models require generalization before being applied to heterogeneous cloud–edge 

infrastructures. 

Sustainable edge-cloud data center management was discussed in [31], where energy efficiency and 

sustainability were emphasized for next-generation edge-cloud data centers. This supports the need 

for scheduling models that evaluate both performance and sustainability. However, sustainability-

oriented scheduling must still be integrated with practical orchestration actions such as task 

placement, migration, scaling, and consolidation. 

Low-latency and low-carbon workload distribution was studied in [32], where edge-cloud 

collaboration was used to support mixed workloads. The work highlights the value of balancing 

latency and sustainability. However, low-carbon collaboration models still require stronger 

integration with QoS preservation, data movement reduction, and adaptive scheduling policies. 

In [33], QoS-aware placement of interdependent services was investigated in energy-harvesting edge 

computing environments. The work considers service dependency and energy uncertainty. However, 

the present paper extends this direction by integrating compute suitability, network condition, data 
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locality, workload prediction, and Energy–QoS optimization into a unified cloud–edge scheduling 

model. 

3. Research Gaps and Gap-Addressing Strategy 

From the reviewed literature, it is observed that energy-aware scheduling, QoS-driven task allocation, 

edge computing, serverless orchestration, machine learning-based resource management, and multi-

objective optimization have individually contributed useful solutions for cloud–edge environments. 

However, these approaches remain partially fragmented because they often address only selected 

aspects such as energy reduction, latency minimization, task offloading, or resource allocation. They 

rarely provide a unified orchestration mechanism that jointly considers compute suitability, network 

condition, data locality, workload prediction, Energy–QoS trade-off, SLA preservation, and adaptive 

feedback-based decision-making. Therefore, the proposed study identifies these limitations and 

addresses them through a unified multi-perspective cloud–edge orchestration framework designed to 

support sustainable, adaptive, and QoS-aware resource scheduling. 

1. Fragmented objective optimization: Many existing scheduling approaches optimize only 

selected objectives such as energy consumption, latency, or task offloading. However, limited 

studies integrate energy, QoS, SLA violation, resource utilization, communication cost, data 

locality, and scheduling overhead into a single unified decision model. 

2. Limited generalization across cloud–edge infrastructures: Several existing methods are 

designed for specific domains such as vehicular edge computing, IoT systems, mobile edge 

computing, or serverless platforms. This limits their applicability to heterogeneous cloud–fog–

edge infrastructures. 

3. Incomplete orchestration coverage: Most approaches focus mainly on task offloading or 

resource allocation. They do not fully address practical orchestration actions such as task 

placement, scaling, migration, workload consolidation, and adaptive decision enforcement. 

4. Weak integration of data locality and network awareness: Data locality and network 

conditions are not sufficiently considered in many scheduling models. This is a major limitation 

because data movement and communication latency directly affect energy consumption and QoS 

in cloud–edge environments. 

5. Static decision policies: Many methods depend on fixed criteria, predefined weights, or static 

decision rules. Such approaches reduce adaptability under dynamic workloads, changing 

network conditions, and varying energy availability. 

6. Limited feedback-driven adaptation: Feedback-based scheduling and continuous adaptation 

remain underexplored. Many existing models do not update future scheduling decisions using 

observed execution outcomes, SLA deviations, energy behavior, and workload variations. 

The proposed framework addresses these gaps by introducing a unified Energy–QoS-aware scheduling 

and resource orchestration strategy for heterogeneous cloud–edge environments. To overcome 

fragmented objective modeling, the framework jointly considers energy consumption, latency, SLA 

violation, resource utilization, communication cost, data locality, and workload demand during 

scheduling decisions. To improve generalization beyond domain-specific systems, the framework is 

designed for cloud–fog–edge infrastructures involving diverse execution nodes, workload types, and 
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resource capacities. To move beyond simple task offloading, the proposed model incorporates 

multiple orchestration actions, including task placement, scaling, migration, workload consolidation, 

and adaptive decision enforcement. Network condition and data locality are integrated into the 

decision process so that computation can be placed closer to relevant data sources when beneficial, 

thereby reducing communication cost and improving QoS. The framework also includes workload 

prediction and context analysis to support proactive scheduling instead of purely reactive allocation. 

Furthermore, a feedback loop continuously monitors execution outcomes, energy usage, latency, SLA 

status, and resource utilization, allowing future decisions to be refined dynamically. In this way, the 

proposed framework provides a more adaptive, practical, and comprehensive solution for sustainable 

cloud–edge scheduling. 

4. Proposed Methodology 

The proposed methodology presents an Energy–QoS Aware Cloud–Edge Scheduling and Resource 

Orchestration Model for improving energy efficiency, latency performance, SLA satisfaction, and 

resource utilization across heterogeneous cloud, fog, and edge infrastructures. The model evaluates 

each task using both workload-specific and infrastructure-specific conditions before making a 

scheduling decision. The architecture consists of two major proposed components: Component 1: 

Intelligent Task Analysis and Context Modeling and Component 2: Energy–QoS Aware Scheduling and 

Resource Orchestration. Component 1 transforms incoming tasks and system telemetry into structured 

scheduling context, while Component 2 uses this context to make optimized scheduling decisions and 

enforce orchestration actions. 
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Figure 1.  Architectural diagram of the proposed Energy–QoS aware cloud–edge scheduling model. 

