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Agent-based modeling is an approach based on the idea that a system is composed of
decentralized individual ‘‘agents” and that each agent interacts with other agents accord-
ing to localized knowledge. Special kinds of artificial agents are the agents created by anal-
ogy with social insects. Social insects (bees, wasps, ants, and termites) have lived on Earth
for millions of years. Their behavior is primarily characterized by autonomy, distributed
functioning, and self-organizing capacities. Social insect colonies teach us that very simple
organisms can form systems capable of performing highly complex tasks by dynamically
interacting with each other. Swarm intelligence is the branch of artificial intelligence based
on study of behavior of individuals in various decentralized systems. The paper presents a
classification and analysis of the results achieved using swarm intelligence (SI) to model
complex traffic and transportation processes. The primary goal of this paper is to acquaint
readers with the basic principles of Swarm Intelligence, as well as to indicate potential
swarm intelligence applications in traffic and transportation.

� 2008 Published by Elsevier Ltd.
1. Introduction

Many phenomena in nature, society, and various technological systems are found in the complex interactions of var-
ious issues (biological, social, financial, economic, political, technical, ecological, organizational, engineering, etc.). Major-
ity of these phenomena cannot be successfully analyzed by analytical models. For example, urban traffic congestion
represents complex phenomenon that is difficult to precisely predict and which is sometimes counterintuitive. In the past
decade, the concept of agent-based modeling has been developed and applied to problems that exhibit a complex behav-
ioral pattern. Agent-based modeling is an approach based on the idea that a system is composed of decentralized indi-
vidual ‘‘agents” and that each agent interacts with other agents according to localized knowledge. Through the
aggregation of the individual interactions, the overall image of the system emerges. This approach is called the bottom
up approach.

The interacting agents might be individual travelers, drivers, economic or institutional entities, which have some objec-
tives and decision power. Transportation activities take place at the intersection between supply and demand in a complex
physical, economic, social and political setting. Local interactions between individual agents most frequently lead to the
emergence of global behavior.

Special kinds of artificial agents are the agents created by analogy with social insects. Social insects (bees, wasps, ants, and
termites) have lived on Earth for millions of years. Their behavior in nature is, first and foremost, characterized by autonomy
and distributed functioning and self-organizing. In the last couple of years, the researchers started studying the behavior of
social insects in an attempt to use the swarm intelligence concept in order to develop various artificial systems.
y Elsevier Ltd.
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Social insect colonies teach us that very simple organisms can form systems capable of performing highly complex tasks
by dynamically interacting with each other. On the other hand, great number of traditional models and algorithms are based
control and centralization. It is important to study both advantages and disadvantages of autonomy, distributed functioning
and self-organizing capacities in relation to traditional engineering methods relying on control and centralization.

Swarm intelligence (Beni and Wang, 1989) is the branch of Artificial Intelligence based on study of behavior of individuals
in various decentralized systems. In this paper, we present a classification and analysis of the results achieved using Swarm
intelligence (SI) to model complex traffic and transportation processes.

The paper is organized in the following way. The basic concepts of swarm intelligence are described in Section 2. The ant
colony optimization (ACO) is analyzed in Section 3. The ACO applications to traffic and transportation engineering problems
are given in Section 4. The particle swarm optimization (PSO) is analyzed in Section 5. Section 6 is devoted to the bee colony
optimization (BCO). Stochastic diffusion search (SDS) is analyzed in Section 7. The comparison of the ACO, PSO, BCO, and the
SDS is given in Section 8. Section 9 contains conclusions and recommendation for the future research.

2. Basic elements of swarm intelligence

Swarm behavior is one of the main characteristics of many species in the nature. Herds of land animals, fish schools and
flocks of birds are created as a result of biological needs to stay together. It has been noticed that, in this way, animals can
sometimes confuse potential predator (predator could, for example, perceive fish school as some bigger animal). At the same
time individuals in herd, fish school, or flock of birds has a higher chance to survive, since predator usually attack only one
individual. Herds of animals, fish schools, and flocks of birds are characterized by an aggregate motion. They react very fast to
changes in the direction and speed of their neighbors.

Swarm behavior is also one of the main characteristics of social insects. Social insects (bees, wasps, ants, and termites)
have lived on Earth for millions of years. It is well known that they are very successful in building nests and more com-
plex dwellings in a societal context. They are also capable of organizing production. Social insects move around, have a
communication and warning system, wage wars, and divide labor. The colonies of social insects are very flexible and can
adapt well to the changing environment. This flexibility allows the colony of social insects to be robust and maintain its
life in an organized manner in spite of considerable disturbances (Bonabeau et al., 1999). Communication between indi-
vidual insects in a colony of social insects has been well recognized. The examples of such interactive behavior are bee
dancing during the food procurement, ants’ pheromone secretion, and performance of specific acts which signal the other
insects to start performing the same actions. These communication systems between individual insects contribute to the
formation of the ‘‘collective intelligence” of the social insect colonies. The term ‘‘Swarm intelligence”, denoting this ‘‘col-
lective intelligence” has come into use (Beni, 1988; Beni and Wang, 1989; Beni and Hackwood, 1992; Bonabeau et al.,
1999).

The self-organization of the ants is based on relatively simple rules of individual insect’s behavior (Deneubourg et al.,
1990). The ants successful at finding food leave behind them a pheromone trail that other ants follow in order to reach
the food (Deneubourg et al., 1989). The appearance of the new ants at the pheromone trail reinforces the pheromone signal.
This comprises typical autocatalytic behavior, i.e., the process that reinforces itself and thus converges fast.

The ‘‘explosion” in such processes is regulated by a certain restraint mechanism. In the ant case, the pheromone trail
evaporates with time. In this behavioral pattern, the decision of an ant to follow a certain path to the food depends on
the behavior of his nestmates. At the same time, the ant in question will also increase the chance that the nestmates leaving
the nest after him follow the same path. In other words, one ant’s movement is highly determined by the movement of pre-
vious ants.

Self-organization of bees is based on a few relatively simple rules of individual insect’s behavior. In spite of the existence
of a large number of different social insect species, and variation in their behavioral patterns, it is possible to describe indi-
vidual insects’ behavior as follows (Camazine and Sneyd, 1991). Each bee decides to reach the nectar source by following a
nestmate who has already discovered a patch of flowers. Each hive has the so-called dance floor area in which the bees that
have discovered nectar sources dance, in that way trying to convince their nestmates to follow them. If a bee decides to leave
the hive to get nectar, she follows one of the bee dancers to one of the nectar areas. Upon arrival, the foraging bee takes a load
of nectar and returns to the hive relinquishing the nectar to a food storer bee. After she relinquishes the food, the bee can (a)
abandon the food source and become again an uncommitted follower, (b) continue to forage at the food source without
recruiting nestmates, or (c) dance and thus recruit nestmates before returning to the food source. The bee opts for one of
the above alternatives with a certain probability. Within the dance area the bee dancers ‘‘advertise” different food areas.
The mechanisms by which the bee decides to follow a specific dancer are not well understood, but it is considered that
the recruitment among bees is always a function of the quality of the food source.

