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Abstract 

Commercial vehicle fleet ownership is a business decision that is fundamental to the 

transportation operations of a business establishment. This paper develops a model of fleet 

ownership and composition for the Region of Peel, Canada.  A trivariate model is developed to 

represent a business establishment’s correlated decisions of how many passenger cars, 

pickups/vans, or trucks/tractors are owned by the company.  The joint model is approximated 

into a closed-form formulation by using the composite marginal likelihood approach combined 

with copula functions.  The models are estimated using establishment data from the Region of 

Peel Commercial Travel Survey, and land use and transportation infrastructure variables 

developed from GIS databases.     

 Larger establishments, as measured by number of employees, are more likely to own 

vehicles, as are establishments with greater demand for goods and services.  Differences are 

found between establishments in different industry classifications, with the construction industry 

favoring pickups/vans, and the office/service industries less inclined to own trucks or 

pickups/vans.  Significant negative copulas between ownership of different vehicle types reveal a 

substitution effect. This also shows the importance of developing the joint model over the 

independent formulation for decisions on ownership of different types of vehicles. 
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1. Introduction 

Freight transportation modeling has captured considerable recent attention of researchers, 

modelers, planners and policy makers as a necessary aspect of transportation demand modeling. 

Behavioral models are increasingly being developed for this purpose (Tavasszy et al., 1998; 

Boerkamps et al. 2000; Bovenkerk, 2005; Yin et al., 2005; Fischer et al., 2005; Liedtke, 2006; 

Hunt and Stefan, 2007; Wisetjindawat et al., 2007; de Jong and Ben-Akiva, 2007; Wang and 

Holguin-Veras, 2008; Roorda et al., 2010; Pourabdollahi et al., 2012; Holmgren et al, 2012; 

Ruan et al, 2012; Di Febbraro et al, 2016). Business establishments, including both shippers and 

logistics service providers (including carriers, freight forwarders, 3PLs, etc), have been identified 

as agents interacting to develop the complex system of goods and service truck movements.  

Decisions of business establishments resulting in shipment generation and goods movement 

within and between urban areas have been identified and modeled (Roorda et al., 2010).   

A business establishment’s decision of vehicle fleet composition is one of several longer 

term decisions that affect its interactions in the freight market.  Business establishments may 

own a private fleet made up of different types of vehicles. Alternatively, they may decide to 

outsource their shipments to a carrier and own no private fleet. If an establishment decides to 

own a fleet of private vehicles, then options of both fleet size and fleet composition are available. 

These decisions are related.  For instance, owning a tractor trailer combination might be more 

beneficial than owning two smaller straight trucks if loads are large, and adequate loading 

facilities are available at the destinations. Modeling business establishment fleet ownership 

behavior is a challenge that has not been adequately addressed in the literature.  

This research addresses two challenges. As with most freight-modeling exercises, data 

was the first challenge. A rich dataset for the vehicle ownership behavior of business 

establishments from a Canadian region was available to the authors and was augmented with 

additional land use/transportation network variables. The second challenge was to develop a 

model formulation that could represent some of the complexities associated with the decision 

making process for business establishment fleet composition formation. This paper proposes a 

fully joint multivariate discrete choice formulation that reflects a decision making process for 

fleet composition including decisions of fleet size and vehicle types. The joint probability 

function is formulated using a combination of the copula and the composite marginal likelihood 

approximation methods.  

Vehicle ownership models such as the joint model proposed in this study complement the 

travel demand modeling structure of behavioral freight models. Vehicle ownership has major 

effects on goods and service movements.  For example shipment size, frequency, mode of 

transportation, time of day, and tour structure, are all influenced by the number and size of 

vehicles available for distribution. Given that most establishment databases, which form the basis 

of disaggregate goods movement models, do not include information about the vehicle fleet, a 

vehicle ownership model is required for forecasting. 

The paper is organized as follows. First the related literature is reviewed. A description of 

the data is then provided followed by an outline of the methods used. The modeling results are 
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presented, followed by the outcome of sensitivity test to land use variables. Finally conclusions 

and future research tasks are summarized.   

 

2. Literature Review 

2.1. Fleet ownership 

Fleet ownership of business establishments can be studied from two perspectives. The 

first is a normative approach, whereby vehicle ownership is treated as an optimization problem 

to minimize operation cost, potentially as a joint problem to be solved simultaneously with 

vehicle routing, facility location and other logistics decisions. Fleet optimization for individual 

establishments, using operations research methods, is a well-defined and established research 

area in the network optimization field (Ball et al., 1983). Several studies have attempted to 

jointly optimize vehicle size and vehicle routing to find the most cost effective solution for 

individual companies (see for example Arunapuramet al, 2003; Klincewics et al., 1990).  Taxi 

service companies (Schroeter, 1983), car rental companies (Li and Tao, 2009) and paratransit 

providers (Talley and Anderson, 1986) are some of the applications. All of these studies optimize 

an objective function to minimize cost or cost equivalent variables such as travel time (Maltz, 

1993). Under this area, fleet ownership of businesses can be studied by looking at flexibility of 

operation with regard to renting, owning and outsourcing (Lankford and Parsa, 1999). Most 

companies prefer the greater flexibility, operational efficiency, improved customer service 

levels, and a better focus on their businesses among other advantages of outsourcing their 

transport activities (Gol and Catay, 2007). 

