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7.6.3 Application Examples and Calibration Procedures  
 Computational Properties  
Before the discussion proceeds to numerical examples, the computational properties of the model 
are summarized analytically. For a transportation network with I nodes and T travelers, there are 
at most I*(I − 1) + T paths in the model since each node can at most keep information on I − 1 
paths from all other nodes to itself, and each traveler has one search path. All knowledge must be 
stored in the model, and hence the theoretical maximum memory consumption is proportional to 
the number of travelers and the square of network size. In practice, the actual memory 
requirement is much less because if no traveler travels between a node pair, the shortest path 
between the two nodes is not necessary and will not be stored by any node. In a large network, 
many node pairs will not be visited by travelers. As the system starts evolving, the number of 
paths further decreases since a traveler’s search path is no longer useful and can be deleted once 
an activity is found.  

An examination of the evolutionary process (Figure 7.6.2) would reveal a good property of 
the model—the computational time is only proportional to the number of travelers and is not 
sensitive to the size of the transportation network. The running time of the model will still 
increase as the network size increases since on average travelers will search more nodes to find 
activities. The travel-node learning process will take more time, but it will not increase 

exponentially because in the agent-based model, information exchange and agent learning 
activities substitute for standard shortest-path algorithms, and thus path enumeration is not 
required. Another aspect related to running time is the ease of the calibration procedure, which 
will be discussed next along with two examples.  

Figure 7.6.2 Flowchart of evolutionary algorithm 
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 Numerical Examples  

Example 1: 10 × 10 Grid Network  

The first example uses a simple 10 × 10 grid network with 300,000 travelers and an equal 
number of opportunities to demonstrate the model. The travelers and opportunities are uniformly 
distributed among all nodes. The arc cost is 1 unit for all arcs (see Figure 7.6.3). The structure of 
the agent-based travel demand model can be implemented with any object-oriented programming 
language (Java was used in this study). Five different β’s are tested ranging from 0.05 to 2. For 
each β, the resulting travel length distributions and the convergence properties at the five 
equilibria are summarized in Figures 4 and 5, respectively.  

The model can approximate a variety of trip length distributions with negative exponential 
(large β) and normal distribution (small β) at the two extremes. In this small network with a 
moderate number of travelers, the evolutionary process quickly reaches the equilibrium. As 
travelers travel farther away from origins to find activity opportunities, it takes longer for the 
system to achieve the equilibrium. In all five scenarios, at equilibrium the shortest paths 
identified by the models are the real shortest paths between node pairs, which is not surprising in 
a small network. As the ratio of number of travelers to the size of the network decreases, some 
shortest paths learned by the travelers in the model may be longer than the real shortest paths, as 
will be seen in the next example. The selection of the initial random seed for Monte Carlo 
simulation has almost no impact on the resulting trip length distribution and shortest paths at the 
equilibrium, probably because the large number of random decisions and learning activities in 
the model tends to average out the initial variability due to different random seeds.  

Example 2: Chicago, Illinois, Sketch Network and Model Calibration  

In the second example, the agent-based travel demand model is applied to the Chicago sketch 
network, consisting of 933 nodes and 2,950 links, a fairly realistic yet aggregated representation 
of the Chicago region developed by the Chicago Area Transportation Study (CATS) (1). There 
are more than 1.26 million travelers in this test network according to the trip generation data, 
with each traveler representing one trip. The only coefficient β in the model is calibrated against 
CATS 1990 Household Travel Survey (HTS) data. The estimated travel time distribution with 
various β’s and the observed distribution are plotted in Figure 7.6.6. The spikes on the observed 
travel time distribution reveal survey participants’ tendencies to round their actual travel times to 
30, 45, and 60 min. The mean square error (MSE) between the estimated and the observed 
distribution is plotted against βin Figure  7.6.7. It is clear in this graph that the MSE distribution 
is a unimodal one, and therefore simple one-dimensional search methods can be adopted to 
calibrate the model coefficient. The following is an applicable calibration procedure based on 
golden section search:  
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Figure 7.6.3 Uniform distribution of travelers and opportunities for 10 X 10 grid network 

Figure 7.6.4 Trip length distribution with various  β’s for 10 X 10 grid network 

Figure 7.6.5 Convergence speeds with various  β’s for 10 X 10 grid network 
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Step 0—Initialization: Lower-bound β
− 

=0.1 and upper-bound β
+ 

=1. (Theoretically, β can be 
any positive value, but for all practical purposes, [0.1, 1] should be a safe starting interval for the 
golden section search.) Determine stopping tolerance e > 0. Iteration counter t =0. Compute β
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−
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− 
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−
). Evaluate the MSEs at all four points.  

Step 1—Stopping: If (β
+ 
−β

−
) < e, stop, and the optimal β* =0.5 (β

+ 
+β

−
). Otherwise, proceed 

to Step 2.  
Step 2—Iteration: If MSE (β

1
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2
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=β
2
, β
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1
, β
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1
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1
) > 

MSE (β
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), narrow the search to the right part of the interval by updating β
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, β

1 
=β

2
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+0.618 (β
+ 
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−
), and evaluate the new MSE (β

2
).  

t =t +1. Return to Step 1. �  
Other one-dimensional search methods can be used as well, but the golden section search in 

general provides an efficient procedure. A more detailed discussion of unimodal function 
optimization may be found elsewhere [26]. The foregoing calibration procedure was applied to 
the Chicago sketch network with e =0.05 and the optimal β* was found to be 0.42 after five 
golden section search iterations (i.e., six executions of the model with different β’s since the first 
iteration requires the evaluation of model MSEs twice), which took about 70 CPU minutes on a 
Pentium IV, 1.7-GHz personal computer. At the equilibrium with β*, travelers discovered 99.1% 
of all origin– destination paths, of which more than 98% are real shortest paths.  