It is important to state here that the development of artificial systems does not entail the complete imitation of natural
systems, but explores them in search of ideas and models. The multiagent systems (MAS) are composed of virtual creatures
or robots. Within the ALife scientific arena, researchers are developing artificial system that posses some of the basic char-
acteristics of life. The entities in some artificial systems are virtual creatures that breed, learn, think, fight, collaborate, age,
and die. Often, when making different ALife models, researchers try to explain complex system behavior that is derived from
relatively simple rules. In essence, multiagent systems are computational systems in which a number of agents interact and
work together in order to complete some task or to achieve some objective.



D. Teodorović / Transportation Research Part C 16 (2008) 651–667 653
Researchers have enormous freedom to create different MAS, defining the environment, as well as different artificial
autonomous entities that live in such an environment. Success in solving a particular class of complex problem is the only
criterion for evaluating specific MAS.

Multiagent systems could be composed of ‘‘intelligent” or ‘‘reactive” agents. ‘‘Intelligent” agents have some level of intel-
ligence, and knowledge. They posses certain skills and they can communicate, or collaborate with other agents. Generally, an
‘‘intelligent” agent has certain goals it wants to accomplish. ‘‘Reactive” agents are not ‘‘intelligent”. They can interact directly
or indirectly with other agents, and they act in response to different events or communication signals from other agents.
However, they are autonomous. Ants, bees, or wasps are reactive agents, since bee dancing, ants’ pheromone secretion, or
performing another act, show and signal to the other insects to start performing a successive action.

3. Ant colony optimization (ACO)

We have already mentioned that the ants successful at finding food leave behind them a pheromone trail that other ants
follow in order to reach the food. In this way ants communicate among themselves, and they are capable to solve complex
problems. It has been shown by the experiments that ants are capable to discover the shortest path between two points in
the space. Deneubourg et al. (1990) performed the experiment in which nest was connected with the food source by a double
bridge. The lengths of both bridges are equal (Fig. 1). At the very beginning, all ants are located in the nest. No pheromone is
deposited at any bridge.

An ant probabilistically chooses the bridge to cross. The ant’s choosing mechanism is described by a probabilistic rule. The
higher the pheromone value and the heuristic value associated to the choice alternative, the higher the probability an ant
will choose that particular alternative. It happens that more ants appear at one of the bridges. Greater number of ants that
cross one of the bridges causes a higher pheromone on that particular bridge. In this way, the probability of choosing the
observed bridge continuously increases, and very fast all ants use only one of the bridges.

Experiments with the obstacle (Fig. 2) also show ants’ capability to discover the shorter path very fast. Ants that randomly
chose the shorter path are the first who come to the food source. They are also the first who move back to the nest. Higher
frequency of crossing the shorter path causes a higher pheromone on the shorter path. In other words, the shorter path
receives the pheromone quicker. In this way, the probability of choosing the shorter path continuously increases, and very
fast practically all ants use the shorter path.

The ant colony optimization represents metaheuristic capable to solve complex combinatorial optimization problems.
There are several special cases of the ACO. The best known are the ant system (Dorigo et al., 1991, 1996; Colorni et al.,
1991, 1992, 1996; Dorigo, 1992), ant colony system (Dorigo and Gambardella, 1997a, b), and the max–min ant system (Stüt-
zle and Hoos, 2000). Dorigo et al. (1991), Colorni et al. (1991) and Dorigo et al. (1996) illustrated the ant system concept
when considering the traveling salesman problem (TSP).

When solving the TSP, artificial ants search the solution space, simulating real ants looking for food in the environment.
The objective function values correspond to the quality of food sources. The time is discrete in the artificial ants’ environ-
ment. At the beginning of the search process (time t = 0), the ants are located in different towns. It is usual to denote by
sijðtÞ the intensity of the trail on edge (i, j) at time t. At time t = 0, the value of sijð0Þ is equal to a small positive constant c.
At time t each ant is moving from the current town to the next town. Reaching the next town at time (t + 1), each ant is mak-
ing the next move towards the next (unvisited) town. Being located in town i, ant k chooses the next town j to be visited at
time t with the transition probability pk

ijðtÞ defined by the following equation:
pk
ijðtÞ ¼
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Fig. 1. The double bridge experiment.
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Fig. 2. The example of ants’ behavior: (a) ants walk along the shortest path between the nest and the food source, (b) the obstacle forces ants to choose one
of the two available paths, (c) ants choose available paths and (d) most of the ants discover the new shortest path characterized by the very strong
pheromone.
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where Xk
i ðtÞ is the set of feasible nodes to be visited by ant k (the set of feasible nodes is updated for each ant after every

move), dij is the Euclidean distance between node i and node j, gij ¼ 1
dij

is the ‘‘visibility”, and a and b are parameters repre-
senting relative importance of the trail intensity and the visibility.

The visibility is based on local information. The greater the importance the analyst is giving to visibility, the greater the
probability that the closest towns will be selected. The greater the importance given to trail intensity on the link, the more
highly desirable the link is since many ants have already passed that way. By iteration, one assumes n moves performed by n
ants in the time interval (t, t + 1). Every ant will complete a traveling salesman tour after n iterations. The m iterations of the
algorithm are called a ‘‘cycle”. Dorigo et al. (1991, 1996), Colorni et al. (1991) and Bonabeau et al. (1999) proposed to update
the trail intensity sijðtÞ after each cycle in the following way:
sijðtÞ  qsijðtÞ þ Dsij ð2Þ
where q is the coefficient (0 < q < 1) such that (1 � q) represents evaporation of the trail within every cycle.
The total increase in trail intensity along link (i, j) after one completed cycle is equal to
DsijðtÞ ¼
Xn

k¼1

Dsk
ijðtÞ ð3Þ
where Dsk
ijðtÞ is the quantity of pheromone laid on link (i, j) by the kth ant during the cycle.

The pheromone quantity Dsk
ijðtÞ is calculated as Dsk

ij ¼ Q
LkðtÞ

, if the kth ant walks along the link (i, j) in its tour during the
cycle. Otherwise, the pheromone quantity equals: Dsk

ij ¼ 0, where Q is a constant; LkðtÞ is the tour length developed by
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the kth ant within the cycle. As we can see, artificial ants collaborate among themselves in order to discover high-quality
solutions. This collaboration is expressed through pheromone deposition.

In order to improve ant system Dorigo and Di Caro (1999) and Dorigo et al. (1999) proposed ant colony optimization
(ACO) that represents metaheuristic capable to discover high-quality solutions of various combinatorial optimization
problems.

The transition probability pk
ijðtÞ is defined within the ant colony optimization by the following equation:
j ¼
arg max

h2Xk
i ðtÞ
f½sihðtÞ�½gih�

bg; q 6 q0

J; q > q0

8<
: ð4Þ
where q is the random number uniformly distributed in the interval [0,1], q0 is the parameter (0 6 q0 6 1), and J is the
random choice based on the relation (1); one assumes a = 1 when using the relation (1).