The second perspective involves the modeling of behavioral patterns, given information 

available about vehicle ownership for a set of decision-makers.  The behavioral approach has 

been widely applied to household vehicle ownership modeling at both aggregate and 

disaggregate levels (for aggregate see, for example, de Jong et al., 2004 and Hensher and Ton, 

2002, and for disaggregate see, for instance, de Jong and Kitamura, 2009 and Mannering and 

Winston, 1985). Household vehicle ownership models have a long chronological evolution from 

static models (Mohammadian and Rashidi, 2007) to more advanced dynamic models 

(Seetharaman et al, 2005). Research has also been conducted on ownership or type choice of 

company/leased cars, but still mainly from the perspective of households (Hoen and Koetse, 

2012; Dimitropoulos et al, 2014). Freight outsourcing decisions (which are generally a precursor 

to commercial vehicle ownership decisions), have received some attention (e.g. Abdur Razzaque 

and Chen Sheng, 1998; Montemayor, 2014). However, to the best of the authors’ knowledge, no 

vehicle ownership model for business establishments has been developed. This paper attempts to 

fill this gap in the literature. 

Vehicle ownership modeling is more complicated than household vehicle ownership.  

Ideally, the behavioral approach would explain the multi-dimensional nature of decision-making 

of business establishments, describing how the fleet is formed over time, the risks and benefits of 

making large scale asset investments, the challenges of hiring and training drivers, the role of 

corporate strategy and competition, the use of third party logistics firms, limited availability of 
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information to decision-makers, and limited time and capacity within which to make optimal 

decisions. Data are not available to address these elements of behavior.  Our preliminary attempt 

to model the behavioral process uses a multivariate discrete choice model (Seetharaman et al, 

2005) that quantifies the impact of available explanatory variables on fleet composition and fleet 

size, treating other influencing factors as part of a random error term.    

 

2.2. Multivariate discrete choice modeling  

Conventional multinomial logit models are suitable for discrete choice scenarios in which one 

alternative is selected from the finite set of alternatives in the choice set. This approach can also 

be used to represent multiple decisions while capturing the correlation between decision 

outcomes. When shopping, for example, the choice to purchase a basket of products consists of 

multiple decisions of what items to purchase and the quantity of each item (Niraj, 2008). 

Understanding a household’s choice behavior simultaneously across multiple product categories 

has been the topic of many marketing research exercises (See for example Walters, 1991; 

Walters and MacKenzie, 1988; Baltas, 2004).  

 Applications of multivariate discrete choice models can be occasionally found in the 

freight transportation literature. For example, Golob and Regan (2002) developed a multivariate 

discrete choice model to identify the influence of several operational characteristics on the 

propensity to adopt information technologies. A multivariate discrete choice structure seems to 

be appropriate for modeling business establishment fleet composition and fleet size decisions 

when multiple types of vehicles are considered for each firm with multiple outcomes (for 

example the total number for each type) being feasible to be considered for each of those vehicle 

types. Compared to typical multivariate discrete models, in which each random variable can only 

obtain two outcomes (Seetharaman et al. 2005), a more complicated model structure is required 

for fleet composition modeling because more than two outcomes can be considered for each type 

of vehicle.  

 

2.3. Discrete-Continuous Models  

When an increasing utility function exists and a budget constraint limits the utilization of budget 

for different discrete outcomes, a discrete continuous model can be used, for example Bhat’s 

(2005) Multiple Discrete Continuous Extreme Value (MDCEV) model. The budget constraint 

can be non-monetary (for example mileage or time).  For example, Bhat and Sen (2006) 

proposed an MDCEV-MNL model to represent vehicle holdings and usage where annual 

mileage for different vehicle types was constrained to a specific limit. Garikapati et al (2015) and 

You et al (2014) developed a vehicle fleet composition model that represents the vehicle fleet 

mix where vehicles are classified by body type and age (discrete outcomes) and mileage as the 

continuous variable is constrained to the observed annual VMT. This approach is used when a 

continuous variable is modeled along with a discrete outcome. Therefore, the multivariate 

discrete choice model discussed in Section 2.2 is more applicable to data structure used in this 

study.   

http://www.springerlink.com/content/?Author=P.+B.+Seetharaman
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3. Data 

Two data sources are used in this study. The main data source used for model development in 

this paper is the Region of Peel Commercial Travel Survey, which was conducted by the 

University of Toronto from October 2006 to May 2007. A total of 597 business establishments in 

the Region of Peel, Canada, provided usable information for model estimation (more information 

about the survey instrument can be found in Roorda et al, 2006). The survey collected 

establishment information, commercial fleet ownership, inbound and outbound shipment and 

services, and a sample of truck tours for establishments owning a private fleet. A mail out mail 

back approach was employed for all establishments (Roorda et al., 2008). Fleet composition and 

fleet size from this data source are used as the dependent variables.  

