
IJCSN  International Journal of Computer Science and Network, Volume 4, Issue 3, June 2015           
ISSN    (Online) : 2277-5420       www.IJCSN.org 

Impact Factor: 0.417 

525 

 

 

Load Balancing in a Distributed Network Environment 

- An ACO Inspired Approach 
 

 

1 Neeharika V, 2 Sreenivas Sremath Tirumala, 3 Gang Chen, 4 Jayawardena C 

 

 1 Department of Computing, Unitec Institute of Technology 

Auckland, New Zealand 

 
2 School of Computer and Mathematical Sciences, AUT University 

Auckland, New Zealand 

 
3 Victoria University of Wellington 

Wellington, New Zealand 

 

 

 

 

 

 

Abstract - The success of nature inspired algorithms, 

particularly Ant Colony Optimization (ACO) on various 

optimization and scheduling problems has inspired to apply 

this approach on load balancing problem. Messor is one 

such approach based on AntNet which achieved limited 

success with some unaddressed problems. Extending the 

Messor's work, in this paper, we propose an ACO based 

approach to address load balancing problem. In our 

approach, Swarm Intelligent techniques aid in identifying a 

suitable node for task transfers from overloaded network 

nodes to under loaded nodes and ANNs aid in directional 

decision making process that drives the ant search. The 

proposed approach is evaluated against Messor with two 

types of load arrival strategies static and dynamic on 

different sized networks with 20, 40, 60, 80 and 100 nodes 

and the experimental results show that the proposed 

approach has resulted in achieving better performance. 

 

Keywords - Distributed Computing, Load Balancing, Ant 

Colony Optimization, Messor. 

 

1. Introduction 
 

The exponential growth of robust and adept computer 

applications has given rise to new challenges for 

addressing the demand for computational resources. This 

resulted in adopting numerous computing paradigms with 

distributed computing networks. In a distributed network, 

nodes (computers) interact with each other (local or 

remote) with a communication network for accessing 

available network resources. Distributed computing have 

become ubiquitous considering the substantial reward of 

resource sharing and offering high speed computing at 

low cost. Communication and coordination among 

network nodes impose additional load on the network 

apart from the actual load. Load balancing is a 

performance enhancing technique employed in computer 

networks to enable a balanced and fair distribution of 

processing overhead among all the available nodes across 

the network [1]. Optimal allocation of tasks can be 

categorized as the NP hard sect of problems [2]. Hence 

Load balancing can be considered as a combinatorial 

optimization problem [3]. Distributed systems are 

characterized with dynamic traffic flow and solid real 

time constraints which create network load. The problem 

of load imbalance arises when a task assigned to a 

particular network resource waits to be served in the 

queue of the resource, while another resource that is 

capable of handling this task is completely idle [4] [5]. To 

accommodate these conflictingly varying load 

requirements, an efficient load balancing approach is of 

paramount importance for maintaining overall system 

integrity. 

 

To deal with load imbalance problem in a distributed 

network environment, an approach that endures elasticity, 

automatism and adaptability as principle concerns should 

be considered. Therefore, to realize a substantially 

balanced network, the available resources must be 

intuitively and appropriately allocated to each node such 

that the processing capacity of the network is utilized to 

its fullest potential [6]. Moreover a balanced network also 

achieves shorter job response times when compared to an 

improperly balanced network [1]. Dynamic Load 

Balancing (DLB) approach is one among many 

conventional load balancing approaches in practice. DLB 

mechanisms are adaptable and can adjust their 
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performance intuitively in accordance to the system state 

and the incoming load onto the network. DLB approach 

can be otherwise called as the run-time approach as the 

load is intuitively allocated to the available nodes based 

on the changing load dynamics of the system [7]. To be 

efficient, DLB approaches must fundamentally be flexible, 

simple, durable, resilient, gracefully degradable, scalable, 

compliant and transparent to the application being 

processed and at the same time should not induce any 

additional overhead to the network [8]. 

 

This paper is structured as follows. Section 2 presents a 

detailed study of Ant Colony Optimization and one of its 

implementation with respect to current context. The 

proposed load balancing approach is presented as section 

3. Section 4 consists of experimental results and 

discussion followed by conclusion and future work as 

section 5 and section 6 respectively. 

