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Summary 

Modeling taxis’ dynamic behavior in uncertain urban 
environments 

  

 

Considering taxis make up a substantial share of traffic in many big cities and contribute 

significantly to congestion and other adverse effects of traffic on the environment, it is 

surprising that to date the modeling of taxi flows has not received much attention. 

Moreover, the research groups developing models of taxi flows typically have adopted 

engineering approaches. The behavioral underpinnings of their models are weak. In 

order to fill this void in the literature, the aim of this PhD study is to develop a 

behavioral model of taxi flows. The model is based on the key principle that at a 

sequence of decision moments taxi drivers decide which strategic action to take. These 

decisions take a certain time horizon into account and are made under conditions of 

uncertainty because the urban-transportation system and the demand for taxis are 

inherently stochastic. Drivers learn their environment over time based on experiencing 

the outcomes of their strategic decisions and are assumed to update their beliefs 

according to Bayesian updating procedures. Consequently, over time their beliefs 

approximate the true variability in the system, allowing them to better cope with the 

uncertainty and exert more effective decisions. The model differentiates between 

optimistic vs. pessimistic attitudes and risk-seeking and risk-avoiding behavior. 

The model is estimated using 1.5 million GPS records of taxi trajectory data 

collected in the city of Guangzhou, China. Estimation results support the validity of the 

formulated model. Based on a newly developed method to create synthetic dynamic 

demand for taxis, the application and behavior of the model are illustrated.  
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1   

Introduction  

1.1 Motivation 

In many cities in the world, taxis represent a substantial share of the volume of traffic. 

Particularly in big cities in developing countries, the number of taxis is high. According 

to Wikipedia in 2016, Mumbai had 58,000 taxis, Beijing 67,000 and Mexico City 

140,000. Without these taxis, traffic conditions in these cities would probably be worse. 

Driving a taxi is a decent job for many people. De facto, a taxi means that multiple 

people “share” a car. Although taxis do take away market share from public transport, 

they also make people postpone buying their own car, and hence reduce unnecessary 

public space for parking.  

The relatively large share of taxis in these big cities implies that they have a 

large impact on the volume and direction of traffic flows. In turn, this means that 

models of traffic flows applied to these cities should adequately reflect the demand for 

taxis across time and space and the behavior of taxi drivers. Unfortunately, dedicated 

models of taxi traffic have remained relatively scarce. If taxi flows would be proportional 

to the flow of other passenger traffic, the relative lack of dedicated models would be a 

non-issue. The volume of taxis in that case would simply be proportional to the volume 

of other passenger traffic.  

The assumption of proportionality is, however, difficult to defend for a variety of 

reasons. First, while regular cars stay fixed for many hours at the workplace location 

before returning to another destination (usually home), taxi drivers wish to minimize 

their waiting time and hence either cruise around to find passengers or strategically 

transfer to a location of high expected demand, short expected waiting times and/or 

high expected revenues. Second, in the cities concerned, taxis predominantly account 

for traffic flows to and from major terminals such as airports and major train stations, 

accounting for specific, non-proportional flows. Third, whereas regular traffic flows 

largely reflect habitual, repetitive behavior, this may not necessarily be true for taxis. 

Consequently, there may be a difference in the information that drivers have, which in 



1. Introduction 

 20 

turn may differently affect their decision-making in inherently uncertain environments. 

Finally, and of increasing importance, the rapidly increasing availability of mobile 

platforms that has stimulated demand responsive services has triggered a strategic 

game between controllers and taxi drivers, each with their own pay-offs. 

These considerations imply that conventional traffic demand forecasting models 

will poorly predict taxi flows because their underlying mechanisms violate the behavior 

of taxi drivers, which is incongruent with the accumulated decisions of other car drivers. 

In other words, there is and always has been a need to formulate dedicated models of 

taxi flows that do more justice to the principles mentioned above. Such models have 

been on the research agenda for a long time, but their number is relatively small. 

Moreover, the research groups developing models of taxi flows have adopted typical 

engineering approaches. The behavioral underpinnings of their models have been 

relatively weak.  

1.2 Aims and objectives 

In order to fill this void in the literature, the aim of this PhD study is to formulate a 

behavioral model of taxi flows, capturing the dynamic decision strategies and choice 

behavior of taxi drivers under uncertainty. Specifically, this study has the following 

objectives. First, decision-making mechanisms in passenger-finding behavior are 

modeled. The model is based on the key principle that taxi drivers make in a sequence 

of decision moments alternative strategic decisions. Strategies related to searching 

along a road, waiting at a taxi stand and going to a destination are formulated. These 

decisions take a certain time horizon into account and are made under conditions of 

uncertainty because the urban-transportation system and the demand for taxis are 

inherently stochastic. A taxi driver chooses a strategy considering a particular time 

horizon according to a reward function. The reward of a strategy is assumed a function 

of pick-up probability, revenue, cost and information value. The model differentiates 

between optimistic vs. pessimistic attitudes and the consequent modeling of risk-

seeking and risk-avoiding behavior. 

A second objective is to conceptualize information and beliefs updating. In light 

of the partial and imperfect information of taxi drivers, they do not know the true 

probability of the outcomes of their decisions. Rather, at best, they hold subjective 

beliefs. Drivers learn their environment over time based on experiencing the outcomes 

of their strategic decisions and are assumed to update their beliefs according to 

Bayesian updating procedures. Under stationary conditions in the environment, one 
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would expect that their beliefs ultimately approximate the true variability in the 

outcomes as a function of the number of experiences, allowing them to better cope with 

the uncertainty and exert more effective decisions. 

Third, dynamics in driver behavior are addressed. Taxi demand temporally 

fluctuates and hence drivers need to cope with uncertain dynamic environments. 

Drivers demonstrate a tendency to transfer to major terminals such as airports and 

major train stations. The problem is how to formulate behavioral mechanisms that 

reflect pro-active, anticipatory behavior of taxi drivers and capture their adaptive 

behavior in case their current behavior has failed. If taxi drivers leave for the airport too 

early, they run the risk of facing unproductive waiting times until the next wave of 

flights arrives. If they leave too late, many other taxi drivers may have already left for 

the airport before them, resulting in long queues. Anticipatory behavior is one of 

strategic decisions that need investigation. 

Finally, taxi drivers’ behavior is simulated in this context. Using synthetic taxi 

travel demand on a real road network, the simulation examines the performance of the 

model.  

1.3 Contributions 

The contributions of this study to the literature include the following: it 

 proposes different strategies to represent heterogeneity in passenger-finding 

behavior. It incorporates different strategies in a single framework in terms of 

choice and movement modeling.  

 conceptualizes a model in uncertain urban environments. In addition to modeling 

subjective probabilities/beliefs, taxi drivers are modeled to differ in terms of 

optimistic or pessimistic attitudes. They consider the information value of their 

decisions to improve their knowledge. Uncertainty is reduced by updated 

knowledge. 

 introduces a decision horizon for simulating dynamic behavior. Within a fixed 

decision horizon, the value of time is measured by the cumulative pick-up 

probability. Rewards of future decisions can be compared within the same 

decision horizon.  

1.4 Thesis’ outline 

The thesis is structured as follows: Chapter 2 provides a literature review. It outlines 

the development of models of taxi movements. Chapter 3 introduces the data used in 
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this study. Observed mobility patterns of taxis are treated as ground truth for model 

estimation and simulation. This chapter introduces the global positioning system (GPS) 

data source and discusses the contents of the travel diary survey that was used in this 

study.  

Chapter 4 describes the mobility patterns of taxi passengers. It uncovers taxi 

passengers’ mobility patterns in terms of passenger destination choices and travel 

distances. Understanding taxi passengers’ mobility patterns provides a foundation for 

modeling the behavior of taxi drivers. In addition, it serves as input for the derivation of 

synthetic demand, described in Chapter 5. 

Chapter 5 synthesizes taxi demand. Synthetic taxi demand differs from the 

number of served passengers, observed in the GPS data. The unobserved or potential 

demand, which is not captured by the GPS records, is also important but little 

discussed. Thus, it is necessary to generate taxi demand using a synthesizing process. 

This chapter serves for the simulation of taxi movement in Chapter 8 since taxi demand 

is essential for the simulation.  

The following chapters (6-8) constitute the core part of this thesis. Chapter 6 

introduces the overall model. It defines behavioral principles and discusses the reward 

function that is a core element of the model. The reward function consists of two 

components, monetary reward and information value. Chapter 7 depicts the model 

estimation process and discusses the results. Using the theoretical model and the 

estimated parameters, a simulation is conducted to examine the performance of the 

model. The set-up of the simulation and its results are presented in Chapter 8.  

Finally, Chapter 9 summarizes the study and discusses future research. 
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2 

Literature review 

2.1 Introduction 

This chapter presents an overview of the literature on the modeling of taxi flows. The 

chapter serves two purposes. First, the discussion of the evolution of models of taxi 

flows constitutes the background against which the contribution of this thesis can be 

appreciated. Second, the discussion of central concepts and modeling frameworks 

identifies the stepping-stones in the development of the model presented in this thesis. 

In this chapter, we summarize some key literature on the analysis and modeling 

of taxi movement. First, and most importantly, we discuss seminal work on modeling 

taxi flows that closely followed classic models of traffic flows in general. This stream of 

research has its origin in traffic engineering and uses modeling approaches that have 

been developed in this discipline for modeling traffic in general. Originally, this research 

was based on the concept of equilibrium; taxis are (re-)assigned to different routes until 

an equilibrium is reached. Later, followed general developments in this discipline, the 

focus shifted to the choice behavior of taxi drivers using utility-maximization models. 

Second, we discuss main findings of descriptive research that examined aggregate 

properties of taxi flows. In the next sections, these streams of literature are discussed 

in more detail. 

2.2 Models of taxi flows 

2.2.1 Equilibrium models 

Equilibrium models assume that an equilibrium state exists in passenger demand and 

taxi supply. Between 1998 and 2010, Yang & Wong developed a series of equilibrium 

models using data from Hong Kong.  A stationary equilibrium state exists when vacant 

taxis satisfy passenger demand (Yang & Wong, 1998). The urban road network consists 

of a set of nodes (origin and destination zones) and links. A vacant taxi moves from an 

origin zone to a destination zone to find customers. A vacant taxi is assigned a utility of 
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going to a particular zone. The probability of choosing a zone is modeled as a logit 

function of utility. The (dis)utility is a function of unoccupied time, consisting of the 

shortest traveling time to the target zone and waiting time at the target zone. Each 

time, a taxi chooses a zone, and then stays in the zone (searching or waiting) until 

picking up a passenger. A taxi can directly move to any targeted zone. The model 

minimizes total vacant time of taxis by adjusting total taxi fleet size until a stationary 

equilibrium solution is obtained.  

Based on the same utility function, this work was extended incorporating a 

congestion effect, and passenger demand elasticity (Wong, Wong, & Yang, 2001). The 

model aimed at testing the impact of traffic congestion in cities where taxis take up a 

large share of the traffic. The model included normal traffic to describe taxi movements 

in a congested road network. Potential passenger demand is a function of travel time 

and waiting time. The equilibrium problem was solved using a bi-level model. The lower 

level assigned taxi trips and normal trips to a road network, and the upper-level 

satisfied trip end balance and waiting time constraints of taxi passengers. A taxi driver’s 

utility is a function of travel time and waiting time, but they did not incorporate 

monetary revenue. Collected fare was considered in a later model (Yang, Wong, & 

Wong, 2002). Collected fare was treated as a component in a passenger demand 

function, but it was not included in a taxi driver’s utility function.  

Revenue was included in drivers’ utility function in Wong, Wong, Yang, & Tong 

(2003) and Wong, Wong, Bell, & Yang (2005). Taxi drivers tend to search remote areas 

to get a higher profit in one ride. Perceived profitability was defined as the expected 

profit that a driver can get at a particular zone. Taxi drivers perceive the importance of 

profit to time cost by applying a scale parameter to the expected profit. Thus, the utility 

function has two components, profit and time. The unit of profit was converted into 

time, and the utility of a choice was finally formulated as a disutility of time cost. 

Another model (Wong et al., 2005) defined a utility function of monetary profit, in which 

the unit of time costs was converted into money. At the same time, a Markov chain 

approach was proposed to model search behavior. A taxi is only allowed to move to an 

adjacent node. The decision of choosing a node is independent of previous decisions. A 

taxi chooses a series of nodes until meeting a passenger. The chosen nodes of a taxi 

driver define a search route. The equilibrium between passenger and taxis was modeled 

in a double-end queueing system. A taxi driver’s choice of node is a logit probability of 

revenue, and a passenger’s choice of node to wait is a logit probability of time cost. An 

equilibrium state exists between demand and supply. The equilibrium model was further 
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developed by incorporating multiple (normal/luxury/handicapped) user classes and 

multiple taxi modes (urban/rural taxis) and passenger hierarchical mode choice (Wong, 

Wong, Yang, & Wu, 2008). Classes of passengers’ value of time and monetary costs 

differ. Different modes of taxis have a different fare structure, which is based on time 

and distance charges. The passenger hierarchical mode choice models assumes that 

passengers first choose between taxis and other transport modes, and then choose 

between an urban and rural taxi. A taxi driver’s utility of going to a node is a function of 

time cost and monetary cost. An equilibrium state is reached.   