The built environment at the location of the establishment can also significantly affect 

business establishment vehicle ownership.  Costs of vehicle operation depend on the quality of 

the nearby road and rail network.  There are disincentives for establishments with larger numbers 

of trucks (e.g. distribution centres) to locate in dense residential areas because of noise conflicts, 

congestion and higher rents.  On the other hand, proximity to industrial, commercial and even 

residential land may also indicate a proximity to markets that could have a positive influence on 

fleet size.  To investigate these impacts, several land-use variables are included as explanatory 

variables, including road density, density of industrial sites, density of parks and recreation areas, 

intersection density and highway density. These built environment variables are obtained from 

extensive GIS analyses using DMTI CanMap Route Logistics and Street files (V2006.3). These 

land use variables are estimated at the census tract level for the region of study.  

Table 1 presents a list of the explanatory variables that appear in the models of this paper. 

Many other explanatory variables were examined in the development of the models, however, 

only relevant variables that were found to be statistically significant are presented in Table 1. 
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Table 1 List of explanatory variables used in the models

Variable Description Code Mean St. Dev.

General attributes of the business establishment

Number of employees Emp 18.04 20.94

Number of retail sales/ retail service employees RetailEmp 2.90 7.31

Number of manufacturing/ construction/ trades employees ManuEmp 4.32 10.78

Number of professional/ managerial/ technical employees ProfEmp 4.31 7.59

Number of general office employees OfficeEmp 3.08 6.21

Number of years in business Year 11.64 12.41

Being in the retail industry classification Retail 0.20 0.40

Being in the construction industry classification Const 0.07 0.25

Being in the manufacturing industry classification Manu 0.27 0.44

Being in the office and service industry classification Office 0.21 0.40

Demand varies b time of year ? (1 yes, 0 No) Demand 0.52 0.49

Busy months in the summer Summer 0.34 0.47

Busy months in the spring Spring 0.30 0.46

General supply or demand related variables

Value of service provided less than $500K in the past year SE_LT_$500k 0.24 0.42

Value of service provided between $500K and $1M in the past year SE_$500k_$1m 0.12 0.32

Value of service provided between $1M and $5M in the past year SE_$1m_$5m 0.23 0.42

Value of service provided between $5M and $25M in the past year SE_$5m_$25m 0.11 0.31

Value of service provided greater than $25M in the past year SE_GT_$25m 0.04 0.18

Value of shipment received between $500K and $999K in the past year SH_R_$500k_$1m 0.12 0.32

Value of shipment received between $1M and $5M in the past year SH_R_$1m_$5m 0.17 0.37

Value of shipment recieved between $5M and $25M in the past year SH_R_$5m_$25m 0.08 0.27

Value of shipment shipped less than $500K  in the past year SH_S_LT_$500k 0.32 0.46

Value of shipment shipped between $500K and $999K in the past year SH_S_$500k_$1m 0.09 0.29

Value of shipment shipped between $1M and $5M in the past year SH_S_$1m_$5m 0.18 0.38

Value of shipment shipped between $5M and $25M in the past year SH_S_$5m_$25m 0.10 0.29

Value of shipment shipped greater than $25M in the past year SH_S_GT_$25m 0.04 0.19

Land use variables

Proportion of commercial land use in the census tract in which the company is located Commercial 0.03 0.05

Proportion of government land use in the census tract in which the company is located Government 0.11 0.14

Proportion of open area land use in the census tract in which the company is located Open 0.24 0.19

Proportion of residential land use in the census tract in which the company is located Residential 0.28 0.27

Proportion of resource land use in the census tract in which the company is located Resource 0.30 0.21

Distance (KM) of the centroid of the census tract in which the company is located to expressway Expressway 2.48 3.07

Ratio of floorspace of buildings to the area of the zone Building 0.78 1.04

Dependent Variable

Number of vehicles Passenger cars Vans Trucks

0 394 390 502

1 81 88 43

2 52 46 18

3+ 65 68 29

Correlation between passenger car and van: 0.26

Correlation between passenger car and truck: 0.17

Correlation between passenger van and truck: 0.28  
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4. Method 

The multiple discrete choice data of vehicle ownership of business establishments, as described 

in the previous section, consists of decisions on three outcomes each of which can take the value 

of 0, 1, 2 and 3+. A joint and closed-form formulation is presented in this paper which 

approximates the trivariate density function for vehicle type selection where the number of 

vehicles in each category is considered to be a discrete outcome.  