 

2. Related Work 
 

2.1 Ant Colony Optimization (ACO) 
 

Ants in nature are simple creatures with uncomplicated 

structure and behavior. In spite of their elemental nature, 

ants exhibit an intuitive and dynamic behavior in foraging 

for food and organizing clean-up operations by grouping 

objects in their surroundings. Ants cannot communicate 

directly. Instead they embrace an intelligent tactic of 

indirect communication called stigmergy. This 

communication is mediated by the environment in which 

they live. These path laying principles, clean-up advent 

and communication approach are attributed to the domain 

of artificial intelligence and a multitude of diverse 

algorithms have been developed based on the natural ants 

social behavior. Ant colony systems with their intrinsic 

distributed nature and decentralized stochastic decision 

making capability provided a backbone for the 

development of MAS that are highly flexible and can 

work in an autonomously coordinated manner aimed at 

achieving one common goal. Ant Colony algorithms are 

widely used to solve discrete optimization problems [9]. 

For solving a discrete or combinatorial optimization 

problem the optimal solution has to be chosen from a 

finite set of possible solutions[9] . Ant colony based 

decision making has been successfully applied in solving 

real world optimization problems like, adaptive routing in 

telecommunication networks, finding shortest paths, 

traffic control, forex forecasting, data mining applications, 

military applications, extra-terrestrial/spatial applications, 

robotics etc., Ant colony techniques are also playing key 

role in bio-medical applications [10], [11], [12], [13], [14]. 

The very first ant colony algorithm was developed by 

Marco Dorigo in 1992 [3]. Since then the basic ACO 

algorithm has been subjected to many incremental 

changes and numerous subsequent variants like Ant 

system, AntNet, Ant based control, Ant colony System 

etc., have been developed. Various Ant colony algorithms 

are presented briefly in the following section of the report. 

Simple ACO is the elementary algorithm of the ACO 

class of algorithms. The goal of Simple ACO is to find the 

shortest path between two given points in a connected 

graph. An artificial pheromone trail value is associated 

with every edge in the graph. This value serves as an 

attractiveness factor in choosing a specific edge for the 

successive ants exploring the graph. Artificial ants 

incorporate similar exploration mechanism as biological 

ants. This exploration mechanism known as evaporation 

avoids the convergence of all ants towards the same path 

with high pheromone intensity. Evaporation is carried out 

by diminishing the pheromone trail values on graph edges 

at regular intervals which results in emergence of shortest 

paths between their nests and food sources .Simple ACO 

works well for problem instances with limited number of 

constraints. Owing to its simplicity, Simple ACO has a 

number of limitations. This algorithm has to be therefore 

taken only as a theoretic example . The subsequent 

algorithms follows the basic principles of simple ACO 

and are developed with additional capabilities to 

overcome the limitations of simple ACO. 

 

Ant System is an ACO algorithm which is indeed 

designed as a set of three algorithms differentiated from 

one another by the approach of their pheromone trail 

update. The three algorithms are ant-cycle, ant-quantity 

and ant-density. This algorithm draws its inspiration from 

simple ACO and has in turn become the source of 

inspiration for the ACO meta-heuristic framework and 

many later versions of the ant algorithms. In the context 

of Ant System, the problem information is globally 

available over the search space and moreover the problem 

instance is statically assigned. Ants make probabilistic 

decisions in selecting their next nodes based on the entries 

in the local data structure of the node called the ant 

routing table. This Ant System algorithm is characterized 

with a finite number of nodes in a connected graph. 

Detailed explanation of the algorithm follows. Ants are 

positioned in parallel on all the nodes in the defined 

problem space. Ants possess a private memory for 

carrying specific details like the node state information, 

node load status and list of visited nodes. Ant memory is 

initially empty. Ants are initialized by updating their 

memory with the origin node as their start node. The start 

node is added to the list of visited nodes in the ant 

memory. Ants stochastically decide their next move as 
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explained earlier. Further ant memory is updated with the 

visited nodes information. This process continues till the 

tour is completed and an integral solution is built. Ants 

use their memory to assess the quality of the solution built 

and also to retrace the same path backward. The 

pheromone trails of all the visited edges are updated using 

the online delayed pheromone approach. When all the 

ants have finished exploring the search space, pheromone 

evaporation is triggered [3]. 

