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Abstract: Estimation of sediment concentration in rivers is very important for water resource projects
planning and managements. The sediment concentration is generally determined from the direct
measurement of sediment concentration of river or from sediment transport equations. Direct
measurement is very expensive and cannot be conducted for all river gauge stations. However,
sediment transport equations do not agree with each other and require many detailed data on the flow
and sediment characteristics. Various models have been developed so far to identify the relation
between discharge and sediment load. Most of the models based on regression method have some
restrictive assumptions. Ant colony optimization (ACO) is now being used more frequently to solve
optimization problems other than those for which they were originally developed. The main purpose
of this paper is literature review of Ant Colony Optimization for suspended sediment estimation. 
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INTRODUCTION

Suspended sediment transport by rivers is an important phenomenon to both science and river engineering
(sichingabula, 1993). Correct estimation of sediment volume carried by a river is very important for many
water resources projects. The prediction of river sediment load also constitutes an important issue in hydraulic
and sanitary engineering (Aytek et al., 2007). 

Due to the high costs associated with the Suspended sediment transport by rivers much research over the
last 30 years has been dedicated to the development of techniques to minimise the capital costs associated with
such infrastructure. This process has been given the title of ‘optimisation’ or ‘optimal design’.

Within the last decade, many researchers have shifted the focus of new optimisation from traditional
optimisation techniques based on linear and non-linear programming to the implementation of heuristics derived
from nature, namely; Genetic Algorithms (GAs), Simulated Annealing, the Shuffled Frog-Leaping Algorithm
(SFLA) , and Ant Colony Optimisation (ACO).

In the early 1990s, ant colony optimization (ACO) (Dorigo. 1992, Gambardella.1997, Maniezzo.1996) was
introduced by M. Dorigo and colleagues as a novel nature-inspired metaheuristic for the solution of hard
combinatorial optimization (CO) problems. ACO belongs to the class of metaheuristics (Blum. 2003, Glover.
2002, Hoos. 2004), which are approximate algorithms used to obtain good enough solutions to hard CO
problems in a reasonable amount of computation time. 

Other examples of metaheuristics are tabu search (Glover et al.1989,1990, 1997), simulated annealing
(Kirkpatrick .1983 , C� erny .1985), and evolutionary computation (Holland,,1975, Rechenberg,1973 , Fogel,et
al, 1966). The inspiring source of ACO is the foraging behavior of real ants. When searching for food, ants
initially explore the area surrounding their nest in a random manner. As soon as an ant finds a food source,
it evaluates the quantity and the quality of the food and carries some of it back to the nest. During the return
trip, the ant deposits a chemical pheromone trail on the ground. The quantity of pheromone deposited, which
may depend on the quantity and quality of the food, will guide other ants to the food source.  As it has been
shown in (Deneubourg et al, 1990), indirect communication between the ants via pheromone trails enables them
to find shortest paths between their nest and food sources. This characteristic of real ant colonies is exploited
in artificial ant colonies in order to solve CO problems.

Biological Inspiration of Natural Ants: 
Ant Colony Optimization was originally inspired by the behaviour of natural ants. In the real world, ants

release a certain amount of pheromone while walking, and each ant probabilistically prefers to follow a
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direction which is rich in pheromone. The famous bridge experiment (Deneubourg and Goss, 1989) shows that
ants always can find the shortest path between the colony and food source. In the following illustration, we
explain why ants are able to adjust to changes in the environment, such as new obstacles interrupting the
shortest path. 

Fig. 1: Ants' food path between their nest and the food source without obstacles 

first, as shown in fig.1, ants follow the shortest path to carry food back to their colony. If there is an obstacle
obstructs the path the ants will randomly choose another way around the obstruction (right, left, over or under).
If we assume that the ants cannot go wider or over the obstruction, we can safely assume that approximately
half of the ants will go right and the other half left when ants reach points A and B, as illustrated in fig.2.
The ants that happen to pick the shorter path will obviously create a strong trail of pheromone a lot faster than
the ants choosing the longer path. This will cause more and more ants to choose the shorter path until
eventually all ants have found the shortest path as shown in fig.3. 

