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The Research Motivation

Country N cars x Hhld 0 car 1 car 2+ cars Mileage

NL 1.07 ~ 30% ~ 50 % ~ 20 % ~10.000

US 1.92 8.7 % 32.2 % 59.1 % ~ 20.000

Wash MA 1.87 7.8 % 26.7 % 65.5 % 21.922
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• The average U.S. vehicle travels 42% more miles than the average car in Germany. 
• The average U.S. vehicle consumes 112.5% more fuel than its German counterpart 

(2,040 gallons vs. 960), and even 21.4% more than a Canadian car (1,680 gallons).
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Introduction
• The American households are highly dependent on private vehicles – in 2009, the average 

vehicle ownership per household is 1.92, and there are only about 9% of the households 
who do not have a car. 

• In the U.S., transportation contributes approximately 27 percent of total greenhouse gas 
emissions. 71 percent of the oil consumption directs to fuels used in transportation, in 
which 40 percent is used to fill up gasoline tanks in our personal vehicles. The use of private 
vehicles has strong relationship with traffic congestion, energy consumption and our 
environment.

• Therefore, it is very crucial to understand the people’s behavior on the wheels, particularly, 
how many vehicles they own, the types of the vehicles and how many miles they travel.

• In fact, households make those decisions simultaneously. As transportation modelers, we’d 
better to estimate the decisions in one system, in stead of separately, in order to best 
understand their travel behavior hence provide better reference for the policy makers. 

• However, in the literature there are only a few studies that investigated the three choices 
jointly.
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Literature Review
• Discrete-continuous models derived from conditional indirect 

utility function
– The models estimate the choice probabilities and the demand equations sequentially, not simultaneously .
– The estimates are consistent but not as efficient as full information maximum likelihood, because the unobserved 

component of utility and the error in the demand equation generally contain some common unobserved factors. 

• Multiple Discrete Continuous Extreme Value (MDCEV) model
– Does not include vehicle holding decision.
– Requires fine classification of vehicles as one type of vehicle cannot be chosen twice by the household.
– The assumption of fixed total mileage budget for every household implies that it is not possible to predict changes 

in the total number of miles in response to policy changes.
– There is only a single error term underlying both discrete and continuous choices.

• Bayesian Multiple Ordered Probit and Tobit (BMOPT) Model
– The computation becomes intensive for a large number of vehicle categories, as the number of equations to be 

estimated increases  proportionally with the number of vehicle types. 
– Ordered mechanism may not perform as well as unordered mechanism in modeling car ownership decisions.
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Research Objectives
• Develop a mathematical framework to model the household choices on vehicle ownership, 

the types and annual mileage traveled; in particular, the model should be able to 
– simultaneously estimate discrete (vehicle holding and types) and continuous (vehicle 

usage) decision variables;
– take into account a large number of alternatives in both the vehicle holding and the 

vehicle type choices;
– have no budget on the mileage traveled;
– capture the correlations of the unobserved factors between the discrete and continuous 

parts;
– have flexible specifications; and 
– be sensitive to policy analysis.
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Research Objectives (Con’t)

• Examine and compare the performance of ordered and unordered structures in 
discrete-continuous models. 

• Apply the framework and develop the national models of vehicle ownership and 
use.

• Investigate the effects of improved public transportation services on household 
vehicle ownership and use
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Framework of the Integrated Discrete Continuous Model

• The discrete choices: 
– Number of vehicles in the household
– The type choice of each vehicle in the household

• The continuous choice:
– Annual miles traveled of the household

Household

Number of vehicles
& the type of each

Annual miles traveled

0 
1 - Type1 Vintage 1 (T1 V1)

3 - T1 V1 & T2 V2 & T3 V3
4 - T1 V1 & T2 V2& T3 V3 & T4 V4

2 - T1 V1 & T2 V2

Unrestricted 
correlation
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Unordered Discrete-Continuous Model
• The household is assumed to be rational and makes the vehicle holding 

and type choices that maximize its utility.

