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Abstract 

Advances in global positioning systems (GPS) and wireless communications have 

prompted the rapid deployment of mobile traffic sensors (e.g., GPS-enabled devices, 

Bluetooth, smartphones, Connected Vehicles, etc.) that are able to move along with the 

flow they are monitoring. This research focuses on mobile traffic sensors such as GPS, 

which can provide detailed tracking capabilities, including fine-grained location traces, 

speed and other relevant information of individuals or vehicles. These capabilities, and 

the data they provide, may promise great advances in science and engineering. However, 

the use of mobile sensing data also poses great challenges. Two key challenges are 

addressed in this dissertation: the selection of which mobile data elements to be collected 

and used, and how to apply the collected mobile sensing data for urban traffic, especially 

Intelligent Transportation Systems (ITS) applications.  

To this end, two important issues are considered. The first is how to satisfy the need 

for information extraction, i.e., data for transportation and especially urban traffic 

modeling purposes. Mobile data are fundamentally different from data collected via 

traditional means: they are more detailed spatially, but usually only provide a sample of 

the entire traffic flow. As a result, choosing the form of mobile data to collect and use 

will have profound implications on the development of new modeling techniques. The 

second concern is how to address the privacy issues evoked by collecting mobile data, 

such as location traces of individual drivers. Such concerns can slow down or impede the 

wide applications of new technologies. These two sometimes conflicting needs, data for 

modeling and privacy protection, pertain to many mobile-sensing-based traffic 

applications and need to be addressed in a holistic manner.  

In this doctoral research, the author proposes the concept of co-designing traffic 

modeling methods and privacy protection mechanisms for urban traffic applications. The 

virtual trip lines (VTLs) zone-based privacy-aware system is developed to balance the 

level of privacy and the modeling needs in urban traffic environment. The proposed 

system is a combination of access control and privacy-preserving techniques. It trims 

and filters mobile sensing data and only keeps the data that are essential to traffic 

applications. In such a privacy-aware system, novel traffic models are developed to use 

the collected/processed mobile sensing data for a variety of urban traffic applications, 



 

 xii 

including automatic vehicle classification, vehicle trajectory reconstruction and 

vehicular energy/emission estimation. These models, i.e., the so called mobile-sensing-

based urban traffic modeling methods, are developed based on traffic knowledge and 

advance learning/optimization techniques. A data fusion and information integration 

approach is further developed to combine heterogeneous traffic data sources for fine-

grained urban traffic applications.  

The results reveal that in addition to ensuring an acceptable level of privacy, the 

released datasets from the privacy-aware system can be applied to urban traffic 

applications with satisfactory performance. Albeit application-specific, such a “Privacy-

by-Design” approach can help broaden the traditional urban traffic modeling field and 

hopefully shed some light on other related science and engineering fields using mobile 

sensors. The mobile-sensing-based urban traffic modeling methods can also provide 

useful insight to other emerging areas in ITS such as Connected Vehicles and Big Data 

analytics.  
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1. Introduction 

1.1 Background and Motivation 

Emerging technologies such as global positioning systems (GPS) and wireless 

communications have prompted the rapid deployment of mobile traffic sensors that are 

able to move along with the flow they are monitoring. Mobile traffic sensors provide an 

alternative to fixed-location sensors, such as loop detectors, that currently dominate 

traffic detection systems. Broadly speaking, mobile traffic sensors include any 

monitoring or data collection system with a device that can move along with the traffic 

flow. They include probe vehicles (such as those equipped with Electric Toll Collection 

(ETC) tags), cellular phones, portable global positioning system (GPS) devices (like 

GPS-enabled smart phones or navigation systems), Bluetooth Mac Address Matching 

(BMAM, see Wasson et al., 2008), and vehicles in Connected Vehicles (previously 

called VII and IntelliDrive), among others. According to comScore (2014), by January 

2014, 66.8% of the mobile users in the US owned smartphones. This number is up by 

7% since October 2013 and is rapidly increasing. GSMA (2013) forecasts that 50% of 

vehicles sold worldwide in 2015 will be connected, e.g., use GPS tracking, with 

smartphone embedded. These connected vehicles can be readily converted to mobile 

traffic sensors. 
1
 

Most mobile sensors need to communicate with satellites (GPS), cellular towers 

(cell phones), or dedicated roadside infrastructure (ETC, VII, BMAM) to derive the 

position of the mobile component, its speed, and other relevant information. In this 

research, the author focuses on mobile sensors such as GPS, which can provide detailed 

tracking capabilities, including detailed location traces of individuals or vehicles. These 

capabilities, and the data they provide, may promise great advances in science and 

engineering. The collection and use of mobile sensing data, however, also poses great 

challenges. Two key challenges are addressed in this research: the selection of which 

                                                 

Portions of this chapter previously appeared as: Sun, Z., Zan, B., Ban, X., & Gruteser, 

M. (2013). Privacy protection method for fine-grained urban traffic modeling using 

mobile sensors. Transportation Research Part B, 56 (1), 50-69. 
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mobile data elements to be collected and used, and how to apply the collected mobile 

sensing data for urban traffic applications.  

To this end, two important issues are considered. The first is how to satisfy the need 

for information extraction, i.e., data for transportation and especially traffic modeling 

purposes. Mobile data are fundamentally different from data collected via traditional 

means: they are more detailed spatially, but usually only provide a sample of the entire 

flow (Ban et al., 2011a). As a result, choosing the form of mobile data to be collected 

and used will have profound implications on the development of new modeling 

techniques (Ban et al., 2009a; Ban et al., 2011a; Hao et al., 2012; Hofleitner et al., 2012). 

The second concern is how to address the privacy issues evoked by collecting mobile 

data, such as location traces from individual drivers. Such concerns can slow down or 

impede the adoption of new technologies, as experienced by Google Street View in parts 

of Europe (InformationWeek, 2009). These two sometimes conflicting needs, data for 

modeling and privacy protection, are related to many mobile-sensing-based applications 

and need to be addressed in a holistic manner. Here the focus is on urban traffic, 

especially ITS applications. 

To date, transportation modeling and privacy protection are largely disconnected. 

On the one hand, privacy is an under-researched area in transportation in general. For 

example, by May 2014, searching by the key word “privacy” in the online “Publication 

Index” database of the Transportation Research Board (TRB) results in only about 100 

(out of the total over 50,000) papers. Only a handful of them focus specifically on 

privacy issues, with most from a policy perspective. A similar search in Transportation 

Research Part A, a leading journal in transportation policy research, results in less than 

100 papers since 1992. With the primary goal of extracting as much information as 

possible, transportation modeling researchers have traditionally sought the greatest and 

most finely detailed data available. This has been done by either ignoring privacy issues 

completely, or by hoping that primitive privacy schemes such as simple anonymization 

will be sufficient to protect privacy. However, simple anonymization is not enough to 

protect privacy, as shown in Hoh et al. (2007). Recently proposed or deployed mobile-

sensing-based (or similar) systems emphasize privacy more, but mainly from a policy 

perspective (Jacobson, 2007) or by applying a limited set of privacy techniques (He et 
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al., 2002; Demers et al., 2006). On the other hand, privacy experts (Kargupta et al., 

2003; Hoh & Gruteser 2005) have been focusing on designing privacy algorithms to 

protect individuals’ privacy, without paying much attention to the real-world 

transportation applications. As a result, a large proportion of the location data are either 

hidden or perturbed by these privacy protection algorithms. The dataset released after 

applying such privacy algorithms can rarely be used for fine-grained urban traffic 

modeling. In a nutshell, the full needs of modeling and privacy protection cannot be 

satisfied simultaneously by the current practice. As mobile sensing data becomes more 

widespread, this issue is becoming increasingly critical.  

Recently there are trends to simultaneously consider privacy protection and traffic 

modeling needs (Hoh et al., 2008; Ban & Gruteser, 2010). This is achieved when 

researchers are aware of the effects of applying privacy schemes to data when 

developing modeling methods, and aware of data needs when designing privacy 

preserving mechanisms. Privacy methods need to be application-specific. Different types 

of applications (e.g., transportation planning, traffic operations, safety, etc.) may need 

different types of data, and the applicable privacy algorithms need to be designed 

accordingly. However, the concept of “co-designing” privacy algorithms with modeling 

methods to simultaneously satisfy both privacy protection and data needs should apply 

generally, to different applications. This concept actually follows the “Privacy-by-

Design” concept in Cavoukian (2009): instead of applying policies and techniques to 

relieve privacy concerns in an existing system (i.e., systems already designed and built), 

privacy mechanisms should be integrated deliberately and consistently into the system 

design (e.g., system structure, hardware design, data processing, applications, etc.); as 

such, they should be co-developed. One example of this is the virtual trip line (VTL) 

concept proposed in Hoh et al. (2008). VTLs can be used to regulate where and when 

mobile data should be collected to satisfy the needs of both traffic modeling and privacy 

protection. The effectiveness of VTL has been tested for both freeway (Herrera et al., 

2010) and urban arterial modeling (Ban et al., 2009a; Ban et al., 2011a). For urban 

traffic modeling, however, VTL was only tested for applications related to isolated 

intersections, such as delay or queue length estimation. The questions are: when 

considering an urban corridor or network, how should the VTL method be enhanced to 
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ensure both privacy and data needs for fine-grained urban traffic modeling? How to 

apply the privacy-aware mobile sensing data for critical urban traffic applications, such 

as traffic state estimation and performance measurement? This doctoral research 

attempts to answer these two key questions related to urban traffic modeling using 

mobile sensing data.  

1.2 Research Objectives  

In this research, the primary objective is to: (i) co-design the privacy protection 

mechanisms with urban traffic modeling and knowledge extraction methods; (ii) use 

privacy-aware data for urban traffic applications. For this, a VTL zone-based system is 

proposed to satisfy privacy protection and the needs of urban traffic data 

collection/processing. The robustness and effectiveness of the proposed system are 

tested under different traffic scenarios. Based on the collected and processed privacy-

aware mobile sensing data, novel traffic models are developed for a variety of urban 

traffic applications, including automatic vehicle classification, vehicle trajectory 

reconstruction, fuel consumption/emissions estimation, and urban traffic data fusion 

applications. Below is a brief summary of the research objectives. 

 To co-design privacy protection mechanisms with urban traffic 

modeling/knowledge extraction methods.  

 To test the privacy-aware system under different traffic scenarios. 

 To develop novel traffic models for a variety of urban traffic applications, using 

privacy-aware mobile sensing data.  

 To develop data fusion and information integration framework to combine 

heterogeneous datasets for fine-grained urban traffic applications. 

 To test/validate the privacy protection method and the proposed traffic models 

using appropriate datasets, especially using real world traffic data.  

1.3 Research Contributions 

This research proposes a privacy-aware traffic system that offers a trade-off between 

privacy protection and the modeling needs in urban traffic environment. The concept of 

“co-designing” privacy schemes (i.e., “privacy-by-design”) and modeling techniques, as 
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well as the proposed new technical concepts and methods, should provide some useful 

insights on how to consider these two aspects simultaneously for different types of 

transportation applications that use mobile sensing data. With the increasing deployment 

of mobile sensing technologies (GPS, smartphones, Connected Vehicles, etc.), the topic 

and methods discussed in the dissertation can emphasize the importance and urgency of 

privacy protection while using mobile sensing data. The author expects this research 

could promote further research and discussions on developing specific, analytical 

methods (i.e., the so-called technical methods as opposed to purely policy-based 

methods) to simultaneously consider both privacy and modeling, instead of focusing 

only one and ignoring the other. 

In such a privacy-aware system, the proposed mobile-sensing-based modeling 

methods are unconventional approaches to interpret urban traffic, and to estimate real-

time/off-line traffic states and system performance. These novel models can be used for 

vehicle classification, transportation mode detection, vehicle trajectory reconstruction 

and micro-level fuel consumption/emissions estimation. While data fusion and traffic 

crowdsourcing begin to receive more and more attention, the integration of 

heterogeneous traffic data sources promises smarter traffic monitoring/operations and 

more informed decision-makings.  

1.4 Dissertation Outline 

This dissertation proposal is comprised of 8 (eight) Chapters. Chapter 1 introduces the 

background and motivation of co-developing privacy protection mechanisms and urban 

traffic modeling/knowledge extraction methods, along with the research objectives and 

contributions. Chapter 2 presents a review of the literatures on mobile-sensing-based 

urban traffic modeling methods and applications. The existing privacy-related studies in 

transportation field are summarized, followed by a comprehensive review of privacy 

protection techniques from a closely-related field in location privacy. Chapter 3 proposes 

a VTL zone-based privacy protection system, which serves as a data 

collection/processing guideline and provides privacy guarantees to the mobile traffic 

data in the urban environment.  
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The privacy-aware mobile sensing data are exploited and applied for a variety of 

urban traffic applications, which are divided into four chapters, from Chapter 4 to 

Chapter 7. In Chapter 4, the author proposes data mining methods for binary vehicle 

classification. Chapter 5 presents vehicle trajectory reconstruction methods to recover 

short vehicle trajectories of the entire traffic flow using collected sample trajectories 

around signalized intersections. In Chapter 6, a trajectory-based method is developed to 

estimate vehicle-by-vehicle fuel consumption and emissions along signalized arterials. 

Chapter 7 introduces a data fusion and information integration approach to combine 

heterogeneous traffic data sources for fine-grained modeling of arterial traffic. Finally, 

the conclusions and future research directions are summarized in Chapter 8.  
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2. Literature Review 

2.1 Mobile-Sensing-Based Urban Traffic Modeling 

The recent proliferation of GPS equipped vehicles and devices, has led to the emergence 

and rapid deployment of mobile traffic sensors. These sensors can track the movement 

of vehicles (or persons), and can potentially reveal the detailed behaviors and trajectories 

of individual vehicles (or persons), information that promises great advances in many 

science and engineering fields. 
2
 

Mobile sensing data have been successfully applied to many traffic applications. In 

the macroscopic scale, mobile sensing data have been used to extract knowledge on land 

use (Toole et al., 2012), human mobility patterns (Gonzalez et al., 2008), dynamic OD 

estimation (Tan et al., 2011; Frias-Martinez et al., 2012) and urban congestion patterns 

such as travel times (Byon et al., 2006; Yuan et al., 2010) and average speed (Shi et al., 

2006; Shen & Wynter, 2012). Such macro-level information is important since it reveals 

the “big picture” of urban traffic. In a finer level of detail, new modeling methods have 

been developed for both urban freeways (Herrera & Bayen, 2009; Izadpanah et al., 2009; 

Lu & Skabardonis, 2007) and arterials (Ban et al., 2009a; Ban et al., 2011a; Herring et 

al., 2010; Hao et al., 2012; Comert & Cetin, 2008). As novel technologies continue to 

emerge, high resolution traffic data (e.g., event-based stationary data, second-by-second 

GPS traces) become increasingly available. This has enabled fine-grained urban traffic 

modeling (Ban & Gruteser, 2012; Sun & Ban, 2013; Sun et al., 2013; Sun et al., 2014), 

which targets detailed modeling of urban traffic states and system performances, such as 

individual travel times and vehicle trajectories/emissions, real-time performance of 

urban traffic signals. Fine-grained traffic modeling is critical for daily traffic operations 

and control, which previously has been studied using mainly fixed-location sensor data. 

For this, mobile-sensing-based urban traffic modeling methods (Ban et al., 2009a; Ban et 

al., 2011a) can provide alternative perspectives. This dissertation further develops such 

                                                 

Portions of this chapter previously appeared as: Sun, Z., Zan, B., Ban, X., & Gruteser, 

M. (2013). Privacy protection method for fine-grained urban traffic modeling using 

mobile sensors. Transportation Research Part B, 56 (1), 50-69. 
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methods for other applications, including vehicle classification, trajectory reconstruction, 

and fuel/emissions estimation.  

In spite of the great vantages, the use of mobile sensing data, especially those 

revealing detailed traces and behaviors of individuals, may evoke serious privacy 

concerns. These concerns have received wide public attention. For instance, Google’s 

Street View feature has been banned in some European countries due to privacy 

concerns (InformationWeek, 2009); Apple has been accused of storing users’ location 

information (International Business Times, 2011). These concerns can slow down or 

impede the wide application of new technologies.  

2.2 Privacy Research in Transportation Field 

Mobile sensing is considered as one of the Intelligent Transportation System (ITS) 

technologies. With the ubiquitous applications of ITS, privacy issues are becoming 

increasingly important and need to be addressed carefully in transportation (Garfinkel, 

1996). Current privacy research in transportation is mainly policy-oriented; a summary 

of the policy-oriented privacy studies and efforts is provided in Table 2.1.  

Kokotovich & Munnich (2007) specified five dimensions of the privacy web. These 

are: spatial, behavioral, decisional, bodily, and informational dimensions. They stated 

that ITS-related privacy concerns fell under the informational and behavioral 

dimensions. Douma et al. (2008) analyzed existing federal laws and legal doctrines 

applicable to privacy in transportation systems and technology, and they claim that the 

existing laws do little to protect individuals’ privacy against the violations from ITS. 

According to Cottrill (2009), privacy methods can be broadly categorized as technique-

based and policy-based, and she concludes “there is little consistency or certainty when 

it comes to the place of privacy in relation to ITS applications.” The National Vehicle 

Infrastructure Integration (VII) coalition (now called Connected Vehicles) proposed a 

policy framework to address privacy issues in VII. However, as Cottrill (2009) pointed 

out, “These limits are, much like the privacy principles, fairly vague…” Therefore, while 

these privacy policies are important, and provide insightful guidance on privacy 

protection, they usually lack detail, and need to be further materialized by specific 

(technical) schemes. In transportation modeling and land use, there is a well-studied 
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privacy-preserving method called population synthesis (Beckman et al., 1996; Muller & 

Axhausen, 2011), which combines different data sources to produce synthetic 

representations of individuals. However, such synthetic data are not sufficient for fine-

grained urban traffic modeling, for which data regarding true individual behaviors (such 

as individual travel times and vehicle trajectories) are needed. 

Table 2.1: Policy-oriented privacy studies and efforts 

Policy-oriented privacy studies 

and efforts 
Contributions 

Briggs & Walton (2000) 
Develop guidelines and models for the management of sensitive data 

collected through ITS 

ITSA (2001) Adopt Fair Information and Privacy Principles 

Clarke (2001) 
Discuss the technologies which evoke privacy concerns and their 

implications 

Douma et al. (2007) Study how ITS technologies fit into U.S. privacy law 

Kokotovich & Munnich (2007) 
Specify five dimensions of the privacy web, case studies of ITS 

related applications 

Jacobson (2007) 
Propose the privacy policy framework for VII (now Connected 

Vehicles) 

Cottrill (2009) 
Review related policy and techniques for privacy protection in ITS 

applications 

ISO ( 2009) 
Give general guidelines to developers ITS standards and systems on 

data privacy aspects 

Privacy issues become more critical when dealing with mobile sensing data. For 

every object involved in a transportation activity (e.g., vehicle, driver, goods, etc.), there 

are signatures (e.g., ID, license plate, driving behavior, etc.) associated with it. Notice 

that these signatures do not have to be unique, as long as they can be applied to identify 

one object, or a group of objects. Consider a person who wants to identify this object and 

discover some privacy information for malicious purposes (referred to as the adversary 

hereafter in the research; see Shokri et al., 2011). If an adversary has access to the trace 

(or a part of the trace) of this object obtained from mobile data, it is possible to link and 

track the signatures for a significant distance/time period. If the adversary finds out some 

sensitive locations (e.g., gas station, office building, residential area, warehouse, etc.) 

along the location trace, it is then not hard to identify the object. For fear of being 
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identified or re-identified (even if the traces are anonymous), there are usually great 

privacy concerns associated with applications that collect and use location trace 

information. In this regard, privacy protection using purely policy-based methods may 

not work well; advanced technical approaches also need to be considered. 

2.3 Location Privacy 

The field of location privacy is concerned with technical approaches to address the 

privacy issues associated with collecting/processing certain location (mobile) data 

elements. These technical approaches play an important role in supporting the 

developments of privacy policy and regulation, which is a fast growing research area 

(Duckham & Kulik, 2006; Krumm, 2009). An overview of privacy protection techniques 

is provided in Table 2.2. 

One of the important privacy techniques is anonymization (Sweeney, 2002; Rass et 

al., 2008; Stenneth & Yu, 2010), which is anything that guarantees the anonymity of an 

object, including static (using one pseudonym, i.e., a randomly generated ID, throughout 

the dataset) or dynamic pseudonyms (periodically updating the current ID with randomly 

generated pseudonym), and pure anonymity (removing the IDs for all the data points 

completely). However, pseudonyms are subject to privacy breaches with hidden 

information and domain knowledge. For example, Machanavajjhala et al., (2006) 

pointed out when the sensitive attributes in a dataset are of little diversity, or when the 

adversaries have access to external data sources, pseudonyms can be easily breached. 

Hoh et al. (2007) showed, using a dataset of a week-long anonymous GPS traces from 

239 drivers, that they were able to find home locations of 85% of a subset of 65 drivers. 

Therefore, using pseudonyms alone is not sufficient for proper privacy protection. 

However, the complete privacy protection of pure anonymity, when the ID of each data 

point is removed, is not suitable for the data needs of fine-grained urban traffic 

modeling, because location trace information is lost.  

More sophisticated approaches have been developed to enhance anonymity, mainly 

by perturbing data accuracy or restricting the release of certain location information data 

points; called obfuscation (Ardagna et al., 2007). For example, location perturbation 

methods (Agrawal & Srikant, 2000; Kargupta et al., 2003; Gruteser & Grunwald, 2003; 
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Gedik & Liu, 2005) try to preserve privacy by perturbing or reducing the accuracy of 

either spatial or temporal information in order to satisfy the k-anonymity (see definition 

in the appendix). Location data perturbed by such methods, however, can rarely be used 

for applications that require fine-grained location traces. Similarly, reducing sampling 

frequency (Tang et al., 2006) or using dummies (Kido et al., 2005; Lu et al., 2008; 

Nergiz et al., 2009) may also severely degrade location information. It turns out that 

these approaches either cannot effectively guarantee privacy, or may filter out too much 

information to satisfy data needs from a modeling perspective. 

Table 2.2: Technical approaches for privacy protection 

Category Related Work Contributions Limitations 

Static 

pseudonym 

Stenneth & Yu 

(2010) 

Mode homogeneity anonymization (k-

anonymity) for location traces 

For location trace data, such 

method is subject to privacy 

breaches with external data sources 

Various 

pseudonyms 
Rass et al. (2008) 

Break long traces into multiple short 

traces, using different pseudonyms for 

short traces 

Subject to privacy breaches under 

certain conditions 

Pure anonymity Sweeney (2002) 

k-anonymity for privacy protection. 

The identifier of each data point should 

be removed. Not suitable for location 

privacy 

Pure anonymity is expensive to 

implement 

Location 

perturbation 

Agrawal & 

Srikant (2000) 

Adding random noise to the sensitive 

data, Not suitable for location privacy 

Location Information can get 

severely degraded, such datasets 

cannot be applied for fine-grained 

urban traffic applications 

Kargupta et al. 

(2003) 

Show that random data distortion are 

subject to attacks using spectral filters 

Gruteser & 

Grunwald (2003) 

Propose spatial cloaking (and 

temporal) cloaking for anonymous 

usage of Location-Based Services 

 

Gedik & Liu 

(2005) 

Perturb location information by 

replacing it with a spatial range 

Reduce 

sampling 

frequency 

Tang et al. 

(2006) 

Suggest to use larger intervals between 

two location reports 

Not enough data to support fine-

grained urban traffic applications 

Location hiding 

Beresford & 

Stajano (2004) 

Propose the concept of mix zone, in 

which different pseudonyms are used 

when a user entering or leaving the 

network 

Cause a loss of data; 

Traffic modeling needs are not 

considered; The effectiveness of 

such algorithms need to be 

justified on real traffic networks Freudiger et al. Further extend the mix zone approach 
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(2007) to vehicular network 

Hoh et al. (2007) 

Propose uncertainty-aware path 

cloaking algorithm, where the 

uncertainty is measured by entropy 

Hoh et al. (2008) 
Propose to use virtual trip line(VTL) to 

regulate speed and location reports 

Dummy traces 

Kido et al. (2005) Generate false location data, and send 

the false data along with the true data 

to the location-based service provider 
Lead to unrealistic traffic 

estimation 

Lu et al. (2008) 

Nergiz et al. 

(2009) 

Generate dummy traces for trajectory 

anonymization 

 



13 

3. Privacy Protection Methods for Urban Traffic Modeling 

Due to the ubiquitous nature of mobile sensing technologies, privacy issues are 

becoming increasingly important, and need to be carefully addressed. In this chapter, a 

mobile-sensing-based privacy-aware system is proposed to balance the level of privacy 

and the modeling needs for fine-grained urban traffic applications. This chapter seeks to 

answer the following questions: What form of mobile sensing data should be collected? 

Where should they be collected? And how to guarantee the level of privacy for these 

collected data?  

To this end, A VTL zone-based system is proposed. The VTL zone system is a 

combination of access control and advanced privacy protection techniques, which is the 

most suitable system, the author believes, for fine-grained urban traffic applications. To 

obtain higher levels of privacy, different filtering approaches are proposed in the VTL 

zone system. Traffic-knowledge-based adversary models are also developed, which are 

then used to attack (test) the privacy-aware datasets. The overall performance of the 

system and different filtering approaches are evaluated, with respect to privacy 

protection and data needs for traffic modeling. The results show that in addition to 

ensuring an acceptable level of privacy, the released datasets from such privacy-

enhancing systems can also be applied to urban traffic modeling with satisfactory results. 

Albeit application-specific, such a “Privacy-by-Design” approach would hopefully shed 

some light on other transportation applications using mobile sensors.
3
 

3.1 Privacy Definitions in the Urban Environment 

It is generally understood that the longer an object can be tracked, the more likely it can 

be identified. Therefore in this doctoral research, privacy is defined as the untrackability 

of a moving object for a certain distance/time. Notice that the actual criteria for such 

distance or time can be user-adaptive: users can make this decision based on the level of 

privacy they are comfortable with. For example, for a group of users that do not have 

much privacy concern, the criteria could be set for a few miles or 15-30 minutes; for a 

                                                 

This chapter previously appeared as: Sun, Z., Zan, B., Ban, X., & Gruteser, M. (2013). 

Privacy protection method for fine-grained urban traffic modeling using mobile sensors. 

Transportation Research, Part B, 56 (1), 50-69. 
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more concerned group of users, the criteria could be set for a couple hundred feet or 1-2 

minutes.  

In the urban environment, the author assumes that to satisfy modeling needs, some 

short traces of vehicles (say a few hundred feet) around an intersection are available. 

Here the primary focus is on intersections, especially signalized intersections, since they 

are the most critical for urban traffic. Noteworthy that in some situations that privacy is 

not a big concern, this assumption can certainly be relaxed to consider some 15-20 

minutes long traces (as in Chapter 4). Similar privacy mechanisms can be applied in this 

case, details are not presented here.  

The author then defines privacy as the unlinkability of the short traces of the same 

vehicle over multiple (say N) intersections. Again, N is a parameter that implies different 

levels of privacy concerns and should be user-specific. In this chapter, N is set to 2, 

which provides the highest level of privacy. This means that one can collect short 

vehicle traces around one intersection, but such short traces should not be linked 

together for the same vehicle for 2 or more intersections. 

In terms of the privacy metrics (unlinkability in particular), k-anonymity and 

entropy have been frequently used in the location privacy field (see the definitions in the 

Appendix). Both metrics are used to measure the level of unlinkability among a group of 

users. From an individual’s viewpoint, however, they are not very intuitive. An 

individual user cares more about the probability that he/she could be successfully 

tracked, rather than a system-wide privacy metric. In this chapter, to measure 

unlinkability, individual tracking probability is used as the metric for individuals, and 

entropy as the metric for a group of users. A lower value of individual tracking 

probability or a larger entropy value indicates a higher level of privacy (unlinkability). 

More detailed explanations will be provided in Chapter 3.3. 

3.2 Arterial VTL Zone System 

In general, privacy protection approaches can be grouped into two categories (Briggs & 

Walton, 2000; Anderson, 2008): (i) controlling the access to privacy information, for 

example, password, software/hardware enforcement, and privacy agreement, etc.; (ii) 

Giving access to processed information only after privacy-protection techniques (e.g., 
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anonymization and obfuscation) have been applied. Both approaches may work for some 

specific applications. However, there is no single approach that can solve all privacy 

problems for all applications. For the first approach, to ensure privacy, sophisticated 

secure systems (in terms of both hardware and software) usually need to be deployed, 

which can result in very high costs and/or overhead. With respect to the second 

approach, it was shown in Chapter 2 that some privacy techniques (e.g., simple 

anonymization) could be subject to privacy breaches under certain conditions. 

A VTL zone system is proposed here for privacy protection in fine-grained urban 

traffic modeling applications. The VTL zone system is a combination of access control 

and sophisticated privacy protection techniques. The system consists of VTLs that are 

pre-defined, virtual geographic markers on roadways; see the dash-dot lines in Figure 

3.1. When crossing a VTL, the mobile sensor equipped in a vehicle will report its 

location and speed information. A VTL zone is the area between two VTLs, one 

upstream and one downstream of a signalized intersection; see Figure 3.1. These two 

VTLs are specifically designed to include vehicle deceleration and acceleration 

processes due to traffic signals. Vehicle trace data are only collected within VTL zones; 

starting from the location sample right before a vehicle enters a VTL zone, and ending 

with the location sample right before a vehicle leaves a VTL zone. The traces of the 

same vehicle at different VTL zones will be assigned different random IDs 

(pseudonyms). Thus, due to the discontinuity of location traces between VTL zones, it 

would not be a trivial task for an adversary to track a vehicle across multiple zones 

(intersections). 

 

Figure 3.1: System structure of the VTL zone-based method 
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As shown in Figure 3.1, the system structure is comprised of a trusted location 

proxy server, and an application server, similar to that of the VTL system in Hoh et al. 

(2008). Location data are anonymized and filtered (if necessary, to ensure higher levels 

of privacy) in the location proxy server, and then transmitted to the application server. 

The access control and privacy techniques are both applied in the location proxy server. 

The application server does not have to be trustworthy, and it is safe to assume that the 

adversary has access to the application server. Since the privacy-sensitive information in 

such a system is only stored and processed at the proxy server, which is not accessible to 

outside users, the risk of it being breached can be dramatically reduced. As a result, the 

secure system for the proxy server does not need to be that sophisticated, compared to 

when only pure access control (i.e., to combine the proxy and application servers as a 

single server) is applied. 

The system in Figure 3.1 does not require a dedicated location proxy server for each 

intersection. Mobile sensors can transmit the raw data (from different intersections) to a 

trusted central location proxy server, where centralized anonymization and other privacy 

techniques can be implemented before the processed data are sent to the application 

server.  

In summary, the VTL zone system collects location traces only within the VTL 

zones. Among the collected location traces, additional privacy protection techniques can 

be applied in the location proxy server. For example, trace identifiers can be removed 

and random IDs assigned, filtering approaches can be applied (see Chapter 3.3 below), 

among others. As a result, only a subset of the location traces will be released to the 

application server for each zone. The released dataset offers a controllable level of 

privacy defined either by the individual tracking probability or entropy, yet the dataset 

can still satisfy the data needs for traffic modeling as shown later, in Chapter 3.6. 

