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Abstract

Most Ant Colony Optimization (ACO) algo-
rithms are able to find a single (or few) optimal, or
near-optimal, solutions to difficult (NP-hard) prob-
lems. An issue though is that a small change to the
problem can have a large impact on a specific solu-
tion by decreasing its quality, or worse still, by ren-
dering it infeasible. Niching methods, such as fit-
ness sharing and crowding, have been implemented
with success in the field of Evolutionary Computa-
tion (EC) and are aimed at simultaneously locating
and maintaining multiple optima to increase search
robustness - typically in multi-modal function opti-
mization. In this paper it is shown that a niching
technique applied to an ACO algorithm permits the
simultaneous location and maintenance of multiple
areas of interest in the search space.

1. Introduction

In natural ecologies, a population of organisms
is rarely spread uniformly (within an environment),
but rather is typically distributed across a wide spa-
tial area and divided into local or sub-groups. Re-
sources available to individuals across a geograph-
ical distribution can differ, and so sub-groups of a
species may specialise to exploit these differences.
The effect of this speciation (or population level

natural selection) is referred to as ‘niching’ in the
field of population ecology and population genet-
ics [6, 17].

In a computation sense, niching may permit
a more effective use of available resources by a
search algorithm by either implicitly or explicitly
dividing and searching different areas of the search
space in parallel [13]. Such automatic resource
re-allocation is useful in preserving useful popula-
tion diversity for an extended search time. Nich-
ing techniques have also proved particularly useful
when problem domain complexity is scaled up to
include multiple global and local solutions; prob-
lems which are commonly referred to as ‘multi-
modal’.

This investigation outlines two variants of the
ACO algorithm [2, 4] which include forms of nich-
ing used in the field of Evolutionary Computation:
fitness sharing and crowding. Fitness sharing in-
volves the modification of the cost function to cre-
ate and maintain niches, whereas crowding uses a
population-based replacement strategy the effect of
which is to modify the explicit historical informa-
tion maintained by the algorithm. The algorithms
presented here are extensions of the population-
based ACO algorithm proposed by Guntsch and
Middendorf [9, 10]. Their ant-inspired algorithm
maintains a history in the form of a population of
solutions rather than a pheromone map like other
traditional ACO algorithms (although it still utilises
a pheromone map generated from the population



for solution construction).
The algorithms presented here are evaluated by

their ability to locate and maintain multiple, spa-
tially distributed, near-optimal solutions rather than
just the single best solution found overall. The
Travelling Salesman Problem (TSP) [15] has re-
ceived much attention by ACO researchers and is
widely understood and accepted as a benchmark
class of problem, as such a simple contrived in-
stance of the TSP has been designed for a brief
qualitative analysis. Unfortunately the TSP does
not lend itself to a quantitative analysis of the per-
formance of the algorithms presented. This is due
to the difficulty in effectively measuring the modal-
ity of standard benchmark TSP instances which
is discussed in more detail in Sec. 3.1. Instead,
several Continuous Function Optimization (CFO)
problems have been chosen as test problems. CFO
problems are often used to analyse the performance
of niching algorithms [8, 12] due to the ability to
easily measure the modality of individual problem
instances.

2. Algorithm Definitions

2.1. Population-based ACO

Traditional ACO algorithms encode the major-
ity of historic ‘learned’ information in a pheromone
map which contains the probability of any solu-
tion component being reused in future solution con-
struction. The result being that once a solution up-
dates the history (pheromone map) this discrete so-
lution is discarded. Other EC methods such as Ge-
netic Algorithms (GA) differ from this approach by
maintaining learned information in the form of a
population of stored solutions.

A population-based ACO algorithm called
FIFO-Queue ACO was first introduced in [10].
This algorithm differs from other ACO algorithms
in that it maintains a population of discrete solu-
tions rather than only storing all solution informa-
tion in a pheromone map. A pheromone map is
still maintained, however its contents are always a
direct reflection of the current state of the popula-
tion. As a solution is added (to the population of

solutions) its associated component’s pheromone
values are positively updated and as a solution is
removed from the population the pheromone val-
ues associated with this solution are negatively up-
dated.