• The continuous choice annual miles traveled is in a linear form:
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Unordered Discrete-Continuous Model (Con’t)

• The integrated discrete-continuous model:

• Estimation methods:
– Monte Carlo Simulation
– Numerical Computation (Genz, 1992) 
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Ordered Discrete-Continuous Model
• The ordered response structure uses latent variables to represent the vehicle 

ownership propensity of the household. 

• The number of vehicles holding by the household (Y ) is determined by the value of 
latent variable yd, specifically:

• The error terms follow a bivariate normal distribution:
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Model Comparisons

• Objectives:
– Compare the unordered and ordered discrete continuous models
– Compare two estimation methods for the unordered discrete continuous model

• Data sources:
– 2009 National Household Travel Survey (NHTS) data – 1420 observations in the 

Washington D.C. Metropolitan area
– Vehicle characteristics

• Choice set: 
– Vehicle holding: 0, 1, 2, 3 and 4 car(s)
– Vehicle type: 120 alternatives for the type choice of each vehicle (12 classes x 10 

vintages)
– Vehicle usage: annual miles traveled

11/43



12

The vehicle type model
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Model Comparisons (Con’t)

unordered discrete-continuous model 
with simulation

unordered discrete-continuous model 
without simulation

Same as Model 2 except no logsum
(utility from the type choices)Ordered discrete-continuous model
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Model Comparisons (Con’t)

*Note: Model 1 is the unordered discrete-continuous model with simulation; Model 2 is the unordered discrete-continuous model with numerical 
computation; Model 3 is the ordered discrete-continuous model; Model 4 is the same as Model 2 except excluding the "logsum" variable, which make 
it comparable to Model 3.

unordered discrete-continuous model 
with simulation

unordered discrete-continuous model 
without simulation

Same as Model 2 except no logsum
(utility from the type choices)

Ordered discrete-continuous model
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Model Estimations (Con’t)
1 car        2 cars        3 cars        4 cars     Mileage

1 car      
2 cars     
3 cars   
4 cars 

Mileage

#cars     mileage
#cars  

mileage
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Model validation
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Model Applications (Con’t)
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Findings from the Model Comparisons

• The advantage of the ordered structure over the unordered is that it offers a closed 
mathematical form for the choice probabilities and does not require simulations for 
the estimation.

• However, the unordered discrete-continuous models always performs better in 
terms of goodness of fit statistics and forecasting capabilities when compared to 
ordered discrete-continuous models. 

• In terms of the unordered discrete-continuous models, the estimation based on 
numerical computation provides less running time and better model goodness of fit 
than the estimation with Monte-Carlo simulation.

• This analysis confirms that the unordered structure is better suited for vehicle 
holding and use decisions in the context of joint discrete-continuous decisions.
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Smart cities and Big data
• The concept of smart cities has emerged as a critical topic in the research agenda of policy 

makers, academicians and industry. 
• The White House has recently released (September 2015) a press statement that announces 

a new Smart Cities initiative that will help communities tackle local challenges, improve city 
service and citizens' quality of life. 

• Smart cities are defined as a system of systems, including employment, health care, public 
services, retail/entertainment, and transportation. 

• The typical city is composed of several networks, among which the transportation network 
that allows goods and citizens to move freely, timely, safely and uninterruptedly.

• Smart City communities will continuously produce data; their collection, aggregation, and 
use can be used to improve the life of their residents. 

• This data revolution is producing an increasing amount of information from relatively low-
cost sources and requires new methods for analysis and research collaboration among 
scientists from different disciplines.
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Vehicle Probe Project (VPP) data at CATT
• The Vehicle Probe Project started in July 2008 and its original goal was to enable a 

wide-variety of transportation operations and planning applications that require a 
high-quality data source. 

• Examples of such applications include congestion management systems, traveler 
information systems, travel-time on changeable message signs, and performance 
measures.

• VPP data are generated by Global Positioning System (GPS) devices in vehicles. 
Collection of these data inherently relies on a transponder/receiver network 
wherein the vehicles report their location, speed and heading at regular time 
intervals to an agency  typically the GPS device vendor via some type of telemetry. 

