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 Load balancing in the cloud is a crucial characteristic for distributing 

resources from data centers. However, load balancing in a cloud 

environment remains a challenging issue due to the influx of numerous 

incoming tasks, particularly in an infrastructure as a service (IaaS) cloud 

environment. To address the complexity and high dimensionality of the 

process, machine learning (ML) techniques combined with optimization 

algorithms are used, which fasten the process and minimize execution time. 

The deep reinforcement learning (DRL) – artificial bee colony with Q-

learning (ABCQ) approach is proposed to solve load balancing in a cloud 

environment. The agent in DRL makes intelligent decisions to handle a large 

number of tasks efficiently at lesser time and increasing speed. The artificial 

bee colony (ABC) algorithm uses a global guiding factor to initialize 

position updates, enhancing the searchability and performance of the 

algorithm. The proposed DRL-ABCQ approach optimizes scheduling and 

resource utilization, increases the throughput of virtual machines (VMs), and 

balances the load between VMs. The DRL-ABCQ approach achieves a 

makespan of 125.52 s, energy utilization of 99.81 kJ, and a throughput of 

2.39 jobs/s, compared to existing approaches. 
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1. INTRODUCTION 

In recent times, the cloud network has become a popular technique that offers various services as 

per user requests across internet [1]. Cloud computing (CC) provides users with the ability to access 

computing resources or enables them to purchase required cloud services on-demand via the internet, 

based on applications [2]–[4]. The CC system handles various services based on processing platforms 

requested by users [5]. CC is the integration of parallel and distributed computing with resource sharing, 

such as hardware and software, which operates on a “pay-as-you-go” model [6]. Infrastructure as a service 

(IaaS) is a technique behind server management, data centers, and virtual machines (VMs) [7]. IaaS 

provides a cloud service that gives users access to servers or cloud computers to process and store data. 

Users can operate applications or servers on rental servers, with maintenance and hardware costs [8]. 

Cloud infrastructure processes on VMs, and IaaS offers benefits including providing user access to servers 

in the closest locations. Because of the dynamic nature of the cloud environment, loads fluctuate over 

time, making it challenging to allocate the appropriate VM [9]. This issue leads to high costs, lower profits 

https://creativecommons.org/licenses/by-sa/4.0/
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for organizations, and reduced model performance [10]. Each physical machine consumes electrical power 

based on the tasks it performs [11], and consumption increases as the server handles numerous workloads, 

causing high energy usage [12]. To mitigate this issue, an effective scheduling algorithm is required to 

manage load between VMs, compute each incoming task with less completion time, and reduce energy 

consumption in the data center [13]. 

In a cloud environment, incoming tasks are assigned to the proper VM to allocate necessary 

resources for computation [14]. Though, when suitable resources are unavailable or server is heavily 

loaded, incoming tasks require more time for completion [15]. Traditional approaches, like round-robin and 

weighted load balancing, fail to adapt to real-time fluctuations in resource demand. Additionally, while 

heuristic-based algorithms can be efficient in certain scenarios, they lack effectiveness in predicting 

workloads and proactively adjusting resource allocation. These limitations result in underutilization of 

resources, increased response times, and degraded quality of service (QoS) for cloud users. To mitigate 

these issues, intelligent load balancing strategies utilizing machine learning (ML) and deep learning (DL) 

have gained attention. These algorithms dynamically predict workload patterns, optimize resource 

scheduling, and improve overall effectiveness. This manuscript aims to develop an adaptive load balancing 

mechanism that combines ML/DL algorithms to address existing limitations and enhance resource 

distribution in IaaS-enabled cloud environments. 

Jena et al. [16] suggested the hybridization of modified particle swarm optimization (MPSO) and an 

enhanced Q-learning approach, named QMPSO, for dynamic load balancing between VMs. The 

hybridization process adjusted the MPSO velocity through pbest and gbest values of better actions produced 

by enhanced Q-learning. The goal of the hybridization was to enhance the method’s performance through 

balancing load between VMs, increasing VM throughput, and maintaining task priority balance through 

optimizing task waiting times. However, the suggested method consumed a significant amount of energy due 

to the heavy load in the network. Pradhan and Bisoy [17] presented a load balancing method called modified 

particle swarm optimization (LBMPSO), which scheduled tasks across existing cloud resources, reduced 

makespan, and increased resource utilization. This was achieved through appropriate matching between 

resources and tasks within the data center. The proposed method performed better in minimizing makespan 

and maximizing resource utilization. However, it consumed excessive time due to heavy load conditions. 