3.3 Filtering Approaches 

In this subchapter, several filtering approaches are proposed. The baseline approach 

refers to releasing all of the traces collected in a VTL zone, which provides the least 

privacy (while the VTL zone system is applied), but the most usable data. To enhance 

privacy, part of the location traces need to be filtered out in the VTL zone. The filtering 
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approaches include random sampling, individual probability-based and entropy-based 

approaches. 

3.3.1 Baseline Approach 

In the baseline approach, all vehicle traces within a VTL zone are released. Due to the 

discontinuity of vehicle traces on the link between two VTL zones, it is not a trivial task 

for the adversary to keep track of the same vehicle between multiple zones. In fact, the 

baseline approach can be treated as the opposite of the mix-zone algorithm (Beresford & 

Stajano, 2004). A mix zone is defined as an area in which location traces cannot be 

released, so that it would be hard for an adversary to link upstream traces with 

downstream traces (which have different pseudonyms). Related works (Li et al., 2006; 

Freudiger et al., 2007; Buttyan et al., 2007; Dahl et al., 2010; Carianha et al., 2011) 

study the mix-zone approach in vehicular networks. Their objective is to find the optimal 

sizes and locations of mix zones to suppress traces so that privacy can be best protected, 

without much consideration of the application, or whether the released traces are 

sufficient for transportation modeling purposes. The baseline approach, by contrast, 

defines areas where data should be collected. In particular, in order to satisfy the data 

needs for fine-grained urban traffic modeling, the baseline approach (and the VTL zone 

method in general) releases location data near an intersection, which is exactly where 

mix zones are always deployed to suppress data.  

The author and collaborators believe that this proposed approach, by focusing on 

where data should be collected (instead of suppressed), minimizes the data collection 

effort and can better satisfy the data needs for applications. However, this approach also 

imposes challenges. For the baseline approach, as shown later in Chapter 3.6, a large 

proportion of linkage can be successfully built using certain adversary models. To this 

end, specific filtering methods are developed to release only portions of the traces in a 

VTL zone to guarantee privacy. 

3.3.2 Random Sampling 

On top of the baseline, a random sampling approach can be applied to enhance the level 

of privacy protection. In particular, only a portion of the traces (e.g., 50%) is randomly 
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selected and released at each VTL zone. It therefore becomes even harder for the 

adversary to continuously track the traces of the same vehicle across VTL zones. To 

some extent, this approach is fairly naïve since the tracking probability of different 

location traces are not taken into account. 

3.3.3 Individual Tracking Probability-Based Filtering 

Compared with random sampling, the individual tracking probability-based approach 

uses the individual tracking probability as the privacy metric. The key idea of this 

approach is to release traces that are less likely to be tracked (smaller tracking 

probability) and suppress traces that are more likely to be tracked (higher tracking 

probability). For a released dataset that guarantees a 0.2 individual tracking probability, 

the statistical implication is that no more than one out of five vehicles can be 

successfully tracked. For the vehicle tracking problem in Figure 3.2: considering one 

vehicle trace at the downstream VTL zone c, and given a set of previously released 

traces in each upstream VTL zone, an individual tracking probability is the probability 

that one vehicle trace at an upstream VTL zone (say v1) belongs to the same vehicle as 

the target trace in downstream VTL zone c. Below is a probabilistic interpretation of 

how the individual tracking probability is formulated. 

 

Figure 3.2: Vehicle tracking between upstream and downstream VTL zones 

Define discrete random variables C, V to capture these random events: a vehicle 

arrives at a downstream VTL zone, and a vehicle passes an upstream VTL zone, 
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respectively. The continuous random variable T denotes the travel time. P(C), P(V) and 

P(T) are the probabilities of the three random variables. Here lower case c, v and t are 

used to denote the instantiations of those variables. Now consider a vehicle that passes 

the downstream VTL zone C. The author is interested in the probability that this vehicle 

also passed an upstream VTL zone V, taking travel time T from V to C. This conditional 

probability, denoted as P(T,V│C), is referred to as the individual tracking probability in 

this chapter. 

Using the Bayesian Theorem, equation (3.1) can be easily derived: 

                        (   | )  
 (     )

 ( )
 

 (     )

∫∑  (     )   
                                                           (   ) 

The key term in equation (3.1) is the joint probability P(T,V,C), which can be 

expressed as the product of three (conditional) probabilities in equation (3.2), using the 

Chain Rule: 

                        (     )   ( |   ) ( | ) ( )                                                                             (   ) 

At the right side of equation (3.2), the first term is the probability of travel time, 

given the fact that the vehicle passes an upstream VTL zone V, and a downstream VTL 

zone C, in sequence, which follows a travel time distribution   
   ( ), as defined later in 

this chapter. The second term is the probability of passing a downstream VTL zone, 

given the fact that this vehicle passes an upstream VTL zone, which is defined as the 

path likelihood     , later in this chapter. The third term is the prior probability of 

passing an upstream VTL zone. Equation (3.2) does not specify any mathematical form 

of the probabilistic distributions. In theory, any form of distribution would work in this 

probabilistic model, as long as it provides a meaningful reflection of the real-world 

traffic situation. 

3.3.3.1 Path Likelihood 

Among the location traces that pass an upstream VTL zone (denoted as v), the path 

likelihood from   to a downstream VTL zone   is defined as the proportion of the traces 

that go through both v and c, as represented in equation (3.3). 
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In equation (3.3),   is the vehicle pseudonym;    is the set containing all the 

pseudonyms of vehicles passing v;   
  is the number of times vehicle   goes through   

(e.g., in the historical dataset); and     
  is the number of times vehicle   goes through 

both   and   in sequence. Statistically, if one vehicle passes the upstream VTL zone ( ), 

the path likelihood      indicates the probability that this vehicle will also go through 

the downstream VTL zone ( ), among other possible choices. 

3.3.3.2 Travel Time Distribution 

There have been some previous studies on arterial travel time distributions along a route 

(Kwong et al., 2009; Hofleitner et al., 2012). However, here the author is concerned with 

the travel time distribution, i.e.,   
   ( ), between two urban intersections, v and c. Since 

there may be multiple routes between two urban locations (especially when they are far 

away from each other), the distribution actually contains travel times among all possible 

used routes. To the best of the author’s knowledge, the research of quantifying such 

travel time distributions (i.e., between two urban locations) is rather sparse in the 

literature. Since this is not the focus of this research, the author simply assumes that the 

vehicle travel time probability between two VTL zones (e.g., VTL zone v to c) follows a 

three-parameter log-normal distribution, as shown in Figure 3.3 (statistical results are 

drawn from a VTL zone pair from the NGSIM dataset; see Cambridge Systematics, 

2007). 

 

Figure 3.3: 3-parameter log-normal travel time distribution 
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The mathematical form of the 3-parameter lognormal distribution is given in 

equation (3.4). Here   is a shift parameter, corresponding to the free flow travel time 

between the two VTL zones;   is the shape parameter and   is the scale parameter. The 

travel time distribution can be estimated by Least Squares Estimation (LSE) (see Zan et 

al. (2011) for more details). Future research on better quantifying the travel time 

distributions between two urban locations is needed, as noted in Chapter 3.6. 
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3.3.3.3 Individual Tracking Probability 

By incorporating equation (3.2) into equation (3.1), the individual tracking probability of 

any instantiation (T=t, V=v, C=c) can now be expressed as equation (3.5), in 

which  (   |       ) is the travel time probability and  (   |   ) is the 

path likelihood as defined previously.  

 (       |   )  
 (   |       ) (   |   ) (   ) 

∫∑  ( |     ) (   | ) ( )   
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∫∑   
    (   )      (    )        
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∑       (    )      ∫  
    (   )   

              (   ) 

Note that in the above derivation, the probability distribution of travel time is 

continuous. In practice, however, the observations of travel time are discrete. It is 

therefore necessary to discretize the continuous travel time into a finite number of time 

intervals, and use the probability of a discrete time interval to represent the travel time 

probability of an instance that falls into this interval. In this research, an equal-width 

discretization scheme (Cios et al., 1998) is applied. The number of time intervals can be 

calculated by the rule of thumb formula, as shown in equation (3.6). Here    is the 

number of discrete time intervals;   is the number of travel time observations in the 

historical data (which are used to estimate the travel time distributions); C is the number 

of VTL zone pairs, i.e., for any        and  .  
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After the number of time intervals is specified, the width of discrete intervals ( ), 

and the corresponding cut points of each interval, can be determined easily. Based on 

such a discretization scheme, the discrete form of individual tracking probability for a 

given instance at VTL zone c, i.e.,      , is now defined as     
 , which can be 

approximated by equation (3.7).  
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In equation (3.7),     
  is the (observed) travel time for vehicle   from zone   to   (  

is the current VTL zone). And       is the set containing all of the pseudonyms of 

vehicles going from zone    to zone  . Note that here the probability density of a travel 

time instance (i.e.,   
   (      

 )) is used to approximate the average probability 

density of its corresponding discrete interval. Therefore, the discrete form of travel time 

probability (for a given instance (      
 ) is essentially   

   (      
 ) , which is 

approximately the area of the discrete time interval for the travel time probability density 

function. Furthermore, the summation of the probabilities of all of the travel time 

instances for a particular VTL zone pair (i.e., ∑   
    (       

  
)        
 ) is used to 

approximate the integral of travel time probability density as shown in equation (3.5), 

i.e., ∫  
    (   )   . It is worth mentioning that this integral equals 1 in theory; the 

approximation term ∑   
    (       

  
)        
  should also be 1 if the instances are 

evenly drawn from the underlying distribution (Cios et al., 1998). However, in reality, 

the approximation term may not be 1, depending on how these instances are distributed. 

It is found that the approximation term does produce better results since it considers real-

time traffic information. In practice, the individual tracking probability is computed in 

real time (i.e., considering the vehicles travel in the network during the past 1 or 5 

minutes). Therefore the number of travel time instances (for a travel time distribution) is 
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usually less than the number of discrete time intervals. This may lead to an over-

estimation of the individual tracking probability, resulting in better privacy performance.  

Now assume that  ( ) is uniformly distributed (in a discrete form), implying that 

the prior probability of passing an upstream VTL zone is the same as passing others. 

Equation (3.8) can then be obtained.  

                               
  

  
   (      

 )       

∑   
    (       

  
)                          

                                              (   ) 

In equation (3.8), the individual tracking probability of vehicle      (i.e.,     
 ) is 

now formulated as the product of the path likelihood and travel time probability, 

normalized over all of the suspect vehicles, i.e., any vehicle    that has arrived at the 

current VTL zone    from an upstream VTL zone    other than c. Therefore, if the 

individual tracking probability of vehicle   is smaller than a pre-defined level (e.g., 0.2), 

the location trace of this vehicle can be released; and if it is not, the trace should not be 

released. In practice, the path likelihood and travel time distribution can be updated in 

real time (e.g., they can be calculated in the location proxy server, based on data 

collected during the previous time period), which can incorporate the traffic dynamics at 

different times of a day. 

3.3.4 Entropy-Based Filtering 

The entropy value of a specific location trace (now treated as a random variable) in the 

downstream VTL zone    can be calculated using equation (3.9). Here v is any upstream 

VTL zone that is not c, and d is any vehicle at v. So equation (3.9) indicates that the 

entropy of the specific location trace at c is the summation of      
         

  for all 

possible vehicles that previously passed some upstream VTL zones. The specific vehicle 

trace (in VTL zone c) is safe to be released if the entropy value   is larger than   

(e.g.      ), where   is a predefined confusion level that characterizes the desired 

degree of privacy. A higher   indicates more uncertainty (or level of confusion) in terms 

of identifying the same vehicle, thus providing better privacy. 

                               ∑ (    
         

 )

               

                                                                    (   ) 
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We know from equation (3.9) that the metrics of entropy and individual tracking 

probability are mathematically related. As an illustrative example, when the entropy 

value is 1, this is a way to illustrate that we have two possible outcomes (corresponding 

to two vehicle traces from an upstream VTL zone to the downstream VTL zone) both 

having 0.5 individual probability. However, in extreme cases, entropy and individual 

tracking probability may have different privacy implications. For example, consider the 

scenario of four vehicles, with individual tracking probabilities: 0.2, 0.2, 0.2 and 0.4. 

The entropy value of this original set is therefore                   

       =1.92. Now consider another scenario with only three vehicles, all of them 

having 0.33 individual tracking probabilities. From an individual’s perspective, the 

second scenario provides better privacy (since 0.33 is smaller than 0.40). However, from 

the entropy perspective, the entropy value for the second scenario is 1.58, implying a 

poorer system-wide privacy level. In this chapter, both the individual tracking 

probability and entropy are used as privacy metrics. 

3.4 Traffic-Knowledge-Based Adversary Model 

To evaluate the filtering approaches, a traffic-knowledge-based adversary model is 

proposed. This adversary model takes into account real-time travel time information and 

signal timing information, which can better capture traffic dynamics compared with 

statistical models. Here deterministic attacks are made to the released traces by 

attempting to link traces from two VTL zones. Two cases are considered in this 

subchapter. 

3.4.1 Tracking between Two Neighboring VTL Zones (Case 1) 

Consider two neighboring VTL zones (    and    ), which cover two consecutive 

intersections, with one link (   ) in between, as shown in Figure 3.4. On    , since 

vehicles are usually proceeding at a speed close to the free-flow speed, the travel time 

on     is relatively stable. In this research, the estimated travel time (referred to as    ) 

can be estimated by the length of     divided by the estimated average speed on this 

link. The estimated average speed is calculated by taking the average of the speed of the 

last sample in   , and the first sample in   . Note that the estimated average speed 
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(called “average” in the sense that this speed is averaged over two speed reports of two 

traces, rather than as an average speed for the whole population) may be different for a 

different pair of traces released at the upstream and downstream. It is thus able to 

capture the instances when vehicles are not traveling at the free-flow speed (e.g., 

aggressive drivers, road constructions, recurrent traffic congestions, etc.). Hereafter in 

the chapter, if the trace of vehicle   is released at   , and the trace of vehicle   is 

released at    , we use    
   

 to represent the estimation travel time for this pair of 

released traces, between    and   . 

 

Figure 3.4: VTL zones (Case 1) 

The next step is to look at a set of released traces (  ), which go through    and a 

set of released traces (  ) that arrive at   . For a trace     , it is easy to tell when this 

vehicle leaves   , referred to as   
 . For a trace     , if   and   belong to the same 

vehicle, the time that this vehicle enters    can then be approximated as   
     

   
, 

referred as   
   

. This is the estimated arrival time for this vehicle, based on the trace   

and trace  . See Equation (3.10).  

                         
       

     
                                                                                                            (    ) 

If the travel time estimation is slightly relaxed with a threshold   , and trace   

enters     within the time period [   
          

      ], this trace may belong to the 

same vehicle as trace  . In other words, for vehicle     , with   
  as the actual time 

entering   , if   
         

     
      ,   is added into a suspect list for trace n 

(denoted as   ). This means that   may belong to the same vehicle as  . If    is not 

empty, the trace  ̂ that satisfies equation (3.11) is chosen as an inference. An inference is 

defined as an attack made by the adversary, by claiming one location trace in     belongs 

to the same vehicle as a trace released at   . 
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                             ̂        
    

|  
     

   |                                                                                          (    ) 

Equation (3.11) indicates that  ̂ and   belong to the same vehicle if the arrival time 

(of  ̂) at    is the closest to the estimated arrival time of vehicle  . If the inference is 

correct, i.e.,  ̂ and   indeed belong to the same vehicle, the vehicle traces at the two 

neighboring VTL zones are successfully linked, which violates privacy.  

Notice that there are many factors that can potentially impact the cardinality (size) 

of the suspect list     for example, the adversary model (i.e., the travel time estimation 

method), the threshold   , and the number of users in the system. If the adversary model 

is very accurate, it is more likely to find some suspect vehicles whose estimated travel 

times are close to the revealed travel times (   is not empty in this case); if the threshold 

   is large, the cardinality of    may increase since a larger number of estimated travel 

times are considered to be “close enough” to the revealed travel times; if the number of 

users in the system is large or the dataset is dense, the cardinality of    may also 

increase.  

In Chapter 3.6, the threshold    is set to 3 seconds, and the typical cardinality of    

is less than 10. Of course, the actual distribution of the cardinality of    is subject to 

change for different scenarios. In particular, if    is empty, the estimated travel times 

will be too far away from the revealed travel times, implying that no inference can be 

made in this case. This means that the adversary cannot make attacks to the released 

mobile dataset. To avoid having an empty   , the adversary may increase the threshold 

   so that the set    is not empty. However, numerical experiments show that such 

adjustment have no direct impacts on the privacy performance. In other words, the 

adversary can manipulate the threshold to get larger suspect lists, and to avoid the 

scenarios in which    is empty, but doing so cannot guarantee more effective privacy 

attacks. These numerical evidences are omitted here. 

3.4.2 Tracking between Two Un-Neighboring VTL Zones (Case 2) 

Consider two VTL zones that are not adjacent to each other (e.g.,   ,    and   , which 

cover a corridor with three intersections, and the adversary model is trying to link the 

vehicle traces from    to those in   , as shown in Figure 3.5). Following the same logic 
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as in Case 1, the travel times on the links (    ,    ) between two consecutive VTL 

zones are stable, which can be estimated as     and    , using the same approach as in 

Case 1.  

 

Figure 3.5: VTL zones (Case 2) 

Next, link the traces from a set of released traces (  ) that go through    to a set of 

released traces (  ) that go through   . For trace      and trace     , if   and   

belong to the same vehicle, the time that this vehicle enters    can be approximated as 

equation (3.12).  

                           
      

     
        

       
                                                                              (    ) 

  
   

 is the estimated time that this vehicle enters   ;    
  is the time that this vehicle 

leaves   ;    
   

 and    
   

 are the estimated travel times for this pair of released traces 

(i.e.,      and      ), on the link segments between     and    ,     and    , 

respectively; and     
   

 is the travel time of this vehicle within    , which can be 

estimated via the delay pattern of   ; see Ban et al. (2009a) for more details. Notice that 

the delay pattern of     is reconstructed using a set of released traces (  )  that go 

through    , and the signal timing information. This model can therefore provide 

deterministic estimation of travel time for any imaginary vehicle entering a signalized 

intersection. For vehicle     , if   
         

     
      ,   will be added into a 

suspect list (  ). If    is not empty, vehicle  ̂ that satisfies equation (3.13) is considered 

as an inference. 

                          ̂        
     

|  
     

   |                                                                                             (    ) 

Note that if the two zones     and     are far away from each other, there might be 

multiple routes that a vehicle could take between these two zones. In this case, the 

adversary needs to figure out which is the most likely route, and then apply the method 
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described in this subchapter (which makes the tracking problem even harder). Details are 

not presented here. 

3.5 Evaluation Criteria 

In this subchapter, the criteria used to evaluate the performances of the VTL zone 

method (especially with different filtering approaches) are described, with respect to 

both privacy protection and the data needs for fine-grained urban traffic modeling. 

3.5.1 Privacy Protection 

In terms of privacy protection, the performance of the privacy models can be evaluated 

by applying the adversary models. Two criteria are proposed for privacy evaluation 

purposes, namely, the percentage of correctly tracked traces (P1) and the percentage of 

correct inferences (P2). P1 indicates the probability that the traces of one vehicle can be 

successfully linked at the two VTL zones, and it is obtained by using the number of 

correct inferences divided by the total number of traces (which do not necessarily need 

to be released) going through both the VTL zones (e.g., both    and     in Case 1;     

and   in Case 2). P2 is obtained using the number of correct inferences divided by the 

total number of inferences, which indicates how accurate the inferences are 

(corresponding to the correctness concept in Shokri et al. (2011)). From the perspective 

of individuals, P1 may seem more important, since it reveals the potential risk that one 

vehicle trace can be tracked. However, P2 is also important, because it directly measures 

the accuracy of the inferences.  

Notice that in the proposed adversary models, one released vehicle trace in the first 

VTL zone (e.g.,    in Case 1) can at most correspond to one inference (selected from the 

suspect list) based on equation (3.11) or equation (3.13). In the cases that the suspect list 

is empty, no inferences can be made and no privacy threat can be claimed.  

3.5.2 Data Needs for Arterial Traffic Modeling 

A tradeoff usually exists between privacy protection and data needs for traffic 

applications; to achieve a high level of privacy, transportation researchers may, to some 

extent, have to sacrifice the ease of traffic modeling. It is therefore important to make 
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sure that after applying the privacy schemes, the released datasets can still be used for 

traffic modeling purposes, especially fine-grained urban modeling. Two criteria are 

considered here: the percentage of the number of released traces in each VTL zone 

(compared with the total number of traces in the baseline approach); and the percentage 

of the number of cycles (out of the total number of cycles in the dataset) for which queue 

length estimation using mobile data (Ban et al., 2011a) can be successfully performed. 

This is defined as the success rate (Ban et al., 2011a). Note that the success rate of queue 

length estimation is used here as an indicator of traffic modeling application 

performance, though other measures could also be used for the same purpose. In the 

subsequent chapters of this dissertation, the author justifies that the privacy-aware data 

can also be applied to other urban traffic applications with satisfactory performance.  

3.6  Experiment and Numerical Results 

In this subchapter, the VTL zone system and the filtering approaches are evaluated, 

using both the privacy and modeling criteria defined earlier in chapter 3.5. The 

evaluation was done using NGSIM data collected at Peachtree St. in Atlanta, Georgia 

(Cambridge Systematics, 2007). Vehicle traces in this dataset were collected using 

recognition techniques via video images, which provide an (almost) continuous tracking 

(with a 10-Hz sampling frequency) and 100% penetration of the real-traffic flow. The 

geometry of the network is shown in Figure 3.6.  

 

Figure 3.6: Network geometry (the Peachtree St. Atlanta, Georgia) 
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The network includes four signalized intersections, and one intersection controlled 

by stop signs. The data collected between 4:00 pm and 4:15 pm are used in this 

experiment. For the intersection controlled by stop signs (Peachtree St. & 13th Street), 

since the side street traffic made only marginal impacts on the main road traffic, this 

intersection is not considered in the scope of this experiment. Its two adjacent 

intersections (Peachtree St. & 12th Street, and Peachtree St. & 14th Street) are 

considered as neighboring intersection pairs. The signal is fixed-timed for both 

directions, with a cycle length of 100 seconds. To protect privacy, VTL zones are 

deployed around the signalized intersections. The original long traces are divided into 

small segments, and the traces between two neighboring VTL zones are deleted. The 

baseline dataset can then be obtained. On top of that, the filtering algorithms filter out a 

proportion of the traces. Based on the proposed system structure of the VTL zone 

method, it is reasonable to assume that the adversary has access to all of the information 

that is ready to be applied for traffic applications. In particular, it is assumed here that 

the adversary has access to the released vehicle traces (i.e., a sequence of time, location 

and speed information) at each VTL zone. This kind of data could be in real time, or it 

could be archived historical data. The author then applies the traffic-knowledge-based 

adversary model to attack the released datasets. And the performances of the filtering 

algorithms were evaluated with respect to the privacy and modeling criteria. It is worth 

mentioning that the author also conducted similar experiments on a much larger network 

in micro-simulation. The results and conclusions are similar to those presented here. One 

can refer to Sun et al. (2011) for further details. 

3.6.1 Privacy Performance Evaluation for Case 1 

In Case 1, privacy attacks are made to track the traces between two neighboring VTL 

zones. Table 3.1 shows the performance of the baseline. Column 2 of the table indicates 

intersection pairs where privacy attacks are made. Column 3 is the number/percentage of 

released traces for vehicles going through both    and   . Column 4 and column 5 are 

the number/percentage of released traces within    and   , respectively. Column 6 is the 

number of inferences made by the adversary model. Column 7 is the number of correct 

inferences. Column 8 corresponds to P1 in subchapter 3.5, obtained by using column 7 
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divided by column 3 in the table. Column 9 corresponds to P2 in subchapter 3.5, 

obtained by using column 7 divided by column 6.  

Table 3.1 illustrates that the idea of releasing all of the traces within each VTL zone, 

i.e., the baseline is somewhat useful to preserve privacy. However, this is not sufficient 

since there is still a large proportion (ranging from 22.7% to 86.5%) of vehicle traces 

that can be successful tracked. The general performance of the adversary model however 

varies from one case (VTL zone pair) to another, depending on the travel time estimation 

between the upstream VTL zone and downstream VTL zone. In this regard, a smarter 

adversary model may lead to higher values of P1 and P2, making the system more 

vulnerable to privacy breaches; more discussions on this can be found in Chapter 3.6.1. 

Note that the adversary model assumes that each released trace at    may also pass   , 

although this may not always be the case due to vehicles getting off the road at minor 

intersections, or ending their trips in the middle of the VTL zone pair. Therefore, the 

number of inferences for a VTL zone pair depends on the number of released traces 

at   . For example, if the number of released traces at Z1 is 138 (see column 4 of pair 

2_3 in Table 3.1), it should correspond to at most 138 inferences.  

The results for the 50% random sampling approach are shown in Table 3.2. As 

indicated in Column 4 and Column 5, about 50% of the total traces are released at each 

VTL zone. Compared with the baseline, random sampling is able to better protect 

privacy by filtering out some sample traces at each VTL zone, so that fewer traces can 

be tracked. However, with respect to the accuracy of the inference (P2), the observed 

decrement is quite marginal. 

Table 3.1: Privacy performance of the baseline dataset (Case 1) 

1 2 3 4 5 6 7 8 9 

Traffic 

Direction 

VTL 

Zone 

Pair 

No. of 

Released 

Traces (Both 

   and   ) 

No. of 

Released 

Traces(  ) 

No. of 

Released 

Traces (  ) 

No. of 

Inferences 

No. of 

Correct 

Inferences 

PCT of 

Tracked 

Traces (P1) 

PCT of 

Correct 

Inferences 

(P2) 

Northbound 

1_2 111 (100%) 119 (100%) 140 (100%) 107 49 44.1% 45.8% 

2_3 131 (100%) 138 (100%) 134 (100%) 136 98 74.8% 72.1% 

3_4 129 (100%) 138 (100%) 152 (100%) 133 62 48.1% 46.6.% 

Southbound 

4_3 166 (100%) 286 (100%) 188 (100%) 220 50 30.1% 22.7% 

3_2 167 (100%) 173 (100%) 175 (100%) 170 128 77.1% 75.3% 

2_1 207 (100%) 221 (100%) 208 (100%) 215 179 86.5% 83.3% 
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Table 3.2: Privacy performance of the 50% random sampling dataset (Case 1) 

1 2 3 4 5 6 7 8 9 

Traffic 

Direction 

VTL 

Zone 

Pair 

No. of 

Released 

Traces (Both 

   and   ) 

No. of 

Released 

Traces(  ) 

No. of 

Released 

Traces (  ) 

No. of 

Inferences 

No. of 

Correct 

Inferences 

PCT of 

Tracked 

Traces (P1) 

PCT of 

Correct 

Inferences 

(P2) 

Northbound 

1_2 30 (27.0%) 62 (52.1%) 76 (54.3%) 38 11 9.9% 28.9% 

2_3 40 (30.5%) 74 (53.6%) 70 (52.2%) 62 33 25.2% 53.2% 

3_4 39 (30.2%) 72 (52.2%) 73 (48.0%) 62 39 30.2% 62.9% 

Southbound 

4_3 51 (30.7%) 144 (50.3%) 106 (56.4%) 88 22 13.3% 25.0% 

3_2 39 (23.4%) 82 (47.4%) 98 (56.0%) 72 33 19.8% 45.8% 

2_1 51 (24.6%) 100 (45.2%) 113 (54.3%) 85 47 22.7% 55.3% 

Table 3.3 and Table 3.4 indicate the results of the 2.0 entropy and the 0.2 individual 

probability filtering approaches for both northbound and southbound traffic. Compared 

with Table 3.2, one can tell that while the released number of traces is similar to the 

random sampling dataset (see columns 4 and 5), the entropy and individual probability-

based filtering approaches achieve overall higher levels of privacy, i.e., reduced P1 and 

P2. The only exceptions are for the VTL zone pair 1_2, and the VTL zone pair 4_3. 

Since there is no upstream VTL zone for the starting zone of the network (i.e., zone 1 for 

the northbound traffic and zone 4 for the southbound traffic), the entropy and individual 

probability-based filtering algorithms tend to release most of the traces entering the 

network (e.g., in Table 3.3 and Table 3.4, see column 4 of the VTL zone pair 1_2). This 

will result in reduced privacy performance, as shown in Table 3.3 and Table 3.4. 

For the VTL zone pair 2_3, the privacy performances of different filtering 

approaches (baseline, random sampling, entropy and individual probability) with 

different privacy metrics are illustrated in Figure 3.7. Compared with the baseline, all of 

the other approaches can provide higher levels of privacy. A stronger privacy metric 

(e.g., a 0.2 individual probability rather than a 0.8 individual probability) can lead to a 

correspondingly higher level of privacy. The results also indicate that entropy and 

individual probability-based filtering approaches are more effective since better privacy 

performance can be achieved, while releasing similar numbers of traces compared with 

random sampling dataset; see Figure 3.9 and Figure 3.10. 
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Table 3.3: Privacy performance of the 2.0 entropy dataset (Case 1) 

1 2 3 4 5 6 7 8 9 

Traffic 

Direction 

VTL 

Zone 

Pair 

No. of 

Released 

Traces (Both 

   and   ) 

No. of 

Released 

Traces(  ) 

No. of 

Released 

Traces (  ) 

No. of 

Inferences 

No. of 

Correct 

Inferences 

PCT of 

Tracked 

Traces (P1) 

PCT of 

Correct 

Inferences 

(P2) 

Northbound 

1_2 30 (27.0%) 119 (100%) 59 (41.2%) 70 22 19.8% 31.4% 

2_3 10 (7.6%) 59 (42.8%) 71 (53.0%) 42 8 6.1% 19.0% 

3_4 58 (45.0%) 81 (58.7%) 126 (82.9%) 72 29 22.5% 40.3% 

Southbound 

4_3 106 (63.9%) 286 (100%) 128 (68.1%) 185 35 21.1% 18.9% 

3_2 26 (15.6%) 167 (96.5%) 34 (19.4%) 76 24 14.4% 31.6% 

2_1 10 (4.8%) 70 (31.7%) 149 (71.6%) 19 9 4.3% 47.4% 

Table 3.4: Privacy performance of the 0.2 individual probability dataset (Case 1) 

1 2 3 4 5 6 7 8 9 

Traffic 

Direction 

VTL 

Zone 

Pair 

No. of 

Released 

Traces (Both 

   and   ) 

No. of 

Released 

Traces(  ) 

No. of 

Released 

Traces (  ) 

No. of 

Inferences 

No. of 

Correct 

Inferences 

PCT of 

Tracked 

Traces (P1) 

PCT of 

Correct 

Inferences 

(P2) 

Northbound 

1_2 32 (28.8%) 119 (100%) 61 (43.6%) 64 15 13.5% 23.4% 

2_3 9 (6.9%) 61 (44.2%) 67 (50.0%) 36 6 4.6% 16.7% 

3_4 12 (9.3%) 77 (55.8%) 92 (60.5%) 62 6 4.7% 9.7% 

Southbound 

4_3 87 (52.4%) 286 (100%) 109 (58.0%) 160 22 13.3% 13.8% 

3_2 19 (11.4%) 102 (59.0%) 77 (44.0%) 70 14 8.4% 20.0% 

2_1 12 (5.8%) 125 (56.6%) 102 (49.0%) 75 12 5.8% 16.0% 

 

 

Figure 3.7: Privacy performance for VTL zone pair 2_3 
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3.6.2 Privacy Performance Evaluation for Case 2 

In Case 2, privacy attacks are made to track the traces between two non-neighboring 

VTL zones, with results shown in Table 3.5. The results indicate that, even though the 

adversary has access to the signal information and a cycle-by-cycle travel time 

estimation model at the signalized intersections, it is still very difficult to track vehicle 

traces between non-neighboring VTL zones. However, if similar attacks are made to a 

system with fewer users, the results may be quite different.  