• Location, speed and heading are determined by GPS equipment in the vehicle such 
as smartphones or personal navigation devices.
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• The reported data are then referenced on a map, and speed is attributed to road 
segments based on reported location and heading.

• Multiple readings on a segment during a reporting period are aggregated to 
compute average travel speeds for that reporting period.

• The start of probe based traffic data can be attributed to the growing truck freight 
industry.  Freight transport companies felt the need to monitor their fleet, and keep 
a track of truck and cargo movements. Therefore, the trucks were fitted with some 
form of GPS devices, which served the dual purpose of providing route guidance to 
the drivers, in addition to allowing the company to monitor it's fleet and track 
precious cargo. 

• The GPS data reported by the trucks soon found a market with data aggregators, 
who used them to construct travel times on roadway segments (INRIX, 2015).
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VPP Coverage
• The VPP, archived in the VPP Suite maintained by CATT Laboratory at University of 

Maryland, College Park, is facilitated by the I-95 Corridor Coalition and is a 
continuous feed of probe-based traffic data acquired from the private sector 
through contracts awarded since January 2008. 

• The VPP contractually reports traffic conditions on over 7,000 miles of freeways and 
32,000 miles of arteries. Currently, 10 of the 16 states in the 95 Corridor Coalition 
are receiving and using real-time data as the source for their ATIS (Advanced 
Traveler Information System) and provide travel times statewide. 

• Coverage exists in part of the NE and is continuous from New Jersey to Georgia. As a 
result of the VPP, the observability of freeway traffic conditions on the eastern 
seaboard has increased significantly, and will continue to grow as more 
transportation agencies take advantage of the VPP resource.
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The National Performance Management Research Data Set
(NPMRDS)

• The National Performance Management Research Data Set (NPMRDS) also belongs 
to the category of probe-based traffic data.  NPMRDS  covers the entire USA.

• NPMRDS reports the observed travel times in seconds for a TMC segment for a given 
5-min period in a given day. 

• At least one passenger car or freight truck observation during any 5-min period on a 
TMC segment is required for data to be reported in NPMRDS. If only one of either 
has been observed, then the field for the other remains empty in the archive. 

• However, contractually, NPMRDS is specified to report probe data with no 
smoothing, filtering, or imputation when values are missing. 

• Whenever no base GPS probe data for a period are received, NPMRDS reports no 
traffic data, and the data are also affected by significant outliers and noise.

• These missing records, and that the reported records maybe outliers, lend unique 
characteristics to NPMRDS data.



24

Examples of Speed Data from VPP
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Travel Time Prediction

• We have extracted four data sets from VPP data:
1. Data for TMC 110P04622 on April 23rd.
2. Data for TMC 110P04622 on April30th.
3. Data for TMC 110P04621 on April 23rd.
4. Data for TMC 110P04621 on April 30th.

• Our goal is to predict the speed for TMC 110P04622 and TMC 110P04621 on April 
30th using the best ARIMA model calibrated on the data of April 23rd.
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Speed plots
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Modeling Strategy

• The missing values in the data sets for TMC 110P04622 and TMC 110P04621 on 
April 23rdis imputed by the values from the last minute.

• Different ARIMA models with orders up to 2 are to be fitted to the speed data for 
TMC110P04622 and TMC 110P04621 on April 23rd. The best ARIMA models will be 
chosen in terms of AIC values.

• The best ARIMA models will be used to predict the speed for TMC 110P04622 and 
TMC110P04621 on April 30th.
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Arima models

• We consider the following models:
• Model 1:
• Model 2:
• Model 3:

• Model 4:

• where yt is the current speed at time t, h is the lag of time, zt is the mean of speed at 
time t for the same day on previous weeks, Tj is the jth division of time in a day, n is 
the total number of minutes and J is the total number of divisions of time in a day.
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Results for TMC 110P04622 (RRMSPE and adjusted R2)

Lag Model 1 Model 2 Model 3 Model 4

h = 1 0.06 0.07 0.06 0.07

0.99 0.99 0.99 0.99

h = 5 0.15 0.21 0.15 0.21

0.96 0.96 0.96 0.96

h = 10 0.23 0.35 0.25 0.35

0.92 0.93 0.93 0.93

h = 20 0.37 0.53 0.38 0.52

0.87 0.91 0.91 0.91

h = 30 0.54 0.69 0.51 0.73

0.81 0.89 0.84 0.89
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Big data fusion

• The major source of transportation related information is the National Household 
Travel Survey (NHTS). 