The FIFO-Queue ACO algorithm was later re-
named to Population-based ACO (P-ACO) [9] and
has been used in applying ACO algorithms to con-
tinuous domains [20], and embedding ACO algo-
rithms in hardware [18]. Maintaining a popula-
tion of solutions allows for population level mea-
surements and operations to be employed, such as
measuring the similarity of stored solutions which
is useful in controlling the diversity of stored solu-
tions.

2.2. Determining the Similarity of Solutions

To implement niching, a metric is required
to calculate the similarity of candidate solutions;
knowing the spatial relationship of solutions in the
search space is fundamental to implementation of a
successful niching system. For continuous function
optimization a common method used to obtain the
difference between solutions, when using a real-
value encoding scheme, is to calculate the Euclid-
ean distance (1) where P and S are the solution
vectors. For TSP, the difference is obtained by cal-
culating the number of common edges used by two
solutions and applying formula (2) to obtain a dif-
ference measurement. Using (2), 0 represents the
solutions being exactly the same, whereas 1 repre-
sents the solutions being completely different, i.e.
sharing no common edges.

differenceeuc =

√√√√ n∑
i=1

(pi − si)
2 (1)

Where: P = (p1, . . . , pn) , S = (s1, . . . , sn)

differencetsp = 1− shared edges
number of cities

(2)



2.3 Fitness Sharing P-ACO

Once calculated, the similarity measurements
can be used to derate1 the quality of a solution ac-
cording to its proximity to similar solutions. This
niching method is known as ‘fitness sharing’ and
was formalised by Goldberg and Richardson [8].
The adjusted quality (Q′

i), niche count (ci) and
sharing functions (sh (d)) used in this investigation
are the same as those outlined in [7] and are repro-
duced for convenience (3, 4 & 5).

With (3, 4 & 5) if a solution is alone in a
neighbourhood (i.e. its nearest neighbour is of
a distance > σshare), then its quality is unaltered
since: sh (d) = 1 for itself, and this will be the only
contribution to the niche count (ci), (Q′

i = Qi in
this case). If two identical solutions are acted upon
with the fitness sharing equations then their respec-
tive quality will be halved since the niche count
(ci) = 2, and this effectively halves the quality of
each solution (Q′

i = Qi/2).

Q′
i =

Qi

ci
(3)

ci =
m∑

j=1

sh (dij) (4)

sh (d) =

{
1−

(
d

σshare

)α

if d < σshare,

0 otherwise.
(5)

Table 1. Symbols used in 3, 4 & 5
Qi : Quality of individual solution i
ci : Niche count for solution i
dij : Distance (difference) between

solution i and solution j
sh (x) : Sharing function
σi : Niche radius
α : Power used to modify the shape of

the sharing function

1Derate is a common term in niching literature and refers to
a solution’s quality being negatively adjusted.

To implement Fitness Sharing P-ACO (FS-
PACO) a temporary pheromone map scheme is
used. Rather than simply adding the best new so-
lution and removing the oldest solution as in P-
ACO, all solutions from a generation are added
to the population, and the oldest members are re-
moved. After this addition/removal process is com-
plete, the fitness sharing function is applied to all
solutions in the current population to de-rate their
respective fitness’. These solutions are then used to
construct a pheromone map which is used to create
the next generation of solutions using the standard
ACO random proportional rule [2, 4].