To illustrate this, this experiment is repeated using datasets of different penetration 

rates. Table 3.6 shows the privacy performance of a much sparser dataset, i.e., the 

number of users in the system is only about 20% of that in Table 3.5. Similar results are 

provided in Figure 3.8. The results show that, when the number of users in the system 

gets lower, or the traffic gets sparser, the level of privacy gets lower. In other words, it is 

harder to make privacy attacks to a system with a larger number of users or denser 

traffic. In this context, the level of privacy provided by the baseline approach may not be 

strong enough; and it is to apply the individual probability and entropy-based filtering 

approaches to ensure higher levels of privacy. 

Table 3.5: Privacy performance of the baseline (Case 2, 100% penetration) 

1 2 3 4 5 6 7 8 9 

Traffic 

Direction 

VTL 

Zone 

Pair 

No. of 

Released 

Traces (Both 

   and   ) 

No. of 

Released 

Traces(  ) 

No. of 

Released 

Traces (  ) 

No. of 

Inferences 

No. of 

Correct 

Inferences 

PCT of 

Tracked 

Traces (P1) 

PCT of 

Correct 

Inferences 

(P2) 

Northbound 
1_2_3 104 19 134 87 16 15.4% 18.4% 

2_3_4 118 138 152 86 12 10.2% 14.0% 

Southbound 
4_3_2 151 286 175 263 31 20.5% 11.8% 

3_2_1 158 173 208 149 18 11.4% 12.1% 

Table 3.6: Privacy performance of the baseline (Case 2, 20% penetration) 

1 2 3 4 5 6 7 8 9 

Traffic 

Direction 

VTL 

Zone 

Pair 

No. of Released 

Traces (Both    

and   ) 

No. of 

Released 

Traces(  ) 

No. of 

Released 

Traces (  ) 

No. of 

Inferences 

No. of 

Correct 

Inferences 

PCT of 

Tracked 

Traces (P1) 

PCT of 

Correct 

Inferences 

(P2) 

Northbound 
1_2_3 28 30 25 23 9 32.1% 39.1% 

2_3_4 32 33 28 22 7 21.9% 31.8% 

Southbound 
4_3_2 25 52 27 40 16 64.0% 40.0% 

3_2_1 22 26 30 24 9 40.9% 37.5% 
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Figure 3.8: Privacy performance vs. No. of users (Case 2, VTL zone pair 3_2_1) 

3.6.3 Evaluation of Modeling Needs 

The VTL zone method must also be evaluated with respect to whether the released 

dataset is sufficient for traffic modeling. As presented in Chapter 3.5.2, one particular 

example is used to illustrate the concepts: the real time queue length estimation (Ban et 

al., 2011a). In order to estimate cycle-by-cycle queue length, the method requires at least 

two sample travel times at a signalized intersection. In general, a larger number of 

released traces will lead to a higher success rate of the queue length estimation 

algorithm. The modeling performance of two signalized intersections (intersection 2 and 

intersection 3) is indicated in Figure 3.9 and Figure 3.10.  

 

Figure 3.9: Queue length estimation results (intersection 2, northbound) 
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Figure 3.10: Queue length estimation results (intersection 3, northbound) 

Figure 3.9 and Figure 3.10 illustrate the queue length estimation results for different 

filtering approaches, and with different privacy metrics. By comparing the 50% random 

sampling case with the 2.0 entropy and 0.2 individual probability cases, one can tell that 

they have a similar number of traces released at the VTL zones, as well as similar 

success rates for queue length estimation. However, the 2.0 entropy and the 0.2 

individual probability case can provide much stronger levels of privacy, as shown in 

Figure 3.7. In general, with a reasonable level of privacy, some of the approaches (e.g., 

the 2.0 entropy and the 0.2 individual probability) do not decrease the success rates 

much from the baseline results. This implies that by filtering out traces more 

intelligently (i.e., by considering the tracking probabilities of individual vehicles), the 

remaining traces can still be properly applied for traffic applications, while guaranteeing 

the privacy of the released traces. 

3.6.4 Discussions 

If the proposed VTL zone system is to be implemented in real-world applications, the 

choice of the proper value of the privacy metric (i.e., entropy or individual probability) 

used in the filtering algorithm, and the level of privacy (i.e., P1 and P2) should be case 

and user-specific. They should be deliberately chosen for different traffic networks, 

different traffic states, different adversary models, different numbers of users in the 

system, and different preferred levels of privacy. The author believes that an iterative 
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process should be taken for each aforementioned scenario before the system is 

implemented. This process is briefly summarized here. 

 Step 1: The level of privacy (e.g., in the form of P1 and P2) should be specified. 

Based on this, some tentative (based on experience) value of privacy metric 

(entropy or individual probability) should be chosen.  

 Step 2: The privacy algorithm should be implemented based on the value of the 

privacy metric determined in Step 1, and is applied to some historical mobile 

dataset. The released traces are generated. Privacy attacks can be made to the 

released traces. The achieved level of privacy (e.g. P1 and P2) can then be 

evaluated experimentally.  

 Step 3: The obtained level of privacy in Step 2 should be checked to see if it 

satisfies the originally specified level of privacy in Step 1. If so, the value of 

privacy metric is appropriate, and the privacy algorithm can be readily 

implemented. Otherwise, the value of the privacy metric needs to be adjusted by 

repeating the above process until the obtained level of privacy satisfies the 

desired level of privacy. 

3.7 Summary 

In this chapter, the VTL zone system and related filtering approaches were proposed to 

protect privacy while satisfying the data needs of fine-grained urban traffic modeling. 

The proposed system is an example of the “Privacy-by-Design” approach, which 

incorporates privacy protection mechanisms into the system design phase. Traffic-

knowledge-based adversary models were developed to evaluate the performance of the 

VTL zone method, especially in terms of the filtering algorithms. The algorithms were 

evaluated both for privacy protection and for meeting data needs for traffic modeling.  

It was found that tracking vehicles is usually more difficult for denser traffic. To 

track vehicles between two neighboring VTL zones, the idea of releasing all traces 

within VTL zones (i.e., the baseline approach) or random sampling help protect privacy, 

but not to a satisfactory level. The filtering approaches based on individual tracking 

probability and entropy are more effective than pure random sampling in improving the 

level of privacy. Meanwhile, the released traces of these algorithms can still be applied 
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to traffic applications with satisfactory performance. For vehicle tracking between two 

un-neighboring intersections, the baseline approach might work well enough in some 

cases, necessitating no sophisticated filtering algorithms. However, in other cases 

(especially when the traffic is not very dense), the baseline approach may not work well 

(see Table 3.6), and sophisticated filtering algorithms (such as the individual tracking 

probability or entropy methods) do need to be applied. Furthermore, one can always 

develop smarter adversary models to make more effective attacks, implying that 

advanced filtering algorithms may always be needed, and may need to be advanced or 

improved accordingly, to better protect privacy.  

3.8 Mobile-Sensing-Based Urban Traffic Modeling Using Privacy-

Aware Data 

In this chapter, queue length estimation is considered as an example to indicate the 

modeling performance using privacy-aware mobile sensing data. It is a question whether 

such privacy-aware mobile data can be used for other urban traffic/ITS applications. For 

this, mobile-sensing-based urban traffic modeling methods (Ban et al., 2009a; Ban et al., 

2011a) are of the major consideration. A unique feature of the methods is that they 

integrate basic traffic knowledge (e.g., well-established traffic flow theories, traffic 

information) and advanced learning/optimization techniques. Such integration is critical 

since ignoring the former (“knowledge”) could produce results that are too abstract or 

less practical; ignoring the latter (“data analytics methods”) tends to generate methods 

that are “ad-hoc.”  

In the subsequent chapters (Chapter 4 – Chapter 7), the author further justifies that 

the privacy-aware data can be successfully applied for a variety of other mobile-sensing-

based urban traffic applications, including vehicle classification, vehicle trajectory 

reconstruction, vehicular energy/emissions estimation, and urban traffic data fusion 

applications.  
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4. Vehicle Classification 

While ensuring certain level of privacy, the privacy-aware mobile sensing data can be 

easily processed to obtain speeds, accelerations and decelerations. Since different classes 

of vehicles tend to have different characteristics of speed variations, acceleration and 

deceleration rates, this enlightens the author to use mobile sensing data (e.g., GPS traces) 

for automatic vehicle classification on urban arterials. In this chapter, the author 

investigates the feasibility of using privacy-aware mobile sensing data for binary vehicle 

classification. By “binary”, it means the objective is to distinguish trucks from passenger 

cars. Vehicle classification information is crucial to transportation planning, facility 

design, and operations. Traditional vehicle classification methods are either too 

expensive to be deployed for large areas or subject to errors under specific situations. 

Compared with existing vehicle classification methods, the proposed mobile sensing 

approach is a low-cost method especially for broad urban areas.
4
 

In this research, privacy-aware mobile sensing data of passenger cars and trucks are 

collected separately on arterials. Binary classification is conducted using long vehicle 

traces and short vehicle traces separately. Since long traces (15-20 minutes) contain 

more information than short traces (correspond to the traces collected within VTL 

zones), patterns recognized from long traces should be more significant. However, due 

to privacy preferences (i.e., user-specific privacy levels) and data availability issues, 

long traces may not always be available. To accommodate these issues, vehicle 

classification methods are developed based on both long GPS traces and short GPS 

traces. Using the GPS traces collected by passenger cars or trucks, speed and 

acceleration/deceleration related features are extracted. Data mining models are then 

developed to select the most salient features for binary classification.  

It is found that features related to the variations of accelerations and decelerations 

(e.g., the proportions of accelerations and decelerations larger than 1 meter per second 

square (mpss), and the standard deviations of accelerations and decelerations) are the 

most effective in terms of classification using long traces. In this sense, the proposed 

                                                 

Portions of this chapter previously appeared as: Sun, Z., & Ban, X. (2013b). Vehicle 

classification using GPS data. Transportation Research, Part C, 37, 102-117. 
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method can be categorized as the acceleration/deceleration based vehicle classification 

method. With respect to short traces, multiple types of traces are defined and analyzed in 

a case-by-case basis. Particularly for the turning movement traces, it is found that 

features such as average speed, standard deviation of speed, maximum 

acceleration/deceleration and standard deviation of acceleration/deceleration are 

effective to classify vehicles. 

4.1 Existing Approaches 

Real world traffic consists of vehicles ranging from small passenger cars to heavy 

trucks. Vehicle classification information is crucial input to transportation planning, 

facility design, and operations. For example, roadway usage by large vehicles is one of 

the fundamental factors determining the lifespan of highway infrastructure (Coifman & 

Kim, 2009). Transportation system performance analyses, for instance, Level of Service 

(LOS) analyses of freeways, highways, and intersections, also require the information of 

vehicle classes (Roess et al., 2004). Vehicle classification data are also important to 

regional demand modeling and emission control. As freight transportation is becoming 

more and more critical to regional and national economies, freight modeling is now an 

imperative issue for many transportation management agencies, to which truck classes 

and volumes are key inputs. 

Vehicle classification using data from existing traffic monitoring and data collection 

system is an extensively studied area. Reviews on this topic were provided by many 

researchers (e.g., Sun, 2000; Mimbela et al., 2000; Benekohal & Girianna, 2003). 

Categorizations of these vehicle classification methods could be based on the 

characteristics during installation (traffic intrusive and non-intrusive) and types of 

vehicle classifiers (axle configuration, vehicle dimensions, and other features). In 

general, traffic intrusive vehicle classification methods are inappropriate for freeways, 

mainly due to the interference with traffic during installation and maintenance; however 

they may work reasonably well on arterials. Non-intrusive methods, on the other hand, 

are more appropriate for freeway application; however, they may not be suitable for 

wide deployment on arterials, due to their incapability in dealing with stop-and-go traffic 
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and their high initial capital costs. These existing vehicle classification methods are 

summarized and discussed in this subchapter.  

4.1.1 Intrusive Vehicle Classification Methods 

Intrusive vehicle classification methods can be done using tubes, loop detectors, 

magnetic sensors, and piezoelectric sensors. Originated in 1920s and still being widely 

used today for short term data collection, pneumatic tubes (Benekohal & Girianna, 2003; 

Beagan et al., 2007) can detect the number of axles of a vehicle. Although portable and 

easy to deploy, such sensors are subject to classification errors if multiple vehicles pass 

by the tube simultaneously. This is particularly a problem for high-volume, high-speed 

roadway segments.  

Inductive loop detectors and magnetic sensors can be used for vehicle classification 

by detecting vehicle lengths. The classification can be done mainly due to the following 

equation of traffic flow (Coifman & Kim, 2009): 

                                                                                                                              (   ) 

Here    is the effective vehicle length, i.e., the summation of the actual vehicle 

length and the detector length, v is the vehicle speed, and o is the on-time of the vehicle, 

i.e., the time that the vehicle is on the detector. As the on-time o can be directly 

measured from the detectors (i.e., from the occupancy), vehicle length can be calculated 

if the speed is known. Since speeds can be measured directly by dual-loops, equation 

(4.1) can be applied straightforwardly for dual-loops. For single-loops, however, 

accurate estimation of vehicle speeds is the key. Estimating average vehicle speeds and 

volumes of different vehicle classes has been studied in Mikhalkin et al. (1972), Pushkar 

et al. (1994), Dailey (1999), Wang & Nihan (2000), Sun & Ritchie (2000), Coifman 

(2001), Wang & Nihan (2003, 2004), and Kown et al. (2003). Coifman & Ergueta 

(2003) suggested the use of the median vehicle on-time instead of the mean and found 

that the results are less sensitive to outliers. More recently, Coifman & Kim (2009) 

proposed to use the vehicle actuation data to estimate the lengths of individual vehicles, 

with improved classification performances. However, as Coifman & Kim (2009) 

reported, the classification performance “degrades during congestion” due to the 

difficulty of estimating vehicle speeds under congestion. More recently, Cheung et al. 
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(2005) proposed vehicle classification methods using single magnetic wireless sensors. 

By classifying vehicles to 7 types (passenger car, SUV, Van, Bus, mini-truck, truck, and 

others), the classification accuracy was shown to be more than 60%. 

Piezoelectric sensors (Mimbela et al., 2000; Benekohal & Girianna, 2003) can be 

used to detect the axle configuration and the weight of a vehicle. Although most 

frequently used as part of a WIM system, piezoelectric sensors can be deployed alone for 

vehicle classification purposes. Similar to pneumatic tubes and inductive loop detectors, 

the major drawback of piezoelectric sensors is the interference with traffic during 

installation and maintenance. Moreover, such sensors are also known to be sensitive to 

pavement temperatures and vehicle speeds.  

It is also possible to classify vehicles at a WIM station according to the 13 vehicle 

classes defined by FHWA (USDOT, 1997). The full installation of WIM however 

requires multiple detection techniques and systems, such as piezoelectric sensors, video 

cameras, loops, license plate matching, among others (FHWA, 2007). As a result, 

vehicle classification via WIM is currently limited to dedicated (and sparse) WIM 

stations. 

4.1.2 Non-Intrusive Vehicle Classification Methods 

In recent years, non-intrusive vehicle classification methods (e.g., using radar sensors, 

infrared sensors, acoustic sensors, and computer vision-based sensors) are getting more 

and more popular due to the avoidance of interference with traffic and the dramatic 

reduction of operation and maintenance costs. Microwave radar sensors (Roe & Hobson, 

1992; Park et al., 2003; Urazghildiiev et al., 2007) are primarily intended to extract 

vehicle dimensions (e.g. vehicle length, general vehicle size, height profile, etc.). 

Urazghildiiev el al. (2007) proposed a classification technique based on down-looking 

spread-spectrum microwave radar. And the classification accuracy is about 85% for five 

vehicle classes. Compared with other non-intrusive methods, microwave radar sensors 

are generally insensitive to inclement weather conditions. However, such technique is 

not suitable for stop-and-go traffic.  

Da Costa Filho et al. (2009) propose vehicle classification methods based on 

infrared sensors. Vehicle profiles can be measured by the output signals of the infrared 
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light reflected by vehicles. Vehicle classification results can then be obtained by 

choosing a vehicle template from the databank that best matches the measured vehicle 

profile. Infrared sensors are however sensitive to environmental conditions, e.g., 

atmospheric turbulence and inclement weather. Nooralahiyan et al. (1997) use speed-

independent acoustic signature of travelling vehicles for classification, and the 

classification result is about 82.4% for four regrouped vehicle classes. Similar to radar 

sensors, acoustic sensors are not suitable for stop-and-go traffic. As mentioned in 

Mimbela et al. (2000), the accuracy acoustic sensor data can also be impacted by cold 

temperatures.  

Compared with other non-intrusive vehicle classification methods, computer vision-

based methods (Harlow & Peng, 2001; Gupte et al., 2002; Avery et al., 2004; Hsieh et 

al., 2006), have generally more accurate classification results. Such classification 

methods have high initial capital cost and are generally computational expensive. The 

accuracy of classification is subject to errors due to vehicle occlusion, and extreme 

weather conditions. Moreover, such methods may not be applied for large-area data 

collection due to privacy concerns.  

A summary of existing vehicle classification techniques is presented in Table 4.1, 

including the types of vehicle classifiers, and their corresponding advantages and 

disadvantages. 

Table 4.1: Existing vehicle classification techniques 

Technology 

Types of vehicle classifiers Pros & Cons 

Axle 

config. 

Vehicle 

length/other 

dimensions 

Other 

features 
Advantages Disadvantages 

Manual 

Observation  
x x  

Can obtain detailed 

classification results 

Time & resource consuming; can only 

be applied for short term data 

collection and limited area 

Pneumatic 

tubes 
x 

 
 

Relatively 

inexpensive; automatic 

classification and short 

term data collection; 

portable 

Interference with traffic; vulnerable to 

human errors during installation; 

durability problem; large errors for 

high-volume, high speed road 

segments 
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Inductive 

loops 
 x  

Relatively 

inexpensive; automatic 

classification;  

Interference with traffic; high 

maintenance cost; over-estimation of 

truck volumes; installation is labor 

intensive and has high failure rate; 

performance degrades under 

congestion 

Piezoelectric 

treadles 
x   

Relatively 

inexpensive; automatic 

classification 

Interference with traffic; high 

maintenance cost; sensitive to 

temperature and vehicle speed; 

vulnerable to human errors during 

installation 

Radar 

sensors 
 x x 

Non-intrusive; 

somehow inexpensive; 

automatic 

classification; 

generally insensitive 

to inclement weather 

Not suitable for stop-and-go traffic 

Infrared 

sensors 
x   

Non-intrusive; 

automatic vehicle 

classification 

Somehow expensive; sensitive to 

environmental conditions;  

Acoustic 

sensors 
  x 

Non-intrusive; 

automatic vehicle 

classification 

Somehow expensive; sensitive to 

temperatures; not suitable for stop-

and-go traffic 

Video 

sensors 
 x  

Non-intrusive; 

automatic 

classification; 

relatively low 

operation and 

maintenance costs;  

Sensitive to environmental conditions; 

high initial capital cost; privacy 

concerns; computational expensive;  

WIM x x  

Continuous data 

collection; automatic 

classification 

Full installation is expensive; limited 

locations 

4.1.3 Summary 

In summary, existing vehicle classification methods (i) heavily rely on fixed-location 

sensing and detection techniques; and (ii) can only collect data at locations determined 

                                                 


 Magnitude and spectrum pattern 

 Acoustic signature 
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by existing traffic monitoring and data collection systems, which can be very expensive 

to be applied to large areas (Avery et al., 2004). 

Vehicle classification using mobile sensing data may overcome some of the 

drawbacks of existing classification methods, which however will need to face its own 

challenges. On the one hand, Mobile sensors are flexible with respect to where data 

collection needs to be done since they do not require the deployment of additional 

physical monitoring systems or infrastructure (in this sense, the proposed mobile data 

based classification method in this research is non-intrusive). Mobile sensing data such 

as 15-20 minutes long GPS traces also contain rich information, such as vehicle speeds 

and locations, which can be further processed to obtain accelerations/decelerations. This 

permits sophisticated exploration of such information to derive accurate and robust 

vehicle classifiers. On the other hand, mobile data usually represent a sample of traffic 

flow. Although it is shown later in this report it is possible to distinguish passenger cars 

from trucks based on their distinct mobile data features, it will be challenging to 

accurately classify vehicles into detailed classes (e.g., FHWA’s 13 classes) and to 

estimate the volume of each vehicle class. In this research, the feasibility of using short 

vehicle traces for vehicle classification is also studied. Other related issues such as 

privacy and imbalanced datasets are discussed in Chapter 4.4.  

4.2 Classification Using Long Vehicle Traces 

In this subchapter, the mobile sensing datasets used in this research are first described. In 

order to perform vehicle classification, features are extracted from the datasets to 

characterize different vehicle classes. The classification algorithms are then developed 

based on the Support Vector Machine (SVM) with quadratic kernel functions. 

4.2.1 Data Description 

One of the major challenges for vehicle classification using mobile sensors is the lack of 

good quality, comparable and large sample size mobile sensor datasets for different 

classes of vehicles, especially for large trucks. On the one hand, from the experience of 

other arterial traffic applications, for example real time queue length estimation (Ban et 

al., 2011a) and signal timing estimation (Hao et al., 2012), vehicle traces can be 
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extracted from microscopic traffic simulations. However, this is not an appropriate 

approach for vehicle classification, due to the fact that vehicle speeds and 

accelerations/decelerations strictly follow certain pre-defined distributions in micro-

simulations, which may not reflect the complexity and randomness of real driving 

behavior for different vehicle classes. As a result, features extracted from micro-

simulation data may lead to erroneous classifications. On the other hand, real world 

vehicle trace datasets for multi-class vehicles are hard to obtain. Ideally, vehicle traces of 

different classes of vehicles need to be collected in a perfectly controlled experiment, 

that is, from different classes of vehicles driving at the same road and during the same 

time period. Such experiment is difficult to conduct at the current stage.  

In this research, vehicle traces of delivery trucks and passenger cars are used for 

binary classification. Traces of passenger cars were collected from two field experiments 

(Ban et al., 2011a) conducted in the Albany, NY area, which were originally dedicated 

for performance measures (e.g. queue length estimation, delay estimation) of signalized 

intersections. The truck trace data were provided by some anonymous logistic 

companies. The author is particularly interested in the vehicle traces on urban arterials. 

There are some issues with the truck data: (i) the sampling frequency for truck data is 3 

seconds, while the data for passenger cars were collected every second; (ii) information 

regarding detailed truck classes (e.g., with respect to the FHWA’s 13 class scheme) is 

not available due to privacy agreement, which makes it impossible to classify multiple 

truck classes; (iii) speed data are biased: when trucks travel at a speed lower than 2 

meters per second, the vehicle-equipped mobile sensors tend to be automatically turned 

off; and (iv) the level of congestion cannot be inferred from the datasets, due to the low 

penetration rate of mobile data.  

In order to make the two datasets comparable, the author (i) truncated truck and 

passenger car traces into samples with similar lengths (15-20 minutes); (ii) reduced the 

sampling frequency of passenger cars to 3 seconds; (iii) use the mobile data for binary 

classification only (thus detailed truck classes are not needed); and (iv) speed 

information is not used at all in this case. In terms of the sample size, there are 52 

samples for passenger cars, and 84 samples of trucks. These two datasets were further 

divided into the training dataset and the testing dataset. In particular, about 50% of 
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passenger cars and 50% of trucks are used for training, and the other 50% of data are 

used for testing.  

These two datasets (for delivery trucks and passenger cars), albeit collected from 

imperfectly controlled experiments (e.g., the level of congestion and experiment sites are 

not the same), can still reflect the underlying behavioral characteristics of trucks and 

passenger cars on arterials, as it is shown later in this chapter. 

4.2.2 Feature Extraction 

Speed related features (e.g., the maximum speed, the average and variance of speeds, 

etc.) are the most intuitive features that can be obtained from mobile traffic sensors. 

However, although trucks tend to travel at a lower speed compared with passenger cars, 

for a relatively long vehicle trace (e.g., 15-20 minutes long, uncongested traffic 

condition), both passenger car and truck may travel at a speed which is close to the 

design speed. Thus the maximum speed may not be a salient feature. Moreover, speed 

related features are very sensitive to the level of congestion: if traffic is very congested, 

the average and variance of speed tend to be small. Different speed related features are 

shown in Figure 4.1.  

In Figure 4.1(A) and Figure 4.1(B), scatter plots are shown to explore speed related 

features for passenger cars and trucks. Although it seems that speed related features of 

the two types of vehicles can be generally separable, it is noticed that the difference of 

speed related features of passenger cars and trucks contradicts the common sense. 

Intuitively, trucks drive slower and truck speeds vary less compared with passenger cars. 

However, Figure 4.1(A) shows that trucks have higher maximum or average speeds than 

passenger cars; Figure 4.1(B) shows that trucks have higher standard deviations of speed 

than passenger cars. The reason for these contradictions is that these two datasets were 

collected at different traffic conditions. As aforementioned, trajectories of passenger cars 

were collected during peak hours; however, most of the truck data were collected during 

off-peak hours. This leads to relatively higher average speed of trucks than passenger 

cars. Also truck drivers usually choose to use major arterials, which usually have higher 

priority than minor roads. As a result, trucks are less likely to stop due to traffic signals 

and more likely to have higher average speeds. Therefore, all the speed-related features 



 

     48 

are not directly used to train the classification model, although speeds were indeed used 

to infer accelerations/decelerations. Nonetheless, speed related features may still be 

useful for classification if data are collected from more controlled experiments (i.e., 

passenger car and truck data are collected at the same location and during the same time 

period). 

 

Figure 4.1: Speed related features; (A) Average speed and standard deviation of 

speed; (B) Coefficient of variance for speed and maximum speed 

Different from speed related features, acceleration and deceleration characteristics 

are not very sensitive to the level of congestion. Figure 4.2(A) is a scatter plot of the 

maximum acceleration and deceleration rates for trucks and passenger cars. It shows that 

passenger cars generally have larger maximum acceleration and deceleration. However, 

trucks may occasionally have large accelerations and decelerations as well. This is 

particularly true for a long trajectory: the longer the trajectory is, the more likely the 

largest acceleration/deceleration rates of a vehicle may occur. 

Since the maximum acceleration and deceleration are not very salient features, the 

author explores the distributions of accelerations and decelerations. The cumulative 

histograms of accelerations and decelerations of a sample passenger car are depicted in 

Figure 4.2(B), while the counterparts for a sample truck are shown in Figure 4.2(C). By 

comparing Figure 4.2(B) with Figure 4.2(C), it is found that passenger cars tend to 

exhibit higher acceleration/deceleration rates than trucks. As shown in this figure, for 

passenger cars, 35% of accelerations and decelerations are larger than 1 mpss; however, 
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for trucks, these numbers are less than 10%. In this subchapter, four features are 

extracted to capture the variations of accelerations and decelerations: the proportion of 

accelerations larger than 1 mpss, the proportion of decelerations larger than 1 mpss, the 

standard deviation of accelerations, and the standard deviation of decelerations. Scatter 

plots of these four features are shown in Figure 4.3. The features in Figure 4.3(A) are 

considered to be the most effective ones for vehicle classification. 

 

Figure 4.2: Acceleration and deceleration; (A) Maximum acceleration and 

deceleration; (B) Cumulative histogram of accelerations and decelerations 

(passenger cars); (C) Cumulative histogram of accelerations and decelerations 

(trucks) 

 

Figure 4.3: Variations of acceleration and deceleration; (A) Proportion of 

accelerations and decelerations larger than 1mps; (B) Standard deviation of 

accelerations and decelerations 
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4.2.3 Kernel SVM for Vehicle Classification 

With all the features proposed in Chapter 4.2.2, the next step is to find the best 

combination of the features that can provide the most robust classification results. SVMs 

with quadratic kernel functions are applied for binary classification. SVM is a widely 

used supervised learning technique which can be applied for binary and multi-class 

classification (Vapnik, 1995). Comprehensive surveys of SVM can be found in Burge 

(1998) and Cristianini & Shawe-Taylor (2000). Traditional SVM is a linear and binary 

classifier, which aims to find the model parameters by maximizing the margin, and 

therefore creating the largest distance between the separating hyperplane and the 

instances on either side of it. Here the purpose of using quadratic kernel function is to 

model the nonlinear effects in the extracted features.  

Considering a datasets of N samples: (     )   (     )   (     ). Here     
  is 

the input vector of extracted features for vehicle classification (e.g., the proportions and 

distributions of the acceleration and deceleration as discussed in Chapter 4.2.2) of the  th 

sample, with    {    } as the corresponding label, depending on its class. Hereafter in 

this chapter, trucks are noted as      and passenger cars are noted as      . The 

author denotes  ( ) a fixed feature space transformation, which transforms a vector 

  (  )         
  in the original feature space to the transformed feature space in   . 

The reason for this transformation is to deal with classification problems that are not 

linearly separable (Lauer & Bloch, 2008). In this case, data need to be mapped into a 

higher dimensional feature space in which the transformed data are linearly separable in 

the feature space. Then a separating hyperplane (in the 2-D space, this will be a line) 

   ( )      can be defined to separate samples of trucks (   ) and cars (  

  ). Here   and   are parameters that define the separating hyperplane (e.g., the slope 

and intercept if the hyperplane is a line in the 2-D space). For sample  , a decision 

function can be defined for    as: 

                               (  )      (   (  )   )                                                                                   (   ) 

The function determines on which side of the separating hyperplane, sample   will 

reside. That is, vehicle   is classified as a truck if    (  )      and a passenger car 

otherwise. 
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The application of SVM usually involves two major steps: training and testing. In 

the training step, a set of samples are given to find the optimal values of   and  , 

denoted as (     ). This is usually done by maximizing the margin of the two classes. 

For a separable case, a margin is defined as the minimum distance between the points of 

the two classes, which is measured perpendicularly to the separating hyperplane. This 

can be written as a Quadratic Programming (QP) problem (Burge, 1998): 

                                   

   

 
                                                                                                              (     )  

                                     ( 
  (  )   )                                                                         (     ) 

Here     is inversely proportional to the square of the margin between the two 

classes; the constraints make sure that each training sample   with feature    is labeled 

correctly as   . Note that    and    are given in the training dataset and the above QP 

model is solved for (     ). 