Haris and Zubair [18] employed load balancing approach depending on hybrid approaches, namely mantaray 

modified multi-objective Harris Hawk optimization (MMHHO). This hybridization enhanced Harris Hawk 

optimization (HHO) search through integrating the manta ray foraging optimization (MRFO) approach, 

considering factors like response time, cost, and resource usage. The developed method improved 

performance by improving the throughput of VMs, balancing load between VMs, and maintaining balance 

between task priorities through adjusting task waiting times. Though, the method still faced issues related to 

load balancing and suboptimal resource utilization. 

Souravlas et al. [19] implemented a workload-per-VM strategy for task load balancing, which aimed 

to enhance mean response time and system makespan in the cloud. The issue was formulated as a finite 

Markov process, referred to as the balance equation for each state. By balancing the potential states, the 

expected usage of VMs could be derived, playing an essential role in the task allocation process. The load 

balancer acted as the central server, utilizing fair task allocation to distribute incoming tasks, balance the 

VMs, and account for their current state and processability. However, the implemented method had high 

loads on VMs because it did not consider optimal solutions. Lahande et al. [20] introduced a load balancing 

mechanism by experimenting and executing tasks utilizing the Sipht task dataset. The RS approaches: first 

come first served (FCFS), maximum-minimum (max-min), maximum completion time (MCT), and round 

robin (RR) were considered for balancing execution loads across VMs. The experiment was performed in 

four stages, with each stage including 16 scenarios, where each scenario varied based on the number of VMs 

utilized. However, the introduced method had high energy consumption and makespan due to heavy load 

conditions. By utilizing the artificial bee colony with Q-learning (ABCQ) approach, once a better reward was 

obtained, the method sought to achieve a global optimal reward in less computation time by exchanging data 

with neighboring nodes. The essential contributions of this research are described as follows: 

The deep reinforcement learning (DRL) – ABCQ approach is proposed to balance load between 

VMs in cloud, maximizing reward through minimizing makespan time and energy consumption. The agent in 

DRL makes intelligent decisions to handle huge number of tasks in less time and at higher speed. The 

artificial bee colony (ABC) algorithm uses the global guiding factor in the position updating phase, which 

improves the searchability of traditional ABC in finding optimal solutions.  

This research paper is organized as follows. Section 2 presents the details of the proposed  

DRL-ABCQ approach. Section 3 presents the outcomes and discussion. Finally, section 4 provides the 

conclusions of this research. 
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2. METHOD 

This paper proposes the DRL-ABCQ scheduling approach, where the agent receives a separate 

reward by considering the action taken in every state of the environment. The ABCQ approach aims to 

achieve a globally better reward with less computation time by exchanging data with neighboring nodes after 

obtaining better individual rewards. Initially, the appropriate action is chosen by considering the value 

function of state-action, and the personal better reward is then obtained for every server, which optimizes 

load and its parameters. After achieving personal better rewards, every server identifies global better value 

through sharing their data between servers at high speed. The following section explains the reward function, 

DRL, Q-learning, and ABC algorithms. Figure 1 represents a process of load balancing in the cloud using the 

DRL-ABCQ approach. 
 

 

 
 

Figure 1. Process of load balancing in cloud 
 

 

2.1.  Reward function 

The problem of load balancing is defined as Markov decision process (MDP) because of the 

simultaneous nature of tasks in a cloud environment. In a developed approach, data center controller is 

described as an agent, and data center itself is described as the environment, where agent allocates incoming 

tasks to the appropriate VM in every cycle. The MDP includes four significant variables, namely state, 

action, transition function, and reward, which are explained as follows [21]. 
 

2.1.1. State and action space 

In the state space, a perfect move is made by the agent depending on VM data like amount of VMs, 

the existence of millions of instructions per second (MIPS), the central processing unit (CPU), bandwidth, 

and memory. The mathematical expression for the state space is given in (1). In the action space, every task 

is employed to VM for processing. Every action includes different pieces of data like number of tasks, length 

of task and size of the file. The mathematical expression for the action space is given in (2). 
 