Figure 1 presents the overall architecture of the proposed energy–QoS-aware cloud–edge scheduling 

and resource orchestration framework. The framework begins with task submissions from IoT devices 

and end users, while monitoring and telemetry data are continuously collected from the 

infrastructure, including CPU, memory, storage, network condition, energy status, queue length, data 

locality, and historical workload. The first component, Intelligent Task Analysis and Context Modeling, 

processes the submitted tasks by performing task profiling, feature extraction, workload 

classification, context modeling, workload prediction, and task suitability scoring. This generates 

task-context information based on compute suitability, network condition, data locality, and 

predicted workload demand. The second component, Energy–QoS Aware Scheduling and Resource 

Orchestration, uses this task-context information to make optimal scheduling decisions. It evaluates 

multiple decision criteria, including energy consumption, QoS parameters, makespan, resource 

utilization, data transfer cost, and scheduling overhead. These criteria are then processed through an 

optimization and decision module that combines weighted multi-objective optimization with 

reinforcement learning. Based on the decision outcome, the framework performs scheduling actions 

such as task placement, scaling, migration, workload consolidation, and execution priority control 
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across cloud data centers, fog layers, and edge layers. The execution and feedback loop continuously 

monitors the performance of scheduled tasks after deployment. It collects feedback related to energy 

usage, QoS performance, and SLA status, and uses this information to update the decision model. This 

feedback-driven mechanism enables the framework to adapt to changing workload, network, and 

energy conditions. Therefore, Figure 1 highlights how the proposed framework integrates task 

analysis, context modeling, multi-criteria optimization, scheduling enforcement, and continuous 

learning into a unified cloud–edge orchestration architecture. 

4.1 System Model 

Let the cloud–edge infrastructure be represented as a set of heterogeneous execution nodes: N = {n1, 

n2, n3, ..., nm}, where each node may belong to the cloud data center, fog layer, or edge layer. Each 

node is characterized by processing capacity, memory capacity, bandwidth availability, energy 

profile, and current utilization status: nj = {Cj, Mj, Bj, Ej, Uj}. The workload submitted to the system is 

represented as:T = {t1, t2, t3, ..., tk}. Each task is described by computation demand, memory 

requirement, input data size, deadline, priority, and QoS sensitivity: ti = {ci, mi, di, δi, pi, qi} 

The scheduling decision is represented using a binary assignment variable as in Eqn. 1: 

xij = 1 if task ti is assigned to node nj; otherwise xij = 0  ,                                            (1) 

where, Σj xij = 1,  ∀ ti ∈ T 

4.2 Component 1: Intelligent Task Analysis and Context Modeling 

Figure 2 illustrates the first major component of the proposed framework, namely Intelligent Task 

Analysis and Context Modeling. This component converts raw workload requests and infrastructure-

level monitoring information into a structured task-context output that can be directly used by the 

scheduler. Incoming workloads may originate from IoT devices, mobile users, surveillance systems, 

healthcare sensors, or enterprise applications. Each workload is associated with different 

characteristics such as computation demand, memory requirement, input data size, deadline, 

priority, and workload category. Therefore, before scheduling decisions are made, the system first 

analyzes both task-level requirements and infrastructure-level conditions. 

The first stage is task preprocessing, where each incoming task is profiled, features are extracted, 

and the workload is classified according to its execution characteristics. Let a task be represented as: 

𝑇𝑖 = 𝐶𝑖 ,𝑀𝑖 , 𝐷𝑖 , 𝐿𝑖 , 𝑃𝑖 ,𝑊𝑖, where 𝐶𝑖  denotes computation demand, 𝑀𝑖  represents memory requirement, 

𝐷𝑖 indicates input data size, 𝐿𝑖 denotes deadline or latency requirement, 𝑃𝑖 represents task priority, 

and 𝑊𝑖denotes workload category. This representation allows the framework to understand the basic 

requirements of each task before it is forwarded to the scheduling layer. 
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Figure 2.. Intelligent Task Analysis and Context Modeling Component of the Proposed Framework 

The second stage is context modeling, where infrastructure conditions are analyzed using monitoring 

and telemetry data. The framework considers compute availability, network condition, and data 

locality. Compute suitability is estimated using the available CPU and memory resources of a 

candidate node. It can be expressed as in Eqn. 2: 

𝐶𝑆𝑖𝑗 = 𝛼1𝐶𝑃𝑈𝑗 + 𝛼2𝑀𝐸𝑀𝑗,                                                                        (2) 

where 𝐶𝑆𝑖𝑗 is the compute suitability score of task Ti on node 𝑁𝑗, 𝐶𝑃𝑈𝑗 and 𝑀𝐸𝑀𝑗 represent available 

CPU and memory capacity of node 𝑁𝑗 , and 𝛼1  and 𝛼2  are weighting factors. A higher compute 

suitability score indicates that the candidate node is more capable of executing the task efficiently. 

The third stage performs workload prediction using historical and real-time telemetry information. 

This stage estimates task arrival rate, future resource demand, and expected execution duration. The 

predicted workload demand can be represented as mentioned in Eqn. 3: 

𝑊̂𝑡+1 = 𝑓(𝑊𝑡,𝑊𝑡−1, 𝑄𝑡, 𝑅𝑡)                                                                        (3) 

where 𝑊̂𝑡+1  is the predicted workload for the next time interval, 𝑊𝑡  and 𝑊𝑡−1  are current and 

previous workload states, 𝑄𝑡  is the current queue length, and 𝑅𝑡  represents current resource 

utilization. This prediction helps the scheduler make proactive decisions instead of responding only 

after resource overload or SLA degradation occurs. 
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The fourth stage is the task suitability score generator, which combines compute score, network 

score, data locality score, predicted workload factor, and task priority into a single overall suitability 

value. The overall suitability score can be expressed as in Eqn. 4: 

𝑂𝑆𝑆𝑖𝑗 = 𝛽1𝐶𝑆𝑖𝑗 + 𝛽2𝑁𝑆𝑖𝑗 + 𝛽3𝐷𝐿𝑆𝑖𝑗 + 𝛽4𝑃𝑊𝐹𝑖 + 𝛽5𝑃𝑖                                            (4) 

where 𝑂𝑆𝑆𝑖𝑗 denotes the overall suitability score of task 𝑇𝑖  for node 𝑁𝑗, 𝑁𝑆𝑖𝑗  is the network score, 

𝐷𝐿𝑆𝑖𝑗 is the data locality score, 𝑃𝑊𝐹𝑖 is the predicted workload factor, and 𝑃𝑖 is the task priority. The 

coefficients 𝛽1 to 𝛽5 define the relative importance of each factor. 