According to Figure 4.2 and Figure 4.3, it can be observed that the extracted 

features are not strictly separable. In other words, it is impossible to correctly 

separate/classify all the samples using a separating hyperplane. To this end, the above 

problem can be extended by introducing the concept of soft margin that accepts some 

misclassification of the training samples. In particular, a set of slack variable    and a 

control variable C (see equations below) are incorporated to penalize the misclassified 

data points (i.e., trucks misclassified as passenger cars and passenger cars misclassified 

as trucks). Notice that parameter C is used to control the trade-off between the 

penalization of the errors and the maximization of the margin, which is usually 

determined using cross validation techniques. 

                                

   

 
  ∑            

 

   

                                                                                     (     ) 

                                ( 
  (  )   )                                                                        (     ) 

                                                                                                                                                           (     ) 

This problem can be equivalently solved by maximizing the dual lagrangian with 

respect to the lagrangian multipliers    (Burge, 1998), which is a standard approach in 

the optimization field. 
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                                                                                                             (     ) 

                                                                                                                                                    (     ) 

Here  (     )   (  )   (  ) is the so-called kernel function. The use of kernel 

functions to avoid carrying out  ( ) explicitly is known as the “kernel trick” (Cristianini 

& Shawe-Taylor, 2000). Quadratic kernels are used in this research, namely,  (     )  

(  
     )    

After solving the above problem (i.e., the training step), the resulting decision 

function can then be given as: 

                      (  )      (∑      (   

    

  )   )                                                                            (   ) 

Here    corresponds to the support vectors (SVs) - those training data points with 

non-zero lagrangian multipliers (    ), and    is the feature vector of a testing 

sample   whose class is unknown. According to equation (4.6), sample   will be labeled 

as a truck if  (  )    or a car if   (  )   . It can be noticed that only a small 

proportion of training data (i.e., SVs) are retained in the classifier, thus the classification 

task has been greatly simplified. The author also applied other machine learning 

techniques (K-means, Linear Discriminant Analysis, among others) to the vehicle 

classification problem, and it was found that SVM can achieve similar or better results 

compared with other methods. 
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4.2.4 Experiment and Numerical Results 

SVMs with quadratic kernels are used for binary classification. Based on the 

classification results, different combinations of features are evaluated. Firstly, the 

classifier is trained using the proportions of acceleration and deceleration larger than 

1mpss. These two features are considered as the most salient for vehicle classification. 

Figure 4.4 indicates the classification results for both training and testing datasets 

(circles for training and boxplots for testing), including the misclassification rate, false 

positive and false negative. Notice that the misclassification rate is defined as the ratio of 

the number of misclassified samples and the total number of samples, false positive is 

defined as the number of passenger cars misclassified as trucks, and false negative is 

defined as the number of trucks misclassified as passenger cars. As previously 

mentioned, the control variable C for the soft margin SVM (4.5.1) – (4.5.3) needs to be 

decided using cross validation. There are many well-established cross validation 

procedures in the statistical learning field. One can refer to Arlot & Celisse (2010) for a 

comprehensive summary of these procedures. In this research, this is done by randomly 

splitting the dataset into training and testing data for 20 times. In this context, the 

classification results can be analyzed for different values of C. It turns out that C does 

not impact the classification performance significantly. The values of C that produces 

the best results for different cases are selected, which are shown in Table 4.2. 

Figure 4.4 show the results based on 20 times randomly sampled datasets for 

different values of C. Since the testing results are more concerned, these results are 

indicated using boxplots while the average training results are depicted using solid 

curves with circles. Notice that each boxplot has lines at the upper quartile, median and 

lower quartile; the whiskers extend to the most extreme data points that are not 

considered as outliers; and the outliers (if any) are plotted individually using crosses. It 

is found that: (i) the average misclassification rate for the testing dataset is about 11.4%, 

which is considered to be relatively high, especially for binary classification; and (ii) the 

false positive rate is found to be larger than the false negative rate, meaning that 

passenger cars are more likely to be misclassified as trucks. For the purpose of 

illustration, the SVM classification results using the proportions of accelerations and 

decelerations (2 features) are depicted in Figure 4.5. It is clear that the separating line is 
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nonlinear, which is the optimal solution of the SVM model (4.4) defined in Chapter 

4.2.3.  

More features are then incorporated into the classifier. Figure 4.6 depicts the 

classification results for a 4-feature classifier, namely, the proportions of accelerations 

and decelerations larger than 1mpss, plus the standard deviations for accelerations and 

decelerations. The author also explores other combinations of the features, and the 

results are summarized in Table 4.2. 

 

Figure 4.4: Model performance (proportion of acceleration and deceleration larger 

than 1mpss); (A) Misclassification rate; (B) False positive; (C) False negative 

 

Figure 4.5: Classification results (proportion of acceleration and deceleration 

larger than 1mpss) 
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Figure 4.6: Model performance (proportions and standard deviations); (A) 

Misclassification rate; (B) False positive; (C) False negative 

Table 4.2: Feature selection and classification results (long traces) 

No. Features 
Feature 

No.  

Value of 

C 

Misclassification 

rate (training) 

Misclassification 

rate (testing) 

FP 

(testing) 

FN 

(testing) 

1 Max ACC/DECEL 2 60 31.31% 43.28% 17.50 13.50 

2 
Prop. of ACC/DECEL 

larger then 1mpss 
2 10 11.44% 10.90% 5.55 1.80 

3 
Standard deviation of 

ACC/DECEL 
2 300 33.34% 37.52% 16.40 8.70 

4 
Max ACC/ DECEL + 

proportions 
4 10 8.58% 13.06% 5.20 3.60 

5 
Max ACC/DECEL+ 

standard deviations 
4 60 29.57% 41.06% 16.25 11.20 

6 
Proportions + standard 

deviations 
4 70 1.62% 4.21% 2.00 0.90 

7 All six features 6 20 0.65% 4.49% 2.00 1.10 

By incorporating more knowledge into the classifier, the 4-feature and 6-feature 

SVM models have overall better classification results. The results of all different 

combinations of features are summarized in Table 4.2. Among all different 

combinations, the 4-feature (case 6) and 6-feature (case 7) classifiers have the best 

performance. The average misclassification rate of case 6 is about 1.6% for the training 

dataset, and 4.2% for the testing dataset. Compared with the results of case 6, the 

misclassification rate of the 6-feature classifier (case 7) are 0.7% for the training data, 

and 4.5% for the testing data. This marginal improvement (or even degradation) implies 
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that maximum accelerations and decelerations are not salient features for vehicle 

classification. 

4.3 Classification Using Short Vehicle Traces 

In real world situation, due to privacy and data availability issues, long vehicle traces 

may not be always available. In this subchapter, the author explores the possibility of 

using short vehicle traces to characterize vehicle classes. SVM-based models are still 

applied in this Chapter. However, since short traces contain less information and are 

subject to specific traffic situations, different data mining strategies should be applied, 

and therefore different features should be considered. 

4.3.1 Data Description 

With respect to classification using short vehicle traces, a major part of the raw data are 

the same as the datasets described in the Chapter 4.2.1. These datasets were processed to 

obtain short vehicle traces around intersections. According to Chapter 3, collecting 

discrete short vehicle traces within VTL zones can help protect privacy, while 

intersection modeling needs can be simultaneously satisfied. Following the VTL zone 

concept, vehicle long traces were truncated to obtain discrete short traces for 

classification. Furthermore, since the two passenger car datasets used in Chapter 4.2 

involves mainly turning movements, the author used another dataset collected at Wolf 

Rd., Albany NY to take into account the through movement traces.  

Compared with long traces, it is relatively hard to perform vehicle classification 

using short traces. This is because first short traces contain less information. For 

instance, consider a 3-second sampling frequency, a 100-foot long trace may only 

include several data points. Therefore some aggregated statistics (e.g. proportions of 

acceleration/deceleration larger than 1mpss) no longer contain stable patterns. Secondly, 

short traces are subject to specific traffic conditions. For example, different traffic states 

(stop-and-go behavior, level of congestion) and different movement types (turning vs. 

through movement) may result in significant different patterns. In this regard, it is 

necessary to define multiple types of traces and analyze them case by case. A list of the 

analyzed scenarios and their corresponding sample sizes are summarized in Table 4.3. In 
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particular, the “stop-and-go” scenario refers to the cases that vehicles stop at the 

intersection and proceed again. The reason to categorize the scenarios as stop-and-go 

traffic and non-stopped traffic is because of the need to capture the stop-and-go 

behavior. A vehicle trace with stop-and-go behavior is more likely to exhibit lower 

speed and include major acceleration and deceleration processes. Here one sample 

corresponds to one short vehicle trace (20-60 seconds long, depending on the specific 

traffic condition and intersection/link geometry). 

Table 4.3: Types of short vehicle traces 

Scenario Sample size (passenger car/ truck) 

A. Stop-and-go, turning movement 104/132 

B. Stop-and-go, through movement 143/167 

C. Non-stopped, turning movement 57/142 

D. Non-stopped, through movement 5/253 

As aforementioned, the passenger car datasets and truck datasets are collected from 

different traffic conditions. To make them more comparable, the author (i) truncated 

truck and passenger car traces into samples with similar lengths (20-60 seconds, 

corresponds to the VTL zone concept); (ii) reduced the sampling frequency of 

passengers cars to 3 seconds; (iii) kept speed information but only used the data points 

within 5m/s-15m/s for feature extraction. This is to rule out the impacts of different 

design speeds among different datasets and biased truck speed data (as described in 

Chapter 3). Different from the approach taken in Chapter 4.2, here all the samples are 

used as the training data, and the target of the SVM-model is to find a classifier that can 

best explain the training samples. This is partially because the datasets are limited. More 

datasets need to be collected in the future to construct independent training and testing 

samples in this regard. 

4.3.2 Feature Extraction 

Due to the difference between short and long vehicle traces, the features extracted from 

short vehicle traces are also different. Below is a list of features that are considered for 

vehicle classification using short traces.  

(1) Stopped (or not) 
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(2) Average speed  

(3) Standard deviation of speed 

(4) Coefficient of variance of speed 

(5) Maximum acceleration 

(6) Maximum deceleration 

(7) Standard deviation of acceleration 

(8) Standard deviation of deceleration 

Most features are self-explanatory, note that the first feature is mainly used to 

categorize different types of traces (stop-and-go or non-stopped), which is not an input 

to the classification model. For passenger cars, the data points with low speed were 

recorded. Therefore the author knows exactly if a passenger car stopped or not. For 

trucks, since the mobile sensor devices will be automatically turned off when the speed 

is low (less than 2 m/s), truck stops are judged using the following procedure. First, the 

data points with low speed (2m/s to 5m/s) were sorted and the data point which have 

minimum speed can be detected. The author then looked at the (time) gaps between this 

data point and its neighboring data. If any of the gaps are larger than 5 seconds, this 

vehicle is defined as a stopped one. Combinations of features (2) to (8) are further 

considered as the inputs to the SVM model.  

For scenario A (turning movement, stop-and-go), the scatter plots of the features are 

shown in Figure 4.7. It can be observed from this figure that passenger cars tend to have 

larger average speeds, larger maximum accelerations/decelerations, and larger standard 

deviations in terms of speeds and accelerations/decelerations. The observations are 

consistent with our real life experience. Compared with the extracted average speed 

information using long traces (see Figure 4.1), the speed patterns in Figure 4.7(A) are 

exactly the opposite. One of the reasons is because short vehicle traces only contain the 

data points around an intersection. The data points at the link segments (usually with 

higher speed, depends on the actual traffic condition) are not considered. The other 

reason is that the average speed is calculated for the data points with speeds ranging 

from 5m/s to 15m/s. Data points with higher speed (caused by larger design speed or less 

congested traffic condition for the truck dataset) do not contribute to the extracted 

feature. Although the two vehicle classes cannot be strictly separated using any 
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individual feature, a combination of the features would work as a fairly effective 

classifier. The classification results of this scenario are provided in chapter 4.3.3. 

 

Figure 4.7: Feature selection (scenario A); (A) Average speed; (B) Standard 

deviation and coefficient of variance of speed; (C) Maximum 

acceleration/deceleration; (D) Standard deviation of acceleration and deceleration 

For scenario B (through movement, stop-and-go), the scatter plots of the features are 

shown in Figure 4.8. In this scenario, the extracted features seem to contradict the 

common sense. For example, the average speed, maximum acceleration/deceleration, 

deviations of speed for passenger cars are smaller than the counterparts of trucks. This is 

mainly because the through movement (passenger car) dataset is very congested, the 

vehicles tend to proceed at a relatively low speed and the driving behavior of passenger 

cars tend to be homogeneous. Major acceleration/deceleration processes can hardly be 

revealed in this case. Thus, it can be concluded that it is hard to perform vehicle 

classification using short traces collected during very congested regime. Since the 

extracted features not comparable, classification techniques are not applied for this 

scenario. More experiments are needed in the future to justify the feasibility of vehicle 

classification under this specific scenario. 

The scatter plots of features extracted for scenario C (turning movement, non-

stopped) are similar to those of scenario A. As illustrated in Figure 4.9, all the features 

are in general salient. The classification results of this scenario are provided in chapter 

4.3.3. 
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Figure 4.8: Feature selection (scenario B); (A) Average speed; (B) Standard 

deviation and coefficient of variance of speed; (C) Maximum 

acceleration/deceleration; (D) Standard deviation of acceleration and deceleration 

 

Figure 4.9: Feature selection (scenario C); (A) Average speed; (B) Standard devia-

tion and coefficient of variance of speed; (C) Maximum acceleration/deceleration; 

(D) Standard deviation of acceleration and deceleration 

For scenario D (through movement, non-stopped), there are not many samples 

particularly for passenger cars. This is because the through movement dataset of 

passenger cars are very congested. Most vehicles tend to stop at the intersection due to 

the traffic signal. It is therefore very difficult to perform classification based on such 

imbalanced and biased datasets. More experiments are needed in the future to justify the 

feasibility of vehicle classification under this specific scenario. 
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4.3.3 Classification Results 

SVM with quadratic kernels are applied for binary classification, using short vehicle 

traces. With respect to different combinations of the features, the classification results 

for Scenario A and Scenario C are shown in Table 4.4. Due to the aforementioned issues 

with the through movement dataset of passenger cars, classification techniques are not 

applied for scenario B and scenario D. Further experiments are needed when appropriate 

datasets become available. 

Table 4.4: Classification results (short vehicle traces) 

Scenario Features Value of C Misclassification Rate 

A. Turning, stop-and-go 

5:8 40 20.8% 

2, 5:8 500 19.5% 

2:8 50 15.3% 

2:3,5:8 10 14.8% 

C. Turning, non-stopped 

5:8 20 26.1% 

2, 5:8 500 21.6% 

2:8 200 15.6% 

2:3, 5:8 500 15.6% 

For both Scenario A and Scenario C, using only acceleration/deceleration related 

features (feature 5 to feature 8) provides reasonable classification results. The 

misclassification rate is 20.8% for stop-and-go traffic and 26.1% for non-stopped traffic, 

respectively. The reason stop-and-go traffic has a better classification result is because 

major acceleration/deceleration process are more likely to be revealed in stop-and-go 

traffic. For non-stopped traffic, passenger cars and trucks may decelerate/accelerate 

mildly, which cannot fully reflect their corresponding vehicle characteristics. The same 

conclusions can be reached by comparing the classification results of the two scenarios 

using other features.  

Besides the acceleration/deceleration related features, speed related features (i.e., 

average speed, standard deviation of speed and coefficient of variance of speed) are 

integrated into the classification model. The results indicate that incorporating the 

average speed and standard deviation of speed can improve classification results. 

However, further improvement is not observed by adding the coefficient of variance of 

speed as another feature.  
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The classification result of the best classifier is 14.8% for Scenario A, and 15.6% 

for Scenario C. The overall classification results using short vehicle traces are not as 

good as those obtained using long traces. Classification using (short) through movement 

traces need to be carefully studied as well in the future. Since trucks need to be 

maneuvered carefully (e.g. much slower during the course of turning), the author 

conjectures that the patterns of through movement traces will be less significant. This 

conjecture is currently hard to be justified due to the lack of appropriate datasets. 

4.4 Discussions 

In this subchapter, some important issues particularly regarding the imbalanced dataset, 

and the privacy concerns related to vehicle classification using mobile sensor are 

discussed. 

4.4.1 Imbalanced Dataset 

It was found that in the experiment (e.g. using long vehicle traces) the number of truck 

samples is larger than the number of passenger car samples. As a result, in Table 4.2, 

false positive is usually much larger than false negative, indicating that all these 

classifiers provide better estimation for trucks than passenger cars (because there are 

more truck samples for training). This is the so-called “class imbalance” problem, which 

has been extensively studied in the machine learning field (e.g., Veropoulos et al., 1999; 

Wu & Chang, 2003; Akbani et al., 2004; Lauer & Bloch, 2008; Wang & Japkowicz, 

2010). Considering a very imbalanced dataset (e.g., for the binary vehicle classification 

problem, the number of samples for one class can be much larger than the other class), 

most standard classification method will tend to provide better estimation for the 

majority class. For classic SVM models, as pointed out by Wu & Chang (2003), the 

majority class will lie further away from the “ideal” boundary than the minority class. If 

the misclassification costs are symmetric (i.e., the performance of the classifier is only 

evaluated using the overall misclassification rate), the imbalanced dataset will not cause 

any problem. This is because the objective of a classic SVM model (e.g., equation (4.4)) 

is simply to optimize for the overall misclassification rate by maximizing the margin of 

the two classes. However, if the misclassification costs are asymmetric, user may prefer 
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to lower one type of error (such as false positive) over the other type (such as false 

negative). In this case, a good overall performance, as most classic SVM models would 

provide, does not necessarily mean the preferred performance (such as to minimize the 

false positive error) can be satisfactorily achieved.  

In real world applications, the collected datasets for different vehicle classes could 

be very imbalanced (usually there are more passenger cars than trucks, although our 

collected samples do not reflect this fact) and the costs of misclassification could be 

asymmetric (e.g., for the revenue generating purpose at a toll booth, it is probably more 

preferable to lower the error of trucks misclassified as passenger cars than passenger cars 

misclassified as trucks). Therefore, the class imbalance problem needs to be carefully 

addressed. As summarized in Akbani et al. (2004), there are two general approaches to 

deal with this problem. One is to pre-process the training data by either under-sampling 

the majority class or over-sampling the minority class. The drawbacks for such approach 

are: (i) data after over-sampling or under-sampling cannot be considered as randomly 

sampled, therefore cannot represent the true composition of the traffic flow; and (ii) for 

SVM in particular, removing redundant points (non-support vectors) has no effect to the 

learned separating hyperplane and removing informational points (support vectors) may 

impact the accuracy of the model. In this research, therefore, the author considers the 

second approach to address the imbalanced dataset issue by introducing different penalty 

costs for the two classes of instances (called positive and negative instances depending 

on their signs), as shown in equation (4.7). Two weighing parameters    and    are 

assigned for positive (trucks) and negative (cars) instances respectively. By assigning a 

larger value to    than   , the boundary will be pushed closer towards the positive 

instances, leading to a smaller false positive error. 
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The above approach (asymmetric penalty) is implemented in this long trace scenario 

to illustrate how the imbalance of false positive and false negative results may be 
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addressed. As shown in Table 4.5, for the original experiments (symmetric penalty), 

false positive is larger than false negative. To achieve more balanced results, the author 

uses the original cost as shown in the table for the penalty cost of trucks (i.e.,    for 

positive instances) and picks a larger penalty cost for    (i.e., for passenger cars). In the 

experiment, the author sets   =2  . The results are shown in the “asymmetric penalty 

cost” columns in Table 4.5. It can be observed that by selecting different penalty costs 

for the two classes, the overall performance is sacrificed a bit, i.e., the overall 

misclassification rates increase a little for all cases. However, the false positive errors are 

reduced while the false negative errors are increased, indicating that the false positive 

and false negative errors become more balanced. In practice, how to select the best 

combinations of    and    is not a trivial task. However, as shown here, the model (4.7) 

is able to address the issue of imbalanced datasets if    and   can be properly selected. 

Table 4.5: Classification results (symmetric penalty vs. asymmetric penalty) 

No. Features 

Symmetric penalty cost Asymmetric penalty cost (  =2  ) 

Misclassify 

rate (testing) 

FP 

(testing) 

FN 

(testing) 

Misclassify 

rate (testing) 

FP 

(testing) 

FN 

(testing) 

1 
Max 

ACC/DECEL 
43.28% 17.50 13.50 46.97% 16.50 17.00 

2 

Prop. of 

ACC/DECEL 

larger then 1mpss 

10.90% 5.55 1.80 11.67% 5.20 2.65 

3 
SD of 

ACC/DECEL 
37.52% 16.40 8.70 37.90% 15.55 9.70 

4 

Max ACC/ 

DECEL + 

proportions 

13.06% 5.20 3.60 13.42% 5.15 3.90 

5 

Max 

ACC/DECEL+ 

SDs 

41.06% 16.25 11.20 44.32% 14.90 14.70 

6 
Proportions + 

SDs 
4.21% 2.00 0.90 4.59% 2.10 1.05 

7 All six features 4.49% 2.00 1.10 4.86% 2.20 1.15 
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4.4.2 Privacy Implications 

As discussed in Chapter 3, the use of mobile traffic data may pose privacy concerns. 

Consider a second-by-second 15-20 minute long trace on an arterial road, this trace has 

higher risk to be breached for vehicle re-identification, therefore violating location 

privacy. To balance the needs of traffic modeling (i.e., vehicle classification using 

mobile sensing data) and the level of privacy, privacy protection methods such as 

reduction of sampling frequency (e.g., using 3-second rather than second by second 

mobile data) and use of short traces (hundreds-feet-long vehicle traces) can be applied. 

As a result, the performance of the classifiers that are trained using reduced sampling 

frequency and short traces (as discussed in chapter 4.3) may also be degraded. This is 

because major acceleration and deceleration processes are less likely to occur in short 

traces and accelerations and decelerations tend to be averaged for mobile data with 

reduced sampling frequency.  

In this regard, the results obtained using long traces in this chapter provide the 

“best” case in terms of how one can expect from classifying vehicles using mobile data. 

The results obtained using short traces on the other hand provide a “second best” case 

with respect to a privacy-aware vehicle classification method. Further research is needed 

to investigate “how short” and “how sparse” the vehicle traces should be collected so 

that a proper tradeoff can be reached for privacy protection and satisfactory performance 

of vehicle classification. 

4.5 Summary 

In this chapter, the author explored the feasibility of using mobile sensing data for binary 

vehicle classification on arterial roads. Speed-related and acceleration/deceleration-

related features were extracted from vehicle traces (passenger cars, trucks) collected 

from real world arterial roads. These features were then applied for binary classification 

using SVM with quadratic kernel functions.  

For classification using long traces, the proportions of accelerations and 

decelerations larger than 1mpss and the standard deviations of accelerations and 

decelerations are the most effective features. By classifying general trucks from 

passenger cars, the average misclassification rate for the best 4-feature SVM model is 
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about 1.6% for the training data, and 4.2% for the testing data. For classification using 

short traces, it is necessary to define multiple types of traces and analyze them case-by-

case. It was found that particularly for the turning movement traces, features such as 

average speed, standard deviation of speed, maximum acceleration/deceleration and 

standard deviation of acceleration/deceleration are fairly effective to classify vehicles. 

The misclassification rate for the best SVM classifier using short traces is about 14.8% 

for the stop-and-go traffic, and 15.6% for the non-stopped traffic. Related issues such as 

imbalanced datasets and privacy implications were also discussed. 

The method proposed in this research can be applied to both offline and real-time 

applications. Offline applications include, e.g., transportation mode detection (Byon et 

al., 2009) or driving propensity analyses (Wang et al., 2012). Another potential 

application is related to the privacy of mobile data. Some adversary may discover the 

vehicle class information from the traces (e.g., using the method discussed in this 

chapter) and further re-identify the vehicle, see Zan et al. (2013). In this context, the 

classification information can be effective to conduct privacy attacks. This implies that 

more advanced privacy methods may need to be developed to address such issues. For 

real-time applications, traffic information providers (e.g., Google, INRIX, etc.) rely on 

anonymous mobile sensing data collected from passenger cars, trucks, delivery vans, 

among other fleets to estimate and forecast traffic states. In many cases, the specific 

vehicle class information associated with the collected mobile data is not available (e.g., 

if data are collected via mobile apps). In this regard, the proposed method can be used to 

distinguish the vehicle class associated with each vehicle trace. Since the speed reports 

collected from passenger cars and from trucks may be quite different, the proposed 

methods will make it possible to associate specific vehicle class information to the 

estimated traffic information (such as speeds and travel times). This will make the traffic 

information estimation/predication more accurate and reliable. 

 As discussed in Chapter 4.3, due to data limitations, classification using short 

through movement traces cannot be conducted in this research. Further research is 

recommended to collect specific short through movement traces under various traffic 

conditions and develop classification methods to see if vehicle classes can be 

distinguished using such short traces. 
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5. Vehicle Trajectory Reconstruction 

Mobile sensing data is fundamentally different from data collected via traditional means 

(e.g., fixed-location sensors such as loop detectors). Fixed-location sensors can provide 

information at spatially discrete locations (i.e., where they are deployed) for the entire 

traffic flow: regular loop detectors can provide flow and occupancy aggregated for 30-

sec or 5-min; high-resolution detector data also include the time when a vehicle passes a 

detector and the duration the vehicle occupies the detector (Balke et al., 2005). Mobile 

sensors, on the other hand, provide spatially (almost) continuous information but for a 

sample of traffic flow. They are direct samples of what happens between the two 

locations. 
5
 

Such difference implies that the standard modeling techniques based on traditional 

data sources may not be directly applied to mobile data. New modeling methods for 

traffic states and performance estimation using mobile data have been recently 

developed for both freeways (Herrera & Bayen, 2009; Izadpanah et al., 2009; Lu & 

Skabardonis, 2007; Goodall et al., 2012) and arterials (Ban et al., 2009a; Ban et al., 

2011a; Herring et al., 2010; Hao et al., 2013; Comert & Cetin, 2008; Li et al., 2013; Hao 

& Ban, 2013; Hofleitner et al., 2012).  

While these new methods aim at exploiting how to best utilize the special forms of 

mobile data (e.g., intersection travel times are used in Ban et al. (2009a, 2011a)), one 

may wonder whether information regarding the entire traffic population can be inferred 

from mobile data that is just a sample of the traffic flow. Answer to such question is not 

only scientifically intriguing but also useful in practice. Indeed, if such information is 

available, a complete picture of the entire traffic flow can be obtained. Such information 

can be applied for arterial performance measurement and other related applications using 

either traditional methods (that need the entire traffic flow information) or new methods 

(that exploits the special forms of mobile data; see Ban et al., 2009a; Ban et al., 2011a; 

Hao et al., 2012). For example, as shown in Chapter 5.5, the estimated vehicle 

                                                 

This chapter previously appeared as: Sun, Z., & Ban, X. (2013a). Vehicle trajectory 

reconstruction for signalized intersections using mobile traffic sensors. Transportation 

Research, Part C, 36, 268-283. 
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trajectories can be used to estimate queue length of the intersection, which is crucial to 

signal optimization and control.  

In this chapter, the author shows that the answer to such a question is affirmative at 

least under specific situations, e.g., short trajectories of the entire traffic flow can be 

reconstructed using sample trajectories/travel times collected within the VTL zones 

around a signalized intersection. Since only short trajectories or travel times are required 

for the proposed method, the level of privacy can be controlled using the privacy 

mechanisms in Chapter 3; brief discussions of the privacy implications will also be 

presented in Chapter 5.6.  

The proposed methods are based on the variational formulation (VF) of kinematic 

waves developed by Daganzo (2005a, 2005b). In this sense, they can be considered as 

macroscopic-based methods. Daganzo (2005a) proved that the solution of every well-

posed kinematic wave traffic problem with a concave flow-density relation is a set of 

least-cost (shortest) paths in the space-time domain, and a VF model was further 

proposed for this. In order to properly apply the VF method, the shockwave boundaries 

of traffic flow have to be known. While these boundaries are relatively straightforward 

to be constructed if flow and density information is available (e.g., from loop detectors), 

doing so using mobile data is not trivial since flow or density is not directly available. 

Therefore, the key challenge in reconstructing vehicle short trajectories around a 

signalized intersection is how to estimate accurate shockwave boundaries from mobile 

data.  

In this research, optimization-based and delay-based models are proposed to 

estimate shockwave boundaries, based on which to reconstruct short vehicle trajectories. 

The author first proposes the optimization-based model and show that such model is 

hard to solve because it involves not only potentially large dimension binary variables, 

but also a complicated objective function evaluation process. A simplified optimization-

based model is then proposed, which targets on estimating the combination of the 

boundary points (where vehicle stops and join the queue) for different sample vehicles 

such that the overall difference between the ground-truth vehicle trajectories and the 

estimated ones is minimized. The simplified method thus only explores a subset of the 

trajectory points of sample vehicle trajectories. To maintain feasibility, the candidate 
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trajectory points of all sample vehicles can be organized into a directed and acyclic 

graph, from which the boundary points can be estimated in a consistent and efficient 

way. The delay-based model further simplifies the boundary estimation. It uses sample 

intersection travel times to infer the boundary point of a sample vehicle. This model 

requires less information since detailed vehicle trajectory information is not needed.  

The shockwave boundaries make it possible to estimate the costs associated with all 

the arcs in the solution network. The solution network and its arc costs enable the 

research to apply a shortest-path search algorithm to calculate the cumulative number of 

the vehicle for every node in the area at any time. It turns out that by connecting the 

nodes with the same cumulative vehicle number, the estimated trajectories of the entire 

traffic flow can be reconstructed. The performances of these models are evaluated using 

micro-simulation and the NGSIM data. The results show that the proposed models are 

not very sensitive to the penetration rate. In general, the optimization-based model 

outperforms the delay-based model. At 20% penetration rate, the queue location error in 

average is about 13.9 feet for micro-simulation and 10.8 feet for the NGSIM data; the 

time error in average is about 5.9 seconds for micro-simulation and 6.1 seconds for the 

NGSIM data; the queue size error in average is about 1.9 vehicles for micro-simulation 

and 1.2 vehicles for the NSGIM data. The exact meanings of the three evaluation criteria 

are provided in Chapter 5.5.1. 

5.1 Variational Formulation for Vehicle Trajectory Reconstruction 

In this subchapter, the author briefly introduces the shockwave theory and the variational 

formulation of traffic flow, which is essential for vehicle trajectory reconstruction. 

5.1.1 Shockwave Theory 

This research focuses on the shockwaves that are generated for a triangular Fundamental 

Diagram (FD), as shown in Figure 5.1, although the VF method can be applied to any 

concave FD (Daganzo, 2005a). Based on the LWR traffic flow model (Lighthill & 

Whitham, 1955; Richards, 1956), multiple shockwaves can be generated due to traffic 

signal changes, as shown in Figure 5.2. For further details, one may refer to Skabardonis 
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& Geroliminis (2005), Liu et al. (2009), and Ban et al. (2011a). Here the author only 

summarizes the types of shockwaves that may be generated. 