Fig. 2: Ants explore new paths after encountering obstacle 

Fig. 3: Ants find the new shortest path between the food and their nest

Ant Colony Optimization attempts to apply similar techniques in order to solve much more complex
problems in real life. The main idea is to repeatedly use simulations of artificial ants as agents to generate new
solutions to the problem at hand. The ant agents use information collected during past simulations to direct
their next step in current run and this information is available from the modifiable medium (pheromone
intensity on the trial).In general, the ACO approach attempts to solve an optimization problem by repeating
the following two steps:
• Candidate solutions are constructed using a pheromone model, that is, a parametrized probability

distribution over the solution space;
• The candidate solutions are used to modify the pheromone values in a way that is deemed to bias future

sampling toward high quality solutions. 

Ant Colony Optimization Structure (ACO): 
Although they are inspired by natural ants, artificial ants in ACO have more capabilities and can solve

more complicated problems. Artificial ants have memory to remember their path and can trace all the way back
(in order to update the pheromone trail). They can compute the quality of the path and update the trail with
a proportional pheromone amount while real ants can deposit more pheromone if more food as found at the
food source. 

Ant Colony Optimization is proposed as an approach for solving hard combinatorial optimization problems.
It can be seen as an extension of the construction method  using a special pheromone trail. In the
implementation of many recently proposed ACO algorithms, local search is often added-in to improve the
performance. 
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The basic framework of the ACO method remains the same. The ACO meta- 
Heuristic is as the pseudo code as below: 
Ant Colony Optimization meta-heuristic 
WHILE termination conditions not met DO 
Schedule Activities
 Ant Based Solution Construction
 Pheromone update
Daemon Actions {optional} 
END Schedule Activities 
ENDWHILE 
The Schedule Activities construction consists of three parts. 

Ant Based Solution Construction: An ant constructively builds a solution to a problem by moving through
the nodes of the construction graph G ( in which ants can construct solution by moving from component to
component). Ants move by applying a stochastic local decision policy that makes use of the pheromone values
and the heuristic values on components and/or connections of the construction graph. While moving, the ant
remembers the partial solution it has built based on the path it was following on the construction graph.

Pheromone Update: 
When adding a component to the current partial solution, an ant can update the values of the pheromone

trails that were used for this construction step. This kind of pheromone update is called an online step-by-step
pheromone update. Once an ant has built a solution, it can retrace the same path backwards by using its
memory and update the pheromone trails of the used components and/or connections according to the quality
of the solution it has built. This is called online delayed pheromone update. Another important concept in Ant
Colony Optimization is pheromone evaporation. Pheromone evaporation is the process by which the pheromone
trail intensity on the components decreases over time. From a practical point of view, pheromone evaporation
is needed to avoid a too rapid convergence of the algorithm toward a sub-optimal region. It implements a
useful form of forgetting, favouring the exploration of new areas in the search space. 

Daemons Actions: 
Daemon actions can be used to implement centralized actions which cannot be performed by single ants.

Examples are the use of a local search procedure applied to the solutions built by the ants, or the collection
of global information that can be used to decide whether it is useful or not to deposit additional pheromone
to bias the search process from a non-local perspective. As a practical example, the daemon can observe the
path found by each ant in the colony and choose to deposit extra pheromone on the components used by the
ant that built the best solution. Pheromone updates performed by the daemon are called offline pheromone
updates. 