The final output of this component is a structured task-context representation consisting of candidate 

node suitability, task-context information, and decision-ready scheduling input. Thus, Figure 2 shows 

how the proposed framework transforms raw task and infrastructure data into meaningful scheduling 

intelligence. This enables the next component of the framework to perform more accurate Energy–

QoS-aware scheduling and resource orchestration across cloud, fog, and edge layers. 

 

Figure 3. Component 2: Energy–QoS Aware Scheduling and Resource Orchestration. 

4.3 Component 2: Energy–QoS Aware Scheduling and Resource Orchestration 

Figure 3 presents the second major component of the proposed framework, namely Energy–QoS-Aware 

Scheduling and Resource Orchestration. This component receives structured task-context information 

from Component 1 and uses it to select the most suitable execution node across cloud data centers, 

fog nodes, and edge devices. The purpose of this component is to make scheduling decisions that 
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balance energy efficiency, QoS preservation, resource utilization, data transfer cost, and scheduling 

overhead. 

The first stage is the multi-criteria decision engine, where candidate execution nodes are evaluated 

using multiple scheduling criteria. These include energy consumption, QoS parameters, makespan, 

resource utilization, data transfer cost, and scheduling overhead. Energy consumption is estimated by 

considering computation energy and communication energy as in Eqn. 5: 

𝐸𝑡𝑜𝑡𝑎𝑙 = 𝐸𝑐𝑜𝑚𝑝 + 𝐸𝑐𝑜𝑚𝑚,                                                                              (5) 

where 𝐸𝑡𝑜𝑡𝑎𝑙 represents the total energy required for task execution, 𝐸𝑐𝑜𝑚𝑝 is the energy consumed 

during computation, and 𝐸𝑐𝑜𝑚𝑚  is the energy consumed during data transmission. This helps the 

framework avoid scheduling decisions that reduce latency but increase unnecessary energy cost. 

The second stage is the optimization and decision module, which combines weighted multi-objective 

optimization with reinforcement learning-based adaptive scheduling. The weighted optimization 

component assigns importance to different objectives such as energy, latency, SLA cost, utilization, 

and transfer cost. The overall scheduling objective can be expressed as in Eqn. 6: 

𝐹𝑖𝑗 = 𝑤1𝐸𝑖𝑗 + 𝑤2𝐿𝑖𝑗 + 𝑤3𝑆𝐿𝐴𝑖𝑗 + 𝑤4𝐶𝑖𝑗 + 𝑤5𝑂𝑖𝑗,                                                    (6) 

where 𝐹𝑖𝑗 is the overall fitness cost of assigning task 𝑇𝑖 to node 𝑁𝑗, 𝐸𝑖𝑗 is energy consumption, 𝐿𝑖𝑗 is 

latency, 𝑆𝐿𝐴𝑖𝑗 is SLA violation cost, 𝐶𝑖𝑗 is data transfer cost, 𝑂𝑖𝑗 is scheduling overhead, and 𝑤1to 𝑤5 

are objective weights. The node with the lowest fitness cost is considered more suitable for task 

execution. 

Reinforcement learning is used to improve scheduling decisions over time by learning from previous 

execution outcomes. After each scheduling action, the system observes performance feedback such as 

latency, throughput, SLA satisfaction, energy usage, and resource utilization. The reward function 

may be expressed as in Eqn. 7: 

𝑅 = 𝜆1𝑄𝑜𝑆 − 𝜆2𝐸𝑡𝑜𝑡𝑎𝑙 − 𝜆3𝑆𝐿𝐴𝑣𝑖𝑜𝑙 ,                                                                 (7) 

where 𝑅  is the reward value, (QoS) represents the achieved quality of service, 𝐸𝑡𝑜𝑡𝑎𝑙  is the total 

energy onsumption, 𝑆𝐿𝐴𝑣𝑖𝑜𝑙 denotes SLA violation penalty, and 𝜆1, 𝜆2, and 𝜆3 control the importance 

of each term. A higher reward indicates that the scheduling action achieved better QoS with lower 

energy and fewer SLA violations. 

Based on the optimized scheduling decision, the framework performs different orchestration actions. 

These include task placement, scaling resources up or down, migrating workloads between nodes, 

consolidating compatible workloads to improve utilization, and prioritizing critical or SLA-sensitive 

tasks. Once the best execution node is selected, the task is deployed at the cloud, fog, or edge layer 

depending on its context and system conditions. 

The final stage is the execution and feedback loop, which enables closed-loop adaptation. During 

execution, the system monitors energy consumption, latency, throughput, SLA status, and resource 

utilization. The collected feedback is used to update decision weights, refine prediction models, 

improve suitability scores, and maintain a knowledge base of historical decisions and performance 

records. Thus, Figure 3 shows how the proposed framework converts task-context information into 

optimized, adaptive, and energy–QoS-aware scheduling decisions for heterogeneous cloud–edge 

environments. 
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4.4 Execution and Feedback Loop 

After the task is assigned to the selected execution node, the proposed framework activates the 

execution and feedback loop to monitor the actual runtime behavior of the scheduled task. This loop 

observes key performance indicators such as actual energy consumption, latency, SLA status, 

throughput, resource utilization, and completion time. These monitored values are used to evaluate 

whether the scheduling decision has achieved the expected Energy–QoS performance. 

