of the model, which requires an expansion of arc characteristics. However, with limited arc
capacities, the shortest paths become dependent on travelers’ choices. How traveler agents learn
shortest paths in this new dynamic situation must be carefully modeled, probably through
repetitive information exchange and learning from day to day.

More Types of Agents

Besides travelers, nodes, and arcs, other agents in the transportation system have significant
impacts on travel demand. For instance, it is necessary to define agents that represent transit links
and railways if these modes are to be incorporated in the model. Another extension of the current
agent-based model would be the introduction of land use agents. The interaction between
transportation and land use has been long recognized and studied. A metropolitan area can be
divided into many land use cells, and each cell can be modeled as a special type of agent that has
its own characteristics and behavioral rules. In an agent-based model, interaction rules between
land use cells and transportation agents such as nodes and arcs, if appropriately defined, may be
able to reasonably replicate the feedback between transportation and land use. The problem then
becomes the calibration of these rules. Also, under the agent-based modeling framework, simple
rules may well explain complicated real-world phenomena such as the transportation—land use
feedback loop. Alternatively, urban land use can be modeled as the environment in the agent-
based model. These possibilities should be examined in future studies. Transportation
management policies, such as pricing schemes and financing strategies, have already been
modeled by proper agents and their characteristics in several previous studies [27, 28].

More-Realistic Rules of Agent Behaviors

In constructing an agent-based model there are two major steps: (a) identify agents and their
characteristics and (b) specify their behavioral rules. Different modelers may come up with
different sets of agents for the same system. Some may be more useful in terms of facilitating the
second step, rule specification, which is usually the challenging part. The model developed in
this study employs only local rules according to which agents interact only with other adjacent
agents. Local rules have been successfully used in many cellular automata applications, such as
the cell transmission model for freeway traffic [29, 30]. In general, drivers make car-flowing and
lane-changing decisions on the basis of the traffic conditions around themselves, and therefore
local rules may be a realistic specification of their interactions. However, in the case of travel
decision making, it is known that travelers sometimes rely on maps, media, and even route
guidance systems when making decisions. This aspect implies that information sharing is beyond
the local level.

Although occasionally global knowledge sharing, information flow, and learning activities
can be reasonably approximated with local rules, that is not always the case. Do travelers find
their activities and choose routes using the same methodology in the proposed agent-based travel
demand model? Will a small deviation from real behavior significantly affect the resulting
equilibrium of the evolutionary process? These questions are yet to be answered. In the two
examples given in the previous section, travelers have no difficulty in finding the shortest path
for their trips because there are so many travelers in the system and the intensive local learning
activities solve the shortest paths for travelers. Had there been only one traveler agent in the
model, it would definitely fail to find the shortest paths since no learning activities would
happen. But because a single traveler in the real world can identify the shortest route for a trip
(or at least a route not much longer than the shortest one) without interacting with other
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individual travelers, global knowledge sharing may need to be incorporated somehow into the
agent-based travel demand model.

The progress made in travel behavior studies can be readily incorporated into the agent-based
model with an update of agent behavioral rules. The only problem with more-realistic behavioral
rules is their possible requirements for more computational resources. Finding and applying
realistic behavioral rules of agents while at the same time keeping the model computationally
feasible is the real challenge. This challenge should be kept in mind in future development of
similar models. Because the human brain has a limit on complex computation, this problem may
not be as serious as it seems.

7.6.5 Conclusions

An agent-based travel demand model is developed. Travel demand emerges from the interactions
of three types of agents in the transportation system: node, arc, and traveler. Simple local rules of
agent behaviors are shown to be capable of efficiently solving complex transportation problems
such as trip distribution and route assignment. The model also provides an asymptotic shortest-
path algorithm based on distributed agent learning activities. Possible extensions to the basic
model are also discussed. The generic and flexible structure of the agent-based modeling method
makes it easier to develop new models and to expand existing models. By giving agents
intelligence and allowing them to learn, modelers can accomplish more with less modeling
effort. The method also takes full advantage of the fast-growing computational power now
available.

Compared with trip-based approaches, activity-based approaches represent a new paradigm
for travel demand analysis. The proposed agent-based technique, however, does not imply
another paradigm shift. Rather, it is a powerful modeling tool to disentangle complex systems. In
general, agent-based models emphasize, at the microscopic level, searching and learning
behavior, agents’ perception of the environment, information flow, interagent interactions, and
heuristics and, at the macroscopic level, self-organization, hierarchy, and other evolutionary
properties. It is difficult and unnecessary to draw a line between agent-based travel demand
models and activity-based approaches. The modeling needs for interpersonal linkages, person—
environment interactions, and longitudinal aspects of travel behavior discovered in recent
practice of activity-based travel analysis actually provide a stage for agent-based modeling
techniques. Some recent activity-based microsimulation studies in which learning behavior [31]
and activity interactions [32] are explicitly modeled have demonstrated the increasing popularity
of agent-based methods.

This study pushes the application of agent-based methods for travel analysis beyond the
scope of origin—destination demand estimation and into the realm of traffic assignment. It is
possible that even the traditional equilibrium assignment process could be replaced with an
agent-based model. A completely agent-based travel forecasting system is worth pursuing in the
future. Though the proposed model is rudimentary in its current form, the authors hope that it can
attract more research interest in applying agent-based modeling techniques to travel forecasting.
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Endnotes for 7.4

Induced Demand: A Microscopic Perspective

! For each link in the network, the parallel links were obtained and the results were checked with the network
map. Parallel links are those that are not connected to the link in question. These links bear the maximum traffic
when the link in question was to be eliminated (for details, see Levinson and Karamalaputi, 2002).

" There were a number of erroneous links. Many links in the network had no traffic count although the link
existed. Also, many links had traffic flows on them even though the link did not exist in the regional planning
network. Such links were removed from the data-set and were not considered for analysis. A summary of the
erroneous links in the network is given in Table AS. The final network used for analysis consisted of 4989 links
belonging to the following road types: interstates, trunk highways and county state aid highways (CSAH) in
Hennepin County.
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