2.4. Simple Crowding P-ACO

The EC crowding factor model was first for-
malised as a diversity maintenance scheme by De-
Jong [3], and later reworked as a niching strategy
by Mahfoud [12]. Labelled deterministic crowding,
it was designed to slow convergence and maintain
diversity by limiting dominant building blocks in a
population. The replacement policy in determinis-
tic crowding involves a candidate solution compet-
ing (based on solution quality) for a place in the
history with the most similar solution taken from a
subset of the total population of current solutions.
If a candidate solution is better than its most simi-
lar rival, the rival is replaced, otherwise the candi-
date solution is discarded. Deterministic crowding
is useful when we are selecting a subset of the pop-
ulation to produce the next generation of solutions,
for example, the parent candidate solutions in a Ge-
netic Algorithm (GA). Since we are not selecting
parents, as in a GA, another form of crowding has
been implemented: simple crowding [1]. Simple
crowding is a specialisation of Restricted Tourna-
ment Selection [11].

Simple crowding P-ACO (SC-PACO) involves
each new candidate solution being compared
against the entire current population of solutions.
The closest current member of the population is re-
placed with this candidate solution if the candidate
solution is of better quality. This replacement strat-
egy effectively eliminates duplicate solutions in the
history, which has the effect of widening the focus



of the search. The pheromone update and decay
policy is the same as that of the P-ACO algorithm.

2.5. P-ACO for TSP and CFO

For the TSP the pheromone map is uniformly
initialised and as is standard with most ACO al-
gorithms each pheromone value corresponds to an
edge connection of the search graph. In FS-PACO
and SC-PACO a greedy pheromone contribution
strategy is used (7) where the parameter λ is used
to control the greedy bias of solution quality con-
tribution to the pheromone map.

For function optimization problems the
pheromone representation used by all algorithms
tested (P-ACO, SC-PACO and FS-PACO) is
that which was defined by [19]. The method
described in this paper is to maintain a population
of solutions where each stored solution correlates
to a Probability Density Function (PDF). For
FS-PACO and SC-PACO implementations tested
in this paper the height and width of PDFs are
based on the solution quality alone (the standard
implementation also uses solution age). Solution
quality is obtained (for the minimisation case) by
applying the adjustment (6) to the value obtained
from the CFO problem addressed. The minimum
(fmin) and maximum (fmax) function values used
in (6) are continually updated from the current
population during algorithm execution which
eliminates the requirement to know the function
bounds a-priori.

solution quality = 1− function value− fmin

fmax − fmin
(6)

∆τ =
(

path lengthcurrent best
path length

)λ

(7)

3 Results

3.1. Travelling Salesman Problem

Although it is often easy to visualize a TSP from
a tour creation perspective, it is much more diffi-
cult to visualize the solution space of a TSP than

that of a CFO. Techniques exist to map all solu-
tions to an n-dimensional TSP into a 2-dimensional
space [22], however these techniques fail to pre-
serve the neighbourhood relationship of the TSP.
This lack of visualization technique contributes to
the difficulty in accurately measuring the modality
of standard benchmark TSP instances, and there-
fore the normal criterion used to evaluate the per-
formance of the niching algorithms (peak location
and maintenance) is unavailable.

Instead of using a quantitative analysis method
a qualitative analysis is used to show that for a
single run on a trivially simple TSP instance a
state-of-the-art ACO algorithm (Max-Min Ant Sys-
tems [5, 21]) fails to locate and maintain both of
the two distinct optima past convergence, whereas
FS-PACO and SC-PACO locate and maintain both
optima past convergence. The ’crown’ problem is a
symmetric, 2-Dimensional Euclidean TSP contain-
ing 6 vertices (Fig. 1), is bi-modal (two global op-
tima) with the optima being a reasonable distance
apart (difference = 0.5) 2.

2
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6

Figure 1. Crown TSP problem visual
representation

The two optimal solutions present in the crown
problem are shown in Fig. 2. For comparison pur-
poses the MMAS algorithm was tested3, and the
number of times either of the two optima were
found was recorded (Fig. 3(a)). This experiment
was repeated 100 times for consistency of reported
results. The graphs presented in Fig. 3(a), Fig. 3(b)
and Fig. 3(c), although illustrating single experi-

2The coordinates of this dataset are:
{{0,0},{0,100},{50,50},{100,50},{150,100},{150,0}}

3Using the standard parameters as in [21]
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(a) A - 1,2,3,4,5,6
length = 541.42
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(b) B - 1,2,5,6,4,3
length = 541.42

Figure 2. Optimal solutions to crown
problem

mental runs, are indicative of each algorithms be-
haviour4.