 

Based on the principles of Simple ACO and Ant System, 

a framework called ACO meta-heuristic has been 

developed and all the ant colony algorithms developed 

later can be called as the instances of this framework. 

ACO metaheuristic is characterized with a finite set of 

nodes, edges, cost functions, constraints, sequences and 

suitable parameters with respect to the problem definition. 

Algorithms based on ACO meta-heuristic, use heuristic 

information in addition to the pheromone information for 

probabilistic decision making. Heuristic information is the 

a priori information or the ample information about the 

problem instance. Ants are provided access to both 

pheromone information and the aggregate knowledge 

about the previous ant search process for selecting their 

moves. ACO meta-heuristic follows the search principle 

similar to Ant System algorithm. The entries in the 

routing table are composed of a combination of heuristic 

values, pheromone trail values, private memory of ants 

and the problem constraints. Ant routing table serves as 

the information base for the ants visiting the respective 

nodes in choosing their next nodes with a selective 

probability. Pheromone evaporation is an exploration 

activity that favors an unbiased ant search process by 

decreasing the intensity of pheromone over the traversed 

edges of the graph over time automatically. The Daemon 

action process comes into picture when there is a need to 

perform some centralized actions like depositing 

additional pheromone along a specific edge etc., which 

the individual ants cannot perform on their own. 

 

According to ACO meta-heuristic, pheromone values over 

the edges of the graph can be updated in two distinct ways. 

Online-step-by-step where ant updates the pheromone 

trail value of an edge between a pair of nodes concurrently 

while moving from one node to the other and Online 

delayed approach where ant updates the pheromone trail 

values of all the traversed edges during its backward 

travel to the source node when once the solution has been 

built. Therefore, in conjunction with the ants activity, two 

more procedures called Pheromone evaporation and 

Daemon action are also included in the ant search process. 

The following section discusses about the two significant 

instances of the ACO Meta-heuristic that are being 

successfully implemented in solving optimization 

problems like the classical travelling salesman problem 

(TSP) and the adaptive routing problem in 

communication networks. Travelling salesman problem is 

a commendable example of static optimization problem 

whereas routing in telecommunications networks is 

exemplarily a dynamic optimization problem. From a 

high level point of view both the problems appear to be 

identical, but their implementation approaches vary 

extensively [3]. TSP is one of the most commonly seen 

NP-hard problems in the sect of combinatorial 

optimization problems. Ant colony metaphor can be easily 

explained using TSP, as it is less complex without many 

technical details. Solution for this type of problems would 

be a minimal length Hamiltonian path, visiting all the 

nodes in the network once and only once. Similarly, ant 

colony approach has been effectively applied in designing 

techniques that direct the data traffic in a network 

efficiently. Ant colony approach best fits to this class of 

optimization problems because of its intrinsically 

distributed nature [15] 

 

AntNet is the most widely used variant of the ACO 

metaheuristic. AntNet behavior best suits to the varying 

needs of today’s communication networks. AntNet is a 

multi-agent based algorithm incorporated with Monte 

Carlo methods and is the most suitable algorithm for 

distributed environments. AntNet is featured with two sets 

of ants/mobile agents addressed as forward and backward 

ants. These ants are identical in structure but perceive 

diverse inputs and can generate diverse and autonomous 

outputs. AntNet employs an incremental technique to 

generate optimal solutions. Ants in AntNet adopt an 

iterative and parallel method to generate new solutions. 

Moreover historic information or the heuristic 

information acquired from previous simulations is used to 

direct the future search in achieving optimal solutions. 

Ants or agents are launched simultaneously along with 

the data packets at definite intervals from each node in 

the network and are directed towards randomly chosen 

destination nodes.  

 

Ants indirectly communicate with each other with the 

help of node local data structures namely, ant routing 

table and local traffic model of the network. Routing table 

maintains the information that helps an ant in choosing 

the immediate next node in its travel to reach the 

destination. The information related to all possible 

destinations is stored in the routing table of each node and 

this information expresses the relative desirability of each 

link from a particular node. The traffic model consists of 

statistics of the local traffic distribution and heuristic 

search information. 
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Ants exploit all the available information from the routing 

table entries and the traffic model statistics to choose their 

next node to move to. Furthermore ants possess confined 

memory. While moving towards their chosen destination, 

ants gather information corresponding to the elapsed time 

from their starting node, identifiers of visited nodes 

encountered in their path, congestion status during their 

travel etc., once arrived at the destination, forward ants 

are terminated after transmitting all the gathered 

information to the backward ants. Backward ants use the 

ant memory and retrace the path to the source node. 