 

Consider four alternatives of 0, 1, 2 and 3+ for each vehicle type. The conventional independent 

utility function for each individual i can be written as: 

 

 𝑈𝑖𝑗𝑘 = 𝛽𝑗𝑘𝑋𝑖 + 휀𝑖𝑗𝑘 = 𝑉𝑖𝑗𝑘 + 휀𝑖𝑗𝑘,  

𝑗 = 𝑐 (𝑐𝑎𝑟), 𝑝(𝑝𝑖𝑐𝑘𝑢𝑝 𝑜𝑟 𝑣𝑎𝑛), 𝑡(𝑡𝑟𝑢𝑐𝑘 𝑜𝑟 𝑡𝑟𝑎𝑐𝑡𝑜𝑟),  

𝑘 = 0, 1, 2 𝑎𝑛𝑑 3 + 

 

 𝑃𝑟(𝐾 = 𝑘|𝑋𝑖, 𝑗) = 𝑃𝑟 (𝑉𝑖𝑗𝑘 + 휀𝑖𝑗𝑘 ≥ max
𝑚=1,2,3+
𝑚≠𝑘

(𝑉𝑖𝑗𝑚 + 휀𝑖𝑗𝑚))   [1] 

 

where 𝑈𝑖𝑗𝑘 are the utility functions, 𝛽𝑗𝑘 are parameters to be estimated, 𝑋𝑖 are the explanatory 

variables and 휀𝑖𝑗𝑘 are the error terms. Using these independent utility functions the joint 

probability function for selection of a specific number of vehicles for each vehicle type can be 

written as: 

𝑃𝑟(𝑅𝑖𝑗 = 𝑟𝑖𝑗, 𝑗 = 𝑐, 𝑣, 𝑡 |𝑋𝑖) = 𝑃𝑟 (𝑉𝑖𝑗𝑟𝑖𝑗 + 휀𝑖𝑗𝑟𝑖𝑗 ≥ max
𝑚=0,1,2,3+
𝑚≠𝑟𝑖𝑗

(𝑉𝑖𝑗𝑚 + 휀𝑖𝑗𝑚) , ∀𝑗 = 𝑐, 𝑣, 𝑡) [2] 

where 𝑟𝑖𝑗 ∈ {0,1, 2 𝑎𝑛𝑑 3 +}, 𝑅𝑖𝑗 is a random variable which can take discrete outcomes and 𝑟𝑖𝑗 

is the number of vehicles (taking the value of 0, 1, 2 or 3+) for establishment i  for vehicle type j.  

 

If the three vehicle type selection probabilities are independently distributed, the probability 

function of Equation 2 can be written as the product of the probabilities presented in Equation 1 

for each vehicle type. This simplifying assumption can be relaxed by considering correlations 

between the utilities for pairs of vehicle types. 

 

The trivariate probability of Equation 2 can be approximated, as shown in Equation 3, by using 

the technique discussed by Le Cessie and Van Houwelingen (1994) in which pairwise margins 

are used to capture the dependency. Higher dimensions of multivariate margins, such as triplets 

or quadruplets can also be considered (see Oman et al., 2007). 

 

𝑃𝑟(𝑅𝑖𝑗 = 𝑟𝑖𝑗, 𝑗 = 𝑐, 𝑣, 𝑡 |𝑋𝑖) ≈ [𝑃𝑟(𝑅𝑖𝑗 = 𝑟𝑖𝑗, 𝑗 = 𝑐, 𝑣 |𝑋𝑖) × 𝑃𝑟(𝑅𝑖𝑗 = 𝑟𝑖𝑗, 𝑗 = 𝑐, 𝑡 |𝑋𝑖) ×

𝑃𝑟(𝑅𝑖𝑗 = 𝑟𝑖𝑗, 𝑗 = 𝑣, 𝑡 |𝑋𝑖)]
1−𝜛𝑖

        [3] 
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where 𝜛 is a weight factor which is equal to the number of vehicle types available to each 

establishment i which is equal to 3 in this study .  

 

The second approximation step is to use a copula function for each of the bivariate marginal 

distributions (Bhat and Eluru, 2009). Let u and v be two random variables with marginal 

distribution functions of ,  and also let   be a two-dimensional copula with the 

cumulative distribution function  shown in Equation 4. This copula function is used to 

substitute for the bivariate probability function of Equation 5: 

          [4] 

 

Under the assumption that the marginal distributions are continuous, the copula is unique. In 

Equation 4, the parameter  is a dependency parameter that represents the inter-dependency 

among the marginal distributions. The differentiated form of Sklar’s theorem (Sklar 1959) can be 

used to formulate the probability density function of the error terms based on the marginal 

distributions. It can be shown that , therefore the joint probability 

density function becomes, 

          [5] 

 

By using Equation 4, the joint probability can be approximated by Equation 6: 

𝑃𝑟(𝑅𝑖𝑗 = 𝑟𝑖𝑗, 𝑗 = 𝑐, 𝑣, 𝑡 |𝑋𝑖) ≈ [𝐶𝜃𝑐𝑣(𝑅𝑖𝑐, 𝑅𝑖𝑣) × 𝐶𝜃𝑐𝑡(𝑅𝑖𝑐 , 𝑅𝑖𝑡) × 𝐶𝜃𝑣𝑡(𝑅𝑖𝑣, 𝑅𝑖𝑡)]
1−𝜛𝑖

 

 [6] 

 

The likelihood function for estimating parameters of the model using Equation 4 can be written 

as: 

𝐿(𝜷, 𝜽) =∏ ∏ ∏ ∏ {[𝑃𝑟(𝑅𝑖𝑐 = 𝑚,𝑅𝑖𝑣 = 𝑛, 𝑅𝑖𝑡 = 𝑙  |𝑋𝑖)]
𝜛𝑖−1}𝛿𝑖𝑚𝑛𝑙

𝑙=0,1,2 
𝑎𝑛𝑑 3+

𝑛=0,1,2 
𝑎𝑛𝑑 3+

𝑚=0,1,2 
𝑎𝑛𝑑 3+

𝑁

𝑖=1

 

[7] 

where 𝜷 is a matrix of coefficients for different vehicle types across different number of cars for 

each vehicle type, 𝜽 is the vector of copula parameters, and 𝛿𝑖𝑚𝑛𝑙 is equal to zero unless 𝑚 = 𝑟𝑖𝑐,  

𝑛 = 𝑟𝑖𝑣, and 𝑙 = 𝑟𝑖𝑡in which case 𝛿𝑖𝑚𝑛𝑙 is equal to 1. 

 

Using the approximations discussed in Equations 3 and 6 (See also Bhat et al. 2010), we can re-

write the composite marginal likelihood function as: 

)(uF )(vF
C

F(u,v)

))(),((),( vFuFCvuF 



vuvuCvuc  /),(),( 

))(),(()()(),( vFuFcvfufvuf 
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𝐿𝐶𝑀𝐿(𝜷, 𝜽) =∏ ∏ ∏ ∏ {(𝐶𝜃𝑐𝑣(𝑅𝑖𝑐 = 𝑚,𝑅𝑖𝑣 = 𝑛) × 𝐶𝜃𝑐𝑡(𝑅𝑖𝑐 = 𝑚,𝑅𝑖𝑡
𝑙=0,1,2 
𝑎𝑛𝑑 3+

𝑛=0,1,2 
𝑎𝑛𝑑 3+

𝑚=0,1,2 
𝑎𝑛𝑑 3+

𝑁

𝑖=1

= 𝑙) × 𝐶𝜃𝑣𝑡(𝑅𝑖𝑣 = 𝑛, 𝑅𝑖𝑡 = 𝑙))
𝜛𝑖−1

}
𝛿𝑖𝑚𝑛𝑙

 

[8] 

Typical bivariate copulas with full range of (negative and positive) dependence are Frank, Farlie-

Gumbel-Morgenstern (FGM) and Gaussian which are presented in Equation 9. 

    [9] 

 

Using the copulas presented in Equation 9 in the composite marginal likelihood of Equation 8, 

parameters can be estimated by maximizing the likelihood function.   

If we take the Frank copula, for example, the likelihood function of Equation 10 can be written 

as: 

  

𝐿𝐶𝑀𝐿(𝜷, 𝜽) =∏ ∏ ∏ ∏

{
 
 

 
 

(

 
 
(

−1

𝑑𝑚𝑛𝜃𝑐𝑣
𝑙𝑛 (1 +

(𝑒−𝑑
𝑚𝑛𝜃𝑐𝑣𝐺𝑖𝑐

𝑚
− 1)(𝑒−𝑑

𝑚𝑛𝜃𝑐𝑣𝐺𝑖𝑣
𝑛
− 1)

𝑒−𝑑
𝑚𝑛𝜃𝑐𝑣 − 1

))
𝑙=0,1,2 
𝑎𝑛𝑑 3+

𝑛=0,1,2 
𝑎𝑛𝑑 3+

𝑚=0,1,2 
𝑎𝑛𝑑 3+

𝑁

𝑖=1

× (
−1

𝑑𝑚𝑙𝜃𝑐𝑡
𝑙𝑛 (1 +

(𝑒−𝑑
𝑚𝑙𝜃𝑐𝑡𝐺𝑖𝑐

𝑚
− 1) (𝑒−𝑑

𝑚𝑙𝜃𝑐𝑡𝐺𝑖𝑡
𝑙
− 1)

