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Abstract 

This paper presents an analysis done on ACO and FFA optimization algorithms. Optimization algorithms have been used 

successfully to solve various problems in different areas. These algorithms are considered an important part of Swarm 

Intelligence, which refers to the social interaction of swarms of ants, termites, bees, termites and flock of birds. The methods used 

for the comparison are Max-Min Ant System, Ant Colony System, Rank-based Ant System and various hybrids/modified firefly 

algorithms. ACO and FFA can be modified and hybridized to solve diverse engineering problems. In most cases, the results 

provided by these algorithms meet the expected output. 
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1. Introduction 

Problems of optimization are found in almost all industries as 

well as in the scientific community. Logistical traffic routing, 

reducing the cost of manufacturing of products, travelling 

salesman problem are all examples of optimization problems. 

In the creation of Integrated Circuits (ICs) using the VLSI 

method, the placing of components of the board such as to 

maximize energy efficiency, minimize production cost is an 

important problem. 

Over the past 10 years, Swarm Intelligence [1] has become 

very popular. It includes the employment of multi-agent 

systems that are based on the actions of real world insect 

swarms for solving problems. The swarms that are observed 

show coordinated behaviour to proceed towards their goals, 

like searching for food and building sophisticated nests. This 

coordinated behaviour is a result of the interactions between 

the individuals of the swarms. Different insects interact in 

different ways with each other. Ants interact with a chemical 

pheromone trails to find the shortest path to their food sources, 

whereas bees interact with each other with a so-called ‘waggle 

dance’ where the a few bees known as ‘bee scouts’ lead the 

colony of bees towards the new food sources discovered by 

them. The bee colony must be aware of when to exploit the 

existing food sources and when to find the new ones, so as to 

maximize the nectar intake and minimize the scavenging 

effects. Many of the decisions like reproduction, division of 

important tasks are made in a distributed manner based on the 

native information obtained from the exchanges with their 

transitional surroundings [2]. 

2. Ant Algorithms 

Ant algorithms and firefly algorithms are two of the most 

recent techniques developed in the field of swarm intelligence. 

Ant algorithm was originally developed in 1996 by Dorigo, 

Maniezzo, & Colorni, [3] while Firefly algorithm was 

developed by Yang in 2008 [4]. Both of these algorithms were 

later formalized into meta-heuristics. These algorithms are 

inspired by nature and can be applied to solve the hardest of 
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optimization problems, including NP-hard problems. Fig 1 

shows the shortest path followed by ant from source to food 

destination. 

 

Fig. 1. Shortest Path Experiment. 

The searching behaviour of ants in the wild was the original 

motivation towards the development of ant algorithms. Ants 

interact with each other by laying a pheromone trail, which 

they tend to follow. Experiments in the past have shown that 

ants are more likely to follow a trail with a greater 

concentration of pheromone. 

The above given figure shows an experiment, called the 

“shortest path” experiment [5], conducted to show the path 

followed by ants when they leave their nests in search for food. 

In the figure, ‘N’ represents the nest of the ants and ‘F’ 

represents the food. There are two possible paths to reach to 

the food from the nest, NDCBF and NDHBF. Initially, when 

the ants leave in search for food, half of the ants follow the left 

path and half of them follow the right one. The ants following 

the left path reach the food source quicker. As soon as an ant 

collects the food from the source it tracks its way back to the 

nest through the pheromone trail laid down earlier, on its way 

to the food source, while laying pheromone again, and thus 

strengthening the pheromone trail along the left path. Now any 

ants leaving the nest or returning from the food source are 

more likely to follow the path on the left, due to the high 

concentration of pheromone on this path. 

3. Applications in Computer 
Science 

This behaviour of ants can be achieved in the computational 

world with the use of artificial ants (agents) that communicate 

through artificial pheromone trails. 

An artificial ant should have the following properties [6]. It 

should have an interior memory that stores all the previously 

visited locations. Each ant should try to find a likely solution 

to the problem starting from the initial state, iterating through 

its search environment. A specific pheromone update rule 

should govern the amount of artificial pheromone each 

agent/ant deposits while moving.  Pheromone may be 

deposited with states or otherwise, during state transition. 

While the solution is being created, pheromone may deposit at 

each state transition. This is called the ‘online step by step 

pheromone trial update’. On the other hand, when ants retrace 

their path when a solution has been created and only then 

deposit pheromone on their trails, it is called ‘online delayed 

pheromone update’. 

Along with these properties on the ants of the wild, artificial 

ants have extra features which help them in advancing their 

performance. Some of these features that have been widely 

used in the past are local search and candidate list. The first ant 

algorithm was developed by Dorigo et al. in 1996 [3]. It was 

called the ‘Ant System’. It was successfully applied to the 

classic Travelling Salesman Problem (TSP). A TSP problem 

involves finding the shortest length to travel each town of a set 

of towns, M. The success of this algorithm led to the 

development of a lot of other ant algorithms. The first of these 

was the ACO meta-heuristic. It was developed in the 1999 by 

Dorigo & Di Caro [8]. It described the overall way of finding a 

solution to combinatorial problems by estimated solutions 

based on the standard behaviour of ants. Given below in Fig.2 

is the algorithm of ant colony meta-heuristic: 

 

Fig. 2. The ant colony meta-heuristic. 