Queuing shockwave propagates from the stop line to the upstream and forces 

vehicles to stop (e.g., when the signal is red). Equation (5.1) shows how the shockwave 

speed can be calculated. Here   is the cycle number,   indicates the  th sample vehicle, 

and it is assumed that the arrival pattern within a cycle between two consecutively 

sampled vehicles (i.e., sample   and     ) is uniform; and   
   

 and   
    are the 

corresponding arrival flow rate and traffic density, respectively, between the  th and the 

(   )th sample vehicles;    is the jam density which is assumed to be given and 

constant for a given location (which can be easily estimated beforehand). Note that the 

purpose of using piece-wise arrival rates rather than an average arrival rate is to better 

model the platooning effect of arrival vehicles at the upstream of an intersection. 

Numerical results show that using piece-wise linear rates always outperform the average 

arrive rate; details are not presented here.  

                                |
    

   

     
   

|  
  
   

     
   

                                                                                    (   ) 

Discharge shockwave that propagates from the stop line to upstream and releases 

the queue. The speed of discharge shockwave can be calculated using equation (5.2). 

Here    and    are the saturation flow rate and density of the intersection approach 

which are assumed to be known and constant.  

                              |
    

     
|  

  

     
                                                                                        (   ) 

Dissipate shockwave that propagates from the queue rear towards the stop line, 

which can be calculated using equation (5.3). From Figure 5.1, it is clear that the speed 

of a dissipate shockwave equals to the Free Flow Speed (  ).  

                               |
     

   

     
   

|  
     

   

     
   

                                                                           (   ) 

Figure 5.2 illustrates the shockwaves generated under normal conditions, i.e., queue 

can be released within the green time of each cycle. By assuming uniform arrival 
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between two consecutively sampled vehicles, piecewise linear queuing shockwaves can 

be observed. Shockwaves under oversaturation conditions can also be easily derived as 

shown in Liu et al. (2009) and Ban et al. (2011a), which are not presented here. 

 

Figure 5.1: Triangular fundamental diagram 

 

Figure 5.2: Shockwave estimation under normal case 

5.1.2 Variational Formulation for Vehicle Trajectory Reconstruction 

In practical terms, the VF method essentially shows that the kinematic wave traffic 

problems with concave FDs can be solved using the shortest path search on a 

specifically constructed (acyclic) network, which is referred to as the “solution 

network”. For theoretical developments and how the VF solution network can be 

constructed and solved, one can refer to Daganzo (2005a, 2005b). Daganzo & Menendez 

(2005) examined the special case where the fundamental diagram is triangular. 

Blumberg & Bar-Gera (2009) applied the VF model in the dynamic network location 
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procedure in order to maintain the consistency between the results of traffic flow models 

and those via the network loading process. In this chapter, the key is to apply the VF 

method to solve a specific problem, i.e., to reconstruct vehicle short trajectories from 

sample trajectories/travel times. 

Figure 5.3 and Figure 5.4 show how the solution network for VF can be constructed. 

The author first discretizes time and space (for the region between the upstream location, 

defined as VTL1, and the stop line) to obtain the network grids. The solution network is 

comprised of nodes and arcs. Arcs can be categorized as forward arcs, horizontal arcs, 

and backward arcs. A node can be represented as  (   ), where (   ) represents the 

coordinates of the node in the time-space domain, and N is the solution of the network, 

i.e., the cumulative number of the vehicle passing by the node. The slope of the forward 

arc is   , i.e., the free flow speed; the slope of the backward arc is   , i.e., the discharge 

shockwave speed. There are different costs associated with the arcs, which are in terms 

of the number of vehicles. For a forward arc, if there is no congestion, the cost is 0, 

which essential indicates that one vehicle travels in free flow speed. For a horizontal arc, 

the cost is      , where   is the flow rate and    is the discretized time interval. For a 

backward arc, the cost is     , where   is the traffic density and    is the discretized 

space unit. Notice that   and   are not constant, which may vary with traffic states (e.g., 

free-flowing, queuing, discharging). The flow rate during free-flowing is   , namely the 

arrival flow rate (which, as shown in Figure 5.2, can be determined via a one-to-one 

mapping with the slope of the queuing shockwave; the density can then be determined 

accordingly). The flow rate is 0 and the density is    (the jam density) in the queuing 

area. In the discharging area the flow rate is    (the saturation flow rate) and the density 

is    (the saturation density). According to the VF theory, once an initial solution for 

one node (or a couple of nodes) and the shockwave boundaries are given, the solution 

can be obtained by a shortest path search algorithm on the acyclic solution network for 

every node in the time-space domain.  

Since the arc cost is nonnegative, a path is valid only if the path direction is 

consistent with the arc direction (represented by solid arrows in Figure 5.3). This is also 

shown in Figure 5.4 where the dashed arrows represent invalid paths. Physically it 

means that one can only search from a node with a smaller cumulative vehicle number to 
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a node with a larger or equal number, since traffic flow cannot go backwards either 

spatially or temporally. Shortest path search in such an acyclic network is 

straightforward and efficient; see Ahuja et al. (1993). Details are thus omitted here. The 

shaded areas in Figure 5.4 indicate the feasible regions for the estimated shockwave 

boundaries which will be discussed in more detail in Chapter 5.3. 

The solution of each node (in terms of the cumulative vehicle number) can be 

obtained after the network is solved. It turns out that by connecting the nodes with the 

same solution (i.e., the same vehicle number), the estimated trajectories of the entire 

traffic flow can be reconstructed. For more details of how the solution network can be 

constructed and solved, and how the trajectories can be derived from the solutions, 

readers can refer to Daganzo (2005b) and Blumberg & Bar-Gera (2009). The author 

omits further details here, but will focus on estimating the shockwave boundaries using 

mobile data as presented in Chapter 4.3 to Chapter 4.5.  

 

Figure 5.3: Solution network and arc costs 

 

Figure 5.4: Node connectivity 
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5.2 Model Assumptions 

As aforementioned, to correctly apply the VF method, the shockwave boundaries must 

be estimated first. In the following subchapters, methods are proposed to estimate these 

boundaries. To simplify the discussion, the assumptions used in this chapter are first 

summarized. The implications of some of these assumptions are also discussed. 

 Fundamental diagram is assumed to be triangular and known. This implies that 

the acceleration/deceleration processes due to signal change are not considered.  

 Discharge shockwave speed (   ) is assumed to be constant and known. 

Compared with the queuing shockwave speed, the discharge shockwave speed is 

usually very stable, which can be estimated beforehand. 

 Signal timing information is assumed to be known. The trajectory estimation will 

be conducted cycle-by-cycle. Indeed, signal timing may be estimated by using 

mobile sensing data (Ban et al., 2009a, Hao et al., 2012). For simplicity, it is 

assumed to be given here. 

 Uniform arrival between any two consecutively samples. This assumption allows 

variations of vehicle arrivals within a cycle. It relaxes, to certain extent, the 

uniform arrival assumption in Ban et al. (2009a, 2011a) for an entire cycle. 

 No queue spillback to the upstream VTL location. This assumption ensures that 

the delay of a sample vehicle can be fully captured between the two VTLs. 

 Oversaturation (i.e., queues cannot be cleared within one cycle) is not considered 

in this research, mainly due to the lack of appropriate dataset for validation 

purposes. Nonetheless, the proposed algorithms may be extended for the 

oversaturation case; this is discussed in Chapter 5.7. 

 The proposed optimization-based model assumes mobile data with 1-second 

sampling rate. In future research, the author will extend the method for mobile 

data with larger sampling rates (e.g., 3 seconds or longer).  

These assumptions imply that the shockwave boundaries are piecewise linear 

curves. The key task for boundary estimation is therefore to determine where the 

intersecting points of the piecewise linear curves are (see Figure 5.2), which are defined 

as “boundary points” hereafter.  
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5.3 Optimization-Based Shockwave Boundary Estimation 

5.3.1 The Basic Approach 

The author first formulates the shockwave boundary estimation problem as an 

optimization problem; see equation (5.4) below. 
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In this model, a binary variable is defined for each node of the solution network, 

denoted as  (   )                : 1 if it is on the boundary and 0 otherwise. 

Note that   is the total number of discrete time intervals and D is the total number of 

discrete spatial segments. The objective of the optimization model is to minimize the 

deviation of the estimated trajectories from the ground truth trajectories of all sample 

vehicles. Here   is the total number of sample queued vehicles (see Ban et al., 2011a for 

the definition of queued vehicles); the free-flow vehicles are not used since they 

generally do not contribute to the shockwave boundary conditions. For simplicity, the 

author uses “sample vehicles” to represent sample queued vehicles hereafter in the 

chapter. The objective contains two error terms as shown in equation (5.4.1) for all 

sample vehicles (       ) in a cycle. First, for a given sample vehicle  ,    { | ̃ 
  

 } denotes the set of trajectory points on its estimated trajectory that are proceeding 

(moving), where  ̃ 
  is the speed of the jth trajectory point of the estimated vehicle 

trajectory (for the  th sample vehicle). Similarly,  ̅  { | ̃ 
   }  denotes the set of 

trajectory points on the estimated trajectory of the  th sample vehicle that are stopped. 

The first term is the Mean Squared Error (MSE) of the time difference (normalized over 
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the time unit   ) between the estimated trajectory and the sample trajectory during 

vehicle proceeding (i.e., for trajectory point      which satisfies   ̃ 
   ), where 

    (  ) is the cardinality of set   ;   (  ) and  ̃ (  ) are the timestamps when vehicle   

passes location    for the ground truth trajectory and the estimated trajectory, 

respectively. The second term is the MSE of the spatial difference (normalized over the 

space unit    ) when vehicles stop and wait in the queue (i.e., for    ̅  which 

satisfies   ̃ 
   ), where     ( ̅ ) is the number of element in set   ̅ ;   (  )  and 

 ̃ (  ) are the locations in the queue of vehicle   at time    for the ground-truth trajectory 

and the estimated trajectory, respectively. The reason why different metrics (  (  ) 

and   (  )) are used for vehicle proceeding and queuing is due to the convenience of 

evaluation. In other words, for a trajectory point ( ) of the estimated vehicle trajectory 

( ), the corresponding trajectory point (i.e., the  th trajectory point) of the ground truth 

trajectory is found and compared: the first term is for the time difference when the 

estimated trajectory point is proceeding ( ̃ 
   ), while the second term is for space 

difference when the estimated trajectory is stopped ( ̃ 
   ). This enables us to compare 

how much an estimated trajectory is off from the ground truth. Since the two error terms 

are unitless, they can be added up together. Here the author uses the estimated trajectory 

to define the two sets    and  ̅  because the estimated trajectory is piecewise linear and 

contains horizontal lines for queue stops, which is much easier to identify (in terms of 

 ̃ 
    or  ̃ 

   ).  

Certain constraints, as shown in equations (5.4.3) and (5.4.4) based on traffic 

knowledge and principles, should also be imposed on these variables. In particular, the 

queuing shockwave should propagate to the upstream and the slope should be within the 

range of zero to the discharge shockwave speed as shown in Figure 5.4, i.e., bounded by 

lines AD and AE. Since the problem structure is symmetric, we only need to focus on a 

given node A and the nodes above it. Such a constraint can be equivalently expressed as 

prohibiting the shockwave being in the area bounded by lines AB and AC, and lines AC 

and AD. Here equation (5.4.3) is used to prohibit the queuing shockwave being in the 

area bounded by lines AC and AB. Notice that the queuing shockwave is infeasible in 

the direction of AC but feasible in the direction of AB, therefore we only need      to 
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be nonnegative, but need      to be larger than or equal to 1. Equation (5.4.4) is used 

to prohibit the queuing shockwave being in the area bounded by lines AD and AC. Since 

the scenario that queuing shockwave is in the direction of AC is already included in 

equation (5.4.3), we need      to be larger than or equal to 1; similarly, queuing 

shockwave in the direction of DA is feasible, therefore we need      strictly larger 

than     , which is equivalent to             for integer constraint. 

Evaluation of the objective in model (5.4) is complicated: one needs to have some 

tentative solution of the binary variable for each node, based on which to construct the 

shockwave boundaries. The boundaries can then be used to estimate vehicle trajectories, 

which can be further used to evaluate the objective. As a result, this basic model 

involves not only potentially large dimension binary variables, but also a complicated 

objective function evaluation process. Solving such a model is thus challenging both 

theoretically and algorithmically. In Chapter 5.3.2, the author develops proper 

simplifications to this basic optimization model. 

5.3.2 Simplified Optimization Model 

The basic model searches all nodes in the time-space domain for shockwave boundaries 

which is computational expensive. Instead of assuming that any node in the solution 

network could be on the boundary, the author proposes a simplified model that only 

searches within the set of critical points for boundaries. A set of critical points is defined 

for each sample vehicle; they contain a subset of the sample vehicle’s (ground-truth) 

trajectory points where the speeds are relatively low (less than a threshold). The critical 

points are candidates for the boundary points between two piecewise linear shockwave 

boundaries; see Figure 5.2. Below is a description of the procedures to identify the 

critical points and the boundary points.  

For a given sample vehicle  , a trajectory point   of its (ground truth) trajectory is 

denoted as   
 (  

    
    

 ), where   
 ,   

  and   
  represent the corresponding time stamp, 

location and speed reports, respectively. If the speed   
  is less than a given threshold   , 

namely,   
    , this trajectory point is a critical point and will be added to the critical 

point list   . For each critical point   
 (  

    
    

 ) that belongs to the list (    ), it is 

treated as a potential boundary point so that the estimated trajectory of this sample 
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vehicle can be reconstructed. In order to be consistent with the basic model, the critical 

points of a sample vehicle will be mapped onto the nodes of the solution network. This 

way the estimated trajectories will be aligned well with the solution network. 

Noteworthy that one critical point can correspond to one estimated trajectory; see sample 

vehicle   in Figure 5.5. In this figure, dots represent critical points; thin, piece-wise linear 

curves are estimated trajectories. 

 

Figure 5.5: Optimization-based shockwave boundary estimation 

It is then possible to apply the above process for every sample vehicle in the cycle. 

In this case, there may be multiple combinations (critical points and thus estimated 

vehicle trajectories) for different sample vehicles. The problem becomes how to decide 

the optimal combination of boundary points for all sample vehicles such that the overall 

estimation provides the best fit to the ground truth sample trajectories. A straightforward 

way to solve this optimization problem is to optimize it piece by piece. This means that 

for each sample vehicle  , we can choose   as the estimated boundary point if it solves 

the optimization problem in equation (5.5): 
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Here  (   ) is defined as the error function which characterizes the difference (in 

terms of both time difference during vehicle proceeding and the location difference 
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while vehicle stops in a queue; same as in equation (5.4.1)) between the ground truth 

trajectory of sample vehicle   and its estimated trajectory based on the critical point  .  

This piece-by-piece estimation can dramatically reduce the computational 

complexity of shockwave boundary estimation since it decomposes the basic model (5.4) 

into sub-problems that concern only individual sample vehicles and their critical points. 

However, under specific situations, it may lead to infeasible results. As shown in Figure 

5.5, suppose the estimated boundary points of two consecutively sampled vehicles (say 

vehicle     and     ) are     
   (   

       
       

   )  and     
   (   

       
       

   ) , 

respectively. In some extreme situations,    
    may be larger than    

   , implying that the 

queuing shockwave is propagating to the downstream (as shown in Figure 5.5), which is 

infeasible.  

To deal with this problem, the critical points of all sample vehicles in a cycle are 

extracted and organized into a directed and acyclic graph as shown in Figure 5.6. The 

graph contains a fictitious origin, a fictitious destination, and a fixed number of layers of 

nodes. Each layer corresponds to a sample vehicle; the number of layers is thus the same 

as the number of sample vehicles in the cycle. The nodes of each layer are the critical 

points of the corresponding sample vehicle. Arcs can only be created between two 

consecutive layers from the lower-numbered layer to the upper-numbered layer, as well 

as from the origin to every node in the first layer and from each node in the last layer to 

the destination. Between two consecutive layers (say     and     ), two nodes 

  
   (  

      
      

   )  and    
   (  

      
      

   )  are connected if and only if   
    

  
    and   

      
    to make sure the shockwave propagates in the right direction. The 

cost of an arc between two nodes in consecutive layers and between the last layer and 

the destination is represented by the error function of the starting node. For example, the 

cost of the arc between node    in Layer 1 and all the nodes in Layer 2 in Figure 5.6 is 

by  (    ). This is the error between the estimated and ground truth trajectories of the 

first sample vehicle, if    is selected as the boundary point. The costs of the arcs between 

the origin and all the nodes in Layer 1 are zero.  
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Figure 5.6: Directed graph to estimate boundary points (3 samples) 

Obviously, any path from the origin to the destination constitutes a possible 

combination of critical points, one for each sample vehicle. All the paths from the origin 

to the destination enumerate all possible such combinations. The total cost of a path is 

the total error between the resulting estimated trajectories and their ground truth 

trajectories for all sample vehicles, i.e., the objective of the optimization problem. 

Therefore, the shortest path of this particular network indicates the minimum possible 

error for boundary estimation. The critical points on the shortest path will be the 

estimated boundary points.  

It is noticed that the above procedure for constructing the acyclic graph is very 

similar to the dynamic programming model to solve the optimal sensor location problem 

for freeway travel time estimation; see Ban et al. (2009b, 2011b). In fact, it is easy to 

show that the boundary estimation problem here is indeed a dynamic programming 

problem and the optimality principle holds. Details are omitted here and one can refer to 

Ban et al. (2009b). Since there will be usually no more than a dozen sample vehicles in a 

cycle and at most a few dozen critical points for each sample vehicle, the number of 

nodes in the graph in Figure 5.6 will be no more than a few hundreds. The shortest path 

search through such a small acyclic graph will be trivial (the complexity is in the order 

of the number of arcs; see Ahuja et al. (1993) and Ban et al. (2009b)). 

In summary, the simplified model can guarantee that: (i) the boundary points for all 

sampled trajectories are estimated systematically by minimizing the overall difference 

between the estimated trajectories and the ground truth trajectories of the sampled 
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vehicles; (ii) the estimation is physically feasible, i.e., the shockwave propagates in the 

right direction; and (iii) the model can be cast as a shortest path search problem and 

solved efficiently. 

5.4 Delay-Based Shockwave Boundary Estimation 

The delay-based method further simplifies the shockwave boundary estimation process. 

As shown in Figure 5.7, it uses delay information to infer the boundary points. The 

general approach is summarized as below. 

 Calculate the free flow travel time (     ) between VTL1 and the stop line; 

 Calculate the actual travel time (  ) of a sample vehicle  , using equation (5.6), 

where   
  and   

  are the arrival time and departure time of this vehicle, i.e., the 

timestamps this vehicle arrives at VTL1 and the stop line respectively, as shown 

in Figure 5.7; 

                          
    

                                                                                                                   (   ) 

 Consider some adjustment time (   ), which takes into account: (i) the reaction 

time of vehicles when stopping at an intersection; and (ii) the time lost due to the 

fact that people tend to slow down when they are driving close to the intersection 

(referred to as the acceleration and deceleration delay as in Skabardonis & 

Geroliminis, 2005). This parameter should be determined empirically and is set 

at 2 seconds in our experiment. 

 Signal delay (   
 ), can be obtained by equation (5.7). 

              
                                                                                                              (   ) 

 For a sample vehicle  , find its adjusted departure time ( ̂ 
 ) by equation (8).  

                     ̂ 
    

                                                                                                                      (   ) 

 Starting from the node on the stop line with time  ̂ 
 
, find the intersection of the 

forward arcs and the discharge shockwave, denoted as    
 (   

     
 ). This is the 

node where vehicle   begins to discharge. 
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 Starting from node     
 (   

     
 ), find node    

 (  
    

 )  which satisfies    
    

  

and    
    

     
 . This is the node where vehicle   stops and joins the queue.  

 Connect     
 (  

    
 ) for all the sample vehicles      in this cycle, the queuing 

shockwave boundary can be reconstructed.  

 

Figure 5.7: Delay-based shockwave boundary estimation 

In theory, the delay-based method does not require the definition of critical points, 

and can thus deal with vehicles in a moving queue, whereas the optimization-based 

method discussed before is more suitable for vehicles in a standing or slowly moving 

queue. Furthermore, these two methods can only determine the boundary points for the 

sample vehicles. To complete the construction of the shockwave boundaries, we need to 

estimate the last piece of the queuing shockwave that intersects with the discharge 

shockwave; this is actually the queuing shockwave boundary between a queued vehicle 

and a non-queued vehicle (e.g., vehicles 4 and 5 in Figure 5.2). In this research, this last 

piece is estimated using empirical data: the author pre-processes the 100% penetration 

data and calculates the average slope (queuing shockwave speed) between the last 

queued vehicle and the first free flow vehicle of all the cycles, which is then used as the 

queuing shockwave speed for the last piece. In the case of real data, 100% penetration 

mobile sensing data are usually not available. To this end, dedicated data collection 

experiments may need to be conducted to collect 100% penetration data. This can be 

done, e.g., using video cameras, for different time periods of a day. The purpose of 
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collecting the 100% penetration data is to have a better estimation of the last piece of the 

shockwave boundary, which may be called the calibration of the last piece of the 

shockwave boundary. It is worthy to mention that the focus here is on the vehicles 

stopped or experienced significant delays (i.e., the so-called queued vehicles in 

subchapter 5.2). The author believes that the trajectories of these queued vehicles are the 

direct reflection of the intersection traffic state. In Chapter 6, the author further proposes 

method to reconstruct the trajectories of the free flow vehicles. 

5.5 Numerical Results 

In this subchapter, the proposed methods are applied to estimate shockwave boundaries. 

The VF method as described in Chapter 5.1 is then applied to reconstruct vehicle 

trajectories for the entire traffic flow. The performance of the models are evaluated and 

further compared.  

5.5.1 Solution Network Design and Evaluation Criteria 

The parameters of the triangular FD are determined empirically in this research. In 

particular, the jam density (  ) used in this research is estimated beforehand, which is 

235 veh/mile for both the simulation and NGSIM data. Other parameters of the 

triangular fundamental diagram are as follows in equation (5.9) to equation (5.12). 

                                 (  )                     ⁄⁄                                                  (   ) 

                                      (  )          ⁄                                                                 (    ) 

                                    (  )      ⁄           ⁄                                                 (    ) 

                                     (  )  
  

     
         ⁄                                             (    ) 

In addition, the threshold used to define critical points was selected as       mph. 

This value will be adjusted (increased) if a sample vehicle travels relatively fast so that 

at least one critical point will be identified for each sample vehicle. The solution network 

can be designed by following the process in Daganzo (2005b), which is also indicated in 

Figure 5.3. In particular, the time unit of 1 second is chosen as the discrete time interval 
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(  ) ; and the corresponding space unit (  ) is 11.23 feet, which can be computed 

geometrically using triangle ACB in Figure 5.4. 

Three criteria are considered to evaluate how well the estimated vehicle trajectories 

fit to the ground-truth: the time error, the queue location error, and the queue size error. 

The time error is used to illustrate the average Root Mean Square Error (RMSE) of time 

difference (during vehicle proceeding, in terms of seconds) between the estimated 

vehicle trajectory and the ground truth vehicle trajectories; see equation (5.13). The 

queue location error indicates the average RMSE of queue location difference (where 

vehicles physically stop and join the queue, in feet), see equation (5.14). Detailed 

explanation of the notation in equation (5.13) and (5.14) can be found in Chapter 5.3. 

Notice that the objective in model (5.4) is a combination of these two criteria after 

normalization. For evaluation purpose in this subchapter, the author separates them since 

each of them has a distinct physical meaning. Since one straightforward application 

using the reconstructed traffic flow is to estimate cycle-by-cycle queue size/length, here 

the author introduces the queue size error, which depicts the absolute error between the 

estimated queue size (the cumulative vehicle number for the vehicle at the queue rear; 

same as the maximum queue length defined in Ban et al. (2011a)) and the true queue 

size, see equation (5.15). Here    and  ̂  are the true queue size and the estimated queue 

size (known from the solution of the network) respectively. 
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Notice that equation (5.13) – (5.15) are for the errors for a specific cycle. If such 

errors are evaluated for multiple cycles, RMSE of the errors will be used; see the results 

in Table 5.1 to Table 5.3.  
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5.5.2 Results of Micro-Simulation Data 

The simulation study area is in the City of Fresno, California; see CCIT (2006) and Liu 

& Jabari (2008) for details of how the model was developed and calibrated. The study 

area is shown in Figure 5.8. The intersection of N Fresno St. and E Shaw Ave was 

selected as the study intersection (particularly, the northbound through movement 

traffic). The simulation was run for 2 hours. The signal timing data (fixed-time signal 

with a cycle length 55 seconds) for about 130 cycles were recorded. Ten (10) cycles 

were then picked on which the vehicle trajectory estimation models were applied. The 

trajectory data extracted from this simulation was separated for each individual lane. 

Data were then processed into datasets of different penetration rates, so that the 

performance of the models could be tested under different conditions. 

 

Figure 5.8: Micro-simulation study area (in Paramics) 

One specific example is shown in Figure 5.9 and Figure 5.10. In both figures, the 

signal timing information is indicated using bars at the stop line (first red time, then 

green time); the trajectories in solid lines are ground truth trajectories of sample 

vehicles, and the trajectories in dashed lines are ground truth trajectories of un-sampled 

vehicles. The shockwaves are also identified, as well as the estimated boundary points 

(small dots). The small triangles represent the reconstructed vehicle trajectories, the 

numbers below the solution network are the cumulative vehicle number in real traffic 

flow; the numbers above the solution network are the estimated cumulative vehicle 

number for the estimated vehicle trajectories. 
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Figure 5.9: Reconstructed vehicle trajectories (40% penetration rate, cycle 1, 

optimization-based) 

 

Figure 5.10: Reconstructed vehicle trajectories (40% penetration rate, cycle 1, 

delay-based) 

There is one noticeable issue in Figure 5.9 and Figure 5.10 that the first vehicle 

passes the stop line during the red time. This is due to some issues of the simulation: the 

author occasionally observed vehicles passing the stop line when the signal was still red, 

usually 0.5-1 seconds before the signal turns to green. The delay-based model is very 

sensitive to the departure time. If the first sampled vehicle passes the stop line during the 

red time (due to the system error), the data of this sample vehicle cannot be used to infer 

the shockwave boundaries. The system error can lead to degraded performance (e.g., 

success rate of queue length estimation) of the delay-based model as illustrated in Table 
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5.1. This also explains the reason why there are four sampled vehicles in this cycle, five 

boundary points in Figure 5.9 (including the critical point of the last piece of queuing 

shockwave) but only four boundary points in Figure 5.10. 

After applying the models to 10 different cycles under different penetration rates, 

the general performances of the optimization-based and the delay-based models are 

summarized in Table 5.1. 

Table 5.1: Results of micro-simulation data 

Pen. 

Rate 

(%) 

Optimization-Based-Model Delay-Based-Model 

Success 

Rate 

(%) 

Queue 

LOC 

Error (ft) 

Time 

Error 

(Seconds) 

Queue size 

Error (No. of 

Vehicle) 

Success 

Rate 

(%) 

Queue 

LOC 

Error (ft) 

Time 

Error 

(Seconds) 

Queue size 

Error (No. of 

Vehicle) 

100 100 11.68 5.43 2.17 100 14.82 7.05 1.07 

80 100 11.57 4.91 1.90 100 13.25 6.50 0.97 

60 100 11.45 4.78 2.16 90 13.59 6.26 1.16 

40 100 12.58 4.38 1.58 90 14.04 6.44 1.08 

20 90 13.93 6.05 2.14 80 13.93 5.92 1.92 

Compared with the delay-based model, the optimization-based model generally 

provides better estimation, in terms of both the queue location error and the time error; 

while the delay-based model provides better estimation in terms of the queue size error. 

Notice that both models require at least one sample queued vehicle in a cycle in order to 

be successfully applied.  

For the case with 100% penetration, in theory, it would not be necessary to 

reconstruct the trajectories, and the error would be zero. In practice, however, the exact 

penetration of the data is usually unknown. In this regard, the model is still applied to 

estimate the trajectories of the entire traffic stream based on the observations. Since the 

estimated trajectories are piecewise linear and ignore acceleration/deceleration, the 

estimated and ground-truth trajectories will always have some discrepancies even under 

the 100% penetration case. 

The success rate in the table indicates the percentage of all the cases (cycles) in 

which the vehicle trajectory reconstruction model can be successfully applied (no matter 

how accurate the results are). In essence, the success rate depends on how many queued 

vehicles are sampled within each of the cycles. If there is no vehicle sampled within a 
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cycle, nothing can be done since there is no observation from the traffic flow (that 

contains the information regarding the real traffic state) for that cycle. In this case, it is 

considered that the method fails for the cycle. Since the number of sample vehicles in 

one cycle is related to the traffic flow and the penetration rate, the success rate of the 

model will always increase as the traffic flow or the penetration rate increases. Both 

algorithms work reasonably well even under 20% penetration rate (90% success rate for 

the optimization-based model and 80% success rate for the delay-based model). 

However, the performances of the algorithms (in terms of the time error, queue location 

error and queue size error) are not sensitive to the penetration rate. The error sometimes 

even increases slightly when penetration increases. One interpretation for this is that the 

most critical task for both algorithms is to correctly estimate the queuing shockwaves (in 

other words, arrival flow rate between two consecutive vehicles). As long as the 

estimated arrival flow rate is reasonable, the performances of the two proposed 

algorithms do not necessarily decrease when the penetration rate decreases. In some 

cases, datasets with 20% or 40% penetration rate can already provide reasonable 

estimation of the shockwave boundaries for some cycles. Giving more data will not 

improve the performance much and sometimes may even lead to an over-fitting of the 

boundary conditions (and thus slightly degraded performance).  

To test the proposed models using more cycles, 22 cycles were randomly selected. 

The proposed trajectory reconstruction methods were then applied. The selected cycles 

cover a variety of traffic volumes (ranging from 150 veh/h to 800 veh/h). Among all the 

vehicles that pass a cycle, only one queued vehicle was randomly sampled. The 

corresponding penetration rates therefore range from 10% to 50%. The results are 

provided in Table 5.2, which are comparable to those in Table 5.1. In general, the 

optimization-based model provides better results than the delay-based model, this is 

consistent with the results in Table 5.1. 
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Table 5.2: Results of micro-simulation data (one sampled vehicle per cycle) 

Cycle 

No. 