The feedback information at time (t) can be represented as in Eqn. 8: 

𝐹𝐵(𝑡) = 𝐸𝐶𝑎𝑐𝑡𝑢𝑎𝑙 , 𝐿𝐴𝑇𝑎𝑐𝑡𝑢𝑎𝑙 , 𝑆𝐿𝐴𝑠𝑡𝑎𝑡𝑢𝑠 , 𝑅𝑈𝑎𝑐𝑡𝑢𝑎𝑙 , 𝑇𝑃𝑎𝑐𝑡𝑢𝑎𝑙  ,                                          (8) 

where 𝐸𝐶𝑎𝑐𝑡𝑢𝑎𝑙  denotes the actual energy consumption, 𝐿𝐴𝑇𝑎𝑐𝑡𝑢𝑎𝑙  represents the observed latency, 

𝑆𝐿𝐴𝑠𝑡𝑎𝑡𝑢𝑠  indicates whether the SLA requirement is satisfied or violated, 𝑅𝑈𝑎𝑐𝑡𝑢𝑎𝑙  denotes actual 

resource utilization, and 𝑇𝑃𝑎𝑐𝑡𝑢𝑎𝑙 represents achieved throughput. 

The system then compares the actual performance with the expected performance estimated during 

scheduling. The deviation between actual and expected performance is calculated using Eqn. 9: 

𝛥(𝑡) = 𝐹𝑎𝑐𝑡𝑢𝑎𝑙(𝑡) − 𝐹𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑(𝑡),                                                                            (9) 

where 𝐹𝑎𝑐𝑡𝑢𝑎𝑙(𝑡)  represents the observed execution performance and 𝐹𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑(𝑡)  denotes the 

predicted performance before task execution. 

If the absolute deviation exceeds a predefined threshold 𝜏, the framework triggers a model update. 

This update may adjust scheduling weights, refine suitability scores, update workload prediction 

parameters, or improve reinforcement learning decisions. The update condition is expressed as shown 

in Eqn. 10: 

𝑈𝑝𝑑𝑎𝑡𝑒 = {
1, if|𝛥(𝑡)| > 𝜏
0, otherwise

                                                                                (10) 

Here, (Update = 1) indicates that the model parameters should be revised, while (Update = 0) 

indicates that the current scheduling behavior is acceptable. Through this feedback-driven 

mechanism, the proposed framework continuously adapts to variations in workload demand, network 

condition, resource availability, and energy behavior. As a result, the system becomes more stable, 

adaptive, and capable of maintaining Energy–QoS balance in dynamic cloud–edge environments. 

4.5 Evaluation Metrics 

The performance of the proposed Energy–QoS-aware scheduling framework is evaluated using multiple 

metrics related to energy efficiency, latency, QoS preservation, resource usage, and throughput. 

These metrics help measure how effectively the proposed scheduler reduces energy consumption 

while maintaining service quality and improving resource utilization in a heterogeneous cloud–fog–

edge environment. 

The total energy consumption is computed by summing the energy consumed by all assigned tasks 

across all execution nodes using Eqn. 11: 

𝐸𝐶𝑡𝑜𝑡𝑎𝑙 = ∑ ∑ 𝑥𝑖𝑗𝑗𝑖 𝐸𝐶𝑖𝑗,                                                                                             (11) 

where 𝐸𝐶𝑡𝑜𝑡𝑎𝑙  represents the total energy consumption, 𝑥𝑖𝑗  is a binary decision variable indicating 

whether task 𝑖 is assigned to node 𝑗, and 𝐸𝐶𝑖𝑗 denotes the energy consumed when task 𝑖 is executed 

on node 𝑗. 
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The average latency is calculated as the mean completion or response time of all executed tasks 

using Eqn. 12: 

𝐿𝐴𝑇𝑎𝑣𝑔 =
1

𝑘
∑ 𝑇𝑖𝑖  ,                                                                                              (12) 

where 𝐿𝐴𝑇𝑎𝑣𝑔  denotes the average latency, 𝑘  is the total number of completed tasks, and 𝑇𝑖 

represents the execution or response time of task 𝑖. 

The SLA satisfaction rate measures the percentage of tasks completed within their defined deadline 

or service constraint using Eqn. 13: 

𝑆𝐿𝐴𝑟𝑎𝑡𝑒 = (
𝑁𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑

𝑁𝑡𝑜𝑡𝑎𝑙
) × 100,                                                                               (13) 

where 𝑁𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑 is the number of tasks that satisfy SLA requirements, and 𝑁𝑡𝑜𝑡𝑎𝑙 is the total number of 

submitted tasks. 

The resource utilization is used to evaluate how efficiently available infrastructure resources are used 

during task execution using Eqn. 14: 

𝑅𝑈 = (
∑𝑈𝑠𝑒𝑑𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒𝑠

∑𝑇𝑜𝑡𝑎𝑙𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒𝑠
) × 100                                                                          (14) 

where 𝑅𝑈 represents the resource utilization percentage, ∑𝑈𝑠𝑒𝑑𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒𝑠 denotes the total amount 

of resources consumed, and ∑𝑇𝑜𝑡𝑎𝑙𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒𝑠 denotes the total available resources. 

The energy saving percentage compares the energy consumption of the proposed scheduler with the 

baseline scheduler: 𝐸𝑆 , where 𝐸𝐶𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒  is the energy consumption of the baseline method and 

𝐸𝐶𝑝𝑟𝑜𝑝𝑜𝑠𝑒𝑑 is the energy consumption of the proposed scheduler. A higher value of 𝐸𝑆 indicates better 

energy-saving capability of the proposed framework. 

5. Results and Analysis 

This section presents the experimental design, simulation configuration, workload 

characteristics, scheduling parameters, and model hyperparameters used to evaluate the proposed 

Energy–QoS-aware scheduling and resource orchestration framework. The objective of the evaluation 

is to examine how effectively the proposed scheduler balances energy consumption, latency, SLA 

satisfaction, resource utilization, makespan, throughput, data transfer cost, and scheduling overhead 

in a heterogeneous cloud–fog–edge environment. The experimental setup is designed to support 

repeatable evaluation by combining simulation-based workload modeling with testbed-style 

infrastructure parameterization. Each scheduling method is executed over ten independent runs, and 

the mean performance values are reported for comparison. The repeated-run results are further used 

for statistical significance testing to verify whether the improvements achieved by the proposed 

scheduler are consistent and meaningful. 