𝑆 = {𝑉𝑀𝑣 , 𝑉𝑀𝑚𝑖𝑝𝑠 , 𝑉𝑀𝑐𝑝𝑢, 𝑉𝑀𝑚𝑒𝑚 , 𝑉𝑀𝑏𝑤} (1) 
 

𝐴 = {𝑇𝑤 , 𝑇𝑙𝑒𝑛𝑔, 𝑇𝑓𝑠} (2) 
 

2.1.2. Transition function and action selection 

This phase represents when the agent considers the action in the present state, which reaches the 

new state. The agent always attempts to select the appropriate action that results in an optimum state, which 

provides a highest reward. The transition function is described as 𝑃(𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1). It represents the 

possibility of reaching the following state 𝑠𝑡+1 and obtaining the reward 𝑟𝑡 after executing the chosen action 

at in the present state 𝑠𝑡. Due to the cloud’s dynamic nature, tasks vary with respect to the length, time and 

size of a file [22]–[24]. Certain VMs are overloaded, while some are underloaded, as defined using (3). For 

balancing load between VMs, the agent considers an action to transfer extra tasks from an overloaded VM to 

underloaded VM at high speed. The speed of task transfer is measured using (4). 
 

𝑉𝑀𝑖𝑑 = {

<  |𝑇𝐻𝑣𝑎𝑙𝑢𝑒|𝑈𝑛𝑑𝑒𝑟𝑙𝑜𝑎𝑑

>  |𝑇𝐻𝑣𝑎𝑙𝑢𝑒|  𝑂𝑣𝑒𝑟𝑙𝑜𝑎𝑑

=  |𝑇𝐻𝑣𝑎𝑙𝑢𝑒|  𝐵𝑎𝑙𝑎𝑛𝑐𝑒𝑑

 (3) 

 

𝑇𝑡𝑠 = ∑ ∑ ∑ (1 − 𝐷𝑉𝑤,𝑥𝐷𝑉𝑤,𝑦)
𝐸𝑇𝑇𝑅𝑥,𝑦

𝐵𝑊𝑥,𝑦

𝑜
𝑦=1

𝑜
𝑥=1

𝑛
𝑤=1  (4) 
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Where 𝐸𝑇𝑇𝑅𝑥,𝑦 represents the additional task that is transferred between 𝑥 to 𝑦 VM; 𝐵𝑊𝑥,𝑦 represents the 

required bandwidth between 𝑥 and 𝑦 VM. Here, 𝐷𝑉𝑤,𝑥 = 1 signifies that 𝑥 VM is overloaded, where  

𝐷𝑉𝑤,𝑦 = 1 represents that the extra task is transferred from 𝑥 to 𝑦 VM. When task transfer speed is increased, 

task completion time also reduces. The chosen action 𝑎 in iteration 𝑡 is measured by (5). 
 

𝑎𝑡 =
𝑚𝑎𝑥

𝑎
(𝑇𝑡𝑠) (5) 

 

2.1.3. Reward 

In this phase, the agent receives a reward for making moves in different states. The agent aims to 

select the state that yields higher rewards, thereby increasing accuracy. In the proposed method, the reward 

function is characterized through a reduction in task completion time on a particular VM and energy 

consumption. The mathematical expression describing the reward is given in (6). 
 

𝑟𝑡 = {𝑚𝑖𝑛𝐶𝑇𝑤,𝑣 + 𝐸𝑐𝑜𝑛𝑠} (6) 
 

2.2.  Q-learning approach 

Q-learning is a reinforcement learning (RL) approach that helps the agent learn how to act optimally 

in a given environment. Q-learning aims to identify the optimal policy for action selection that minimizes the 

expected sum of rewards for the agent. Consider a set of states 𝑆 =  {𝑠₁, 𝑠₂, 𝑠₃, . . . , 𝑠ₙ} in the environment, 

where every state contains a set of actions. The agent 𝐴 =  {𝑎₁, 𝑎₂, 𝑎₃, . . . , 𝑎ₘ} chooses an action 𝑎ₜ ∈  𝐴 at 

time 𝑡 in state 𝑠ₜ ∈  𝑆 to transition to the next state 𝑠ₜ₊₁ ∈  𝑆, receiving the reward 𝑟ₜ₊₁ from the 

environment. For task processing, it is essential to choose relevant actions to increase Q-value of every state, 

that is crucial for identifying the optimum policy in the cloud environment. The Q-value function is based on 

the action chosen in a state. Figure 2 illustrates the process of Q-learning. 
 

 

 
 

Figure 2. Process of Q-learning 
 

 

Consider an agent in state 𝑠ₜ and the chosen action 𝑎ₜ. The process of Q-value is directed towards a 

better state, maximizing total reward in the environment. The mathematical expression for the Q-value is 

given in (7), where 𝛼 represents learning rate, 𝛾 represents the discount factor, which influences successive 

states based on past actions, and 𝑟ₜ represents the reward obtained from processing the action in state 𝑠ₜ. 
 