The main ACO algorithms are the Max-Min Ant System, Ant 

Colony System and Rank-based Ant System. In the Max-Min 

Ant System (MMAS) algorithm [7], the pheromone trail is 

updated by only the best ant-updates and unlike the original 

Ant System, the pheromone update function is bound. 

In the Ant Colony System [9], the pheromone update function 

is different from the one in the original Ant System. Just like 

the ants in the wild, in ACS a local pheromone update is 

applied along with the update of pheromone at the end of the 

each offline pheromone update. This offline pheromone 

update is applied by the iteration-best or best so far ant only, 

which is similar to the MMAS algorithm. 

In the Rank-based Ant System [10], the solutions of each ant 

are ranked in a decreasing order of the quality of their tour 
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length. The pheromone deposited by each ant depends upon 

the rank of the ant. The global-best solution receives extra 

amount of pheromone depending on the quality of the 

solution. 

Computational results (taken from Stutzle et al. (2000) [7]) 

displaying the optimum results of four ant algorithms as 

applied to three different TSP instances is shown in Fig.3. 

 
Fig. 3. Computational Results of famous ant colony optimization algorithms. 

4. Advanced Ant Algorithms 

Over the past few years, there has been a lot a development in 

the field of Optimization, eventually leading to more 

specialized ant algorithms. Following the research there has 

been a significant rise in the applications of ant optimization 

techniques. Below are some notable applications of ant 

optimization. 

The Protein Folding Problem: One of the most complex NP 

hard combinatorial problem yet fundamental in computational 

molecular biology is protein folding problem. Predicting the 

native structure of proteins contained in amino acidic 

sequence by understanding and analysing the bio-cellular 

level structure in huge conformational space in is highly 

expensive approach. The Sequence of Hydrophobic and Polar 

residues from the amino-acidic sequences in proteins are 

represented as H and P respectively. The solution to Protein 

folding problem for both 2D [11] and 3D [12] lattices is Ant 

Algorithms. Using the Gibbs hypothesis the native state of 

protein is the one with lowest Gibb’s free energy - the number 

of topological contacts between hydrophobic amino-acids that 

are not neighbours gives the conformation Gibb’s free energy. 

Conformation c, h such H–H contacts, it has free energy  

E(c) = h. (-1). 

Digital Image Processing using boundary detection algorithms 

use the pheromones pheromone used in ant algorithm [13], 

[14]. Boundary detection algorithm along with clustering 

algorithms [15], [16] is used for the low level image 

segmentation processes using ant algorithmic techniques. The 

digital image is the ant arena or the search space for ants, 

moving around the arena using the pixels in distinct pixel-wise 

mode. To achieve boundary detection, locating and mapping 

out the boundary within the image using the heuristic 

information weighs higher the probability of an ant moving 

from its current location to the allowed surrounding pixel that 

has the greatest boundary characteristics, here comes the 

pheromone characteristic from Ant Algorithm considering 

every movement to a new pixel in an image depositing 

pheromones, change in the image gradient and pheromone 

evaporation occur at a fixed rate per iteration. The pheromone 

trail leads to the boundary detection considering the transition 

rule as heuristic function, as the ants converging at the 

boundary starting at the random positons with the increasing 

ants following the pheromone trail maps the leaf boundary. 

Considering the assertions in this application of Ant 

Algorithm comparing to typical original ant algorithm; final 

solution is achieved using the pheromones as well as guiding 

the ant movement and single ant or one ant cannot achieve this 

boundary detection for image. Clustering mechanism uses ant 

algorithm as a standard tool for mapping pixels to cluster in 

the search space; ants searches for low grayscale regions and 

in an area away from segmentation. 

Analysis of large amounts of data using various data mining 

and warehousing techniques by performing various operations 

such as data clustering, data classification and data forecasting 

with the aim to find valid patterns and relationships among 

large data sets leading to extract right knowledge from data 

[17], [18]. Later development in the field of data analysis, Ant 

algorithms are also being used as a purpose to deal with 

classification of large amount of data. Based on the sets of 

predefined classed each case (object, record or instance) is 

assigned to a class based on the value of the attributes for the 

case. 

5. Firefly Algorithms 

There are more than 2000 species of fireflies in the world, 

which live around in warm environments and are most active 

during the summer. They have been a topic of research for a 

long time now and a lot of research papers have been written 

about them. 