Due to the small search space size of the prob-
lem it was not surprising that MMAS was able to
find both optimal solutions in a short time, how-
ever this algorithm, which at the start was able to
find both optima, quickly converged on a single op-
timal solution. Unlike MMAS, both FS-PACO and
SC-PACO were able to locate and maintain both
optimal solutions for the duration of the search.

The crown problem has demonstrated that on a
simple problem, FS-PACO and SC-PACO are able
to locate and maintain multiple optimal solutions in
a single run, whereas under the prescribed configu-
ration MMAS does not. This analysis was extended
to a larger (albeit still small) TSP instance, the
berlin52 problem [16]. The same observations of
peak location and maintenance held for this prob-
lem as did on the small crown problem.

As it is not possible to easily measure the modal-
ity of standard TSPs a quantitative assessment of
these algorithms niching ability on these problems
cannot be produced. It is for this reason that at-
tention has been concentrated on CFO, a class of
problem whose modality is readily available.

3.2. Continuous Function Optimization

This study is concerned with each algorithm’s
ability to obtain not just a single best solution but
multiple good solutions. The performance criterion
used in this study is the number of distinct optima
located and maintained. An optimum is considered

4Parameters and implementation details can be found at:
http://www.it.swin.edu.au/personal/dangus
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Figure 3. Crown problem: Occurrence
of the two optimal paths over time for
a single (although indicative) experi-
ment run (A & B are the two distinct
optimal paths)



found if a solution exists that is within a specified
radius of this optimum. Within this radius the so-
lution is considered to be close enough to the opti-
mum that if desired a local-search technique would
be able to find the exact location of the optimum.
For all functions tested the radius was set to 0.1%
of the bounds of the function. The stopping criteria
for all algorithms was set to 50,000 function evalu-
ations which is well past the convergence point for
all algorithms tested for completeness and consis-
tency.

Four common test functions (restricted in 2-
Dimensions for easy visualization) were selected
to be tested: 3-pot holes, Branin’s R-Cos, Him-
melblau’s and Shekels’s Foxholes Functions5. FS-
PACO and SC-PACO were tested on these func-
tions and their performance is compared to P-ACO.

The results (Tab. 2) are encouraging for SC-
PACO which for two of the test instances was able
to locate and maintain all distinct optima. Further-
more, SC-ACO located and preserved all three op-
tima in 94% of trials on the 3 pot-holes function
and located and preserved all three optima in 85%
of trials on the Branin’s R-Cos function. The re-
sults were not as encouraging for the FS-PACO al-
gorithm which demonstrated less than ideal perfor-
mance on all four test functions. On average, FS-
PACO was able to locate and preserve close to half
of the distinct optima for the test functions used. It
is hypothesised that the reason for some of this poor
performance was due to the sensitivity of the niche
radius parameter (σi). Effective configuration of
this parameter is dependent on apriori knowledge
of the spacing and size of optima in the search
space [23].

The performance of P-ACO was the poorest, as
expected. As this algorithm was not designed for
niching it was only able to identify (although to
its credit consistently) a single optima for all four
functions tested. Selection of the best solution per
iteration for insertion into the population results in
this algorithm quickly converging on an individual
optimum. Figure 4 shows the typical sampling be-
haviour of each of the three test algorithms for a

5Details of these functions can be found at:
http://www.it.swin.edu.au/personal/dangus

single experimental run. It is speculated that the
SC-PACO algorithm applied to higher dimension
CFO problem will still exhibit useful niche forma-
tion and maintenance, however as the dimensional-
ity of the problem instance increases so should the
history size6.