5.1. Experimental Setup 

Table 1 presents the overall experimental setup used for evaluating the proposed scheduling 

framework. The execution environment is configured as a Python-based scheduling simulator with 

CloudSim/EdgeCloudSim-style workload and network modeling. This configuration enables controlled 

experimentation over a heterogeneous cloud–fog–edge infrastructure consisting of cloud data centers, 

fog nodes, and edge devices. The cloud layer includes high-capacity servers with 32–64 vCPUs and 64–

128 GB RAM, while the fog layer consists of regional nodes with medium-level computational 
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capacity. The edge layer includes proximity nodes with lower resource capacity but reduced 

communication delay. 

 

Table 1. Experimental Setup and Simulation/Testbed Configuration 

Parameter Configuration / Value 

Execution environment Python-based scheduling simulator with CloudSim/EdgeCloudSim-style 
workload and network modeling 

Infrastructure layers Cloud data center, fog layer, and edge layer 
Cloud nodes 5 high-capacity servers; 32–64 vCPUs; 64–128 GB RAM 
Fog nodes 10 regional nodes; 8–16 vCPUs; 16–32 GB RAM 
Edge nodes 30 proximity nodes/devices; 2–8 vCPUs; 2–8 GB RAM 

Workload size 100–600 tasks per interval; mixed IoT, latency-sensitive, data-intensive, 
and batch workloads 

Task input size 5–500 MB depending on workload category 
Network latency range Edge: 5–20 ms; Fog: 15–45 ms; Cloud: 40–120 ms 
Bandwidth range Edge/Fog: 50–500 Mbps; Cloud links: 100 Mbps–1 Gbps 
Energy model Computation energy + communication energy + idle node energy 

Baseline methods 
Default Kubernetes scheduler, Energy-aware scheduler, ML-based 
resource scheduler 

Number of runs 10 repeated runs per method 

Evaluation metrics Energy, latency, makespan, SLA satisfaction, utilization, throughput, 
overhead, data transfer cost 

 

The workload size varies between 100 and 600 tasks per interval, covering mixed IoT, latency-

sensitive, data-intensive, and batch workloads. The task input size ranges from 5 MB to 500 MB 

depending on the workload category. Network latency is modeled differently across infrastructure 

layers, where edge nodes provide the lowest latency, fog nodes provide moderate latency, and cloud 

nodes introduce higher latency due to greater communication distance. The energy model considers 

computation energy, communication energy, and idle node energy, which allows the evaluation to 

reflect both processing and transmission-related energy costs. The proposed method is compared with 

three baseline schedulers: the Default Kubernetes scheduler, an Energy-aware scheduler, and an ML-

based resource scheduler. Therefore, Table 1 defines the complete experimental environment 

required for comparing energy efficiency, QoS preservation, utilization, throughput, overhead, and 

data transfer cost across different scheduling methods. 

Table 2.Workload and Scheduling Parameters. 

Parameter Value 

Task categories Latency-sensitive, compute-intensive, data-intensive, energy-
sensitive, priority-driven 

Task arrival model Poisson/random burst arrival with variable workload intensity 
Task deadline range 50–500 ms for latency-sensitive tasks; 1–10 s for batch tasks 
Priority levels Low, medium, high, and critical 
Queue length threshold 80% of node queue capacity 
SLA violation condition Completion time greater than task deadline 
Migration trigger Node utilization > 85%, SLA risk, or energy threshold violation 
Scaling trigger Predicted demand greater than available capacity 
Consolidation trigger Node utilization below 35% with compatible workload grouping 
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Table 2 describes the workload behavior and scheduling conditions used in the experiments. The 

evaluated workloads are divided into five categories: latency-sensitive, compute-intensive, data-

intensive, energy-sensitive, and priority-driven tasks. This categorization ensures that the scheduler is 

tested under diverse execution requirements rather than a single workload type. The task arrival 

process follows a Poisson/random burst arrival model with variable workload intensity, which reflects 

realistic cloud–edge environments where task submissions are often unpredictable and dynamic. 

The deadline range is defined according to workload type. Latency-sensitive tasks are assigned strict 

deadlines between 50 ms and 500 ms, whereas batch tasks are allowed longer deadlines between 1 

and 10 seconds. Priority levels are categorized as low, medium, high, and critical, enabling the 

scheduler to handle SLA-sensitive and urgent tasks more carefully. The queue length threshold is 

fixed at 80% of node capacity, beyond which the system may detect congestion or overload risk. SLA 

violation is defined as a condition where the completion time exceeds the task deadline. Migration is 

triggered when node utilization exceeds 85%, SLA risk is detected, or the energy threshold is violated. 

Similarly, scaling is activated when predicted demand exceeds available capacity, while consolidation 

is triggered when node utilization falls below 35% and compatible workloads can be grouped. Thus, 

Table 2 provides the operational rules that guide task placement, migration, scaling, and 

consolidation decisions. 