In this way, when calculating transition probability, one uses pseudo-random-proportional rule (relation (5)) instead of
random-proportional rule (relation (1)). The trail intensity is updated within the ACO by using local rules and global rules.
Local rule orders each ant to deposit a specific quantity of pheromone on each arc that it has visited when creating the
traveling salesman tour. This rule reads
sijðtÞ  ð1� qÞsijðtÞ þ qs0 ð5Þ
where q is the parameter (0 < q < 1), and s0 is the amount of pheromone deposited by the ant on the link (i, j) when creating
the traveling salesman tour.

It has been shown that the best results are obtained when s0 is equal to the initial amount of pheromone c.
Global rule for the trail intensity update is triggered after all ants create traveling salesman routes. This rule reads
sijðtÞ  ð1� aÞsijðtÞ þ aDsij ð6Þ
where
Dsij ¼
ðLgbðtÞÞ�1 if ði; jÞ belongs to the best created traveling salesman tour
0 otherwise

(
ð7Þ
LgbðtÞ is the length of the best traveling salesman tour discovered from the beginning of the search process, and a is the
parameter that regulates pheromone evaporation (0 < a < 1).

Global pheromone updating is projected to allocate a greater amount of pheromone to shorter traveling salesman tours.
Teodorović and Lučić (2005, 2007) developed the fuzzy ant system (FAS). They combined the ACO with fuzzy logic. The

basic modification is the way in which transition probabilities are calculated. Fuzzy logic is used in their papers to calculate
an ant’s utility to visit the next node. The control strategies of an ant can also be formulated in terms of numerous descriptive
rules. When deciding about the next node to be visited (in the case of the traveling salesman problem), the ant takes into
account visibility, as well as pheromone trail intensity. Teodorović and Lučić (2005, 2007) assumed that the ant can perceive
the particular distance between nodes as small, medium or big, and the trail intensity as weak, medium or strong, etc. Fuzzy
sets are often defined through membership functions to the effect that every element is allotted a corresponding grade of
membership in the fuzzy set. The membership function that determines the grades of membership of individual elements
x in fuzzy set C must satisfy the following inequality: 0 6 lCðxÞ 6 1 8x 2 X. Membership functions of fuzzy sets small
distance, medium distance and big distance are shown in Fig. 3.

An approximate reasoning algorithm for calculating the utility of choosing the next link (in the case of traveling salesman
problem) could be composed, for example, of the rules of the following type:
If dij is SMALL and sij is STRONG
Then uij is VERY HIGH
where dij is the distance between node i and node j, sij is the pheromone along link (i, j), and uij is the ant’s utility when choos-
ing node j (ant is located in node i).
1

0 Short Medium 

Long

Fig. 3. Membership functions that describe short, medium, and long distance.
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The approximate reasoning algorithm could replace Eq. (1) for calculating transition probabilities. Teodorović and Lučić
(2005, 2007) proposed the approximate reasoning algorithm for calculating ant’s utility for choosing the next node. The pro-
posed model was tested on numerous examples.

When using fuzzy logic as a separate module within the ACO, it is possible to handle the uncertainty that sometimes ex-
ists in some complex combinatorial optimization problems. A great number of various ACO algorithms have been developed
in order to solve NP optimization problems. These algorithms have been effectively applied to the traveling salesman prob-
lem, vehicle routing problems, the quadratic assignment problem, graph-coloring problem, job-shop scheduling, flow-shop
scheduling, etc.
4. Ant colony optimization: traffic and transportation engineering applications

4.1. Solving vehicle routing and scheduling problems by ant colony optimization

Ant colony optimization has been used during last decade for solving various vehicle routing and scheduling problems.
Bullnheimer et al. (1998, 1999a,b) were first who used ant algorithm to solve the vehicle routing problem (VRP). When

creating vehicle routes the artificial ants successively choose clients to visit, until all customers have been visited. Whenever
the choice of another customer would violate the operational constraints (vehicle capacity or total route length) creating an
infeasible solution, the artificial ant returns to the vehicle depot and starts a new tour. The authors compared proposed ap-
proach with other metaheuristics. The authors clearly showed that proposed ant system concept is a valid approach to attack
the vehicle routing problem.

Zhishuo and Yueting (2005) proposed the sweep based multiple ant colonies algorithm (SbMACA) heuristic algorithm for
solving the VRP. Vehicle route is generated by incrementally choosing customers until all customers have been visited. In the
case of the SbMACA algorithm ants start to construct the new routes from the randomly chosen nodes not visited so far.
Numerical experiment showed that the proposed SbMACA algorithm was able to find solutions for the VRP within 0.28%
of known optimal solution.

Bell and McMullen (2004) used multiple ant colonies when solving VRP. The authors used separate colony of ants with
unique pheromone deposits for each vehicle. Performed numerical experiments showed that the proposed algorithm was
capable to find solutions within 1% of known optimal solutions. Reimann et al. (2004) proposed the D-ants algorithm
(Decomposition-ants) for the VRP. The main idea exposed in the paper is to decompose large vehicle routing problems into
a number of smaller problems. Doerner et al. (2004) developed parallel ant systems for the VRP. The authors compared three
main ACO concepts (rank based ant system, the max–min ant system, and the ant colony system). Doerner et al. (2004) also
implemented a parallelization strategy to increase computational efficiency. Chen et al. (2005) developed a hybrid algorithm
(IACS-SA) for the VRP. The proposed algorithm combines the ACO approach with the simulated annealing (SA) algorithm.

Matos and Oliveira (2004) performed an experimental study of the ant colony system for the period vehicle routing prob-
lem (PVRP). They tested the proposed approach in the case of a waste collection system involving 202 localities in the munic-
ipality of Viseu, Portugal.

Montemanni et al. (2005) developed the ant colony system for a dynamic vehicle routing problem (DVRP). The model was
tested on the known benchmark problems from the literature. The developed ACS-DVRP algorithm was capable to produce
higher quality solutions than the GRASP-DVRP algorithm. (GRASP (Feo and Resende, 1989; Resende, 2001) represents iter-
ative procedure for solving difficult combinatorial optimization problems. The GRASP consists of a construction phase and a
local search procedure. Within a construction phase, that represents a randomized greedy algorithm, a feasible solution is
generated. In the local search procedure locally optimal solution is discovered. The construction phase is repeated many
times. In this way, various starting solutions are generated that could be improved during the local search.) The concept pro-
posed by Montemanni et al. (2005) has been applied to a realistic case study, set up in the city of Lugano (Switzerland).

The other applications of the ACO in the area of vehicle routing and scheduling were devoted to the vehicle routing prob-
lem with time windows (VRPTW) (Donati et al., 2003; Sa’adah et al., 2004; Kuo et al., 2004; Tan et al., 2006; Zhang et al.,
2006), emergent airdropping problem (Liu et al., 2006), open vehicle routing problem (OVRP) (Li and Tian, 2006), and pre-
ventive maintenance scheduling of fleets of vehicles (Abrahdol et al., 2006).

