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Maryland Statewide Transportation Model 2.0 (MSTM 2.0) is composed of a Statewide 

Activity-based Travel Demand Model for Short-distance Travel at its core and two 

supporting models: An Activity-based Travel Demand Model for Long-distance 

Travel; and a Tour-based Travel Demand Model for Freight Travel. Therefore, MSTM 

2.0 is a microsimulation model system within the activity-based framework for 

passenger travel, and tour-based framework for freight travel. 

These capabilities of MSTM 2.0 will enable policy makers to observe effects of their 

policies on different segments of population (e.g. income groups), which will lead to 

more equitable policies. In addition, it will help monitoring how travelers’ behavior 



  

and their activities change after certain transportation or land use policy is 

implemented.  

This thesis aims to demonstrate how MSTM 2.0 can be applied to different future 

scenarios; First, we test two different future fuel pricing scenarios considering the 

growth in market penetration of electric vehicles. MSTM 2.0 is revised to reflect how 

changes in light-duty vehicles fleet will change the auto operation cost and therefore 

alter the travel patterns for different segments of population in future. Second, the 

proposed high-speed rail Maglev project is implemented in the model to capture all the 

possible outcomes of adding a high-speed rail in the Northeast corridor between 

Washington D.C. and Baltimore. 

The results of this thesis can support state transportation policymaking by providing a 

comprehensive estimation of the effects that two likely future scenarios will have on 

Maryland transportation system.   
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Chapter 1: Introduction 

Section 1: Background 

Statewide travel demand models offer planners a tool to estimate the number of 

passenger cars and freight flows on major transport facilities within the state, and 

satisfy significant planning needs. Transportation policies that affect more than one 

metropolitan area cannot be sufficiently studied with metropolitan models. Statewide 

long-range planning, intercity travels, and planning for rural areas require a statewide 

model. Statewide models consider various modes such as passenger car, transit, 

airports, seaports, and railroads. 

There are various motivations for states to develop their own statewide model. Corridor 

planning, bypass studies, regional planning, project-level traffic forecasts, air quality 

conformity analysis, freight and intermodal planning, traffic impact studies, economic 

development studies, long-term investment studies, detour analysis, project 

prioritization, toll, pricing, tax studies and Intercity bus planning are among many 

different initiatives for developing statewide models. (1) . There are also cases where 

states initiated their statewide models merely because of a specific project, for example 

Texas developed the model to analyze North America Free Trade Agreement (NAFTA) 

impacts, or Maine made the effort in order to analyze a toll road. 

Early statewide models had limited capability for realistic modeling of land 

developments and travel patterns because of computational difficulties in covering 

large geographic areas in details. The development of databases and database tools, in 
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addition to significant growth in computational power over the last two decades had a 

significant effect on improving statewide travel demand models (2). Some good 

examples of statewide travel demand models were developed for Ohio (3), Oregon (4) 

Michigan (5), California (6), Kentucky (7), Arizona (8), Connecticut (9), Florida (10), 

and Vermont (11). Nowadays over 30 states have developed operational statewide 

transportation models and others are also in the process of developing their statewide 

models. 

Most states have adopted the basic four-step demand modeling approach. A few 

statewide transportation models have incorporated advanced model features such as 

discrete choice methods, multimodal freight analysis modules, tour/activity-based 

microsimulation approaches, and land use/economic integrated modeling frameworks. 

Quite a few states, including Maryland, has recently made progress toward more 

sophisticated modeling systems in order to improve the planning capability of their 

models.  

The Maryland Department of Transportation State Highway Administration (SHA) has 

developed and maintained a statewide model to be able to perform various planning 

analyses. Policies such as road pricing, environmental issues and managed lanes were 

among the issues that the statewide model needed to be able to analyze. The importance 

of rail and significance of freight needed to be considered in the model. The Maryland 

Statewide Transportation Model (MSTM) was the first statewide travel demand model 

developed for the state of Maryland. It was a trip-based four-step model primarily 

developed between 2009 and 2012. A summary of the MSTM can be found in (12)  
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Conventional trip-based four-step models have limited analytical capabilities as they 

only produce aggregate results. Many agencies have started developing tour-based or 

activity-based micro-simulation models that simulate all individuals. Disaggregate 

simulation of travel demand not only increases the accuracy of prediction by reducing 

aggregation errors, but it also enables the planner to consider more variables that affect 

travel demand. The time-of-day choice component of such micro-simulation models is 

capable of modeling activities with long duration rather than assigning the trips into 

one single time point. This capability is advantageous for statewide applications that 

require modeling long trips. 

One of the important measures for evaluating the statewide model performances is their 

capability in analyzing present and future scenarios. Four-step models have relatively 

limited applications with less behavioral sensitivity requirement which mainly lie in 

corridor-level transportation planning and performance.  For instance, the Virginia 

model was used for analyzing trucking commodity flows along the I-81 interstate 

corridor. It has also been applied to estimate automobile traffic in rural areas and to 

analyze intercity passenger rail. In Indiana, outputs from the statewide model were used 

to develop a sub-state demand model for the I-69 corridor (13) and was used to analyze 

the environmental and economic impact of the highway corridor. The New Jersey 

model was deployed to analyze the I-78 corridor truck traffic conditions and also played 

a crucial role in the New Jersey Congestion Management System, by evaluating various 

transportation improvement strategies such as High Occupancy Vehicle (HOV) lanes, 

congestion pricing, arterial signal systems, and other intelligent transportation systems 

(14)  
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More advanced transportation models such as advance four-step models and activity-

based models have a better potential for testing statewide applications. Agent-based 

models outperform aggregated models because of their behavioral capabilities and can 

better model the real world scenarios. Table 1 summarizes how states have applied their 

transportation models to meet their planning needs. 

 
Table 1 Summary of statewide model applications 

 

State Model Applications 

VA Conventional 

four-step 

model. 

 Analyzed trucking commodity flows along the I-81 

interstate corridor. 

 Estimated automobile traffic in rural areas and 

analyzing intercity passenger rail 

IN Conventional 

four-step 

model 

 Analyzed the environmental and economic impact of 

the highway corridor, e.g. the I-69 Evansville to 

Indianapolis 

NJ Conventional 

four-step 

model 

 Employed to analyze and improve the I-78 corridor 

truck traffic conditions. 

 Evaluating various transportation improvement 

strategies such as High Occupancy Vehicle (HOV) 

lanes, congestion pricing, arterial signal systems, and 

other intelligent transportation systems (14)  

CA Advanced 

four-step 

model 

 Used to evaluate HSR ridership and revenue for 

different planning years and under various scenarios 

including alternative alignments, service frequencies, 

station locations, operational plans, fare policies, and 

operating costs. 

NH Advanced 

four-step 

 Used to estimate transit ridership and HOV lane usage 

for the I-93 corridor. 
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model  Impact analysis of adding additional transit services 

along the State Route 16 corridor, as a part of the 

Corridor Preservation Program 

 Used for policy analysis in a tolling and capacity study 

along the I-93 corridor 

FL Advanced 

four-step 

model 

 Provided inputs for Freight Movements Analysis and 

Freight Mode Shift Impact Analysis 

 Used for implementation of the Florida Strategic 

Intermodal System (SIS) Plan 

OH Activity-

Based model 

 applied to analyze several tolling scenarios for the 

Turnpike Corridor 

 contributed to the design and evaluation of the State’s 

Jobs and Progress Plan, which would invest new gas 

tax revenues to a series of transportation improvement 

strategies 

OR Activity-

Based model 

 tested the impact of various future land use, economic 

growth, vehicle mileage fees, highway investment, and 

transit investment scenarios 

 assessed the negative impact of bridges’ vehicle weight 

limit on State and regional economic production and 

jobs, transportation costs, and changes in travel and 

land use patterns 

 

 

Maryland Statewide Transportation Model 2.0 (MSTM 2.0) is composed of a Statewide 

Activity-based Travel Demand Model for Short-distance Travel at its core and two 

supporting models: An Activity-based Travel Demand Model for Long-distance 

Travel; and a Tour-based Travel Demand Model for Freight Travel. Therefore, MSTM 
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2.0 is a microsimulation model system within the activity-based framework for 

passenger travel, and tour-based framework for freight travel. 

These capabilities of MSTM 2.0 will enable policy makers to observe effects of their 

policies on different segments of population (e.g. income groups), which will lead to 

more equitable policies. In addition, it will help monitoring how travelers’ behavior 

and their activities change after certain transportation or land use policy is 

implemented.  

Section 2: Research Objectives 

The purpose of this thesis is two-fold. First, to introduce the recently developed 

Maryland activity-based transportation model and its various capabilities and second, 

to guide Maryland transportation planning decision making by applying (MSTM 2.0) 

to two future scenarios which will undoubtedly affect the statewide transportation 

system. The behavioral capabilities of this modeling system makes it a powerful tool 

to forecast the impact of future changes in the transportation infrastructures on people. 

Policymakers at the state-level can significantly benefit from the results of this research 

as they can assess the possible outcomes of different policies.  

This Thesis is organized in three main sections: 

Section 1:  The MSTM 2.0 model is introduced. Each three components of the model 

and their separate development processes are presented briefly. Then, the integrated 

model will be introduced and it will be explained how we can benefit from different 

activity-based models in one integrated statewide modeling system. Additionally, 

various input data and how they are used in the model, are presented.  
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Section 2: The performance of the model is tested to demonstrate how it is capable of 

being applied to different applications by running it for the 2015 base case. First, all 

the components’ results are examined closely to recognize the possible requirements 

for model calibrations. Furthermore, we will compare the base results with the available 

observed data including count data and travel surveys to validate the model.  

 

Section 3: Two applications for the model will be analyzed; First, we test a future fuel 

pricing scenario with the model. The scenario considers the electric vehicle ownership 

growth in year 2040, which make it much more realistic. The results show what we 

should expect a change in travel behaviors as the vehicle fleet composition transforms 

rapidly. The second scenario is the impact study of adding a Maglev Train to Maryland 

transit system. Adding a High-Speed Rail to the DC- Baltimore Corridor is one of the 

recent state transportation plans and now policymakers are considering the rail transit 

development as a serious solution for congestion mitigation in Northeast corridor. 

MSTM 2.0 enables us to better analyze the impacts of adding a HSR and will certainly 

give a better prospective to decision makers. 
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Section 3: Research Contributions 

The contributions of this thesis are multi-level: 

Model-wise:  

 

 Revision of the agent-based micro simulations nationwide travel model is the 

first contribution. This model was initially estimated based on 1995 ATS survey 

and was run for base year of 2012 and results of the model were quarterly 

MSA/Non-MSA level OD trips. To integrate the long-distance component with 

the MSTM 2.0 framework some levels of revisions are required. First the Model 

is validated against the most recent available data for nationwide OD trips such 

as AirSage and also other modeling systems which generate nationwide 

forecasts. This validation enables the finding of possible needs for model 

calibration. Second, the population for entire US for base year 2015 was 

synthesized with PopGen, a standalone open source software package which 

will be briefly explained in next chapter. Third, to make the results compatible 

with model framework, a disaggregation from MSA level to TAZ level is 

performed. 

 The InSITE model, which is the core part of the MSTM 2.0 for modeling short-

distance passenger travel was initially estimated based on 2008 Household 

travel survey data for BMC area. In order to develop the model for non-BMC 

area in Maryland and regions in the halo area, the model is validated against the 

other available data sources for the entire study area including TPB HHTS 

Survey and NHTS 2009. Additionally, different outputs from short distance 
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model components were compared for different regions. After investigating the 

results, required calibrations were applied to the statewide model. 

 The first version of integrated statewide model lacks an assignment module for 

transit trips. Therefore, as it was needed for the application purposes, a new 

module is added to the model for loading transit trips in the network and 

generates a detailed output for transit ridership in the transit network 

Application-wise: 

First application-wise contribution of this research is testing a future fuel price scenario 

which considers increasing market penetration of electric vehicles. This research is the 

first in the literature which accounts for the electric vehicles effect on travel costs in a 

behavioral framework. As electric vehicles are emerging as a new alternative for auto 

mode, it is necessary to take their possible impacts on travel behaviors into account. 

Therefore, this research aims to help decision makers to have a better understanding of 

how different future vehicles operation costs will influence travel patterns. NHTS 2017 

dataset and MSTM 2.0, as two recently released products, support this analysis to gain 

the most updated results comparing to previous studies. 

Last but not least, this thesis contributes to impact studies of adding a high speed 

maglev train in the state of Maryland. As policy makers are aiming to develop more 

high speed rails in the Unites States, it is crucial to investigate more on future impacts 

of these trains. This research aims to support these studies by implementing a similar 

scenario in the statewide activity based model for the first time 
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Chapter 2: Model Introduction 

Section 1: Introduction 

SHA noted the need to update the four-step statewide model, and determined that to 

address the required planning analyses, it was preferable to use an activity-based 

approach. Baltimore Metropolitan Council (BMC) had just completed the development 

of an activity-based model (“InSITE”) for the Baltimore region (including much of 

metropolitan Washington) (15); SHA took advantage of the new activity-based model 

to leverage the development of a new activity-based statewide model, dubbed MSTM2. 

Since developing an activity-based model from scratch can be a time-consuming and 

resource-intensive process, adapting an existing activity-based model that covers much 

of the state is an attractive option for states to develop their own activity-based models, 

at least in states where a regional activity-based model exists. 

MSTM2 leveraged the following existing works for the model development: BMC 

InSITE activity-based travel demand model (15), SHRP2 C10 Maryland Integrated 

Travel Analysis Modeling System (16) ,SHRP2 C20 Freight Demand Modeling and 

Data Improvement Strategic Plan (17) and NTC2014-SU-R-21 U.S. National and Inter-

Regional Travel Demand Analysis: Person-level Microsimulation Model and 

Application to High-speed Rail Demand Forecasting (18) (19). Furthermore, MSTM2 

leveraged the efforts at SHA to improve important input data items of models (e.g. 

network, land use, and others). 
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MSTM 2.0 takes advantage of the modeling efforts to answer key policy issues 

including but not limited to:  

 Long distance trips from and to Maryland. 

 Corridor management policies including HOV-HOT lanes and active traffic 

management (ATM) strategies for corridors such as I-270, I-95, and I-295. 

 Multimodal congestion mitigation strategies including travel time reliability 

improvements, integrated corridor management (ICM) and active travel 

demand management (ATDM). 

 The importance of freight to Maryland, especially focusing on the Port of 

Baltimore, structures of supply chain, and truck tours. 

 The importance of rail and other transit modes within and through Maryland. 

 Economic development and cumulative impact assessment. 

 Road pricing/managed lanes. 

 Behavioral implications of non-recurrent congestion and unreliability on travel 

demand. 

 Non-motorized travel analysis capabilities. 

MSTM2 is a fully disaggregated (i.e. each traveler is modeled individually) travel 

demand model that captures the complex travel behavior disregarded by traditional trip-

based models. MSTM2 acknowledged that demand for travel is derived from the 

demand for activities, and that travelers plan their trips considering the possible 

dependencies (e.g., limited time, budget) between them.  

In summary, MSTM2 has the following capabilities: 

 Demand disaggregation at all levels 
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 Modeling participation decisions for activities 

 Modeling trip chaining according to temporal and spatial constraints 

 Modeling decisions based on lifestyle choices (e.g., full-time workers vs. retired 

workers) 

 Fine time resolution for the demand within the 24-hour day 

 Modeling value of travel time savings for each traveler and activity type (e.g., 

work) 

 Modeling activity-based accessibility measures (i.e., accessibility to all 

activities in which a traveler participates, considering constraints such as 

scheduling, and travel characteristics such as trip chaining) 

MSTM2 considers the unique geographic and demographic characteristics of the state 

of Maryland. The majority of Maryland’s population lives in the Baltimore-

Washington area and a significant proportion of the state’s planning activities occur 

within it. The differences between this area and other areas were appropriately taken 

into account in the model. Although Washington, D.C. is outside the jurisdiction of the 

state of Maryland, it is an important source and destination of trips. In addition, there 

is a fair amount of trip making between Maryland and Northern Virginia jurisdictions. 

Areas outside the Baltimore-Washington area, such as Eastern Shore and Western 

Maryland needed special consideration. The Eastern Shore is connected geographically 

and economically with Delaware and parts of Virginia. Similarly, Western Maryland 

is significantly linked to other states while maintaining a major corridor within 

Maryland. It was important to decide which areas outside of Maryland to fully include 
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within MSTM2. A major part of this effort was obtaining the relevant data for the 

included area and formatting it consistently. Figure 1 shows the MSTM2 study area: 

 

 

 

 

 

 

Figure 1 MSTM 2.0 study area 
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Section 3: Model Structure 

Figure 2 summarizes the structure of MSTM2 and its components. There are two sets 

of components: population generation modules and travel demand modules. The base 

year is 2015 and the horizon year is 2040 

 

 

 

 

 

Figure 2 Overview of the MSTM2 Structure 



 

 

15 

 

The population modules are as follows: 

 Passenger Agent Synthesizer: This module generates a synthetic population for 

passenger travel for the state of Maryland and all the other states. Population 

synthesis is a procedure that expands the sample drawn from a population to 

the full population such that the synthesized population can be representative 

of the actual population at various aggregate levels (20). The main concept of 

population synthesis is to combine the census sample data (both household and 

person) with available up-to-date aggregate distribution or margins data (21) 

There are many population synthesizers, either standalone software packages 

or components of microsimulation activity-based travel demand models, most 

of which function based on iterative proportional fitting procedure (IPF). IPF 

estimates a distribution of control variables so that the number of individuals in 

given categories matches the corresponding margins while maintaining the 

correlation structure of the seed. This process produces a population with 

smooth and continuous distribution for all socio-economic variables. Among 

the various kinds of population synthesizers, PopGen (22) was selected. 

PopGen is a standalone, open source software package developed by Arizona 

State University to generate the population of the whole U.S. by using 

distributions of household and person variables of interest and a sample of 

person and household data. 

 Freight Agent Synthesizer: This module generates a synthetic population of 

agents for freight travel. The definition of this agent (e.g., firm) is based on 

work done in the SHRP2 C20 Freight Demand Modeling project (17)  
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The Travel demand modules are as follows: 

 Passenger Model: The passenger model is divided into two models: short-

distance and long-distance. 

1. The short-distance model is based on the BMC InSITE activity-based 

model (15) .BMC’s InSITE model was extended to cover the entire 

MSTM model area.  (note that original InSITE only covered Baltimore 

City, Washington, D.C., and Anne Arundel, Baltimore, Carroll, 

Harford, Howard, Frederick, Montgomery, and Prince George’s 

Counties). The model structure of InSITE was retained. The original 

InSITE parameters were also initially retained, though it was necessary 

to examine model results in the areas of the MSTM not originally 

covered by InSITE and calibrate the parameters. 

2. The long-distance model is based on the project completed by the 

National Transportation Center at University of Maryland, entitled 

“U.S. National and Inter-Regional Travel Demand Analysis: Person-

level Microsimulation Model and Application to High-Speed Rail 

Demand Forecasting” (18) .A tour-based model for long-distance travel 

within the United States was developed in that project.  

The same agent must be present in both short-distance and long-distance 

models. Both models use the same synthesized agents for consistency. In 

addition, a consistent definition in terms of the activities for long-distance vs. 

short-distance travel was required. The long-distance model is responsible for 

modeling all non-recurrent trips longer than 50 miles. The short-distance model 
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is responsible for modeling all recurrent trips (such as commute trips) and all 

non-recurrent trips shorter than 50 miles. 

 Tour-based Freight: This module generates the freight travel demand based on 

work completed in the SHRP2 C20 Freight Demand Modeling.  
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Section 4: Activity-based Travel Demand Model for Short-Distance 

Passenger Travels 

4-1: Overview of the InSITE Activity-Based Model 

The short-distance model of MSTM2 adopts the basic structure, functionality and 

platform of the activity-based model developed for the Baltimore Metropolitan Council 

(BMC) called InSITE. Figure 3 shows the model structure, components, and their 

interrelationship.  

Figure 3 InSITE model structure 
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Table 2 summarizes the components of InSITE activity-based model. 

Table 2 InSITE model components 

 

Model Name Level What is Predicted 

Synthetic Population 

Generator 

Households 

Household size and composition, household 

income, person age, gender, employment 

status, student status 

Regular Workplace 

Location 

Workers Workplace location zone 

Regular School Location Students School location zone 

Auto Ownership Households Number of autos owned 

Transit Pass Ownership Households Whether the household owns a transit pass 

E-ZPass Ownership Households 
Whether the household owns an E-ZPass 

transponder 

Daily Activity Pattern Person Day 
0, 1, or 2 tours for each activity purpose 0, 1, 

or 2 stops for each activity purpose 

Joint Travel Households 

Number of fully joint tours with 2 or more 

household members Which household 

members participate in each joint tour 

School Escorting 

Person (Household) 

Day 

On which half tours a student is escorted 

to/from school Which household member 

escorts the student Whether escorting is done 

on a mandatory tour 

Work Tour Destination 

Choice 

Work Tours 
For work tours – regular workplace or other 

work location (and its zone) 

Work-Based Sub-tour 

Generation 

Work Tours 
Number and purpose of any sub-tours made 

during a work tour 

Work Mode Choice Work Tours Main tour mode 

School Mode and Time-of-

Day Choice 

School Tours 

Main tour mode, the time period arriving at 

school and the time period leaving school (all 

school tours are to regular school location) 



 

 

20 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Work Time-of-Day Choice Work Tours 
The time period arriving at work, and the 

time period leaving work 

Other Tour Time-of-Day 

Choice 

Other Tours 

Time period arriving at the primary 

destination and the time period leaving the 

primary destination 

Other Tour Mode and 

Destination Choice 

Other Tours Primary destination zone and main tour mode 

Intermediate Stop 

Generation 

Half-tour 

Number and activity purpose of any 

intermediate stops made on the half-tour, 

conditional on day pattern 

Intermediate Stop Location Trip 

Destination zone of each intermediate stop, 

conditional on tour origin and destination, 

and location of any previous stops 

Trip Mode Choice Trip Trip mode, conditional on main tour mode 

Trip Departure Time Trip 
Departure time, conditional on time windows 

remaining from previous choices 

Special Generators Zone 
Number of trips, trip end location, mode 

choice 

Commercial Vehicle Zone Number of trips, trip end location 

External Travel Zone Number of trips, trip end location 

Highway Assignment Vehicle Trip Table Link volumes and travel times/speeds 

Transit Assignment Person Trip Table Transit trips/boardings by route/stop 
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4-2 Implementation 

The activity-based short-distance model is implemented and delivered in TourCast, 

Cambridge Systematic’s activity-based modeling platform. TourCast combines an 

extremely powerful computational engine with an established Python-based 

specification for configuring individual model components and model sequences.  

TourCast was developed over a period of several years in response to ABM model 

development efforts for the Denver Regional Council of Governments, SHRP2 Project 

C10B, and ABM deployments for the Houston-Galveston Area Council and Met 

Council. It provides an ideal balance between configurability and model execution 

speed. TourCast is designed so that it can operate independently or be integrated into 

commercial travel demand modeling platforms such as Cube, etc. 