𝑄(𝑠𝑡 , 𝑎𝑡) = (1 − 𝛼)𝑄(𝑠𝑡 , 𝑎𝑡) + 𝛼[𝑟𝑡 + 𝛾𝑚𝑎𝑥𝑎+1𝑄(𝑠𝑡+1, 𝑎𝑡+1)] (7) 
 

The Q-value is derived from Q-table, which stores all probable states, their corresponding Q-values, 

and the correct actions. The Q-learning approach attempts to estimate the optimum state from its experience and 

incorporates a greedy strategy within the Q-learning process. The mathematical expression for computing the 

Q-value is given in (8), where 𝛼 represents the learning rate and 𝛿 represents the transition function. 
 

𝑄(𝑡+1)(𝑠𝑡 , 𝑎𝑡  ) = 𝑄(𝑠𝑡 , 𝑎𝑡  ) + 𝛼[𝑟𝑡 + 𝛾〖𝑚𝑎𝑥〗_𝑎𝑡 [𝑄𝑡  (𝛿(𝑠𝑡 , 𝑎𝑡  ), 𝑎 ́_𝑡 )] − 𝑄𝑡(𝑠𝑡 , 𝑎𝑡  ) (8) 
 

2.2.1. Fitness function 

The fitness function of the DRL-ABCQ approach is based on makespan, waiting time, and resource 

utilization. The mathematical expression for the fitness function is given in (9). Makespan is minimized when 

the highest number of tasks are successfully processed in the data center, which impacts the model’s 

throughput. MS represents the total completion time for each task, and the mathematical expression is given 

in (10). Next, 𝑅ᵤ is maximized, and its mathematical expression is given in (11). 𝑅ᵤ is measured as the total 

completion time of the tasks divided by the highest makespan or execution time. Where 𝐹 is fitness function, 

𝑊𝑇 is waiting time, 𝑀𝑆 is makespan, and 𝑅ᵤ is resource utilization. The algorithm for Q-update is given as 

in Algorithm 1. 
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𝐹 = 𝑊𝑇 + 𝑀𝑆 + 𝑅𝑢 (9) 
 

𝑀𝑆 = 𝑚𝑎𝑥{𝐸𝑇𝑖} (10) 
 

(𝑅𝑢) =
𝐸𝑇𝑖

𝑀𝑆
 (11) 

 

Algorithm 1. For Q-value updating 
Initialize values to α (learning rate), 𝛾 (discount factor) and 𝑟 (reward) 
Initialize the Q-values 

for 𝑖 = 1 𝑡𝑜 𝑛 
 for 𝑗 = 1 𝑡𝑜 𝑝 

  𝑄(𝑠𝑖 , 𝑎𝑗) = 0 
 end for 

end for  

choose action aI form the agent 𝐴 = {𝑎1, 𝑎2, 𝑎3, … , 𝑎𝑚} and compute that and to following state 𝑠𝑡+1 

Calculate learning rate 

Compute reward 

Update 𝑄𝑡+1 using (8) 

Repeat this phase for the new state till that converges 

 

2.3.  Artificial bee colony with global guiding factor 

The ABC algorithm with a global guiding factor is a swarm intelligence technique which mimics 

foraging behavior of bees. The algorithm is divided to three phases: leader, follower, and scouter. The leader 

represents the food source and carries information about it. In ABC, agents are classified based on the roles 

of bees: employed, onlooker, and scout bees [25]. Each bee group exhibits different behaviors related to 

exploration and exploitation. The exploitation behavior involves searching for new food sources to avoid 

local optima, while the exploration behavior focuses on searching for optimal food sources near the current 

one. In this research, Q-learning is utilized to enhance the solutions and obtain many correct solutions to the 

problem. The ABC algorithm is characterized through strong exploration behavior and weaker exploitation 

behavior; thus, goal is to optimize the exploitation behavior. During the initialization stage, ABC algorithm 

defines a position of food source with possible solutions to issue. First, the food source is randomly 

produced, and the mathematical expression for this is given in (12). 
 