In some distribution systems, only approximate values of demand at nodes are known. The actual demand value is known
only after the visit to the node. Teodorović and Lučić (2007) treated demand at the nodes as a fuzzy number. They proposed
the model to solve VRP in the case of uncertain demand. The model developed is based on the fuzzy arithmetic rules, fuzzy
logic and ACO. Numerical experiments indicate that the developed fuzzy ant system (FAS) is very promising.

4.2. Solving public transit problems by ant algorithms

Hu et al. (2001) used ant algorithm when solving transit network design problem. The authors offered mathematical for-
mulation of the transit network design problem. The objective function in the proposed model was the maximization of the
‘‘non-stop passenger flow”. The authors tested proposed model in the case of city of Changchun, the capital of the Jilin Prov-
ince (China). One hundred fifteen transit lines, 904 buses, 1180 mini-buses, and 12000 taxies characterize the transit system
in the city of Changchun. The authors claimed good performances of the proposed model.
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Trips between nodes in public transit networks may be made with or without making transfers. When designing synchro-
nized schedules it is necessary to try to minimize the total waiting times of all passengers at transfer nodes in a transit net-
work. Often only approximate numbers of transfer passengers are known. Real world instances of the problem of schedule
synchronization can be quite complex. The problem considered is combinatorial by its nature and is characterized by uncer-
tainty. Teodorović and Lučić (2005) developed the model for schedule synchronization where the number of transfer passen-
gers is only approximately known. The problem of transit schedule synchronization studied by Teodorović and Lučić (2005)
can be defined in the following way: for the known line headways for every transit line, determine the departure times from
the first station so as to minimize the total waiting time of all passengers at transfer nodes in the whole transit network. The
model developed by Teodorović and Lučić (2005) is based on the fuzzy ant system.

Kuan et al. (2006) solved the feeder-bus network design problem by the ant colony optimization algorithm. The feeder-
bus network design problem is considered under the following assumptions (Kuan et al., 2006): ‘‘(1) each bus stop is served
by one feeder-bus route only; (2) each feeder-bus route is linked to exactly one station; (3) all buses have standard operating
speeds and capacities; and (4) the feeder-bus is assumed to halt at all stops on its route”. In the problem considered, the
route structure and the operating frequency on each route were optimized.

One potential solution (chosen set of feeder-bus routes) of the problem considered is shown in Fig. 4. The objective func-
tion represents the sum of passenger and operator costs. The operator cost represents the total length traveled by the buses.
The user cost is a function of the total passenger travel time (the waiting time and riding time on both the bus and the train).
The authors used ant colony optimization to improve previously generated initial solution. The authors took the benchmark
problem from Kuah and Perl (1989). The authors also tested proposed concept on 20 randomly generated test problems. The
proposed ACO algorithm obtained a solution whose quality is comparable with the quality of the solution obtained by the
Tabu search. The ACO outperform simulated annealing in many instances. The authors showed that the ACO required more
computational time than simulated annealing but less time than Tabu search.

Yang et al. (2007) developed parallel ant colony optimization algorithm for bus network optimization (CPACA algorithm).
The objective function to be maximized was ‘‘the direct traveler density based on demand for an entire bus network”. The
Train
 stops

Bus 
stops 

Bus 
routes 

Fig. 4. One potential solution of the bus feeder design problem.
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authors defined direct traveler density as the number of direct travelers per unit length. The authors tested proposed model
using two data sets. The first data set was used in order to validate the model on a simple network (The tested network con-
tained 17 nodes and 29 links). In the second step, the authors collected data in Dalian City, China, and tested the model and
the algorithm. (The population in Dalian is about 2 million. Dalian’s road network consists of 3200 links and 2300 nodes.
There are 89 bus routes that include 1500 bus stops.) The authors got the bus OD traffic matrix through on-board surveys
of the entire 89 bus routes. The obtained results show that the generated bus network has significantly reduced number of
transfers and travel time.

4.3. Solving traffic engineering and control problems by ant colony optimization

Hoar et al. (2002) developed the swarm based traffic simulation system (SuRJE). The authors proposed the system in
which all interactions among drivers are implemented through depositing and sniffing pherromone on a 2-dimensional
map. The proposed SuRJE system optimizes traffic light turn and time sequences of the traffic lights by using evolutionary
algorithm and swarm voting. Every car in the SuRJE system is treated as an agent with known origin and destination. Agents
react to local traffic conditions and traffic laws when traveling from origin to destination. Each car drops and smells pher-
omones. The amount of pheromone dropped depends primarily on car velocity. The performed numerical tests showed that
the proposed SuRJE system accurately represented car traffic dynamics. The developed evolutionary engine performs real-
time adoption of traffic light timings.

Wen and Wu (2004) proposed area signal coordinated control system based on the ant algorithm. The authors defined
optimal control problem and proposed the ant-based algorithm to solve it. The proposed ant algorithm searches for the opti-
mal signal offsets to coordinate the adjacent intersections. The routes searched by ants represent the solutions of the con-
sidered optimization problem. Artificial ants decide on a signal setting at each intersection to form the signal scheme of the
whole considered area. The authors used the local heuristic information and the artificial pheromone trails to help ants to
construct routes. The authors defined local heuristic information as the inverse of a transient delay. Wen and Wu (2004) con-
sidered a traffic region with nine intersections and 12 O–D nodes, and performed few numerical experiments. The proposed
ant algorithm was able to find the global optimal solution, as well as to provide smooth switch between various signal
settings.

Hallam et al. (2004) indicated the possibility of using ant algorithms when solving the route guidance problem. They
introduced ant behavior-based search agents (dummy ‘‘softcars”) and used them to simulate and test the model on a simple
road network. The main idea of the proposed algorithm is to dispatch many ‘‘soft cars” through the observed network and get
feed back. The ‘‘Soft-cars” choose paths with less loads, shorter distances, more lanes, as well as paths that have been visited
by most of other soft cars. The CPU times are not reported in the paper.

When studying traffic assignment problem, D’Acierno et al. (2006) developed a stochastic user equilibrium (SUE) algo-
rithm based on ACO approach. The authors proposed the method of successive averages (MSA) algorithm based on the
ACO. In the proposed model, ‘‘for each od pair there is an ant colony with its nest (centroid o) and its food source (centroid
node d)”. Every colony has a characteristic kind of pheromone. In this way, ants can recognize only paths used by the same
colony. D’Acierno et al. (2006) stated theoretically the convergence of the proposed ACO based algorithm. The authors also
showed numerically the efficiency of the proposed approach in terms of calculation time with respect to traditional MSA
algorithm. The developed model could be very useful tool when analyzing great number of alternative projects, or various
traffic management strategies in real transportation networks.