Their most distinguishing feature is their flashing light which 

is produced a biochemical procedure bioluminescence. They 

use this light to attract other partners for mating and for 

warning off potential predators. Usually, the flying males 

make the first signal trying to attract the flightless female 

fireflies on the ground. Females, in turn, emit continuous or 

flashing lights, which are generally brighter than the lights 

produced by male fireflies. This flashing light has served the 

basic foundation towards the development of the firefly 

algorithm.  

The FA was given by Yang in 2008 [4], which described the 

classical firefly algorithm. It was a very efficient optimization 

algorithm which was able to derive more optimal solutions in 

the given search space simultaneously. 
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The algorithm formulated by Yang is given below by Fig 4: 

 

Fig. 4. Pseudo Code of Firefly Algorithm. 

Clauses used: 

All fireflies are unisex. 

Attraction of a firefly is proportional to their light intensity. 

The intensity of the light of a firefly is determined by the 

fitness function. 

6. Classification of Firefly 
Algorithms 

There are a lot of variants of the popular firefly algorithm; 

therefore a classification system is essential. The most 

common way of classifying firefly algorithms is one the basis 

of the settings of their strategy parameters [19]. Choosing 

these parameters is a crucial task for the developers, as they 

directly affect the efficiency of the algorithm. Along with 

these parameters, other things like what features or modules 

are modified also determine the behaviour of the FA.  

The classification can be done on the basis of 

1. Features or modules that are modified: 

• Depiction of fireflies (binary, real-valued) 

• Population structure (swarm, multi-swarm) 

• Calculation of the fitness function 

• Determination of the best solution (non-elitism, elitism) 

• Movement of fireflies (uniform, Gaussian, Lévy flights, 

chaos distribution) 

2. Way of modification:  

• Deterministic 

• Adaptive 

• Self-adaptive 

3. Range of modifications: 

• A component of the firefly 

• The whole firefly 

• The complete population 

Another way of classifying the classic firefly algorithms is to 

divide them into two parts, modified and hybrid. 

Hybridization was first done when problems arose in finding 

the appropriate solution of some optimization problems. Fig. 5 

shows the categorization of famous firefly algorithms: 

 

Fig. 5. Classification of Firefly Algorithms. 

7. Efficiency of Firefly 

Algorithms 

The firefly algorithms are one of the most efficient algorithms 

at solving classification and optimization problems. The 

reasons for that are many. We can point the major explanations 

for its success by analysing its features. 

The first feature of FA is that it can automatically split its 

population into subdivisions on the basis of the fact that 

attraction by nearer neighbours is higher than the ones that are 

far. This helps in FA in solving multi-modal optimization 

problems more efficiently. 

The second feature of FA is that it does not use historical 

individual best or an explicit global best which prevents 

premature convergence like those in particle swarm 

optimization (PSO) [26].  

Firefly algorithms have the ability to control their scaling 

parameter which helps them adjust to the problem landscape 

and switch their modality. Velocities are not used in firefly 

algorithms, thus there are no problems associated with that 

unlike the particle swarm optimization. 
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After analysing all these features, we can consider FA to be a 

generalization of PSO, simulated annealing and differential 

evolution. FA takes benefits from all of these 3, hence 

performing in an extremely efficient manner. 

8. Applications of Firefly 
Algorithms 

Firefly algorithms are used in various fields for answering 

optimization and classification problems along with several 

engineering problems. 

In the field of optimization, FA is used in combinatorial, 

constrained, multi-objective, continuous, dynamic and noisy 

optimization. Most of the past publications about the firefly 

algorithm, like [20, 21, 22, 23, 24] relate to continuous 

optimization problems. 

In the field of classification, FA is used in data mining, neural 

networks and machine learning. Even though classifications 

can be measured as optimization, Holland [25] penned that 

learning, as component part of classification, is looked at as a 

procedure of adaptation to a particularly unknown 

environment, not as an optimization problem. 

FA is used in almost all branches of engineering. It has become 

of one of the most important technologies in engineering today. 

The scope of the reviews done on firefly algorithms in 

engineering practices is very large. Industrial optimization has 

the greatest number of papers written about in engineering 

applications. It is followed by image processing and then 

antenna design [27] [28]. Fig. 6 shows the various areas 

covered by Firefly algorithms: 

 

Fig. 6. Various areas covered by Firefly algorithms. 

9. Conclusion 

Both FA and ACO algorithms have come a long way from 

their inception. Today, they are practically used in every 

domain of science and industry. This paper has briefly detailed 

some of the developments and applications of both of these 

algorithms with the aim to make them easy to understand for 

everyone.  

Due to their large scope of applications, these algorithms are 

bound to move forward and make even more progress in the 

coming future. Hybridizing them with other techniques will 

lead to development of even more efficient algorithms that can 

be used to solve dynamic problems.  

This paper shows that ACO and FA are easy to understand, 

flexible and can be used in a lot of domains. At the same time, 

it also promotes future development of these algorithms to 

solve the unanswered questions and deal with even more 

harder challenges. 
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