These models treated a driver’s decision as a component of a stationary 

equilibrium state, assuming that an individual driver behaves perfectly according to the 

logit model assumption. However, the parameters of the utility function were assumed, 

not estimated and the model was not validated using empirical data. 

2.2.2 Disaggregate models 

As an alternative to the equilibrium approach, disaggregate models have been 

suggested more recently. Based on random utility theory, disaggregate models are 

concerned with the perspective of individual taxi drivers and assume they maximize 

their utility (Ben-Akiva & Lerman, 1985). Compared to the aggregate models, there is 

no attempt to achieve equilibrium.  

After 2010, the Hong Kong Group applied the disaggregate approach to model 

taxi driver behavior. Supported by the development of information and communication 

technology (ICT), they used taxis global positioning system (GPS) data to provide 

empirical evidence of taxi drivers’ choice behavior.  

In a stated preference survey (Sirisoma et al., 2010), 400 taxi drivers were 

asked to choose between waiting locally, search at destination A or search at 

destination B. Attributes of the alternatives were waiting time, travel time, distance and 

toll. A multinomial logit model was used to predict a driver’s decision. Results indicate 

that time is a more significant factor than distance. Another stated preference survey 

involving 258 taxi drivers (Wong, Szeto, & Wong, 2014a) defined a sequential logit 

model to first decide on a distant search and then on a local search. Distant search 

means traveling to a non-adjacent zone. Local search means cruising within a zone. The 

utility of distant search is a function of land-use, travel distance and congestion, while 

the utility of local search is a function of taxi competition, passengers demand and local 

travel distance. Significant factors that affect taxi drivers’ choices are distance, 

congestion, queue length, and preference for a taxi stand.  



2. Literature review 

 26 

Taxi drivers’ actual choices in SP surveys provide a foundation for the discrete 

choice models. Szeto, Wong, Wong, & Yang (2013) modeled how taxi drivers make 

decisions related to district zones. The utility of going to a zone is the profit rate, which 

equals the expected profit (collected fare minus cost) divided by search time. The 

probability of choosing a zone is a function of utility. 

 The model was validated using GPS records of 460 taxis. This model only 

considered the profit rate in the specification of the utility function. Other potentially 

relevant factors related to individual choices were not included. Realizing that, Wong, 

Szeto, Wong, & Yang, (2014) compared four forms of the utility function to test which 

function (with which factors) is most appropriate. The results showed that an MNL 

model with a utility function including passenger demand, intra-zonal distance, cross-

zonal distance and profit rate has the best goodness-of-fit. It provided a convincing 

basis to apply this utility function to later models.  

Ryan, Szeto, & Wong (2013) formulated a sequential logit model. It was 

developed from Szeto et al. (2013), in which a driver makes a single decision. In 

contrast, in this model, a driver makes a series of sequential decisions about the next 

district zone to search for customers. A decision is to choose an adjacent district or the 

current district. This decision is captured in terms of a multinomial logit model. The 

utility of choosing a district zone is a function of passenger demand, intra-zonal 

distance, cross-zonal distance and profit rate, which is consistent with previous work 

(Wong, Szeto, Wong, et al., 2014). After this choice a driver decides which next district 

to go to. The process is repeated several times until the destination district is reached. 

Each decision is made independently. The probability of a search route, linking all 

decisions, is the product of the probabilities across these sequential choices. The 

probability of choosing a destination is the summation of the probabilities of all possible 

routes. The number of districts in a decision series is the same for all taxis, and was 

calibrated using GPS data of 460 taxis in Hong Kong. The model has a low spatial 

resolution. The size of Hong Kong city is 2754 km2, and the city is divided into 18 

district zones.    

To model search behavior inside a zone, a cell-based model was proposed 

(Wong, Szeto, & Wong, 2014b). Urban space is divided into small spatial cells. A driver 

chooses an adjacent cell or the current cell to search for customers. The choice of cell is 

a function of the cumulative pick-up probability at that cell (current pick-up) and the 

pick-up probability departing from that cell (future pick-up). The choice of cell is a logit 

function of the cumulative probability of current and future pick-up. The future pick-up 



Zhong Zheng 

 27 

of a cell is from a driver’s initial plan. After visiting the cell a driver may not follow the 

plan. He re-evaluates the environment and makes a new plan when choosing a next 

cell. Authors defined the model as a logit-opportunity model since the utility of a choice 

includes the opportunity of a future pick-up.  

Search behavior has been modeled in (large) district zones (Ryan et al., 2013) 

and (small) spatial cells (Wong et al., 2014b). These two models were incorporated into 

a two-stage model (Wong, Szeto, & Wong, 2015). A driver chooses district zones at a 

first stage and spatial cells inside a district zone at a second stage.  

Tang et al. (2016) proposed a two-layer model. The first layer modeled drivers’ 

pick-up location choice. A choice is made using a Huff model, which defines using a 

Huff model passenger demand and distance decay as ‘utility’. The second layer applied 

a path size logit model to predict the route choice behavior of delivering passengers. 

The utility of a path includes travel time, distance, delay in intersection and path size 

value, which copes with the path overlapping issue.  

 

Table 2.1 Related work 

Author Decision 

model 

Utility function Choice set External 

components 

Yang & 

Wong,  

1998 

Logit model Travel time, waiting time Zone - 

Wong et 

al., 2001 

Logit model Travel time, waiting time Zone congestion effect, 

passenger demand 

elasticity 

Yang et al., 

2002 

Logit model Travel time, waiting time Zone fare structure, 

fleet size 

Wong et 

al., 2003 

Logit model Monetary profit, 

monetary cost, time cost 

Zone Remote areas 

Wong et 

al., 2005 

Logit model Monetary profit, 

monetary cost, time cost 

Nodes and 

intermedia 

points 

Decision chain 

Wong et 

al., 2008 

Logit model Monetary cost, time cost Zone Multiple user 

classes, vehicle 

modes 
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Sirisoma et 

al., 2010 

Multinomial 

logit model 

Wait time, travel time, 

distance, toll 

Destination 

(SP) 

- 

Ryan et al., 

2013 

Sequential 

logit model 

Passenger demand, intra-

zonal distance, cross-

zonal distance, profit rate 

District zone Multiple zonal 

choices 

Szeto et al., 

2013 

Multinomial 

logit model 

Profit rate District zone Time dependent 

variables 

Wong et 

al., 2014a 

Sequential 

logit model 

Land-use, search 

distance, congestion, 

passenger demand and 

taxi competition 

Distant/local 

decision (SP) 

- 

 

 

Wong et al. 

2014b 

Logit-

opportunity 

model 

Cumulative pick-up 

probability 

Spatial cells - 

Wong et 

al., 2014 

Multinomial 

logit model 

Passenger demand, intra-

zonal distance, cross-

zonal distance, profit rate 

District zone Multi-period 

behavior 

Wong et 

al., 2015 

Two-stage 

model 

Passenger demand, intra-

zonal distance, cross-

zonal distance, profit 

rate; cumulative pick-up 

probability 

District zone 

and spatial 

cells 

Interaction of 

zonal travel and 

local travel 

 

Tang et al., 

2016 

Huff model, 

path size logit 

model 

Passenger demand, 

distance 

Zone  

  

2.2.3 Taxi trajectory analysis 

Aggregate analyses of taxi trajectories provide empirical evidence of taxi movement. 

This kind of analysis used to be relatively scarce. One reason may be the lack of large 

data sets of high spatial and temporal resolution (Rhee, Shin, Member, & Hong, 2011). 

However, the emergence and availability of location aware technologies (GPS devices, 

smart phones) has resulted in huge data sets (vehicle-based and person-based), which 

changed this situation. Particularly, taxi GPS trajectories are an example of vehicle-

based technology that offers a rich data source for mobility data. The main advantage 

of this data is the ease of collecting the data without invading personal privacy. 
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Moreover, this data provides a convenient way to record the start and end points of 

trips because the data loggers are related to price machines.  

Most aggregate analyses of such data focused on visualization and spatial 

distributions. Visualization is a fundamental approach to discover taxi mobility patterns. 

Ferreira, Poco, Vo, Freire, & Silva (2013) adopted visualization tools, such as a top 

ranking map, density heat map and neighborhood heat map, to find social inequality 

and the effect of urgent events. By linking paired pick-up and drop-off points, spatial 

temporal variation in taxi trips was visualized in Lisbon (Veloso, Phithakkitnukoon, & 

Bento, 2011). To better understand taxi mobility, other studies analyzed the density 

distribution of taxi trips. Density of pick-up/drop-off points was used to measure spatial 

attractiveness (Yue, Zhuang, Li, & Mao, 2009). A clustering approach was applied to 

group spatial-temporal pick-up and drop-off points. Hot shopping, leisure, living and 

working places were identified from taxi trips density. Scholz & Lu (2014) identified 

activity hot spots from taxi destination density data. They found a dynamic changing 

pattern of hot spots, which described the emergence, development, and decease of 

activity hot spots. 

Other studies have shown interest in the relationship between taxi movement 

and characteristics of the built environment. Veloso et al. (2011) formulated a taxi trip 

prediction model based on POIs. Given the drop-off area type (identified by POIs), 

temporal variables and weather conditions, the probability of pick-up area type was 

predicted with an accuracy of 54%. Huang, Li, & Yue (2010) identified POIs temporal 

attractiveness from GPS traces data. Aggregations of taxi trips form spatial-temporal 

prisms. Linking the prisms to POIs, potential possibilities of activity types and durations 

were predicted. Other work examined the qualitative relationship between travel and 

the built environment. For example, Liu, Kang, Gao, Xiao, & Tian (2012) compared the 

spatial density of taxi trips and population density. They found that the taxi trip 

distribution is more concentrated in the city center than the population distribution. 

Peng, Jin, Wong, Shi, & Lio (2011) identified taxi trips purposes (commuting, business 

and leisure), and examined the interaction of travel purposes with land-uses. Traffic 

flows were calculated as a linear function of flows related to three purposes. 

Coefficients in the function differ across different days. Pan et al. (2013) found taxi 

travel dynamics exhibited clear patterns corresponding to land-use types. Stations have 

high taxi demand at most times of the day; scenic and commercial lands have a noon 

peak and an evening peak; and entertainment lands have four peaks: morning, 

afternoon, evening and midnight. Liu, Wang, Xiao, & Gao (2012) examined how land-
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use types affect daily trip generation using taxi GPS traces. A residential area has more 

pick-ups than drop-offs in the morning, and more drop-offs than pick-ups in the 

evening. Non-residential areas have a reverse pattern. 

This literature examined the influence of built environment on taxi travel, while 

the use of big data makes it possible to discover the reverse relation - identifying 

environmental information from taxi travel. Four types of land-use (residential, 

commercial, recreational and industrial) were successfully identified from spatial and 

temporal distributions of taxi trips (Liu, Wang, et al., 2012). In another study (Pan et 

al., 2013) land-use classes was identified from taxi PUPs and DOPs. Using a clustering 

algorithm based on taxi trips, 534 regions were extracted in a city. Each region was 

labelled with a land-use class. A temporal pick-up/drop-off pattern at a particular land-

use class was discovered. For example, stations have long peak hours during day time, 

and commercial districts have a big peak in the afternoon and a small peak in the 

evening. With the known pattern, the land-use class of a region was identified. 95% of 

the regions could be successfully identified based on this process. Yuan, Zheng & Xie 

(2012) used 2-year POIs datasets and 3-month taxi GPS trajectory datasets and 

formulated a topic-based inference model. The model was borrowed from linguistic 

research, which regarded a region as a document, a land-use type as a topic, an 

individual movement as a word. A land use type was assigned to a neighborhood by 

POIs, and neighborhoods with similar land-use types were aggregated into a functional 

region. Neighborhoods in a region are not necessarily adjacent to each other. Spatial 

density of taxis identified the visitation frequency of each functional region.  