Kulatunga et al. (2006) proposed the ACO based algorithm for simultaneous task allocation and path planning of auto-
mated guided vehicles (AGV) in material handling. The developed algorithm allocates tasks to AGVs based on collision free
path. The authors minimized the travel time of vehicles from their start nodes to the destination nodes, while avoiding static
and moving obstacles. The authors compared the obtained solutions against the optimal results in the case of small number
of tasks and vehicles. The proposed approach has been capable to produce near optimal solutions (7.89% deviation from the
optimal values). The authors also compared the obtained solutions against the results obtained by the simulated annealing
algorithm in the case of large number of tasks and vehicles.
5. Particle swarm optimization (PSO)

The metaheuristic particle swarm optimization (PSO) was proposed by Kennedy and Eberhart (1995). Kennedy and
Eberhart (1995) were inspired by the behaviors of bird flocking. The basic idea of the PSO metaheuristic could be illustrated
by using the example with a group of birds that search for a food within some area. The birds do not have any knowledge
about the food location. Let us assume that the birds know in each iteration how distant the food is. Go after the bird that is
closest to the food is the best strategy for the group.

Kennedy and Eberhart (1995, 1999) treated each single solution of the optimization problem as a ‘‘bird” that flies through
the search space. They call each single solution a ‘‘particle”. Each particle is characterized by the fitness value, current posi-
tion in the space and the current velocity (Kennedy et al., 2001). When flying through the solution space all particles try to
follow the current optimal particles. Particle’s velocity directs particle’s flight. Particle’s fitness is calculated by the fitness
function that should be optimized.
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In the first step, the population of randomly generated solutions is created. In every other step the search for the optimal
solution is performed by updating (improving) the generated solutions. Each particle memorizes the best fitness value it has
achieved so far. This value is called pbest. Each particle also memorizes the best fitness value obtained so far by any other
particle. This value is called gbest. The velocity and the position of each particle are changed in each step. Each particle
adjusts its flying by taking into account its own experience, as well as the experience of other particles. In this way, each
particle is leaded towards pbest and gbest positions.

The position Xi ¼ ðxi1; xi2; . . . ; xiDÞ and the velocity Vi ¼ ðvi1; vi2; . . . ; viDÞ of the ith particle are vectors. The position Xi
kþ1 of

the ith particle in the (k + 1)st iteration is calculated in the following way:
Xi
kþ1 ¼ Xi

k þ Vi
kþ1Dt ð8Þ
where Vi
kþ1 is the velocity of the ith particle in the (k + 1)st iteration and Dt is the unit time interval.

The velocity Vi
kþ1 equals
Vi
kþ1 ¼ xVi

k þ c1r1
ðPBi � Xi

kÞ
Dt

þ c2r2
ðPg � Xi

kÞ
Dt

ð9Þ
where x is the inertia weight, r1; r2 are the random numbers (mutually independent) in the range [0,1], c1; c2 are the positive
constants, PBi is the best position of the ith particle achieved so far, and Pg is the best position of any particle achieved so far.

The particle’s new velocity is based on its previous velocity and the distances of its current position from its best position
and the group’s best position. After updating velocity the particle flies toward a new position (defined by the relation (9)).
Parameter x that represents particle’s inertion was proposed by Shi and Eberhart (1998). Parameters c1 and c2 represent the
particle’s confidence in its own experience, as well as the experience of other particles. Venter and Sobieszczanski-Sobieski
(2003) used the following formulae to calculate particle’s velocity
Vi
kþ1 ¼ xVi

k þ c1r1
ðPBi � Xi

kÞ
Dt

þ c2r2
ðPg

k � Xi
kÞ

Dt
ð10Þ
In other words, when calculating the particle’s velocity, Venter and Sobieszczanski-Sobieski (2003) replaced the best
position of any particle achieved so far Pg , by the best position of any particle achieved in the kth iteration Pg

k .
The PSO represents search process that contains stochastic components (random numbers r1 and r2). Small number of

parameters that should be initialized also characterizes the PSO. In this way, it is relatively easy to perform big number
of numerical experiments. The number of particles is usually between 20 and 40. The parameters c1 and c2 were most
frequently equal to 2. When performing the PSO, the analyst arbitrarily determines the number of iterations.

5.1. Particle swarm optimization: traffic and transportation engineering applications

Early detection of incidents is essential for formulating successful response strategies (well-timed dispatch of emergency
services), as well as for traffic delays decrease and road safety conditions. Srinivasan et al. (2003) used PSO to solve the auto-
matic incident detection problem on highways. The artificial neural networks (ANN) based approaches have been used to
solve automatic incident detection problem. The ANN’s for incident detection were trained using back-propagation ap-
proach. Srinivasan et al. (2003) used PSO to train the ANN for incident detection. The authors used traffic data collected from
a section of the I-880 freeway in Hayward, California. The obtained simulation results showed that the PSO performed better
than the back-propagation algorithm.

Zhu et al. (2006) developed the PSO search strategy for the vehicle routing problem with time windows (VRPTW). The
authors tested proposed approach on a few numerical examples, and compared the obtained results with the results ob-
tained by the genetic algorithm (GA) approach. The main considered example had eight customers and three vehicles.
Zhu et al. (2006) run the PSO and GA algorithm 100 times separately. The PSO algorithm discovered optimal solution in
the 82% of cases, while the GA based algorithm discovered the optimal solution in the 36% of cases. The developed PSO algo-
rithm got the optimal solutions much faster than the GA algorithm.

Performances of the real time control of urban traffic highly depend on the accuracy of the traffic flow forecast. Zhao et al.
(2006) proposed the urban traffic flow forecast model in the case of two adjacent intersections. The authors developed the
RBFNN based forecasting model (RBF, radial basic function and NN, Neural Network). Zhao et al. (2006) used PSO algorithm
to optimize hidden layer and output layer weights. The proposed approach showed high accuracy of the traffic flow forecast.

Particle swarm optimization has not been widely used for solving traffic and transportation engineering problems. The
research results achieved up to date have shown that the PSO is very promising technique capable to solve complex trans-
portation problems. In years to come, one could expect more PSO based transportation models.

6. Bee colony optimization (BCO)

The bee colony optimization (BCO) metaheuristic has been introduced fairly recently (Lučić and Teodorović, 2001, 2002,
2003a, b; Teodorović et al., 2006) as a new direction in the field of swarm intelligence. It has been applied in the cases of the
Traveling salesman problem (Lučić and Teodorović, 2001, 2002, 2003a, b), the ride-matching problem (RMP) (Teodorović and
Dell’Orco, 2005), as well as the routing and wavelength assignment (RWA) in all-optical networks (Marković et al., 2007).
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Artificial bees represent agents, which collaboratively solve complex combinatorial optimization problem. Each artificial
bee is located in the hive at the beginning of the search process, and from thereon makes a series of local moves, thus cre-
ating a partial solution. Bees incrementally add solution components to the current partial solution and communicate di-
rectly to generate feasible solution(s). The best discovered solution of such initial (first) iteration is saved and the process
of incremental construction of solutions by the bees continues through subsequent iterations. The analyst-decision maker
prescribes the total number of iterations.