TourCast models critical travel behaviors such as time shifting, telecommuting, transit 

use, and the interactions of household members. TourCast was designed for 

practitioners and provides extraordinary control, flexibility, and ease of use. In 

summary, TourCast offers:  

 Extremely fast model execution from a finely-tuned model engine  

 Integration with commercial modeling software (including Cube) 

 Outputs (intermediate and final) that can be sent to databases, GIS, or report 

generators 

 A modular, scalable software design with a service-oriented architecture  

 Desktop, server, and cloud configurations 
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As indicated in Table 2, there are several model components implemented in TourCast. 

These components are all interlinked, where the outputs of a model component are the 

direct inputs into a subsequent component. The sequencing of these components is 

different in application and in estimation. The estimation process begins with tour level 

mode choice models, which are used to compute logsums by trip purpose for use as 

key explanatory variables (accessibility or impedances) in several other model 

components. These are followed by stop- or trip-level models, as these are conditional 

upon some of the choices made by the tour-level mode choice models. Next, the tour-

level time-of-day and destination choice models are estimated, followed by person 

level models such as daily activity pattern, joint travel, and school escorting models. 

The mandatory tour purposes are estimated before the non-mandatory purposes, while 

all the long-term choice models are estimated towards the end of the estimation process.  

As shown in Table 3, after population synthesis the application of these components 

starts with the long-term choice models, followed by daily activity pattern and tour-

level models. After the tour-level models, the trip-level models are applied, which 

determines the location, time-of-day, and mode choice for every half-tour (or trip) in 

each individual tour. This final step produces a roster of trips for every individual in 

the population. 
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Table 3 InSITE components application sequence 

 

Application 

Sequence 
Model Component Model Applied 

0 Population synthesis Once for entire region 

1 
Usual Work Location Choice Model 

(Long-term) 
For every worker 

2 
School Location Choice Model (Long-

term) 

For every child & 

(university student)? 

3 Vehicle Availability Model (Long-term) For every household 

4 Daily Activity Pattern Model For every individual 

5 
Tour destination choice model – 

mandatory 
For every work tour 

6 Transit Pass Ownership For every household 

7 E-ZPass Ownership For every household 

8 
Tour time-of-day choice model – 

mandatory 
For every mandatory tour 

9 School escorting model 
For every child making 

school tour 

10 Joint tour model 

For every household 

(with at least 2 traveling 

members) 

11 Tour destination choice model - joint tours For every joint tour 

12 
Tour time-of-day choice model - joint 

tours 
For every joint tour 

13 Joint tour participation 
For every traveler in 

household 

14 
Tour generation - individual non-

mandatory travel 

For every individual (not 

stay-at-home) 

15 
Tour destination choice model - non-

mandatory tours 

For every non-mandatory 

tour 
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4-3 Model Components 

InSITE Activity-Based model starts with modeling long term choices such as work and 

school location choice and goes through a sequence of choice models to model different 

dimensions of each individual’s travel activity and finally reaches the trip level choices 

as the finest choice dimension of individuals. Appendix A describes all the model 

components in detail. The model’s components in table were originally estimated based 

on 2007-2008 household survey for BMC area. The parameters were then recalibrated 

in order to develop the statewide model.  There were multiple improvements needed to 

be done in order to transform BMC model to statewide model which will be explained 

in next section. 

16 
Tour time-of-day choice model - non-

mandatory tours 

For every non-mandatory 

tour 

17 Stop generation model 

For every individual half-

tour (where stop was 

indicated in DAP phase) 

and all joint half-tours 

18 Tour mode choice model – mandatory For every mandatory tour 

19 Tour mode choice model - joint tour For every joint tour 

20 Tour mode choice model - non-mandatory 
For every non-mandatory 

tour 

21 Stop destination For every stop 

22 Trip mode choice For every trip 

23 Stop time-of-day For every stop 
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4-4 Model Enhancement for MSTM2 Implementation 

This section describes the changes made to enhance the BMC InSITE TourCast 

activity-based model implementation to support region-specific segmentation of 

parameters for the Maryland Statewide Transportation Model implementation. The 

series of high-level checks performed to verify correct model operation are described 

in this section. 

4-4-1 Introducing Segmentation for Non-BMC Area 

As part of the model enhancement, a regional segmentation has been implemented into 

the model according to the following sub-regions:  

 BMC Modeling Domain 

 Panhandle (Washington/Allegany/Garrett Counties) 

 Chesapeake West (Charles/St. Mary’s/Calvert Counties) 

 Eastern Shore 

 Virginia and West Virginia  

 Delaware and Pennsylvania 

The following components and parameters have been enhanced with region-specific 

segmentation:   

 Workplace type choice model:  no usual workplace constant, external 

workplace constant, work from home constant 

 Workplace location choice model: intra-zonal indicator coefficient, highway 

distance coefficient, size function coefficients 
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 School location choice model: intra-zonal indicator coefficient, highway 

distance coefficient, size function coefficients, TAZ county different from 

home county coefficient 

 Vehicle availability model:  all alternative-specific constants 

 Mandatory tour enumeration:  all alternative-specific constants 

 Individual non-mandatory tour enumeration:  all alternative-specific constants 

 Fully joint non-mandatory tour enumeration:  all alternative-specific constants 

 Work-based tour enumeration: all alternative-specific constants 

 Tour destination choice model:  intra-zonal indicator coefficient, highway 

distance coefficient, size function coefficients 

 Tour time-of-day model:  Shift variables 

 Tour mode choice model:  All alternative-specific constants 

The segmented terms are implemented in the TourCast configuration files. The 

segmented terms are implemented independently as marginal parameters in the 

alternative utility with an initial value of zero. Therefore, the current implementation 

effectively does not vary the model parameters by region, but the user may adjust all 

terms individually by region if necessary during model calibration.   

The base model parameter values are consistent with the BMC InSITE Beta Version 

005 model.  

4-4-2 Model Verification Tests 

The MSTM2 model was initially run with a 20% sample followed by a 100% sample 

to verify proper operation of all components. The following summaries were conducted 

using the 20% sample outputs, and the results of each were compared to the BMC 
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InSITE model results and by a super-set of the regions: BMC; Chesapeake West / 

Panhandle / Eastern Shore; and the other states (VA/WV/DE/PA).  

Population: household makeup (workers, children, size, income); person distributions 

(age, gender, income). 

Vehicle Ownership: distribution of the number of vehicles and auto sufficiency; 

average vehicles by income, area type and region. 

Daily Activity Pattern: distribution of general DAP (mandatory, non-mandatory, no 

travel); distribution of general DAP by person type. 

Tours: distribution of tour type and activity purpose; tour purposes by adult person 

type. 

Tour Distribution: tour length distributions segmented by mandatory and non-

mandatory; tour duration distributions segmented by mandatory and non-mandatory; 

trip time-of-day distributions. 

Mode: mode share; drive-alone and walk-transit mode share by income. 

4-5 Special Demand Generators 

The following are the special generators in the MSTM2 halo area. Each corresponding 

total employment is adjusted based on the data reported on the respective website. For 

MSTM2, there will not be any individual component of treating special generators. 

However, the employment can be adjusted based on the validation results. The 

validation task consists of simulated volume to count volume comparison on the links 

conecting the special generators. Table 4 shows the list of special generators with SMZ 

number and employment. 

 



 

 

28 

 

Table 4 List of special generators in MSTM Halo Area 

 

 

 

 

 

 

 

 

Facility SMZ FIPS County Employment 

Wilmington Hospital 6089 10003 Kent, DE 48,879 

Baltimore-Washington Int'l 

Airport 

354 24003 Anne Arundel, MD 11,054 

John Hopkins university 119 24510 Baltimore City, MD 4,879 

Fort George G. Meade (Army 

Station) 

469 24003 Anne Arundel, MD 54,419 

University of Maryland 2316 24033 Prince Georges, MD 10,000 

George Washington University 1456 11001 District of Columbia 748 

Regan International airport 5070 51013 Arlington, VA 7,633 

Dulles International Airport 5604 51107 Loudoun, VA 18,146 

Andrews AFB (Air Force 

Station) 

2746 24033 Prince Georges, MD 2,709 
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Section 5: Agent-Based Microsimulation Travel Demand Model for 

Passenger Long-Distance Travels 

5-1 Overview 

The increasing interest in national transportation policies—from strategic infrastructure 

investment to infrastructure operation and management with regard to efficiency, 

sustainability, and safety—has incited researchers and decision makers to call for 

advanced and policy-sensitive analysis tools. Highway infrastructure investment, high-

speed rail, and airport development all depend on national travel markets. Any 

infrastructure investments or operational and management improvements should be 

evaluated through a capable national travel analysis tool instead of region-level, 

corridor-level, or state-level models, which are mainly used in these types of analyses. 

After the Intermodal Surface Transportation Efficiency Act (ISTEA) was enacted in 

1991, many state departments of transportation began developing statewide travel 

demand models as critical analysis tools in addressing legislative requirements in 

statewide planning. However, the statewide models are weak in external trips, which 

are usually generated with information from federal and neighboring states instead of 

available socioeconomic data. A national long-distance travel demand model can 

provide external trips for statewide models in base-year and future-year. According to 

Giaimo and Schiffer’s review (23) of statewide travel demand modeling developments, 

most statewide travel demand models in the U.S. do not consider long-distance travel.  
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However, this situation has started to change. Today more than 35 states have active 

modelling efforts to meet statewide policy and legislative development needs. The 

California Statewide Travel Demand Model (6)(CSTDM) is a tour-based travel 

demand model. It can forecast all types of travel, as well as long-distance trips made 

by California residents. Ohio’s statewide travel demand model (3) uses a state-of-the-

art tour-based modeling approach. It includes person travel for both short-distance and 

long-distance (larger than 50 miles). The long-distance travel models are developed 

based on the Ohio DOT’s sponsored long-distance travel survey data and can estimate 

the frequency and characteristics of long-distance travel for assignment on the 

transportation network. The Florida statewide travel demand model (10) (FLSWM) 

employs the traditional four-step model methods for passenger and freight travel in the 

state of Florida. The Maryland Statewide Transportation Model 1.0 (12)(MSTM 1.0) 

is a four-step travel demand model designed to generate link-level assignment for 

personal and freight travel. In terms of passenger travel, it models short-distance or 

urban personal trips for residents in the study area. The regional level model includes 

a long-distance travel model for both residents and visitors with trips longer than 50 

miles one-way. The Kentucky Statewide Travel Demand Model (7)(KYSTM) models 

the long-distance trips (over 100 miles) in Kentucky and parts of the neighboring states. 

The model adopts a modified four-step travel demand model, removing the mode 

choice module.  

National long-distance passenger travel demand analysis has been an understudied area 

in transportation planning. The lack of multimodal, long-distance, origin-destination 

data has seriously limited planners’ ability to conduct quantitative analysis of 
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operational effectiveness and infrastructure investment. As the nation and various 

states engage in funding transportation infrastructure improvements to meet future 

long-distance passenger travel demand (interstate highway tolling/expansion, high-

speed rail, and next-generation passenger air transportation system that relies more on 

smaller airports and aircrafts), developing a national Multimodal Travel Analysis 

System (MTAS) and an American Long-distance Personal Travel Program (LDPT) 

have become the priorities and fundamental work for planners when conducting 

national travel analysis.  

The developed national long-distance model used in this project is a person-based, 

activity-based national travel demand model for national travel analysis. All major 

behavioral dimensions of long-distance travel are considered. Compared to the 

traditional four-step approach, activity-based techniques offer several advantages: (1) 

it is easier to consider tours, multi-day and multi-stop trips, and intermodal 

access/egress transfers that are important for long-distance travel modeling; (2) 

households and persons are the basic units of analysis, which enable detailed behavioral 

representations and interactions; and (3) it provides a rich framework for analysis of 

travel as a multi-day, monthly, quarterly, or yearly pattern of behavior, derived from 

activity participation. There are also significant differences between long-distance trips 

considered in the current developed activity-based model and daily/weekly trips in 

metropolitan/state-level tour/activity-based models developed in previous research. For 

instance, long-distance trips usually take days or weeks and may involve car, airplane, 

train, bus, or a combination of modes. It is often the case that households first choose 

travel time for long-distance vacation trips based on time and budget before selecting 
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destination and mode. Categorization of trip purposes is also different for long-distance 

trips. Cost of travel for long-distance trips is not just travel disutility, but also includes 

lodging, food, etc. The same applies to the total travel time for long-distance, which 

usually covers not only in-vehicle travel time but also the ingress/egress time, transfer 

time, and lodge time. The lower frequency of long-distance travel may also imply a 

different decision-making process. 

The developed long-distance model used in this project is the first attempt to develop 

an integrated activity-based travel demand model system for an individual’s 

quarterly/yearly long-distance or national activities and travel in the U.S at the 

Metropolitan Statistical Area (MSA)/Non-MSA level, which is the highest geographic 

resolution in the long-distance travel survey data. The model system is developed 

considering the specific attributes of the long-distance travel, such as low frequency, 

long activity duration, long activity duration at intermediate stops on the tour legs, 

different sets of mode alternatives, etc. Therefore, the model system not only takes into 

account an individual’s long-distance travel at the tour level, but also at the stop level. 

National-level travel survey data are used to estimate the model components and 

provide the parameters for simulation. The model is implemented in our developed 

micro-simulation platform, which simulates each individual’s yearly long-distance 

activities and travel in the U.S. over the course of one year. 

The developed activity-based national travel demand model can forecast the long-

distance passenger trips made by auto, air, and train in the U.S. over a one-year period 

in a micro-simulation framework. The long-distance trip in the model system is defined 

as trips greater than or equal to 50 miles, one-way. For each long-distance activity, 
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there is only one tour destination or primary destination, and during each leg of the 

tour, there could be multiple intermediate stops. Econometric model developments are 

conducted for the multiple model components, which guarantee the maximum behavior 

realism.  

After deriving how many long-distance trips each person makes, the next step is to 

predict the tour characteristics, namely mode, destination, time of year, and duration. 

Each of these attributes are predicted using choice models. Figure 4 shows the model 

hierarchy for different trip purposes. The solid arrow indicates that the output of the 

upper level can be used as an explanatory variable at the lower level, while the dash 

arrow means that the expected utility of the lower-level models can affect the choices 

at the upper level. The hierarchy structure is different for business and pleasure trips; 

the long-distance pleasure activity requires people to consider their time availability 

prior to other decisions. When they have a period of time for pleasure, they will decide 

when to spend it, where to go, and how to go sequentially. In contrast, people engaging 

in long-distance business and personal business activities usually give priority to the 

decision of the activity location and time, including the time of year and duration, 

followed by the tour mode choice. All of these model components use either discrete 

choice models or duration model.  

After individuals have made decisions about their travel to the main destination, they 

will make plans for their trips on the way to and from the destination. The stop level 

structure predicts the information of the intermediate stops people would make during 

their inbound/outbound legs of a long-distance tour. The stop frequency model at the 

higher level determines the number of intermediate stops people will make on the way 
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to/from the tour destination. Once the number of stops on each tour leg is obtained, the 

purpose for each stop must be determined; the stop purpose category follows the same 

tour-level activity type, which are business, personal business and pleasure. At the 

lower tier of the stop-level structure, the location for each stop will be predicted with 

the similar method employed in the primary destination choice at the tour level.  

 

Destination Choice

Time of Year

Tour Duration

Tour Mode Choice

Business & Personal Business

Travel Party Size

Tour Duration

Time of Year

Destination Choice

Tour Mode Choice

Pleasure

Travel Party Size

 

Figure 4 Tour level procedure and model components 

 

The model system is implemented in the developed micro-simulation platform which 

simulates the individual’s yearly long-distance activities and travel in the U.S. with the 

input of the population data, the associated transportation OD skim data, and 

economic/demographic data.   
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5-2 Model Components 

The model system consists of three tiers (see Figure 5), 1) the yearly long-distance 

activity pattern level which estimates the number of different types of activities a 

person will choose during one year; 2) the tour level model system which contains 

choices of tour destination, time of year, tour duration, and tour mode; 3) the stop level 

model system which estimates the intermediate stop frequency, the purpose and the 

location of each stop made during the inbound and outbound legs of the tour.  

Yearly Activity Pattern

Tour Level Choice

Stop Level Choice

 

Figure 5 Activity-Based Long-distance Travel Demand Model System 

 

Table presents all the components used in the model. All the model components are 

estimated mainly based on the 1995 ATS data, and most of the models are estimated 

using discrete choice model (multinomial logit model) except the tour duration model. 

We use 80 percent of the data sample to conduct the model estimation, while the rest 

of 20 percent of the data sample to validate the estimated model. Appendix B explains 

each model component in detail. 
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Table 5 Long-Distance model components 

 

 

Model Component Level Output Model 

Activity Pattern Tour Level 

Number of Business, 

Personal Business and 

Pleasure activities in on 

year 

Multiple 

Classification 

Analysis (MCA) 

Travel Mode Choice Tour Level 

The Chosen mode from 

Air, Car and Train 

alternatives 

Multinomial Logit 

Model 

Time of Year Choice Tour Level 

The Chosen time of year 

for the tour from the choice 

set{Q1,Q2,Q3,Q4} 

Multinomial Logit 

Model 

Tour Duration Choice Tour Level 
Number of Days for a 

complete tour 

Hazard duration 

Model 

Travel Party Size 

Choice 

Tour Level 

Determines how many 

persons participating in 

the tour 

Multinomial Logit 

Model 

Tour Destination 

Choice 

Tour Level 

Determines the location 

of the tour’s primary 

destination at TAZ level 

Multinomial Logit 

Model 

Stop Frequency Choice Stop Level 

determines the number of 

intermediate stops people 

make on the way to tour 

destination 

Multinomial Logit 

Model 

Stop Purpose Choice Stop Level 
Determines the purpose of 

each stop 

Multinomial Logit 

Model 

Stop Location Choice Stop Level 
Determines the location of 

each stop 

Multinomial Logit 

Model 
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Section 6: Freight Model 

6-1 Overview 

The freight model is developed out of a recently completed SHRP2-C20 project and 

integrated into MSTM2. The model is a designed to be multi-layer, where freight flows 

and the resulting vehicles movements at the local level are informed by and are 

sensitive to changes at the upper level. For example, changes over time in the freight 

flows to and from a region influence the demand for long-distance truck travel, but also 

the need for additional local truck movements to facilitate local deliveries and pickups 

of shipments. 

The model represents the complete supply chain of good movements flowing in and 

out of the model region. This includes global suppliers and buyers who produce imports 

and consume exports, as well as business establishments across the country. That 

structure supports scenario testing to understand the impacts of changes in the economy 

over time, including different patterns of long haul domestic flows, and imports and 

exports as domestic and international trading partners change. 

The model also moves from a traditional trip-based approach to a more realistic tour-

based approach, where the travel patterns of trucks are modeled to mimic the routings 

that dispatchers and drivers develop. These more realistic travel patterns are inherently 

more responsive to the effects of congestion in the transportation system. 
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6-2 Model Components 

Figure 6 shows the architectural design of the tour-based statewide multimodal freight 

model. The proposed approach consists of three components. The first component is a 

national supply chain model that constitutes of synthesis of firms, buyer-supplier 

selection, distribution channel selection, mode choices, and shipment size. The second 

component is a regional truck tour-based model that consists of local delivery and pick-

up of shipments. Stop generation, choice, sequence, duration, and other tour 

characteristics are determined in this stage. Similarly, commercial vehicle tours are 

captured in the regional model. The third component is the statewide level, which 

integrates the output from the national and regional models to obtain an origin-

destination matrix with higher resolution in the core focus area and lower resolution 

outside of the core area of MSTM. In this version of model, regional truck trips are 

represented an in only include national truck trips 

 

National Model

National Supply 

Chain (Firms, 

Shipments, Modes)

Conversion to modal

trip tables

Regional Model

Regional Freight 

Truck Touring Model

Regional Commercial 

Vehicle Touring Model

Conversion to truck

trip tables

Conversion to truck

trip tables

Consolidation of 

truck trip tables

Multi-class Traffic 

Assignment

Validation and 

Sensitivity Testing
Statewide Model

Figure 6 Freight model components 



 

 

39 

 

Section 7: Integrated Model 

7-1 Overview 

A statewide transportation model involves both passenger and freight travels covering 

short-distance (shorter than 50 miles) and long-distance (longer than 50 miles) trips. 

Previous sections have introduced each individual model component of MSTM2. This 

section discusses how MSTM2 integrates the aforementioned model components and 

models the impacts of various types of travels on the statewide network. Generally, 

MSTM2 contains three main model components: an activity-based short-distance 

person travel model, an agent-based microsimulation long-distance person travel 

model, and a tour-based freight model. The outputs of these three model components, 

typically in the form of origin-destination (OD) matrices, are integrated and assigned 

to the statewide network so that the influences of different travel form on the Maryland 

region can be captured jointly.   

Unlike MSTM version 1, which was aggregated in nature, all model components in 

MSTM2 are at the individual level. In other words, all three model components in 

MSTM2 simulate the travel behavior of each individual travel agent. MSTM2 is also 

the first statewide model to feature individual-level travel analyses when modeling both 

passenger and freight trips. This feature enhances our understanding of individual 

travel behavior in the region and allows studies of person-based policy scenarios, such 

as variable-rate vehicle mileage pricing.  

MSTM2 provides two model running options. In the first option, only the short-

distance person travel component is executed (long-distance and freight components 
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are not executed for the interest of runtime). Demand inputs (i.e., OD matrices) from 

both long-distance and freight models are joined with the short-distance demand 

matrices before the multiclass assignment. This option applies to policy scenarios that 

impose insignificant impacts to long-distance and freight travels. In the second option, 

all three model components are executed. This option requires longer runtime but can 

reflect the effects of proposed scenarios on not only short-distance travels but also long-

distance and freight travels.  

7.2 Implementation and Applications 

MSTM2 is implemented in CUBE Catalog (Figure 7). Since all three model 

components are developed in different coding environments (e.g., C# and JAVA), 

CUBE Catalog provides a powerful platform to call various components, and takes care 

of network skimming and other intermediate steps. Additionally, CUBE Catalog comes 

with a very user-friendly graphical user interface (GUI), which makes it easier to 

manage various model components. It is very convenient to customize a model run 

regardless if one wants to run MSTM2 as a whole or only run a specific model 

component under the CUBE Catalog environment. 

MSTM2 is executed in numeric order as shown in Figure 7. Model components outside 

the black box are for preparation purposes and only performed for the first iteration. 

Specifically, Module 2 skims the initial transportation network and generates skim 

matrices for both highway and transit options based on the free-flow condition. Module 

3 either calls both long-distance and freight models or processes OD matrices from 

these two model components, depending on which run option is specified by the user. 
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Module 4 calls the population synthesizer PopGen to generate the synthetic population 

for the modeling area for the short-distance model. Modules inside the black box are 

executed iteratively until a pre-defined iteration number or specific model convergence 

criteria are met.  