While retracing their path, these ants update the routing 

tables and the local traffic models of all the node 

identifiers listed in their memory. To make the optimal 

path more visible, positive and negative reinforcements 

are applied. Backward ants get terminated once they reach 

the source node. 

 

Multiple Ant Colony Optimization (MACO) is a load 

balancing algorithm based on multiple ant colonies. 

MACO is employed to allocate the load of the entire 

system evenly among all the available processing 

elements in such a way that each of these elements obtain 

relatively proportionate amount of load, thus maximizing 

the Quality of Service and minimizing the loss of 

information transmitted ([16]. Multiple Ant colony 

approach is proven to be capable of solving routing and 

congestion issues in communication networks. This is 

achieved by continuously updating the ant routing tables 

in the network nodes in response to the congestion 

encountered [16]. Similar approach is proposed to balance 

the work load in circuit switched networks. MACO 

enhances the adaptability of the system by amplifying a 

balanced resource utilization that improves the overall 

system performance. In MACO, ant colonies are 

differentiated by the color of the pheromone they deposit. 

Ants that belong to a colony can only sense and recognize 

the pheromone deposited by the ants of their own colony. 

In this way, ants from multiple colonies build multiple 

paths between a selected source and a desired destination. 

Building multiple routes mitigates congestion by avoiding 

the convergence of all ants towards the same route and 

additionally increments the probability of exploring the 

network to discover optimal alternative paths. One more 

appealing feature of MACO is that, it incorporates the 

feature of Pheromone redistribution, enabling inter-colony 

communication when required. This feature helps to 

exchange information about a heavily congested path or 

node in the network and guides the subsequent ants to 

avoid entering into a deadlock wasting their time and 

resources. A network node is said to be loaded when [17] 

[6] [18] [15]. 

 

• It has too many jobs waiting in its job queue 

• Average processing capability of node is less than the 

global network capability 

• Resource (node) usage exceeds actual or normal 

usage • CPU idle time of an individual node is always 

lesser than the network wide CPU idle time 

 

2.2 Messor Approach  
 

Messor is a peer-to-peer (P2P) system developed to 

support parallel execution of highly complex time 

consuming jobs and there by achieving a balanced work 

load simultaneously in a grid computing environment. 

Scheduling jobs in a grid structure is considered to be a 

NP hard sect of problems. Messor employs an ant colony 

based algorithm to support work load balancing. Balanced 

workload is achieved using an ingenious framework called 

Anthill. The prime focus of Anthill is to support the 

analysis and design of P2P algorithms. Ants in the Anthill 

framework follow the three basic Resnicks rules for 

exploring the network and balancing the load on the 

network. Structure of Anthill constitutes an overlay of 

interconnected nests characterized with storage and 

computational abilities. Anthill nests are mobile in nature, 

i.e., nests come and go and are kept intact with an 

underlying communication layer. These nests have the 

capability of self-organizing themselves in accordance to 

the needs of the network. The services offered by the nest 

are distributive in nature. Each nest is assigned with a 

unique identifier and ants are generated in the nests, 

based on the user requests. Nests interact with their 

neighbors using an efficient and indirect communication 

mechanism provided by the ants. The set of neighbor nests 

is highly dynamic. 

 

Nests in a Messor system are organized as two layers 

namely, application layer and service layer. Application 

layer of Messor serves as the interface between the user 

and the system. It also maintains the complete 

information of jobs that are submitted to the network. This 

makes it easy to track which jobs have been halted or 

crashed and those respective jobs can be re-inserted into 

the system to preserve the system integrity. Service layer 

of Messor takes care of job executions forwarded by the 

application layer and keeps track of work load balance. 

Each Messor nest is actually a host or a node in the 

network. Ants are mobile agents that are created by nodes 

in response to job arrival. Ants contingently wander in the 

network and gather the load information of all the visited 

nests. Ants are organized with locally informed 

mechanisms for decision making and furthermore enabled 
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with a limited form of memory that consists of the details 

of its originator nest and the list of already visited nests. 