The ACO procedure can be summarized as follows and different ACO algorithms are discussed
subsequently: 

3.1 Ant System (AS) In AS, solutions are constructed based on the transition probability, 
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number of ants, i.e., all ants can contribute to pheromone trail accumulation in the AS algorithm. Dorigo et

al. (l99Ia, 1991b, 1996) propose three different approaches to find         values for the TSP as follows: k
ij��

• Ant Density:               ,k
ij Q�� �

• Ant Quantity:                 , 
k
ij

ij

Q
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• Ant Cycle:                  .k
ij k
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where Q denotes  a  constant  related the quantity of pheromone trail ants laid,      represents the distance ijd
between cities i and j, and      is  the total tour length  of the       ant.  The ant  density and ant quantity kL thK
approaches deposit pheromone every time an ant goes  from i to j, but the ant cycle deposits it only after a
complete tour. Experiments indicate that ant cycle outperforms the other two approaches (Colomi et al. 1997,
Dorigo et al. 1991a, 1991b, 1996). 

3.2  ASelite: 
The only difference between AS and ASelite is the pheromone update rule. In the AS algorithm, every ant

has the same "weight" in contributing to the pheromone trail, but in  ASelite the best ant contributes more than 

other ants. Therefore, the pheromone update rule is revised to                                            where 
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        can be equal to, for example,          . in TSP, e denoting the number of the best ants used (elitist e
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ants), and  representing the solution of the best ant found so far (Bullnheimer et al. 1999b, Dorigo et al.eL
1991a, 1991b, 1996) (or AS-Reinfor in  (Kaji 1999)). 

3.3  ASrank: 
Bullnheimer et al. propose an algorithm that enforces the pheromone trail by not only relying on the elitist

ant but also some other "good" ants. The state transition rule is  the same as the one in AS and ' ASrank The
contribution of an ant to the trail level update is weighted according to the rank, r, of the ant, and only the
u best ants are considered, and u=e-1. 

Therefore, the trail updating rule is as follows:                                            
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the solution of the best ant found so far (Bullnheimer et al. 1999b). 

3.4  Ant-Q (Dorigo and Gambardella 1996, Gambardella and Dorigo 1995): 
Gambardella et al. use the idea of Q-learning (Watkins and Dayan 1992) to modify the state transition

rule and the trail update rule of the AS algorithm. The state transition rule is shown below: 
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where q is a value chosen randomly with uniform distribution in (0,1), q0 is a parameter                 , and00 1q
 

V is a random variable which is determined according to one of the following three rules: 
• Pseudo-Random rule 
V is selected according to the uniform distribution. 
• Pseudo-Random-Proportional rule 

V is selected according to the probability                                   
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• Random-Proportional rule 
q0 is set to zero, i.e., all decisions are based on the probability distribution 
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Gambardella  et al.  indicate  that  the  pseudo-random-proportional  rule  is  superior  to the  other two
rules.  After  all  ants  complete  the  construction  of  a  tour,  the   pheromone   trail   is   updated  by 
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or the best solution found so far, and � max        accounts for the maximum pheromone trail of the next statejz�
multiplied by a discount factor. 

3.5  Ant Colony System (ACS): 
Dorigo and Gambardella propose the ACS algorithm, which is adapted from the Ant-Q algorithm. In order

to balance the exploitation of good solutions and the exploration of search space, the pseudo-random-
proportional rule shown as follows is used for the solution construction process.
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and V is selected according to  the probability                             The � is set to 1 in ACS because 
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Gambardella and Dorigo (1995) show that it gives the best result. Thereafter, the pheromone update rule
consists of two phases - Local Updating (online updating) and Global Updating (offline updating). The purpose
of local updating is to decay the pheromone intensity of the selected move to give more chance to exploration. 

Local updating is applied each time after an ant makes a move by                                       where (1 )new old
ij ij ij� 
� 
 �� � � �

        can be � max       ,      or zero. Dorigo et al. find that the former two provide similar performance ij�� jz� 0�
and outperform the last one. Global updating is only applied after all ants have constructed their solutions by 

                                       where         considers only the best solution found so far. (1 )new old e
ij ij ij� 
� 
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3.6  Max-Min Ant System (MMAS):
In order to avoid the stagnation situation in which all ants are stuck within a local optimum, StUzle and