2.3 Critical review 

2.3.1 Movement 

Taxi movements represent the outcomes of decisions of taxi drivers. Taxi movements 

have been mainly modeled according to two main approaches. The first approach 

assumes a taxi driver can choose any location to go to. Although destination is an 

integral component of studies on taxi movements, generally no distinction is made 

between different types of zones. Zones are typically considered as destinations or 

choice alternatives, with certain attributes. In equilibrium models a driver is assumed to 

choose a current/adjacent/dis-adjacent destination (Yang & Wong, 1998; Wong et al., 

2001, 2003; Yang, et al., 2002; Yang, et al. 2005a, 2005b; Wong, et al., 2008). Later, a 

multinomial model of zonal choice has been applied (Szeto, et al., 2013). A theoretically 
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weak assumption of these models is that a driver has to stay at the chosen location 

until meeting a passenger.  

Models of sequential choices aim to solve the movement problem. A taxi driver 

chooses a local location (at a small scale), and a series of these location decisions 

becomes a search route (Wong et al., 2005; Wong, Szeto, & Wong, 2014b). A driver is 

only allowed to choose the current or an adjacent location. A single movement choice is 

assumed to have the same travel time. It means moving to a dis-adjacent location 

needs at least two movements. A series of several movements cannot capture behavior 

of going to a destination directly, which is actually a single movement. In reality, a 

driver may want to go to a specific location without picking-up passengers on the way 

for some specific reasons, such as going to an airport to meet the peak arrival of 

passengers and higher revenue, or to meet a passenger, who made a reservation.  

In other words, these models generally capture taxi zonal and local search; 

anticipatory behavior is not explicitly modeled. Specific destinations such as airports and 

major railway stations differ from average zones. Passenger demand highly depends on 

real-time arrivals of flights and trains. Therefore, the decision to go to such a 

destination cannot be simply modeled by replacing zones by nodes in a choice set. 

Moreover, it is difficult for a driver to visit such locations on a normal search route. 

Some locations are distant from the inner city. A driver has to experience a low or even 

no reward/utility on the way to these locations, which is quite different from search 

behavior. Moreover, after joining a taxi queue at a railway station or airport, it takes 

taxi drivers more effort to leave the queue than at on-road taxi stands. Therefore, it 

needs an explicit distinct mechanism to simulate the strategic choice of going to these 

destinations. 

These models cannot represent waiting behavior either. Theoretically, waiting 

behavior can be modeled by several decisions of staying at the same location. As each 

decision is made independently, the chance of always choosing the same location is 

rather small in the decision sequence. It also violates a driver’s real decisions. A driver 

makes the decision of waiting at the current location once rather than on several 

consecutive moments.  

In conclusion, while these prior models have some interesting properties, they 

have tended to focus on particular facets of taxi movement. Existing models lack the 

scope and mechanism to include all behaviors into a single framework. A hybrid model 

(Wong et al., 2015) tried to incorporate different behaviors. A driver first chooses one 

or several district zones to go to, and then makes local searches inside a district zone. 
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The model is problematic in cross-zonal movement. When at the first stage a driver 

chooses a destination zone, which is several zones away from the current zone, he/she 

travels towards that destination. A particular route is not decided yet at this stage, but 

at least a driver has a driving direction in mind. A driver chooses a search route at the 

second stage. A search route consists of several spatial cells. Authors claimed that 

decisions on all cells are made independently. However, the assumption of independent 

decisions on cells at the second stage conflicts with the decision of a destination zone at 

the first stage. If a driver has a driving direction in mind, decisions on cells are not 

independent at the second stage; if a driver makes independent decisions at the second 

stage, it does not guarantee reaching the designated destination. The two-stage model 

is the most complete framework including different behaviors to date. It allows to go to 

a destination with on road searching, but the concepts used in two stages may be 

inconsistent. It includes waiting behavior, but it will rarely happen given the 

assumptions underlying the model. It does not allow a driver to go to a destination 

directly without midway pick-up.  

2.3.2 Decision mechanisms 

Components in the utility functions can be summarized as monetary costs, time costs 

(of search and wait), pick-up success, passengers demand, taxis competition, and 

revenue. Monetary costs and revenue are well discussed. Pick-up success, passenger 

demand and taxis competition can be seen as a same component – pick-up probability. 

Considering demand and competition separately does not make sense. The pick-up 

probability, determined by the relation between demand and competition is a driver’s 

actual concern. It generates uncertainty in drivers’ behavior. Pick-up is uncertain and 

accordingly profit is uncertain. The uncertainty issue will be further discussed in section 

2.3.3.  

Time is a special component. Time does not involve any monetary cost. Time 

cost is actually an opportunity cost: the loss of not choosing other alternatives. A driver 

needs to make good use of time as daily working time is fixed. Reducing vacant driving 

time is no-doubt one of drivers considerations (e.g. Yang & Wong, 1998). At the same 

time a driver also needs to consider monetary utility. Incorporating time cost and 

monetary gain in one utility function is an approach, for example, value of time is 

converted into monetary value (Wong et al., 2005). As travel times to different locations 

are different, it is problematic to compare these choices. It makes it even more difficult 

to compare different strategies, which probably have different time horizons, e.g. 

search and going to a destination. When time horizons of alternatives differ, a high 
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utility of an alternative may involve long time. It makes it more difficult to tell whether it 

is a good choice. Ryan et al. (2013) defined a profit rate component in the utility 

function. A profit rate of an alternative is the monetary profit divided by time duration. 

The time duration mixes time of vacant search and time of delivering a passenger in 

one component. A driver may prefer reducing vacant driving time but increasing 

occupied driving time. Suppose two options with different delivery times have the same 

profit of rate, the one with longer delivery time may be preferred.  

Different time duration also triggers the problem that pick-up probability changes 

with search time duration. The longer time a taxi circulates in a zone, the higher the 

probability that the taxi picks up a passenger. With all these considerations, fixing the 

time duration of each alternative may be a proper approach. The length of a decision 

horizon reflects the myopic behavior of a taxi driver. The sensitivity on the degree of 

myopic behavior depends on the time discount effect. Outcomes of future decisions are 

more uncertain than current decisions. Thus, ceteris paribus, utility of future decisions 

decreases with increasing discount of time. With a large time discount factor, a driver 

weights future decisions less. The decision horizon is short, and a driver is myopic. With 

a myopic attitude a driver adjusts the plan to quick changes in the environment, whilst 

with a long decision horizon, a driver can react to an event happening later. Particularly, 

a driver can evaluate the utility of going to locations such as an airport. A driver needs 

to consider the travel time and predict the outcome in advance. It is possible only when 

travel time is within a decision horizon. A proper length of decision horizon needs to be 

carefully defined to satisfy looking forward behavior and quick reaction to dynamic 

changes.  

The basic decision mechanism of existing models is a logit model. Each individual 

driver is assumed to maximize utility or minimize disutility, and an unobserved random 

variable is assumed to follow a Gumbel distribution. A decision of an alternative 

(zone/cell/district) is the logit probability based on the utility function. It may be 

deduced by assuming the error terms are independently and identically Gumbel 

distributed. A specific form of a logit model is used according to a particular research 

question. A multinomial logit model was used on a single choice, e.g. a zone (Szeto et 

al., 2013) or an alternative from a stated preference survey (Sirisoma et al., 2010). In 

reality, it is common that a driver makes a series of sequential decisions, such as 

choosing several zones to search. A sequential logit model is applicable in this situation 

(Ryan et al., 2013). It assumes that a driver chooses a series of zones, and the 

sequential choice defines a search route. The choice probability of a search route is the 
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production of each single choice of a zone on the route. It implies that a decision does 

not consider a pick-up on midway. Thus, a driver has to go to the final destination of 

the route. It violates search behavior. A driver may also consider current utility and 

future utility, e.g. a logit-opportunity model (Wong et al., 2014a). Although authors 

argued decisions on all cells are independent, they are still correlated. The utility of a 

cell includes future pick-up. Similarly, the utility of an alternative cell also considers 

future cells. These 'future cells' may be the same cells. In other words, utilities of 

different choices may involve an overlap. Considering the overlap in the utility function, 

it is inappropriate to use a logit model. Existing models did not fully capture the decision 

mechanism of search behavior. A lack of a proper definition of a choice set is one of the 

reasons. The choice set of these models is a set of locations. The logit probability is 

applied to the choice of location. It is unclear whether a series of choices on locations 

defines a good search route. Rather, a better definition of a choice set is a set of routes. 

A driver can choose a best route to search for passengers. The utility of a search route 

should also consider the uncertainty in environments. 

2.3.3 Uncertainty 

To capture the uncertainty, the utility of a decision is formulated as a perceived utility 

(Yang & Wong, 1998; Wong et al., 2003; Wong et al., 2005), multiplying the objective 

utility with a scale factor. A scale parameter indicates a driver’s experiences. A larger 

value of the scale factor means that differences in the objective utility function are 

magnified, implying that the choice probability increases and ultimately approximates a 

deterministic decision, while a sufficiently low value implies random choice. An 

experienced driver makes deterministic choices and a new driver tends to make random 

choices. Applying a scale factor is a simple way of adjusting choice probabilities to 

encompass all variations between fully random behavior, characterized by equal market 

share of all alternatives, and deterministic behavior in which the choice alternatives with 

the highest utility is uniquely chosen. However, the logic is not fully convincing. It is not 

logically correct to estimate the experience related factor with the assumption of perfect 

knowledge. If a driver is indeed new to the environment, he/she is not able to perceive 

a true attribute value. When a new driver does not have correct knowledge prior to 

make a decision, the objective belief is not applicable, let alone estimating parameters. 

A new driver’s random choice is from a uniform distributed belief, rather than an 

objective belief manipulated by a factor.  

The approach is theoretically weak and only represents the uncertain 

environment in a limited way. The basic assumption is still that taxi drivers have perfect 
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information and are certain about the outcomes of their decisions. For example, the 

perceived knowledge that taxi drivers hold is the long-term average over all drivers 

(Wong, Szeto, Wong, et al., 2014). In reality, taxi demand exhibits fluctuations, and 

hence pick-up probabilities are uncertain. Taxi drivers do not know the decisions of 

other taxi drivers. This will further enhance the uncertainty in waiting times and pick up 

probabilities. Travel times are uncertain as they vary across and within times of day and 

days of the week. Another unsolved problem is how to model looking forward 

(anticipatory) behavior of taxi drivers. Without an information updating mechanism, taxi 

drivers are not able to react to dynamic environments. 

We argue that a richer conceptualization acknowledges that taxi drivers have 

imperfect knowledge and that the decision context itself is inherently uncertain. Taxi 

drivers can only experience this uncertain outcome. They do however learn and improve 

their subjective probability of attributes, theoretically until these approximate the 

objective probability distributions under stationary conditions. In the passenger finding 

process, taxi drivers experience the outcome of their decisions and update their 

subjective beliefs. Consequently, as part of this learning process they make better 

decisions in finding passengers. It differentiates new drivers and experienced drivers. 

Experienced drivers hold subjective beliefs that approximate objective probability 

distributions, while new drivers are unfamiliar with the environment and are more likely 

to make wrong decisions.  

2.4 Summary 

This chapter reviewed existing work on the analysis and modeling of taxi flows, with a 

special focus on behavioral principles. Based on this review, we argue that a main 

limitation, shared by prior studies, is the lack of a single framework that allows 

incorporating all strategic decisions of taxi drivers. At specific points in time, taxi drivers 

need to choose their next action: waiting, searching for a passenger or driving directly 

to a specific destination. The challenge is how to find a commensurate representation of 

these possible actions.  

This challenge is enhanced if we take temporally and spatially fluctuating 

demand into consideration. Because of this characteristic, taxi drivers need to exhibit 

pro-active behavior to optimally serve this varying demand. Current research has not 

addressed this issue. Choices need to be based on some representation of time. The 

challenge is how to incorporate this facet into the model. 
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Finally, existing studies have treated uncertainty in a rather technical way by 

estimated a single parameter that adjusts the choice probabilities. A richer 

conceptualization would deal with uncertain beliefs, learning and mechanisms that 

represent how taxi drivers cope with the uncertain conditions and attitudes regarding 

uncertainty. Taxi drivers may be optimistic or pessimistic about the outcomes of their 

decisions. They may attach a higher decision weigh to the beliefs related to favorable 

outcomes or lower weights to beliefs related to unfavorable outcomes.  
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3 

Data 

3.1 Study area 

The study area is the inner city of Guangzhou, China (Figure 3.1). Guangzhou is 

undergoing a process of rapid urbanization and globalization. It is the largest and most 

populated city in South China and the capital of Guangdong Province. It has a 

population of almost 13 million inhabitants, and an area of 7434 km2. The inner city 

consists of Yue Xiu, Tian He, Hai Zhu, Li Wan, Huang Pu and Bai Yun Districts. These 

are the main transportation areas of the city. The inner city has a population of 7.73 

million inhabitants, an area of 1210.2 km², and 1337 neighborhoods.  