Optimization-Based Model Delay-Based-Model 

Queue LOC 

Error (ft) 

Time Error 

(seconds) 

Queue Size 

Error (No. of 

Vehicle) 

Queue LOC 

Error (ft) 

Time Error 

(seconds) 

Queue Size 

Error (No. of 

Vehicle) 

1 20.6 3.9 1.0 20.6 8.4 0.5 

2 11.2 4.1 0.5 11.2 4.2 0.5 

3 32.9 8.0 0.5 35.1 5.0 3.5 

4 9.4 6.4 1.5 14.0 16.7 1.0 

5 5.6 6.3 0.5 7.5 6.7 1.0 

6 13.1 9.6 2.0 19.7 6.4 2.0 

7 16.9 4.8 3.0 16.9 11.8 1.0 

8 16.9 14.8 0.5 23.6 9.8 1.5 

9 13.1 10.2 2.5 13.1 5.7 0.5 

10 7.9 4.7 1.0 9.8 6.6 1.0 

11 16.9 4.5 0.5 15.4 9.7 1.0 

12 15.4 6.2 1.0 14.0 11.1 3.0 

13 11.2 7.2 1.5 16.9 17.5 1.0 

14 4.5 5.4 0.0 11.2 13.2 3.0 

15 34.5 5.7 2.5 34.5 6.2 2.0 

16 14.6 3.4 0.5 18.3 6.1 0.5 

17 13.1 3.7 0.5 13.1 7.6 0.0 

18 5.6 4.5 0.0 8.4 5.0 2.0 

19 11.2 5.5 2.0 16.9 15.7 0.5 

20 12.6 6.5 0.0 12.6 6.1 0.0 

21 15.0 5.7 1.0 15.0 5.7 1.0 

22 14.6 2.7 0.0 18.3 7.1 1.0 

Overall 14.4 6.1 1.3 16.6 8.7 1.6 

5.5.3 Results of NGSIM Data 

The proposed models were tested using the NGSIM data collected at the Peachtree St in 

Atlanta, Georgia (Cambridge Systematics, 2007). Particularly, data of the northbound 

through-movement traffic (left lane; see Figure 5.11) at the intersection of Peachtree St 

and the 14th St NE from 4:00 pm to 4:15 pm were used. The signal is fixed-timed and 

the cycle length is 100 seconds. Five (5) cycles were selected on which the vehicle 

trajectory reconstruction models are applied. Although this dataset is not very congested 

and only covers a handful of cycles, it was used to validate the proposed models. This is 

mainly due to the lack of other real world (especially high penetration) datasets. More 
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tests are needed to further justify the validity and robustness of the proposed methods 

once other suitable and reliable datasets become available. 

 

Figure 5.11: Study area of NGSIM data 

One specific sample is given in Figure 5.12 and Figure 5.13. It is found that the 

trajectories estimated by the optimization-based model are more accurate than those 

estimated by the delay-based model. Since NGSIM data was processed via video 

matching, there are some errors regarding detailed vehicle trajectories, especially 

location information. For example, trajectories may move toward upstream at some 

point, and sometimes two consecutive vehicle trajectories on the same lane almost 

overlap with each other when they are in the queue (which never happens in real traffic). 

The inaccuracy in location data brings large errors into the results.  

The overall performance is summarized in Table 5.3, which illustrates that the 

optimization-based model generally provides better estimation. For the queue location 

error, the delay-based method is slightly better; with respect to the time error and the 

queue size error, the optimization-based model outperforms the delay-based model. This 

is somehow different from the results of the simulation data (the queue size errors are 

lower in that case for the delay-based method). There are many possible reasons (e.g., 

the inherent difference between the real traffic flow and the simulation, different cycle 

lengths, data validity, different boundary estimation methods, different flow rates, etc.) 

that could potentially cause this effect. The author’s best conjecture is that the difference 

is caused by the delay-based model and should not be a general characteristic between 

real world data and simulation data. The delay-based model attempts to find the 

boundary point in a reverse process (only based on sample travel times, instead of the 
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whole trajectories). As discussed in Chapter 5.4, some empirical estimation is needed for 

the adjustment time (which incorporates drivers’ reaction time, acceleration/deceleration 

delay). In simulation datasets, the adjustment time could be relatively stable: for the 

same group of vehicles, the reaction time or acceleration/deceleration profile generally 

follows the same distribution. In real world, however, this adjustment time could be 

somewhat unstable (drivers have different propensity and could have very different 

accelerate/decelerate habits). In this regard, for the NGSIM dataset, the delay-based 

method could bring in larger errors. 

Similar to the results of micro-simulation, the general performances of both models 

are not sensitive to penetration rates. For the optimization-based-model, the success rate 

for 20% penetration is 60%, which is worse than the results of simulation. This is 

because the NGSIM dataset is not as congested as the simulation dataset. As a result, it 

is more likely that no queued vehicles are sampled at a low penetration rate for the 

NGSIM data. For 20% penetration, the average time error is 6.1 seconds, the average 

queue location error is 10.8 feet, and the average queue size error is 1.2 vehicles. Paired 

t-tests were conducted to compare the performances of the two methods in terms of the 

estimation errors (i.e., time error, queue location error, and queue size error) for the 

results in Table 5.1 to Table 5.3. The tests indicate that the two methods do produce 

different results in most cases, i.e., the optimization-based method outperforms the 

delay-based method.  

Table 5.3: Results of field data (NGSIM) 

Pen. 

Rate 

(%) 

Optimization-Based Model Delay-Based-Model 

Success 

Rate 

(%) 

Queue 

LOC 

Error (ft) 

Time 

Error 

(Seconds) 

Queue size 

Error (No. of 

Vehicle) 

Success 

Rate 

(%) 

Queue 

LOC 

Error (ft) 

Time 

Error 

(Seconds) 

Queue size 

Error (No. of 

Vehicle) 

100 100 18.64 7.87 1.38 100 11.01 11.18 2.43 

80 100 13.14 7.50 1.53 100 9.77 11.58 2.20 

60 100 12.58 7.22 1.83 100 11.90 12.00 2.47 

40 100 12.91 8.22 2.03 100 11.68 14.17 2.23 

20 60 10.78 6.13 1.23 60 13.25 10.20 1.94 
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Figure 5.12: Reconstructed vehicle trajectories (20% penetration rate, cycle 3, 

optimization-based) 

 

Figure 5.13: Reconstructed vehicle trajectories (20% penetration rate, cycle 3, 

delay-based) 

5.6 Summary 

In this chapter, the author developed methods to reconstruct short vehicle trajectories for 

the entire traffic flow at arterial signalized intersections using sample vehicle trajectories 

and sample travel times obtained from mobile traffic sensors. The variational 

formulation (VF) method was applied to solve the traffic flow problem. In order to 

correctly apply the VF method, the optimization-based method and the delay-based 

method were proposed to estimate the shockwave boundaries, which were then used to 

reconstruct short vehicle trajectories. The models were tested using the NGSIM data and 
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the micro-simulation data. The results showed that the proposed models are not very 

sensitive to penetration rates. Since the penetration of mobile sensing data is relatively 

low in real applications, this feature of the proposed models is practically desirable. In 

general, the optimization-based model outperforms the delay-based model in most cases, 

implying that the optimization-based model is probably more preferable when applied to 

real applications. At the 20% penetration rate, the queue location error in average is 

about 13.9 feet for micro-simulation and 10.8 feet for the NGSIM data; the time error in 

average is about 5.9 seconds for micro-simulation and 6.1 seconds for the NGSIM data; 

the queue size error in average is about 1.9 vehicles for micro-simulation and 1.2 

vehicles for the NSGIM data. One limitation of the proposed methods is that, since the 

queue rear is usually not captured by the mobile data, some empirical estimation was 

applied to resolve this issue. 

The proposed vehicle trajectory estimation methods are based on macroscopic 

traffic flow theory. The author believes that both the microscopic (Goodall et al., 2012) 

and macroscopic methods are important alternatives to estimate vehicle trajectories. 

While the microscopic methods can potentially consider vehicle accelerations and 

decelerations, the macroscopic methods can probably provide a more systematic and 

consistent framework, since the resulting vehicle trajectories are consistent with the 

macroscopic traffic flow pattern governed by the variation formulation. 

The reconstructed vehicle trajectories can be used for arterial performance 

measurement, such as the cycle-by-cycle queue size estimation as shown in subchapter 

5.5, as well as other performance measures and related arterial applications (such as 

signal optimization and control). In Chapter 6, the trajectory-based method is further 

extended to estimate fuel consumption and emissions of individual vehicles, based on 

which the total vehicular fuel consumption and emissions at an urban corridor/network 

can be estimated.  
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6. Trajectory-Based Vehicle Energy and Emissions Estimation at 

Signalized Arterials 

Vehicle fuel consumption and emissions have significant impacts on fuel economy and 

global environment. According to the Bureau of Transportation Statistics (BTS, 2013), 

transportation is one of the largest sectors in consuming energy and producing 

emissions: it consumes 29% of the total energy, 70% of the petroleum; and produces 

47% of carbon monoxide, 33.6% of greenhouse gas. While such impacts are being 

increasingly recognized, the energy/emissions on roadways have become important 

performance measures of the traffic system. 
6
 

Over the past few decades, extensive research has been conducted to measure/assess 

vehicular energy/emissions on both freeway segments (Barth et al., 1999; Greenwood, 

2003; El-Shawarby et al., 2005; Barth & Boriboonsomsin, 2008; Barth & 

Boriboonsomsin, 2009; Bigazzi & Figliozzi, 2011) and signalized arterials (Rakha & 

Ding, 2003; Coelho et al., 2005; Li et al., 2009; Yang et al., 2011; Skabardonis et al., 

2012). On freeway segments, well-established macroscopic and mesoscopic 

energy/emissions estimation methods are frequently applied, which consider 

energy/emissions as a function of some aggregated statistics (e.g., average speed, traffic 

flow and the distanced traveled, etc.). With respect to signalized arterials, such methods 

may no longer be accurate, mainly due to the large disturbance brought by traffic signals 

and pedestrians to the traffic flow. According to Yang et al. (2011), energy/emission 

estimation on signalized arterials is much more challenging compared with its 

counterpart on freeways with uninterrupted traffic flow and cannot be simply determined 

by average traffic speeds alone. Nesamani et al. (2007) showed that for vehicles with the 

same average speed, the actual driving profiles on signalized arterials can be drastically 

different from these on freeway segments, which result in significantly different fuel 

consumption and emissions. 

                                                 

Portions of this chapter previously appeared as: Sun, Z., Ban, X., & Hao, P. (2014, 

January). Trajectory-based vehicle energy/emissions estimation for signalized arterials 

using mobile sensing data. Presented at the 93rd TRB Annual Meeting, Washington, 

DC. 
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It is now commonly understood that the stop-and-go behavior are closely related to 

the fuel consumption/emission levels at signalized arterials. As pointed out by Rakha & 

Ding (2003), fuel consumption and emission rates increase considerably as vehicle stops 

are introduced. Such effects are very salient for signalized arterials since vehicles at red 

lights have to decelerate from a cruise mode to a full stop, idle (wait for the signal to turn 

into green), then accelerate and cruise (proceed at some desired speed) again. To better 

capture the stop-and-go related emission factors on signalized arterials, recent studies 

have revealed the necessity of considering detailed driving modes, i.e., cruise, idle, 

acceleration and deceleration.  

Skabardonis et al. (2012) proposed an analytical model to estimate the time spent on 

each driving mode using loop detector data. The emissions can then be estimated by 

each driving mode. Since the analytical model is performed in a cycle-by-cycle manner, 

this model is considered to be mesoscopic, which cannot capture the variations of fuel 

consumption/emissions among vehicles that are at different traffic states, e.g., queued 

and free-flowing. In a (somehow) microscopic sense, Yang et al. (2011) used modal-

based trajectory reconstruction methods to explicitly describe the activity of each 

individual vehicle, detected and matched by advanced wireless sensors. Compared with 

macro/meso-scale methods, trajectory-based energy/emissions estimation methods are 

not only able to differentiate the vehicles that pass the signalized corridor in different 

traffic states (e.g., queued and free-flowing), but also capable to explicitly describe the 

activity of each individual vehicle with respect to different driving modes. According to 

Yang et al. (2011), the estimation results of their methods are typically within 10% of 

the true values, which significantly outperform the estimations using average speeds 

(40% of the true values). One limitation of their work is to rely on advanced wireless 

sensors, which provide not only speed, flow and occupancy, but also travel time 

information via vehicle matching algorithms. In real world practice, however, such 

sensors are not widely available and the matching algorithms usually cannot guarantee a 

100% matching rate (see Kwong et al., 2009). As a result, the energy/emissions of the 

unmatched vehicles cannot be captured and the estimation results for the entire roadway 

segment may be off. Mobile sensing data may be able to provide alternative perspectives 

in this regard. 
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In this chapter, a trajectory-based method is proposed to estimate the vehicle-by-

vehicle fuel consumption and emissions along signalized arterials using mobile sensing 

data. This method offers a cost-effective way to estimate fuel consumption/emissions for 

larger areas. Using mobile sensing data (e.g., privacy-aware GPS traces) collected from 

a sample of the traffic flow, the proposed method first estimates the trajectories of the 

entire traffic population. The proposed approach in this chapter extends the trajectory 

reconstruction method in Chapter 5 to estimate the trajectories for both queued vehicles 

(the ones that experience significant delays) and free-flow vehicles (the ones that do not 

have significant delay). Uniform deceleration and state-dependent acceleration process 

are considered in order to provide more realistic estimations of vehicle trajectories. As a 

result, the estimated trajectories reflect not only the traffic state (e.g., queued and free-

flowing), but also vehicle’s driving mode (e.g., cruise, idle, acceleration and 

deceleration).  

The reconstructed vehicle trajectories in the time-space domain are decomposed into 

different driving modes and transformed into the time-speed domain. Random noise is 

added to the cruise mode to represent the speed fluctuations during the cruise mode. 

Estimated second-by-second speed profiles of the traffic population are then used as the 

input to the Comprehensive Modal Emissions Model (CMEM; see Barth et al., 1996 and 

An et al., 1997). The output fuel/emissions results from the estimated trajectories are 

evaluated based on the ground truth values obtained using the actual vehicle trajectories 

extracted from both real world dataset (NGSIM) and traffic micro-simulation. 

The results show that adding random noise to the cruise mode and using a state-

dependent acceleration process lead to improved estimations. The estimation errors of 

total fuel consumption and emissions are typically within 10-15%. The vehicle-by-

vehicle estimation results reveal that if the number of vehicles can be well estimated, the 

corresponding fuel/emission results are usually close to the ground truth values. 

6.1 Trajectory-Based Vehicular Energy/Emissions Estimation 

In this research, the proposed trajectory-based method represents a microscopic 

approach to estimate vehicular fuel consumption and tailpipe emissions. Vehicle 

trajectories refer to a sequence of vehicle records that include time, location, and speed 
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information of the vehicle. By “trajectory-based”, it means the method requires the 

trajectories of individual vehicles as input to the emission model. In a finer level of 

detail, such method can enable vehicle-by-vehicle energy/emissions estimation, which 

can hardly be achieved using conventional methods. The results can also be aggregated 

for a group of vehicles, e.g., the traffic within one signal cycle. 

With respect to the travel time or delay at signalized intersections, vehicles can be 

categorized into two groups: free-flow vehicles and queued vehicles (Ban et al., 2009a). 

The trajectory of a vehicle (free-flow or queued) generally consists of four different 

modes. They are defined as: (i) cruise mode, i.e., vehicle traveling at relative high speed, 

usually close to the design speed; (ii) acceleration; (iii) deceleration; and (iv) idle, i.e., 

vehicle is stop with engine on. The modes contained in the trajectories of the free-flow 

and queued vehicles are quite different. For free-flow vehicles, since they usually 

traverse the intersection in relative high speeds, their driving profiles can be captured by 

a single cruise mode, see Figure 6.1(B) and Figure 6.1(D). The travel time of a free-flow 

vehicle is noted as        . For queued vehicles, their trajectories are generally complex 

due to the stop-and-go behavior. To explicitly describe the behavior of queued vehicles 

around signalized intersections, their trajectories are decomposed into small segments – 

each segment represents one driving mode, it could be acceleration, deceleration, idle or 

cruise. This process is called modal decomposition, which was introduced in Yang et al. 

(2011). At signalized intersections, the trajectories of queued vehicles can be 

decomposed into at most five modes, i.e., cruise before deceleration (        
 ) , 

deceleration (      ), idle (     ), acceleration (      ), and cruise after acceleration 

(       
 ). An example can be found in Figure 6.1(A) and Figure 6.1(C). Notice that 

depending on the locations of the upstream and downstream boundaries, the first cruise 

mode and the last cruise mode may not exist.  

For each individual vehicle at a signalized intersection, if the time duration and the 

corresponding speed profile of each mode can be estimated, a time-speed profile 

becomes readily available and it can be used as the input to the micro-scale emission 

model (e.g., CMEM). The fuel consumption and emissions of each individual vehicle 

can therefore be estimated. In Chapter 6.2, the author proposes methods to accurately 
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estimate the trajectories (i.e., the time and speed profile of each mode) of the entire 

traffic flow using mobile sensing data. 

 

Figure 6.1: Vehicle trajectories and modal decomposition; (A) time-space profile of 

a queued vehicle; (B) time-space profile of a free-flow vehicle; (C) time-speed 

profile of a queued vehicle; (D) time-speed profile of a free-flow vehicle 

6.2 Trajectory Estimation Using Mobile Sensing Data 

Although mobile sensing data can provide segment travel time or even detailed 

trajectory information, such information is usually only available for vehicles that are 

equipped with mobile sensing devices, i.e., the “samples”. The challenge here is how to 

use these samples to recover the information (e.g., trajectories) of the entire traffic flow. 

6.2.1 Trajectory Reconstruction Using Variational Formulation Theory 

In Chapter 5, the author proposed methods to infer the trajectory information of queued 

vehicles at signalized arterials using sample travel times or trajectories collected by 

mobile traffic sensors. The key idea was to estimate the traffic state (shockwave 

boundaries in particular) from the sample vehicles, and then apply the VF theory to solve 

the kinematic wave traffic problem. It was shown that the trajectories of the entire traffic 

population can be reconstructed based on the solutions of the traffic problem. The results 

indicated that using only one sample (queued) vehicle per cycle, the model was able to 

reconstruct the trajectories of the queued vehicle with reasonable performance.  

The trajectory reconstruction model in Chapter 5 was originally proposed for 

performance measurement at signalized arterials, which only focused on queued vehicles 

and ignored the acceleration and deceleration processes. Although the reconstructed 
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trajectories are consistent with the macroscopic traffic flow pattern governed by the VF 

method, the model needs to be properly extended to provide accurate fuel 

consumption/emission estimations. The extensions include: (i) estimating the number of 

free-flow vehicles in each cycle; (ii) incorporating vehicle acceleration and deceleration 

processes; and (iii) adding random noise to the cruise mode to make it more realistic 

instead of being represented by straight lines only. These extensions are discussed in the 

rest of this subchapter.  

6.2.2 Free-Flow Vehicles 

Free-flow vehicles are the ones that pass the signalized intersections without 

experiencing significant delays. A free-flow vehicle usually passes the intersection at a 

speed close to the design speed (free-flow speed), with minor fluctuations. Compared 

with queued vehicles, it takes shorter time for a free-flow to pass the intersection. 

Furthermore, major acceleration/deceleration and idle processes are hardly involved in 

the trajectories of free-flow vehicles. As a result, the fuel consumption and emissions for 

queued vehicles are usually much higher than free-flow vehicles. Such differences 

between the free-flow vehicles and queued vehicles are illustrated in Figure 6.2. 

 

Figure 6.2: Queued vehicle vs. free-flow vehicle (ground truth); (A) time-space 

profiles; (B) time-speed profiles; (C) fuel consumption and CO2 emission for 

passenger vehicle (CMEM output) 

The original trajectory reconstruction model only focuses on queued vehicles. In 

Chapter 5, the queue rear is defined as the point where the queuing shockwave intersects 
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with the discharging shockwave (see Figure 5.2). To consider the free-flow vehicles, 

equation (6.1) is applied to estimate the number of free-flow vehicle in one cycle.  

                                 (  ⌊(        )  ⌋ )                                                                                (   ) 

Where    is the estimated number of free-flow vehicle for a cycle;    is the cycle 

length of a traffic signal;       is the time coordinate of the queue rear point;    is the 

flow rate during the free-flow state. Since the number of free-flow vehicle needs to be 

non-negative integer value in correspondence to vehicle trajectories, the author uses the 

floor function “⌊(        )  ⌋” to take the greatest integer of the estimation. For the 

cases (        )   is negative,    is set to be zero, which is an indication of over-

saturation. Noteworthy that the flow rate for the free flow state is usually not available 

from mobile sensing data. In this chapter, the research uses the ground truth traffic 

volume to calibration this parameter. This empirical value is used throughout all the 

cycles. In practice, this parameter can also be calibrated using historical dataset for 

different time periods of daily traffic.  

As shown in Figure 6.1(B) and Figure 6.1(D), the trajectory of a free-flow vehicle 

can be captured using a single cruise mode. In this chapter, the cruise time (       ) is 

calculated using equation (6.2). Here       and     are the locations of downstream and 

upstream boundaries;     is the free-flow speed. Since the CMEM emission model 

requires second-by-second input information, this travel time is rounded to the nearest 

integer.  

                                        (
         

   
)                                                                                 (   ) 

In Yang et al. (2011), a free-flow vehicle was assumed to travel at a constant speed, 

i.e., the free-flow speed. The time-speed profiles for such vehicles are simply straight 

lines. In reality, however, minor speed fluctuations during the cruise mode can always be 

found (see Figure 6.1(D) for instance). Therefore, the energy/emissions estimation based 

on constant speed will lead to inaccurate results. In this research, random noise is added 

to the cruise mode to represent the speed fluctuations more realistically. This will be 

presented in Chapter 6.2.4. 
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6.2.3 Queued Vehicles 

As shown in Figure 6.1(A) and Figure 6.1(C), the trajectories of queued vehicles can be 

decomposed into at most five modes, i.e., cruise before deceleration (        
 ) , 

deceleration (      ), idle (     ), acceleration (      ), and cruise after acceleration 

(       
 ). The second-by-second speed profiles of these modes are estimated as below.  

6.2.3.1 Idle 

Based on the reconstructed trajectory of a queued vehicle (see Figure 6.1(A)), the queue 

location (  ), the time it fully stops and joins the queue (       ), and the time it starts to 

accelerate (       ) can be directly obtained. The idle time (     ) can be determined by 

taking the nearest integer of                , as expressed in equation (6.3). The speed is 

zero during the idle mode. 

                                    (               )                                                                                       (   ) 

6.2.3.2 State-Dependent Acceleration and Cruise after Acceleration 

It is commonly understood that the acceleration process have substantial impacts on fuel 

consumption and emissions. Such impacts have been well documented. El-Shawarby et 

al. (2005) demonstrated that if the emissions are gathered over a sufficient long distance, 

the values increase as the level of acceleration increases. Rakha & Ding (2003) indicated 

that the fuel consumption and NOX emission rate are not very sensitive to the level of 

acceleration; and the HC and CO emission rates are highly sensitive to the level of 

acceleration. To incorporate such impacts into the trajectory-based emission model, the 

acceleration process certainly needs to be considered. In Yang et al. (2011), the 

acceleration rate was assumed to be constant. Such assumption may not be realistic since 

the level of acceleration for vehicles at different traffic states may not be the same. 

In specific, the author observes that vehicles at different speeds and locations may 

have quite different acceleration patterns. Such observations include: (i) at the beginning 

of each acceleration process, the acceleration rate gradually increases as the speed 

increases, until some relatively high speed has been reached; (ii) for vehicles with the 

same speed (during acceleration), the acceleration rate is usually higher for those at 

downstream locations. Due to the heterogeneity of driver’s propensity and habits, these 
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observations may not hold for each individual vehicle. However, in the macroscopic 

point of view (assuming homogeneous vehicles), such observations usually hold and can 

be explained by existing first-order macroscopic traffic flow models as shown in Figure 

6.3.  

In this research, a state-dependent acceleration model is calibrated and applied to 

construct the acceleration process of estimated trajectories. Here “state-dependent” 

means that the rate of acceleration depends on the instantaneous state (i.e., location and 

speed) of a vehicle. Since location and speed can be readily available from mobile 

sensing data (sample trajectories), this model is easy to implement. Different from the 

microscopic car-following model, the proposed model does not directly deal with the 

interactions between leaders and followers. Instead, it assumes that all the vehicles 

accelerate according to some macroscopic rule. This macroscopic rule is derived from 

Newell’s simplified theory of kinematic wave (Newell, 1993) and calibrated via a two-

step calibration process using historical vehicle trajectories. 

According to Newell (1993), in the absence of shocks, the change in cumulative 

vehicle number  (   ) can be determined using equation (6.4). Where   is the traffic 

density,   is the flow rate, and   is the shockwave speed.  

                         
  

  
   

  

  
            (   

 

 
)                                               (   ) 

Assuming a strictly concave flow-density relationship (fundamental diagram), at the 

congestion regime (where acceleration happens),  ,   and   can be uniquely determined 

given some speed ( ). That is,  ,   and   are constant values at some given speed  , 

therefore   and   are linearly related. This can be shown in equation (6.5), where  ( ) 

is a surrogate function and is a constant given  . 

                         ( )                                                                                                              (   ) 

Similar to the approach described in Hao & Ban (2013), this linear relationship 

between the cumulative vehicle number and location (at each speed) is calibrated here 

using historical trajectory dataset, this is defined as Step 1 in the calibration process.  

The next step (Step 2) is to study the changes of location over speeds, as represented 

in equation (6.6). Since   ( ) is also a constant at given  , equation (6.6) essentially 
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suggests that if the change of speed is fixed, then the change of location and cumulative 

vehicle number are linearly related. This linear relationship can also be calibrated from 

the ground truth dataset.  

                              
  

  
   ( )                                                                                                                 (   ) 

Now given the current state (speed and location) of a vehicle, the cumulative vehicle 

number can be determined from the calibration results in Step1. Based on the cumulative 

vehicle number, given per change of speed    (e.g., from 0 to 4 ft/s), the location 

difference can be determined from the calibration results in step 2. By assuming a 

constant acceleration rate between two trajectory points of a vehicle, the acceleration 

rate between these two points can be calculated using equation (6.7). Here    represents 

the acceleration rate between two trajectory points (   and     );    and      represents 

the locations correspond to the two points. In this manner, the acceleration rate at each 

trajectory point can be calculated.  

                              
    
    

 

 (       )
                                                                                                         (   ) 

In the experiment, the speed interval (       ) during acceleration is set to be 4 

ft/s. The author also tested other values and it is found that 4 ft/s provides the best 

calibration result. Comparisons between the calibrated state-dependent acceleration 

patterns and the ground truth trend are provided in Figure 6.3. It shows that these two 

patterns are in general consistent with each other. In the macroscopic level, it is found 

that the acceleration gradually increases as the speed increases, until some relative high 

speeds (e.g., 16 ft/s or 20 ft/s as shown in Figure 6.3) is reached. The acceleration may 

decrease or fluctuate at higher speeds. With respect to the spatial dimension, the 

accelerations at downstream locations are usually higher than that at upstream locations. 

These patterns justify the author’s observations at the beginning of Chapter 6.2.3.2.  
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Figure 6.3: Acceleration patterns in location-speed domain (accelerations in feet 

per square second); (A) ground truth acceleration pattern from NGSIM dataset; 

(B) estimated state-dependent acceleration pattern 

The calibrated acceleration process is added after the idle mode. In particular, given 

the initial state of the acceleration process (     ,       ), the corresponding 

acceleration rate (  ) can be found using the calibrated state-dependent acceleration 

pattern. By assuming that the acceleration rate is constant between two speeds, the state 

variables can be updated and the acceleration rate for the updated state can be found. 

This process is repeated until free-flow speed is reached or the vehicle location exceeds 

the downstream boundary (         ) . The total time of acceleration can be 

calculated using equation (6.8). Since the time difference between two state (  and    ) 

is usually less than 1 second and the emission model requires second-by-second speed 

profile as input, simple interpolations are made to process the estimated points into the 

second-by-second format.  

                                      (∑
       

  

 

   

 )                                                                               (     ) 
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                                                                  (     ) 

If the free-flow speed is reached before a vehicle comes to the downstream 

boundary, the acceleration mode is followed by a cruise mode, which represents that this 
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vehicle has reached its desired speed and begins to cruise. In this case, the cruise time 

(       
 ) can be determined using equation (6.9). If a vehicle is still in its acceleration 

process when it passes the downstream location, this cruise mode will not exist.  

                                    
      (

        

   
)                                                                                (   ) 

6.2.3.3 Deceleration 

With respect to the deceleration, its impacts on fuel consumption and emissions are not 

conclusive in the existing literatures. For example, Li et al., (2009) claimed that mild 

deceleration process leads to a minor improvement of fuel consumption/CO2 emission. 

However, Rakha & Ding (2003) showed that the fuel consumption and emissions (in 

terms of HC, CO and NOX) are not sensitive to different levels of deceleration. In this 

research, the author simply assumes that the deceleration rate is constant.  

Consider constant deceleration rate     the deceleration process can be added before 

the idle mode. The total time of deceleration can be calculated using equation (6.10), and 

the speeds during a deceleration process can be updated easily in a reverse process. 

Similar to the acceleration scenario, if the distance of deceleration from free-flow speed 

to zero speed is less than the distance from the stop location to the upstream boundary 

(i.e., the first condition in equation (6.10)), a cruise mode can be added before the 

deceleration process. This represents that this vehicle is in the cruise mode when it 

passes the upstream location (before it decelerates). In this case, the cruise time (       
 ) 

can be determined via equation (6.11). If a vehicle is already in the deceleration process 

when it passes the upstream location, this cruise mode will not exist.  
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6.2.4 Adding Random Noise to the Cruise Mode 

The conventional way to model the cruise mode is to assume that a vehicle will travel at 

the free-flow speed (Li et al., 2009; Yang et al., 2011; Skabardonis et al., 2012). In 

essence, such assumption is usually too ideal and may lead to under-estimation of 

energy/emissions. Barth & Boriboonsomsin (2008) showed that the CO2 emission rates 

collected during real world activities with speed fluctuations (especially minor 

acceleration) are higher than the rates collected during steady-state. Yang et al. (2011) 

reported that failing to capture small acceleration/deceleration perturbations can lead to 

under-estimated energy/emission results. This problem is related not only to the free-

flow vehicles, but also to the queued vehicles (which also include the cruise mode).  

In this research, random noise is added to replicate the speed fluctuations during the 

cruise mode. In particular, the author assumes that the speed (during the cruise mode) 

follows a Gaussian distribution, as in equation (6.12). Here random variable  ̂  stands 

for the approximated speed with Gaussian noise. The mean of the Gaussian distribution 

is the free-flow speed (   );   
  is the variance, which is calibrated using the ground 

truth speed data. It is worthy to mention that the variance is calibrated separately for the 

free flowing vehicles and the queued vehicles. In practice, this variance can be calibrated 

from historical data.  

                               ̂   (      
 )                                                                                                          (    ) 

The purpose of adding Gaussian noise is to simulate the speed fluctuations around 

the free-flow speed. The approximated second-by-second speed profiles are stochastic 

and may not perfectly represent the ground truth. However, in terms of the 

corresponding fuel consumption/emissions, the estimations using Gaussian noise are 

much more realistic compared with using constant speed. In Figure 6.4, comparisons are 

made between a ground truth free-flow vehicle, the same vehicle approximated using 

constant cruise speed, and the one approximated using Gaussian noise. It is found that 

the cruise mode approximated using constant speed will always lead to under-estimation 

of fuel consumption/CO2 emissions. In extreme cases, such under-estimation (with 

respect to individual vehicles) could be as large as 60%-70%. After Gaussian noise is 
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added to the cruise mode, it is found that fuel consumption/CO2 estimation becomes 

much closer to the ground truth. 