Artificial bees perform two types of moves while flying through the solution space: forward pass or backward pass. For-
ward pass assumes a combination of individual exploration and collective past experiences to create various partial solu-
tions, while backward pass represents return to the hive, where collective decision-making process takes place. We
assume that bees exchange information and compare the quality of the partial solutions created, based on which every
bee decides whether to abandon the created partial solution and become again uncommitted follower, continue to expand
the same partial solution without recruiting the nestmates, or dance and thus recruit the nestmates before returning to the
created partial solution. Thus, depending on its quality, each bee exerts a certain level of loyalty to the path leading to the
previously discovered partial solution. During the second forward pass, bees expand previously created partial solutions,
after which they return to the hive in a backward pass and engage in the decision-making process as before. Series of forward
and backward passes continue until feasible solution(s) are created and the iteration ends.

The BCO also solves combinatorial optimization problems in stages (Fig. 5). Each of the defined stages involves one opti-
mizing variable. Let us denote by ST = {st1,st2, . . .,stm} a finite set of pre-selected stages, where m is the number of stages. By B
we denote the number of bees to participate in the search process, and by I the total number of iterations. The set of partial
solutions at stage stj is denoted by Sj (j = 1,2,. . .,m).

The following is pseudo-code of the bee colony optimization:
Bee colony optimization

Step 1: Initialization. Determine the number of bees B, and the number of iterations I. Select the set of stages
ST = {st1,st2, . . .,stm}. Find any feasible solution x of the problem. This solution is the initial best solution.

Step 2: Set i :¼ 1. Until i = I, repeat the following steps:
Step 3: Set j = 1. Until j = m, repeat the following steps:
B1

B2

 B3

First  
Stage 

Second  
Stage 

Third  
Stage 

O

B3

B1

 B2

First  
Stage 

Second  
Stage 

Third  
Stage 

O

Fig. 5. First forward pass and the first backward pass.
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Forward pass: Allow bees to fly from the hive and to choose B partial solutions from the set of partial solutions Sj at
stage stj.
Backward pass: Send all bees back to the hive. Allow bees to exchange information about quality of the partial solu-
tions created and to decide whether to abandon the created partial solution and become again uncommitted fol-
lower, continue to expand the same partial solution without recruiting the nestmates, or dance and thus recruit
the nestmates before returning to the created partial solution. Set, j :¼ jþ 1.

Step 4: If the best solution xi obtained during the ith iteration is better than the best-known solution, update the best
known solution (x :¼ xi).

Step 5: Set, i :¼ iþ 1.

Alternatively, forward and backward passes could be performed until some other stopping condition (i.e. the maximum
total number of forward/backward passes, or the maximum total number of forward/backward passes between two objec-
tive function value improvements) is satisfied.

During the forward pass (Fig. 5) bees will visit certain number of nodes, create a partial solution, and return to the hive
(node O), where they will participate in the decision-making process, by comparing all generated partial solutions. Quality of
the partial solutions generated will determine the bee’s loyalty to the previously discovered path and the decision to either
abandon the generated path and become an uncommitted follower, continue to fly along discovered path without recruiting
the nestmates, or dance and thus recruit the nestmates before returning to the discovered path. For example, bees B1, B2, and
B3 compared all generated partial solutions in the decision-making process, which resulted in bee B1’s decision to abandon
previously generated path, and join bee B2.

While bees B1 and B2 fly together along the path generated by bee B2, at the end of the path they will make individual
decisions about the next node to be visited. Bee B3 continues to fly along the discovered path without recruiting the nest-
mates (Fig. 6). In this way, bees are performing a forward pass again.

During the second forward pass, bees will visit few more nodes, expand previously created partial solutions, and subse-
quently perform the backward pass to return to the hive (node O). Following the decision-making process in the hive, for-
ward and backward passes continue and the iteration ends upon visiting all nodes.

Various heuristic algorithms describing bees’ behavior and/or ‘‘reasoning” (such as algorithms describing ways in which
bees decide to abandon the created partial solution, to continue to expand the same partial solution without recruiting the
nestmates, or to dance and thus recruit the nestmates before returning to the created partial solution) could be developed
and tested within the proposed BCO metaheuristic.

6.1. Bee colony optimization: Traffic and transportation engineering applications

6.1.1. Solving the traveling salesman problem by the bee colony optimization
Lučić and Teodorović (2001, 2002, 2003a,b) tested the bee colony optimization approach on a large number of numerical

examples. The benchmark problems were taken from the following Internet address: http://www.iwr.uni-heidelberg.de/iwr/
comopt/software/TSPLIB95/tsp/. The following problems were considered: Eil51.tsp, Berlin52.tsp, St70.tsp, Pr76.tsp,
Kroa100.tsp and a280.tsp. All tests were run on an IBM compatible PC with PIII processor (533 MHz). The results obtained
are given in Table 1.

We can see from Table 1 that the proposed BCO produced results of a very high-quality. The BCO was able to obtain the
objective function values that are very close to the optimal values of the objective function. The times required to find the
best solutions by the BCO are very low. In other words, the BCO was able to produce ‘‘very good” solutions in a ‘‘reasonable
amount” of computer time.
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Fig. 6. Second forward pass.
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Table 1
TSP problem – the results obtained by the bee colony optimization

Problem name (number of nodes) Optimal value (O) The best value obtained by the BCO (B) ðB�OÞ
O (%) CPU (s)

Eil51 (51) 428.87 428.87 0 29
Berlin52 (52) 7544.366 7544.366 0 0
St70 (70) 677.11 677.11 0 7
Pr76 (76) 108,159 108,159 0 2
Kroa100 (100) 21,285.4 21,285.4 0 10
Eil101 (101) 640.21 640.21 0 61
Tsp225 (225) 3859 3899.9 1.06 11,651
A280 (280) 2586.77 2608.33 0.83 6270
Pcb442 (442) 50,783.55 51,366.04 1.15 4384
Pr1002 (1002) 259,066.6 26,7340.7 3.19 28,101
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6.1.2. Solving the ride-matching problem by the fuzzy bee system
Ridesharing is one of the widely used travel demand management (TDM) techniques. Within this concept, two or more

persons share vehicle when traveling from few origins to few destinations. The operator of the system must posses the fol-
lowing information regarding trips planned for the next week: (a) vehicle capacity (2, 3, or 4 persons); (b) days in the week
when person is ready to participate in ridesharing; (c) trip origin for every day in a week; (d) trip destination for every day in
a week; and (e) desired departure and/or arrival time for every day in a week.

The ride-matching problem studied by Teodorović and Dell’Orco (2005, 2008) could be defined in the following way:
Make routing and scheduling of the vehicles and passengers for the whole week in the ‘‘best possible way”. The potential
objective functions could be minimization of the total distance traveled by all participants or minimization of the total delay
of participants. Teodorović and Dell’Orco (2005) developed the BCO based model for the ride-matching problem. The authors
tested the proposed model in the case of ridesharing demand from Trani, a small city in the southeastern Italy. They collected
the data regarding 97 travelers demanding for ridesharing, and assumed, for sake of simplicity, that the capacity is four
passengers for all their cars.