𝑥𝑖,𝑗
0 = 𝑥𝑗

𝑚𝑖𝑛 + 𝑟𝑎𝑛𝑑(0,1) × (𝑥𝑗
𝑚𝑎𝑥 − 𝑥𝑗

𝑚𝑖𝑛)  (12) 
 

Where 𝑥𝑗
𝑚𝑖𝑛 defines lower bound of 𝑗𝑡ℎ optimization parameter and 𝑥𝑗

𝑚𝑎𝑥 defines the upper bound of 𝑗𝑡ℎ 

parameter of optimization. Additionally, the initialization stage ABC algorithm divides algorithm into  

three sub-stages: employed, onlooker, and scout bee phases. The approach repeats the three stages until the 

highest number of iterations is attained. In employee bee stage, the algorithm identifies position of 

neighboring food source relative to the current food source. The current location update expression has  

strong search capabilities but lacks sufficient exploration capabilities. This limitation often causes the 

algorithm to fall into local optima and reduces the update speed. To overcome this issue, the position 

updating formula incorporates global guiding factors, and the updated mathematical expression for position 

update is given in (13). 
 

𝑣𝑖,𝑗
𝑡 = 𝑥𝑖,𝑗

𝑡 + 𝑟𝑖,𝑗(𝑥𝑚,𝑗 − 𝑥𝑘,𝑗) + 𝜇(𝑥𝑏𝑒𝑠𝑡,𝑗 − 𝑥𝑖,𝑗) (13) 
 

Where 𝑣𝐼,𝑗
𝑡  represents the new position produced closer to 𝑥𝐼,𝑗

𝑡 , 𝑘, 𝑚 𝑎𝑛𝑑 𝑗 represent random numbers 

produced by random formulas, and 𝑥𝑏𝑒𝑠𝑡,𝑗 represents the best value. The global guiding factor (𝑥𝑏𝑒𝑠𝑡,𝑗 − 𝑥𝐼,𝑗) 

is included to enable the bee search to have a higher direction, and the 𝜇 influencing factor is included as the 

global factor for constraining the search amplitude. At this stage, the value of a Q-table is updated by using 

(8). If a food source provides good fitness value, employee bee does not replace current food source with a 

new source. Instead, it updates Q-value through rewarding newly chosen food source and penalizing current 

food source. Similarly, if a new food source does not provide good fitness value, it is penalized, while current 

food source is rewarded. The Q-table is updated every time the employee bee identifies an appropriate food 

source. Hence, number of employee bees is denoted as 𝐸𝑚𝑝, and Q-table is updated once for each employee 

bee. In an onlooker stage, the onlooker bee selects a food source from Q-table based on Q-values. The 

onlooker bee searches for a new food source, and mathematical expression for this is given in (14). If a new 

food source has high fitness value, it replaces present food source, and Q-value is updated accordingly. 

 

𝑣𝑖,𝑗
𝑡 = 𝑥𝑖,𝑘

𝑡 + ∅𝑖,𝑗
𝑡 ∙ 𝑟𝑗

𝑡 ∙ (𝑥𝑖,𝑘
𝑡 − 𝑥𝑅𝐹𝑆,𝑘

𝑡 ) (14) 
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Where 𝑣𝑖,𝑗
𝑡  represents the parameter for optimization in the neighboring food source, where ∅ ∈ [−1,1], and 

𝑥𝑅𝐹𝑆,𝑘
𝑡  represent parameter for optimization in the optimum food source, which is selected through random 

selection. Using the (14) improves exploitation, rather than just updating the dimension values. The onlooker 

bees exploit the current food source and update all dimensions with varying weight values, and the Q-values 

are subsequently updated. In the scout bee stage, if there have been several successful attempts at identifying 

the best neighbors, the current food source is discarded, and the scout bee randomly searches for new food 

source. The algorithm for ABC with a global guiding factor is described as in Algorithm 2. 
 

Algorithm 2. ABC with a global guiding factor 
Initialization 

Initialize the population and measure the fitness value 

Set parameters such as best solution, highest number of iterations, population size 

Identify good solution 

Employee Bees stage 

 for every position do 

  Update employee bee position through (13) 

  Evaluate new position 

   if fitness value is good replace the present location with a new 

location 

   end if  

  Measure the possibility and update the Q-table to choose a location in 

onlooker bee stage 

 end for   

Onlooker Bees stage 

 for every onlooker do 

  choose the location depended on Q-value and probability 

  Update the location of the onlooker bee through (14) 

  Evaluate new location 

   if fitness value is good replace the present location with a new 

location 

   end if 

   Update Q-table by (8) 

  end for 

  Identify a better solution (Q-table) 

 Scout Bees stage 

 for every position do 

  Abandon solutions which are not updated and produce new solutions randomly  

  Update Q-table by (8) 

 end for 

end while 

 

 

3. RESULTS AND DISCUSSION 

The performance of a DRL-ABCQ approach is simulated in a CloudSim environment with 

following configurations: an i5 processor, Windows 10 OS, and 8 GB of RAM. The simulation involves two 

different experiments to assess the algorithm's effectiveness. The initial experiment uses two sets of tasks to 

evaluate reward percentage and compares energy consumption and computation time of the DRL-ABCQ 

approach with existing approaches. The second experiment focuses on measuring the accuracy of the  

DRL-ABCQ approach. Performance metrics such as makespan, load balancing index, throughput, energy 

consumption, completion time, and reward are considered to evaluate the DRL-ABCQ approach's 

performance. Key parameters of the proposed DRL-ABCQ algorithm include a learning rate of 0.01, which 

controls the method’s adaptation speed and balances convergence with stability. The exploration-exploitation 

tradeoff ensures adaptability while preventing sub-optimal decisions. The batch size of 64 impacts the 

training speed and stability, while the discount factor (γ = 0.9) strikes a balance between short-term and  

long-term rewards. Additionally, parameters of the ABC algorithm are set to 50 bees and a maximum 

iteration of 100, which enhances optimization without excessive computational overhead. Fine-tuning these 

parameters ensures a balance between energy efficiency and overall performance. Table 1 presents a 

simulation parameters of a DRL-ABCQ approach. 

Table 2 presents the performance of the DRL-ABCQ approach evaluated on different tasks 2,000 

and 4,000. The particle swarm optimization (PSO), grey wolf optimization (GWO), whale optimization 

algorithm (WOA), and dwarf mongoose optimization (DMO) are the existing algorithms utilized to validate 

performance of DRL-ABCQ approach. In Table 2, the metrics considered include makespan, index of load 

balancing, throughput, energy consumption, completion time, and reward. The DRL-ABCQ approach obtains 

125.25 s for makespan, 0.42 for the index of load balancing, 2.39 jobs/s for throughput, 367,825.9 W for 

energy consumption, 15.32 s for completion time, and 42.75% for reward with 2000 tasks. For 4000 tasks, 
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the DRL-ABCQ approach obtains 150.62 s for makespan, 0.43 for the index of load balancing, 2.87 jobs/s 

for throughput, 441,391.08 w for energy consumption, 18.38 s for completion time, and 42.75% for reward. 
 

 

Table 1. Simulation parameters of the DRL-ABCQ approach 
Parameters Value 

Scheduling interval 0.01 - 1 seconds 
Worker node speed 200 - 400 instructions/second 

Worker node memory size  2 - 8 GB 

Worker node swapping cost  2 - 10 instructions/GB 
Worker quantum 0.01 - 0.5 seconds 

Worker node startup time 120 - 600 seconds 

Worker node scheduler notification time 1-5 instructions 
Simulation time 10,000 

Task range 1,000 – 5,000 

Length 1,000 – 2,000 
File size 300 - 400 

 

 

Table 2. Performance of different optimizations with the DRL-ABCQ approach for different tasks 
Tasks Methods Makespan 

(s) 

Index of load 

balancing 

Throughput 

(jobs/s) 

Energy consumption 

(watt) 

Completion 

time (s) 

Reward 

(%) 

2,000 PSO 147.80 0.85 1.32 384217.8 32.23 38.50 
 GWO 133.24 0.77 1.69 412309.67 38.17 31.65 

 WOA 159.37 0.92 1.87 495623.74 29.54 29.60 

 DMO 178.17 0.76 1.91 517890.43 33.54 39.53 
 DRL – ABCQA 125.52 0.42 2.39 367825.9 15.32 42.75 

4,000 PSO 177.36 0.86 1.58 461061.38 38.68 38.20 

 GWO 160.00 0.78 2.03 494771.6 45.8 32.00 
 WOA 191.24 0.93 2.24 594748.49 35.45 30.00 

 DMO 213.8 0.77 2.29 621468.52 40.24 39.60 

 DRL-ABCQA 150.62 0.43 2.87 441391.08 18.38 42.75 

 
 

Table 3 presents the performance of the DRL-ABCQ approach evaluated with different numbers of 

VMs, specifically 10 and 50. The existing algorithms utilized to validate the performance of the DRL-ABCQ 

approach include PSO, GWO, WOA, and DMO. In Table 3, the metrics considered are makespan, index of 

load balancing, throughput, energy consumption, completion time, and reward. The DRL-ABCQ approach 

achieves 140 s for makespan, 0.45 for the index of load balancing, 2.50 jobs/s for throughput, 380,000 W for 

energy consumption, 20.00 s for completion time, and 45.00% for reward with 10 VMs. For 50 VMs, the 

DRL-ABCQ approach achieves 115.00 s for makespan, 0.40 for the index of load balancing, 3.00 jobs/s for 

throughput, 360,000 W for energy consumption, 22.00 s for completion time, and 47.00% for reward. 
 