 

Figure 6.4: Ground truth vs. cruise with constant speed vs. cruise with Gaussian 

noise (A) time-space profiles; (B) time-speed profiles; (C) fuel consumption and 

CO2 emissions for passenger vehicle (CMEM output) 

6.3 Experiment and Numerical Results 

The proposed method is tested and validated using NGSIM Peachtree (real world) 

dataset and micro-simulation dataset, which are identical to the ones used in Chapter 5. 

In the experiments, the trajectory reconstruction method is first applied to estimate the 

vehicle trajectories of the entire traffic population (in the time-space domain) using 

samples collected by mobile traffic sensors. The trajectories are then transformed into 

the second-by-second speed profiles and used as the input to the micro-scale emission 

model (CMEM). It is assumed that all the vehicles belong to the same vehicle class 

(LDV17; see Scora & Barth, 2006). The output fuel consumption and emission results of 

individual vehicles are generated. Micro-scale and macro-scale comparisons are made 

between the estimated values and the ones generated using the ground truth trajectories. 

6.3.1 Results of NGSIM Peachtree Data 

The vehicle trajectories in the Peachtree dataset were extracted via recognition 

techniques using a 15-minute video file. The state-dependent acceleration pattern is 
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calibrated using the entire dataset, as shown in Figure 6.3(B). Note that due to 

insufficient data, the acceleration model is only able to provide estimation if the speed is 

less than 24 ft/s. For the acceleration at higher speed, constant acceleration rate (5.9 

ft/s
2
), calibrated from the dataset was used. The trajectory reconstruction model was then 

applied to a 600 feet arterial segment around the intersection of Peachtree St. NE and 

13
th

 St. NE, using samples of the trajectory data. The corresponding penetration rate of 

mobile sensing data varies from 20% to 100%. This is similar to the experiment in 

Chapter 5.  

Within the five (5) cycles that are under study, there are 10 free-flow vehicles (delay 

is less than or equal to 2 seconds) and 29 queued vehicles (travel time delay is larger 

than 2 seconds) going through this arterial segment. The constant deceleration rate is 5.0 

ft/s
2
. The constant acceleration rate is 4.3 ft/s

2
, which was considered as the benchmark 

to compare with the state-dependent acceleration scenario. In terms of the cruise mode, 

the standard deviation (  ) of the Gaussian noise is 1.7 ft/s for free-flow vehicle, and 

0.5ft/s for queued vehicles. These values were calibrated using the ground truth data.  

Macro-scale results for free-flow vehicles are listed in Table 6.1, including the 

distanced traveled estimated using the trajectory model, actual fuel use, carbon dioxide, 

carbon monoxide, hydrocarbons and oxide of nitrogen. Since the trajectory model is able 

to provide similar estimations for the free-flow vehicles at different sampling rate, the 

rate of penetration does not play an important role here. Compared with the ground truth 

results, the trajectory model slightly under-estimates the number of free-flow vehicles, 

this leads to an under-estimation (18.2%) of distance traveled. In an ideal case, if the 

emission model is “perfect”, one would expect the fuel consumption/emissions will also 

be under-estimated by 18.2%. By comparing the estimations using constant speed and 

Gaussian noise, it is found that the latter one provides under-estimated fuel/emissions 

results that are more consistent with the estimation of the distance traveled. This 

suggests that adding Gaussian noise to the cruise mode can significantly improve the 

estimation results.  
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Table 6.1: Macro-scale fuel consumption/emissions of free-flow vehicles (NGSIM) 

Scenarios Distance (mile) Fuel (grams) CO2 (grams) CO (grams) HC (grams) NOX (grams) 

Ground 

truth 
1.1 199.4 576.3 28.2 4.7 4.2 

Constant 

speed 
0.9 (-18.2%) 73.3 (-63.2%) 208.0 (-63.9%) 10.4 (-63.1%) 0.8 (-83.0%) 0.8 (-81.0%) 

Gaussian 

noise 
0.9 (-18.2%) 157.3 (-21.1%) 460.6 (-20.1%) 23.1 (-18.1%) 4.4 (-6.4%) 3.6 (-14.3%) 

In a similar format, Table 6.2 and Table 6.3 provide the macro-scale results for 

queued vehicles, obtained using constant acceleration and state-dependent acceleration, 

respectively. The constant acceleration scenario is considered as a benchmark. It turns 

out that the trajectory model provides reasonable estimation of the distanced traveled 

(varying from -3.1% to 6.3%), except the 100% penetration scenario. This is consistent 

with the previous observations in Chapter 5. The trajectory model is practically desirable 

since the performance is not very sensitive to the penetration rate. In the case of 100% 

penetration rate, in theory, the error would be zero. However, since the exact penetration 

of the data is usually unknown in practice, the trajectory model may estimate some 

“ghost vehicles” which do not exist in the real traffic. This leads to an over-estimation of 

the number of vehicles and distance traveled (25% as shown in Table 6.2 and Table 6.3). 

This scenario is extremely rare since the penetration rate is usually low in reality.  

By taking a close look at Table 6.2 and Table 6.3, it can be observed that both 

scenarios generate reasonable fuel consumption and emission estimations. In particular, 

the benchmark tends to under-estimated fuel consumption and emission results. With 

respect to fuel consumption, CO2 and NOX, the under-estimation is quite marginal; while 

for CO and HC, the under-estimation is quite large. In the state-dependent acceleration 

scenario, the estimation of fuel consumption, CO2 and NOX are reasonable; for CO, the 

estimations are much more realistic compared with the benchmark; for HC, the results 

are slightly improved, but still under-estimated.  

The observations can be well-explained by the proposed model and existing 

literatures. According to Rakha & Ding (2003), fuel consumption and NOX emission rate 

are not very sensitive to the level of acceleration, these values increase slowly as the 

level of acceleration increases; while the HC and CO emission rates are highly sensitive 
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to the level of acceleration. Therefore although the benchmark is not realistic, the fuel 

use, CO2 (CO2 is closed related to fuel use) and NOX can be well estimated, with only 

minor under-estimation. However, for CO and HC, since these values are highly 

sensitive to the level of acceleration, they cannot be well estimated in the benchmark 

scenario. In contrast, the state-dependent acceleration scenario is able to capture the 

large accelerations, which leads to slightly over-estimated fuel use, CO2 and NOX 

results. The estimation of CO is also much accurate compared with the benchmark. The 

only poorly estimated one is HC, which is under-estimated by more than 30% (despite 

the small improvements from the benchmark). This is because HC emissions are highly 

sensitive to the level of acceleration at high speed (Ahn et al., 2002; Bokare & Maurya, 

2013). Since there are not sufficient data to calibrate the state-dependent acceleration 

rates at high speeds (higher than 24 ft/s), only constant acceleration rate is considered, 

which leads to under-estimated HC results. The author expects the HC results will get 

significantly improved if there are enough data to calibrate the state-dependent 

acceleration rates at higher speeds. This is justified in the later experiment using micro-

simulation dataset. 

Table 6.2: Macro-scale fuel consumption/emissions of queued vehicles (NGSIM, 

constant ACCEL) 

Scenarios 
Distance 

(mile) 
Fuel (grams) CO2 (grams) CO (grams) HC (grams) NOX (grams) 

Ground truth 3.2 1211.5 3539.5 163.9 18.2 10.6 

20% pen. 3.4 (6.3%) 1234.1 (1.9%) 3794.1 (7.2%) 94.3 (-42.5%) 11.7 (-36.0%) 10.5 (-0.8%) 

40% pen. 3.1 (-3.1%) 1101.0 (-9.1%) 3383.8 (-4.4%) 86.9 (-47.0%) 10.7 (-41.5%) 9.9 (-6.7%) 

60% pen. 3.3 (3.1%) 1170.4 (-3.4%) 3595.0 (1.6%) 92.2 (-43.7%) 11.1 (-38.9%) 10.5 (-0.9%) 

80% pen. 3.3 (3.1%) 1164.5 (-3.9%) 3585.4 (1.3%) 92.5 (-43.6%) 11.3 (-38.0%) 10.4 (-1.8%) 

100% pen. 4.0 (25.0%) 1414.6 (16.8%) 4344.6 (22.7%) 111.1 (-32.2%) 13.6 (-25.3%) 12.5 (18.3%) 
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Table 6.3: Macro-scale fuel consumption/emissions of queued vehicles (NGSIM, 

state-dependent ACCEL) 

Scenarios 
Distance 

(mile) 
Fuel (grams) CO2 (grams) CO (grams) HC (grams) NOX (grams) 

Ground truth 3.2 1211.5 3539.5 163.9 18.2 10.6 

20% pen. 3.4 (6.3%) 1361.7 (12.4%) 3979.8 (12.4%) 191.4 (16.8%) 12.2 (-33.0%) 10.9 (2.8%) 

40% pen. 3.1 (-3.1%) 1196.0 (-1.3%) 3474.1 (-1.8%) 168.6 (2.9%) 11.1 (-39.0%) 10.4 (-1.9%) 

60% pen. 3.3 (3.1%) 1330.1 (9.8%) 3856.6 (9.0%) 192.1 (17.2%) 12.1 (-33.5%) 11.6 (9.4%) 

80% pen. 3.3 (3.1%) 1323.4 (9.2%) 3839.4 (8.5%) 188.2 (14.8%) 12.0 (-34.1%) 11.3 (6.6%) 

100% pen. 4.0 (25.0%) 1584.5 (30.8%) 4626.7 (30.7%) 226.8 (38.4%) 14.4 (-20.9%) 13.7 (29.2%) 

The overall estimation results for the entire traffic flow (free-flow vehicles and 

queued vehicles) are provided in Table 6.4. Under different penetration rate, the 

trajectory model provides reasonable estimation (varies from -10.2% to 12.1%) of the 

total distanced traveled. The estimations of total fuel consumption, CO2, HC and NOX 

emissions are typically within 10% of the ground truth values. The HC emissions are 

under-estimated across the board, mainly due to the lack of data to calibrate the 

acceleration rates at high speeds. The relative large error in the 100% penetration 

scenario only exists in theory (if penetration is very high and the exact rate is unknown) 

and rarely happens in real world applications. 

Table 6.4: Overall fuel consumption/emissions (NGSIM) 

Scenarios 
Distance 

(mile) 
Fuel (grams) CO2 (grams) CO (grams) HC (grams) NOX (grams) 

Ground truth 4.3 1410.9 4115.8 192.1 22.9 14.8 

20% pen. 4.2 (-2.8%) 1494.7 (5.9%) 4354.8 (5.8%) 210.1 (9.4%) 16.0 (-30.1%) 13.5 (-8.8%) 

40% pen. 3.9 (-10.2%) 1353.3 (-4.1%) 3934.7 (-4.4%) 191.7 (-0.2%) 15.5 (-32.3%) 14.0 (-5.4%) 

60% pen. 4.2 (-2.8%) 1482.9 (5.1%) 4291.2 (4.3%) 213.3 (11.0%) 16.3 (-28.8%) 14.9 (0.7%) 

80% pen. 4.2 (-2.8%) 1482.9 (5.1%) 4283.4 (4.1%) 210.9 (9.8%) 16.7 (-27.1%) 14.9 (0.7%) 

100% pen. 4.8 (12.1%) 1732.1 (22.8%) 5037.6 (22.4%) 247.2 (28.7%) 19.0 (-17.0%) 16.8 (13.5%) 

6.3.2 Results of Micro-Simulation Data 

Due to the small size of the NGSIM Peachtree dataset, the calibrated parameters in the 

proposed model are sometimes statistical insignificant. In extreme case, the dataset is 

even too small to capture the full range of the parameters, e.g., the state-dependent 

acceleration rates at high speeds. To address this issue, the proposed trajectory-based 
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emission model is also tested using a larger dataset obtained from traffic micro-

simulation.  

The simulation study area is in the City of Fresno, California; one can refer to CCIT 

(2006) and Liu & Jabari (2008) for details of how the micro-simulation model was 

developed and calibrated. The studied dataset includes the trajectories of 28 free-flow 

vehicles and 107 queued vehicles at a 700-feet long road segment around a signalized 

intersection. Twenty-two (22) cycles were randomly picked, which cover a variety of 

traffic volumes (ranging from 150veh/h to 800veh/h). Among all the vehicles that pass a 

cycle, only one queued vehicle was randomly sampled (for trajectory reconstruction). 

The corresponding penetration rates therefore range from 10% to 50%. The trajectory 

reconstruction results can be found in Chapter 5. In the experiment, constant 

deceleration rate (7.3 ft/s
2
) was considered. Constant acceleration rate (4.4 ft/s

2
) was also 

considered as a benchmark. The standard deviation (  ) of the Gaussian noise is 2.9 ft/s 

for free-flow vehicle, and 1.5 ft/s for queued vehicles. These parameters were calibrated 

using the data obtained from traffic micro-simulation.  

The fuel consumption/emissions results of free-flow vehicles are shown in Figure 

6.5. In terms of fuel consumption of individual vehicles, the errors are obtained by 

comparing the estimated results to the “ground truth” values that calculated in CMEM 

using the ground truth vehicle trajectories extracted from traffic simulation. The 

distributions of errors ((Figure 6.5(A) and Figure 6.5(B)) indicate that the estimations 

using constant speed usually result in large errors; in extreme cases, the errors could be 

as large as 60%-70%. While estimations using speeds with Gaussian noise can lead to 

overall better results. With respect to the average estimation results, it can be found in 

Figure 6.5(C) that the fuel use and emissions estimated using Gaussian noise are very 

close to the ground truth. 

The results of queued vehicles are shown in Figure 6.6. The distributions of errors in 

Figure 6.6(A) and Figure 6.6(B) indicate that state-dependent acceleration process 

outperforms the constant acceleration process and results in more accurate estimations. 

The average estimation results in Figure 6.6(C) also show that the estimations using 

state-dependent acceleration process are very close to the ground truth.  
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Figure 6.5: Fuel consumption/emissions estimation of free-flow vehicles (A) 

distribution of fuel consumption estimation error (free-flow with constant speed); 

(B) distribution of fuel consumption estimation error (free-flow with Gaussian 

noise); (C) Average estimation results 

 

Figure 6.6: Fuel consumption/emissions estimation of queued vehicles (A) 

distribution of fuel consumption estimation error (constant acceleration); (B) 

distribution of fuel consumption estimation error (state-dependent acceleration); 

(C) Average estimation results 

Macro-scale estimation results of all the queued vehicles (in the 22 cycles) are 

provided in Table 6.5. Similarly, the state-dependent acceleration scenario yields better 

estimation results in this case. It turns out the trajectory reconstruction model over-

estimates the number of queued vehicles by 9.9%, which in theory should lead to higher 

fuel use/emissions. Such effects are reflected in the fuel consumption and CO2 emission 

results estimated using the state-dependent acceleration scenario. However, for other 

measures, e.g., the fuel use, CO, HC and NOX emissions estimated using constant 

acceleration rate, or the CO, HC and NOX emissions estimated using the state-dependent 
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acceleration scenario, over-estimations are not observed. This in turn implies that the 

trajectory-based method under-estimates these values, especially CO. One possible 

reason for this is that the calibrated acceleration rates at large speeds are a bit small (due 

to fluctuation), which is found to have large impacts on the CO emissions. 

By combining the results of queued and free-flow vehicles, the fuel 

consumption/emissions for the entire traffic population can be acquired as in Table 6.5. 

The results reveal that the trajectory-based method over-estimates the total distanced 

traveled by 6.0%. The estimations of total fuel use, CO2, HC and NOX are within 15% of 

the ground truth values. CO emission is under-estimated by 24.8%, which is possibly 

caused by the slight under-estimation of acceleration rate at large speed as 

aforementioned. 

The performance of the proposed model is also evaluated based on micro-scale 

results. As an example, Table 6.6 illustrates the ground truth and estimated fuel 

consumption and emissions for each individual vehicle that passes the intersection 

within one cycle. The estimated trajectories of all the vehicles (queued and free-flow 

vehicles) are based on one sample (vehicle 4) that occurs in this cycle. Notice that the 

trajectory-based method estimates 7 queued vehicles and 1 free-flow vehicle, which is 

different from the ground truth (6 queued vehicles and 2 free-flow vehicles). These 

results are very typical for estimations using mobile sensing data, due to the fact that 

mobile sensing data can only capture samples of the traffic population. As a 

consequence, the estimated number of vehicles may not match the ground truth, which is 

considered as a major source of error. In this example, since one free-flow vehicle 

(vehicle 7) is incorrectly estimated as a queued vehicle, the corresponding fuel 

consumption and emissions are over-estimated. In general, for the cases that the number 

of vehicles (within one cycle) is well-estimated, the estimation results should be close to 

the ground truth. It can also be observed from the ground truth results that the fuel 

consumption and CO2 emissions are higher for the vehicles at the front of the queue, due 

to the large acceleration rate and longer idle time associated with these vehicles. Such 

trend is well-reflected in the results of the trajectory-based method. 
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Table 6.5: Macro-scale fuel consumption/emissions estimation 

Vehicle 

type 
Scenario 

Distance 

(mile) 
Fuel (grams) CO2 (grams) 

CO 

(grams) 

HC 

(grams) 

NOX 

(grams) 

Free-

flow 

Ground truth 4.1 885.3 2559.0 132.8 14.8 21.5 

Constant speed 3.8 (-7.3%) 367.6 (-58.5%) 
1174.9  

(-54.1%) 

38.9  

(-70.7%) 

3.1  

(-79.1%) 

9.3 

 (-56.7%) 

Gaussian noise 3.8 (-7.3%) 796.2 (-10.1%) 
2304.6  

(-9.9%) 

127.7  

(-3.8%) 

14.8  

(0%) 

20.4  

(-5.1%) 

Queued 

Ground truth 14.1 6530.4 16782.7 2304.2 64.9 71.4 

Constant 

acceleration 
15.5 (9.9%) 6073.9 (-7.0%) 

17018.4  

(1.4%) 

1019.4  

(-55.8%) 

56.6  

(-12.8%) 

50.9  

(-28.7%) 

State-dependent 

acceleration 
15.5 (9.9%) 6818.2 (4.4%) 

18941.1  

(12.9%) 

1704.3  

(-26.0%) 

62.7  

(-3.4%) 

60.3 

 (-15.5%) 

Overall 

Ground truth 18.2 7415.7 19341.7 2437.0 79.7 92.9 

Trajectory-based 

method 
19.3 (6.0%) 7614.4 (2.8%) 

21245.7  

(9.8%) 

1832.0  

(-24.8%) 

77.5  

(-2.8%) 

80.7 

 (-13.1%) 

Table 6.6: Micro-scale fuel consumption/emissions (one cycle) 

Ground truth 

Cumulative 

vehicle number 

Traffic 

state 

Distance 

(mile) 
Fuel (grams) 

CO2 

(grams) 

CO 

(grams) 

HC 

(grams) 

NOX 

(grams) 

1 Queued 0.13 70.9 186.5 26.7 0.7 0.6 

2 Queued 0.13 61.5 151.7 26 0.5 0.7 

3 Queued 0.14 60.9 155.5 19.2 0.8 0.8 

4 (sampled) Queued 0.14 56.1 144.8 18.8 0.4 0.7 

5 Queued 0.13 53.2 145.6 13.5 0.4 0.7 

6 Queued 0.13 46.3 128.6 11.7 0.4 0.8 

7 Free-flow 0.13 26.9 78.2 3.8 0.6 0.7 

8 Free-flow 0.14 30.5 85.3 4 0.6 0.8 

Total - 1.07 406.1 1076.2 123.7 4.4 5.8 

Trajectory-based method 

Cumulative 

vehicle number 

Traffic 

state 

Distance 

(mile) 
Fuel (grams) 

CO2 

(grams) 

CO 

(grams) 

HC 

(grams) 

NOX 

(grams) 

1 Queued 0.13 66.1 188.5 13.3 0.6 0.5 

2 Queued 0.13 62.4 175.8 13.4 0.5 0.6 

3 Queued 0.14 61.4 171.1 14.4 0.6 0.6 

4 Queued 0.14 58.5 161.3 14.4 0.5 0.6 

5 Queued 0.13 52.2 155.5 15.2 0.6 0.7 

6 Queued 0.14 57.6 155.8 16.6 0.5 0.7 

7 Queued 0.14 52.4 139.7 16.5 0.5 0.6 

8 Free-flow 0.13 25.5 74.8 3.9 0.6 0.7 

Total - 1.08  436.0  1222.5 107.7 4.4 5.0 

Difference - 0.9% 7.4% 13.6% -12.9% 0 -13.8% 
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6.4 Summary 

In this chapter, a trajectory-based method was proposed to estimate vehicular fuel 

consumption and emissions along signalized arterials using mobile sensing data. Using 

samples collected by mobile sensing devices, the proposed method extended the 

trajectory reconstruction model proposed in Chapter 5 to estimate the trajectories for the 

entire traffic population, including free-flow vehicles and queued vehicles. Uniform 

deceleration and state-dependent acceleration processes calibrated from ground truth 

data were added to the reconstructed trajectories of queued vehicles. Random noise was 

added to represent the speed fluctuations during the cruise mode. The reconstructed 

vehicle trajectories in the time-space domain were then decomposed into different 

driving modes and transformed into the time-speed domain. The estimated second-by-

second speed profiles were used as the input to the CMEM model. The estimated fuel 

consumption and emissions results from the estimated trajectories were evaluated 

against those obtained from the ground truth trajectories in the NGSIM Peachtree dataset 

and the traffic micro-simulation dataset.  

The results showed that adding random noise to the cruise mode and using state-

dependent acceleration process lead to improved estimation results. The estimated total 

fuel consumption and emissions were typically within 10-15% of the ground truth values. 

It was also found that the CO and HC emissions are sometimes largely under-estimated 

(by 25% - 40%). One possible reason is that the calibrated state-dependent acceleration 

process or constant acceleration rate (as in the NGSIM experiment) under-estimate the 

acceleration rates at high speeds. This will be further verified in the future studies. The 

vehicle-based estimation results indicated that if the number of vehicles can be well 

estimated, the corresponding estimation results are usually quite close to the ground truth 

values. However, if the number of vehicles in one cycle or the traffic state associated 

with each vehicle is incorrectly estimated, the errors (in terms of individual estimations) 

could be large.  
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7. Fine-Grained Modeling of Arterial Traffic: A Data Fusion and 

Information Integration Approach 

It is a longstanding goal for transportation researchers to model and understand how 

traffic distribute and propagate along road networks, based on collected traffic data. 

With respect to the way data are collected, traffic data can be broadly categorized into 

fixed-location data (e.g., inductive loop, magnetic, radar, infrared, acoustic, cameras, 

etc.) and mobile sensing data (e.g., GPS). While both data sources have their own 

advantages and provide some insights of the entire traffic, each source itself is usually 

incomplete and biased. Fixed-location data can provide traffic information (e.g., volume 

and occupancy) at pre-defined locations, but cannot fully capture the traffic progression 

over space. Mobile sensing data offer more detailed spatial coverage (e.g. travel time 

and space-mean speed) but are in general sparsely sampled over time.  

In previous chapters, the proposed mobile-sensing-based traffic models were built 

on a common assumption, that is, the size of mobile sensing data (e.g., travel times or 

vehicle trajectories) should be “large enough” depending on different applications and 

provide meaningful coverage of the traffic flow. For example, to reconstruct vehicle 

trajectories using mobile sensing data, the proposed models require at least one sample 

(queued) vehicle within each cycle. For those cycles that are not covered by mobile 

sensing data, the traffic models cannot be applied. This assumption is not always 

practical in real world situations, since the current penetration of mobile traffic data is 

low in most cases and will remain low in the near future. In the meantime, since there 

are errors and inaccuracies associated with both data sources, the collected data may not 

perfectly match with each other. For example, considering a probe vehicle that passes a 

point detector, the timestamp recorded by the point detector might be significantly 

different from that in the probe data.  

To resolve these issues, recent research have suggested the use of data fusion 

techniques that can take the advantage of each data source and use both sources to 

validate each other. Indeed, data fusion techniques have been widely applied in many 

transportation fields, such as vehicle tracking, positioning and motion prediction (Shan 

et al., 2013; Salameh et al., 2013), safety control and risk assessment (Logi & Ritchie, 

2001; Bifulco et al., 2011; Ahmed & Abdel-Aty, 2013), vehicle classification (Junghans 
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& Jentshel, 2007), eco-driving/eco-routing (Boriboonsomsin et al., 2012), in addition to 

traffic state estimation and prediction (Deng et al., 2013; Antoniou et al., 2013).  

Most existing traffic data fusion models focus on aggregated characteristics such as 

average volume, travel time and speed (Sun et al., 2009; Kong et al., 2009; Ou et al., 

2010; Du et al., 2012; Bachmann et al., 2013; Box et al., 2013; Antoniou et al., 2013). 

These models mainly concern macroscopic/large-scale traffic patterns and do not look 

into the details of traffic problems. As novel technologies continue to emerge, high 

resolution traffic data (e.g., event-based fixed-location data, second-by-second GPS 

traces) become increasingly available. This has enabled fine-grained traffic modeling 

(Ban et al., 2009a; Ban et al., 2011a; Ban & Gruteser, 2012; Hao et al., 2012; Sun & 

Ban, 2013a; Sun et al., 2013), which targets detailed modeling of urban traffic states and 

performance measures, such as individual travel times and vehicle trajectories/emissions, 

real-time performance of urban traffic signals. To date, most research on this topic is 

conducted using single-source data. And only a handful of studies (Berkow et al., 2009; 

Sun & Ban, 2011; Wolfermann et al., 2011; Mehran et al., 2012; Deng et al., 2013) 

attempted to combine stationary and mobile sensing data sources for fine-grained traffic 

modeling.  

There are some challenges that have not been fully considered in these existing 

studies. First, the estimated travel times and trajectories of individual vehicles (if not 

captured by the mobile sensing data) are usually governed by macroscopic traffic flow 

model (e.g. Lighthill-Whitham-Richards model or Newell’s simplified kinematic wave 

theory), which cannot capture microscopic/individual behavior (e.g., the detailed 

acceleration/deceleration process of a vehicle). Second, existing models are usually 

restricted to lane-by-lane estimation. Overtaking is prohibited in most cases by assuming 

first-in-first-out (FIFO). Lane changing/splitting and traffic merging from side streets are 

rarely considered. These challenges may lead to erroneous and conflicting estimations 

along a traffic corridor/network. Last but not least, data error, and missing and 

mismatching data (between stationary data and mobile sensing data) problems have not 

be rigorously considered. These challenges will be addressed in this research. 

In this chapter, the author proposes a stochastic method to model and interpret 

traffic along urban arterial corridors based on heterogeneous data sources. The method 
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attempts to validate fixed-location data and mobile sensing data against each other and 

match the vehicle records at upstream with those collected at downstream sensor 

locations. By doing so, the model can obtain individual travel times of the matched data 

pairs. The proposed method is not restricted to specific sensor configuration and lane-by-

lane estimation. Instead, overtaking and lane changing can be consistently captured. 

Results from the method can be directly applied to estimate vehicle trajectories along 

arterial corridors, estimate vehicle-by-vehicle fuel consumption/emissions, and help 

infer real-time queuing processes at signalized intersections.  

7.1 Problem Decomposition and Data Description 

In this research, the author is interested in explaining how traffic flow propagates along 

an urban arterial corridor. Due to the stochastic nature of traffic flow at urban arterials, 

this problem cannot be easily solved using classic traffic flow model (e.g., macroscopic 

models) that assumes homogeneous flow characteristics. In fact, an arterial corridor is 

usually a multi-input and multi-output open system which continuously interacts with its 

neighboring corridors/networks. To model the traffic in such an open system, the 

relationships between its inputs and outputs need to be carefully considered.  

7.1.1 Problem Decomposition 

In this subchapter, the author proposes a problem decomposition approach to divide a 

large open system into a few sub-systems so that the traffic problem in each sub-system 

becomes easy to solve. In particular, a corridor is divided into a group of sub-systems at 

intersection upstream (see Figure 7.1(a)), and a group of sub-systems at intersection 

downstream (see Figure 7.1(b)). The locations of stationary sensors are indicated by the 

boxes.  

As shown later, the traffic problem in each sub-system can be solved separately. 

Since the downstream detectors (denoted by the squares) at intersection upstream can be 

(partially) considered as the upstream detectors at intersection downstream. The 

solutions at an upstream sub-system (e.g., intersection upstream or Figure 7.1(a), vice 

versa) can be treated as the input to the downstream sub-system (e.g., intersection 
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downstream or Figure 7.1(b), vice versa). Therefore traffic at upstream and downstream 

locations can be linked along the entire corridor.  

 

Figure 7.1: Problem decomposition; (A) A sub-system at intersection upstream; (B) 

A sub-system at intersection downstream 

The two decomposed sub-systems describe two different problems that are essential 

to arterial corridor traffic. At the intersection upstream, the primary interest is on 

vehicles’ lane-choice decisions. That is, some vehicles will take the left-turn lane (i.e., 

   ) or make a right-turn (i.e., at    ) and leave the corridor, in addition to the ones 

that are making through movement (i.e., at     or    ). At the intersection 

downstream, the interest is on vehicles merging from the intersection upstream (i.e.,    

 ) and from the side streets (i.e.,      and     ). These two traffic problems can be 

captured using the same modeling framework as introduced in Chapter 7.3. 

7.1.2 Data Description 

The traffic data considered in this chapter come from two different types of data 

collection systems: (i) fixed-location data are collected using stationary traffic sensors as 

indicated by the boxes in Figure 7.1, which could include the data collected using 

inductive loop detectors or magnetic sensors that record the time whenever a vehicle 

passes a predefined location (called event-based); and (ii) mobile sensing data are 

collected using devices with tracking capabilities, which could include the GPS trace or 
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departure time records for the same vehicle (e.g., via Bluetooth records or Vehicle-to-

Infrastructure communications) collected at discrete locations.  

The fixed-location data considered in this research are lane-specific. That is, 

whenever a vehicle passes a stationary sensor on one lane, the timestamp and 

corresponding lane information are recorded. The fixed-location data from all the lanes 

at one location (e.g., from      and      in Figure 7.1(a)) are then grouped and sorted 

by time. Therefore a sequence of fixed-location records can be obtained at each sensor 

location. Noteworthy that the records from multiple traffic movement in Figure 7.1(b), 

i.e.,     ,       and      are also grouped and sorted. They are considered as a 

single input to the sub-system at intersection downstream. As a result, within each sub-

system, the input and output data are sequences of records collected at upstream and 

downstream locations, respectively.  

In addition to fixed-location data, mobile sensing data (vehicle traces or travel time 

pairs) can also be collected within each sub-system. Using mobile sensing data, the 

corresponding time records can be readily found at each stationary sensor location 

(where fixed-location data are collected). The mobile sensing dataset are sorted by the 

timestamp at the downstream sensor location. In this chapter, the author assumes that 

lane information or movement direction is not available from the mobile sensing data. 

Mobile sensing data can help validate the fixed-location records and make connections 

between the input and output data.  