Messor ant carries out the search process in two states. 

While the Messor ant is in the SearchMax state, it 

searches for overloaded nests in the network and when an 

overloaded nest is found, the identifier of that nest is 

stored in the ants’ memory. Then the ant immediately 

switches to SearchMin state and starts looking out for 

under loaded nests. When the desired nest is found, the 

ant requests the node local job manager to communicate 

with the job manager of overloaded nest. Nests interact 

locally to keep communication delays to as low as possible 

and thus eliminate the excess time required for global 

knowledge sharing as in centrally controlled mechanisms. 

balance may not be achieved during the initial iterations. 

Only experimental results are available but there are no 

actual results as Messor was a prototype and has not been 

commercially implemented [19]. 

 

3. Proposed Approach 
 

3.1 Tables and Figures 
 

Each node is capable of responding to user requests and 

performing operations like load calculations, ant 

generation, etc., Every node is equipped with a load index 

table, which holds the current load status information of 

the node and its neighboring nodes along with their 

identifiers. 

 
Fig. 1. Structure of a Node 

 

The load index table comprises of the load information of 

the current node and its neighboring nodes. For 

calculating the current load on a node, the following 

parameters are considered. 

• CPU Idle time (NIt) 

• CPU Utilization rate (NCu) 

• Available Node Memory (Nm) 

• Available Disk Space (Nd) 

• Job Queue Length (Q1) 

 

Time can be considered as a reliable unit of measurement 

for system performance. Hence, it is also one of the key 

deciding factors in addition to the other load parameters. 

CPU idle time is obtained by calculating running average 

or the simple moving average. Load on each node is 

calculated at regular intervals and is updated relatively. 

This updated load is compared with the estimated 

approximate system wide average to determine the node 

status. An Idle Time Counter (ITC) represents the idle 

time of a node in seconds. As long as a node is idle, ITC 

value gets incremented. CPU Idle time is calculated based 

on periodic average of ITC. 

 

3.2 Calculating Load 
 

Load Ln on every node is calculated at a particular point of 

time using the node specific parameters 

NIt,NCu,Nm,Nd,Q1. The following formula is proposed for 

this purpose. 

 

 Ln = ([(100 − NCu) + Nm + Nd]/Ql) ∗ NIt (1) 

 

To calculate load Ln at a particular instance with node 

specific parameter values NIt = 5 milliseconds, NCu = 

65.5%, Nm = 32.5MB, Nd = 48.25 MB, Ql = 10 is 

calculated from equation (1) as 

 

 Ln = ([(10065.5) + 32.5 + 48.25]/10) ∗ 5 = 57.625 (2) 

 
Table 1: Node availability Status 

Load (Ln) Node Status 

≤ 25% 

 
Idle 

<25% and ≤ 50% 

 
Moderately busy 

> 50% Busy 

 

To determine the status of a node, Load average La is 

calculated. La is the mean of Ln values accumulated over a 

period of time. Table 1 presents the node availability 

status depending on its load condition. From equation (2) 

Ln is calculated as 57.625 states that the node is already 

busy (loaded) and may not be able to take any more jobs 

(load). 

 

3.3 Load Threshold Calculation (Lt) 
 

Load threshold value determines the capability of a node 

till which it can handle jobs conveniently. When the load 

on the node approaches the threshold value, it means that 
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the node is overly loaded and the ability to handle 

resources is lowered significantly. Load Threshold of a 

node can be defined as an extent after which possibly the 

productivity or the processing capacity of the node is 

abridged and at this stage we may say that the node is 

loaded. Usually the hardware specifications of a node 

reflect the capacity of the node to handle incoming jobs. 

This configuration includes but not limited to Processor 

speed, RAM, Cache memory, Disk memory. During 

initialization, when the node is completely idle, the total 

capacity of the node can be anticipated. The instance at 

which the node status transforms from idle to busy 

determines the load threshold. The probability of handling 

a job is determined by the difference between Ln and Lt. A 

node can effectively handle its work load till Ln ≈ Lt. If Ln > 

Lt, the productivity of the node is significantly lowered. In 

the proposed approach, the value of load threshold can be 

set to a fixed number. Each nodes load table is updated 

when an ant visits the node. The information in the load 

table is used to estimate the Network wide load average 

(NLA). Value of NLA is calculated time to time. For 

example, let us consider a network of 6 nodes N1 to N6. 