• However, the NHTS is conducted every 8-10 years. 
• In addition the NHTS is designed at the national level, and the sample size is not 

large enough to produce design-based (direct survey weighted) estimates with 
acceptable precision at the state or finer level (e.g. county, municipality).

• The objective is to produce annual estimates of variables collected in NHTS and the 
corresponding uncertainty measures for counties, states and the nation. 

• The central idea for achieving this goal is to access good auxiliary data at the county 
or higher levels of geography and in particular VPP BIGDATA.
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Small area estimation

• The World Bank has developed a technique that combines information from 
household surveys (which contain comprehensive information) and censuses (which 
allow fine disaggregation). This statistical inference method is used to create local 
welfare estimates and detailed poverty maps.
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Elbers et al. (Econometrica, 2003)

• The idea is straightforward. Let W be an indicator of poverty or inequality 
based on the distribution of a household-level variable of interest, yh. Using 
the smaller and richer data sample, we estimate the joint distribution of yh
and a vector of covariates, xh

• By restricting the set of explanatory variables to those that can also be linked 
to households in the larger sample or census, this estimated distribution can 
be used to generate the distribution of yh for any sub-population in the larger 
sample conditional on the sub-population's observed characteristics. 

• This, in turn, generates the conditional distribution of W, in particular, its 
point estimate and prediction error.
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The Pratesi paper
• The authors aims at using the huge source of data coming from human activities –

the big data - to make accurate inference at a small area level.
• They identified three possible approaches:

1. Use big data as covariate in small area models
2. Use survey data to remove self-selection bias from estimates obtained using big 

data
3. Use big data to validate small area estimates

The Big Data refer to 10 million car travels tracked using the GPS by the 
OCTOTelematics s.p.a., a data collection service for insurance companies.

The data is used as covariates to measure poverty and social exclusion. The measures 
used are the number of locations visited by each vehicle, distances travelled from 
home, number of locations visited.
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Our Methodology
• The VPP BIGDATA provide a potentially useful source of auxiliary data for deriving 

transportation statistics. 
• The first step is to conduct an exploratory data analysis (EDA) in order summarize 

the main features of the VPP BIGDATA by a few summary indices.
This consists in:
• computing different descriptive statistics (e.g., percentiles) of travel time and speed 

by different factors such as time of the day, day of the week, road type, month of 
the year using the VPP data. 

• running analysis of variance with several factors with main effects and interactions 
in an effort to understand key statistics that capture variations across counties. 

• develop some simple indices that will inform us about spatio-temporal variations in 
traffic behavior.
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Our methodology

• Let U denote the finite population from which sample, say s, for NHTS 2009 has 
been drawn. Let (ijk) index person k in the j county within the i state, (ijk) ∈ U.  

• We propose a hierarchical model for integrating NHTS data with VPP BIGDATA and 
aggregated administrative records available at the county level (SNAP data) and 
state level (data derived from the IRS records).
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• where 
• yijk: a q×1 vector of transportation related variables collected in NHTS for the k person in the j county within the i

state; 
• xijk: a p × 1 vector of categorical demographic variables collected in NHTS for the k person in the j county within the i

state for which population totals are available at the county level from the census bureau; 
• zij: a s × 1 vector of auxiliary variables derived from VPP BIGDATA and SNAP administrative data; 
• β(l), η(l), ξ(l), l = 1, · · · , q are unknown regression coefficients corresponding to q transportation variables; Σ, Γ, Δ are 

unknown covariance matrices; 
• vij and ui are county specific and state specific random effects, respectively; these are needed to capture left over 

variations not captured by the auxiliary variables
• xijk and zij , respectively; they can be also viewed as random intercept terms; col1≤j≤mxj simply means a long column 

vector where the vectors xj are stacked one after the other. 
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