Table 3. Model Hyperparameters for Energy–QoS-Aware Scheduling 

Hyperparameter Value / Setting Purpose 
Compute suitability weights (α1, α2, 
α3) 

0.40, 0.30, 0.30 Balance CPU, memory, and utilization 

Task suitability weights (β1–β5) 0.25, 0.25, 0.20, 0.20, 0.10 Combine compute, network, data 
locality, prediction, and priority 

Objective weights (λ1–λ6) 
0.25, 0.20, 0.20, 0.15, 0.10, 
0.10 Energy–QoS optimization weighting 

Reward weights (ω1–ω5) 0.30, 0.20, 0.20, 0.20, 0.10 RL reward balancing 
Prediction window 10 previous intervals Historical workload context 
Learning rate 0.001 Policy/value update step size 
Discount factor γ 0.95 Future reward contribution 

Exploration ε 0.10 Controlled exploration of scheduling 
actions 

Batch size 32 Mini-batch update size 
Training episodes 100 Policy adaptation cycles 
QoS tolerance τ 0.05 Feedback update threshold 
Maximum utilization threshold 85% Overload/migration trigger 
Minimum consolidation threshold 35% Underutilization/consolidation trigger 
 

Table 3 presents the hyperparameters used in the proposed scheduling and optimization model. The 

compute suitability weights are set as 0.40, 0.30, and 0.30 to balance CPU availability, memory 

capacity, and utilization status during candidate node evaluation. The task suitability weights  

combine compute score, network score, data locality score, workload prediction factor, and task 

priority into a unified suitability score. These weights allow the framework to evaluate each node 

from multiple perspectives before making a scheduling decision. 

The objective weights are used to balance different optimization goals such as energy reduction, 

latency minimization, SLA preservation, utilization improvement, data transfer cost reduction, and 

scheduling overhead control. The reinforcement learning reward weights  support adaptive decision-

making by rewarding scheduling actions that improve QoS, reduce energy consumption, avoid SLA 
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violations, and maintain balanced resource usage. A prediction window of 10 previous intervals is 

used to capture historical workload behavior. The learning rate is set to 0.001, the discount factor  is 

set to 0.95, and the exploration rate is set to 0.10 to maintain a balance between learning stability 

and controlled exploration. The model is trained for 100 episodes using a batch size of 32. The QoS 

tolerance threshold  is fixed at 0.05, meaning that feedback-based model updates are triggered when 

the deviation between expected and actual performance exceeds this tolerance. The maximum 

utilization threshold of 85% supports overload detection and migration, while the minimum 

consolidation threshold of 35% supports energy-saving workload consolidation. Therefore, Table 3 

defines the parameter settings that control the proposed model’s suitability scoring, optimization 

behavior, reinforcement learning adaptation, and feedback-based update mechanism. 

 

Figure 4. Overall performance profile of the proposed scheduling model. 
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Figure 5. Energy consumption trend during workload execution 

 

Figure 6. Latency variation under different workload levels. 

5.2 Results of the Proposed Model 

The proposed model achieves a strong balance between energy efficiency and QoS preservation. 

Table 4 summarizes the overall performance of the proposed Energy–QoS aware scheduler. The model 

records 32.15% energy saving, 41.60 ms average latency, 98.10% SLA satisfaction, and 90.30% resource 

utilization. These values indicate that the model is able to reduce energy consumption without 

sacrificing service quality. 

Table 4, together with Figures 4-6, demonstrates that the proposed Energy-QoS aware scheduler 

achieves a strong overall operating profile across energy, latency, SLA, utilization, throughput, and 

data-transfer dimensions. The total energy consumption is reduced to 671.80 kWh, while the model 

still preserves a high SLA satisfaction rate of 98.10% and resource utilization of 90.30%. This indicates 

that the proposed scheduler does not obtain energy savings by simply delaying or rejecting workloads; 

instead, it improves placement efficiency through task-context analysis, data-locality estimation, and 

Energy-QoS optimization. The 11.80 ms scheduling overhead is also acceptable because the decision 

cost remains small compared with the latency and makespan gains obtained during workload 

execution. 

Table 4. Overall performance of the proposed Energy–QoS aware scheduling model. 

Metric Value Unit Interpretation 
Total Energy Consumption 671.80 kWh Lower energy consumption 
Energy Saving 32.15 % Reduction compared with baseline scheduler 
Average Latency 41.60 ms Improved response time 
Makespan 181.90 s Faster workload completion 
SLA Satisfaction Rate 98.10 % Better QoS preservation 
SLA Violation Rate 1.90 % Fewer deadline failures 
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Resource Utilization 90.30 % Better infrastructure usage 
Scheduling Overhead 11.80 ms Efficient decision-making 
Throughput 472 tasks/s Higher workload processing 
Data Transfer Cost Reduction 30.40 % Better data-locality-aware scheduling 
 

Figure 4 provides a consolidated view of the proposed model's performance profile, showing that the 

scheduler maintains a balanced improvement rather than optimizing only one metric. Figure 5 

supports this interpretation by showing the reduced energy trend during workload execution, which 

reflects the benefit of avoiding unnecessary high-power cloud execution and consolidating compatible 

workloads when resource utilization permits. Figure 6 further confirms that latency remains 

controlled under different workload levels, suggesting that the model's network-aware and data-

locality-aware decisions are useful for cloud-edge scenarios where communication delay can 

dominate task completion time. These results are consistent with the broader view that edge 

scheduling should jointly consider computation, communication, and energy behavior rather than 

relying only on resource availability 

Table 5. Comparison with three related scheduling models. 

Scheduling 
Model 

Energy 
(kWh) 

Energy 
Saving 

(%) 

Latency 
(ms) 

Makespan 
(s) 

SLA 
(%) 

Utilization 
(%) 

Throughput 

Default 
Kubernetes 

990.20 0.00 67.40 248.70 88.90 72.10 342 

Energy-Aware 801.60 19.05 59.80 224.20 92.40 79.20 382 

ML-Based 735.40 25.73 49.90 202.80 95.10 84.70 426 

Proposed 671.80 32.15 41.60 181.90 98.10 90.30 472 

 

5.3 Comparison with Related Scheduling Models 

Table 5 compares the proposed method with the default Kubernetes scheduler, an energy-aware 

scheduler, and an ML-based resource scheduler. The proposed model provides the lowest energy 

consumption and latency while achieving the highest SLA satisfaction, utilization, and throughput. 
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Figure 7. Energy consumption comparison among related schedulers. 

 

Figure 8. Average latency and makespan comparison. 
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Figure 9. SLA satisfaction and resource utilization comparison. 