Figure 7.6.6 Chicago sketch network: trip length distribution with various β’s 
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However, the β* estimated on one network is not directly transferable to other networks. For 
instance, the coefficient estimated for a sketch network that only includes major highways should 
not be used without further calibration for a full network with all types of roads. One needs to be 
consistent in coding the network when applying the proposed model. Of course, it is suspected 
that the coefficient also varies from city to city. From a computational point of view, the model 
transferability is not a big issue because it does not take much time to calibrate β for a specific 
network, but the estimated β’s for different urban areas are not comparable. The β-coefficient is 
sensitive to the detail of the network used for calibration because in the proposed model, 
travelers base their next movements only on the relative distribution of activity opportunities at 
surrounding nodes. To improve the transferability of the model, one needs to relate the 
probability that a traveler agent will accept an activity opportunity with the actual distance (or 
duration) of travel.  

The agent-based model after the calibration procedure distributes trips from origins to 
destinations in a disaggregate manner with a trip length distribution reasonably close to the 
observed one and assigns most traffic to the shortest routes. The model provides output statistics 
including arc flows, the origin and destination of each individual trip, the path of each individual 
trip, and turning proportions at all intersections.  

7.6.4 Possible Extensions of Model and Future Research Directions  
Though the proposed agent-based travel demand model is a novel and interesting way of 
forecasting travel demand, it has not achieved the scope of existing travel forecasting methods. 
Several extensions can be incorporated to improve the current model.  

 More Agent Characteristics and Knowledge  
With only three types of agents and minimum agent characteristics, the proposed agent-based 
travel demand model is able to accomplish two critical steps in the travel forecasting process—
trip distribution and traffic assignment—within a short amount of time. It would be worthwhile 
to extend the basic model so that mode split can also be incorporated and more-realistic traffic 
assignment algorithms can be approximated. One way to enable modal split in the agent-based 
model is to expand the node knowledge to path costs of all modes and embed a mode choice rule 
into travelers’ characteristics. Congestion effects should be taken into account in future versions 

Figure 7.6.7 Unimodal MSE function and model calibration using golden section search 
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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 
i 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).  

ii 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 A5. 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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1990 Census Transportation Planning Package Occupation Categories  

Managerial and professional specialty occupations (000-202)   

Executive, administrative, and managerial occupations (000-042)  

Professional specialty occupations (043-202)  

Technical, sales, and administrative support occupations (203-402)   

Technicians and related support occupations (203-242)  

Sales occupations (243-302)  

Administrative support occupations, including clerical (303-402)  

Service occupations (403-472)   

Private household occupations (403-412)  

Protective service occupations (413-432)  

Service occupations, except protective and household (433-472)  

Farming, forestry, and fishing occupations (473-502)   

Precision production, craft, and repair occupations (503-702)   

Operators, fabricators, and laborers (703-902)   

Machine operators, assemblers, and inspectors (703-802)  

Transportation and material moving occupations (803-863)  

Handlers, equipment cleaners, helpers, and laborers (864-902)  
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2000 Census Transportation Planning Package Occupation Categories  

Management, professional, and related occupations  

Management, business, and financial operations occupations  

Management occupations, except farmers and farm managers  

Farmers and farm managers  

Business and financial operations occupations  

Business operations specialists  

Financial specialists  

Professional and related occupations  

Computer and mathematical occupations  

Architecture and engineering occupations  

Architects, surveyors, cartographers, and engineers  

Drafters, engineering, and mapping technicians  

Life, physical, and social science occupations  

Community and social services occupations  

Legal occupations  

Education, training, and library occupations  

Arts, design, entertainment, sports, and media occupations  

Healthcare practitioners and technical occupations  

Health diagnosing and treating practitioners and technical occupations  

Health technologists and technicians  

Service occupations  

Healthcare support occupations  

Protective service occupations  

Fire fighting, prevention, and law enforcement workers, including supervisors  
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2000 Census Transportation Planning Package Occupation Categories  

Other protective service workers, including supervisors  

Food preparation and serving related occupations  

Building and grounds cleaning and maintenance occupations  

Personal care and service occupations  

Sales and office occupations  

Sales and related occupations  

Office and administrative support occupations  

Farming, fishing, and forestry occupations  

Construction, extraction, and maintenance occupations  

Construction and extraction occupations  

Supervisors, construction and extraction workers  

Construction trades workers  

Extraction workers  

Installation, maintenance, and repair occupations  

Production, transportation, and material moving occupations  

Production occupations  

Transportation and material moving occupations  

Supervisors, transportation and material moving workers  

Aircraft and traffic control occupations  

Motor vehicle operators  

Rail, water and other transportation occupations  

Material moving workers  
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Table D.4 Cost model to estimate cost of link expansion  

Table D.5 Erroneous links in the network, which were removed  