6.1.3. Routing and wavelength assignment (RWA) in all-optical networks
The BCO metaheuristic has been successfully tested (Marković et al. (2007)) in the case of the routing and wavelength

assignment (RWA) in all-optical networks. This problem is, by its nature similar to the traffic assignment problem. The re-
sults achieved, as well as experience gained when solving the RWA problem could be used in the future research of the traffic
assignment problem.

Let us briefly describe the RWA problem. Every pair of nodes in optical networks is characterized by a number of re-
quested connections. The total number of established connections in the network depends on the routing and wavelength
assignment procedure.

Routing and wavelength assignment (RWA) problem in all-optical networks could be defined in the following way: Assign
a path through the network and a wavelength on that path for each considered connection between a pair of nodes in such a
way to maximize the total number of established connections in the network.

Marković et al. (2007) proposed the BCO heuristic algorithm tailored for the RWA problem. They called the proposed algo-
rithm the BCO-RWA algorithm. Bees decide to choose a physical route in optical network in a random manner. Inspired by
the Logit model, Marković et al. (2007) assumed that the probability psd

r of choosing route r in the case of origin–destination
pair (s,d) equals
psd
r ¼

eVsd
r

P��Rsd
��

i¼1

e
Vsd

i

8r 2 Rsd and Wr > 0

0 8r 2 Rsd and Wr ¼ 0

8>>><
>>>:

ð11Þ
where jRsdj is the total number of available routes between pair of nodes (s,d) and Vsd
r is the bee’s utilities when choosing the

route r between the node pair (s,d).
Marković et al. (2007) defined the bee’s utilities Vsd

r when choosing the route r between the node pair (s,d) in the follow-
ing way:
Vsd
r ¼ a

1
hr � hrmin þ 1

þ ð1� aÞ Wr

Wmax
ð12Þ
where a is the weight (importance of the criteria) ð0 6 a 6 1Þ, hr is the length of the route r expressed in the number of phys-
ical hops, hrmin is the length of the shortest route, Wr is the number of available wavelengths along the route r, and Wmax is
the maximum number of available wavelengths among all the routes.

The route r is available if there is at least one available wavelength on all links that belong to the route r.
In the hive every bee makes the decision about abandoning the created partial solution or expanding it in the next for-

ward pass. The authors assumed that every bee could obtain the information about partial solution quality created by every



Table 2
RWA problem – the results obtained by the bee colony optimization

Total number of requested
lightpaths

Number of wavelengths Number of established lightpaths CPU time (s) Relative error (%)

ILP BCO-RWA ILP BCO-RWA

28 1 14 14 4 4.33 0
2 23 23 94 4.58 0
3 27 27 251 4.68 0
4 28 28 313 4.66 0

31 1 15 14 4 4.73 6.67
2 25 25 83 5.00 0
3 30 30 235 5.19 0
4 31 31 1410 5.21 0

34 1 15 14 14 5.19 6.67
2 27 26 148 5.50 3.70
3 33 33 216 5.64 0
4 34 34 906 5.64 0

36 1 16 15 23 5.64 6.25
2 27 26 325 6.09 3.70
3 34 34 788 6.11 0
4 36 36 1484 6.13 0

38 1 17 16 16 5.67 5.88
2 28 27 247 6.09 3.57
3 35 35 261 6.23 0
4 38 38 1773 6.33 0

40 1 17 16 31 6.00 5.88
2 28 27 491 6.28 3.57
3 35 35 429 6.61 0
4 40 40 1346 6.67 0
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other bee. They calculated the probability that the bee b will at beginning of the u + 1 forward pass use the same partial tour
that is defined in forward pass u in the following way:
pb ¼ e�
Cmax�Cb

u ð13Þ
where Cb is the total number of established lightpaths from the beginning of the search process by the bth bee. Cmax is the
maximal number of established lightpaths from the beginning of the search process by any bee, and u is ordinary number of
forward pass, u = 1,2, . . .,U.

Marković et al. (2007) calculated the probability pP that the Pth advertised partial solution will be chosen by any of the
uncomitted follower using the following relation:
pP ¼
eCPPP
p¼1eCp

ð14Þ
where CP is the total number of the established lightpaths in the case of the Pth advertised partial solution.
The BCO-RWA algorithm was tested on a few numerical examples. The authors formulated corresponding integer linear

program (ILP) and discovered optimal solutions for the considered examples. In the next step, they compared the BCO-RWA
results with the optimal solution. The comparison for the considered network is shown in Table 2.

We can see from Table 2 that the proposed BCO-RWA algorithm has been able to produce optimal, or a near-optimal solu-
tions in a reasonable amount of computer time.

The BCO is the youngest Swarm Intelligence technique. The BCO has not been widely used for solving transportation
problems. The research results achieved up to date have shown that the BCO could be a promising technique capable to solve
complex traffic engineering and transportation planning problems. In years to come, one could expect more BCO based
transportation models.

7. Stochastic diffusion search (SDS)

Stochastic diffusion search (SDS) is a population based, search and optimization algorithm. The algorithm belongs to the
class of Swarm Intelligence algorithms and was proposed for the first time by Bishop (1989a, b) and Bishop and Torr (1992).
Agents that search for the optimal solution communicate in a way similar to communication between species of ants
Leptothorax acervorum. The word ‘‘diffusion” comes from the fact that the agents share information about various hypotheses
(diffusion of information) through direct one-to-one communication.
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It has been shown that the SDS is best tailored for the problems characterized by the objective function that could be
decomposed into multiple independent partial functions (Bishop, 1989a, b; Nasuto, 1999). Most frequently, the evaluations
of the partial function in the SDS are binary. The basic idea of the SDS could be described through the example of ‘‘restaurant
game”. Each night group of delegates participating in a long conference in an unfamiliar town dines in various restaurants.
They would like to find the best restaurant in the town in which maximum number of delegates would enjoy dining. Del-
egates try to discover the best restaurant in a city using SDS. The agents are the delegates. Every agent makes his/her own
hypothesis about the best restaurant in the town. Delegates randomly choose restaurants. Before going to the restaurant del-
egate has the hypothesis that the chosen restaurant is the best in the city. Delegate who did not enjoy dinner asks next morn-
ing one of the randomly chosen colleagues to share his/her impressions about the last night dinner. In the case of positive
experience, the unsatisfied delegate decides to have next dinner in the recommended restaurant. In the opposite case, the
unsatisfied delegate chooses at random one of the unvisited restaurants listed in the ‘‘Yellow Pages”.

Within the SDS the agents have one-to-one communication, and in this way disseminate information about the validity of
various hypothesis across the group. The SDS was successfully applied in object recognition, site selection for wireless
networks (Hurley and Whitaker, 2002). To the best of the knowledge of the author of this paper, SDS has never been applied
to some of the traffic and transportation engineering problems.
8. Comparison of the ACO, PSO, BCO, and the SDS

Successful solving of many real-life traffic and transportation engineering problems highly depends on problem dimen-
sions. The ACO, PSO, BCO, and the SDS are multi-agents systems that use information share models to beat limitations to the
applicability of optimization techniques (dynamic programming, branch-and-bound). In all these approaches few agents
simultaneously search solution space. The ACO, PSO, BCO, and the SDS represent general algorithmic frameworks that can
be applied to various optimization problems in traffic and transportation engineering. These general algorithmic frameworks
should be always modified and tailored for a specific problem.