 

 

Figure 7 MSTM2 Graphical User Interface 
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Within the black box, Module 7 calculates accessibility measures for the short-distance 

person travel model based on different network conditions. Module 8 calls TourCast, 

which is the model engine for the short-distance model. Module 9 combines demand 

inputs from all three model components and performs a multi-class assignment on the 

statewide network. Module 10 checks two criteria: model convergence requirement 

(typically gap-based convergence measures) and pre-specified iteration number. If 

either criterion is met, MSTM2 model run is terminated. Otherwise, modules within 

the black box will be executed for another iteration. 
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Chapter 3: Model Results 

Section 1: Overview 

This chapter focuses on MSTM 2.0 performance. First, various datasets which are 

required as the inputs for the model will be introduced. In the second section, the results 

for the base case run of year 2015 will be presented. Last section describes the effort 

for integrated model calibration and validation. Model’s results will be compared with 

different surveys and previous MSTM model in order to find the possible additional 

needs for model calibration and it will be shown how the model’s different components 

are calibrated accordingly. 

Section 2: Data 

2-1 Zone System 

At the statewide level, there are 5,314 Statewide Model Level Zones (SMZs) that cover 

Maryland, Delaware, Washington, D.C., and parts of Pennsylvania, Virginia, and West 

Virginia, as shown in Figure 8. The 151 Regional Model Zones (RMZs) cover the full 

U.S., Canada, and Mexico. RMZs are used for the multi-state commodity flow model 

and the long-distance passenger model only, and are eventually translated into flows 

assigned to networks and zones at the Maryland-focused (SMZ) level.  

The traffic analysis zones in the national travel demand model system are the 

Metropolitan Statistical Area (MSA) and non-MSA; that is, the remaining area of a 

state not belonging to an MSA. Therefore, the number of non-MSA is equal to the 

number of states in the U.S. A non-MSA is usually larger than a MSA, and it would be 
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desirable to divide the non-MSA into smaller zones (e.g., county or city) in the national 

travel demand model. The finest geographic resolution in the ATS data that is primarily 

relied on for model estimation is MSA and non-MSA. The United States include 3202 

counties and the MSA/Non-MSA consists of multiple counties or cities. Aggregating 

the counties or cities can give us the MSA and Non-MSA. Figure 8 shows the traffic 

analysis zone (TAZ) system in the national travel demand model. There are a total of 

380 zones (excluding Puerto Rico) covering the mainland of the United States, Alaska, 

and Hawaii. In the 1995 ATS sample data, there are a total of 208 zones (161 MSAs 

and 47 non-MSAs) used for model estimation. 

 

 

Figure 8 National Travel Demand Model Traffic Analysis Zone System 
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2-2 Highway Network 

This network was obtained by joining multiple planning networks from the following 

sources: Baltimore Metropolitan Council (BMC), Metropolitan Washington Council of 

Governments (MWCOG), Delaware Department of Transportation (DelDOT) 

Peninsula Model, and the National Highway Planning Networks (NHPN). This 

network is in GIS format. This network includes all necessary attributes for demand 

modeling, including but not limited to: number of lanes, functional classification, 

posted speed, and link prohibitions. The spatial coverage of the network is at the 

national level, with increased resolution within Maryland. The network attributes cover 

the following time periods: 2012, 2015, 2020, 2025, 2030, 2035, and 2040. In addition, 

this network is linked to the HERE network, and thus it also has access to HERE 

attributes. 

 The main attributes of this network include but are not limited: 

 Distance, in miles; 

 Free flow speed, in miles per hour; 

 Functional class; 

 Initial congested speed, in miles per hour; 

 Maximum daily lane capacity divided by 50 (service level “E”); 

 Off-peak toll, in cents; 

 Peak toll, in cents; 

 Posted speed Limit, in miles per hour; 

 Route name. 
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2-3 Transit Network 

Transit network is coded in Cube and includes all the transit facilities within the study 

area. The main components of the transit network are as follows:  

 Transit lines including Bus, Express Bus, Commuter Rail and Metro for 

peak and off-peak periods; 

 Non-Transit legs for peak and off-peak period for both drive and walk 

access; 

 Access and egress links; 

 Transfer penalties; 

 Fare system for different facilities 

 

2-4 Land-use 

2-4-1 Economic Data 

This section documents the development process of socio-economic data used in the 

MSTM statewide model components. Travel demand is derived from economic and 

demographic activities—primarily households by type and employment by industry. 

Socioeconomic data by SMZ were developed for the entire statewide model area with 

consistent categories and definitions, given the availability of source data. The socio-

economic data for the SMZs were developed for 2015 and then extrapolated to develop 

2040 (future year) model inputs. 
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2-4-1-1 Data Sources 

For employment data, Longitudinal Employment and Household Dynamics (LEHD) 

data is used. LEHD data provide categorized employment at census block. The 

American Community Survey (ACS) 2012 5-yr Estimate for Household is used for 

household data. The resolution of data is each census block group. Socio-economic 

data for BMC and part of MWCOG was received from SHA, which covered SMZs 

2001-4934 and 10 counties out of a total 65. Socioeconomic data for MWCOG were 

obtained from Round 9.0 Cooperative Forecasting: employment, population, and 

households, which used COG TAZ3722 zone system.  

 

LEHD Data 

LEHD provides 20 categories of employment, of which seven were created using the 

following break-downs. Total employment is the summation of all seven categories.   

 Retail: NAICS sector 42, 44  

 Office: NAICS sector 51, 52, 53, 54, 55, 56, 92  

 Industrial: NAICS sector 31, 32, 33, 48, 49, 22  

 Education: NAICS sector 61 

 Health: NAICS sector 62 

 Food: NAICS sector 72 

 Others: NAICS sector 11, 21, 23, 71, 81 
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ACS 5-yr Summary File 

ACS 5-yr summary file provides a five-year estimate between 2011-2015. This estimate is used 

because 1-yr or 3-yr estimates are not provided at block group level (their largest unit is 

county). The “Table B25001: Housing units” is used to obtain household and population data. 

The table has two components:  

 Estimates for each block group. Unique ID is LOGRECNO (Logical Record No.)  

 Geographic file, which provide a 12-digit Geographic Identifier (GEOID) for each 

block group and also serves as the crosswalk between LOGRECNO and GEOID.  

 

2-4-1-2 (Dis)Aggregation of Data 

Aggregation and disaggregation of data were necessary to develop the SE data at a consistent 

resolution. Since different data sources had different units (e.g., census blocks, census block 

groups, etc.), appropriate resolution level was chosen to accomplish the task.  

 

Census Block/Block Groups to SMZ Crosswalk 

 Use the shapefile for each state containing census blocks/ block groups 

 Use the shapefile provided by SHA 

 Perform “Spatial join” in ArcGIS to identify which SMZ each census block/ block 

group belongs to  

 Perform the procedure for every state and combine into a single spreadsheet illustrating 

the crosswalk for all the SMZs. 

 

 

 

 



 

 

49 

 

2-4-1-3 Methodology 

Base Year -2015 

 Employment 

o BMC: At the SMZ level, total employment and distribution of 

employment category is based on BMC Activity Based Model 

(ABM) 2012 (Round 8b).  

o MWCOG-within Maryland: At the SMZ level, the distribution 

of employment category is based on Round 9.0 Cooperative 

Forecasting: employment, population and households, which 

used COG TAZ3722 Zone system. 

o MWCOG-outside Maryland: At the SMZ level, the distribution 

of employment category is based on Round 9.0 Cooperative 

Forecasting: employment, population and households, which 

used COG TAZ3722 Zone system. 

o Non-MPO Region Maryland: At the SMZ level, the total 

employment is the aggregated value of the seven categories of 

employment. The LEHD data is used for the employment data 

and the distribution of employment category is based on NAICS 

codes, as mentioned in Section 2-4-1-1.  

o Halo regions: At the SMZ level, the total employment is the 

aggregated value of the seven categories of employment. The 

LEHD data is used for the employment data and the distribution 
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of employment category is based on NAICS codes, as mentioned 

in Section 2-4-1-1. 

Base Year -2015 

 Household 

o BMC: At the SMZ level, total household is based on BMC 

Activity Based Model (ABM) 2012 (Round 8b).  

o MWCOG-within Maryland: At the SMZ level, the household 

data is based on Round 9 Cooperative Forecasting: Employment, 

population and Households which used COG TAZ3722 Zone system. 

o All other areas in MSTM: Are based on census and ACS 2012 

 

Figure 9 shows the employment density for the SMZs within the Maryland. As it was 

expected DC and BMC areas has the SMZs with most employments rates. 

Figure 9 Employment density in Maryland 
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2-5 Population Data 

A critical input to an activity-based travel demand model is a synthetic population with 

socio-economic and demographic characteristics for each individual person and each 

household in the modeling region. MSTM2 employs the synthetic population generator 

PopGen to synthesize the population based on detailed samples of individual person 

and household records, and marginal control distributions at the aggregate level. This 

subsection focuses on introducing major data sources for population synthesis and the 

methodology for preparing sample data and control totals. 

 

2-5-1 Data Sources 

Census 2010 

The decennial U.S. Census provides information on all persons and households in the 

country and can be viewed at census block level geographic resolution (similar to the 

transportation analysis zone (TAZ) level). The 2010 Census focused on population and 

housing questions. The 2010 SF1 data is used to examine univariate distributions of 

households and persons across particular variables (e.g., households by household size 

and persons by sex or age). 

 

American Community Survey (ACS) 

The ACS is conducted continuously by the Census Bureau and provides a great deal of 

information that can be used for validation.  Because the ACS is conducted 

continuously, the Census Bureau can make data available every year rather than every 

10 years like the decennial census (though for a smaller samples of the population).  
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The ACS samples about one in every 40 addresses every year, or 250,000 addresses 

every month.  For areas with large populations (65,000 or more), survey estimates are 

based on 12 months of ACS data.  For all areas with populations of 20,000 or more, the 

survey estimates are based on three years of ACS data.  The Census Bureau produces 

estimates for all areas, down to the census tract and block group levels, based on five 

years of ACS data.  One, three, and five-year estimates based on survey data including 

the data from 2011 are currently available. 

The ACS provides data on housing and population not available from the 2010 Census.  

Information includes: 

 Population characteristics 

 Age 

 Sex 

 Relationship to head of household 

 Income 

 Employment information including labor force status, industry and 

occupation 

 Journey to work information 

 Household characteristics 

 Vehicles available 

 Income 

 Tenure 

 Housing value 

 Rent 
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ACS Public Use Microdata Sample (PUMS)  

The Public Use Microdata Sample (PUMS) consists of individual records of the 

characteristics for a sample of person and housing units in the ACS. The PUMS dataset 

includes variables for almost every question in the ACS. The Census Bureau produces 

the PUMS files so that data users can create custom tables that are not available through 

pre-tabulated (or summary) ACS data products. ACS PUMS files are available for one 

individual year, three years, and five years, and contain approximately 1, 3, and 5% of 

the United States population, respectively. 

 

2-5-2 Methodology for population synthesis 

Sample Data 

We use 2006-2010 5-year American Community Survey (ACS) Public Use Microdata 

Sample (PUMS) as the sample data. 

 

Marginal Data 

For the base year 2015, Census 2010 and 2011-2015 5-year ACS data are used to 

generate control totals. Since ACS data are available at the Census Block Group (BG) 

level. Following steps are taken to ensure ACS information can apply to the MSTM 2 

TAZ level: 

 Rule 1: If BG and TAZs boundaries match exactly then use census seeds 

and MSTM 2.0 Households; 
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 Rule 2: If multiple TAZs are within a BG, then apply seed of one BG to 

all TAZs; 

 Rule 3: If multiple BGs are within a TAZ, then take average of the seeds 

and then apply to one TAZ. 

For the future year 2040, control totals are derived from the base year control totals and 

the future year land use projections. The base year proportions are multiplied with the 

2040 land use projections to generate future year margins. 

 

Control Total Variables 

At the county level: 

 Household variables: Household number of workers by household 

income (20 categories)  

 Person variables: Person gender by age (36 categories) 

 Group quarter variables: Total number of group quarters 

At the TAZ level: 

 Household variables: Household size, household income (the order of 

the two variables does matter) 

 Person variables: Person employment status 

 Group quarter variables: Total number of institutional group quarters, 

total number of non-institutional group quarters 

Agent Types: Household, Groupquarter and Person. 

Control Level: Region level control: County level and Geo level control: TAZ level 
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2-5-3 Sample Results 

One of the most determinative input variables for the model is the household income 

group. The model is segmented for income level and therefore can be used to analyze 

scenarios where different income groups would be treated differently. For instance, in 

the next chapter where the effect of fuel price change on travel behavior is analyzed, 

one important factor is to assess how different income groups would respond to such a 

change. Figure 10 to 12 show a summary of the outputs of PopGen for households in 

the study area. 

 

 

Figure 10 - Household Characteristics by income group 
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Figure 11- Share of HH Income Groups 

 

Figure 12-  Share of HH Income Groups By Region 
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2-5-4 Population Validation 

In order to check the PopGen output for the short-distance model some level of 

validation is needed. The validation was done against the ACS data and the goal was 

to confirm that control variables from census data have been maintained (within ±3 

percent). The General trends of data were also reviewed to detect the possible outliers. 

Table 6 to 8 shows an example of the person-level employment distribution validation 

for BMC, Maryland non-BMC and Halo Area. The percentage of differences between 

PopGen and ACS data is within a reasonable range for most regions. 

Table 6 Employment density in Maryland 

 

County 

Difference of ACS and PopGen 

male female 

Balt City 17% 9% 

Balt Cnty 3% 6% 

Anne Arundel 6% 10% 

Haward 1% 8% 

Carroll 4% 12% 

Harford 1% 9% 

BMC Region 6% 8% 

MO/PG/FR 3% 6% 

Wash DC 11% 12% 

All Region 5% 8% 
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Table 7 Employment density in Maryland non-BMC 

 

 

 

 
Table 8 Employment density in halo 

County 

Difference of ACS and 

PopGen 

Male Female 

Allegany, Garrett -4% 3% 

Washington -2% 0% 

Cecil, Kent -2% 2% 

Caroline, Dorchester, Queen Anne's, Talbot -3% 4% 

Somerset, Wicomico, Worcester -7% -1% 

Calvert, St. Mary's -3% 5% 

Charles -2% -2% 

Region Total -10% -2% 

County 

Difference of ACS and PopGen 

male female  

New Castle County 0% -1% 

Kent County -1% -2% 

Sussex County -2% 2% 

Delaware -1% -1% 

Fayette County 11% 1% 

Somerset County 3% 1% 

Fulton County,Bedford County 10% 9% 

Adams County -6% -2% 
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Franklin County -2% 4% 

York County 0% -1% 

Lancaster County -2% 4% 

Chester County 1% 0% 

Pennsylvania 0% 1% 

Preston -9% -7% 

Berkeley,Grant,Hampshire,Jefferson,Mineral,Morgan -1% -2% 

Tucker 18% 17% 

West Virginia -1% -2% 

Arlington -1% -3% 

Alexandria 0% -3% 

Fairfax County -12% -14% 

Falls Church -16% -18% 

Fairfax -8% -7% 

Prince William -10% -9% 

Manassas,Manassas Park -8% -3% 

Loudoun -1% 2% 

King George,Stafford -1% 2% 

Fredericksburg -6% 0% 

Accomack,Northampton -6% -11% 

Virginia -8% -8% 

Region Total -6% -9% 
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2-6 Freight model input data 

Table 9 shows five broad categories of input data needed for the freight model. 

Table 9 Employment density in Maryland 

 

Input Data Type 
Input Data Need 

and Purpose 
Source Description Availability 

Employment 

Data 

County Business 

Pattern (CBP) 

Data 

U.S. Census 

Establishments 

and Employment 

by industry 

Available 

Maryland 

Department of 

Planning (within 

MD) 

 
Parcel level 

employment 
Needed 

NETS (outside 

MD and within 

MSTM) 

NETS 

National 

Employment 

Time Series 

(NETS) Point 

level 

employment 

Needed 

Local 

Employment and 

Household 

Dynamics 

(LEHD) 

U.S. Census 

Employment by 

quarter with 15 

NAICS code 

Available 

Economic Data 

Input-Output 

Make-and-Use 

Tables 

U.S. Bureau of 
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NAICS Input-

Output industries 

Freight Flows 

FAF3 

Commodity 

Flows (or FAF4 

if available) 

FHWA 

Commodity 

flows between 

FAF3 zones 

Available 

Truck Trip 

Origins and 

Destinations 

American 

Transportation 

Research 

Institute 

Sample of truck 

trips by county 

and TAZ origin-

destination 

Needed 

Commodity-

Flow Survey 

(CFS) 

FHWA 

Shipment size 

distributions by 

commodity 

Available 

Network 

Elements 

Network links 

ORNL and US 

Army Corps of 

Engineers’ 

Rail (ORNL), 

and waterway 

network ( US 

Army Corps of 

Engineers’) links 

Needed 

Transport and 

logistics nodes 

(TLN) 

ORNL, BTS 

Intermodal nodes 

provided 

connections 

between 

networks 

Needed 

Distribution 

Center Locations 
InfoGroup 

Warehousing 

and distribution 

locations for 

routing 

shipments 

Needed 

Validation and 

Other Data 

Truck Counts State DOT 

Medium and 

heavy truck 

counts 

Available 

Weigh-in-

Motion Data 
State DOT 

Truck weight 

distribution 
Needed 
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Section 3: Base Case Results 

As a base case for future comparisons, a full model run with 3 iterations is 

implemented. As it was mentioned earlier, input data, including land use data and 

synthetic population, are for year 2015. Total population modeled in short distance 

component is 11,577,247.  

As it was explained in chapter 1, at this stage, the long distance and freight model can 

be considered as external inputs to the assignment level since they only run one time 

and their corresponding OD trips will be added to the assignment. At the end of each 

iteration, all trips from the three sub models are assigned and generated skims will be 

returned to the models for next iterations. The convergence criteria to determine the 

number of loops is the difference of average link between subsequent iterations and 

threshold is 10% difference of average volumes.  The complete run of the model needs 
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State DOT) 

Complete 

restricted dataset 

of Carload 

Waybills 

Needed 

T-100 Data BTS 

Air freight 

segment and 

market data 
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Import/export 
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Port 
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about 6 days for each iteration, therefore we may opt to stop the run when we have a 

stable result for two consecutive iterations even if the convergence criteria have not 

been met yet. The following results belong to a three-iteration run of the model and we 

will see in the following sections how the results will converge through iterations. 

 

3-1 Short-Distance Model Results 

Short-distance model, as the core component of the MSTM 2.0, forecasts all the 

behavioral dimension of travelers in the study area. The first step in the model is to 

generate agents based on synthetic populations. Table 10 and Table 11 and show the 

summary of model data for person and household levels. 

Table 10 Short-distance person level variables 

 

Variable Description mean sd min max 

HHINC5S 

Zero based - 5 
segment income 
class (<15K, 15-
30K, 30-50K, 50-

100K, > 100K) 

2.944 1.216 0.000 4.000 

HHZON Zone of the HH   1.000 6475.000 

PERSONID Person ID     

AGE Age in years 37.480 22.340 0.000 95.000 

GENDER 
Gender (1 = male, 

2 = female) 
1.525 0.499 1.000 2.000 

EmpStatus 
Employment 

status (1 = worker) 
0.525 0.499 0.000 1.000 

SchStatus 
School status (1 = 

student) 
0.233 0.423 0.000 1.000 

cType 

Child sub-type 
1 - <5 yrs 

2 - 5-10yrs 
3 - 11-13 
4 - 14-15 
5 - 16-17 

    

HCHILD1 
Number of Child1 

in HH 
0.255 0.604 0.000 8.000 
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HCHILD2 
Number of Child2 

in HH 
0.616 0.984 0.000 9.000 

HCHILD3 
Number of Child3 

in HH 
0.116 0.361 0.000 6.000 

HSTUD 
Number of Adult 

Student in HH 
0.124 0.450 0.000 7.000 

HFTW 
Number of Full 

time worker in HH 
1.407 0.946 0.000 11.000 

HPTW 
Number of Part 

time worker in HH 
0.228 0.483 0.000 5.000 

HNWA 
Number of non-
working adult in 

HH 
0.310 0.544 0.000 7.000 

HSEN 
Number of senior 

in HH 
0.182 0.453 0.000 11.000 

HHSIZE Household size 3.238 1.571 1.000 16.000 

HCHILDREN 
Number of 

children 
0.987 1.222 0.000 11.000 

HNOCHILDRE 
Zero children in 

household 
0.496 0.500 0.000 1.000 

HWORKERS 
Number of 

workers 
1.635 0.965 0.000 11.000 

HADULTS Number of adults 2.251 1.048 0.000 12.000 

ADULT1KIDS 
Single adult with 

1+ children 
0.060 0.237 0.000 1.000 

HH1PERSON 1 Person in HH 0.121 0.327 0.000 1.000 

HH2PERSON 2 People in HH 0.259 0.438 0.000 1.000 

WORKVOT 
Work tour value 

of time 
(cents/minute) 

15.352 15.028 0.152 566.026 

NONWORKVOT 
Non-work tour 
value of time 

(cents/minute) 
10.235 10.019 0.101 377.350 

WORKTC 
Work tour time 

coefficient 
-0.024 0.021 

-
0.653 

-0.001 

NONWORKTC 
Non-work tour 
time coefficient 

-0.016 0.014 
-

0.435 
0.000 

PARCELID Parcel ID 1670733.789 761846.816 1.000 2319339.000 

INTDEN 
Intersection 

density within 1/2 
mile buffer 

66.751 106.847 0.000 1062.202 

EMPDEN 

LN(1 + 
Employment 

density) within 
1/2 mile buffer 

0.955 1.196 0.000 9.243 
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DEN_HH 
LN(1 + Household 

density) within 
1/2 mile buffer 

0.993 1.059 0.000 11.698 

 

 

Table 11 Short-distance household level variables 

 

Variable Definition mean sd median min max 

HHINC5S 

Zero based - 5 
segment 

income class 
(<15K, 15-30K, 

30-50K, 50-
100K, > 100K) 

2.67 1.35 3.00 0.00 4.00 

HHZON 
Zone of the 

HH 
   1.00 6475.00 

HCHILD1 
Number of 

Child1 in HH 
0.15 0.46 0.00 0.00 8.00 

HCHILD2 
Number of 

Child2 in HH 
0.35 0.75 0.00 0.00 9.00 

HCHILD3 
Number of 

Child3 in HH 
0.07 0.28 0.00 0.00 6.00 

HSTUD 
Number of 

Adult Student 
in HH 

0.09 0.36 0.00 0.00 7.00 

HFTW 
Number of Full 
time worker in 

HH 
1.11 0.88 1.00 0.00 11.00 

HPTW 
Number of 
Part time 

worker in HH 
0.17 0.42 0.00 0.00 5.00 

HNWA 
Number of 

non-working 
adult in HH 

0.27 0.49 0.00 0.00 7.00 

HSEN 
Number of 

senior in HH 
0.24 0.48 0.00 0.00 11.00 

HHSIZE 
Household 

size 
2.45 1.39 2.00 1.00 16.00 

HCHILDREN 
Number of 

children 
0.07 0.37 0.00 0.00 2.00 

HNOCHILDRE 
Zero children 
in household 

0.57 0.96 0.00 0.00 11.00 

HWORKERS 
Number of 

workers 
0.67 0.47 1.00 0.00 1.00 
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HADULTS 
Number of 

adults 
1.28 0.90 1.00 0.00 11.00 

ADULT1KIDS 
Single adult 

with 1+ 
children 

1.88 0.91 2.00 0.00 12.00 

HH1PERSON 1 Person in HH 0.06 0.23 0.00 0.00 1.00 

HH2PERSON 2 People in HH 0.30 0.46 0.00 0.00 1.00 

WORKVOT 
Work tour 

value of time 
(cents/minute) 

0.32 0.47 0.00 0.00 1.00 

NONWORKVOT 
Non-work tour 
value of time 

(cents/minute) 
14.21 14.39 9.98 0.15 566.03 

WORKTC 
Work tour 

time 
coefficient 

9.48 9.59 6.65 0.10 377.35 

NONWORKTC 
Non-work tour 

time 
coefficient 

-0.02 0.02 -0.02 
-

0.65 
0.00 

PARCELID Parcel ID -0.02 0.01 -0.01 
-

0.44 
0.00 

INTDEN 

Intersection 
density within 

1/2 mile 
buffer 

1644374.13 772840.30 2059832.50 1.00 2319339.00 

EMPDEN 

LN(1 + 
Employment 

density) within 
1/2 mile 
buffer 

73.11 113.87 15.35 0.00 1062.20 

DEN_HH 

LN(1 + 
Household 

density) within 
1/2 mile 
buffer 

1.05 1.29 0.49 0.00 9.24 

 

For the year 2015, there are 37,785,574 number of trips in the study area which means 

people, on average, make about 3.2 daily trips. For further investigations on trip rates, 

a more detailed comparison of short distance model results has been conducted. Table 

12 shows the demand comparison of short-distance models for trips for which either 

origin zone or destination zone is located in Maryland, respectively. 
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Table 12 . Short-Distance Models’ Number of Trips Comparison (either Origin or Destination 

Located in Maryland) 

 

Short-Distance Model Comparison (From MD or to MD) 

MSTM1 MSTM2 Difference (%) 

AM 3388684 AM 3581974 5.703984202 

PM 4978283 PM 5209251 4.639511253 

MD 8131125 MD 4397203 -45.92134545 

NT 3645680 NT 2624270 -28.01699546 

Total 20143772 Total 15812698 -21.50080928 

 

Note that there is a small shift in the definitions of time periods for MSTM 1 and 

MSTM 2 which are shown in table 13. The base year of MSTM 1 is 2012. 