Hoos (Stiitzle and Hoos 1997, 1998, 1999, 2000} propose the MMAS algorithm to have more control on the
pheromone trail. The state transition rule used is either the random-proportional rule or the pseudo-random-
proportional  rule.  The  pheromone  trail  is  updated when all ants complete their solution construction by 

                             where either the best solution in this iteration and the best solution found so far new old e
ij ij ij� 
� �� � �

is used for           All       are initialized as         and                         . StUtzle and Dorigo (1999) e
ij�� ij� max� min maxij� � �
 


also  propose  a  variation  of the  state transition rule as                   because (as shown in an MMAS
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application to the TSP) when local search is used to improve the algorithm, the importance of local heuristic
information is replaced by local search. Therefore, local heuristic information is ignored in this version of state
transition rule (Stiitzle and Dorigo 1999, Stutzle and Hoos 1997, 1998,1999,2000). 

3.7 ANTS:
Mainezzo proposes an improved ACO algorithm for the QAP.       is estimated by means of lowerij�

bounds, and the state transition rule is modified to 
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ants, and LB denotes the value of the lower bound, which is calculated in the beginning of the algorithm. 
Merkle and Middendorf (2000) propose an alterative method for pheromone evaluation where the

pheromone values corresponding to older decisions are taken into  account. Thus, the transition probyability 
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After the initial proof-of-concept application to the traveling salesman problem (TSP) (Dorigo et al,

1991,1996), ACO was applied to many other CO problems.
The first convergence proofs were presented by Gutjahr in (Gutjahr.2000, 2002). He proved convergence

with probability 1_to the optimal solution (in (Gutjahr.2000)), and more in general to any optimal solution (in
(Gutjahr.2002)), of a particular ACO algorithm that he called graph-based ant system (GBAS). Not with
standing its theoretical interest, the main limitation of this work was that GBAS is quite different from any
implemented ACO algorithm and its empirical performance is unknown.

A second strand of work on convergence focused therefore on a class of ACO algorithms that are among
the best-performing in practice, namely, algorithms that apply a positive lower bound _min to all pheromone
values. The lower bound prevents the probability to generate any solution to become zero. This class of
algorithms is denoted by ACO min . Dorigo and Stutzle, first in (Stutzle, et al. 2002) and later in (Dorigo,
et al. 1996), presented a proof for the convergence in value, as well as a proof for the convergence in solution,
for algorithms from ACO_min.

Recently, researchers have been dealing with the relation of ACO algorithms to other methods for learning
and optimization. One example is the work presented in (Birattari, et al. 2002) that relates ACO to the fields
of optimal control and reinforcement learning. A more prominent example is the work that aimed at finding
similarities between ACO algorithms and other probabilistic learning algorithms such as stochastic gradient
ascent (SGA), and the cross-entropy (CE) method. 

Meuleau and Dorigo have shown in (Meuleau et al, 2002) that the pheromone update as outlined in the
proof-of-concept application to the TSP (Dorigo et al, 1991, 1996) is very similar to a stochastic gradient
ascent in the space of pheromone values.

Blum (2004) was proposed the first implementation of SGA-based ACO algorithms where it was shown
that SGA-based pheromone updates avoid certain types of search bias. Zlochin et al. (Zlochin et al, 2004) have
proposed a unifying framework for so-called model-based search (MBS) algorithms. An MBS algorithm is
characterized by the use of a (parametrized) probabilistic. The class of MBS algorithms can be divided into
two subclasses with respect to the way the probabilistic model is used. The algorithms in the first subclass use
a given probabilistic model without changing the model structure at run-time, whereas the algorithms of the
second subclass use and change the probabilistic model in alternating phases. 

ACO algorithms are examples of algorithms from the first subclass.  While convergence proofs can provide
insight into the working of an algorithm, they are usually not very useful to the practitioner that wants to
implement efficient algorithms. This is because, generally, either infinite time or infinite space are required for
a stochastic optimization algorithm to converge to an optimal solution (or to the optimal solution value). The
existing convergence proofs for particular ACO algorithms are no exception. 