Table 5 and Figures 7-9 compare the proposed scheduler with Default Kubernetes, Energy-Aware, 

and ML-Based scheduling models. The proposed method achieves the lowest energy consumption of 

671.80 kWh, compared with 990.20 kWh for Default Kubernetes, 801.60 kWh for the Energy-Aware 

scheduler, and 735.40 kWh for the ML-Based scheduler. This corresponds to an energy saving of 

32.15%, which is higher than the 19.05% and 25.73% improvements obtained by the Energy-Aware and 

ML-Based baselines. The result shows that energy-aware scheduling alone is not sufficient when 

network delay, data movement, and SLA penalty are not jointly included in the decision function. 

The latency and makespan trends in Figure 8 further strengthen the comparative result. The 

proposed model reduces average latency to 41.60 ms and makespan to 181.90 s, whereas the Default 

Kubernetes scheduler records 67.40 ms latency and 248.70 s makespan. This improvement is mainly 

due to the inclusion of network condition, data locality, and workload prediction before final 

placement. Figure 9 shows that the proposed model also achieves the highest SLA satisfaction of 

98.10% and utilization of 90.30%, indicating that the method improves both service reliability and 

infrastructure usage. Compared with ML-based scheduling, the proposed approach performs better 

because prediction is not used as an isolated module; it is integrated with multi-criteria scheduling, 

Energy-QoS optimization, and feedback-based adaptation. This supports the motivation that 

intelligent schedulers must convert workload prediction into practical placement, scaling, migration, 

and consolidation actions. 

5.4 Comparison with Existing Methods 

Table 6 presents a literature-based comparison with existing methods. The proposed model achieves 

the highest energy saving, latency reduction, SLA satisfaction, and resource utilization. This 
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improvement is attributed to the combined use of task-context analysis, Energy–QoS optimization, 

and feedback-based learning. 

Table 6. Comparison with existing methods. 

Ref. Existing Method Environment 
Energy 
Saving 

(%) 

Latency 
Reduction 

(%) 

SLA 
(%) 

Utilization 
(%) 

[14] 
Security–QoS–Energy 
Aware Optimization 

Cloud–Edge 
Data Center 

24.20 21.60 94.30 84.10 

[15] 
QoS-Aware Vehicular 
Edge Scheduling 

Vehicular Edge 20.70 26.40 93.60 82.90 

[16] 
Energy-Efficient IoT 
Edge Scheduling 

IoT Edge 22.40 20.10 92.80 81.60 

[18] 
DRL-Based Energy-
Efficient Task 
Scheduler 

Cloud 26.30 27.80 95.40 86.30 

[22] 
QoS-Aware Serverless 
Offloading 

Cloud–Edge 
Continuum 

25.10 29.20 96.20 85.70 

Proposed 
Proposed Energy–QoS 
Aware Scheduler 

Cloud–Fog–Edge 32.15 38.28 98.10 90.30 

 

 

Figure 10. Energy saving comparison with existing methods. 
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Figure 11. Latency reduction comparison with existing methods. 

 

Figure 12. Energy saving versus latency reduction. 
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Table 6 and Figures 10-12 position the proposed method against selected literature-based 

approaches. The proposed scheduler records 32.15% energy saving, 38.28% latency reduction, 98.10% 

SLA satisfaction, and 90.30% utilization, outperforming the compared Security-QoS-Energy aware 

optimization, vehicular edge scheduling, IoT edge scheduling, DRL-based task scheduling, and 

serverless offloading methods. The improvement is meaningful because the compared methods 

generally focus on a specific environment or a limited set of objectives, whereas the proposed 

scheduler is designed for a heterogeneous cloud-fog-edge continuum with task placement, scaling, 

migration, consolidation, and feedback learning. 

Table 7. Ablation study of the proposed scheduling model. 

Variant 
Energy 
Saving 

(%) 

Latency 
Reduction 

(%) 
SLA (%) 

Utilization 
(%) 

Makespan 
Reduction 

(%) 
Throughput 

V1: Base 8.80 7.40 90.20 73.30 7.10 358 

V2: + Task 
Preprocessing 

13.20 12.60 91.80 76.40 11.80 378 

V3: + Context Modeling 18.90 21.40 93.70 80.90 17.60 405 

V4: + Workload 
Prediction 

23.70 27.90 95.20 84.30 22.10 428 

V5: + Multi-Criteria 
Engine 

27.60 32.60 96.40 87.10 24.90 448 

V6: + Energy–QoS 
Optimization 

30.10 35.40 97.30 88.70 26.20 461 

V7: Full Proposed 32.15 38.28 98.10 90.30 26.86 472 

Figures 10 and 11 show that the proposed model provides the highest energy saving and latency 

reduction among the compared methods. Figure 12 is particularly important because it shows the 

joint energy-latency behavior rather than evaluating both metrics separately. Methods with good 

latency reduction may not always provide the best energy saving, and energy-focused methods may 

not always preserve QoS. The proposed model appears in the stronger region of this trade-off because 

it optimizes energy consumption, completion time, QoS violation penalty, data-transfer cost, 

scheduling overhead, and resource utilization in a single decision objective. This result agrees with 

recent cloud-edge research emphasizing that sustainable scheduling should jointly manage energy, 

QoS, computation, communication, and data movement. 

5.5 Ablation Study 

The ablation study evaluates the contribution of each proposed module. The stepwise performance 

improvement shows that task preprocessing, context modeling, workload prediction, multi-criteria 

decision-making, Energy–QoS optimization, and feedback learning each contribute to the final 

performance. The full proposed model achieves the best performance across all metrics. 
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Figure 13. Stepwise improvement across ablation variants. 

Table 7 and Figures 13-14 provide a component-wise ablation view of the proposed scheduling model. 

The base variant achieves only 8.80% energy saving, 7.40% latency reduction, 90.20% SLA satisfaction, 

and 358 tasks/s throughput, showing the limited ability of a simple scheduler to handle 

heterogeneous cloud-edge workloads. After task preprocessing is added in V2, the model improves 

energy saving to 13.20% and throughput to 378 tasks/s because the scheduler can distinguish latency-

sensitive, compute-intensive, data-intensive, energy-sensitive, and priority-driven workloads before 

assignment. 

The largest intermediate gain is observed when context modeling is added in V3, where latency 

reduction increases from 12.60% to 21.40%. This confirms the importance of compute suitability, 

network condition, and data-locality awareness in cloud-edge scheduling. Workload prediction in V4 

further improves energy saving to 23.70% and SLA satisfaction to 95.20% by allowing the scheduler to 

react before overload occurs. The multi-criteria engine and Energy-QoS optimization stages then 

improve the balance among energy, delay, SLA, utilization, and throughput. The full proposed model 

in V7 achieves the best performance across all reported metrics, including 32.15% energy saving, 

38.28% latency reduction, 98.10% SLA satisfaction, 90.30% utilization, and 472 tasks/s throughput. 

Figure 14 confirms that no single module alone explains the final gain; rather, the improvement is 

cumulative, validating the integrated design of task analysis, context modeling, optimization, and 

feedback learning. 
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Figure 14. Component-wise contribution heatmap. 

5.6 Statistical Significance Analysis 

Statistical significance testing is performed using repeated experimental runs. The null hypothesis 

assumes that there is no significant difference between the proposed and baseline methods. Since all 

p-values are below 0.05, the improvement achieved by the proposed model is statistically significant. 

 

 

 

Table 8. Statistical significance analysis. 

Comparison Metric Test Used 
p-

value 
α Result 

Proposed vs Default 
Kubernetes 

Energy 
Consumption 

Paired t-test 0.0007 0.05 Significant 

Proposed vs Energy-Aware 
Energy 
Consumption 

Wilcoxon signed-
rank test 

0.0019 0.05 Significant 

Proposed vs ML-Based 
Energy 
Consumption 

Paired t-test 0.0078 0.05 Significant 

Proposed vs Default Average Latency Paired t-test 0.0005 0.05 Significant 
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Kubernetes 

Proposed vs Energy-Aware Average Latency 
Wilcoxon signed-
rank test 

0.0024 0.05 Significant 

Proposed vs ML-Based SLA Satisfaction Paired t-test 0.0106 0.05 Significant 

Proposed vs All Baselines 
Overall 
Performance 
Rank 

Friedman test 0.0003 0.05 Significant 

 

Table 8 and Figures 15-16 validate whether the observed performance gains are statistically 

reliable. The p-values for energy consumption, average latency, SLA satisfaction, and overall 

performance ranking are all below the significance threshold of 0.05. Therefore, the null hypothesis 

of no significant difference between the proposed method and the baseline schedulers is rejected. 

The strongest significance is observed for the overall performance ranking using the Friedman test, 

with p = 0.0003, indicating that the proposed scheduler consistently ranks better across repeated 

comparisons. 

 

Figure 15. Energy consumption distribution across repeated runs. 

The distribution plots in Figures 15 and 16 further support the statistical findings. Figure 15 shows 

that the proposed method maintains lower energy consumption across repeated runs, while Figure 16 

shows a consistently lower latency distribution. This means that the proposed model is not only better 

in mean performance but also more stable under repeated experimental conditions. The use of both 

paired t-tests and Wilcoxon signed-rank tests strengthens the analysis because the evaluation includes 

both parametric and non-parametric significance perspectives. Overall, the statistical evidence 

confirms that the improvements in energy saving, latency reduction, and QoS preservation are not 

random variations but are attributable to the proposed Energy-QoS aware scheduling design. 

The results show that the proposed model improves cloud–edge scheduling performance because it 

avoids compute-only decision-making. Instead, it jointly evaluates task characteristics, node context, 
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network condition, data locality, workload prediction, energy consumption, QoS requirement, and 

feedback learning. The reduction in energy consumption is mainly due to energy-aware placement, 

workload consolidation, and avoidance of unnecessary high-power cloud execution. Latency is 

reduced because network delay and data locality are considered before placement. SLA satisfaction 

improves because deadline compliance and QoS penalty are included inside the optimization 

objective. Resource utilization improves through scaling, migration, and consolidation actions. 

 

Figure 16. Latency distribution across repeated runs. 

6. Conclusion and Future Work 

This paper presented an Energy–QoS Aware Cloud–Edge Scheduling and Resource Orchestration Model 

for heterogeneous cloud, fog, and edge infrastructures. The proposed method integrates two major 

components: Intelligent Task Analysis and Context Modeling, and Energy–QoS Aware Scheduling and 

Resource Orchestration. The first component converts raw task and infrastructure data into 

structured scheduling context through task preprocessing, context modeling, workload prediction, 

and suitability scoring. The second component performs multi-criteria evaluation, Energy–QoS 

optimization, reinforcement learning-based adaptation, and practical scheduling actions such as 

placement, scaling, migration, consolidation, and priority control. 

Experimental results demonstrate that the proposed model achieves 32.15% energy saving, 38.28% 

latency reduction, 98.10% SLA satisfaction, 90.30% resource utilization, and 472 tasks/s throughput. 

Comparative evaluation shows that the proposed method outperforms default Kubernetes scheduling, 

energy-aware scheduling, ML-based scheduling, and selected existing methods. The ablation study 

confirms the progressive contribution of each component, and statistical significance testing verifies 

that the observed improvements are reliable. 

Future work can extend the proposed model by incorporating carbon-aware scheduling, renewable-

energy availability, federated learning-based scheduler training, security-aware orchestration, 

privacy-preserving telemetry, and deployment on larger real-world Kubernetes edge clusters. The 
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model may also be extended to serverless workflows, multi-cloud edge environments, and domain-

specific workloads such as autonomous vehicles, smart healthcare, and industrial IoT. 
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