Table 13 Employment density in Maryland 

 

Time Period MSTM1 MSTM2 

AM Peak 6:30 am - 9:30 am 6:30-9:30 

Mid-Day 9:30 AM - 3:30PM 9:30:00 AM- 3:00PM 

PM Peak 3:30 PM - 6:30 PM 3:00 PM- 7:00PM 

Night 6:30 PM - 6:30 AM 7:00 PM- 6:30AM 

 

The main difference in trip rates are for off-peak period in which MSTM 1 predicts 

more trips for Maryland. 
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Daily activity pattern is one of the first modules in the short-distance model. As it was 

discussed in chapter 2 and shown in figure 13, there are multiple types of tours defined 

in the model framework such as Mandatory, Individual Non-Mandatory, Fully Joint or 

some combinations of these types. Mandatory tours include work, university and 

school tours. Non-Mandatory tours might have different purpose defined in the model. 

Figure 14 and 15 show the tour purpose share for non-mandatory and fully joint tours. 

Time of day choice is an important activity choice dimension which gives valuable 

insight for analyzing temporal transportation policies. Figure 16 shows the profiles for 

both arrival and departure time for mandatory and non-mandatory tours. Mandatory 

Figure 13 Employment density in Maryland 
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tours usually have a regular timeline and are scheduled by sets of regulations, whereas 

as non-mandatory tours potentially could happen whenever traveler has free time and 

opt to make such a tour and therefor the time profile is more fluctuated.  
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Figure 14 Tour purpose share of Non-Mandatory  tours 
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Figure 15 Tour purpose share for fully joint tours 
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Some other outputs of the models are directly related to the applications and therefore 

will be analyzed in the next section alongside the scenario results. But, to get a better 

perspective of the model performance it would be vital to compare the results with 

available ground truth datasets. It also would be helpful to compare the different sub-

models among different regions to detect the possible sources of drawbacks.  

Figure 17 and Figure 18 show the mode share and work-trip length distribution for all 

regions in the study area. Distributions look reasonable and there is not any specific 

outlier. In general, BMC and DC area have a more significant share of transit which is 

aligned with their built environment. The other important observation is that the share 

of trips less than 5 miles is almost zero for all the halo region. Many people residing in 

these areas has to drive a long way to get to their work location.  

Figure 17 Calibrated mode share distribution by region 
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Figure 18 Calibrated work-trip length distribution by region 

 

3-2 Calibration and Validation 

2009 NHTS survey and 2007-2008 TPB HHTS can be used to compare the generated 

trip rates, number of trips generated by purpose, time-of-day choices, and mode shares. 

Since NHTS 2009 did not provide detailed origin and destination location of each trip, 

an apples-to-apples comparison of generated trips based on their origin and destination 

location is impossible. On the other hand, 2007-2008 TPB HHTS has the origin and 

destination location of each trip based on BMC area zone structure, which makes it 

possible to compare the integrated model results against this survey data in more 

details. Table shows the comparison of number of trips generated for MSTM2 model 
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and the 2007-2008 TPB HHTS survey results. HHTS samples are expanded to 

population using provided weights. 

Table 14 MSTM2 Number of Trips Generated Comparison to TPB HHTS Survey 

 

Number of generated trip 

Time 

Period 

MSTM2 results 

for HHTS area 

Trip 

Ratio 

HHTS results 

Trip 

Ratio 

Difference 

(%) 

AM 3200584 22.43 3212755 19.54 -0.38 

PM 4581328 32.11 5566065 33.85 -17.69 

MD 4134866 28.98 5110478 31.08 -19.09 

NT 2352439 16.49 2554356 15.53 -7.90 

Total 14269217 100 16443654 100.00 -13.22 

 

Comparison of time-of-day distribution is shown in table 15 and figure 19. The number 

of generated trips is calculated based on MSTM2 time period definition for both HHTS 

and NHTS data survey. Time-of-day for MSTM2 is calculated based on three different 

scenarios, including time-of-day choice for trips for which either origin or destination 

is located in Maryland, trips for which both origin and destination are located in 

Maryland, and trips generated in HHTS survey study area. 
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Table 15 Comparison of Time-of-Day Choice between Integrated Model Result and Surveys 

 

 

 

Trip length distribution between the model and NHTS survey was analyzed (Figure 

20). In order to have a geographically consistent comparison, the comparison is focused 

on trips made by households in Maryland. The trip length is segmented into 5 intervals 

from 0 to 50 miles. 

Time-of-Day 

Time 

Period 

MSTM2 (From MD or to 

MD) 

MSTM2 (From MD 

and to MD) 

MSTM2 

(HHTS Study 

Area) 

2009 

NHTS 

TPB HHTS 

Survey 

AM 22.65 22.87 23.22 18.52 19.54 

PM 32.94 32.77 33.31 27.82 33.50 

MD 27.81 27.80 26.96 38.59 31.13 

NT 16.60 16.56 16.51 15.08 15.83 

Total 100.00 100.00 100.00 100.00 100.00 

0.00 10.00 20.00 30.00 40.00 50.00 60.00 70.00 80.00 90.00 100.00

MSTM2 (From MD or to MD)

MSTM2 (From MD and to MD)

MSTM2 (HHTS study area)

NHTS 2009

HHTS survey

AM PM MD NT

Figure 19 Comparison of time-of-day choice between integrated model result and surveys. 
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Figure 20 Comparison of trip length distribution for Maryland residents. 

 

MSTM2 trip mode choice results were validated against the ACS 2015 dataset that 

devoted a section to work trip mode choice. The work trip mode choice was compared 

for Maryland and Washington, D.C. (Figure 21) and non-Maryland (Figure 22) 

separately. ACS 2015 contains work trip mode choice information for 10 Maryland 

counties, the District of Columbia, and 10 counties outside of Maryland that were 

considered in MSTM2 short distance model. Note that, ACS only includes full-time 

workers, however, MSTM consider both full-time and part-time workers for work trips. 
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Figure 21 Validation of work trip’s mode choice for Maryland and District of Columbia. 
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Figure 22 Validation of work trips mode share for non-Maryland area. 
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Figure 23 and Figure 24 show the mode share and work-trip length distribution by 

region. The unexpected observation in these two figures is the high walk mode share 

and high percentage of zero-length trips in some Halo zones. These observations 

indicated a need for calibration of the destination choice and the mode choice models 

in the Halo area. 

 

 

 

 

 

Figure 23 Mode shares by region. 
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The calibration of model parameters and skims was performed for the Halo area to 

decrease the walk mode share and shift the trips to destinations further away from the 

origin. Figure 25 and Figure 26 show the calibrated distributions that better match the 

expectation 

 

 

.  

 

Figure 24 Work-trip length distribution by region. 
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Figure 25 Calibrated mode share distribution by region. 

 



 

 

81 

 

 

Figure 26 Calibrated work-trip length distribution by region. 

 

The other model components did not show any signs that indicate a need for the 

calibration 
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3-3 Long Distance Model Results 

The long-distance model was run for base year 2015 in order to obtain trip OD results. 

Some levels of modification are needed to be done on model outputs in order to use 

them in the integrated model, along with short distance and freight model components. 

As mentioned earlier, original model zone level is MSA/non-MSA, which makes the 

results incompatible with other model components, so a disaggregation from MSA 

level to TAZ level is needed. Outputs of the original long-distance model are trip tables 

separated by mode, purpose, and quarter. Quarterly trip tables produced by the long-

distance model contained the number of trips during the entire quarter for each 

combination of purpose and mode between each of the two zones. For the MTSM 2.0 

project, long-distance trip tables must be integrated with short-distance and truck trip 

tables to be used in daily assignment, so it was required to convert quarterly trips to 

daily trips. The conversion process was done using beta regression (16). The standard 

output of the model gives 48 separate results (4 quarters* 4 purposes * 3 modes). 

Different aspects of results can be analyzed through the model outputs. For the 2015 

base year, the car mode had the largest portion of trips with about 90% of all trips, 

while about 10 % of people uses air mode and less than 1 % use train for their trip. The 

shares of different trip purposes were 52% for pleasure, 32% for business and 16% for 

personal business. The results also show that 47% of business trips used air mode while 

this number shrinks to 10% in the case of pleasure trips, meaning that car was a more 

popular choice when the trip purpose is pleasure. For year 2015, a total of 714,334 

long-distance daily trips were made by air mode, 7,721,989 made by car and 194,200 

made by train. This means that each person in US makes about 9.8 long-distance trips 
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in one year. Figure 27 shows the daily long-distance trips coming to the MSTM 2.0 

study area from the entire US; Closer states have a higher daily rates for car trips 

between each other as we expected. 

Figure 28 shows the long-distance trip distribution originating from Maryland to other 

states and coming from other states to Maryland for air mode. Only 10 states with the 

highest trip rates are shown. In contrast to car mode, for air trips, states with the highest 

population across the U.S., such as TX, CA, and FL, had the most share of the trips.  

 

 

 

Figure 27 Car mode long distance trips to attracted to study area 
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In order to check the accuracy of the model, results are validated with other data 

sources, which are mainly the output of other demand models. The total number of 

long-distance trips attracted by Maryland and total number of long-distance trips 

generated from Maryland are between three different sources for validation. Figure 29 

shows the comparison.  

0

100

200

300

400

500

600

700

800

TX CA FL NY PA HI VA IL MN NC

Air Mode Long-Distance Daily Trip Generation from 
Maryland

Figure 28 Air mode long distance trip generated from Maryland 
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Figure 29 Comparison of long-distance trips with other models 
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As shown, number of trips attracted to Maryland is equal to number of trips generated 

from Maryland in all datasets as they are all obtained from balanced models. MSTM1 

is the first version of the Maryland state-wide transportation model that was developed 

based on a traditional four-step model. CDM-Smith data is derived from Multimodal 

Interregional Passenger Travel Origin Destination Data for FHWA, which was 

conducted by the C.D. Smith team. RSG data is the long-distance passenger OD 

estimated by RSG company. 

Definition of long-distance trips are different among some of these datasets, for 

instance CDM-Smith dataset defines long-distance trips as trips longer than 100 miles, 

while other datasets define long-distance trips as trips longer than 50 miles. However, 

number of predicted trips is not significantly different among these datasets. 

 

3-4 Freight Model Results 

The output of the freight model is the Truck trips tables for all TAZs in MSTM 2.0 

zone structure. Figure 30 show the aggregate attracted daily truck trips to study area. 

Unlike the long distance car trips commodity flow is not only affected by distance and 

therefore we can see many western states generates more trips than eastern closer states.  
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Figure 30 Daily truck trips to study area 

 

3-5 Integrated Model Results 

MSMT 2.0 uses a static assignment approach. Number of iteration are set to be 30 at 

maximum to reach the equilibrium in link volumes. As stated earlier, integrated model 

goes through a number of iterations. In each iteration skims will be generated the last 

level and will be returned to the model. Also, the convergence criteria will be checked 

at the final stage. The initial results of the models show that after fourth iteration the 

changes are very small. It is worth looking at the assigned volumes through all the 

iterations to better understand the trend in model convergence.  

For evaluating the model performance volumes are validated against the available 

count data. The hourly count data is available for 9021 of the links in the Maryland 

which is about the 2.8% of total links in the study area. MSTM 2.0 assign trips into 

four time periods. In order to compare the volume for each time period, hourly count 

data should be aggregated. The precision of count data is 1-hour, however model time 
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periods needs half hour counts, therefor, in case it is needed we allocate the hourly 

count data evenly into half-hour periods. For instance, AM period is 6:30-9:30 AM for 

Volume data and its corresponding count data is calculated based on the following 

equation: 

#ÏÕÎÔ !- 0ÅÒÉÏÄ 

 πȢυz  #ÏÕÎÔ χ  #ÏÕÎÔ ψ  #ÏÕÎÔ ω  πȢυz #ÏÕÎÔ ρπ 

Equation 1 

 

After each model iteration, link volumes are compared with count data to better 

understand the improvement in model performance. Figure 31 shows the scatterplot of 

modeled versus observed traffic volumes by link in AM period. Each of the three plots 

belongs to one iteration of the integrated model.  
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As it was expected from iteration 1 to iteration 3 volumes are getting closer to count 

data and points are less scattered. Iteration 3 results for all time periods look reasonable. 

The other observation is that links with higher volume dominate the observations, 

whereas links with lower volume are dominant in the night period.  

 

 

 

 

Figure 31 Scatterplot of Volumes versus Count Data for AM Period 
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Figure 32 shows the total volume scatterplot after final iteration. R2 is about 0.8 which 

is reasonable. 

 

 

VMT is essential for state long-term planning applications and can be used as a critical 

evaluation of the model. Table 16 shows the comparison of model results and SHA 

estimations for different regions (24). Note that annual VMT models are simply 

calculated as 365*total daily volume. The model estimated does not include the 

centroid connectors counts in the network and therefore these estimates are 

underestimating the total VMT. 
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Figure 32 Scatterplot of Total Volumes versus Count Data 
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Table 16 Comparison of VMT by regions in Maryland 

 

 

Figure 33 shows the links with the highest volumes for the AM period of the study area. 

The red links are links which have volume higher than 20,000 vehicles in the AM 

period. I495 in Virginia, I70 and I95 form DC to Baltimore are among the links with 

highest volume as expected.  

TTI, Travel Time Index is an index for measuring congestion. It is the ratio of free flow 

travel time to peak period travel time. TTIs were calculated for all the links based on 

travel times form AM and NT period. Figure 34 shows the links with TTI>2, which in 

Region 

Annual VMT(billions) 

SHA Estimation Model Results 

BMC 25.6 21.13 

Washington Metropolitan 19.5 17.04 

Western Maryland 3.0 2.7 

Southern Maryland 5.9 2.33 

Eastern Shore 3.3 4.85 

Total 57.3 

  

48.14 
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practice are considered as severely congested links. Major congestions occur in DC 

area and I495 and I66 in Virginia 

 

 

 

 

Figure 33 Statewide Links with highest volumes in AM peak (more than 20000 vehicles) 
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Figure 34 congested links with TTI>2 in DC area 



 

 

93 

 

Chapter 4: Fuel Price Scenario 

Section 1: Background 

Fuel price, as the main part of auto operation cost, can directly influence travel patterns. 

Total fuel costs on average account for 22.6% of total transportation cost (25). The 

domain of effects can be from the first level choices such as vehicle ownerships and 

work locations choices through the last level choices such as mode choice for each 

single trip. Therefore, it should be considered as one of the main inputs for all the 

activity-based models. 

US experienced dramatic swings in oil price for different time periods. During 1970s, 

and after the oil crisis, fuel price increase caused significant travel behavioral changes 

including but not limited to reduced driving, more inclination toward more fuel 

efficient vehicles, shift in travel mode and change in residential location.  

In recent years, the crude oil price has driven large fluctuations of the market fuel price 

(26) (Figure 35) (EIA, 2017). We have seen fuel price volatility in the mid-2000s, with 

prices increasing on the order of 3 to 4 times. Travelers might respond to the fuel price 

changes in different ways. They could adjust their travel behavior, driving habit and 

even change their vehicle type to more fuel-efficient ones (27) According to the CBO 

study on evaluating the effects of the fuel price increase in a metropolitan area where 

the transit is available, it shows that for every 50 cents increase in the retail fuel price, 

there is a 0.7 percent decrease in the number of freeway trips.  
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Figure 35 Retail Gasoline Price Changes 

 

There are several studies investigating the effect of fuel price change. While most of 

them have focused on changes in fuel demand, vehicle ownership and VMT, only a 

few considered the effects on other dimensions of travel activities. In transport studies 

there are multiple demand elasticities that are considered in this respect; elasticity of 

fuel demand with respect to fuel price change, elasticity of fuel economy to fuel price, 

elasticity of vehicle ownership to fuel price and elasticity of travel demand to fuel price 

are among the most important ones. These elasticities can be defined for both long-

term and short-term decision making processes. Table 17 summarizes what have been 

reported in literature for these measurements. In this table, ef, efe evmt  evo  refer to fuel 

demand elasticity, fuel efficiency elasticity, vehicle miles travels elasticity and vehicle 

ownership elasticity to fuel price, respectively.  
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Table 17- literature review of different fuel price elasticities 

 

 

Though slightly different, the coefficients seem to be in consistent range. It seems 

different methods and data types tend to yield a reasonable degree of consistency. In 

general, long-term elasticities have bigger magnitudes which is intuitive; people 

usually need some time to adopt to changes. The elasticity of fuel demand is higher 

Source Findings 

Short-term Long-term 

M. Brons et al. (28) ef = −0.36, efe   = .09,  

evmt = -0.12, evo = -

0.08 

ef = -0.81, evmt = -0.12, 

 evo = -0.29, efe =-0.24 

Graham and Glaister (29) ef = –0.25, evmt = -

0.15 

ef  = –0.77, evmt = -0.31 

Espey (30) ef = –0.26 ef = –0.58 

Hanly et al. (31) ef = –0.25, evmt = -

0.10 

evo = -0.08 

ef = –0.64, evmt = -0.30 

evo = -0.25 

Goodwin et al (32) evmt = -0.10, ef = –

0.25 

evmt = -0.30, ef = –0.60 

Graham and Glaister (33) evmt = -0.16 evmt = -0.25 

Odeck and Johansen (34)  evmt = -0.11, ef = –

0.26 

evmt = -0.24, ef = –0.36 
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than travel demand, meaning that people are more resistant to changing their travel 

behavior. The car ownership seems not to be elastic at all in short-term, however, it 

would be much more elastic to fuel price change in long-run. 

Studies which have been focusing on fuel price elasticities are more based on economic 

literature. Various econometrics models have been developed to estimate fuel price 

elasticities. For instance, Odeck and Johansen used ECM and Dynamic models in their 

research to derive the elasticity (34) or Brons et al. applied Seemingly Unrelated 

Regression (SUR) model in this content (28). However, these methods usually 

disregard the behavioral fundamental of travel activities. Changing the fuel price might 

influence different levels of travelers’ decision making process. To better capture the 

effects of such scenarios on travel attributes, activity-based models are more robust 

approaches. There are only a very few research incorporating ABMs for fuel pricing 

scenarios in transportation literature. Given that travel decisions are strongly related to 

other household decisions, activity-based models should be a better approach to 

understand the travel behavior within the context of overall time and budget allocation. 

(35) Bowman et al. tested a 100% increase in fuel price with their activity-based model 

for Portland. As a result, implied elasticities for drive alone mode was -0.06 and -0.15 

for work/school tours and mileage. They also stated that such an increase leads to 

increase in multiple occupant car tours. 
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Conventional travel models merely considered motor vehicles as the only auto mode 

choice, therefore all the auto operation costs imposed to travelers pertain to fuel cost 

and all other maintenance and operation costs, yet, in recent years, vehicle fleet has 

been changed. Emerging alternative-fuel vehicles has raised many questions about the 

validity of previous forecasts. As of early 2017, global cumulative electric vehicle sales 

had surpassed 2 million units. (36). The latest Bloomberg energy finance forecast says 

by 2040, the electric vehicles sales will outpace internal combustion engine vehicles 

(figure 35). Therefore, any analysis without considering these changes in fleet will lead 

to possible wrong results and all the future plans are under the risk of failure. This 

research is the first to develop a methodology to count for fleet changes in future (year 

2040) and be incorporate in the activity-based framework for modifying auto travel 

costs.  

There are two major steps to apply the fuel pricing scenario in so MSTM 2.0 model: 

First, it should be clearly pictured how the pricing would be determined for future year.  

Figure 36 Electric vehicle sales projection 
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Here, a weighting methodology is used to account for the electric vehicle ownership 

cost. In the next section, it will be discussed how different parameters of the models 

are set. 

Second, some modifications must be implemented in the model. InSITE uses the auto 

operation cost for considering the cost related to car mode. In the next section, it will 

be presented how the model needs to be modified for this scenario. 

 

Section 2: Methodology 

In the model, auto costs include auto operating costs, tolls, and parking costs at the 

destination. Operating cost is measured by cent/mile and is a combination of following 

items 

 Fuel cost: which will be different based on the vehicle’s fuel economy. 