 

 

 

Figure 3.1 Study area 

 



3. Data 

 38 

3.2 Data sources 

3.2.1 Social demographic census 

Social demographic information is obtained from the Sixth National Population Census 

(abbr. Population Census) and the Second National Economic Census (abbr. Economic 

Census) conducted by the Chinese National Bureau of Statistics. The Population Census 

contains information about residents at the sub-district level such as gender, age, job, 

household size, housing quality, etc. The Economic Census includes the employment 

statistics of the city, such as employment by gender, age, sector, etc. Different from the 

population Census, the Economic Census was conduct at citizens’ work locations rather 

than residential locations.  

 

Figure 3.2 Social zones of Guangzhou 



Zhong Zheng 

 39 

Table 3.1 Neighborhood sampling information 

 Neighborhood types Neighborhood samples Samples 

I Old town and senior citizen 

areas 

Hongqingfang, Sanyanjing, Jixiang, Xiaomei 4 

II Migrant and commercial 

areas 

Zede, Shixi, Yidong, Suihua, Kanglezhong, 

Wangshengtang 

6 

III High education areas Luyuan, Zhongda, Tianhezhijie, Guanghe 4 

IV Near suburbs Santang, Xianfeng, Qifu, Liantang 4 

V Distant suburbs  0 

 

Neighborhoods in this study were categorized into five types according to social 

demography: (I) old town and elderly people areas, (II) migrant and commercial areas, 

(III) high education areas, (IV) near suburbs, and (V) distant suburbs. Figure 3.2 maps 

the neighborhood types. Neighborhoods were classified by a principle component 

method. The analysis was conducted in a Master project (Zhang, 2014). This section 

skips the description of the principal component analysis. 

3.2.2 Travel diary  

Individual travel data stem from a travel diary survey, provided by Prof. Suhong Zhou at 

Sun Yat-sen University. It was administered in Guangzhou between April and June 

2013. Compared to the population size of the city, the sample size of a thousand 

respondents is quite small. To better represent the whole population, typical 

neighborhoods, identified on the basis of the social demographic types, were chosen as 

sampling places. The survey finally selected 18 typical neighborhoods. The 18 

neighborhoods cover types (I) - (IV). Finally, 1616 valid questionnaires were received 

from 1344 households. In case of 1072 households, only one respondent was 

interviewed, while in the remaining households two respondents reported their activity 

travel behavior. 

The travel diary involved two parts: socio-demographic information and trip 

chain data. Figure 3.3 shows some descriptive statistics of the social demography 

(Zhang, 2014). Trip chain records describe an individual’s daily travel for two days (a 

weekday and a weekend day). It records departure time, arrival time, travel mode, 

travel purpose, and activity location of each trip.   
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Figure 3.3 Sample descriptive social demography  

3.2.3 GPS data 

For the core of the model, data on taxi trajectories and occupancy are needed. It is not 

easy to record such data as the number of trips of a taxi may be high. However, new 

information technology makes it possible to collect such data. Recently, the 

development of information and communication technology (ICT), location-based 

services (LBS) and location-aware technologies (LAT) have provided opportunities for 

analysing human mobility patterns and modelling individual travel behaviour. GPS 

records are an example of big spatial-temporal data of human mobility (Liu, Kang, et 

al., 2012; Zhou, Fang, Thill, Li, & Li, 2015). Using GPS data is an efficient way of 

collecting individual travel behavior data and satisfies the need for accurate and detailed 

trip trajectories.  
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There are two modes of GPS data collection: vehicle-based and person-based. 

For vehicle-based data collection, vehicles are equipped with GPS collectors, reporting 

location information with a certain time interval. In a personal GPS data collection 

survey, individuals are required to take GPS loggers with them or using an app in their 

smart phone. Taxi GPS data are an example of the first kind of data collection and may 

be a reliable source for researching vehicle movement. It has the advantage of 

collecting more accurate and massive data on locations, time, routes and other driving 

related information. The GPS records track taxi information rather than personal 

information, and hence this data collection approach does not involve any privacy 

issues. The GPS loggers are always turned on when taxi drivers are working. 

Furthermore, it is convenient to record the start and end point of a trip as loggers are 

related to price machines. However, the main disadvantage of using taxi data is that 

recorded trips only cover part of the trips and trip patterns. All other transportation 

modes are omitted when only collecting taxi GPS data. Moreover, if the purpose is to 

collect daily diaries, taxi data tend to generate incomplete diaries. Still, in cities where a 

substantial share of trips is made by taxi, an analysis of taxi GPS data is useful in better 

understanding the mobility of citizens. In our study, given the focus on taxi driver 

behavior, the use of GPS data is ideal. 

Table 3.2  Field description 

Field name Description Example 

License Gives a unique identification for every taxi. For data protection 

purpose the given example in table 1 gives a fake license number. 

YA00001 

Date The date of the record. 11/05/2009 

Time The time of the record.  

Longitude The X coordinates of the location. 113.2318 

Latitude The Y coordinates of the location. 23.1721 

Speed The instant speed of the record. 19 

Direction The direction of the record, value from 0 to 360, beginning from 

north and increasing clockwise.  

177 

EFF Gives data accuracy according to satellites, 0 for low accuracy and 

1 for high accuracy. 

1 

Stat Occupancy status of the taxi, 0 for no status,  1 for prevent 

robbery, 2 for sign-in, 3 for sign-off, 4 for occupied, 5 for vacant, 6 

for ignition, 7 for flameout. 

1 
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Table 3.3 Taxi GPS records in the inner city 

Time Period GPS Records Time Period GPS Records Time Period GPS Records 

01:00-02:00 1010746 09:00-10:00 872825 19:00-20:00 1275803 

02:00-03:00 920130 10:00-11:00 1212009 20:00-21:00 764667 

03:00-04:00 818236 11:00-12:00 1047931 21:00-22:00 1225405 

04:00-05:00 750724 12:00-13:00 991149 22:00-23:00 1198354 

05:00-06:00 745661 13:00-14:00 1231186 23:00-24:00 1255656 

06:00-07:00 901200 14:00-15:00 1097747 24:00-00:00 1109170 

07:00-08:00 347777 15:00-16:00 1148929 Total 24425320 

08:00-09:00 1066276 16:00-17:00 1056407   

 

The taxi GPS data used in the study were collected on Monday, May 11th, 2009. The 

GPS data were stored in an Oracle database, which was provided by the traffic research 

center of Sun Yat-sen University. The data set records trajectories of 13,000 

anonymous taxis in Guangzhou. Most of the taxi records (95.8%) were recorded in the 

inner city. Every taxi is installed with a GPS collector, sending signals every 20 seconds 

which refreshes location information (position coordinates), jointly with time, speed, 

velocity and carriage status, every 20 seconds. In one day, 24.4 million GPS traces were 

recorded examined. 

 

Table 3.4 Valid OD records in the inner city by time period 

Time Period OD Records Time Period OD Records 

01:00-03:00 14297 13:00-15:00 42045 

03:00-05:00 6989 15:00-17:00 39493 

05:00-07:00 8894 17:00-19:00 39207 

07:00-09:00 25185 19:00-21:00 35735 

09:00-11:00 40100 21:00-23:00 41286 

11:00-13:00 34873 23:00-01:00 10855 

  
Total 338962 
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Pick-up points (PUPs) and drop-off points (DOPs) were then identified by using the shift 

in occupancy status (for example, from vacant to occupied). Linked pick-up and drop-

off points define a taxi trip. Pick-up and drop-off is not directly recorded in GPS data. 

The PUPs and DOPs were extracted from the GPS records as follows. First, the data 

were ascendingly sorted by license to differentiate taxis and by time to present data in 

continuous time series. Then, changes in occupancy status in the data were detected to 

identify a pick-up or drop-off. More specifically, when vacant status changes to occupied 

status, it is a pick-up point; when occupied status changes to vacant statue, it is a drop-

off point. PUP-occupancy-DOP defines a deliver trip, and the PUP and DOP define a 

linked OD pair. Based on this identification process, 448 813 OD pairs were recorded. 

After overlaying taxi OD records and the inner city boundary in a GIS system, data 

outside of the study area were excluded. A total of 429 772 OD records remained.  

Because of signal sheltering and unstable GPS collectors, some records had problems, 

such as missing data, invalid locations, and wrong time. Operating errors of drivers may 

also have resulted in erroneous records.  

 

Figure 3.4 Destinations of Taxis in the Inner City, 1:00am-3:00am 
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To filter out such erroneous data, trips of less than 500 meters were not included in the 

analysis (Liu, Kang, et al., 2012). This operational decision reflects the contention that 

taxis are not used for such very short trips and that these trips are likely recorded 

because of wrong operations or data transfer errors.  Finally, 338 962 valid records 

were extracted and used for the analyses (Table 3.4). 24 periods were merged into 12 

periods. There are some cross time period trips, for example pick-up at 8:50 and drop 

off at 9:05. Breaking one day into 24 periods would means that some cross time period 

trips get lost. There are very few trips with travel time more than 2 hours (4 out of 338 

962).  Therefore, time was merged into 12 two-hour periods. Figure 3.4 maps the data. 

3.3 GPS Data cleaning 

3.3.1 Introduction 

Compared to the use of GPS loggers and smart phones, relatively little is known about 

the quality of taxi GPS data. While an abundant amount of research has been 

conducted on the accuracy of GPS data, embedded in smart phones or as standalone 

devices and their use in the collection of activity-travel data, only a few studies have 

examined the accuracy of taxi GPS data. Little is known about the quality of taxi GPS 

data, which will contain device, information and system errors. Accuracy evaluation and 

subsequently filtering the data is a necessary step for any analysis. It should be realized 

in this context that the accuracy of person-based imputed activity-travel diaries is often 

achieved by administering a prompted recall instrument asking respondents to check 

and if needed rectify the imputed data. Taxi data prohibit such use of prompted recall 

instruments, implying a higher importance of error detection, filtering and possibly 

correction algorithms. 

Existing research has proposed outlier detections methods (Wang, Zhu, He, Yue, 

& Li, 2011) and discussed possible causes of data error (Zhang, 2012), but a deep 

understanding of the distribution and root causes of data error is still limited. In 

contributing to the assessment of the usefulness and limitations of taxi GPS data, we 

used a trip-based evaluation method, which uses a set of criteria to examine the 

accuracy of trip information, derived from raw taxi GPS data. The criteria relate to 

different attributes of taxi trips. These attributes should match perfectly with each other 

if trips have been identified accurately. In addition, causes for erroneous data are 

identified.   
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A handful of studies explored missing data, uncertainties and errors in taxi GPS 

records. Incorrect records may be caused by mismatching GPS data to map coordinates, 

low accurate GPS navigation devices, or low sampling frequency (Kazerani & Winter, 

2009; Lou et al., 2009; Zheng., Zheng, Xie, & Zhou, 2012). To minimize random error, 

spatial smoothing methods have been developed (Jun, 2005; Kerr, Duncan, Schipperijn, 

& Schipperjin, 2011). Smoothing techniques such as Gaussian kernel filters may be 

employed for removing systematic and random errors. However, problems of wrong 

data are not addressed and thus still exist. Because of signal sheltering and unstable 

GPS collectors, some records may have problems, such as missing data, invalid 

locations, or wrong time. Operating errors of drivers may also have resulted in 

erroneous records. Spatial smoothing methods do not help much in evaluating and 

excluding wrongly recorded information.  

A substantial amount of research has concentrated on noisy records 

(outliers/uncertainty/error information) detection and filtering. The most common 

detection concerns outliers. Taxi trips may involve long distances; cases where taxis 

travel beyond provinces or even countries may happen. Veloso et al. (2011) discard 

travel distances larger than 30 km. Too short trips may also be problematic because 

passengers are more likely to take transport modes other than taxis for such distances. 

Therefore, scholars have discarded trips of less than 200 meters (Veloso et al., 2011) or 

500 meters (Liu, Kang, et al., 2012). 

Measuring attributes of travel records (location, distance, speed, duration, 

direction, etc.) is another effective approach to identify possible errors. These attributes 

should fall within a reasonable range and be self-matched for correct records. Straight 

line speed, abnormal coordinates, map accuracy and Gaussian noise measurement have 

been used to examine data accuracy in a large-scale GPS probe data study (Wang et 

al., 2011). A survey conducted in New York (Zhang, 2012) used origins and destinations 

of trips to identify outliers. If a taxi trip has either a pickup location or drop-off location 

that cannot be snapped to a street segment within a reasonable distance threshold, it is 

considered as type I outlier. If the ratio of computed shortest path and recorded 

distances is greater than a threshold, the records are marked as type II outliers. 

Fortunately, we have trajectory data, which are more detailed than OD data. Therefore, 

it is convenient and proper to calculate the measured lengths to compare it with 

recorded lengths. In addition, we will offer more criteria to filter out outliers. 

Besides the self-matching of measurements, measurements should be consistent 

with external constraints. For example, Bertini & Tantiyanugulchai (2004) compared 
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buses travel data extracted from the dispatch system and data collected by GPS sensors 

on a 2.5 mile corridor. A study used coordinate errors and communication errors to 

reveal the feasibility of two sets of taxi GPS data (Liu, Yamamoto, & Morikawa, 2009). 

Different from self-mismatching detection, domain-oriented approaches consider 

locations outside certain administrative regions or within regions of certain land use 

types (e.g. river/lake) as outliers through geospatial analysis such as point-in-polygon 

testing or nearest neighbor computing (Wang et al., 2011). However, this approach 

requires accurately map matching. Spatial points located in impossible terrain, such as a 

river or sea, suggest erroneous data.  

It is also important to know the core statistics and distribution of error. Hidden 

Markov Model (HMM) approaches on mapping error GPS data assume that the errors 

follow a Gaussian distribution (Newson & Krumm, 2009; Pink & Hummel, 2008). 

However, the true distribution of errors remains unknown.  

3.3.2 Method  

A GPS outlier detection process was applied (Figure 3.5). As illustrated in Table 3.2, a 

taxi GPS record has the following attributes: location, time, speed, direction, and 

occupancy. Taxi trips can be identified from a change in occupancy status. The 

occupancy (STAT field) shifting from vacant to occupied is the origin of a trip, while a 

shift from occupied to vacant marks the destination of a trip. By processing and 

aggregated data by trips, additional information can be derived, such as average trip 

speed and trip distance. Our method for the evaluation of data accuracy is based on 

four criteria and the idea that correctly recorded information should be consistent in all 

fields. 

The first criterion is to detect low accurate signals. Information about signals 

accuracy is given in the raw data records (EFF field), where the value (𝑉𝑒𝑓𝑓) is 1 for 

high accuracy and 0 for low accuracy. For a global positioning system, at least three 

satellites should be accurate, while less than three satellites may cause error and is low 

accurate. The first criterion is based on records, while the next three criteria are trips-

oriented.  

The second criterion is a mismatch of movement and speed. Sometimes a taxi’s 

movement status may be contradictory according to different fields in the GPS records. 

The GPS record may indicate zero speed, although the location is changing. GPS record 

may also be larger than zero speed, when the location remains the same. Both 

mismatches point are erroneous data, and such data should be filtered out.  
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Figure 3.5  GPS outliers detection process 

 

where 𝑉𝑒𝑓𝑓  - value of EFF field, 𝐷𝑚𝑎𝑝 – distance measured on map, 𝑆𝑖𝑛𝑠 - instant speed 

of a record, 𝑇𝑖𝑛𝑡– time interval of a record, 𝛾 & 𝛿 – thresholds.  

The third criterion is abnormal driving speed. Driving speed is an average speed 

of a trip. It is calculated by observed travel distance divided by travel time. Abnormal 

driving speed means a taxi travels too much fast that it cannot happen. An operational 

definition of abnormal driving speed threshold 𝛾 should be set. In China, the maximum 

speed limit is 120 km/h on highways and 80 km/h in the city. Thus we choose 𝛾=120. If 
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a trip’s average speed was higher than 120 km/h, it kept full speed (>120 km/h) on the 

whole trip. Obviously it should not happen because of the speed limitation. These 

abnormally fast records are wrong data. Negative speeds may also be observed. These 

trips with abnormal average speed should be removed from the data set before further 

analysis.  

The fourth criterion is a mismatch between the distance measured from a map 

(𝐷𝑚𝑎𝑝 ) and distance recorded from GPS data. The latter distance is calculated by 

multiplying speed and time 𝑆𝑖𝑛𝑠 × 𝑇𝑖𝑛𝑡 . The ratio of these two distances is not 

necessarily equal to one because speed information can be wrongly recorded. Thus, 

trips for which this distance ration deviates substantially from one should be filtered 

out. In the present study we set the tolerance ratio value 𝛿 as 2. Setting the value 

equal to 2 is arbitrary; it was inspired by a similar study working on OD shortest length 

(Zhang, 2012). 

The current analysis is based on a sample of 1.5 million records. After ordering 

the data by time and license, we selected the top 1.5 million records from the database 

pertaining to 11th May, 2009. Although the selected records make up the top 1.5 million 

records for that day, this data set still represents a random sample of taxi licenses. A 

field description of the GPS records and an example record are shown in Table 3.2.  

For illustration purposes, we have mapped the distribution of all taxi sample 

records (Figure 3.6 left) and those related to the inner city area (Figure 3.6 right). The 

road network is obtained from open street map (www.openstreetmap.com). The sample 

records cover a much larger area than Guangzhou city. Some records are even beyond 

Guangdong Province or end up in the sea, which are definitely wrong records. Fig. 2b 

clearly shows that the majority of sample records are in midtown Guangzhou. A few are 

located in the neighboring city Foshan, and few trips in other cities.  

 

Figure 3.6 (left) GPS raw data (all data); (right) GPS raw data (near city) 

http://www.openstreetmap.com/
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The spatial scale of the low accurate signals criterion is regional, whereas the scale of 

the other three criteria is Guangdong Province. For most invalid records located in the 

downtown, the hotspot map is a good way to present the noise pattern. Kernel density 

estimation16 is a popular method to compose the hotspot map, but taxi data are 

constrained to road networks, and therefore data near road intersections may generate 

fake hotpots. Using road density (assigning taxi records to nearest roads) would also be 

problematic because there are still some records not on roads (parking lot, 

underground, e.g.). Considering our purpose of finding hotspots to further explore noisy 

data details, other than getting an accurate result, simply showing points on the map 

with 98% visual transparency is an option. The transparency is set to 98%, meaning 

only 2 percentage of color can be seen for a single point on the map. The heavy color 

then indicates large amount of spatial records.  

 

  Distribution of low accuracy outliers 

In the raw GPS data, we observe some outliers that are far beyond the destinations 

where they could be (Figure 3.6). As shown in Figure 3.7 left, these points can be 

identified by low accurate signals. At the city scale, points off the roads are also found. 

In these outliers, it is common that a single point shown on the map would be a set of 

points with the same location. For example, there are 224 records (ID num. 1102006-

1102230) indicated by the solid square (trip #1) in Figure 3.7 left, most of which have 0 

instant speed. The other information (time, speed, direction, occupancy) is valid. These 

errors can be seen as position function failure of the devices considering they are 

continuous records.  Similar extreme cases happen at coordinate (0, 0). We observe 

9219 records located at the (0, 0) coordinate, and they are several sets of continuous 

records.  

Records in dotted square (ID num. 644546-644557) have very large instant 

speed (over 200 km/h) and no occupancy status. In all 267 298 low accurate records, 

83.5% have 0 instant speeds. It implies that GPS signals would be more uncertain for 

stationary taxis than moving ones. In the downtown area, several hotspots are found 

(Figure 3.7 right). Hotspot 1 is the location of the main railway station, which has the 

highest taxi number of taxis in the city. At hotspot 2 and hotspot 3 many taxis have the 

flameout status. The flameout status refers to the run-down of a jet engine caused by 

the extinction of the flame in the combustion chamber. Though the reason for the 

“flameout hotspot” location is unknown, we can conclude that signal flameout identifies 

erroneous records.  
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Figure 3.7 (left) Data filtered by ‘ineffective signal’ (all data);  
(right) Data filtered by ‘ineffective signal’ (near city) 

 

 

Figure 3.8 Instant speed of ineffective signals 

 

 Distribution of mismatched movement and speed outliers 

Using the next three criteria, we identified some remote outliers, but most of them are 

in the city (see Figure 3.9 -Figure 3.11). These three criteria are effective for the data in 

the city, as they work more on driving behavior than locations. The mismatch of 

movement status, examining contradiction of speed and location changes, can detect 

mistakes in the ‘speed’ field in the GPS records. A moving taxi with 0 speed must be 

wrongly recorded, while larger than 0 speed for a static taxi is also impossible. 9764 

(6.5%) records suggest stationary taxis with speed larger than 0. These mistakes are 

mainly caused by quick shifts in occupancy status. For example, a taxi’s occupancy 

changes during the last time interval, and changes again to a different status in the 
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next time interval, leading to a trip containing only one record. The travel length of this 

kind of single-pointed trip is 0. These data do not represent actual trips. The quick shift 

in occupancy status can be explained by wrong operations of drivers.  

Records with 0 speed but moving locations represent 93.5% of the errors based 

on this criterion. 82.3% of their travel lengths is less than 1000 meter. These errors 

may be caused by the devices unable to detect the speed of slow moving taxis. Records 

in the solid square (Figure 3.9 left) are from the same taxi (ID num. 485484-458700). 

According to their 0 instant speed and flameout status, these records should have the 

same location. But strangely these points move on the map. Records (ID 1131887-

1131900) in dotted squares move slowly and randomly. On the heat map (Figure 3.9 

right) the hotspots are spatially more randomly distributed than strictly constrained to 

the road network. Such data indicate errors/noise in the GPS traces. 

 

 Distribution of abnormal speed outliers 

The intention of the abnormal speed detection criterion is to remove trip with very large 

speed. Figure 3.10 shows that the number of trips with speed larger that 120km/h is 

small (around 200). Other erroneous records have a negative speed. Technically, data 

were exactly ordered by time, but because of format mistakes in time fields, when 

exported from the database, the data may have been wrongly read, with the result that 

some dirty data appear in the series. These data cannot be trusted as they will cause 

more mistakes in future calculations. Actually the minus speed is not a fundamental GPS 

problem, but we still report it as it does happen. 

 

 

Figure 3.9 (left) Data filtered by ‘mismatched movement speed’ (all data); 
(right) Data filtered by ‘mismatched movement speed’ (near city) 

 

Error trip #4 
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Figure 3.10 (left) Data filtered by ‘abnormal speed’ (all data);  
(right) Data filtered by ‘abnormal speed’ (near city) 

 

  

Figure 3.11 (left) Data filtered by ‘ratio of distances’ (all data);  
(right) Data filtered by ‘ratio of distances’ (near city) 

 

 Distribution of mismatched distances measured and calculated outliers  

The mismatch of trip lengths measured on the map and calculated in terms of 

multiplication of speed and time also allows the detection of outliers. Points in dotted 

squares (ID num. 643962-644156) in Figure 3.11 left are imputed as belonging to the 

same trip. It is obvious, however, these points do actually not belong to the same trip. 

It shows that the high risk that GPS devices wrongly record taxis with the flameout 

status. Records in solid squares (Figure 3.11 left) are also from the same trip. Taxis in 

the south in solid squares (ID 644331-64439) travel more than 400 km to the north in 

40 minutes, which is definitely impossible. The instant speed of these records is very 

high (over 300 km/h averagely) and some are over 900 km/h (ID 644403 and 644404). 

Application of this criterion can also detect very short trips. Identified from the heat 

Error trip #7 

Error trip #5 

Error trip #6 

Error trip #5 

Error 

trip #5 
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map (Figure 3.11 right) the travel length of trip (ID 12630-12639) is measured as 195 

meter and calculated as 55 meter. The taxi was occupied and driving for 3.2 minutes at 

that time. The calculated distance of very short trips increases the uncertainty of the 

ratio value, which can be used to exclude very short trips.  

3.3.2.1 Comparison of data before and after filtering 

To assess the impact of the filtering method a comparison of data before and after 

filtering is necessary. To better understand data quality improvement, statistics 

(direction, instant speed, average speed, ratio of distance) are compared. Direction and 

instant speed are based on every single record; average speed and ratio of distance are 

based on trips.  

Heading direction presents a periodic waved pattern, with peak values near 90, 

180, 270, and 360 degrees. The explanation is that road networks are square-shaped, 

and oriented toward the four main directions (north, south, east, west). Noticing that 

the first bin on the left is heading direction equal to 0, the abnormally large number of 0 

degrees is difficult to explain (Figure 3.12 left). However, after filtering (Figure 3.12 

right), the number of 0 degree directions has decreased to a reasonable level. Records 

pertaining to the four main directions are distributed uniformly.  

Speed information can be obtained from GPS records or geographical 

measurement. Here we used speed from GPS records, and geographical measurement 

to compare it with the calculated distance. For instant speed measured by records, the 

maximum instant speed value has reduced to under 250 km/h after filtering (Figure 

3.13 right), compared to the raw data (Figure 3.13 left) (noticing the different scale in 

the vertical bar). The results for average speed measured by trips are improved (Figure 

3.14), suggesting the filtering method improves data stability and certainty.  

 

 

Figure 3.12 (left) Heading directions of raw data;  
(right)Heading directions after filtering 
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The ratio of distance measured geographically and calculated is an important indicator 

of data quality. The two sets of distance are from different sources; data with a ratio of 

1 are trustable. Figure 3.15 left shows that the ratios of some trips are abnormally large 

(more than 500). After removing trips with a ratio value larger than 2, the results are 

definitely improved. To check how close these values are to 1, we shift the horizontal 

and vertical bar to show the data after filtering (Figure 3.15 right). The ratio 

approximately has a normal distribution around 1, indicating good quality of the filtered 

data.  

 

Figure 3.13 (left) Instant speed of raw data;  

(right) Instant speed after filtering 

 

Figure 3.14 (left) Average speed of raw data; 
(right) Average speed after filtering 

 

Figure 3.15 (left) Ratio of distance measured and calculated of raw data; 
(right) Ratio of distance measured and calculated after filtering b 
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Table 3.5  Data accuracy evaluation 

Raw records 1500000 

Records excluded by 
 

 

Ineffective signal 267297 

Mismatch of movement and speed 150898 

Abnormal average speed 24132 

Mismatch of distance on map and 

distance calculated 
85531 

Valid records 972142 

 

 

Figure 3.16 Valid GPS data 

 

After the data accuracy evaluation process, 972 142 out of 1 500 000 records passed 

the test and are considered valid records (see Table 3.5 for details). The spatial results 

are shown in Figure 3.16, which clearly indicates that after filtering outliers were 

successfully removed from the map, though some still remain. 

3.3.2.2 Causes for abnormal records 

An accurate GPS record needs a well-working device, at least 3 satellites in sight and a 

good surrounding environment. In a tunnel or parking garage, there would be no 

satellite signal, implying that the last known location, i.e. tunnel entrance, is reported.  
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Table 3.6 Examples of error trips 

Error trip number Record ID Filtered by Cause  

#1 1102006-1102230 Ineffective signal Device failure 

#2 644546-644557 Ineffective signal Device failure 

#3 485484-458700 Mismatch of location 

and speed 

Flameout  

#4 1131887-1131900 Mismatch of location 

and speed 

Flameout  

#5 643962-644156 Ratio of distances Flameout  

#6 644331-64439, 

644397-644504 

Ratio of distances Unknown 

#7 12630-12639 Ratio of distances Unknown 

 

High-rise buildings near taxi stops will result in multi-path error, which is difficult to 

detect and filter out. In our data, we also find evidence of such causes. First, there are 

cases pointing at failures in positioning. Failure in GPS devices positioning function 

obviously produces wrong spatial coordinates. As an illustration, case coordinates of 

9219 records were (0,0) but other information (time, speed, occupancy, e.g.) was 

recorded validly. Noticing these error records are continuous, it implies that satellites 

were receiving wrong signals during a certain period of time.  

Second, statistically stationary and flameout taxis have a higher risk of sending 

wrong signals, as 83.5% of ineffective signals have 0 instant speed. The situation of 

stationary taxis is more complicated than that of moving ones. Taxis may stay under 

high-rise buildings or trees where signals cannot be sheltered or wrongly received. Cold 

starts of GPS devices will cause signal delay and mistakes. The quality of the first signal 

of a trip may be not good. Flameout is an abnormal status for a taxi. It leads to either 

very slow movement (error trip #3 and #4) or very fast movement (error trip #5).  

Third, wrong operations of drivers create unreal travel. These trips are usually 

very short, but they represent dirty data for travel analysis. These errors are mainly 

detected by contradiction of speed and location.  

3.3.3 Conclusions and discussion 

This section used an outlier detection process method to evaluate the accuracy of taxi 

GPS data. Using four criteria (low accuracy, mismatch of movement and speed, 
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abnormal average speed, mismatch of distance measured on map and distance 

calculated) 972142 out of 1500000 GPS records in our database appear valid. The filter 

method is effective, as abnormal values in raw data are reduced. Using the four filter 

criteria, different types of erroneous data were identified. Most far away outliers are 

detected by the low accurate signal criterion. The other three criteria mainly act on 

erroneous data in the city. Reasons for errors are complicated and difficult to uncover. 

Some causes are reflected in the statistics and distribution of error data. GPS devices 

sometimes fail in positioning correct coordinates; static and flameout taxis have a 

higher risk of being wrongly recorded; drivers’ wrong operations will cause very short 

and unreal travels.  

Thus, only 64.8% of the records seems valid, which is a relatively low 

percentage. This finding shows that taxi GPS data are not without problems. If this 

percentage is not exceptionally low but representative for taxi data, reported data for 

personal devices and smart phones are much lower. Even though the percentage of 

erroneous trips is relatively high, many data remain. If these remaining data constitute 

a random sample, they are well suited for taxi trip analysis.  
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4 

Taxi movement patterns 

4.1 Introduction 

Cities are spatial representations of human settlement (Hillier, 2002). The rapid pace of 

life makes big cities colorful and attractive; people may enjoy various lifestyles in big 

cities. City spaces become different as individuals’ activities are continuously changing. 

Personal activities need physical space as a container, while a good transportation 

system is a prerequisite for interpersonal communication, so as to attract more people 

to visit these places. People’s activities shape urban spaces (Jiang, Ferreira, & Gonzalez, 

2012; Yuan, Zheng, & Xie, 2012). Social and economic activities are the basis of spatial 

facilities, resulting in traffic flows that can  be considered as manifestations of functional 

linkages between subareas of cities (Bento, Cropper, Mobarak, & Vinha, 2005). 

Understanding people’s spatial-temporal behavior is, therefore, an important 

perspective to understand the configuration of urban space (e.g., Giuliano & Small, 

1993; Rofe,;1995; Wang, 2000; Lucas Jr. & Rossi-Hansberg, 2002; Garcia-López, 2012; 

Le Néchet, 2012).  

Admittedly, taxi data only capture part of people’s activity-travel behavior. Very 

likely, the patterns embedded in taxi trajectory data are biased. Nevertheless, a 

descriptive analysis of this data will reveal some spatial-temporal patterns, which may 

reflect the activity-travel patterns of that part of the population using taxis, and 

certainly is a valid representation of taxi movement patterns.  

This chapter describes taxi movement patterns. Travel or movement is generally 

defined as displacement of individuals and measured by frequency, length, mode and 

purpose (Handy, Boarnet, Ewing, & Killingsworth, 2002). The analysis of movement 

patterns can be conducted at the aggregate level of traffic zones (Holtzclaw, Clear, 

Dittmar, Goldstein, & Haas, 2002; Aljoufie, Zuidgeest, Brussel, van Vliet, & van 

Maarseveen, 2013; Ewing, Hamidi, Gallivan, Nelson, & Grace, 2014) or at the 

disaggregate level of individuals (Handy, 1996; Cervero & Kockelman, 1997; Crane & 

Crepeau, 1998; Ewing & Cervero, 2001; Meurs & Haaijer, 2001; Dieleman, Dijst, & 
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Burghouwt, 2002; Fan & Khattak, 2009;  Chao & Qing, 2011). Movement patterns, 

which show a high degree of heterogeneity and involve complex stochastic processes, 

appear to reveal strong regularities at the aggregate level. Studies of complex urban 

systems have examined macro-level properties of human movement patterns. The 

quest for general laws underlying movement and interaction patterns has been of major 

scientific interest in research fields such as human geography, urban planning and 

transportation (Zheng, Li, Chen, Xie, & Ma, 2008; Calabrese, Pereira, DiLorenzo, Liu, & 

Ratti, 2010; Song, Koren, Wang, & Barabasi, 2010b; Wang, Calabrese, Di Lorenzo, & 

Ratti, 2010;  Wang et al., 2012). The scaling laws uncover statistical patterns of human 

mobility by finding probabilistic distributions of mobility variables. Main research 

interests in scaling laws of mobility are movement displacement (Krings, Calabrese, 

Ratti, & Blondel, 2009; Jiang, Yin, & Zhao, 2009a; Calabrese, Di Lorenzo, et al., 2010; 

Liang, Zheng, Lv, Zhu, & Xu, 2012; Liu, Kang, et al., 2012; Yan, Han, Wang, & Zhou, 

2013; Zheng, Rasouli, & Timmermans, 2016) and spatial density (Makse, Havlin, & 

Stanley, 1995; Ratti & Richens, 2004; Rozenfeld et al., 2008; Yuan, Raubal, & Liu, 

2012). 

The purpose of this chapter is to describe the GPS data. The description of taxi 

trajectories provides a basic understanding of behavior of drivers and passengers. To 

further explore regularities of taxi movement patterns, scaling laws of movements are 

to be discovered. The analysis on scaling laws provides a ground truth of property of 

taxi movements. It validates the proposed model in this study by comparing property of 

simulated taxi movements with observations. This chapter discovers scaling laws of taxi 

movement patterns from two perspectives: movement displacement and spatial 

visitation density. Movement displacement is represented by trip length, and spatial 

visitation density is represented by trip frequency in taxi GPS data. This chapter shares 

the advantages and shortcomings of research on applied social physics with a focus on 

aggregate distributions. The existence of distinct aggregate distributions of social 

phenomena in different urban systems is fascinating. On the other hand, such 

aggregate regularities are not necessarily derived from rigorous theories of human 

choice and decision-making in a spatial context. 

4.2 Data description 

A descriptive analysis of the taxi GPS data gives a glimpse of general taxi movement 

patterns in the city.  Figure 4.1 shows the temporal distribution of taxis trips between 

OD pairs. It reveals that the time between 9 am to 11 pm are the busiest hours for 
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taxis. Unlike commuting travel, which has two peak hours on a day, taxis travel has ‘flat’ 

peak hours at daytime. The hours from 11 pm to 7 am are non-peak hours. This 

temporal distribution of taxi movement is consistent with daily rhythms of human life, 

with most daily activities happening between 9 am and 11 pm. The temporal 

distribution also demonstrates the difference between taxis and other transportation 

modes in the sense that the distribution of taxis is not characterized by the typical 

double-peak pattern (going to work and returning home). It suggests that the purposes 

underlying taxi travel are more diverse and that purposes such as entertainment, 

leisure, shopping, visiting friends, etc. are more dominant than commuting.  

A second analysis focused on the spatial distribution of OD pairs. A pick-up point 

(O point) and a drop-off point (D point) define a taxi trip. Pick-up points and drop-off 

points represent departures and arrivals respectively. To understand different 

behavioral patterns of departures and arrivals, the spatial distributions of pick-up points 

and drop-off points were explored separately. The departure/arrival intensity of a 

neighborhood is defined as the ratio of the total number of pick-ups/drop-offs and the 

residential population in that neighborhood. Departure and arrival intensities are 

calculated for twelve time periods (episodes of 2 hours) in a whole day.  

Figure 4.2 shows that the spatial distribution of departure/arrival intensities of 

the neighborhoods in one day, differentiating between three periods: day-time (7 am-7 

pm), evening (7 pm-3 am) and before-dawn (3 am-7 am). A number of conclusions can 

be drawn. First, there are obvious differences between day-time and night-time 

patterns. The spatial distribution of intensities during night-time is more sparse than the 

distribution during day-time. The high intensity space during night-time involves more 

neighborhoods and larger areas, while the high intensity space during day-time is 

limited to only a few neighborhoods.  

 

Figure 4.1  Temporal distribution of taxi trips 
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Figure 4.2  Departure and arrival intensity distribution 
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Second, the spatial distribution shows a core-periphery pattern. High travel intensity 

neighborhoods are mainly located in the Yuexiu and Tianhe Districts. In contrast, most 

parts of Baiyun and Huangpu District, and small parts of Haizhu District have a very low 

average travel intensity throughout the day.  

Third, high travel intensity neighborhoods are the train station, North Tianhe 

CBD, Zhujiang New Town CBD, and East Huanshi CBD. During day-time, the highest 

departure intensity community is the Central Railway Station. Other comparatively high 

departure intensity neighborhoods are East Railway Station, West Tiyu Road, Beijing 

Road, and some neighborhoods in Haizhu, Yuexiu and Tianhe districts. West Tiyu Road 

and Beijing Road are major shopping centers in Guangzhou. Although East Railway 

Station is not the main station, it has a relatively high departure intensity because it is a 

regional terminal in Guangdong Province (such as trips from Guangzhou to Shenzhen). 

In the evening, neighborhoods near the Central Railway Station, East Railway Station, 

North Tianhe CBD, Zhujiang New Town CBD and Pazhou Exhibition Center show high 

departure intensities. These neighborhoods are mainly business centers, indicating that 

these urban spaces are used when people travel home or go somewhere else after 

business affairs. In the before-dawn period, the high departure intensities are not found 

at the Central Railway Station, but in residential zones. Results indicated that departure 

intensity is high during day-time, and decreases gradually as time goes on until the 

minimum value is reached before the dawn period. The Central Railway Station has the 

highest departure intensity during the day-time and evening (3 am to 11 pm). During 

day-time, high departure intensity neighborhoods are commercial zones, in the evening 

the high intensity neighborhoods are business zones, while in the before-dawn period 

residential zones have high intensities. The airport is a special case by this 

measurement. The airport has heavy taxi trips, but it is located in a large district. The 

departure/arrival intensities of the neighborhood is low at day time. It has medium 

departure/arrival intensities in the evening, and medium departure intensity at dawn. 

The spatial distribution of arrival intensity has a similar pattern as the departure 

intensity. During day-time, high arrival intensity neighborhoods are the Central Railway 

Station, East Railway Station, Beijing Road, and North Tianhe CBD, indicating the high 

attractiveness of stations and commercial centers. During the before-dawn period, the 

Pazhou Exhibition Center and some residential zones have high arrival intensities. The 

Pazhou Exhibition Center is not only a business place, but it also has many hotels 

nearby. The before-dawn period is the time when guests go back to their hotel after 

conducting evening commercial and recreation activities. 
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Figure 4.3 Conceptual spatial structure 

 

As shown in Figure 4.2, the combination of these distributions shows that most 

neighborhoods have low travel intensity at day-time, and extremely low during the 

before-dawn period. Taxi trips tend to be concentrated in a few neighborhoods in 

general and particularly before-dawn. The Central Railway Station is the most frequently 

visited travel zone, connecting the city with the whole country. Flows are concentrated 

in the urban space, where commercial centers, business centers and exhibition centers 

serve as nodes. The airport has a large number of departures and arrivals. Its intensity, 

however, is at a medium level because it locates in a large neighborhood. Figure 4.3 

gives an abstract conceptual representation of urban space. 

4.3 Taxi trip length 

4.3.1 Background  

The first mobility model is Brownian motion describing micro particle movement. Under 

the assumption of particles moving at the same speed, Einstein (1905) proved that the 

probability density function of particle displacement in Brownian motion follows a 

normal distribution: 𝑝(𝑙, 𝑇) =
1

√4𝜋𝑎
𝑒−𝑙

2/4𝑎𝑇, where 𝑙 is the displacement from the initial 
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position after time 𝑇. Brownian motion is a normal diffusive model, which is defined as 

follows. If the mean squared displacement (MSD) of an object is proportional to 𝑇, it 

has a normal diffusion.  

However, later, a different mobility pattern, Lévy flight, was found. The 

probability density function of the Lévy flight is: 𝑝(𝑙, 𝑇)~𝑙−𝜆  𝜆 ∈ (1,3). Under the Lévy 

flight assumption, particles can move at various speeds. The MSD in the Lévy flight 

model is proportional to 𝑇𝛾 (𝛾 > 1), which is defined as super diffusion (Rhee et al., 

2011), which is faster than Brownian motion. The difference between normal diffusion 

and super diffusion can be also interpreted from the tail part of a distribution: the 

normal diffusion is lightly tailed, while super diffusion is heavily tailed. In the normal 

diffusive model, the light-tail family of exponential distributions is used since very long 

distance travel is exponentially rare (Vázquez et al., 2006). In contrast to light-tail 

distributions, heavy-tail distributions are defined as probability distributions whose tail 

are not exponentially bounded or heavier than an exponential distribution (Amussen, 

2003).  

The power law is a typical heavy tail distribution. In the Lévy flight model, more 

long distant travel can be observed than in Brownian motion. Notice that the Lévy flight 

is not the only heavy tail model. Other models from the power law family can also have 

a heavy tail. The central limit theorem (CLT) and generalized central limit theorem 

(GCLT) explain the difference between Brownian motion and Lévy flight. As the 

displacement of a micro particle can be seen as the summation of many tiny 

movements with a finite variance, it is normally distributed according to the central limit 

theorem. While in the Lévy flight model, particles move at different speed, the variance 

of tiny movements is infinite. According to the generalized central limit theorem, the 

displacement follows a Lévy stable distribution, whose density function has a power law 

tail. 

In animal foraging behavior, the Lévy flight is believed to be a better model than 

Brownian motion (Viswanathan et al., 1999; Sims et al., 2008; Viswanathan, Raposo, & 

da Luz, 2008; Humphries et al., 2012; Martínez-García, Calabrese, & López, 2014). 

Mobility measurement of animal foraging behavior is different from non-stop micro 

particle movement. The measurement is on jump size, which records animals’ 

continuous travel between two stops. In Brownian motion, animals only jump with a 

given rate to their nearest neighbors, while in the Lévy flight they may travel a short 

distance or a long distance in one jump. A Lévy flight is advantageous when target sites 

are sparsely and randomly distributed, because the probability of returning to a 
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previously visited site is smaller than for Brownian motion. Foragers also perform better 

in Lévy flight because the number of newly visited sites is much larger for Lévy walkers 

than for Brownian walkers (Viswanathan et al., 1999). However, Brownian is more 

efficient when prey is abundant (Humphries et al., 2010).  

Human mobility is partly similar to animal foragers. Foragers need to search 

various sites for food, and people need to visit various spatial facilities for daily activities 

in the city. Similarly, super diffusion models fit better than normal diffusion models. It 

can be explained by the difference between the CLT and GCLT. Human mobility can be 

seen as the summation of many tiny steps. Given a certain period of time, individuals 

travel step by step. After one step, if a location meets the demand of an individual, 

travel stops, otherwise a further step is made until the individual’s demand is satisfied. 

Whether human mobility follows CLT or GCLT depends on the finite or infinite variance 

of their travel steps. Finite variance of travel requires people to conduct all their 

activities near their home. However, only part of their daily activities can be done within 

a certain range from home. People go to locations further away for particular purposes, 

like visiting distant friends, going to shopping malls or going to the airport. Therefore, 

according to the GCLT, human mobility would theoretically follow a Lévy flight pattern.  

Empirical evidence partly confirms this contention. Research on human mobility 

patterns has provided evidence of many short trips together with some long-distance 

trips (Orendurff, 2008; Song, et al. 2010). However, the Lévy flight model does not 

behave well in describing human mobility. Its limitation is the assumption that 

individuals have an infinite movement range. It would be difficult to argue that 

individual behavior and decision-making processes satisfy the infinite travel assumption 

of the Lévy flight model. Human daily travel is often constrained by the physical 

environment. Urban residents’ daily routines are bounded by home and work; their daily 

time budget is limited; and the city boundary may act as a constraint on travel. These 

constraints shape human mobility as spatially confined movement.  

It gives rise to a contradiction in modeling human mobility: finite travel length 

and infinite travel length variance. It is a confined super diffusive pattern. Simple power 

and complicated power law models from the super diffusion family have been applied in 

several studies (Brockmann, Hufnagel, & Geisel, 2006; Orendurff, 2008; Lee, Hong, 

Kim, Rhee, & Chong, 2009; Rhee et al., 2011; Liu, Kang, et al., 2012). However, there 

is no clear conclusion which model captures confined super diffusive patterns the best.  

Another fundamental question is whether the Lévy flight and other heavy tailed 

models are only used to describe the tail part. It is because the Lévy stable distribution 
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cannot be written analytically, only that the tail part approximates the power law. 

Therefore, what model describes the head part and whether the head and tail need to 

be split remain unclear.  

Using taxi trajectory data, the aim of this section is to discover the travel length 

distribution pattern of taxi rides: what probabilistic law can properly capture the 

confined super diffusive pattern? whether it can be fitted by a single model or the head 

and tail need to be split? Because the distribution likely depends on travel purpose, we 

test this hypothesis by estimating the model for different travel purposes, and then 

uncover behavioral differences of travel with different purposes.  

4.3.2 Related work 

As mentioned above, many models can describe mobility patterns, but previous 

research on aggregate relationships in human mobility data has found that the 

distribution of individual travel distances tends to follow a super diffusive pattern rather 

than a normal diffusive pattern. Three models have found ample application: the Lévy 

flight model, the exponential power law and truncated Pareto models. All three models 

belong to the power law family as they all have a power component. The difference is 

that the Lévy flight is a pure power law, while the latter two are complicated models 

with more parameters. 

The Lévy flight model is a particular random walk model that involves two 

different distributions: a uniform distribution for a trip direction and a power-law 

distribution for a trip length. It is common to observe Lévy flight patterns in animal 

foraging behavior research (Edwards et al., 2007; Sims et al., 2008). Unlike animal 

movement, however, human activities are often limited by constraints in their physical 

environment. Thus, it is difficult to justify that humans follow a Lévy flight pattern 

considering the complexity of urban systems. Nevertheless, the Lévy flight model may 

still be a good descriptive model. A study on the diffusion of bank notes, for example, 

showed that travel distances (presented by displacements of bank notes) were 

distributed according to the Lévy flight model with a fat tail (Brockmann et al., 2006).  

Equation (4.1) shows the Lévy flight model, where 𝑙 is the step length, 𝑝(𝑙) is 

the probability density, 𝜆 is an exponential component between 1 to 3. The value close 

to 𝜆 = 1  lead to ballistic paths, which have an irrationally high probability of long 

distance walks, whereas values close to 𝜆 = 3 lead to Brownian behavior (Viswanathan, 

et al., 2008). The boundary of 1 < 𝜆 < 3 defines Lévy flight behavior. Models developed 
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afterwards, like the exponential power law and truncated Pareto shown below, also 

follow the parameter boundary.  

 𝑝(𝑡)~𝑡−𝜆, 1 < 𝜆 < 3  (4.1) 

Although bank notes reflect the displacement of individuals, it remains unclear whether 

these results would also apply to human mobility patterns because bank notes move 

from one individual to another. Mobile phone data may shed a light on this question 

(González et al., 2008). Not unexpectedly, trajectories of mobile phones show strong 

spatial and temporal regularities that deviate from the Lévy flight model. Exponential 

power laws tend to fit travel step lengths much better. Their probability density function 

can be expressed as: 

 𝑝(𝑡) = 𝐶𝑡−𝛼𝑒−𝛽𝑡 (4.2) 

As the exponential distribution is light tailed, adding an exponential component to a 

power law may reshape the model into a finite one. The exponential power law is also 

called a power law with cutoff (Clauset, Shalizi, & Newman, 2009). Its log-log plot has 

an increasing downward trend (Figure 4.5 left) so that the range of the 𝑥  values is 

limited. The exponential cutoff is significant because human activities are always 

constrained to a range considering limited time, costs and spatial resources.  

The descriptive relevance of the exponential power law in mobility patterns was 

evidenced in a study on taxi GPS trajectories data in Shanghai (Liu, Kang, et al., 2012). 

Jiang et al. (2009a) compared the ability of the Lévy flight model and an exponential 

power law to describe taxi trajectories. The exponential power law fitted the data 

better. However, the exponential power law also did not go criticized. The model is not 

rigorous. It could be super diffusive, but also normal diffusive; it could be either finite or 

infinite. The two parameters 𝛼  and 𝛽  in equation (4.2) shape the curve together. 

Introducing the exponential component is for its cut-off effect. Ideally, we suppose the 

cut-off effect occurs at the tail end, keeping most of the model super diffusive. 

However, the exponential component’ cut-off effect may be too strong and make the 

model normal diffusive.  

To have a better cut-off effect, a truncated Lévy flight model has been proposed. 

It is a random walk model for flight length and pause-time distributions to emulate 

mobility within a confined area (Rhee et al., 2011). Although the authors do not claim it 

is the most accurate model of human mobility, truncated Lévy flight models capture the 

super diffusive feature of mobility patterns very well, as for example illustrated in Hong 
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et al. (2008) who studied inter-contact time patterns of human walks. The CDF form of 

the truncated Pareto distribution equals: 

 𝑃(𝐿 ≤ 𝑙) = 1 −
𝛾𝜆(𝑙−𝜆 − 𝑣−𝜆)

1 − (𝛾 𝑣⁄ )𝜆
 ,      0 < 𝛾 ≤ 𝑙 ≤ 𝑣 (4.3) 

𝜆 is a scale parameter to be estimated, 𝛾 is the minimum value of observations 𝑙𝑖 and 𝑣 

is the maximum value of 𝑙𝑖 (Aban, Meerschaert, & Panorska, 2006). The curve shape is 

shown in Figure 4.5 right.  

Both the exponential power law and the truncated Pareto distribution are 

complicated models developed from the Lévy flight model. The Lévy flight model is a 

pure power law. The exponential power law has an additional exponential component, 

while the truncated Pareto distribution also is a power law but with more parameters, 

which causes the log-log plot nonlinear. The exponential power law and the truncated 

Pareto distribution can both capture the super diffusive nature of human mobility 

patterns. Rhee et al. (2011) found that human mobility distributions can be modeled 

quite well using a power-law head for super diffusion and an exponential tail for any 

confined pattern. Keeping this conclusion in mind, it is necessary to examine the head 

and tail of the cumulative distribution of taxi trajectory data because it seems doubtful 

that the head simply follows a standard Lévy flight model.  

4.3.3 Methods 

Distance has predominantly been used as a measure of aggregate mobility. However, 

we used time instead of distance. One reason is that urban travel is highly dependent 

on traffic conditions. Travel time is travelers’ actual concern. Another reason is that the 

X, Y coordinates recorded by GPS loggers are sometimes error-prone. By contrast, time 

and therefore duration are more reliable because these measurements are based on the 

ticket machine and do not rely on satellite signals. Therefore, we used travel time as 

the measurement of mobility patterns.  

As individual taxi travel is anonymous, it is impossible to extract travel purposes 

from the GPS data directly. Taxi travel purposes are commonly identified from POIs 

(Yuan et al., 2012; Gong, Liu, Wu, & Liu, 2015) or land-use data (Pan et al., 2013). 

Both methods have shortcomings because passengers do not necessarily conduct their 

activity at the nearest POI where they leave the taxi.  In this study, we used land-use 

for travel purpose identification. By overlaying a land use layer with a road network 

layer, travel purpose could be approximately derived. If a destination of a taxi trip 

locates in a particular land-use type, we assume that passengers’ travel purpose is the 
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same as the land-use type. The division of land-use types was based on Guangzhou 

land-use investigation in 2007. The type of land-use is defined by the function of 

buildings and land. Particularly, in highly mixed land use areas such as the city center, 

the land-use unit is based on buildings so as to distinguish mixed land use. Linking land-

use types to travel behavior and purpose, types of land-use were categorized into 

seven: public service, commercial, industrial, residential, school, railway station, and 

airport. Note that this classification also includes important nodes in the transportation 

network. 

As indicated, the Lévy flight is a random walk model following a power law 

distribution: 

 𝑝(𝑡)~𝑡−𝜆, 1 < 𝜆 < 3  (4.4) 

The logarithmic form of trip length thus equals: 

 𝑙𝑛 𝑝(𝑡) = −𝜆 𝑙𝑛(𝑡) + 𝑏 (4.5) 

where 𝜆 is the Lévy exponent and 𝑏 a constant. The logarithmic Lévy flight equation 

shows that the log-log histogram of data is a straight line. Figure 4.4 and Figure 4.5 are 

curve shape of observed data and Lévy flight, exponential power law and truncated 

Pareto in log-log scale. The 𝑥 axis is travel time, and 𝑦 axis is survival function of CDF, 

where  𝑃(𝑇 > 𝑡) = 1 − 𝑃(𝑇 ≤ 𝑡) . The survival function indicates travel time decaying 

effect.  

 

Figure 4.4 Distribution of observations and Lévy flight model 
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Figure 4.5 Distribution of observations and fitted models 

 

Figure 4.4 and Figure 4.5 show that our observations have three sections (downward 

head, linear medium, sharply downward tail), suggesting that the frequency of trips 

decays with time according to different laws. The decay for a power law in log-log plot 

is linear, but the downward trend for the head shows it decays faster than a power law. 

A hybrid model may be, therefore, be appropriate to meet the assumptions: travel 

frequency decays according to two laws; the head decays faster than a power law; the 

tail is heavy and in a finite range. The exponential power law and the truncated Pareto 

distribution describe this pattern: the exponential power law may describe the head of 

observations, and the truncated Pareto law describes the tail. Thus, we propose a 

hybrid model based on an exponential power law and a truncated Pareto to describe the 

two regimes in the data.  

The equation of the exponential power law is given in probability density 

function (PDF) form (Clauset et al., 2009): 

 𝑝(𝑡) = 𝐶𝑡−𝛼𝑒−𝛽𝑡 (4.6) 

The cumulative distribution function equals: 

 𝑃(𝑇 ≤ 𝑡) = 𝐶∫ 𝑢−𝛼𝑒−𝛽𝑢
𝑡

0

𝑑𝑢 (4.7) 

For the ease of calculation, we introduce a revised form of the Gamma distribution to 

represent the exponential power law considering the power and exponent components 

in the Gamma distribution. The Gamma PDF equals  

 𝑝(𝑡) =
𝑏𝑎

𝛤(𝑎)
𝑡𝑎−1𝑒−𝑏𝑡 (4.8) 
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The 
𝑏𝑎

𝛤(𝑎)
 meets 𝑃(𝑇 ≤ 𝑡𝑚𝑎𝑥) = 1. However, for the exponential power law to fit the head 

of the observations, the limitation 𝑃(𝑇 ≤ 𝑡𝑚𝑎𝑥) = 1 is not necessary. Adding constant 𝑐 

to the equation it becomes:  

 𝑝(𝑡) = 𝑐
𝑏𝑎

𝛤(𝑎)
𝑡𝑎−1𝑒−𝑏𝑡 (4.9) 

Equating 𝛼 = 1 − 𝑎 , 𝛽 = 𝑏, and 𝐶 = 𝑐
𝑏𝑎

𝛤(𝑎)
, it has exactly the same form as equation 

(4.8). Introducing the Gamma distribution into our model is for the sake of reducing 

computing time, because the CDF of exponential power law does not have an exact 

analytical expression, while the CDF of the Gamma distribution is easy to derive.  

The equation of the probability density function (PDF) and cumulative 

distribution function (CDF) of the truncated Pareto model can be expressed as 

equations (4.10) and (4.11). In equation (4.3), parameter γ is the minimum of 

observations t_i, but in equation (4.11) 𝛾 should be estimated (Aban et al., 2006).  

 𝑝(𝑡) =
𝜆𝛾𝜆𝑡−𝜆−1

1 − (𝛾 𝑣⁄ )𝜆
 ,      0 < 𝛾 ≤ 𝑡 ≤ 𝑣  (4.10) 

 𝑃(𝑇 ≤ 𝑡) = 1 −
𝛾𝜆(𝑡−𝜆 − 𝑣−𝜆)

1 − (𝛾 𝑣⁄ )𝜆
 ,      0 < 𝛾 ≤ 𝑡 ≤ 𝑣 (4.11) 

As discussed above, the data suggested that an exponential power law might fit the 

head of the distribution, while a truncated Pareto model would describe the tail (Figure 

4.5). Thus, the challenge was to formulate and estimate a hybrid model, differentiating 

between these two regimes. Therefore, we estimated the following hybrid function: 

 

𝑃(𝑇 ≤ 𝑡) =

{
 
 

 
 𝐶∫ 𝑢−𝛼𝑒−𝛽𝑢

𝑡

0

𝑑𝑢      𝑡 < 𝑡𝑠

1 −
𝛾𝜆(𝑡−𝜆 − 𝑣−𝜆)

1 − (𝛾 𝑣⁄ )𝜆
      𝑡 ≥ 𝑡𝑠

 

(4.12) 

Observations 𝑥𝑖  are sorted in ascending order, making 𝑡 the minimum value and 𝑡𝑛 the 

maximum, 𝑡𝑠 is the breakpoint of the fused equations, with 𝑡1 ≤ 𝑡𝑠 ≤ 𝑡𝑛. Least squares 

was used as a goodness-of-fit measure to estimate the parameters in equation (4.12). A 

search algorithm was used to evaluate the overall fit for all possible 𝑡𝑠 .
 
Squared 

differences between predictions and observations, given the set of parameter values, 

were summed for the two regimes. This process was repeatedly iteratively until the 

minimum least squares value was found. The minimum least squares value finds the 

best breakpoint value, and the estimated parameters. The model was first estimated for 

all trips and then, separately, for the different travel purposes.  
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4.3.4 Results 

4.3.4.1 Two regimes in human mobility patterns 

First, we applied the Kolmogorov-Smirnov test to assess the performance of the model. 

It is used to test whether the empirically observed data come from a reference 

probability distribution. Synthetic data are generated repeatedly (100 times e.g.) from 

the fitted distribution, and if observed data behave as well as synthetic data, we cannot 

reject the hypothesis that observed data come from the fitted distribution. The 

measurement of fitting is given by the standard KS statistic: 

 𝐾𝑆 = max (|𝐹 − 𝑃|)  (4.13) 

where 𝐹 is the CDF of the proposed model and 𝑃 is the cumulative distribution of the 

empirical data or synthetic data. The p-value is the measurement of the KS test.  

 𝑝_𝑣𝑎𝑙𝑢𝑒 = 𝑃𝐹{𝐷 ≥ 𝑑}  (4.14) 

where, 𝐷 is the KS value of the synthetic data, and 𝑑 is KS value of observed data. 

𝐷 ≥ 𝑑 means that the KS of the synthetic data is larger than the KS of the observed 

data. In other words, observed data fit better than synthetic data. 𝑃𝐹 is the probability 

of 𝐷 ≥ 𝑑. A p-value larger than 0.01 would not reject the hypothesis that observations 

can be the result of the fitted distribution. The p-value of our data is 0.540. Figure 4.6 

shows empirical KS and synthetic KS, where the vertical bar is empirical KS and the 

shadow polygon is the synthetic KS. Thus, our proposed model passes the KS-test.  

 

Figure 4.6 KS test for proposed model 
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Figure 4.7 Least squares at breakpoints 

The two-regime model reveals a shift in the mobility pattern of taxi travel, 

differentiating between short trips, medium trips and long trips. Short trips follow the 

exponential power law, while medium and long trips follow a truncated Pareto model. 

The shift happens at the breakpoint. For the complete set of observations, the 

breakpoint is 𝑡 = 15.2 minutes.  

Figure 4.7 portrays the sum of least squares values for different breakpoints. 

The curve after 𝑡 > 5is not shown as it continues its slightly upward curve until t=180. 

Figure 4.8 shows that the proportion of the second regime substantially exceeds that of 

the first regime. In fact, 162 648 out of 266 886 (60.94%) trips belong to the first 

regime, not to confuse the proportion of the curve and the proportion of trips.  

The exponential power law explains the head part. The exponential power law 

has a sharper decreasing trend than the pure power law due to the exponential cut-off. 

The mobility pattern represented by the head can be interpreted in terms of diffusion. 

As discussed, super diffusive patterns only exist in the model’s tail part. Thus, even if 

the whole empirical data is super diffusive, it is still difficult to tell whether it reflects 

normal diffusion or super diffusion. The exponential power distribution shares great 

similarity with the gamma distribution, as shown before. Super diffusion remains 

possible in this model. The head is less diffusive than the power law, which may imply 

more normal-diffusive-like patterns.  

It assumes two types of destination decisions: distance-oriented and intention-

oriented. Distance-oriented decisions occur when individuals choose the nearest 

destination satisfying their needs, while intention-oriented decisions occur when 
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individuals have a strong preference for a certain location instead of a nearer one. 

Under the distance-oriented assumption, people search the nearest distance, and if 

there is no target site they go a little further, and so on. If spatial facilities are abundant 

enough, the finite travel step variance will lead to normal diffusive Brownian motion. 

Under the intention-oriented assumption, travel step variance is infinite and super 

diffusion may happen.  

In observations, destinations within the 15.2 minutes taxi travel range can be 

seen as easy accessible locations to conduct daily activities. Destinations within this 

range are abundant to satisfy travelers’ need. Taking restaurants, for example, this 

process is suitable for finding an ordinary restaurant. If some persons really want to eat 

special food, their choices are no longer nearest distance oriented, but they go to 

certain locations anyhow. It leads to the super diffusive pattern.  

The truncated Pareto model explains medium and long trips behavior. Medium 

trips decay conform the power law, while long trips fall in the sharply downward decay 

regime. The truncated Pareto model shows similarity with the Lévy flight model. 

Actually, the truncated Pareto is sometimes named the truncated Lévy flight model 

(Sims, Humphries, Bradford, & Bruce, 2012). The exponential parameters 𝜆  in the 

truncated Pareto and Lévy flight models have the same physical significance. On the 

log-log scale, parameter 𝜆 denotes a decreasing rate. Its curve behaves like the Lévy 

flight model first but it has an upper bound at the end. The curve declines sharply when 

getting close to the upper bound, which defines long trips. Truncated Pareto models 

capture confined super diffusive patterns quite well. As discussed above, local citizens’ 

taxi trips are confined to the urban area. They would never travel infinitely long by taxi. 

In our case, the maximum observed travel time is 180 minutes. The truncated Pareto 

model successfully captures both a power-law decreasing trend and a sudden sharply 

decreasing trend. For the medium trips (15.2 < 𝑥 < 100) travel time decays according 

to a power law with 𝜆 = 2.018. It reflects typical Lévy behavior as λ falls within 1 and 3.  

In predator mobility research, