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Abstract - The workload demands in cloud data centers are 

constantly varying and efficient scheduling is a significant 

challenge for high performance and energy efficiency. 

Traditional scheduling methods are often unable to respond to 

changing conditions, leading to wasted energy and lower 

resource utilization. The current work presents an intelligent 

scheduling framework for task management in dynamic cloud 

environments using a combination of queueing theory and 

artificial intelligence. Queueing theory provides a 

mathematical model to analyses workload patterns, behavior 

of task arrivals and service capacity and artificial intelligence 

enables adaptive decisions for the effective allocation of 

computing resources.  

The proposed approach aims at minimum energy 

consumption, reduced task completion time and maximum 

system efficiency by tuning the scheduling strategies 

dynamically with respect to the real-time workload variations. 

The performance of the proposed method is evaluated in 

different workload conditions and it is found that the 

proposed method is better than the existing methods in terms 

of energy savings, processing efficiency and workload 

handling capability. 
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I.  INTRODUCTION 

The exponential growth of cloud computing has led to 

rapidly increasing energy consumption in data centers, 

making energy-efficient resource management a critical 

challenge. Modern cloud environments operate under 

highly dynamic and unpredictable workloads, where 

traditional scheduling techniques, such as static heuristics 

or standalone queueing models, often fail to maintain 

performance and efficiency. These methods can result in 

high latency, poor resource utilization, and excessive 

energy usage, highlighting the need for intelligent, 

adaptive, and sustainable scheduling solutions. 

This paper addresses these challenges by proposing a 

hybrid AI–queueing model for adaptive and energy-

efficient dynamic scheduling in cloud data centers. The 

approach integrates analytical queueing theory with AI-

based optimization to guide intelligent task-to-server 

assignments in real time.  

By leveraging system state information, the model 

dynamically allocates resources, reduces energy 

consumption, and maintains quality of service (QoS) under 

fluctuating workloads. Simulation results demonstrate that 

the proposed method outperforms traditional scheduling 

approaches, such as FIFO and Round Robin, in terms of 

energy efficiency, response time, and overall resource 

utilization. 

A. The key contributions of this work are: 

i) Hybrid AI–Queueing Model: Introduces a novel 

integration of queueing theory with AI-based 

optimization for adaptive cloud scheduling.  

ii) Energy-Efficient Scheduling: Develops a method that 

reduces energy consumption while  

maintaining high system performance.  

iii) Dynamic Resource Allocation: Implements an 

intelligent mechanism for real-time task  

assignment under variable workloads.  

iv) Performance Validation: Demonstrates through 

simulations significant improvements  

over conventional scheduling approaches.  

v) Scalable and Practical Solution: Provides a 

framework suitable for deployment in large- 

scale cloud data centers and sustainable computing 

environments. 

II.  RELATED WORK 

A. Traditional Scheduling Approaches 

Traditional scheduling algorithms such as First-In-First-

Out (FIFO), Round Robin, and Shortest Job First (SJF) 

provide simple and low-overhead task assignment 

strategies. While easy to implement, these approaches often 

fail under dynamic workloads and variable resource 

demands, leading to increased latency, poor server 

utilization, and higher energy consumption [1][2]. 

B. Queueing Theory-Based Models 

Queueing theory provides a mathematical framework to 

model cloud system behavior, estimating key metrics such 

as waiting time, throughput, and utilization.  
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Classic works by Kleinrock [3] and Buyya et al. [4] 

demonstrated the utility of queueing models in analyzing 

cloud services. However, purely analytical models lack 

adaptability to real-time workload fluctuations and 

stochastic environments, limiting their effectiveness for 

dynamic scheduling. 

C. AI-Driven Scheduling Techniques 

Recent studies have applied artificial intelligence (AI) 

and machine learning (ML) to enhance scheduling 

adaptability. Techniques such as reinforcement learning, 

neural networks, and heuristic optimization have been used 

to predict workload patterns, optimize task allocation, and 

reduce energy consumption [5][6][7]. Although these AI-

based methods improve adaptability, they often ignore 

analytical system modeling, which can reduce 

interpretability and reliability under extreme load 

conditions. 

D. Hybrid AI–Queueing Models 

To bridge the gap between theory and data-driven 

optimization, hybrid AI–queueing approaches have 

emerged. These frameworks combine the predictive power 

of AI with the rigor of queueing models to achieve 

adaptive, energy-efficient scheduling in cloud 

environments [8][9]. Such methods enable real-time 

decision-making, optimize resource utilization, and 

maintain quality of service (QoS). 

Despite these advances, there is still a need for scalable 

hybrid models capable of handling highly dynamic 

workloads while minimizing energy consumption. This 

paper proposes a hybrid AI–queueing model that integrates 

analytical system modeling with AI-based optimization for 

dynamic, energy-efficient scheduling in cloud data centers. 

III.   PROBLEM FORMULATION 

Cloud data centers handle a large number of tasks with 

dynamic arrival rates and heterogeneous server capabilities. 

The main goal of this work is to design a dynamic 

scheduling mechanism that minimizes energy consumption 

while maintaining quality of service (QoS) in terms of task 

waiting time and system throughput. 

A. System Model 

Let the cloud data center consist of M servers𝑆 =
{𝑆1, 𝑆2, … … 𝑆𝑀} 

• Tasks arrive following a stochastic process 

(Poisson distribution) with arrival rate 𝜆 

• Each server 𝑆𝑖  has a service rate𝜇𝑖and 

consumes energy 𝐸𝑖 based on utilization.  

• Let 𝑇 = {𝑇, 𝑇2, … … 𝑇𝑁}represent incoming 

tasks, each with required processing time 𝑃𝑗 

B. Objectives 

The problem aims to assign tasks to servers     

dynamically such that: 

i) Minimize total energy consumption: 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐸𝑇𝑜𝑡𝑎𝑙 =  ∑ (𝑃𝑖𝑑𝑙𝑒 + (𝑃𝑚𝑎𝑥 − 𝑃𝑖𝑑𝑙𝑒)𝜌𝑖)
𝑀
𝑖=1  ; 

Where 𝜌𝑖 is the utilization of server 𝑖. 

ii) Minimize average task waiting time: 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑊𝑎𝑣𝑔 =  
1

𝑁
∑ 𝑊𝑗

𝑁
𝑗=1  ; where  𝑊𝑗is the 

waiting time of task 𝑡𝑗 

iii) Maximize server utilization: 

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑈 =
∑ 𝐴𝑐𝑡𝑖𝑣𝑒 𝑇𝑖𝑚𝑒𝑀

𝑖=1 𝑖

∑ 𝑇𝑜𝑡𝑎𝑙 𝑇𝑖𝑚𝑒 𝑖 𝑀
𝑖=1

 

C. Constraints 

i) Each task must be assigned to  

  exactly one server: 

          ∑ 𝑥𝑖𝑗 = 1 , ∀𝑗 ∈ 𝑇𝑀
𝑖=1  ; where 𝑥𝑖𝑗 = 1    

         if task 𝑡𝑗 is assigned to server 𝑆𝑖  , 0  

         otherwise. 

ii) Server capacity constraints: 

∑ 𝑃𝑗

𝑗∈𝑇𝑖

≤ 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑇𝑖𝑚𝑒 𝑖, ∀𝑖 ∈ 𝑆 

iii) Quality of Service (QoS)  

constraint:  

𝑊𝑗 ≤ 𝑊𝑚𝑎𝑥  , ∀𝑗 ∈ 𝑇 

D. Problem Statement (Summary) 

Given a set of tasks with dynamic arrivals and a set 

of heterogeneous servers, the objective is to design a 

hybrid AI–queueing scheduler that: 

• Minimizes total energy consumption,  

• Reduces average waiting time,  

• Maximizes server utilization,  
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• While satisfying server capacity and QoS 

constraints.  

This problem can be formulated as a multi-objective 

optimization problem, which is solved using a combination 

of queueing theory for system modeling and AI techniques 

for adaptive decision-making. 

IV.   PROPOSED METHODOLOGY 

A. Overview of the Proposed  Hybrid AI–   Queueing Model 

The proposed methodology integrates queueing theory 

with AI-based optimization to achieve adaptive and energy-

efficient scheduling in cloud data centers. The framework 

dynamically assigns tasks to servers while minimizing 

energy consumption and ensuring Quality of Service 

(QoS). 

B. Key components: 

i) Task Queue: Maintains incoming tasks,             

modeled using a stochastic queueing   

system (e.g., M/M/1 or M/M/c).  

ii) Server Pool: Virtual machines (VMs) or        

physical servers with varying service rates.  

iii) AI Decision Engine: Predicts the optimal server 

for each task based on current system  

states.  

iv) Energy Model: Calculates server energy 

consumption based on utilization. 

C. Flow Diagram Description 

The workflow of the hybrid AI–queueing    

model is as follows: 

i) Task Arrival: Tasks arrive dynamically    

according to a stochastic process (e.g.,  

Poisson distribution).  

ii) Queueing Analysis: Queueing models   

estimate server load, waiting time, and  

utilization.  

iii) AI-Based Scheduling: The AI engine   

predicts the optimal server for each task    

based    on queueing states and historical    

workload    patterns.  

 

 

 

 

 

iv) Task Assignment: Tasks are allocated to servers 

according to AI decisions. 

v) Feedback Loop: System metrics (task completion 

time, energy consumption) are fed  

back into the AI engine to refine scheduling 

decisions.  

vi) Flow Diagram Description: 

 

FIGURE I: FLOW DIAGRAM DESCRIPTION 

This structure allows the system to dynamically adapt to 

workload fluctuations while optimizing both energy 

consumption and task performance. 

D. Mathematical Model 

i) Server Utilization: 

𝜌𝑖 =
𝜆𝑖

𝜇𝑖

 

ii) Average Waiting Time (M/M/1 Queue): 

𝑊𝑞 =
𝜆

𝜇(𝜇 − 𝜆)
 

iii) Energy Consumption Model: 

𝐸𝑖 =  𝑃𝑖𝑑𝑙𝑒 + (𝑃𝑚𝑎𝑥 − 𝑃𝑖𝑑𝑙𝑒)𝜌𝑖  

iv) Objective:        

𝑀𝑖𝑛𝑖𝑧𝑒 𝐸𝑛𝑒𝑟𝑔𝑦 𝐸𝑇𝑜𝑡𝑎𝑙 = ∑ 𝐸𝑖𝑖  while reducing 

average waiting time and maximizing server 

utilization. 

E. Explanation: 

• Tasks are dynamically assigned to the least loaded 

server (AI-inspired heuristic).  

• Server utilization is monitored to calculate energy 

consumption.  

• A feedback loop can be added to improve the AI 

component via reinforcement learning for smarter 

decisions. 
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F. Python-Based Scheduling Algorithm 

 
FIGURE II: Scheduling Algorithm 

G. Output 

 

Figure III: Output Of The Python-Based Scheduling Algorithm 

V.   EVALUATION METRICES AND RESULTS 

 The performance of the proposed hybrid AI–queueing 

model is evaluated against traditional    

 scheduling methods (FIFO and Round Robin)   using the 

following metrics: 

 

A. Evaluation metrices 

i) Average Waiting Time 𝑊𝑎𝑣𝑔 – Measures the latency 

experienced by tasks.  

ii) Energy Consumption 𝐸𝑎𝑣𝑔 – Average energy used per 

task across servers.  

iii) Server Utilization 𝑈 =  
𝐴𝑐𝑡𝑖𝑣𝑒 𝑇𝑖𝑚𝑒

𝑇𝑜𝑡𝑎𝑙 𝑇𝑖𝑚𝑒
 

iv) Throughput – Number of tasks processed per unit 

time.  

v) Adaptability – Ability of the system to maintain 

performance under fluctuating workloads.  

B. Simulation Results 

Table I: Comparison of hybrid AI–queueing model with FIFO and 

Round Robin 

 

i)Observations: 

• The hybrid AI–queueing model reduces average 

waiting time by ~33% compared to RR and ~45% 

compared to FIFO.  

• Energy consumption decreases by ~22% 

compared to RR and ~29% compared to FIFO.  

• Server utilization improves significantly, 

indicating better load balancing.  

• Throughput increases, confirming efficient task 

processing. 
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VI.   RESULTS VISUALIZATION 

A. Python coding  

 

Figure Iv: Python Coding For Results 

B. Output chart  

 
Figure V: Evaluation Metrices Comparison Chart 

C. Explanation of  the Figures 

i) Average Waiting Time:  

• Hybrid AI-Queueing shows the lowest waiting 

time (~2.10 s) compared to FIFO (3.85 s) and RR 

(3.12 s).  

• Demonstrates better task scheduling and QoS 

improvement.  

ii) Average Energy Consumption:  

• Hybrid AI-Queueing consumes ~85 J, which is 

lower than FIFO (120 J) and RR (110 J).  

• Confirms energy-efficient scheduling.  

iii) Server Utilization:  

• Hybrid AI-Queueing achieves 85% utilization, 

higher and more balanced than FIFO (62%) and 

RR (70%).  

• Indicates better load distribution and resource use.  

iv) Throughput:  

• Hybrid AI-Queueing processes 33 tasks/unit time, 

the highest among all methods.  

• Shows efficient task processing and improved 

system performance. 

VII.   CONCLUSION 

This paper presented a Hybrid AI–Queueing Model for 

energy-efficient dynamic scheduling in cloud data 

centers. By integrating queueing theory with AI-based 

decision making, the proposed approach effectively 

balances task scheduling, server utilization, and energy 

consumption under dynamic workloads. 

A. Key outcomes  

• The hybrid model significantly reduced average 

waiting time, ensuring better Quality of Service 

compared to traditional FIFO and Round Robin 

scheduling.  

• Energy consumption per task decreased 

substantially due to intelligent task allocation and 

optimized server utilization.  

• Server utilization improved, indicating more 

efficient use of available resources and reduced 

idle energy.  

• The system demonstrated higher throughput, 

showing that AI-driven scheduling can maintain 

performance even under fluctuating workloads.  
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Overall, the results confirm that integrating AI 

optimization with queueing theory provides a robust, 

adaptive, and sustainable solution for cloud data centers. 
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