 Fuel Tax: Including state and federal taxes 

 Maintenance 

 Tires 

Conventionally, fuel cost is measured by Pf * Fe, in which Pf is the average cost fuel 

for the model base year and Fe is the average fuel economy across all the vehicles. This 

approach certainly simplifies the real state where there is vast variety of vehicles in the 

fleet with different fuel efficiencies. The main reason for this approach is the lack of 

data. As described earlier, InSITE uses synthesize population in order to model all the 

individuals and all the households in the study area. If the data for all the household 
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vehicles were available, it would have been possible to include the fuel efficiency 

parameter for each household and estimate the auto cost more precisely. A reasonable 

approach to overcome this issue to some extend is to build models to estimate the 

missing fuel economy variable for different households. Furthermore, the model 

structure also needs to be modified completely. As what it matters for computational 

efficiency, it is not possible to segment each single household and estimate the choice 

models parameters for individual household separately. Instead, effect of fuel price 

change can be studied across the different income levels. In a study conducted in 

Denver to analyze the impact of fuel price shock on work trips, it was found that lowest 

income families who had to drive alone for a long distance to work were the most 

affected groups (37). InSITE model enables us to segment the choice models for 

different income groups. Therefore, the proposed methodology is an income-

segmented, weighted function to estimate auto operation cost for each income group 

rather than using a constant cost across all groups. The other required revision is to 

count for the electric vehicle share in calculating the cost. It is assumed that each 

income level owns a share of fuel and alternative fuel vehicles. This share will be 

different for each income group and will be discussed later. As a result, the final auto 

cost will include both fuel cost and alternative fuel cost. Equation show the proposed 

cost function used for auto mode: 

 * *  1 * * (1 )i i i i e cC K E MPGe K P MPG KO K O     
 

(Equation 2) 

 

Here Ki is the electric vehicles share for income level i, E is the price of electricity 

(cents/KWhr) MPGei is efficiency for EV for income level i (Miles/KWhr)   
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P is the Fuel price (Tax included) (cents/gallon), MPGi is Fuel economy for income 

group i (Miles/gallon) and Oe and Oc are operation costs per mile for electric and fuel 

vehicles. The taxes are included in the fuel and electricity prices.   

Suggested future year for scenario implementation is 2040. At the time of this research, 

some required input data for year 2040 are not available and therefore the model still 

runs for base year 2015 but using the 2040 input data for the models will definitely help 

us to see the changes more precisely, however, since the modified and original version 

of the model both use same base year, changes due to implementing scenarios should 

be observable.   

 

2-1 Fuel Price 

Forecasting Fuel price for future transportation is one the challenging subjects in this 

field. There are many factor influencing fuel price and those factors may be interacting 

with each other, which makes the fuel price prospective view not very vivid. The 

balance between supply and demand are the most important factor to affect the prices. 

The population is growing, which causes a general trend toward increasing demand. 

However, new advanced technologies are helping to increase the efficiency and 

therefore reduce the demand. There are many efforts for substitute fossil fuels with 

other types of energy, which might decrease fuel exploitation. Temporal policies are 

the other factors contributing to price fluctuations. These factors cannot be simply 

modeled. 

However, there are certain estimates that can be employed with a good degree of 

accuracy. Figure 37 shows the EIA energy outlook 2017 (38) predictions for oil price.  
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The retail fuel price also follows the same pattern. There are three possible scenarios 

for fuel price. The high price is about 4.5 times bigger than 2015. The reference case is 

two times more expensive while the low price is about 0.8 of the base price. We 

continue this research with the basis of these three scenarios and will test the model for 

all these three cases. A comparison between the thresholds can give us a better 

perspective on the future transportation response to price changes.  

 

2-2 Fuel Economy 

An important factor influencing travel cost is the vehicle fuel efficiency. It is one of the 

determinative factors when people decide on purchasing a new vehicle. In mid 80s and 

after oil crisis people tend to purchase more efficient cars in order to reduce their annual  

Figure 37 Projection of oil price 
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travel cost. Currently, fuel economy is improving at its greatest pace new CAFE 

standards. The average fuel economy is targeted to increase to 55.3 miles per gallon 

(mpg) or greater for 2025. Figure 38 (38) shows the EIA forecast for fuel efficiency. 

As can be observed, for the next ten years the rate of change is very high but it will 

reach a more stable level after a while. The car fuel economy will rise from 27 mpg in 

2016 to 43 in 2040 

As mentioned earlier, in order to capture the travel behavior more realistically, we 

should allow for a vehicle-specific operating cost (contrary to the original model 

configuration which assumed the same operating cost for all agents). Since the model 

is segmented for income levels, it is essential to have an estimate for average fuel 

Figure 38 EIA projection for light-duty vehicles fuel economy 
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efficiency for each income level. National Household Travel Survey, NHTS 2009, 

conducted between March 2008 and March 2009 provides vehicle-specific information 

at the HH level. We use the NHTS 2009 as a reference to estimate the average fuel 

economy for different income levels in 2040. The 2009 NHTS consists of four dataset 

files that provide useful information on socioeconomic and travel-related variables. 

Table 18 shows the summary of NHTS vehicle dataset regarding the fuel economy. 

Table 18 Average Fuel Economy in 2009 for different income groups 

 

Income Group 
Fuel Economy(MPG) 

US Average Maryland Average 

1 27.26 29.6 

2 27.05 29.4 

3 26.45 25.16 

4 26.20 26.6 

5 26.18 26.89 

              

We use the EIA forecast for average fuel efficiency of 2040(Figure 38), therefore we 

assume all the fuel efficiency will grow by the rate (43/27). Table 19 shows the 

proposed efficiencies to be used in the cost function.  

Table 19 Proposed Average Fuel Economy in 2040 for different income groups in Maryland 

 

Income Group Fuel Economy in Maryland (MPG) 

1 47.1 

2 46.8 

3 40.2 
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4 42.56 

5 43 

2-3 EV Fleet Share 

Electric vehicle is becoming the new alternative for the auto modes. over 750 thousand 

sales worldwide has been registered for year 2016, which shows that the electric 

transport technologies transition is reaching a vital level that promises a complete 

change in the shape of next generation vehicle feet. (39). The years 2023 and 2024 are 

supposed to be the turning points for electric vehicle ownership. The most likely reason 

is increase in conventional vehicles marginal cost; Since CAFE regulations requires the 

vehicles to reach at a standard level for fuel economy, it is getting costlier for 

manufactures to produce the vehicles by that standard and this will lead to investing 

more in EV manufacturing to keep the profit at a reasonable level (40).  The other 

reason is the diminishing EV productions cost. Currently, one of the main issues which 

prevents people to buy EV is the high price of batteries and also accessing the charging 

station. However, improvement in R&D section and production of more batteries will 

reduce the marginal cost of batteries and increase economy of scale which leads to 

cheaper final products. Additionally, there will be infrastructure improvements 

planning to make charging more convenient (For instance making it possible to charge 

from home). These factors will certainly make EV a more popular alternative by next 

10 years. 

There are many different factors which influences the pace of EV adoption. Decision 

makers are trying to implement scenarios which increase the adoption rate for EVs. 

The time-saving policies like granting PEVs access to high-occupancy vehicle or bus 
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lanes, can also be effective in this regard. Norway is a perfect example of how these 

incentives are actually effective. In 2016, about 19% of vehicle sale in Norway did 

belong to EVs. As a result of great monetary incentives by government in 2016, sales 

of the EV went up dramatically and EVs sales accounted for 41% purchases by 

Norwegian consumers. (41) 

What makes the prediction about EV ownership complex is the data insufficiency. To 

build the reliable model we need to have robust data sources related to EV purchases 

which is not possible at this stage. More data are coming gradually, though. As it will 

be discussed later, the great example is the new 2017 NHTS which has valuable data 

regarding EV ownership.  

Despite the data issue, there are many efforts to forecast the future of vehicle fleet since 

the planners must have a realistic projection of future transportation. Here, we have 

reviewed some recent efforts to choose the most realistic assumption. 

Sitty and Taft (42) have reviewed three reports from International Energy Agency 

(IEA), Bloomberg New Energy Finance(BNEF), and Goldman Sachs (GS). They have 

considered three different scenarios for low, medium and high light-duty vehicles 

(LDV) growth rate. Table summarized their review. As we can there is a wide range 

for predictions under different circumstances. 
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Table 20 EV market and fleet share for 20501 

 

 Predicted EV market share in 2050 Predicted EV fleet share in 2050  

Study BNEF GS IEA BNEF GS IEA 

Low 54 32 62 32 27 49 

Medium 38 23 44 25 21 37 

High 27 16 32 19 16 29 

 

Cherif et al. constructed a model to show how EVs will penetrate markets in 2040. In 

their report, they claim even relatively cheap oil is no guarantee for the 

use of motor vehicles in 2040. Their model is constructed based on a comparison with 

the extinction of steam vehicles. While the coal is still available and 

relatively cheap; yet steam boats and steam trains disappeared many years ago. (43)  

In the World Oil Outlook, it is forecasted that by 2040, the fleet share for alternative 

fuel vehicle is 6 percent. The recent Bloomberg New Energy Finance released with 

new information about EVs. Their findings indicate a rise to 41 million electric vehicles 

sales annually by 2040. They predicted the share of EVs will be 54% of all new LDV 

sales, making them 33% of the projected fleet (41) (Figure 39 and Figure 40). 

                                                 
1 Sitty, G., & Taft, N. (2016). WHAT WILL THE GLOBAL LIGHT-DUTY VEHICLE FLEET 

LOOK LIKE THROUGH 2050?.,p10 
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Figure 39 Light-duty vehicles sales projection 

Figure 40 Light-duty fleet projection 
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BNP Paribas forecast 25% of fleet would be replaces by EVs by 2030. A study in 

Imperial college London (44) predicted 55% share of electric vehicles by 2040.  

In 2009 Becker et al. (45) have developed a diffusion model which predicted the share 

of EVs in sales and fleet about 25% and 65% respectively (Figure 40) 

As discussed, there are many different approaches for forecasting future fleet 

composition, nonetheless, none of these approaches can guarantee a certain level of 

accuracy. There is also another question about these scenarios which is not addressed 

properly in the literature. In order to correctly incorporate these results in our model 

we need to know the EV penetration rate for different income groups. Clearly, this issue 

can be addressed when modeling the vehicle availability in the InSITE, but the models 

needs to be completely revised in that case. Currently, we assume the vehicle ownership 

model stay the same, i.e. people would choose the total number of vehicles regardless  

of it being conventional fuel or alternative fuel; However, we allow electric vehicles 

share to be different across household, therefore it would be modeled more realistically. 

There is not any research on modeling the assignment of electric vehicles to different 

income groups, but the recently released NHTS data has some valuable information 

about EVs which can support our assumptions. Table shows the summary of NHTS 

data for EV and PEV.  

As we can see for 2017 data, income level 5 owns a lot more alternative fuel vehicles. 

For instance, share of alternative fuel vehicles for income level 5 households is about 

6 times bigger than income level 1 households. The main reason for such a gap is the  
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high price of electric vehicles. The shares will certainly change with the diminishing 

marginal costs in EV manufacturing and other monetary incentive plans.  

The total share of alternative fuel vehicles in 2017 is 2.05%. We use the 33% fleet share 

of EVs forecasted by BNEF. Therefore, after a correction for controlling the EV cost 

decrease in the future the proposed share for 2040 is as follows: 

 

 

 

 

 

 

 

Figure 41 LDV sales and fleet share projection 
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Table 21 Share of alternative fuel vehicles in NHTS 2017 

 

Income Group 
Share of alternative fuel vehicles in total vehicle ownership 

US Maryland 

1 0.55% 0% 

2 0.7% 0. 3% 

3 1.2% 2% 

4 1.9% 2.4% 

5 3.4% 4.4% 

 

 

Table 22- Share of EV in 2040 for different income groups 

 

Income Group Share of EVs in households for the 2040 fleet 

1 10% 

2 10% 

3 20% 

4 30% 

5 45% 

 

2-4 Electricity Price 

The major advantage of electric vehicles other than reducing emissions, is their low 

operating cost. The required fuel economy for conventional fuel to make them a 

cheaper option than EVs is 57.6 mpg in US. (cite). EIA forecast implies that electricity 
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price will not change very much over the next thirty years (figure 41). We use the 10.5 

cent as our projected price for 2040.  

Just like gasoline vehicles, electric vehicles have wide variety of efficiencies. Table 23 

show some of the current EV efficiencies in the market: 

 

 

 

 

Table 23 EPA Fuel Economy for electric vehicles 

 

Make and Model Combined 

MPGe(KWhr/100mile) 

2017 Hyundai Ioniq Electric 25 

Figure 42 Projection of electricity price 

http://www.fueleconomy.gov/feg/Find.do?action=sbs&id=38431
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2017 BMW i3 BEV  27 

2017 Honda Clarity 30 

2017 Tesla Model S AWD - 100D 35 

2016 Tesla Model S 38 

 

Considering all the future improvements we assume all the average MPGe in 2040 will 

be 25 KWhr/100 miles (The current best). 

 

2-5 Other fees 

Latest Maryland state gas tax as of January 2018 is 30.3cents/gallon. Federal gas tax is 

24.4 cents/ gallon. We assume these remain at the current level for future year. 

Maintenance fee for gasoline vehicle is 5 cents/mile (46) and for EV is 4 cents/mile 

(47) 

Section 3: Scenarios 

Based on what is discussed in previous sections, three scenarios are introduced with 

respect to EIA projected future fuel price (figure 37). All the other assumptions remain 

the same among these scenarios and fuel price is the only changing parameter. Based 

on Equation 1 and considering all the previous assumptions, table show the finalized 

operating cost for different income groups. The next section will describe how the 

model should be revised to apply these new costs to the modeling system.  

 

 

http://www.fueleconomy.gov/feg/Find.do?action=sbs&id=38000
http://www.fueleconomy.gov/feg/Find.do?action=sbs&id=39191
http://www.fueleconomy.gov/feg/Find.do?action=sbs&id=38640
http://www.fueleconomy.gov/feg/Find.do?action=sbs&id=37235
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Table 24 Auto operation cost (cents/mile) for three proposed scenarios across income levels 

 

 Auto operation costs (cents/mile) 

Scenario 

income 

1: EIA low fuel 

price 

2: EIA medium 

fuel price 

3: EIA high fuel 

price 

1 10.1 16 29.1 

2 10.1 16.4 29.6 

3 10.1 16.5 29.9 

4 9.2 14.8 26.1 

5 8.5 12.6 21.3 

 

The average cost in scenario 2 is about the same cost as the base year case. Actually, 

here the fuel price is twice as big, but because of the improvement in fuel economy, it 

actually cost the same for users. Therefore, we use our base case results as scenario 2 

results and compare scenario 1 and 3 results as two thresholds. 

Section 4: Implementation 

Generally, there are two methods to alter the auto operation cost in InSITE. The first 

approach is to simply use a global auto operation cost similar to the original model. 

With this approach, we fail to incorporate the income effects of the scenario but it is a 

simple way to test sensitivity of the model in a short time. The second approach requires 

recoding the scripts. InSITE uses python scripts to control the source code, therefore 

without even changing the source code, changes can be applied by modifying the script. 
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Couple of InSITE modules which pertains to calculating logums should be corrected 

accordingly: 

SchoolLocationModeChoiceLogsum 

UsualWorkplaceLocationTourModeChoiceLogsumModel 

TourModeChoiceLogsum_Work 

TourModeChoiceLogsum_WorkBased 

TourModeChoiceLogsum_SchoolUni 

TourModeChoiceLogsum_IndividualNonMandatory_Escort 

TourModeChoiceLogsum_IndividualNonMandatory 

TourModeChoiceLogsum_FullyJoint 

TripModeChoice 

In each of these modules, the following modifications are performed: 

The per mile operating cost component is set equal to 0, to ensure that the vehicle 

operating cost is not modeled on a per mile basis; 

Add a transient coefficient matrix for the round trips distance variable. The equation 

for deriving the coefficient is as follows: 

cos

, , *RT Total t

Income level TM Income level TM

TM

C
Coef Coef

Occupancy



   

Equation 3 

 

,

RT

Income level TMCoef   is the new transient coefficient for RT variable for different income 

levels and tour modes,  
cos

,

Total t

Income level TMCoef 

 is the total cost coefficient for different income 

groups and tour modes, C is cost derived from equation 2(cent/mile) and Occupancy  

is the occupancy parameter for different tour modes. These changes can be translated 
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as taking out the fuel cost from total cost in utility functions and apply it to a RT 

variable which is the round trips distance.  

 

Section 5: Results 

 

In this section results will be scrutinized for both high and low price scenarios with 

regards to changes in different travel behaviors aspects. We run two high and low price 

scenarios for the same number iterations with the base case (3). Aside from the revision 

in logsum scripts regarding the fuel price change, all other factors are exactly the same 

as the base case. Model generates 3.2 trips per person for high and low price which 

shows no significant changes from the base case. Meaning, that if the population and 

employment does not change, such a pricing scenario will not have a significant effect 

of inducing or dissuading travel demand; However, mode share for generated trips will 

be affected clearly. Figure 43 shows the change in tour mode share for the two cases. 

Figure 43 Change of Tour Mode Share Compare to Base Case 
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As we expected, decreasing the operation cost due to fleet electrification will increase 

the drive alone mode about 4% and it will hugely impact the walk to transit mode with 

a 20 % decrease.  

The sensitivity of walk to transit mode to the auto operation cost is the most among all 

modes meaning that people who are using walk to transit as the                                                                       

main recurring tour mode are more eager to shift to the drive mode as soon as they see 

a reduction in operating cost. 

As mentioned earlier, vehicle ownership elasticity to fuel price is one of the important 

measures considered in the literature and as we saw it will only be affected in long-

term decisions. Figure 44 shows the average change in number of vehicles among 

different income groups. Despite the fact that changes are not significant in total, 

income group 1 is the most vulnerable group  

 

 
Figure 44 Change in Vehicle Ownership for Income Groups 
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Table 25 and 26 include the change in mode shares for different income level groups. 

In high price scenario the most affected group is income group 1 which is forced to 

switch from auto mode to non-motorized transportation. Average income groups 2 and 

3 deviates mostly toward transit mode. For the low price scenario, income level 1 has 

the highest change for increasing auto mode whereas income group 5 faces the highest 

decrease in transit mode. 

Table 25 Changes in mode share among income groups for High Price 

 

Income 

level 

Change in Mode share for High Price 

Drive Alone Shared Drive Transit Walk Bike 

income 1 -11.6% 3.1% 10.0% 6.8% 18.7% 

income 2 -6.5% 2.7% 15.7% 6.7% 17.8% 

income 3 -4.6% 2.0% 14.4% 4.8% 10.7% 

income 4 -3.4% 1.4% 13.7% 4.0% 7.8% 

income 5 -2.4% 0.8% 9.2% 2.1% 4.8% 

 

 
Table 26 Changes in mode share among income groups for Low Price 

 

Income 

level 

Change in Mode share for Low Price 

Drive Alone Shared Drive Transit Walk Bike 

income 1 10.4% -2.4% -8.1% -6.1% -9.6% 
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income 2 6.3% -2.1% -10.2% -5.9% -9.7% 

income 3 4.8% -1.5% -11.8% -5.2% -10.9% 

income 4 4.0% -1.0% -14.0% -4.2% -9.4% 

income 5 3.2% -0.5% -11.9% -3.1% -7.9% 

 

Figure 45 and Figure 46 show the mode share change among the different trip 

distances. for longer trips, there is a more tendency toward transit trips whereas bike 

and walk are favorable for shorter trips   

Figure 47 and Figure 48 plots the change in tour mode share for different purposes. 

Most differences are for individual non-mandatory tours where travelers switch 

between drive mode and other available modes. The share for other modes is quiet the 

same. In high price case, bike mode attracts more users for non-mandatory tours 

comparing to work tours. Note that here, INM|Work refers to non-mandatory sub 

tours coming after the work tours.  
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Figure 46 Change in mode share for different trip lengths- Low Price case 

 

Figure 45 Change in mode share for different trip lengths- High price case 
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Figure 49 Change in trip length distribution for non-mandatory trips 

 

 

 
Figure 50 Change in work tours location choice 
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Figure 49 and Figure 50 demonstrate the change in trip length distribution for both 

work and non-mandatory tours. As we expected, the overall change for work trips is 

less than non-mandatory tours as work location choice does not have the same 

elasticity as non-mandatory location choice. For high price case, the location choice is 

almost completely insensitive to price change, whereas in low price case, there will 

be lot more long distance work location choices 

Table 27 shows the change in VMT among different income groups. The most 

difference belongs to first income groups with 16% change in total VMT. Groups 5 

has the least change in total VMT. 

For the statewide long-term planning it is crucial to forecast how the future system 

should be expanded in order to meet the future transportation needs. In high price 

scenario, the main concern is the increasing share of transit trips and whether future 

transportation service is able to respond to this trend. Table 28 shows the change in 

transit tours for different regions. Western and Southern part of Maryland which 

mainly consist of rural areas have the highest increase. The role of public 

transportation in rural areas should definitely be addressed in the state future decision 

makings. 

In the low price scenario with the lower operation cost, the most challenge is to 

respond to the increasing auto trips. Figure 51 shows the change in VMT for BMC 

and MWCOG areas in Maryland where the state most congested roads are located. 

Fredrick and Carroll counties experience the most growth in VMT, while southern 

states have the lowest growth rate. 
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Table 27 Comparisons of total VMT by income groups for scenarios 

 
 Total VMT(in millions) 

Income 

Group 

Base High Price Change Low 

Price 

Change 

1 8.06 7.50 -7% 9.37 16% 

2 11.69 11.41 -2% 12.79 9% 

3 25.95 25.94 -6% 27.46 6% 

4 74.99 75.77 -4% 77.88 4% 

5 114.47 116.53 -2% 116.50 2% 

 

 
Table 28 Change in transit tour mode share for different regions in high price case 

Region 

Base 

case 

High Price scenario transit tours change  

BMC 327945 363708 35763 11% 

DC 154131 166040 11909 8% 

MD-COG 240331 271360 31029 13% 

Other Maryland 682 1085 403 59% 

VA-COG 28043 35138 7095 25% 
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Figure 51 Change in VMT for different regions in low price scenario 
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Chapter 5: High-Speed Rail Scenario 

Section 1: Background 

High-Speed rails have been constructed as a new mean of transportation in different 

countries all over the world. United States, however, in favor of air and car mode 

transportation, mainly has been focused on developing aviation and highway systems. 

This trend has been changing for the recent years, though. In 2009, U.S Department of 

Transportation launched the High-Speed Intercity Passenger Rail (HSIPR) Program 

and Congress allocated $10.1 billion for the new high-speed rail program (48).  

There are two types of major benefits in building HSR; direct benefits such as revenue 

generation, time savings, congestion mitigation increasing safety or indirect benefits 

such as labor market relocation, noise and pollution mitigation, job creation and etc. 

(49).  However, the main disadvantage of such a system is its huge fixed cost. More 

specifically, as we will discuss later for new technologies like Maglev which require 

an entire new infrastructure the capital cost would be devastating.  

This system would vividly benefit major capital and big cities with a goal to increase 

the mobility between them (50) . However, since these lanes are not accessible via local 

areas, medium-sized cities and local regions may even suffer as a result of more 

economic attraction to big cities. 