In (Blum et al, 2005, 2004), Blum and Dorigo adopted the term deception for the field of ant colony
optimization, similarly to what had previously been done in evolutionary computation. It was shown that ant
colony optimization algorithms in general suffer from first order deception in the same way as GAs suffer from
deception. Blum and Dorigo further introduced the concept of second order deception, which is caused by a
bias that leads to decreasing algorithm performance over time. 

Recently, Montgomery et al. (Montgomery et al, 2004) made an attempt to extend the work by Blum and
Sampels (Blum, et al , 2002) to assignment problems, and to attribute search bias to different algorithmic
components.

Merkle and Middendorf (2002) were the first to study the behavior of a simple ACO algorithm by
analyzing the dynamics of its model, which is obtained by applying the expected pheromone update. Their
work deals with the application of ACO to idealized permutation problems. When applied to constrained
problems such as permutation problems, the solution construction process of ACO algorithms consists of a
sequence of random decisions in which later decisions depend on earlier ones. Therefore, the later decisions
of the construction process are inherently biased by the earlier ones. The work of Merkle and Middendorf 
shows that this leads to a bias which they call selection bias. Furthermore, the competition between the ants
was identified as the main driving force of the algorithm.
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Deneubourg et al (1990) tested ants’ foraging behavior by a single bridge experiment with each branch
has the same length. Initially, there is no pheromone on the either branch, and the first few ants have the same
probability to randomly select either branch. A few more ants may select one branch, say upper branch, over
the other. More ants mean a larger amount of pheromone is deposited to the upper branch, which in turn
invites more ants to visit the upper branch. In this a single factor experiment, the behavior of the ants was
found to becontrolled by pheromone.

Goss et al (1989) considered the double bridge experiment, in which the longer branch is twice as long
as the short branch. The individual ants travel from the nest to the food source and return to the nest by the
same pheromone driven mechanism as in the single bridge situation. Those ants that took the shortest path
forward and back will return to the nest first, and immediately after these ants return, more pheromone is left
on shorter branch than on the longer branch. By the time after ants arrive, pheromone left by the ants that
selected the longer branches will have evaporated soon than in the shorter branches. As more ants deposit more
pheromone to the shorter branches, and more pheromones attract more ants, the shortest path is identified. As
the length ratio between the two branches increases, more ants will select shorter branch (Bonabeau, 1996).
 Botee and Bonabeau (1998) further studied the selection of parameters with genetic algorithms. Wu et al.
(1999) put forward an ACA with mutation features by introducing mutation into the fundamental ACA and
utilizing the conciseness and effectiveness of the 2-exchange method. The principles of the algorithm can be
illustrated by examining the food searching process of an ant colony.

Krzysztof Walkowiak (2004) Their research was about algorithms to the non-bifurcated multicommodity
flow problem. They proposed a general framework of ant algorithm that can be applied to the design of static
flows in connection-oriented computer networks. Next, through numerical simulation, they studied the influence
of algorithm’s parameters setting on the quality of solutions. They compare and discuss two variants of the
algorithm: without and with feasible initial solution.

Abbaspour et al. (2001) used the ACO algorithm for estimating the unsaturated soil hydraulic parameters. 
Zecchin et al. (2003) compared the performance of original ant system with that of Max–Min Ant System
(MMAS), a modified version of the ant system proposed by Stutzle and Hoos (2001), for optimization of water
distribution networks. 

Simpson et al. (2001) discussed the selection of parameters used in the ACO algorithm for pipe network
optimization problems.

Maier et al. (2003) compared the performance of the ACO algorithm with that of GAs for the optimization
of water distribution networks. 

Afshar (2005) proposed a new transition rule for ACO algorithms using elitist strategies and applied the
method to pipe network optimization problems. That method was shown to overcome the premature
convergence problem encountered by elitist ACO algorithms while improving the convergence characteristics
of the algorithms compared to alternative methods such as MMAS. 
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