𝑒−𝑑
𝑚𝑙𝜃𝑐𝑡 − 1

))

× (
−1

𝑑𝑛𝑙𝜃𝑣𝑡
𝑙𝑛 (1 +

(𝑒−𝑑
𝑛𝑙𝜃𝑣𝑡𝐺𝑖𝑣

𝑛
− 1) (𝑒−𝑑

𝑛𝑙𝜃𝑣𝑡𝐺𝑖𝑡
𝑙
− 1)

𝑒−𝑑
𝑛𝑙𝜃𝑣𝑡 − 1

))

)

 
 

1−𝜛𝑖

}
 
 

 
 
𝛿𝑖𝑚𝑛𝑙

 

[10] 

 

where 𝑑𝑚𝑛 is equal to 1 if 𝑚 = 𝑛 and -1 otherwise, 𝑑𝑚𝑙 is equal to 1 if 𝑚 = 𝑙 and -1 otherwise, 

𝑑𝑛𝑙 is equal to 1 if 𝑛 = 𝑙 and -1 otherwise, 𝐺𝑖𝑐
𝑚 = 𝑃𝑟(𝑅𝑖𝑐 = 𝑚, |𝑋𝑖), 𝐺𝑖𝑣

𝑛 = 𝑃𝑟(𝑅𝑖𝑣 = 𝑛, |𝑋𝑖) and 

𝐺𝑖𝑡
𝑙 = 𝑃𝑟(𝑅𝑖𝑡 = 𝑙 |𝑋𝑖). The sign of the copula parameter should be carefully treated for to make 

sure the probabilities for different combinations of outcomes add up to one, which handled in 

Equation 10 by using 𝑑𝑚𝑛, 𝑑𝑚𝑙  and 𝑑𝑛𝑙. 
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5. Results 

5.1. Variables include in the model 

Table 2 presents the estimated parameters for three MNL models developed for each vehicle 

type: car, pickup/van and truck/tractor. The model results are presented for the Frank Copula 

model because, as discussed in Section 5.2, the goodness of fit of this model outperforms that of 

the FGM model, and it is simpler to apply than the Gaussian model.  Parameters for owning no 

vehicles are fixed to zero for identification. 

 

5.1.1. Attributes of the company 

Number of employees of the company is statistically significant in four occupation categories. 

Number of employees in the retail category has positive impact on pickup/van ownership, 

potentially because pickups/vans may be useful for deliveries to customers.  Number of 

employees in the construction and manufacturing category is found to increase the chance of 

having more than three pickups or vans, an intuitive result for the construction industry.  



Table 2: Model results for the Frank Copula model for four vehicle ownership options for three vehicle types. 
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Variables Est t-stat Est t-stat Est t-stat Est t-stat Est t-stat Est t-stat Est t-stat Est t-stat Est t-stat

Constant 1.37 1.41 -0.21 -0.23 -2.74 -9.59 -2.24 -8.11 -3.75 -7.55 -3.95 -7.38 -3.33 -8.89 -4.18 -7.92 -2.22 -5.68

RetailEmp 2.85 1.56

ManuEmp 3.24 2.42

ProfEmp -2.63 -1.06 2.86 1.89 -6.12 -1.84

OfficeEmp -13.71 -2.00 3.63 2.07

Year 1.58 1.57 2.52 1.92

Retail -2.99 -2.75

Const 2.42 4.51 2.82 4.87 1.21 2.19

Manu 0.88 3.05 1.06 2.16 -1.74 -2.85

Office -0.62 -1.41 -1.62 -1.98 -0.86 -1.02 -6.25 -13.85 -9.22 -15.49

Demand

Summer 0.51 1.83 1.07 2.32

Spring 0.79 2.12

SE_LT_$500k

SE_$500k_$1m 2.31 3.44 1.49 2.26

SE_$1m_$5m 0.81 1.96 1.18 3.08 0.57 1.86 2.76 4.77

SE_$5m_$25m 0.80 1.48 1.73 4.12 2.11 3.33 0.66 1.30

SE_GT_$25m 1.60 2.20 1.02 1.44 1.40 1.65 2.46 3.03 2.69 4.20 -5.27 -3.91 1.59 1.94

SH_R_LT_$500k 1.34 2.71

SH_R_$500k_$1m 0.77 1.70 1.97 3.63 1.06 2.19

SH_R_$1m_$5m 0.92 1.62 1.78 3.08 1.29 2.99 1.24 2.09

SH_R_$5m_$25m 0.88 1.70 2.11 3.10

SH_S_LT_$500k 4.39 3.63 -1.48 -2.07

SH_S_$500k_$1m 1.13 2.73 -1.34 -1.62

SH_S_$1m_$5m 0.80 2.16

SH_S_GT_$25m -8.43 -7.09

Commercial -6.41 -1.62 -8.03 -2.26 -4.17 -1.45

Government -2.64 -2.35

Open -2.55 -2.20 -2.96 -2.12

Residential -3.49 -2.97 -2.64 -3.08

Resource -3.30 -2.56

Expressway 0.11 2.89 0.14 2.45

Building -14.23 -2.92

Copula parameter for car and pickup -1.50 (t-value: -3.68)

Copula parameter for  car and truck  -1.78 (t-value: -3.12)

Copula parameter for truck and pickup  -2.62 (t-value: -4.23)

Truck 

1 Car 2 Cars 3 or more cars 1 Pickup 2 Pickups 3 or more pickups 1 Truck 2 Trucks 3 or more Truck

Passenger Car Pickup 
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Companies with more professional and managerial employees are more likely to own 

larger numbers of passenger cars, but have a negative relationship with owning one truck.  

Finally, companies with more general office employees are more likely to own greater numbers 

of passenger cars, a reflection of the service oriented nature of their work.  

 Different industry sectors show different vehicle ownership behavior based on the results 

shown in Table 2.  The retail industry sector is less likely to own larger numbers of trucks. 

Companies in the construction industry have a tendency of owning more pickups/vans, probably 

because these types of vehicles facilitate visits to construction sites.  Construction companies 

also have a tendency to own a single truck, but not more, presumably because the bulk of 

construction material deliveries are typically contracted out to companies with special equipment 

such as concrete mixer trucks, flat bed trailers and dump trucks. The manufacturing industry 

prefers to maintain a small number of pickups/vans; and own more truck/tractors to transport the 

manufactured products. Finally, the office and service industry is less likely to own pickups/vans 

or trucks/tractors.  

 

5.1.2. Annual supply and demand variables 

Four sets of categorical annual demand variables have been included in the models: annual value 

of service provided, value of shipments received, and value of shipments shipped.  

 As expected, service providers have less reason to own trucks/tractors, yet annual value 

of service variables are found to have sporadic statistically significant effects in the models (the 

establishments with the largest value of services provided show a mixture of positive and 

negative effects on truck ownership).  In general companies that provide services of any value 

tend to own larger numbers of cars and pickups/vans.  

 Annual value of inbound and outbound shipments has positive effects on the number of 

passenger cars, while such variables have relatively larger coefficients for the pickup/van and 

truck/tractor models.  

Very few statistically significant relationships are observed for outbound shipments.  

Companies with outbound shipment values between $500,000 and $5,000,000 tend to own one 

car while companies with less than $1,000,000 in outbound shipments exhibit a reduced 

tendency to own larger numbers of trucks. 

In general, we found it difficult to find an obvious explanation for all of these value of 

shipment variables, nevertheless, we have included them in the model since they were significant 

and did not appear to be counter-intuitive. 

 

5.1.3. Land use variables 

Land use variables included in the multinomial logit models can be grouped into three 

categories. The first category includes the land use area proportions for the company’s census 

tract. As shown in Table 2, the land use area proportions only have a consistent effect on 

passenger car ownership.  Commercial land use is associated with owning fewer passenger cars.   
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Companies located in census tracts with larger proportions of government land or open 

area are less likely to own one passenger car and open area, residential and resource land uses are 

also negatively associated with owning two passenger cars.  The proportion of floorspace of 

buildings to the area of the census tract negatively influences the chance of owning one 

passenger car meaning that firms located in dense areas are more likely not to have their own 

fleet. 

Transportation system accessibility is represented by the distance from the centroid of the 

census tract to the expressway network. Access to the expressway system increases the chance of 

owning more van/pickups and a larger numbers of trucks. It is also important to note that vehicle 

composition and firm location are most likely to be endogenous variables. Therefore, they may 

appropriately be modeled in a joint structure as an extension to the results presented here.  Such a 

model would require complementary historical data on firm relocation decisions.  

 

5.2. Goodness-of-fit measures 

Table 3 shows that goodness of fit of four models including three joint models of Gaussian, 

FGM and Frank copula joint model and an independent model.  

 

Table 3 Goodness of fit measures for joint and independent models 

 
 

 The copula parameters of the joint models were found to be statistically significant in 

each of the three models.  The parameters of the Frank model are presented in Table 2. They also 

have the expected negative sign, meaning that having more of one type of vehicle reduces the 

chance of owning other types.  The addition of these copula parameters and the covariates (as it 

is reflected in the likelihood ratio statistic) significantly contribute to goodness-of-fit of the 

models. Further, as the BIC statistic shows, the Frank and Gaussian models outperform the FGM 

model and the joint models significantly outperform the independent model, which was expected 

to be the case because statistically significant copula parameters were found in the models. 