In the U.S., California and Northeast corridor, as the two most traveled areas, are the 

potential candidate for investing in HSR. High-Speed Rail Authority (2010) (51) 

estimated that with growing intercity demand, the state needs to build 3000 highway 

lanes and five airports. As of 2017, the California High-Speed Rail Authority is 

https://en.wikipedia.org/wiki/California_High-Speed_Rail_Authority


 

 

126 

 

working on the California High Speed Rail. Phase I is expected to be completed in 

2029. The estimation of Cambridge Systematics shows that by 2029 California HSR 

expects 28.4 million annual riders and $1350.4 million revenue. (51) 

Maglev is a HSR which uses a completely different technology comparing to other 

rail systems. It uses electromagnetic force stored in very powerful magnets implanted 

in the guideways and under the train that cause the train to hover and propel it 

forward at extremely high speeds (48). Japan and China are currently the only 

countries which have operational maglev systems. Shanghai maglev operates at speed 

more than 430 Km/h which is the highest velocity for an operational rail. (52) 

In 1999 Federal Railroad Administration, FRA, administered a program to 

demonstrate the maglev in commercial services. The initial program was focused on 

the implementation of the system for the projects about 40 miles with a goal for later 

development to longer distances where the main benefit of maglev system emerges. 

DC-Baltimore maglev was one of the projects reached to final proposals in 2001. 

FRA with a cooperation with the Maryland Transit Administration (MTA) prepared 

Draft Environmental Impact Study (EIS) for the Maglev proposal in 2003. However, 

due to legislation passed by the state of Maryland in 2004, the project dropped out 

and did not receive fiscal funding after that. (53)   

In 2016, FRA awarded $27.8 million to MDOT to prepare preliminary engineering 

and NEPA analysis for an SCMaglev train between Baltimore, MD, and Washington, 

DC. The Superconducting Maglev (SCMAGLEV) is the latest advancement in the 

world of high-speed ground transportation. “SCMAGLEV is a magnetic levitation 

system that uses powerful magnetic forces for all aspects of operation resulting in 

https://en.wikipedia.org/wiki/California_High_Speed_Rail
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operating speeds of over 300 miles per hour in everyday service, and travel times 

unlike anything traditional trains can achieve”. (53)  The EIS is aimed to finish by 

2019 and the project is planned to start the constructions phase by 2027.  

Reducing the Baltimore-Washington roadway congestion, meeting the future 

increasing travel demand, supporting BWI airport and helping to reduce the need for 

additional highway construction were the main asserted future benefits of this project 

in initial 2004 EIS. However, there are still many questions need to be addressed in 

this regard. The main issue of implementing this technology is the huge construction 

costs and uncertainty of whether future possible benefits would reimburse these costs. 

The key question of the studies for this project should focus on whether it can 

outperform the no-build alternative. Additionally, there are many concerns regarding 

the local communities along the construction path which definitely need to be 

addressed in the future. 

This section of thesis aims to apply the MSTM model to predict how the travel 

activities would potentially alter after adding a HSR between Washington and 

Baltimore. In the last section of this chapter a simple preliminary cost analysis is done 

in order to guide policymakers for future studies. 
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Section 2: Implementation 

For implementing Maglev scenario there are two major modification steps in MSTM 

2.0. First, transit lines and fare systems should be recoded. A new transit line is added 

to the transit network with corresponding attributes. Second, this version of MSTM 2.0 

does not have an assignment module, therefore an assignment loading module was 

added to the cube catalog to generate the lines ridership and loadings. The base case 

transit network contains various information as mentioned in section 2-3 of chapter 3. 

Current version of the model includes the following transit lines: 

 Baltimore Metro 

 MTA & WMATA Local Bus 

 MTA & WMATA Express Bus 

 MTA light rail 

 WMATA Metro 

 MARC commuter rail 

 BWI shuttle 

There are different alternatives for alignment and station locations. The environmental 

studies for alignment alternatives is still ongoing since there should be many 

considerations before choosing any specific final alternative. Location of commercial 

properties, historic properties, parks, Federal lands, low-income and minority areas and 

wooded areas are among the many factors influencing the decision making process for 

choosing the rail route. The initial screening process has been done recently by the 
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SCMAGLEV team. Figure 53 shows the initial proposed alternatives2. Figure 53 shows 

the alternatives which has been proceeded to the next phase of screening 

                                                 
2Final Preliminary alternative screening report, Baltimore-Washington Superconducting 

Maglev project, Jan 2018, p18 

Figure 52 3 Initial proposed alignment for DC-Baltimore Maglev 
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Figure 54 shows the maglev line in the MSTM 2.0 network which follows the same 

path as figure 55.  

 

The configurations of the new added line are as follows: 

1. Number of stations: Three, including Union Station in DC, BWI Station and Penn 

Station in Baltimore 

2. Direction: Both ways  

3. Speed: 300 mph 

4. In-vehicle travel time: DC-BWI 7 minutes and BWI-Baltimore:3 minutes 

5. Capacity: There is no capacity limitation 

6. Headways: 20 minutes for peak and 30 minutes for off-peak period 

7. Fare: DC- BWI  15$ and BWI-Baltimore 10$ 

Figure 53 Selected alignment for DC-Baltimore Maglev 
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Here we assume the line will use the existing stations and there will be no added stations 

to the current transportation network. The other assumptions regarding transfer 

penalties to other modes and waiting curves follow the same pattern as the MARC rail 

system.  

 

Figure 54 Maglev line in MSTM 2.0 network 

 

Before going through the results, it is important to point out the potential competitors 

of Maglev in the transit system. MARC lines are the only competitors for the new 

Maglev line (AMTRAK lines are not existent in this version of transit network). Table 

29 lists the MARC lines in the DC-Baltimore corridor. As it is shown in Figure 55 

Camden and Penn lines are the main operation facilities in the DC-Baltimore corridor.  
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Table 29- MARC transit system 

 

Name 

 

Two-

Way 

Stops Direction 
Max Time 

(min) 

Max Fare 

(Dollars) 

Marc Penn A No 12 

 

Perryville-Union 95 10.2 

Marc Penn B Yes 8 Penn-Union 52 7.4 

Marc Camden Yes 11 Camden-Union 63 7.4 

Marc Brunswick A No 13 Fredrick-Union 92 8.0 

Marc Brunswick B No 14 Brunswick-Union 83 9.0 

Figure 55 MARC transit line in MSTM network 

Camden  

Penn A 

Penn B 

Brunswick B 

Brunswick A 

Stops 
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Section 3: Results  

3-1 Preliminary results 

 

Analyzing the results for this scenario is more specified to corridor level changes; i.e. 

the changes which planners are more willing to consider are corridor specific ones. 

Although, some of the changes occurring after adding a HSR, which is connecting the 

two most populated centers in the area, might even reach to stateside levels here we 

mainly focus on regions which are directly affected by such a scenario. Figure 57 shows 

the two regions which are the main focuses of this research; Washington Metropolitan 

Area and BMC region which are connected via DC and Baltimore city by the Maglev 

line. 

The only difference compared to the base case is the Maglev addition. Therefore, aside 

from the changes that arise from model run randomness, we expect all the changes to 

be the outcomes of implementing HSR. 

Table 30 shows the total number of trips origination and attraction of BMC area. We 

can see there is very small change of total trips. For scenario case there are about 4000 

more trips for both origin and destination. 

 

 



 

 

134 

 

  

Table 30 Total number of trips generation and attraction of BMC area 

 

 Base case Scenario 

Origin is BMC 

 

8,180,617 

 

8,184,255 

 
Destination is BMC 8,180,670 

 

8,184,402  

 
 

Figure 56 Study are for Maglev Scenario 

MWCOG   

 

BMC 



 

 

135 

 

Table 31 and  Table 32  demonstrate the tour mode shares for tours originating from 

BMC and Washington Metropolitan area. We can see a small switch from auto mode 

to transit mode.  For tours originating from DC, there is also a minor decrease in drive-

access transit but a significant increase in walk to transit mode. This could be a result 

of parking costs and capacity issues in the station. With Maglev tickets more expensive 

than other transit modes, people prefer not to pay for the parking cost but instead pay 

the additional ticket price which incredibly saves their time and even offsets the 

additional travel time from switching from drive-access mode to walk-access mode. 

Table 31 mode share comparison for BMC households 

 

 Base case Scenario Change 

DA 33.90% 33.91% -0.2% 

SR2 22.33% 22.33% 0.0% 

SR3 21.80% 21.83% 0.1% 

DT 7.22% 7.29% 1.0% 

WT 3.65% 3.72% 2.1% 

Walk 7.61% 7.63% 0.3% 

Bike 0.49% 0.50% 1.9% 

SB 2.84% 2.85% 0.0% 

*DA: Drive Alone, SR: Shared Ride, DT: Drive to Transit, WT: Walk to Transit, SB: School Bus 
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Table 32 mode share comparison for Washington households 

 

 Base case Scenario Change 

DA 37.09% 36.87% -0.6% 

SR2 23.91% 23.91% 0.0% 

SR3 23.58% 23.65% 0.3% 

DT 3.03% 2.98% -1.7% 

WT 3.51% 3.66% 4.4% 

Walk 4.71% 4.72% 0.1% 

Bike 0.66% 0.67% 2.9% 

SB 3.51% 3.51% 0.0% 

 

Tours in the previous table may not perfectly represent the differences in the two cases. 

A more appropriate comparison is the total difference of transit trips between these two 

areas. Table 33 and 34 show the total transit trips segmented by time-of-day and access 

mode for Washington to BMC and the other way around.  

Table 33 Total Transit Trips from BMC region to Washington Area 

 

 Base Scenario Change 

Drive Access peak period 585 600 3% 

Drive Access off-peak period 720 809 11% 

Walk Access peak period 584 599 3% 

Walk Access off-peak period 720 809 11% 

total 2609 2817 7% 
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Table 34 Total Transit Trips from Washington Area to BMC 

 

 Base Scenario Change 

Drive Access peak period 927 1063 13% 

Drive Access off-peak period 1275 1555 18% 

Walk Access peak period 927 1063 13% 

Walk Access off-peak period 1275 1555 18% 

total 4404 5236 16% 

 

Transit trips grow 7% and 16% in total between these regions. To understanding the 

discrepancies between the base case and scenario transit trips, it worth mentioning the 

household income level distribution for transit trips. Table 35 shows the income level 

distribution of total transit trips between BMC and Washington regions. As it is 

expected most of transit trips belong to income group 1. However, HSR is more 

attractive for the income level of group 4 in which transit trips share for BMC-

Washington OD increases by 17% 

Table 35 Income level distribution of total transit trips between BMC and Washington 

Income Level Scenario Base Change 

Income 5 4.3% 4.3% -0.1% 

Income 4 3.5% 3.0% 17.1% 

Income 3 6.7% 6.8% -2.2% 

Income 2 23.8% 24.3% -2.3% 

Income 1 61.8% 61.6% 0.3% 
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3-2 Transit ridership  

 

Policymakers are mainly interested to see the projected ridership of any new transit 

system. All the efforts and long-term plans tend to maximize the ridership of transit 

facilities and transit projects evaluation heavily relies on the amount of their future 

users.   

Transit trips are assigned to transit network to capture the difference for the HSR 

scenario.  For the scope of this research, we are merely interested in considering MARC 

and new Maglev ridership. MARC Brunswick lines are also out of the context of this 

study because they are considered as internal lanes for the Washington area.  Table 36 

and Table 37 show the ridership of both directions for the base case scenario. Penn line 

as the main service between to cities has the most share of ridership 

Table 36 Ridership for Baltimore-DC direction in base case 

 
 Baltimore to DC Direction 

Name Walk Access Drive Access Total Ridership 

Marc Penn A 1853 5036 6889 

Marc Penn B 3443 6326 9769 

Marc Camden 1552 2580 4132 

Total 6848 13942 20790 
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Table 37 Ridership for DC-Baltimore direction in base case 

 
 DC to Baltimore Direction 

Name Walk Access Drive Access Total Ridership 

Marc Penn B 1845 2284 4129 

Marc Camden 848 1380 2228 

Total 2693 3664 6357 

 

 

Table 38 Ridership for Baltimore-DC direction in Maglev Scenario 

 
 Baltimore to DC Direction 

Name Walk Access Drive Access Total Ridership 

Marc Penn A 987 3860 4847 

Marc Penn B 3107 6751 9859.04 

Marc Camden 1445 2199 3644.00 

Maglev 499 2543 3042 

Total 6038 15353 21392 

 

 

Table 39 Ridership for Baltimore-DC direction in Maglev Scenario 

 
 DC to Baltimore Direction 

Name Walk Access Drive Access Total Ridership 

Marc Penn B 1764.00 1861.00 3625.00 

Marc Camden 782.00 1157 1939.00 

Maglev 483 668 1151 

Total 3029 3686 6715 
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Table 38 Ridership for Baltimore-DC direction in Maglev Scenario show the results 

with adding the Maglev train. As we can see, total daily ridership for Maglev train is 

4,193 passengers. There is barely an increase in the total transit ridership and Maglev 

users are mostly those who previously took MARC trains for their trips. In the 2004 

initial feasibility studies of the project, optimized ridership  was estimated about 30,000 

daily ridership for the year 2015. (54)There is clearly a huge gap between our analysis 

and the initial projected ridership. In order to validate the base case results we can 

compare the model estimates with the MARC ridership for the year 2015. Model 

estimates a total of 27,147 daily passengers for abovementioned MARC lines. The 

reported ridership for Penn and Camden lines were about 27,000 on average for 2015 

(cite). Therefore, the models estimate is not far from current ridership. (Considering 

absence of AMTRAK in model network, the MARC readership should have been 

higher in some extent). One main reason which prevents the Maglev line to capture 

more passengers is mainly the number of stops. As it has only 3 stops, it is not appealing 

for those passengers who want to commute to the stops in between. Our estimates 

indicate that more than 90% of boarding in BWI chooses Maglev trains for commute 

since the destination of these passengers are usually either DC or Baltimore. However, 

Maglev line is unable to attract many riders in DC or Baltimore stations. 

As we saw earlier in this chapter, the number of current transit trips between these two 

regions does not go beyond 10,000 in both directions. Therefore, considering there is 

no induced demand, there is no way that HSR ridership between these 3 stops goes 

further than that. One can argue, new Maglev line must attract many new users because 

of its point-to-point short time, but our models shows with this pricing structure and 
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using existing station, there is no guarantee that the transit demand changes 

significantly. For future studies, and with a faster version of MSTM 2.0 model, a 

sensitivity analysis must be done in order to examine the demand elasticity to this 

Maglev line. It is possible with lower prices, there would be more induced transit 

demand in these regions which boosts the ridership to higher levels. However, revenue 

polices may not allow for a large reduction in fares considering the competition with 

existing lines namely MARC and AMTRAK. 

3-3 Revenue Estimates 

Revue studies of the new Maglev system is beyond the scope of this research as it is a 

very broad and complex subject with many various interacting factors. As mentioned 

earlier, there are many direct and indirect cost and benefits associated with this 

scenario which makes it difficult to project a precise estimate for total cost and 

benefits. In the initial feasibility study of Maglev project in 2002, the total capital 

coast of the project was estimated around $ 3,700,000, while the maintenance and 

operations was estimate to cost about $ 53,000,000. 

In this section, we consider three main sources of cost and benefit that pertains to this 

project: 

3-3-1 Fare Revenue 

Based on the estimate from daily ridership and the assumed fare systems for this 

scenario, total yearly revenue fare of Maglev line is about $38, 260,000.  
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3-3-2 Congestion Mitigation 

One of the most important initiatives for starting this project is congestion mitigation. 

With increasing demand in this corridor, there are a couple of alternatives to augment 

the current transportation infrastructure in the State. HSR as new and fast mean of 

transportation can encourage some drivers to switch their commuting mode and 

therefore the problematic recurring congestion in the main corridors such as Interstate 

I-95 and 295 will be mitigated to some extent. HSR can also support the emission 

reduction plans by decreasing the total VMT in the highways. Table 40 shows a 

comparison of total daily VMT in different counties in the study area. The total daily 

VMT decreases about 0.15 million in the listed counties.  

Table 40 Comparison of daily VMT in the study area 

 

 Daily VMT (in millions) 

County Base Scenario Change 

Baltimore City 8.373717 8.354446 -0.2% 

Anne Arundel County 13.25896 13.24389 -0.1% 

Baltimore County 18.55293 18.54219 -0.1% 

Carroll County 3.014591 3.013965 0.0% 

Harford County 5.894031 5.933991 0.7% 

Howard County 9.487665 9.478376 -0.1% 

District of Columbia 10.5382 10.44617 -0.9% 

Montgomery County 21.19208 21.18388 0.0% 

Prince Georges County 19.36205 19.32487 -0.2% 

Total 109.6742 109.5218 
-0.1% 
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3-3-2 Time Savings 

The main consequence of less congested roads is reduction in travel time, which is 

the other main target source of benefits for this project. Travel time has been derived 

from assignment results for both cases. Table 41 shows the passenger travel time 

saving after running the scenario. To monetize the travel time savings, we used the 

same InSITE model assumptions for work trips value of time. Based on our analysis 

we should expect $24,400,000 yearly benefit from travel time savings. 

Table 41 Daily Travel Time Savings Revenue for Maglev Scenario(Washington and BMC) 

 

 Income 1 Income 2 Income 3 Income 4 Income 5 Total 

Base Case passenger 

travel time(hr) 

612002 843326 968952 1062175 1108721 4595177 

Scenario passenger 

travel time(hr) 

611533 842695 967596 1059009 1108186 4589019 

Travel time saving(hr) 469 631 1356 3166 535 6158 

Average VOT($/hr) 3.42 5.91 7.99 10.8 30.6   

Monetized value($) 1604 3729 10834 34193 16692 67052 
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Chapter 6: Conclusion and Future Direction 

6-1 Findings 

This thesis aims at demonstrating how MSTM 2.0 can be applied to different future 

scenarios; First we introduce the first product of MSTM 2, MSTM 2.1, and its main 

components. Second, we show the model performance by validating it against some 

ground truth datasets and detect possible needs for model calibration. Results show 

MSTM 2.1 outputs are reliable for the base case 2015 and model can be further 

applied to different scenarios. 

The second part of this thesis investigates the impacts of two future scenarios. First, 

we analyze two future fuel pricing scenarios with the consideration of electric vehicle 

ownership growth in year 2040. High price will predict the prices to be 4 times higher 

than 2015 prices, whereas low price considers the same fuel price in future. Different 

share of electric vehicles ownership and fuel efficiencies will make the operation cost 

to change from one income group to another.   

Our results show that for both scenarios, transit is the most sensitive mode to changes 

in fuel price. Increasing fuel price reduces the walk-access transit mode share by 17% 

while reducing the drive alone shares by 4%. On contrary, reduction in operation cost, 

decrease the transit mode by 20% and increase the driving mode share by 4%. 

Vehicle ownership elasticities are small; the largest elasticity belong to income group 

1, where in high price case, an average vehicle ownership increase of 2% is observed. 

Our results show different income groups have different mode-switching patterns 

when facing a price change; for instance, income group 1 reduces the drive alone 
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mode share by 11% and shifts to bike mode resulting in a 18% increase in bike mode. 

Whereas, income group 5 does not switch to non-motorized modes even in high price 

case, and will favor shared ride mode after price increases. 

Trips distributions will be altered significantly after changes in auto operating cost. In 

high price cases, we notice an increase in shorter trips while with low fuel prices, the 

longer trips are more favorable. Interestingly, long work trips are not sensitive to 

price increase, meaning that even with high fuel prices people still tend to make the 

same amount of long work trips. With a 25% increase, non-mandatory longer trips are 

the most elastic trips to fuel price reduction. 

Our results indicate that total VMTs differ significantly from base case for both 

scenarios. Decreasing auto operating cost increases the VMT for income groups 1 by 

almost 20%. This should be addressed in future planning schemes for state planning 

purposes. Reduction in auto operating cost, which is a consequence of fleet 

electrification, in addition to population growth and land development will result in 

higher level of congestions and implies that current highway infrastructure should 

undergo some level of improvements to be able to meet the future needs. 

The second applied scenario is the impact studies of adding a Maglev Train to 

Maryland transit system. Adding a High Speed Rail to the DC- Baltimore Corridor is 

one of the recent state transportation plans which is currently being considered by 

policymakers as a serious option for development of rail transit in Maryland. 

However, our analysis, which is mainly focused on BMC and Washington regions, 

show that the desired impacts of adding this line may not be realized. Model 

estimates that the annual ridership for Maglev is about 1,530,000. The line operates 
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from DC to Baltimore with a stop in BWI. The average travel time is 15 minutes and 

the fare is 25$ between DC and Baltimore. Results show that there will be a 16% 

increase in total transit trips between BMC and Washington area as a results of this 

new line. But this is only about 1000 daily trips, which is far from the desired induced 

demand for this project. The model estimates exhibit that total VMT in these areas 

decrease by 0.1%. The annual estimated benefits from travel time savings is 

$21,000,000, while the fare revenue would be 38,000,000. Our results demonstrate 

that the predicted ridership for this line is far from the desired 10,000,000 yearly 

ridership. While capturing a huge share of transit trips departing from and alighting at 

BWI, this line cannot attract many passengers in DC or Baltimore stations. The main 

possible reason is that this line does not provide access to local stations and people 

whose stop is along the way will still tend to use other alternatives such as MARC. 

Also, as was observed from the model results, the induced transit trips between these 

two regions after installing the new Maglev line is not significant. This is the main 

issue that policymakers need to investigate further. The desired demand for this line 

may not be achievable, even at lower fares, simply because many people still prefer to 

use driving mode for long trips. Additionally, as shown by this study, possible 

decreasing trend in auto operating cost can make the drive mode even more attractive 

and contribute to this undesirable outcome. Considering all the issues and 

observations mentioned above, fixed cost of the new technology system remains as 

the main problem. Policymakers may need to consider all alternatives with respect to 

possible future changes, as we know “Any money spent on HSR cannot be spent on 

something else. The issue of opportunity costs is seldom mentioned” (55) 
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6-2 Future Direction 

The future research direction can be introduced in three main categories: 

1-Model: Recently released MSTM 2.1 product, which is the first version of MSTM 

2 effort, has some major limitations  

 Long run time: This version of models takes about a month to run for 3 

iterations. This limits the testing capabilities of the model, e.g. sensitivity 

testing is almost impossible for this version as we have to wait for a month to 

see the outcomes of the input changes. However, the run time for the next 

version of the model will be reduced to 3-4 days which will allows us to test 

the model sensitivity to various input changes 

 Calibration and Validation: Despite the efforts for calibration and validation 

of the model components which were discussed in this thesis, some of MSTM 

2.1 components still need to be systematically calibrated in some levels. New 

stateside and nationwide travel surveys and Long distance nationwide OD 

trips can be employed to boost the accuracy level of both short-distance and 

long-distance component results. Shorter run time which was discussed earlier 

will be a huge support for model calibration purposes.  

 Static Assignment: MSTM 2.1 uses a static assignment for four time periods. 