The first similarity among all considered approaches is related to the information incompleteness. Artificial ants, as well
as artificial bees and, particles have incomplete information when solving the problem. Secondly, there is no global control in
any of these approaches. Thirdly, the available data are decentralized. On the other hand, the results obtained by this mo-
ment show that artificial ants, artificial bees, and particles can successfully model complex systems. Artificial ants, as well
as artificial bees and, particles are based on the concept of cooperation. Cooperation enables ants, bees and particles to be
more efficient and to achieve goals they could not achieve individually. Information exchange is performed in a different
way in the ACO, PSO, BCO and SDS techniques. Within the ACO, artificial ants receive indirect information (through the pher-
omone) about the other ants’ behavior. Ants do not posses the information about the quality of the partial solutions created
by other ants until the complete feasible solutions are generated. On the other hand, within the PSO, BCO and SDS agents
posses the information about the quality of the partial solutions created by one or all other agents. The PSO, BCO and SDS
are characterized by the direct information exchange between the agents while creating partial solutions. In the PSO, only
one agent (agent with the best position) sends out the information to all other agents (one -way information sharing mech-
anism). Within the BCO all agents perform direct information exchange with all other agents. In the case of the SDS agent
directly exchanges information only with chosen partner (through direct one-to-one communication). Various models of
information diffusion should be carefully studied in future research.

The PSO randomly creates an initial population of solutions. On the other hand, ACO, BCO, and the SDS gradually build
feasible solutions.

In years to come, ACO, PSO, BCO, and the SDS should be tested on more complex traffic and transportation engineer-
ing problems. These problems include various dynamic problems, multiple objective problems, and problems character-
ized by uncertainty. Dynamic problems are characterized by the fact that problem parameters, and/or constraints could
be changed while solving the problem. Typical examples are dynamic dial-a-ride problem, real-time urban traffic control
problems, mitigation of airline schedule disturbances, etc. In multiple objective problems analysts try to simultaneously
optimize two or more conflicting objective functions subject to specific constraints. Developing ACO, PSO, BCO, and the
SDS systems composed of heterogeneous agents could be one of the potential concepts to approach multiple objective
problems. In most of the real-world traffic and transportation decision-making problems the input data are not always
known precisely or the information is not available regarding certain input parameters that are part of a mathematical
model. There is often uncertainty surrounding specific costs, the number of vehicles that can be employed to carry out a
transport task, the number of passengers that want to travel between certain pairs of nodes in a network, and so on. In
future research, the research attempts should be made to combine Swarm Intelligence based techniques with other tech-
niques (e.g. fuzzy set theory) in order to solve complex traffic and transportation engineering problems characterized by
uncertainty.

The detailed comparison of the ACO, PSO, BCO, and the SDS, in terms of efficiency (computation time) and effectiveness
(quality of the discovered solutions) should be also performed in future research. The research in the area of Swarm Intel-
ligence (ACO, PSO, BCO, and the SDS) is continuing. Probably the most relevant aspect of future research is the mathematical
justification of the Swarm Intelligence based techniques. The other interesting aspects of the future research could be agents’
homogeneity (homogenous vs. heterogeneous agents), information sharing mechanisms, and collaboration mechanisms.
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9. Conclusion

The planning, design, and control of traffic and transportation systems are complex subjects. A wide range of traffic and
transportation engineering parameters are uncertain, nonlinear and dynamic. Complex traffic and transportation problems
call for development of modern systems that merge knowledge, techniques, and methodologies from various scientific areas.

In the few decades researchers have tried to develop various algorithms imitating nature. Genetic algorithms represent
search techniques based on the mechanics of nature selection used in solving complex combinatorial optimization problems.
These algorithms were developed by analogy with Darwin’s theory of evolution and the basic principle of the ‘‘survival of the
fittest.” Artificial neural networks are based on an analogy with nervous systems. Ants foraging behaviors inspired research-
ers to develop ant colony optimization. Particle swarm optimization is inspired by bird flocks, etc. The successful applica-
tions of the swarm intelligence to difficult combinatorial optimization problems (vehicle routing problems, routing in
telecommunication networks,. . .) are very encouraging. It is of a great importance to investigate in future research both
advantages and disadvantages of autonomy, distributed functioning and self-organizing in relation to traditional engineering
methods relying on control and centralization.

The research results obtained have shown that the ACO, PSO, BCO, and SDS are good addition (in terms of computation
time and quality of the solutions discovered) to the family of metaheuristics approaches used to solve vehicle routing and
scheduling problems. The considered vehicle routing and scheduling problems, solved by Swarm Intelligence approach are
static by their nature. In years to come, one could expect more swarm intelligence based models for solving real-time vehicle
routing and scheduling problems (automated guided vehicle (AGV) routing and scheduling, ambulance dispatching, real-
time routing and scheduling of vehicles for snow removal, etc). Solving multi-objective vehicle routing, scheduling and
dispatching problems by swarm intelligence approach should be also real research challenge in years to come. The swarm
intelligence algorithms have been successfully applied to various public transit problems. In many cases the swarm intelli-
gence based approaches outperformed or were equal (in terms of the quality of the solutions generated and CPU times) to
simulated annealing and Tabu Search. The challenging research problems for the swarm intelligence algorithms applications
could be also bus scheduling problems, mitigation of bus schedule disturbances, bus crew scheduling, rostering, etc. One
should also expect much more applications of the Swarm Intelligence concepts in solving urban traffic engineering and
control problems.

We do believe that the Swarm Intelligence techniques hold a promise in application to transportation analysis, because
this approach is not just a specific computational tool, but also a concept and a pattern of thinking.

There are no theoretical results in this moment that could support some of the explained swarm intelligence concepts.
Usually, development of various swarm intelligence approaches was based on experimental work in initial stage. Good
experimental results should motivate researchers to try to produce some theoretical results in future research. In years to
come, research in the area of Swarm intelligence applications in traffic and transportation could help us find the answers
to the following questions:

What is the real potential of swarm intelligence? What are the Swarm Intelligence limitations? Where are the new po-
tential applications to transportation? Should all agents (artificial ants and artificial bees) definitely equal, or should it be
better to develop few types of agents in specific applications? Should the agents be capable to learn? Should they commu-
nicate directly or indirectly? Could SI be combined with other techniques (e.g. fuzzy set theory) to solve complex traffic and
transportation engineering problems characterized by uncertainty? How the information share mechanism influences the
final system performances?

It is definitely of great significance to study in future research both advantages and disadvantages of autonomy, distrib-
uted functioning and self-organizing capacities in relation to traditional engineering methods relying on control and central-
ization. Initial results have made known that the development of new models based on Swarm Intelligence principles could
probably contribute considerably to solving complex transportation engineering problems.
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