 

5.3. Sensitivity Analysis 

A simulation exercise was used to examine the impact of commercial and residential land use 

and access to expressways on vehicle ownership behavior of businesses.  

Figure 1 shows how changes in residential and commercial land use affect vehicle 

ownership patterns based on the joint model estimated in this paper. As commercial land use was 

Independent 

Statistics FGM Frank Gaussian Model

Number of observations 557 557 557 557

Number of parameters 80 80 80 77

Log likelihood at convergence L(b) -1234.040 -1229.478 -1228.790 -1247.630

Log likelihood with only constant L(0)

BIC 2973.885 2964.761 2963.385 2982.098

Likelihood ratio 470.600 479.724 481.100 443.420

Joint Models

-1469.340
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only statistically significant in the passenger car models, changes in the proportion of land use in 

the zone in which the company is located significantly affects the share of different categories of 

passenger car with minimal impact on other types of vehicles. Increasing commercial area 

decreases the share of passenger car ownership, which confirms the findings presented in Table 

2. Similarly, changes in residential land use (Figure 1b) have the largest effect on passenger car 

and pickup vehicle type ownership. The sensitivity to changes in residential land area is 

drastically larger than to commercial land use changes. 

 
Figure 1 (a) left - percentage change in share of each type of vehicle corresponding to changes in 

proportion of commercial land use, (b) right - percentage change in share of each type of vehicle 

corresponding to changes in proportion of residential land use  

 

Access to expressways was found to be statistically significant for one category of pickup 

and truck vehicle types, with positive signs. Figure 2 shows that improving accessibility to 

expressways to 20% leads to an increase of 7% in the share of companies with truck fleet size of 

three or more vehicles.   
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Figure 2 Percentage change in share of each type of vehicle corresponding to changes in distance 

to expressway, 

 

6. Conclusion 

Our efforts have shown that it is feasible to develop a model of commercial vehicle fleet 

ownership accounting for the substitution pattern between three categories of vehicles including 

passenger cars, pickups/vans and trucks/tractors for business establishments owning a fleet of 

vehicles and not out sourcing their entire logistic tasks.  To our knowledge a behavioral model of 

commercial vehicle ownership has not been developed before.   

This effort involved the development of a multiple discrete model in which four 

categories (0, 1, 2, and +3) were considered for each of the vehicle types noted above. The 

multiple discrete choice model for vehicle composition of this paper is approximated using the 

copula and composite marginal likelihood approaches to formulate a closed-form function which 

can be maximized using the conventional optimization methods to estimate the parameters.  

The multivariate model developed in this study included a range of explanatory variables 

including some that were collected as part of the Region of Peel Commercial Travel Survey, and 

other land use/infrastructure variables that were derived from publicly available GIS datasets.  

General attributes of the establishment have important effects.  Larger establishments, as 

measured by number of employees, are more likely to own vehicles, as are establishments with 

greater provision of services, and greater value of goods received.  Differences, of course, are 

found between establishments in different industry classifications, with the construction industry 

favoring pickups/vans, and the office/service industries less inclined to own trucks or 

pickups/vans.  The effects of land use and infrastructure variables also have significant effects, 
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including land use proportions and accessibility to transportation infrastructure.  Accessibility to 

transportation infrastructure has mixed effects.  For example, distance to expressways has 

positive impact on pickup/van and truck/tractor ownership.   

This research developed an important component of behavioral models of the freight 

system. Commercial fleet ownership has a major influence on how companies organize their 

delivery operations. Fleet ownership affects the operations including shipment size, delivery 

frequency, mode of transportation, and tour structure, which in turn have societal impacts such as 

emissions, energy consumption, urban congestion, pavement damage and noise. Analysis of fleet 

ownership decisions of households has received far more attention than for firms.  

The formulation discussed in this paper requires inputs that are available in establishment 

databases available in the Region of Peel.  Subject to further analysis and validation, we believe 

that the prospects of successful application are promising. Also, spatial and temporal transfer of 

the model may be possible, similar to the models developed by Hunt and Stefan (2007), which 

have been transferred spatially and temporally to other contexts. Of course, directly using the 

estimated parameters requires careful investigation, especially considering the small survey 

sample size used for model estimation. Application of updating methods can facilitate the 

updating procedure in contexts for which large datasets are not available (Rashidi et al, 2013).  

A logical extension to this research would be to integrate the vehicle ownership model 

with other components of a behavioural freight model. For such an integration, it would be 

crucial to account for the endogeneity between vehicle composition and strategic firm decisions 

(location, outsourcing, and employment) and operational decisions (shipment size and frequency, 

mode choice, and tour formation).    
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