This approach does not allow us to fully benefit from short-distance time-of-

day capabilities. InSITE is able to generate trips for 30-minutes intervals which 

will be eventually aggregated to four time periods in this version. Integrating 

with dynamic traffic assignment helps us to fully advantage of time-dependent 

travel demand outputs from the activity-based travel demand model. For 
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instance, corridor studies like adding HSR will be more precisely analyzed with 

an integration of ABM and DTA models 

2-Data: 

Some of the input data used for applications in this thesis need to be modified for testing 

the scenarios for future year 

 Year 2040 data: The setup for these scenarios are for future when the travel 

demand will certainly ascend and there will be many land and economic 

development differences in the state. Incorporating input data for 2040, 

namely synthesized population., land use data and network generates more 

precise estimated for future escalated demand. 

 Electric Vehicle data: Currently there are very few data sources for electric 

vehicles ownership. This thesis employed the latest NHTS 2017 data which is 

a unique source in this regard. However, with more emerging data for 

alternative fuel vehicles in future, we will have a better perspective on future 

vehicle fleet. 

   

3-Methodology: 

 InsITE uses an ordinal logit model for the vehicle availability component which was 

initially estimated based on 2008 travel survey, therefore it does not capture the 

electric vehicles in market. This thesis assumes the vehicle ownership model remains 
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the same, However, for a more realistic setup, vehicle ownership model should be 

calibrated in a sense to capture the impact of EVs on household’s choice. 

Here, for Maglev scenario, we only apply the changes in transit network for the short-

distance model. This version of the model only incorporates long-distance car travels 

as the external OD inputs of the model, therefore the long distance model is not 

sensitive to the changes. However, adding a HSR line will impact the train long 

distance trips coming to state. In future, when long-distance model is sensitive to 

changes in network, the estimates will more accurate.  
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Appendix A. InSITE Activity-Based Model Components 

A.1 Workplace Location Choice 

The purpose of this model is to simulate the usual workplace location for each full-time 

or part-time worker in the synthetic population.  The choice of the usual workplace 

location is a two-step modeling process: 

1. Workplace Type Model, which simulates whether the worker has a usual 

workplace and whether that workplace location is inside the model region, 

or whether the worker usually works at home; 

2. “Usual” Workplace Location Choice Model, if the result of the binary 

choice model is “usual” workplace. 

The workplace type model is essential to determine who opts for the “no usual” 

workplace location choice.  These individuals are then subject to the tour level (home-

based) work destination choice model. 

The “usual” workplace location choice model captures the usual location a person 

commutes to for work and work-related purposes.  The final specification for both these 

models was reached by testing a wide range of model variables. 

 For the workplace type model, most of the variables include person and 

household attributes, land use variables, and proximity to the external 

boundary of the region.  The person and household attributes are the most 

significant indicators as to whether an individual desire to work at a specific 

location or not. 

 For the location choice model, the variables entered were similar to those 

used in most destination choice models, including level of service (LOS), 
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socioeconomic and demographic (SED) and land use (LU) variables.  The 

models also include size functions, which are additive logarithmic functions 

of various types of employment, households and enrollment.  This model 

has a similar structure to that of the work destination choice model. 

 

A.2 School Location Choice 

The purpose of this model is to simulate the school location for each pre-school or 

school age child in the synthetic population.  The model captures the location where a 

child attends preschool, daycare, or K-12 school.  This model handles the entire school 

location choice for a child; there is no tour destination choice model for school tours.  

This is different from work tours, which have a usual work location, determined by the 

work location choice model, and a tour destination choice model, which captures the 

destination choice of workplace of each person who does not have a usual workplace 

and the destination choices of workers who do not travel to their usual workplaces on 

the travel day. 

Children of a similar age in the same household are likely to attend the same school.  

“Lining up” the usual school location decisions among children in the same household 

makes the school escort activity by an adult in the household more likely to be 

coordinated.  The school locations in a household are simulated sequentially from the 

youngest to the oldest child.  Therefore, the usual school locations of the younger 

children in the household are known when simulating the school locations of older 

children.  This information is used in the model to group the school location choice for 

children in the same household. 
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The final specification was reached by testing a wide range of model variables—level 

of service, socioeconomic and demographic and land use.  The models also include size 

functions, which are additive logarithmic functions of elementary, middle school, and 

high school enrollment and households (for pre-school age children only). 

 

A.3 Vehicle Availability 

This model estimates the number of vehicles owned by each household in the synthetic 

population.  It is a multinomial logit model with alternatives representing having zero, 

one, two, three, four, or five or more vehicles. 

 

A.4 Transit Pass Ownership 

For each household in the synthetic population, this model simulates whether the 

household has a transit pass.  It is a binary model with alternatives representing having 

a transit pass or not. 

 

A.5 E-ZPass Transponder Ownership 

This model predicts whether or not a household in the synthetic population has an E-

ZPass transponder to use when driving on toll roads.  It is a binary model with 

alternatives representing having a transponder or not. 

Unlike most of the other models in InSITE, this model was not estimated only from the 

household survey data set.  Information on whether the household had a transponder 

was not recorded in the household survey.  The alternate data source was a list of 

transponder owners by zip code provided by E-ZPass administration. What this means 
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is that whether a household in the household survey owned a transponder was not 

known.  What was known was an estimate of the probability of having a transponder 

given the zip code of the household location, estimated as the number of households in 

the zip code in the transponder owner database, divided by the total households in the 

zip code. 

Because there is no “choice variable” in the data set, the estimated probabilities were 

used in defining the likelihood functions for the model estimation.  The likelihood 

function is computed as follows: 

1. Compute probabilities of toll transponder ownership for each household in the 

survey as in any logit model. 

2. Take the weighted average probability across each zip code (weighted based on 

the expansion factors for households). 

3. Compute log likelihood = nhhs1 * log(P1) + nhhs2 * log(1-P1) 

Where: 

nhhs1 is the number of households with toll transponders in the zip code 

nhhs2 is the number without (equal to total minus those with) in the zip 

code 

P1 is the average probability of toll transponder ownership for the zip 

code from the survey respondents. 

The final log likelihood is then scaled by (nzipcodes/total households).  This ensures 

valid statistics on the coefficient estimates. 
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A.6 Daily Activity Pattern Models and Fully Joint Tour Generation 

This section discusses the daily activity pattern (DAP) and fully joint tour generation 

models.  This includes several distinct model components related to DAP and joint 

travel for the household, including the latent class model structure.  The models 

described in this section are identified in Figure 57, which shows a portion of the overall 

model structure presented in Figure 3 

 

 

Figure 57 Model Components Related to Daily Activity Pattern 

 

The daily activity pattern (DAP) determines whether individuals travel on the travel 

day, and the number and purpose of mandatory tours generated for the individual.  

These two components are split across two separate models:  a high-level DAP model 

and a mandatory tour enumeration model.  The fully joint tour generation models 

consist of three distinct models.  The first model determines the number of fully joint 
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tours for the household, the second determines the purpose of each tour generated for 

the household, and the third determines the members of the household that will 

participate in the joint tour. 

Note that in this case, joint tours are restricted to non-mandatory tours.  Examination 

of the survey data show that few joint mandatory tours are made among household 

members.  The school location choice model considers the probability that children of 

similar ages attend the same school, and the school escorting model does consider the 

“bundling” of children in escorting decisions. 

In InSITE, each person in the synthetic population is classified as one of eight “person 

types”: 

 CH1 – Child 1 (age 0-4) 

 CH2 – Child 2 (age 5-15) 

 CH3 – Child 3 (age 16-17) 

 FTW – Full time worker 

 PTW – Part time worker 

 NWA – Non-working adult 

 STD – Adult student (e.g., university) 

 SEN – Senior (age 65+) 

Note that in InSITE, the use of age as a variable is not restricted to the person type 

definitions.  Many model components use the person’s specific age, sometimes in 

connection with a specific age range (e.g., age 5-10 or age greater than 40) to explain 

travel behavior. 
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The models detailed in this section include five separate models that were estimated.  

They are the latent class DAP and joint tour generation model, the adult mandatory tour 

enumeration model, the child mandatory tour enumeration model, the joint tour purpose 

model, and the joint tour participation model.   

 

A.6.1 Latent Class DAP and Joint Tour Model 

The first components of both the DAP and fully joint travel modules were estimated 

simultaneously in a latent class model structure.  The high-level DAP model is a choice 

model for each individual in the household with three alternatives: 

 Mandatory pattern 

 Non-mandatory pattern 

 Stay home pattern 

A mandatory pattern consists of at least one mandatory (work or school) tour, and 

possibly other non-mandatory tours.  A non-mandatory pattern consists of at least one 

non-mandatory tour and zero mandatory tours.  A stay home pattern indicates that the 

individual did not generate any travel within the model region on the travel day.  Note 

that a person with a “stay home” pattern may not actually be at home all day; he or she 

might be traveling outside the region with no travel within the region (for example, out 

of town on a business trip).  Basically, the intention is to identify those persons who do 

not travel within the model region on the travel day. 

The first joint tour model is a choice model with three alternatives also:  zero, one, or 

two joint tours. These two models are estimated simultaneously in a latent class model 

structure.  As part of this model structure, a secondary household class model is also 
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estimated, which is another discrete choice model.  Each of these three discrete choice 

models estimated simultaneously here (i.e., the high-level DAP model, the joint tour 

generation model, and the household class model) are multinomial logit models.  The 

interaction between these three models is shown in Figure 58 

 

 

Figure 58 Latent Class DAP and Joint Model Interaction 

 

As shown in the Figure 58, the household class model determines only the constants 

that are used for the DAP and joint tour models.  The constants are based on the class 

selected for the household.  If the household selects class 1, the constants used for 

household members’ DAP models are class 1 DAP constants and the constants used 

for the joint tour model are class 1 joint tour constants.  Besides the constants in the 

DAP and joint tour models, all other variables are generic to the household class.  That 

is, the coefficients for other variables do not depend on the household class.  Note that 

the joint tour model also depends on the outcomes of the DAP model.  This is a 

Household Class Model 

DAP Model  Joint Tour Model  

DAP 

Constants 

Joint Tour 
Constants 
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consequence of the sequencing of these two models, not of the simultaneous model 

estimation. 

There are several reasons for choosing this model structure.  First, we are able to 

accommodate interactions between individual DAP choices and household level joint 

tour generation choices via the household class model.  In some activity based models, 

DAP is assumed to be independent from joint travel, which is not ideal.   Second, 

interactions between DAP choices of household members are accommodated 

seamlessly, and without the need to test large numbers of two-way interaction terms in 

the DAP utility functions.  Instead, the DAP constants themselves determine the 

interactions across household members.  This is done by having different constants for 

each person type.  For one class, the constants may show it to be very likely that a 

young child and full-time worker both stay home, while in another class, the constants 

may show it to be more likely the young child stays home and the full-time worker goes 

to work.  These sorts of interactions are accommodated through DAP constants for 

eight mutually exclusive person types.  Third, application of this group of models is 

extremely simple.  It is a sequence of three simple multinomial logit (MNL) models, 

two of which (the DAP and joint tour model) have only three alternatives and the other 

has a small number of alternatives also (in this case, six). 
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A.6.2 Mandatory Tour Generation Sub-Model 

The high-level DAP model only determines whether an individual will have a 

mandatory day, non-mandatory day, or stay home.  Within the choice of mandatory 

DAP, each individual must also select the number and purpose of mandatory tours to 

engage in.  The mandatory tour generation sub-models do just this.  Two separate 

models were estimated, one for adults and the other for children.  The main reason for 

segmenting adults and children is that they have different education purpose options.  

Children can have school activities while adults can have university activities. 

Note the non-mandatory tours for persons with non-mandatory patterns are generated 

in the individual non-mandatory tour generation model.  Non-mandatory tours, if any, 

made by persons with mandatory DAPs are also generated by this model. 

While nested logit model structures were tested, the MNL model structure worked the 

best.  The alternatives are defined by the number of mandatory tours (one or two), the 

number of stops (zero, or one or more), and the types of tours (work, school, or 

university).  There are 13 alternatives in the model, but only a subset is considered 

available for any particular person type.  Table 42 shows the model alternative 

availability matrix for each person type. 
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Table 42 Mandatory Tour Options by Person Type3 

Alternative  CH1 CH2 CH3 STD FTW PTW NWA  SEN 

1 Work04   X X X X X X 

1 Work1   X X X X X X 

2 Work0     X X   

1 Work0 + 1 

Work1 

    X X   

2 Work1     X X   

1 Work0 + 1 

Univ.  

   X X X   

1 Work1 + 1 

Univ.  

   X X X   

1 Work0 + 1 

School 

  X      

1 Work1 + 1 

School 

  X      

1 Univ.     X X X X X 

2 Univ.     X     

1 School X X X      

2 School X X X      

3.  Person types are as follows:  CH1 = child less 5 years, CH2 = child 5-15 years, CH3 = child 16+ years, STD = 

college student, FTW = full-time worker, PTW = part-time worker, NWA = non-working adult < 65 years, SEN = 

non-working adult 65+ years. 

4.  Work0 is a work tour with no stops, Work1 is a work tour with 1+ stops. 
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Joint Tour Purpose Model 

The joint tour purpose model determines the tour purpose for each joint tour generated 

by the household in the joint tour generation model.  The alternatives of the model 

include the following tour purposes: 

 Meal 

 Shopping 

 Personal Business 

 Social/Recreation 

The tours are modeled in sequence for each household, rather than simultaneously.  

This reduces the number of alternatives that must be considered in the model from 16 

(for two tours with up to four purpose options for each) to four.  It also means that the 

joint distribution of purposes for households with two joint tours may not exactly match 

the observed distribution (e.g., the models may suggest it is more likely than observed 

to have households with two joint meal tours).  However, we did check the distributions 

of one- and two-joint tour households and found that the distribution of purposes for 

two-joint tour households was close to what one would expect if the purposes of each 

joint tour were independent of one another.  Moreover, we tested variables in the model 

that accounted for the household having two joint tours (rather than just one). 
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A.6.3 Joint Tour Participation Model 

The joint tour participation model determines the household members that will engage 

in a joint tour that was generated by the joint tour generation model.  It does this by 

sequencing through all household members based on the person type in the following 

order: 

 Child 1 (age 0-4) 

 Non-working adult (less than 65 years old) 

 Senior 

 Child 2 (age 5-15) 

 Child 3 (age 16+) 

 Part-time worker 

 Full-time worker 

 Adult student 

This order is chosen because it represents an ordering of person types based on their 

typical availability to take part in joint activities (e.g., workers and college students 

typically have more limited availability, while non-workers and preschool age children 

have more flexibility). 

The model has only two alternatives—either the person can be part of the joint tour or 

not.  All household members with an active DAP (mandatory or non-mandatory) are 

eligible to participate in the joint tour.  Scheduling of the joint tour is simulated after 

participation (rather than before), and is based on the time availability overlaps of 

participating household members.  Note that the time-of-day has already been 
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simulated for mandatory tours and for school escorting activities for every person in 

the household prior to the application of the joint tour participation model. 

 

No strict requirements are enforced on the estimation to ensure that model application 

will result in a valid fully joint tour.  In other words, application of the model could 

result in zero or one household members participating.  In such cases, the model will 

be rerun until a valid tour is constructed. 

 

     A.7 School Escorting 

The school escorting model captures the choice of whether a child is escorted to/from 

school or not, and if so, by whom.  The school escorting model is sequenced after 

mandatory tour destination choice, but before mandatory tour time-of-day choice.  By 

sequencing the model in this way, the model is independent of timing constraints 

(instead, timing considerations are conditional on whether there is school escorting). 

For each child having a school activity, the escorting model simulates escorting for 

both the outbound half-tour (travel to school) and the return half-tour (travel home from 

school). The alternatives in the model include the no escort alternative, and up to three 

adults (if they exist in the household).  For each adult, two alternatives are specified.  

The first is a mandatory tour option, where the adult would escort the child as a stop 

on the adult’s mandatory tour (typically work).  If the adult does not have a mandatory 

tour, then the mandatory option is not available as an alternative in the model.  The 

second is a stand-alone school escorting tour option, where the adult generates a new 

tour for the specific purpose of escorting the child to/from school. 
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Since each school tour has two travel components (outbound and return), there are two 

choice dimensions, handled simultaneously in the model.  In other words, each 

alternative represents the joint choice for outbound half-tour escort choice and return 

half-tour escort choice. 

One issue in modeling school escorting behavior is how to handle multiple children in 

the same household traveling together to or from school.  We call this bundling of the 

escort decision, since it suggests the escort choices of each child are not independent.  

To accommodate this behavior, child bundles were considered in the escorting model.  

Child bundle formation consists of two parts.  First, the school tours for each child must 

share a common school location (school locations are predicted by the school location 

choice model).  If this condition is not met, the children will not be bundled.  Second, 

a probability distribution based on observed household survey data is used to simulate 

whether two children form a bundle or not (if the first condition is met also).  The 

probability distribution depends on the ages of the children being considered.  The 

distributions for outbound and return half tours are shown in table 43 
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Outbound Half Tours 

Table 43- Percentages of Children from Same Household Having Same Escort Decision 

Age Range 0 to 4 5 to 10 11 to 13 14 to 18 

0 to 4 98%    

5 to 10 76% 98%   

11 to 13 71% 84% 85%  

14 to 18 0%1 19% 62% 70% 

 

Pairs of children are simulated from youngest to oldest.  For instance, in the case of a 

3-year old, 8-year old, and 15-year old, the 3-year old and 8-year old would be 

compared first.  From the table, we see the probability of bundling among these two 

children on the outbound half tour is 76%.  Second, the 8-year old and 15-year old 

would be compared, having a probability of bundling of 19%.  This probability holds 

regardless of whether the 3-year old and 8-year old were already bundled or not.  In 

total for this case, there are four possible outcomes, each with the following 

probabilities: 

 No bundling:  P = (1-0.76) * (1-0.19) = 0.194 

 3 years, 8 years Bundled:  P = (0.76) * (1-0.19) = 0.616 

 8 years, 15 years Bundled:  P = (1-0.76) * (0.19) = 0.046 

 All bundled:  P = (0.76) * (0.19) = 0.144 

Note that it is not possible for the 3- and 15-year old to be bundled without the 8-year 

old; this is by design.  Also note that bundling on the outbound half tour and on the 

return half tour are handled independently from one another.  Children need not be 
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bundled on both half tours. Since children are bundled for the purposes of the school 

escorting choice, the decision-maker is the child bundle. 

 

A.8 Tour Destination Choice 

The purpose of this model is to simulate the location of each primary activity on a tour.  

A destination choice model was estimated for each tour purpose3.  A total of five 

models were estimated, defined as follows: 

 Individual work; 

 Individual university; 

 Individual non-mandatory (including escort purpose); 

 Individual work-based sub-tours; and 

 Fully joint non-mandatory tours. 

Note that by definition all tours begin and end at home, except work-based sub-tours. 

 

A.9 Individual Non-Mandatory Tour Generation 

The individual non-mandatory tour generation model predicts the number and type of 

individual non-mandatory tours (as opposed to joint tours among household members, 

which are modeled separately) for each individual in the simulated population.  This 

model is a function of the number of available time windows, activity patterns of other 

household members, transportation accessibility, and other household and person 

attributes. 

                                                 
3 A school tour purpose model was not estimated.  A regular school place location model will be 

among the long term choice models, and each child person type will have a school place assigned.  

When a child generates a school tour, it will automatically be assigned to the regular school place 

location; thus, no tour-level model is needed. 
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A.10 Tour Time-of-day Choice 

The tour level time-of-day choice models are estimated for the following tour purposes: 

 Work 

 University/school 

 Individual non-mandatory 

 Joint non-mandatory 

 Work-based sub-tour 

Note that by definition all tours begin and end at home, except work-based sub-tours. 

Time-of-day choice is predicted in 30-minute intervals (48 periods across the day) 

beginning and ending at 3:00 AM.  The models predict, jointly, the time interval an 

individual arrives at and the time interval an individual leaves from the tour primary 

activity location.  Thus, for each arrival period alternative, there are multiple return 

period options.  For instance, for an arrival in the 8-8:30 AM period, one could 

potentially return at any time interval thereafter (up until the last period of the day).  

Each arrival/return pair represents an alternative, for a total of 1,176 alternatives. 

The main approach is to use alternative specific constants for various groupings of 

arrival periods, departure periods, and durations, plus shift effects that push arrivals 

earlier or later and durations of stay longer or shorter (as a result, shifting the departure 

period as well).  The models also make extensive use of the concept of available time 

windows for scheduling tours.  As each tour is simulated, the periods that are used by 

the tour are made either fully or partially unavailable for any other tours, and the length 

of remaining time windows available during the day is calculated. 



 

 

168 

 

Finally, a logsum variable from the mode choice model is used to estimate the effects 

of transportation level of service, including road congestion and tolling, on time-of-day 

choice. 

 

Tour Destination Choice 

The purpose of this model is to simulate the location of each primary activity on a tour.  

A destination choice model was developed for each tour purpose4.  This is analogous 

to having gravity models for each trip purpose in a four-step model.  A total of five 

models are estimated, based on travel purpose, defined as follows: 

 

 Individual work; 

 Individual university; 

 Individual non-mandatory (including escort purpose); 

 Individual work-based sub-tours; and 

 Fully joint non-mandatory tours. 

Note that by definition all tours begin and end at home, except work-based sub-tours. 

 

A.11 Stop Generation 

These models estimate the number of intermediate stops (i.e., excluding the primary 

activity for the tour) for each tour in the simulated daily activity patterns, and the 

                                                 
4 A school tour purpose model was not estimated.  A regular school place location model will be 

among the long term choice models, and each child person type will have a school place assigned.  

When a child generates a school tour, it will automatically be assigned to the regular school place 

location; thus, no tour-level model is needed. 
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purpose for each stop.  These models estimate the number of stops on each half tour, 

to a maximum of three. 

Separate models are estimated for different tour purposes.  Note that school escorting 

stops are not modeled here since these are modeled earlier in the model chain.  Nor are 

“change mode” stops, such as transit transfers or park-and-ride and kiss-and-ride stops 

(although the stop for the person driving a transit rider to a stop is modeled as an escort 

stop, if it is not the primary activity of the (escort) tour). Stop generation is modeled 

for the tour purposes listed below: 

 Work 

 School/university 

 Individual non-mandatory (including escort and fully joint tours) 

 Work-based sub-tours 

Therefore, there are a total of eight models, a number of stops model and a stop purpose 

model for each of the four purposes listed above. 

 

A.12 Work-Based Sub-Tour Generation 

The work-based sub-tour generation model predicts the number and type of work-based 

sub-tours for each home-based work tour (referred to as the “parent tour”) that is 

simulated in the daily activity pattern model.  This model is a function of characteristics 

of the parent work tour, other activities the traveler has during the day, the distance 

from the home to the workplace, highway and transit accessibility, and other household 

and person attributes. 
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A.13 Tour Mode Choice 

Four tour mode choice models were estimated, based on tour purposes or groups of 

purposes (the first three models represent home based tours): 

 Work; 

 School/university; 

 Non-mandatory, individual and joint (including shopping, meal, personal 

business, social/recreation, and escort tours); and 

 Work-based sub-tours. 