The collected data can be visualized in a time-space diagram, as shown in Figure 

7.2. It is worthy to mention that for the same vehicle, its fixed-location record and the 

mobile sensing record (if this vehicle is equipped with mobile sensing devices) may not 

be perfectly consistent with each other. This is not rare in real applications due to the 

measurement error and poor synchronization between these two datasets. This problem 

is captured by the proposed model in Chapter 7.3.  

Given these data elements, the fundamental goal is to match the upstream data 

records with the downstream ones, so that a complete picture of the traffic problem can 

be revealed. For two fixed-location records that are matched with the mobile sensing 

records at the upstream and downstream locations (i.e., they correspond to the same 

probe vehicle), these two records are directly matched; see Figure 7.2. Therefore the 
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original problem is reduced to a matching problem between the upstream and 

downstream fixed-location records that are not marked by the mobile sensing records. In 

the following subchapters, the author proposes a stochastic model and solution method 

to solve this problem.  

 

Figure 7.2: Visualization of fixed-location data (intersection upstream) 

7.2 Information Acquisition from Historical Data 

The stochastic model is concerned with the “most probable” matching results between 

the upstream and downstream fixed-location records. In order to make the stochastic 

model more realistic, traffic knowledge such as lane choice decision, traffic merging and 

travel time information obtained from the historical dataset are integrated into the model. 

7.2.1 Lane Choice and Traffic Merging  

For the sub-system at intersection upstream, consider one vehicle on lane   at 

downstream, the lane choice likelihood indicates how likely this vehicle comes from 

lane   at upstream  (    ) , which is represented as equation (7.1). Here   
  is the 

number of historical data samples that go through both downstream lane   and upstream 

lane  ; and the denominator is the total number of historical data samples that are on 

lane   at downstream.  

                             (   
   )  

  
 

∑   
  

  
                                                                                                   (   ) 

With respect to the sub-system at intersection downstream, equation (7.1) can be 

directly applied to represent the traffic merging from the upstream through movement 
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and the turning movements. For example, consider one vehicle at downstream (  equals 

to 1 and can only be 1; see Figure 7.1(b)), the traffic merging likelihood indicate how 

likely this vehicle comes from the side streets or through movement at upstream 

locations.  

7.2.2 Travel Time Information 

Given certain lane choice or traffic merging, the probability density of travel time can be 

denoted as   (   
      ). This term concerns with the probability of taking travel time 

  (      ) from an upstream lane or movement direction    to a downstream lane or 

lane group  . To illustrate the concept, Figure 7.3 shows the travel time histograms of all 

the possible lane choices for the sub-system at intersection upstream. The lane 

configuration in this example is identical to that in Figure 7.1(a).  

 

Figure 7.3: Travel time plots at intersection upstream; (A)         ; (B)   
      ; (C)         ; (D)         ; (E)         ; (F)          

In Figure 7.3, each subplot represents the travel time histogram for a given possible 

lane choice. A bi-modal travel time trend can be observed in most scenarios, this is 

because some vehicles traverse the sub-system without experiencing much delay (free-

flowing), they correspond to the samples that have lower travel times; and some vehicles 

get delayed before they pass the downstream sensor location (e.g., due to red signals), 

they correspond to the samples that have higher travel times. Note that the frequencies 

for some lane choices are quite low. This is because not many samples are observed in 
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the historical dataset. An extreme case is found in Figure 7.3(D), in which no travel time 

samples are available. This is because it is very unlikely to have a vehicle that comes to 

the left-turn lane (    ) from the rightmost lane at upstream (   ).  

Non-parametric methods are applied to estimate the travel time distributions based 

on historical traffic datasets. To deal with the sparsely sampled lane choices, the travel 

time distributions are estimated using kernel smoothing density estimation (see Bowman 

& Azzalini, 1997). It can be represented as equation (7.2).  

                        (   
      )            (  

         )                                                                      (   ) 

Here   
     represents the set of historical travel times for the vehicles that pass lane 

   at upstream and lane   at downstream, in sequence. This historical travel time dataset 

is used to calculate the non-parametric travel time density function. Now given a pair of 

fixed-location records, the corresponding probability density can be found at travel 

time     . 

7.3 Traffic Data Fusion and Information Integration 

In this subchapter, a stochastic model is developed to capture the matching (data fusion) 

problem between the fixed-location data and mobile sensing data. The model is also able 

to integrate the historical lane choice/traffic merging and travel time information.  

7.3.1 Matching between Fixed-Location Data and Mobile Sensing Data 

The author first defines a set of random variables  {    |        } , which 

indicates the downstream fixed-location index of the  th vehicle in the mobile dataset. 

That is, for the  th vehicle in the mobile dataset (out of the total number of   mobile 

sensing records), its corresponding index in the fixed-location dataset at downstream. 

Similarly, another set of random variable {  
    |        } can be defined, which 

represents the upstream fixed-location index of the  th vehicle in the mobile dataset. 

Note that the number of mobile sensing records at upstream equals to the number at 

downstream ( ).  

Based on    and   
 , the author further defines  (  ) and  (  

 ), which stand for 

the matching probability between a fixed-location record and a mobile sensing record, at 



 

     125 

downstream and upstream locations, respectively. In practice, these two types of 

probabilities (densities) can be calculated using the probability functions provided by the 

domain experts, which are related to the accuracy of both data sources and how well 

these two datasets are synchronized with each other. Ideally, if both two data sources are 

“perfect” and synchronized,  (  ) should equal to 1 if       
, and 0 otherwise.  

Assuming independent matching between mobile sensing records and fixed-location 

records, the joint probabilities of a matching between the fixed-location dataset and the 

mobile sensing dataset can be represented as equation (7.3) for downstream and equation 

(7.4) for upstream. In these equations, we need         and   
      

  to ensure the 

each mobile sensing record is matched only once to a fixed-location record.  

                           ( )  ∏ (  )

 

   

                                                                                       (   ) 

                (  )  ∏  (  
 ) 

        
      

                                                                          (   ) 

7.3.2 Matching Probability of Fixed-Location Data 

To describe the matching probability between the fixed-location data at downstream and 

upstream, the author defines another set of random variables  {    |        } , 

which represents the upstream fixed-location index of the  th vehicle in the downstream 

fixed-location dataset. Here the total number of downstream fixed-location records is 

denoted by   . According to the configuration of upstream and downstream fixed-

location sensors (see Figure 7.1),   will always be smaller or equal to the total number of 

upstream fixed-location records (say   ), therefore each vehicle in the downstream fixed-

location dataset can always find a corresponding record in the upstream dataset. 

Consider a downstream fixed-location record  (     ), and an upstream fixed-location 

record (  
    

 ), the matching probability between these two records can be expressed 

as   (    ) . This probability is formulated as the product of lane choice/traffic 

merging likelihood and the travel time probability (density), see equation (7.5). 

                   (    )    (     
 )  (     

       
 )                                                                        (   ) 

Assuming independent matching between fixed-location records, the joint 

probabilities of a matching between the upstream fixed-location dataset and the 
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downstream fixed-location dataset can be expressed in equation (7.6). We need    

     to ensure that each downstream fixed-location record is matched only once to an 

upstream fixed-location record. 

                              ( )  ∏ (  )

 

   

                                                                                       (   ) 

7.3.3 Model Formulation 

Assuming independency for matching between fixed-location records and matching 

between fixed-location records and the mobile sensing records, the overall matching 

problem can be formulated as an integer optimization model in (7.7).  
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In this optimization model, the objective (7.7.1) is to maximize the overall matching 

probability. The constraints in (7.7.2), (7.7.3), and (7.7.6) are used to ensure the one-to-

one matching as discussed in the previous subchapter. Constraint (7.7.4) is used to make 

sure that for two matched downstream mobile sensing records, their relative sequences 

in the mobile sensing dataset (mobile sensing data are sorted by their downstream time) 

and in the downstream fixed-location dataset should be consistent. Constraints (7.7.5) 

and (7.7.7) are used to make sure the matching between the upstream fixed-location 
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records and downstream fixed-location records are only conducted for these records that 

are not marked by the mobile sensing records. For a pair of fixed-location records that 

are marked by the same mobile sensing record (e.g., vehicle   ), they are directly 

matched, as indicated in Figure 7.2. Constraint (7.7.8) is the first-in-first-out (FIFO) 

condition, which is used to prohibit over-takings for vehicles that have the same lane 

choice/movement direction. That is, if two vehicles are on the same upstream lane and 

the same downstream lane (or sharing the same movement direction, as in Figure 

7.1(b)), their relative sequences in the upstream fixed-location dataset and the 

downstream fixed-location dataset have to be consistent. It is worthy to mention that the 

FIFO condition is not a “must-have” in the optimization model. In theory, over-takings 

can happen because one vehicle can overtake another vehicle and gets back to the 

original lane/lane group; however, for a corridor with short link segments (as it is in the 

NGSIM data), adding this FIFO constraint usually leads to better matching results.  

7.3.4 Solution Method 

The proposed optimization model can be solved using a two-step approach. In the first 

step, all possible outcomes of   and    can be enumerated based on constraints (7.7.2) 

to (7.7.4). In practical terms, consider a real time application of 15 or 30 minutes 

interval, the penetration of mobile sensing data is usually low and the size of   and    

is not large within a sub-system. Moreover,   and    are also tightly bounded by the 

constraints. Therefore, enumerating all possible outcomes of   and    usually should 

not be too computational demanding.  

The second step starts from constraint 7.7.5, which attempts to optimize the 

matching between downstream and upstream fixed-location data, based on a possible 

outcome of   and   . Due to constraint (7.7.7), some downstream and upstream fixed-

location records are already marked by the mobile sensing matching result (  and   ). 

Therefore the matching only needs to be done for those unmarked fixed-location records.  

Nonetheless, the aforementioned matching problem is difficult to be solved exactly. 

This needs to be distinguished from the matching of between fixed-location data and 

mobile sensing data (  and   ). The total number of mobile sensing records is usually 

low but the total number of fixed-location records could be quite large (e.g., hundreds of 
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records in a 15-30 minutes time interval). As a result, enumerating all possible outcomes 

of this matching problem is extremely computational expensive.  

To avoid enumerating all possible outcomes, the permutation problem is solved 

using a heuristic procedure called tabu search. The tabu search procedure is applied to 

guide the searching process to avoid from being trapped at local optimal solutions. The 

overall searching procedures are summarized below in Figure 7.4. For more details 

regarding how tabu search can be conducted, one can refer to Glover (1990) and Glover 

et al. (1995); details are omitted here. 

 

Figure 7.4: Searching procedures 
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7.4  Experiment and Numerical Results 

Numerical experiments are conducted using the NGSIM dataset that has been 

extensively explored in the previous chapters. This arterial corridor includes four 

signalized intersections, and one intersection controlled by stop signs. Similar to Chapter 

3, the stop sign-controlled intersection is not considered in the data analysis. Particularly 

for the southbound direction (traffic density is higher at southbound), the corridor were 

decomposed into 6 sub-systems, including 3 sub-systems at intersection upstream, and 3 

sub-systems at intersection downstream. The sensor locations and traffic merging 

situations are similar to the examples provided in Figure 7.1.  

During the 15 minutes data collection period, the traffic volume that passes each 

sub-system is in the range of 100 to 200 vehicles. Trajectories of the entire traffic 

volume are available in the NGSIM dataset. The fixed-location sensors were (virtually) 

deployed close to the stop bars, and the upstream locations of the road segments. They 

were designated to replicate the locations of the stop bar detectors and advance detectors 

that are widely adopted in practice. Fixed-location records (i.e., time, lane 

number/movement direction) were collected at these sensor locations. To simulate the 

mobile sensing environment, all the trajectories were randomly sampled based on 

different penetration rates, and truncated according to the sensor locations.  

The ground truth NGSIM data were applied as the historical dataset, based on which 

the travel time distribution, lane choice and traffic merging likelihood were empirically 

calculated. The proposed system of equations (7.7) were used to formulate the matching 

problem for each sub-system, the problem was solved using the solution method 

proposed in Chapter 7.3.4. To simplify the discussion, the author only shows the results 

for the scenario with perfect data accuracy and synchronization. The problem is thus 

reduced to the optimization problem represented by the objective (7.7.1) and constraints 

(7.7.5) to (7.7.8). The matching results of all the sub-systems are integrated to generate 

the individual corridor travel time of the vehicles that pass the entire corridor. The travel 

times of the vehicles that enter or leave the corridor from the intermediate intersections 

are not considered in the analysis.  
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7.4.1 Matching Results at Intersection Upstream 

As an example, Figure 7.5 indicates the matching results for the sub-system at 

intersection upstream. The matching accuracy is defined as the percentage of 

downstream fixed-location records that have been correctly matched with the upstream 

fixed-location records. In order to quantify the impact of mobile sensing data, the 

experiments were conducted using mobile sensing data with different penetration rates 

(the x-axis). To justify the necessity of the proposed searching approach, the author 

compares the results of the tabu search approach with the ones obtained using naïve 

matching. The naïve matching approach refers to the initial matching solution generated 

at the first step in Figure 7.4.  

The results indicate that the solutions obtained using the tabu search method are 

significantly better than using the naïve matching method, especially if the penetration of 

mobile sensing data is low. At zero penetration (mobile sensing data are not considered), 

the accuracy is 23.0% for naïve matching, 33.0% for tabu search without FIFO 

constraint, and 36.8% for tabu search with FIFO constraint. At 30% penetration, the 

accuracy is 38.8% for naïve matching, 46.4% for TS without FIFO, and 55.5% for TS 

with FIFO. The matching accuracy improves significantly if the penetration of mobile 

sensing data increases.  

In this specific example, the solutions with FIFO constraints outperform the ones 

without FIFO constraints. This is because the sub-system is not long enough to permit 

frequent overtaking activities. Figure 7.6 shows the results for another sub-system at 

intersection upstream; the total distance of this sub-system is relatively long. The plots 

indicate that when penetration rate is higher than 30%, the solutions without FIFO 

constraints become better than the ones with FIFO constraints. In particular, at 80% or 

90% penetration rate, the solutions of naïve matching and TS without FIFO are 100% (or 

almost 100%). However, the solutions with FIFO constraint are about 95%. This is a 

clear evidence of overtaking. Since the FIFO constraint prohibits overtakings, this has 

led to incorrect matching results.  
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Figure 7.5: Matching result at intersection upstream (intersection 1) 

 

Figure 7.6: Matching results at intersection upstream (intersection 3) 

7.4.2 Matching Results at Intersection Downstream 

Compared with the results at intersection upstream, the solutions at intersection 

downstream are much better. In Table 7.1, the results obtained using the naïve matching 

method are usually as high as 80%-90%, even at low penetration. This is mainly because 

the traffic signals have regulated the traffic discharging process at the intersections. That 

is, for the traffic that are in the same movement direction (e.g., left-turn traffic from side 

street), a dedicated signal phase is assigned to these vehicles and their indices in the 

traffic stream will usually remain the same. The only possible disturbance is brought by 
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the permitted right-turn (turn on red) vehicles from the side streets. However, since the 

side street traffic volume is low in the NGSIM dataset, this disturbance is quite minor. It 

is found that the solutions obtained using the tabu search method are better than or at 

least similar to the ones estimated using the naïve matching method.  

Table 7.1: Matching results at intersection downstream 

Intersection no. Searching method Matching accuracy (0, 20%, 50%, 80% penetration) 

1 
Naïve matching 85.4% 89.5% 95.5% 99.0% 

Tabu search 88.9% 93.5% 96.5% 100% 

2 
Naïve matching 78.7% 92.9% 98.8% 100% 

Tabu search 90.5% 94.1% 98.8% 100% 

3 
Naïve matching 94.9% 96.2% 96.2% 100% 

Tabu search 94.9% 96.2% 96.2% 100% 

7.4.3 Corridor-Level Matching Results 

By linking the matching results at each sub-system with the input data at the downstream 

sub-system, the fixed-location data can be connected along the corridor. In Table 7.2, the 

corridor-level matching results (i.e., for the vehicles that traverse the entire corridor) are 

compared with the ground truth. Note that here global sampling scheme was applied to 

the mobile sensing data. This implies, if the penetration rate of mobile sensing data is 

20%, then statistically the corridor matching accuracy should be 20% without running 

any matching algorithm. The results show that the naïve matching method can improve 

the corridor matching accuracy by 10.0% to 17.9%, depending on the mobile 

penetration. Compared with the naïve matching method, the proposed tabu search 

method significantly improves the matching results.  

One straight-forward application of the proposed data fusion and information 

integration approach is to estimate individual corridor travel times. For the vehicle 

records that are correctly matched, the travel time error is zero; for the vehicles that are 

mismatched, the travel time errors are the absolute differences in terms of travel time; 

for the vehicle records that are linked outside of the corridor, their travel time errors are 

not considered in the comparison. The Root Mean Square Error (RMSE) of the 

estimated individual travel times are provided in Table 7.2.  
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Table 7.2: Corridor-level matching results and individual travel time 

Searching 

method 

Mobile 

Penetration 

Corridor matching 

accuracy 

RMSE of individual corridor 

travel time (seconds) 

Naïve 

matching 

0 19.0% 13.4 

20% 37.9% 10.1 

50% 64.7% 3.0 

80% 90.0% 0.9 

TS without 

FIFO 

0 24.1% 9.3 

20% 50.0% 7.8 

50% 77.6% 2.1 

80% 98.3% 0.5 

TS with FIFO 

0 33.6% 8.5 

20% 50.0% 7.4 

50% 77.6% 1.9 

80% 99.1% 0.1 

The results of individual travel times are consistent with the patterns revealed by the 

matching accuracy results. Compared with the naïve matching method, the proposed 

method is able to estimate individual corridor travel times more accurately. In particular, 

the author finds that the tabu search method with FIFO constraints outperforms the one 

without FIFO constraint. This is probably due to short road segments, which reduces the 

frequency of overtaking. This finding needs to be further justified/validated by 

conducting similar experiments on corridors with longer road segments.  

7.5 Summary 

In this chapter, the author proposed a data fusion and information integration approach 

to interpret traffic propagation along arterial corridor. This was done by continuously 

making connections between the upstream and downstream traffic data at various 

stationary sensor locations. Travel information such as travel time, lane choice and 

traffic merging were integrated into the matching algorithms. By validating the fixed-

location data against mobile sensing data, some upstream and downstream fixed-location 

records can be directly matched, and the matching results can therefore be significantly 

improved. Compared with the naïve matching method (i.e., matching based on vehicle 
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indices), the results indicated that the proposed method yields better matching results 

and can estimate individual corridor travel time more accurately. At 20% mobile 

penetration, the proposed method correctly matched 60%-70% vehicle records at the 

sub-systems at intersection upstream, and about 95% vehicle records at the sub-systems 

at intersection downstream. At the corridor-level, it correctly matched 50% vehicle 

records, and the RMSE of the estimated individual corridor time is about 7.4 seconds.  

The proposed method does not require signal timing information. In fact, signal 

timing information can be inferred from the matching results. This is discussed in 

Kwong et al. (2009). Within each sub-system, the matching results can be used to further 

infer queue length information, and estimate vehicle trajectories and energy/emissions. 

The methods proposed in Chapter 5 and Chapter 6 can also be applied in this regard.  
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8. Concluding Remarks 

8.1 Conclusions and Findings 

In this doctoral research, the virtual trip lines (VTLs) zone-based privacy-aware system 

was developed to balance the level of privacy and the modeling needs in urban traffic 

environment. The proposed system is a combination of access control and privacy-

preserving techniques. It trims and filters mobile sensing data and only keeps the data 

that are essential to traffic applications. It was found that the VTL zone system and the 

related filtering approaches can be applied to control the level of privacy in a traffic 

system. Meanwhile, the privacy-aware mobile sensing data can still be applied to traffic 

applications with satisfactory performance.  

This research also developed novel mobile-sensing-based traffic models to use the 

collected/processed mobile sensing data for a variety of urban traffic applications, 

including automatic vehicle classification, vehicle trajectory reconstruction and 

vehicular energy/emissions estimation. A data fusion and information integration 

approach was further developed to combine heterogeneous traffic data sources for fine-

grained urban traffic applications. These models are unconventional approaches to 

interpret urban traffic flow, real-time/off-line traffic states and system performance.  

With respect to vehicle classification, it was found that features extracted from the 

mobile sensing data can be successfully applied to distinguish passenger cars from large 

trucks. Due to different privacy preferences and data availability issues, models were 

developed for classification using long traces and using short traces, respectively. For 

long vehicle traces, the proportions of accelerations and decelerations larger than 1mpss 

and the standard deviations of accelerations and decelerations are the most effective 

features. For short traces, particularly for the traces that are making turning-movement, 

features such as average speed, standard deviation of speed, maximum 

acceleration/deceleration and standard deviation of acceleration/deceleration are fairly 

effective to classify vehicles. 

Privacy-aware mobile sensing traces were also used to reconstruct the trajectories 

for the entire traffic flow. Optimization-based and delay-based methods were developed 

to estimate shockwave boundaries at traffic signals, which were then used to reconstruct 
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short vehicle trajectories by applying the variation formulation (VF) of traffic flow. The 

reconstructed vehicle trajectories provided complete pictures of the traffic flow around 

signalized intersections.  

The trajectory reconstruction model was then extended to estimate vehicular fuel 

consumption and emissions at signalized arterials. The method first estimated the 

trajectories of the entire traffic flow, including free-flow vehicles and queued vehicles. 

Uniform deceleration and state-dependent acceleration process were considered to make 

the reconstructed trajectories of the queued vehicles more realistic. Random noise was 

then added to represent the speed fluctuations during the cruise mode. The recovered 

vehicle trajectories were decomposed into different driving modes and transformed into 

the time-speed domain, which were used as the input to the micro-level emission model. 

The estimated fuel consumption and emissions were typically within 10-15% of the 

ground truth values. 

While mobile sensing data are helpful and provide alternative perspectives to the 

urban traffic modeling field, they certainly need to face their own problems. The author 

concerns the penetration issue as the most critical bottleneck at the current stage. To this 

end, a stochastic model was proposed to combine mobile sensing data with fixed-

location data for fine-grained urban traffic modeling; the latter one is considered as the 

prevailing source of data and is widely collected. Other related traffic information such 

as travel time, lane choice and traffic merging were also integrated into this data fusion 

model. The results showed that the model can better interpret traffic propagation along 

arterial corridors. It was shown that the model can be applied to estimate individual 

corridor travel times. At 20% penetration, the root mean square error (RMSE) of the 

estimations was found to be 7.4 seconds, which was only about 6.1% of the corridor 

travel time in average sense.  

8.2  Future Directions 

The proposed methods and results in this dissertation clearly exhibited that mobile 

sensing mechanisms can be carefully designed to balance the level of privacy and to 

assist urban traffic modeling and information acquisition. In the meantime, more 
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challenges and opportunities were revealed and worthy to be explored in the future 

research.  

8.2.1 Vehicle Classification 

The classification models developed in this dissertation were only tested using limited 

mobile datasets on arterial streets. More datasets for wide areas need to be collected to 

further test and validate the models. The author suspects that the proposed methods will 

not be very sensitive to different levels of traffic congestion (at least for classification 

using long traces) since speeds information is not directly used. Collecting more data can 

help further verify this. 

Future research is needed to explore the feasibility of using mobile sensing data for 

multi-class vehicle classification (e.g., according to the FHWA’s 13 classes). Based on 

our current experience, it does not seem likely that mobile data can be used to 

distinguish all 13 vehicle classes. Therefore it is interesting to see how many and what 

groups of vehicle classes can be identified by using mobile data only. The proposed 

SVM-based classification methods have the potential to be extended for this purpose 

since they are capable of classifying data into multiple groups (instead of only two). 

Other classification methods such as Bayesian classifiers will also be explored.  

The next un-answered question is how to estimate the volume of each vehicle class 

together with their classification information. A straightforward way to do this, if the 

penetration rate for each vehicle class is available, is to infer the total volume for each 

vehicle class based on its observed volume and the penetration rate. This however can be 

expected to be coarse, especially when the penetration of mobile data is small and varies 

significantly over time or location (which is the case today). To improve the estimation 

accuracy, one can frequently update the estimated penetration rate for a specific location 

using most recently collected data and traffic volume data. More sophisticated methods 

such as various moving average techniques or time-series-analysis-based methods may 

be developed to provide better estimation of the vehicle volumes for each class.  

Due to privacy concerns, the performance of the vehicle classifiers needs to be 

tested using different sampling frequencies and trace lengths. The use of “short traces” 

sounds particularly interesting as this will greatly enhance the privacy of individual 
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vehicles (Sun et al., 2011; Zan et al., 2011). However, this needs to be further justified 

using other datasets (especially regarding the through movement traces) collected in 

controlled field experiments. 

8.2.2 Trajectory Reconstruction and Energy/Emissions Estimation 

With respect to vehicle trajectory reconstruction, the proposed models need to be 

generalized to consider over-saturation cases, i.e., some vehicle may need to wait for 

more than one cycle to be cleared from an intersection. For this, the solution network 

needs to be extended to include the previous cycle (if there is a residual queue at the 

beginning of the cycle) or the next cycle (if there is residual queue at the end of the 

cycle). The shockwave boundary estimation method remains (almost) the same except 

the discharging triangle needs to be extended to a trapezoid (Liu et al., 2009). 

The overall performance of the trajectory reconstruction methods should also be 

evaluated under different scenarios (such as various levels of congestion, different 

turning movements, different traffic control strategies including fixed-time, actuated, 

and adaptive control, among others). Since detailed vehicle trajectories (especially the 

location information) in the NGSIM data are not so accurate, the models need to be 

tested using other real world datasets, especially those collected from heavily congested 

signalized intersections.  

Furthermore, the reconstructed trajectories may also impose some privacy concerns. 

They may be used to develop sophisticated traffic-knowledge-based adversary models 

that aim to track and re-identify vehicles. That is, the adversary may be able to use the 

reconstructed trajectories to link upstream and downstream vehicles to further re-identify 

them. This type of privacy attacks will be tested in the future research. 

For fuel consumption and emissions estimation, the proposed method needs to be 

tested using more datasets, especially those collected from real-world arterials. In theory, 

the original trajectory reconstruction model can deal with over-saturation cases for 

which vehicle may need to stop multiple times before it is cleared from an intersection. 

The fuel consumption and emissions for these multi-stop vehicles can be estimated in a 

similar manner.  
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8.2.3 Traffic Data Fusion 

The data fusion and information integration approach can be applied to many other fine-

grained urban traffic applications. Such as signal timing estimation/optimization, queue 

length estimation, trajectory reconstruction and energy/emissions estimation. For these 

applications, the proposed methods need to be carefully integrated with the domain 

knowledge and traffic theories.  

In Chapter 7, it was assumed that the collected data are accurate and the two types 

of traffic data are perfectly synchronized. This assumption will be relaxed in the future 

research. Since the NGSIM dataset only covers a short arterial corridor, future 

experiments are needed to further justify the effectiveness of the proposed approach, 

using larger datasets.  

8.2.4 Transportation Privacy 

The proposed privacy-aware system needs to be tested using more sophisticated 

adversary models (which may incorporate more traffic knowledge and principles), and 

using more traffic modeling applications for urban environments. In terms of data, the 

NGSIM data have only a few intersections. It would be interesting to test the proposed 

system using mobile data collected from a large area, such as the traffic network or sub-

network of a medium or large-size city. As discussed in Chapter 3.6.4, for such real-

world applications, the iterative process of determining the value of the privacy metric, 

based on the selected level of privacy (P1 or P2), can also be tested and improved if 

necessary. Furthermore, as indicated earlier in Chapter 3.3, more empirical studies are 

needed to test and validate the assumption that the travel time distribution between two 

VTL zones in an urban environment follows the log-normal distribution.  

Due to the multi-faceted nature and complexity of privacy issues (Solove, 2008), 

addressing practical privacy concerns for real-world urban traffic applications may need 

to involve both policy-oriented and technology-based approaches. Cottrill (2009) 

suggested this, after pointing out the limitations of both approaches and then recognizing 

“[the] importance of incorporating both technical and policy approaches to privacy 

preservation.” However, Cottrill (2009) gave no further detail about how to achieve this. 

Therefore, another interesting future research topic would be to design a comprehensive 
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privacy protection framework for various fine-grained urban traffic/ITS applications 

using mobile sensors. The framework can help select the most appropriate privacy 

methods given a particular application. Such a framework will most likely encapsulate 

both policy and technology-based privacy methods, and will need to simultaneously 

consider privacy protection and data needs of urban traffic applications.  
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Appendix: Privacy Metrics 

Brief definitions of several privacy metrics including k-anonymity and entropy are 

provided below. An example is first given to show simple anonymization may not be 

sufficient to guarantee privacy.  

The example is shown in Table A1. Here vehicle A (A is a pseudonym) passes 

location 1 at 6:00am, and there are three vehicles (B, C and D, pseudonyms as well) 

passing location 2 at time 6:01am, 6:11am and 6:31am, respectively. Assume there is 

only one route between location 1 and 2 and the adversary wants to tell which vehicle 

passing location 2 is vehicle A. In the table, the author describes three scenarios in which 

the adversary can easily succeed. In the first scenario, the adversary has travel time 

information (can be obtained from historical data); in the second scenario, the adversary 

has vehicle class information; in the third scenario, the adversary has access to the 

consumption record. In all the three scenarios the adversary can easily figure out that 

vehicle C is indeed the same one as vehicle A, which comprise privacy.  

Table A1: Examples of privacy attacks 

Location Vehicle ID Time 

1 A 6:00am 

2 

B 6:01am 

C 6:11am 

D 6:31am 

(i) The average travel time from location 1 to 2 is 10 minutes 

(ii) Vehicle A is a truck, the only truck that passes location 2 is vehicle C 

(iii) Consumption record of vehicle A near location 2, around 6:11am 

How to quantify privacy is an important question because it is closely related to how 

the privacy algorithms are formulated and how different algorithms are evaluated and 

compared. There have been some debates (Machanavajjhala et al., 2006; Shokri et al., 

2011) regarding which privacy metric is the most appropriate one. To date, there is no 

single privacy metric that can fit all scenarios or applications. Here the author briefly 

describes some of the metrics that are relevant to this doctoral research.  

K-anonymity (Sweeney, 2002) is a well-known privacy metric. One individual is 

said to be k-anonymous if it cannot be distinguished from other k-1 individuals. In this 
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way an adversary cannot claim he or she can track an individual with more than 1/k 

confidence. As an upgraded version of k-anonymity – entropy – a concept borrowed 

from information theory, is another frequently applied privacy metric. Entropy measures 

a system-wide tracking uncertainty, that is, a privacy metric for a group of users; see 

equation (A1). Here    represents the tracking probability of an individual  , which is the 

probability that individual   can be tracked at other locations.  

                          ∑  

 

   

                                                                                                                 (  ) 

K-anonymity and entropy are both measures of privacy among a group of users. 

However, the k-anonymity treats all the individuals in the same way, meaning they share 

the same probability to be tracked at other locations. This appears to be unrealistic for 

vehicular network since the probabilities of being tracked may vary significantly among 

different vehicles. For example, they may be large trucks which are only a small portion 

of the entire traffic flow and thus can be easily tracked. As an improvement, entropy 

provides the capability to incorporate each individual’s tracking probability and is thus 

more suitable for fine-grained urban traffic modeling. 

 

 