4. Conclusions and Future Work

Both niching methods evaluated in this study
were shown to be effective at identification and
maintenance of multiple optimal solutions past
convergence for an illustrative TSP instance and
several CFO instances of varying modality. For all
problem instances none of the non-niching ACO al-
gorithms tested were able to maintain multiple op-
timal solutions. The niching methods presented as-
sist in the maintenance of useful diversity, which
is expected to improve algorithm robustness when
applying ACO algorithms to more complex multi-
modal problem domains such as dynamic prob-
lems. In this type of problem dynamic changes can
render some existing solutions infeasible at various
times, and thus storing a wider range of solutions
may lessen the chance of the algorithm history be-
coming completely infeasible.

The effects of niche radius (σi) and other para-
meters are not discussed in this paper as the aim of
this paper is to demonstrate a proof of concept of
niching ACO. A larger study into the effects that
these parameters have on the algorithms behaviour
on a wider range of test problems is under-way. It is
also clear that the niching methods implemented in
this investigation represent only a subset of avail-
able niching techniques, however this paper has
demonstrated that niching with ACO algorithms is
feasible and effective.

Other interesting areas for future work will be
the implementation of niching-like behaviour in
multiple colony ACO algorithms as it may allow
for more effective information sharing between
colonies. There is evidence to support the hypoth-
esis that simple multi-colony schemes, which only

6It was observed in preliminary experimentation that if the
modality of the problem is larger than the history storage SC-
PACO fails to maintain all useful niches.



Table 2. Results of testing FS-PACO & SC-PACO on a suite of 2-Dimensional multi-
modal CFO problem instances compared to the P-ACO algorithm (results averaged
over 100 trials)

Algorithm Problem (Number of optima) No. Optima Located (Var) % Optima Located (Var)

FS-PACO

3 Pot-holes Function (3) 1.21 (0.17) 40.33% (5.66%)
Branin’s R-Cos Function (3) 1.64 (0.23) 54.66% (7.66%)
Himmelblau’s Function (4) 2.19 (0.68) 54.75% (17.00%)
Shekel’s Foxholes (25) 10.45 (3.42) 41.80% (13.68%)

SC-PACO

3 Pot-holes Function (3) 2.94 (0.05) 98.00% (1.66%)
Branin’s R-Cos Function (3) 2.85 (0.13) 95.00% (4.33%)
Himmelblau’s Function (4) 4 (0) 100% (0%)
Shekel’s Foxholes (25) 25 (0) 100% (0%)

P-ACO

3 Pot-holes Function (3) 1 (0) 33.33% (0%)
Branin’s R-Cos Function (3) 1 (0) 33.33% (0%)
Himmelblau’s Function (4) 1 (0) 25.00% (0%)
Shekel’s Foxholes (25) 1 (0) 4.00% (0%)

share best-so-far information, are somewhat inef-
fective [14]. In this recent paper the authors suggest
that a niching-like information sharing mechanism
would help independent colonies avoid searching
the same areas of search-space. We speculate that
a niching extension applied to multi-colony ACO
would allow for an increase in the diversity of so-
lutions (thereby increasing robustness) without ad-
versely affecting quality of the solutions since each
independent colony can be allowed to concentrate
on a single (distinct) area of the search space.

These niching techniques could also be useful in
applying ACO algorithms to multiple objective op-
timization problems. In this class of problem the
requirement is for the location and maintenance of
multiple (pareto) optima rather than a singular op-
tima.
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the ant colony optimization metaheuristic: Basis,
models and new trends. Mathware & Soft Comput-
ing, 9(2,3), 2002.

[3] K. A. DeJong. An analysis of the behaviour of a
class of genetic adaptive systems. PhD thesis, Uni-
versity of Michigan, 1975.

[4] M. Dorigo and G. Di Caro. Ant colony optimiza-
tion: a new meta-heuristic. In Proceedings of
the 1999 Congress on Evolutionary Computation
(CEC99), pages 1470–1477. IEEE, 1999.
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