The final model specifications were reached by testing a range of model variables, 

nesting structures, and model constraints though we were guided by our experience 

with similar models in other activity based model systems.  Types of variables included 

attributes of the traveler and his or her household, tour characteristics, level-of-service 

attributes (e.g., travel cost and travel time), and land-use variables.  In each model, the 

cost variable was segmented by household income level. 

 

A.14 Stop Location Choice 

The purpose of this model is to simulate the location of each activity that is not the 

primary activity on a tour (and is not a school escorting activity).  Prior to the 

application of the stop location choice model, the following information is known about 

the tour: 

 The home location of the traveler 

 All information about the primary activity (purpose, location, start and end 

time periods) 

 The chosen tour mode 
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 The number and purpose of stops generated on each half tour (outbound and 

return) 

The objective of the stop location choice model is to simulate the location of each of 

these stops.  If the stop is the only stop on a half tour, the stop location is simulated 

based on the locations of the home and the primary activity.  In cases where multiple 

stops exist on a single half tour, the stops are modeled in sequence starting with the one 

closest in temporal proximity to the primary activity.  For outbound stops (first half 

tour), this means stops are modeled in reverse chronological order, and for return stops 

(second half tour), this means stops are modeled in chronological order.  In such cases, 

a second stop’s location is simulated based on the locations of the first stop’s simulated 

location (rather than that of the primary activity) and the home location, and a third 

stop’s location is simulated based on the location of the second stop’s simulated 

location and the home location. 

The main approach of the model is similar to that used for tour destination choice.  Size 

variables, defined similarly to those used in tour destination choice, reflect the amount 

of activity and therefore attractiveness of destinations.  The main differences are that 

1) the “detour generalized accessibility” and “detour distance,” rather than the direct 

home-to-activity location time and distance, are used as the impedance measures, and 

2) a single model is used for stop location choice, rather than separate models by 

activity purpose (although some model parameters vary by stop and/or tour activity 

purpose). 
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A.15 Stop Time-of-day Choice 

Time-of-day choice is predicted in 30-minute intervals (48 periods across the day) 

beginning and ending at 3:00 a.m.  Unlike the tour time-of-day choice models, the stop 

time-of-day choice model predicts only a single time period for each stop activity.  This 

time period corresponds to the activity start time if the stop occurs on an outbound half-

tour or the activity end time if the stop occurs on a return half-tour. 

At the point in which stop time-of-day choice is applied in the model chain, the start 

and end times of a tour’s primary activity have already been simulated.  Thus, the 

difference between stop start time and primary activity start time (outbound half-tour) 

or stop end time and primary activity end time (return half-tour) represents the duration 

of that stop (inclusive of the travel time between activity locations).  Of course, an 

outbound half-tour stop must occur earlier than the primary activity start time and a 

return half-tour stop must occur later than the primary activity end time. 

In cases where multiple stops exist on a single half-tour, the stops are modeled in 

sequence starting with the one closest in temporal proximity to the primary activity (the 

stop location choice model sequences stops the same way).  For outbound half-tour 

stops, this means stops are modeled in reverse chronological order, and for return half-

tour stops, this means stops are modeled in chronological order.  In such cases, the 

second stop’s timing would be bounded by the start/end time of the first stop’s 

simulated time period (rather than that of the primary activity), and a third stop’s timing 

would be bounded by the start/end time of the second stop’s simulated time period.  As 

an example, the modeling sequence and timing bounds of three outbound half-tour 
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stops to a primary activity that begins in the 9:00-9:30 a.m. period are shown in  Figure 

59 

 

 

 

In addition to knowing the primary activity’s start and end time, the start and end times 

of other tours for an individual are also known when stop time-of-day choice is applied.  

The timing of these other tours bound the available timing of stops from the opposite 

direction.  For instance, if an individual has a work tour that ends in the 4:30-5:00 p.m. 

time period and a meal tour that begins in the 7:00-7:30 p.m. time period and that meal 

tour has an outbound half-tour stop, the timing of that stop is bounded between 4:30 

and 7:30 p.m., as shown in Figure 60 
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Figure 59 Example of Stop Modeling Sequence 
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As indicated above, the difference in stop time-of-day and the time-of-day of the 

subsequent or previous activity represents the duration of that stop.  This duration 

includes both the actual stop activity’s duration and the travel time between the stop 

activity and subsequent/previous activity.  It is worth noting here that no specific 

requirements are placed on the stop time-of-day choice to ensure consistency between 

activity timing choices and travel times.  In other words, it would be possible (though 

unlikely) for the stop time choice to be such that there is insufficient time to travel 

between activity locations and engage in the stop activity (e.g., tour ends in 4:00-4:30 

period, stop choice is the 4:30-5:00 period, and travel time between locations is 60 

min).  There are several reasons for this.  First, the 30-minute time periods are a bit 

fuzzy, in that choice of a specific time period could indicate an exact time at the 

beginning of that 30-minute period or the end.  In the case of activities that lie one 

period apart (e.g., 4:00-4:30 and 4:30-5:00), the exact times chosen could be as little as 

1 minute apart or as large as 59 minutes apart.  This means any restrictions would have 

to be very broad anyway.   Second, while tour mode would be known when the model 
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Figure 60 Example of Time-of-day Constraints with Multiple Tours 
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is applied, trip modes may be different than tour modes.  Choice of a specific mode’s 

skims to use in such cases is unclear.  Third, given these first two considerations, 

implementation of such requirements could be rather complicated.  Last, we felt these 

inconsistencies would be rather rare, in general, and we were able to include some 

variables in the model specification that work to discourage these potential 

inconsistencies. 

The main approach of the model is similar to that used for tour time-of-day choice.  

Alternative specific constants are used for various durations (segmented by half-tour) 

and shift effects can encourage longer or shorter stop durations.  The models also use 

the concept of available time windows. 

 

A.16 Trip Mode Choice 

A single trip mode choice model was estimated for all tour/trip purposes.  There are 

indicator variables for tour purpose that in effect create different constants by mode for 

each tour purpose. 

Note that by definition all tours begin and end at home, except work-based sub-tours, 

which begin and end at work.  There may be trips of different purpose than the tour 

purpose. 

The final model specifications were reached by testing a range of model variables, 

nesting structures, and model constraints though we were guided by our experience 

with similar models in other activity based model systems.  Types of variables included 

attributes of the traveler and his or her household, tour characteristics, transportation 

level of service (represented by the generalized accessibility from the tour mode choice 
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model), land use variables, tour mode related variables, and previous trip purpose 

variables related to escort activities.  

 

Appendix B. Long-Distance Travel Demand Model 

Components 

B.1 Activity Pattern Level Model 

The demand for long-distance activities and travel can be considered as a choice among 

all the possible bundles of activities and travel annually. The model system adopts a 

timeframe of one year because of less frequent long-distance travel, and days, weeks 

and even months of activity duration. Dissimilar to regular urban-level activities 

schedule, people choose their long-distance activities with few interactions within one 

year due to much less frequent long-distance travel. As shown in Figure 61, the yearly 

long-distance activity schedule can be presented as a set of different long-distance 

activities per year, and all the long-distance activities at this level are the primary 

activities. So the yearly long-distance activity pattern can be presented as {B-x, PB-y, 

P-z}, where B, PB, and P stand for the activity type of business, personal business and 

pleasure respectively, and x, y, z are integers (x, y, z ≥ 0) referring to the number of the 

corresponding activities during one year. In the model, the Multiple Classification 

Analysis (MCA) method which is a mostly-used trip generation method in traditional 

four-step travel demand model is employed to estimate the long-distance trip rates by 

activity type.  
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No. of long distance 
activities

No. of LD Business 
Activities

No. of LD Personal 
Business Activities

No. of LD Pleasure 
Activities

 

Figure 61 Yearly Long-distance Activity Pattern Level 

 

 

B.2 Tour Level Structure 

Each long-distance activity schedule has a primary tour, and may have zero or more 

intermediate stops or side stops during the legs of the tour and at the destination. In our 

model system, the secondary tours or the side stops that occur based on the long-

distance primary destination are ignored due to the data limitation and its coverage of 

urban- or metropolitan-level travel. The tour level model system defines the 

characteristics of the primary tour of each long-distance activity such as the tour 

destination, time of year, tour duration, travel party size and tour travel mode. When 

we develop and estimate each model component at the tour level, it is assumed that the 

outcomes of the upper-level model, the household, person characteristics and mobility 

attributes are already known. So the solid arrow in Figure 4 indicates that the output of 

the upper level can be used as an explanatory variable at the lower level, while the dash 

arrow means that the expected utility of the lower-level models can affect the choices 

at the upper level. Meanwhile, the upper level decisions of tour duration and destination 

will constrain the travel mode choice at the lower level; for instance, if people from 

Washington, D.C., only have one day to travel to California and get back, it is unlikely 

that he/she will drive. In reality, the proportion of the long-distance tour travel time in 
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total duration varies by person. As the 1995 ATS data has limitation on the activity 

duration information at the primary destination, we simplified the temporal constraint 

and made assumption that for each person the total tour travel time should not exceed 

half of the total tour duration. When people decide to make a long-distance activity, 

they usually have different priority considerations and decision procedures for different 

activity types. In the research, we made a set of assumptions about people’s decision-

making process of long-distance travel at the tour level. For example, the long-distance 

pleasure activity (a discretionary activity) requires people to consider their time 

availability prior to other decisions. When they have a period of time (days, weeks or 

months) for pleasure, they will decide when to spend it, where to go, whom to go with 

and how to go sequentially. In contrast, people taking long-distance business and 

personal business activities usually give priority to the decisions of the activity location 

and the time (including time of year and duration), followed by travel party size and 

tour mode choice. Therefore, two different tour level structures are proposed for 

business/personal business and pleasure (Figure 61) According to the direction of the 

dash lines in the Figure 4, both time of year models and destination models should 

include the expected utility variable from the mode choice model (mode choice 

logsum).  
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B.2.1 Travel Mode Choice Model 

Three travel modes are modeled at the tour level, i.e. {(car, car), (air, air), (train, train)}, 

and no combination of different travel modes is considered due to the small sample size 

in the ATS data. Multinomial logit model is employed to develop the travel mode 

choice model, and a piecewise linear utility function shown in Equation  is adopted. 

ἣἱἲ ϽἼἫἱἲȢἺ ϽἼἫἱἲȢἺ  ȣ ἶϽἼἫἱἲȢἺἶ ϽἼἼἱἲⱠ░▒ 

Equation 4 

5 : the utility value of person choosing travel mode i for long-distance activity j 

between a specific OD; 

i: refers to the three tour level travel modes, {(car, car), (air, air), (train, train)}; 

j: one of the three long-distance activities (business, personal business, and pleasure); 

ÔÃȢȟÔÃȢȟȣȢȟÔÃȢ : total travel cost of mode i for jth long-distance activity when 

travel cost falls into the range of r1, r2, …., rn; 

ÔÔ: total travel time using mode i for jth long-distance activity. 

ɻȟɻȟȣȢȟɻ: the coefficients of total travel cost for different travel cost ranges; 

ɼ: the total travel time coefficient; 

‐:error term capturing the factors that affect utility, but are not observable by the 

researcher. 
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B.2.2 Time of Year Choice 

Due to the fact that the finest temporal resolution in ATS is quarter, our proposed model 

system functions at a time resolution of three-month or one-quarter. The three-month 

increments begin in January and end in December, thus four quarters in total. In the 

ATS sample data, few records are observed that depart from and arrive at home across 

quarters. Consequently, we adopted a choice set of only four alternatives {(Q1, Q1), 

(Q2, Q2), (Q3, Q3), (Q4, Q4)} for each person when he/she decides what time of the 

year to travel and what time of the year to get back, where Q1, …., Q4 refer to Quarter 

1 to Quarter 4. Multinomial logit model is adopted for time of year choice model, and 

the model employs the person and the zonal characteristics most of which are generic 

across the four time alternatives. Since transportation network LOS attributes vary by 

time periods especially the air fare with large price fluctuations in different seasons, 

these variables are specified as alternative-specific based on the four time alternatives.  

The general form of the TOY model utility can be represented in Equation 4 

╤░ ♪Ͻ■▫▌▼◊□░ ║░Ͻ╧ Ⱡ░ 

 

ὰέὫίόάὰὲ Ὡ  

Equation 4 

 

Where: 

Ὗ: the utility value of person choosing to travel during the time period i, where i=1, 2, 

3, 4, refering to (Q1, Q1), (Q2, Q2), (Q3, Q3), (Q4, Q4); 

ὰέὫίόά: mode choice logsum during time period i, and it represents the total ease of 

travel between two TAZs across all available travel modes during time period i; 
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‌: mode choice logsum coefficient; 

ὢ: vector of person’s characteristics; 

ὄ: vector of person’s characteristics coefficients for time alternative i; 

ὠ : representative mode utility for the tour by mode k during time i; 

At the tour level for pleasure long-distance activity, a simplified time of year choice 

model which only takes into account the person’s characteristics is firstly developed 

and applied when the pleasure destination is not known. The time period assigned from 

this simplified model will serve as an input or known attributes for the destination 

choice model. Once the destination is chosen, a full time of year model considering the 

mode choice logsum is re-run to choose the final time period (Figure 62)  

Tour Duration

Simple Time of Year

Destination Choice

Tour Mode Choice

Pleasure

Full Time of Year

Travel Party Size

 

Figure 62 Re-simulating Time of Year Choice Model 
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B.2.3 Tour Duration Choice Model 

 

Different from the urban- or metropolitan-level travel demand model systems, the 

duration in long-distance trip is measured in days away from the origin and covers the 

entire time period starting from the origin and ending at the origin. The tour duration 

is modelled as it could affect the travel distance and travel mode that people will choose 

when they plan the long-distance travel. Hazard duration model (survival analysis) 

analyzing the time to the occurrence of event is employed for the tour duration model. 

According to the feature that the long-distance travel duration is recorded as days, the 

discrete time survival analysis method is utilized for tour duration choice (56). In the 

discrete time survival analysis for tour duration, we consider each long-distance tour 

as a subject, and all the subjects are uncensored in a one-year calendar time. The longest 

duration for the long-distance tour is set as 31 days. The time unit is measured as day. 

The survival time T is a discrete random variable with probabilities: 

Ὢὸ 0Ò Ὕ ὸ 

Equation 5 

 

Where t represents the time interval. The discrete time survival function which 

describes the chance that a person will survive beyond the time period t in question 

without experiencing the event is given by Equation 6, while the failure function giving 

the probability of the event has occurred by duration t is given by Equation 6. 

 

Ὓὸ 0ÒὝ ὸ Ὢ 

Equation 6 
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&Ô ρ 3Ô 

Equation 7 

 

And the hazard rate, which represents the probability of an event occurs given that one 

has survived to that time t, is: 

ÈÔ 0Ò4 Ôȿ4 Ô
Ὢὸ

Ὓὸ ρ
 

Equation 8 

 

Given the hazard rate, the discrete time survival function can also be written in 

Equation 9 

Ὓὸ ρ Ὤ ρ Ὤ ȣȣ ρ Ὤ ρ Ὤ  

Equation 9 

 

The probability of the event being occurred during the time interval t is: 

0Òὸ ρ Ὕ ὸ Ὂὸ Ὂὸ ρ Ὓὸ ρ Ὓὸ 

Equation 10 

 

Two functions including logistic regression function and complementary log-log 

function can be used to fit the discrete-time hazard models (57), and we adopted the 

logistic regression function for the hazard rate in our analysis. 

ÌÏÇ
È

ρ È
ɻ ɼϽ8  

Equation 11 

  

where hit is the hazard rate, and it is the probability of an event occurs given that one 

(i) has survived to the time (t); i (1, 2,…n) refers to individual; t, taking on positive 

integer value, refers to the discrete time; ɻ is the baseline hazard function; ɼ is the 
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coefficient vector of the covariates; 8  is the covariates or explanatory variables of 

individual i at time t. In the duration model, the explanatory variables or covariates are 

known features of the long-distance tour, person and household characteristics. It is 

less likely that these attributes will change over time during the period of the long-

distance tour. Therefore, the covariates are assumed time independent. Meanwhile, 

multiple baseline hazard functions including log(time) and polynomial in time are 

tested. Little difference is shown in the model estimated coefficients (for the same 

covariates) and the model with-out sample validation results. In our model, the 

polynomial function of time was employed as the baseline hazard function. Therefore, 

the hazard rate function can be represented as:  

ÌÏÇ
È

ρ È
ɾÔ ʃὸ ɼϽ8  

Equation 12 

Ὤ
ρ

ρ ÅØÐ ɾÔ ʃὸ ɼϽ8
 

Equation 13 

 

where ɾȟʃȟÁÎÄ ɼ  are coefficients which need to be estimated.  

 

 

 

 

 

B.2.4 Travel Party Size Choice Model 

The travel party size choice is modeled for each long-distance tour, and it determines 

how many persons participating in the tour. And it is assumed that no one will get on 

or get off the tour during the long-distance travel. The model is multinomial logit 

model, and each person will have a choice set of four alternatives (travelling alone, 
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travelling with 1 person, with 2 persons, and with 3 or more persons) for all the three 

long-distance activities (business, personal business and pleasure). People travelling 

alone is set as the base alternative for all the three models. The explanatory variables 

mainly include the person and the household characteristics.  According to the tour-

level model structure, the tour destination is determined and known before people 

decide the travel party size for business and personal business travel. Therefore, the 

zonal attributes can be utilized in the travel party size choice model for long-distance 

business and personal business tour.  

 

B.2.5 Tour Destination Choice Model 

The destination choice determines the location of the long-distance tour’s primary 

destination. It works at the zonal level and each person will be assigned a TAZ as 

his/her primary destination according to the multinomial logit destination choice 

model. In the 1995 ATS sample data, there are a total of 208 TAZs which means that 

each person faces a choice set of 208 alternatives. In order to reduce the estimation time 

and complexity, the method of simple random sampling (SRS) is implemented due to 

the independency of irrelevant alternatives (IIA) property of multinomial logit model 

(58). Consequently, each person will have a destination choice sub-set of 10 

alternatives among which one is the person’s chosen zone and nine will be randomly 

selected from the rest of 207 zones.  Due to the fact that people tend to take their long-

distance pleasure and business trips in places that are large cities, tourist attractions or 

vacation locations, we added several dummy variables in the long-distance business 

and pleasure destination choice models to control people’s preference for certain 
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places. The zonal attractiveness variables in the destination choice models are mainly 

the zonal total employment, the number of households, and the dummy variable 

indicating a metropolitan statistical area. As we can see in Equation , destination is 

firstly determined for long-distance business and personal business travel and the travel 

time period is unknown. Therefore, in the destination choice model for business and 

personal business, the mode choice logsum is calculated with the average travel time 

and travel cost of each travel mode across four seasons.  

 

B.3 Stop Level Structure 

After people have made decisions about their travel to the main destination, they will 

make plans for their trips on the way to and from the destination based on the remained 

time. It is assumed that people have the same logic to determine their stops or trips 

during the tour legs regardless of the main activity types. Consequently, the same model 

structure at the stop level will be applied to all the three tour-level activity types 

(business, pleasure, personal business) (Figure 61). The stop level structure generates 

the information of the intermediate stops people would make during their 

inbound/outbound legs of the long-distance tour. A stop during the tour is defined as 

one people make for certain purpose like business, personal business or pleasure. The 

stops for rest or transfer in the same travel mode or across multiple travel modes are 

not the ones we analyze, and are excluded from the data set. At the stop level, the 

information about each long-distance tour such as the tour duration, travel mode, travel 

party size, and tour origin and destination are already known.  
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Stop Frequency

Stop Purpose

Stop Location

 

Figure 63  Stop Level Procedure and Model Components 

 

B.3.1 Stop Frequency Choice Model 

The stop frequency model at the higher level determines the number of intermediate 

stops people will have on the way from/to the tour destination. In each direction, a 

maximum number of 4 stops can be made which results in a maximum of 5 trips on 

each tour leg. The stop frequency choice model for each half tour leg is developed using 

multinomial logit model, and each person faces a choice set of 5 alternatives (0, 1, 2, 

3, 4) for each tour leg. Zero stop is set as the base alternative for both models. The 

models mainly utilize the long-distance tour characteristics as the explanatory variables 

such as tour duration, tour mode, the activity type of the long-distance tour, time of 

year, and distance between tour origin and destination.  

 

B.3.2 Stop Purpose Choice Model 

Once the number of stops a person will make during the long-distance tour is obtained, 

the purpose of each stop will be determined through the stop purpose choice model. 

The stop purpose category follows the same tour-level activity types that include 

business, personal business and pleasure. The model is developed for each half tour 
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using multinomial logit model, and the pleasure purpose is set as the base alternative. 

Both obtained stop-level and tour-level characteristics can be used as the explanatory 

variables in the stop purpose choice model for each tour leg, such as the sequence of 

the stop, the long-distance primary activity type, travel party size, and the tour travel 

mode.  

 

B.3.3 Stop Location Choice Model 

At the low tier of the stop-level structure, the location for each stop is estimated with 

the similar method employed in the primary destination choice at the tour level. Before 

the stop location, we know the number of stops and the sequence of the stops during 

each half tour, the stop purpose and tour origin and destination. As we assume that 

people only take one of the three modes (air, car, train) and no transfer among different 

modes for the entire tour, the travel mode for each trip on each half leg will remain the 

same as the one estimated at the tour level. In the stop location choice, the distance 

between stop origin and stop location should be larger than 50 miles. The short-distance 

travel based on the stop origin will not be incorporated and modelled. The same 

methodology as the one used in tour destination choice is employed. However, different 

from the tour-level primary destination choice, the impedance of the travel to an 

intermediated stop in the stop location choice model should measure the additional 

impedance between the tour origin or stop origin and the tour primary destination if it 

is an outbound trip (59). The main variables in stop location choice model are the out-

of-direction or detour generalized travel cost and detour travel distance. For instance, 

the level of service (LOS) variables for the first stop on the way to the tour primary 
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destination are based on the additional impedance between the tour origin and the tour 

destination (Figure 64), and the LOS for the following stop is based on the additional 

impedance between the previous stop and the tour destination. In the meantime, the 

tour origin becomes the stop origin for the stop in the situation of Figure 64, and stop i 

will be called the stop origin of stop j in the Figure 65 situation. The same method 

works with the stops of the inbound direction but in an opposite way, as the anchor 

point is the tour origin instead of tour primary destination.  

 

 

Figure 64 LOS estimation for the first stop during outbound tour leg 

 

 

Figure 65 LOS estimation for the jth stop during outbound tour leg 

 

Tour Origin Tour 

Destination 
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Cost (O, S) 
Cost (S, D) 

Cost (O, D) 

Detour travel cost = Cost (O, S) + Cost (S, D) – Cost (O, D)                  

Cost (Si, Sj) 

Tour Origin Tour 
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Stop i Stop j 
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Detour Travel Cost for Stop j = Cost (Si, Sj) + Cost (Sj, D) – Cost (Si, D) 
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The detour generalized travel cost combines the detour travel cost and travel time 

components according to the time of value obtained from the tour level mode choice 

model. 
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