 

Table 3. Performance of DRL-ABCQ approach with different VMs 
VMs Methods Makespan 

(s) 
Index of load 

balancing 
Throughput 

(jobs/s) 
Energy consumption 

(watt) 
Completion 

time (s) 
Reward 

(%) 

10 PSO 160.00 0.88 1.25 420.000 35.00 35.00 

 GWO 150.00 0.80 1.55 430.000 40.00 32.00 

 WOA 170.00 0.95 1.85 480.000 30.00 30.00 
 DMO 185.00 0.78 1.95 500.000 33.00 38.00 

 DRL – ABCQA 140.00 0.45 2.50 380.000 20.00 45.00 

50 PSO 130.00 0.80 1.40 370.000 28.00 40.00 
 GWO 120.00 0.75 1.75 380.000 32.00 35.00 

 WOA 135.00 0.85 2.00 400.000 27.00 33.00 

 DMO 145.00 0.74 2.05 410.000 30.00 40.00 
 DRL – ABCQA 115.00 0.40 3.00 360.000 22.00 47.00 

 

 

Table 4 presents the performance of the DRL-ABCQ approach evaluated with different task sizes, 

namely 2000 and 4000, using existing load balancing algorithms. The existing algorithms for comparison 

include RR, least connections (LC), global server load balancing (GSLB), and random forest (RF). In  

Table 4, the following metrics are presented: makespan, index of load balancing, throughput, energy 

consumption, completion time, and reward. The DRL-ABCQ approach achieves 125.25 s for makespan,  

0.42 for the index of load balancing, 2.39 (jobs/s) for throughput, 367,825.9 W for energy consumption, 

15.32 s for completion time, and 42.75% for reward with 2000 tasks. For 4000 tasks, the DRL-ABCQ 

approach achieves 150.62 s for makespan, 0.43 for the index of load balancing, 2.87 (jobs/s) for throughput, 

441,391.08 W for energy consumption, 18.38 s for completion time, and 42.75% for reward. 
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Table 4. Performance of DRL-ABCQ approach with different tasks 
Tasks Methods Makespan 

(s) 

Index of load 

balancing 

Throughput 

(jobs/s) 

Energy consumption 

(watt) 

Completion 

time (s) 

Reward 

(%) 

2,000 RR 182.37 0.68 1.92 192385.7 22.93 29.85 

 LC 176.84 0.6 2.07 181472.3 21.65 31.20 

 GSLB 171.92 0.57 2.18 176925.6 20.75 32.50 
 RF 186.45 0.71 1.88 196734.9 23.27 28.75 

 DRL – ABCQA 125.52 0.42 2.39 367825.9 15.32 42.75 

4,000 RR 203.48 0.69 2.33 372548.9 27.63 28.40 
 LC 198.76 0.62 2.47 362395.4 26.57 30.10 

 GSLB 191.59 0.59 2.62 356785.1 25.42 31.50 

 RF 207.32 0.73 2.24 382746.5 28.89 27.30 
 DRL-ABCQA 150.62 0.43 2.87 441391.08 18.38 42.75 

 

 

Figures 3 and 4 illustrate the reward obtained from the environment for reducing energy 

consumption and completion time. These figures compare the reward values of the DRL-ABCQ approach 

with existing algorithms such as PSO, GWO, WOA, and DMO for task sets of 2000 and 4000. Figure 3 

shows the total reward per iteration, from 10 to 100 iterations, for the 2000-task set. Figure 4 shows the total 

reward per iteration, from 10 to 100 iterations, for the 4000-task set. 

From both figures, the proposed DRL-ABCQ approach outperforms the existing algorithms. As the 

number of tasks increases from 2000 to 4000, reward percentage also surpasses the existing algorithms. 

Figure 5 represents accuracy of a DRL-ABCQ approach, clearly showing that the accuracy increases steadily 

as the iteration count progresses from 10 to 100. The final outcome of training the neural network is 

improved accuracy at the end of each iteration. This result reflects enhanced accuracy in dynamic 

environments. Figure 6 shows the performance of different algorithms with 2000 to 4000 tasks allocated to 

existing VMs. From Figure 6, it is evident that the DRL-ABCQ approach consumes less completion time 

than the existing algorithms, such as PSO, GWO, WOA, and DMO. Figure 7 represents the total energy 

consumption across various VMs in the data center. From Figure 7, it is clear that the DRL-ABCQ approach 

saves more energy than the existing algorithms, including PSO, GWO, WOA, and DMO. The number of 

VMs ranges from 10 to 50 to evaluate the performance of the DRL-ABCQ approach. 
 