Assume that node N4 is overloaded and as a result an ant 

is generated at N4.This ant wanders in the network. In this 

process, it evaluates the visited nodes and updates the load 

tables of all those visited nodes and might reach an idle 

node. When it finds an idle node which is N5 in this case, 

it will request for a task transfer. The load index table of 

N5 is updated with the load % values L1, L2, L3, L4 of N1, 

N2, N3, N4 respectively. NLA calculated at N5 is 

 

 NLA = L1 + L2 + L3 + L4/4 (3) 

 

However NLA may not be accurate since, it is not the load 

aggregate of all the nodes in the network. It is the load 

aggregate of all those nodes that are visited by the ant 

during its search process. But still this value can be 

conscientiously used to compare a nodes individual load 

average to its neighborhood load. Calculation of NLA is 

dynamic and is periodically calculated over the 

accumulated data in the load tables of nodes which gives 

the approximated NLA. Individual load average of the 

node is compared with the approximated NLA and the 

result concludes the status of the node. Depending on the 

status of a node, the availability of that node can be 

determined. 

 

3.4. Identifying Status of the Node  
 

When an ant visits a node Ni with load % Li, the status of 

the node is determined by comparing the load of Li which 

is LNi with the Load threshold Lt of Ni. The job handling 

capability of a node based on its load status. When LNi ≥ Li 

the node is busy and no new job cannot be assigned as it 

may not be able to handle it. However when LNi < Li, the 

node is not busy and may be capable of handling jobs. 

But, job assignment to this particular node depends on the 

incoming job specifications. When a node is not busy, its 

individual load LNi is compared with its load threshold Lt. 

Each node is given a Star rating depending on its job 

performance history. And this parameter plays a 

significant role in choosing the next move of the ant. 

 

3.5. Ant Generation  
 

An ant is a mobile agent used to dispatch load information 

among nodes. When a node is overloaded an ant is 

generated. (i.e., LNi ≥>= Lt). These intelligent ants serve as 

conveyor of load information and possess limited form of 

memory which is capable of holding node specifications 

like node identifiers, load indices of all the respective 

nodes visited by the ant. When an ant visits a node, it 

updates the Load Index Table (LIT) of that node with the 

information it already possesses. Further it updates its 

memory with the information about the visited node. Each 

ant is permitted to roam in the network for a fixed period 

of time (which is its time to-live parameter), after which 

the ant gets terminated. Ant moves in the network in 

search of idle node for job transfer. The direction of ant 

movement is not decided arbitrarily as seen in Messor 

approach. Instead ANNs are used since they follow a 

deterministic approach to find the direction of movement 

for an Ant from its current node.  

 

ANNs use the Current Load on the node, Available 

services on the node and Star rating (history of taking 

jobs) as input parameters to predict the direction in which 

a suitable node is available for job transfer from an 

overloaded node. Back propagation algorithm is adopted 

to train the neural network, in order to generate an 

optimal direction as output which facilitates the ants in 

choosing suitable nodes from the available set of 

neighboring nodes. The training of the ANN is carried out 

using predefined input and output parameters 

(Supervised). These training sets are generated 

considering the fixed (hardware) configuration of the 

network and a probabilistic network load. A total of 100 

training data sets are generated out of which 75% are used 

for training and 25% for testing. Each training set 

consists of 4 sets of parameters representing four nodes in 

four directions. The aim is to identify the best suitable 

node among these set of nodes. After the training process, 

the accuracy of the ANNs on the testing data sets is found 

to be 92%. 
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3.6. Determining Job Status  
 

Jobs are tasks submitted to the network. Job status 

represents the status of a job. The possible values of Job 

status are explained in the table 2. 

 
Table 2: Description of Job Status 

 

Job Status Description 

Unassigned 

 
 Not assigned to any node  

Assigned 

 
Assigned to a particular node 

Processing 
Job is being handled by a network 

node 

Completed Job is completed 

 

When there are no incoming jobs to the network, all the 

nodes will be in the idle state. When a job arrives to a 

node, its initial status will be assigned and it is placed in 

the job queue of that node. When this node is available to 

handle the job, it verifies the possibility of handling the 

job. If yes, the job will be processed by the node and the 

job status changes to “Processing” and the node status 

will be “busy”. Once the job is completed by this node, the 

status of the job is altered to “Completed”. In case this 

node is not capable of handling the job, an ant is 

generated to handle this situation and the job status will 

be changed to “Unassigned”. From here on the ant takes 

the responsibility of searching an idle node to handle this 

job. 

 

4. Experiments and Discussion 
 

The experimental model is configured with heterogeneous 

nodes. Node configurations are generated randomly 

making sure of no repetitions and noticeable differences. 

Nodes are named as N1,N2,N3...Nn. Each node is diverse 

with unique computing capabilities. Similarly, Jobs of 

variable sizes are generated randomly. The evaluation is 

performed with two different job arrival strategies. Each 

strategy is evaluated with three different sized networks. 

Job arrival strategy can be interpreted as the pattern of 

jobs coming to the network, which can be either fixed or 

random. Every experiment is performed until the near 

optimal load balance / load distribution is achieved. Each 

experiment is performed for 5 times and the results are 

represented graphically. 

 

 

4.1. Fixed Job Arrival Strategy  
 

In Fixed Job arrival strategy, each time, 1000 jobs are 

submitted to a single network node while all other nodes 

are idle as shown in Fig. 2. 

 

 
 

Fig. 2. Fixed Job arrival strategy 

 

During this trial, the number of jobs submitted to the 

network is fixed and no other nodes encounter new jobs. 

Graphs in the below figures represents the initial state of 

the network. In case of network with 20 nodes, 19 nodes 

in the network are completely idle while one node is 

flooded with 1000 jobs. This initial state of the network is 

similar irrespective of network size. As the experiment 

proceeds, the load in the network is balanced. 

 

The proposed approach is evaluated on three different 

sized networks starting with a network of 20 nodes, 

followed by 40, 60, 80 and 100 node network. The 

network load is almost balanced in 20 iterations for all 

network sizes. When the proposed approach is evaluated 

in a 20 node network with a fixed job arrival strategy, 

load balance is achieved at iteration number 18 as shown 

in Fig. 3. 

 

 
Fig. 3. 20 Nodes 

 
Fig. 4. 40 Nodes 
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For 60 nodes and 100 nodes, the load is balanced at 

iteration number 18 which shown in Fig. IV and Fig. IV 

respectively. 

 

 
Fig. 5. 60 Nodes 

 

 

 
Fig. 6. 80 Nodes 

 
Fig. 7. 100 Nodes 

 

4.2. Dynamic Job arrival strategy  
 

The second experiment is conducted in a network 

environment where the job arrival pattern is completely 

dynamic. One node is loaded with 1000 jobs and other 

nodes share the excess load of the overloaded node while 

processing their own jobs arriving at random which is 

shown in Fig.8 . 

 
Fig. 8. Dynamic Job arrival strategy 

 

While in a dynamic job arrival strategy, load balance is 

achieved at iteration number 19, irrespective of the 

network size. Though the operation of the network is 

more vigorous when jobs arrive in a dynamic fashion, the 

proposed approach has proven its stability in achieving 

balanced network for the same number of iterations when 

compared to fixed job arrival strategy. For both the 

strategies, load balancing has been achieved in less than 

20 iterations of the experiment, thus justifying the 

performance of the proposed approach. 

 

 
Fig. 9. 20 Nodes 

 

 
Fig.10. 40 Nodes 

 

 

In Messor approach, each node generates an ant in 

response to the jobs submitted. All these ants wander 

across the network in search of suitable nodes. Ants move 

around the network along with the data packets. As the 

number of ants increase, additional network traffic is 

generated, causing the risk of congestion, which in turn 

results in extra network overhead. The proposed approach 

tries to address this problem by generating ants based on 

load demand of the nodes. 
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Fig.11. 60 Nodes 

 

 
Fig.12. 80 Nodes 

 

 
Fig.13. 100 Nodes 

 

A node generates an ant, abiding to the load statistics and 

threshold constraints. Thus, the suggested approach tries 

to reduce the congestion caused by ants in the network. 

For directional decision making, we implement ANNs 

with their proven their ability in efficient decision 

making. The interrelation of both these classical 

paradigms might offer adaptive and competent approach. 

 

5. Conclusions 
 

This paper proposes a new load balancing approach for 

distributed networks, utilizing ACO and ANN. This work 

was motivated by the research works conducted in a P2P 

system called Messor and is further improvised by 

exploring the available literature and attempts to address 

the shortcomings of Messor. In the proposed approach, 

load information is collected by ants (ACO Inspired) 

which serve as mobile agents. These ants are aided by 

ANNs for optimal decision making to find a suitable node 

for job transfer. Based on this decision the process of task 

migration is carried out at the node level. The proposed 

approach is tested on five different sized networks and 

with two different job arrival strategies (fixed and 

dynamic) to analyze the possibility of performance 

variations. In the fixed job arrival strategy experiment 

(experiment 1), network load balance is achieved at 

iteration number 18. Whereas in a dynamic job arrival 

strategy (experiment 2), load balance is achieved in 

iteration number 19. This variation is due to the busyness 

of nodes performing their own jobs while attending to the 

jobs from overloaded nodes. Experiments are conducted 

considering the combination of the job arrival strategies 

and variable network sizes. The proposed approach 

showed consistent performance irrespective of the network 

size and job arrival strategies. 

 

6. Limitations and Future Work 
 

The proposed approach presented in the report, has been 

evaluated on a demo model in a simulated custom network 

environment of 100 nodes and is assumed to perform well 

for bigger networks. Hence this approach further requires 

additional empirical evaluation so that it can be 

successfully implemented for large scale networks. 

Therefore, it would be interesting to examine the 

performance of the proposed approach in a Wide Area 

Network (WAN) environment. The proposed approach is 

only compared with Messor and it would be exciting to 

assess the performance of the proposed approach with 

more similar load balancing approaches. Strategy on 

immediate action if a node crashes is not been addressed. 

Moreover the effectiveness of the proposed approach has 

to be evaluated in a real world network environment 

where there might be unexpected power disruptions, 

sudden increase in the workload on one part of the 

network, abrupt node failures etc. Growth in the network 

size implies increase in complexity to handle the network 

load. Future extension to this work includes, 

implementing a global job queue and priority based job 

processing. A global job queue acts as a central job 

repository, which can hold all the incoming jobs targeted 

on to the network. This repository serves as an 

information source about pending jobs. While all the 

highly capable network nodes are busily processing jobs 

assigned to them, all the incoming jobs directed to these 

nodes will have to wait in their respective job queues. 
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Nodes turn to be overloaded and ants are generated in 

response, to search for idle nodes in the network. Ants 

search the length and breadth of the network to find 

suitable under loaded nodes to facilitate job transfers. 

These ants wander in the network till their Time-to-Live 

parameter exceeds and are terminated. Traversing ants 

generate network traffic. In order to minimize the waiting 

time of jobs in the job queues of busy nodes and to reduce 

the risk of congestion, idle nodes can poll the central job 

repository for pending job information and can start 

downloading and processing the pending tasks depending 

on their processing capability. Idle time of the node has to 

be significantly considered in the scenario, since this is 

the key parameter that determines the nodes availability. 

Furthermore, the TTL of an ant has to be designed very 

carefully. When the network is too big and the TTL 

exceeds when the ant has been searching for an idle node, 

the whole search becomes in vain and there might be 

undiscovered idle network nodes. This might result in 

network imbalance compromising the network 

performance. Therefore, implementing a global job queue 

would improve the performance of the proposed load 

balancing approach. Priority based job processing: 

Incorporating an approach to process jobs based on their 

priorities would further boost the performance of the 

proposed approach. When low priority jobs and high 

priority jobs are residing in the node job queue, pending to 

be processed, the processing should not be done in the 

order of job arrival. Instead, high priority jobs have to be 

processed first, which in turn ensures hassle-free 

functioning of the network. Furthermore, while a node 

currently processing a low priority job has encountered a 

high priority job been placed in its job queue, the node has 

to halt its current processing and should immediately start 

processing the high priority job in its job queue. The low 

priority job has to be handled when once the high priority 

job has been completed. The performance of the proposed 

approach can be complemented if suitable solutions can be 

proposed to the above said circumstances. 
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