 

  
  

Figure 3. Reward percentage for 2,000 tasks Figure 4. Reward percentage for 4,000 tasks 
 

 

  
  

Figure 5. Iteration vs accuracy Figure 6. Number of tasks vs completion time 
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Figure 7. Number of VMs vs energy consumption 
 

 

3.1.  Comparative analysis 

The performance of the DRL-ABCQ approach is compared with existing techniques like QMPSO, 

LBMPSO, and MMHHO, using metrics like makespan, energy utilization, and throughput. The DRL-ABCQ 

approach achieves a makespan of 125.52 s, energy utilization of 99.81 kJ, and throughput of 2.39 jobs/s when 

compared to the existing approaches. Table 5 presents the comparative results of the DRL-ABCQ approach. 
 
 

Table 5. Comparative table of the DRL-ABCQ approach 
Methods Makespan (s) Energy utilization (kJ) Throughput (jobs/s) 

QMPSO [16] NA 173.87 5.46 

LBMPSO [17] 108.87 NA NA 
MMHHO [18] NA 55.01 4.52 

Proposed DRL-ABCQ approach 125.52 99.81 2.39 

 

 

3.2.  Discussion 

The simulation of the DRL-ABCQ approach is performed in a Python environment, and three 

different experiments are conducted to validate the reward percentage and accuracy. The performance of the 

DRL-ABCQ approach is compared with various optimization algorithms like PSO, GWO, WOA, and DMO. 

Additionally, DRL-ABCQ approach is compared with existing algorithms like QMPSO, LBMPSO, and 

MMHHO. To address the issues of complexity and high dimensionality, the DRL-ABCQ approach is 

employed, which accelerates the process and minimizes the execution time. The agent in DRL makes 

intelligent decisions to handle huge number of tasks in less time and at higher speeds. The ABC algorithm 

utilizes the global guiding factor for initializing position updates, which enhances the searchability 

performance of the ABC algorithm. The proposed DRL-ABCQ approach optimizes scheduling and resource 

usage, increases VM throughput, and balances the load between VMs. The experimental outcomes confirm 

that DRL-ABCQ approach delivers the best rewards when large number of tasks are allocated to data center. 

The experimental results acquired by proposed DRL-ABCQ model are consistent which employ RL and 

hybrid optimization algorithms. Prior researches have shown that DRL-based schedulers efficiently adapt to 

dynamic workloads and minimize makespan and execution time through learning optimum resource 

allocation policies [20]–[22]. Similarly, hybrid meta-heuristic algorithms like QMPSO [16] and MMHHO [18] 

enhanced convergence behavior shows high energy consumption under heavy load conditions. The 

combination of a global guiding factor in ABC model in proposed DRL-ABCQ algorithm improves 

exploitation when avoiding premature convergence, resulting in low energy consumption and enhanced load 

balancing. Moreover, an increase in throughput with high VM counts determines the scalability and 

robustness of the proposed model in large-scale cloud environments. 
 

 

4. CONCLUSION 

This research proposes an effective approach for load balancing in a cloud environment. The  

DRL-ABCQ approach is proposed to balance load in cloud network. This approach combines both DRL 

algorithm and ABC with the Q-learning approach. By using DRL, the neural network is trained to achieve 

optimal rewards. Through the ABCQ approach, overall processing time of incoming load is minimized. The 

DRL-ABCQ approach improves various load balancing parameters in less time compared to existing 

algorithms in the cloud network. The DRL-ABCQ approach achieves a makespan of 125.52 s, energy 

utilization of 99.81 kJ, and throughput of 2.39 jobs/s when compared to existing approaches. The throughput 

of the proposed DRL-ABCQ approach is slightly lower than that of different benchmark algorithms, which is 

an essential trade-off for achieving improved energy efficiency. The intelligent scheduling mechanism in 
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DRL-ABCQ minimizes unnecessary task migrations, and optimized CPU utilization leads to an overall 

enhancement in energy efficiency. Future work focuses on optimizing the trade-off between throughput and 

energy consumption by including an adaptive learning mechanism that dynamically adjusts the scheduling 

parameters based on real-time workload variations. 
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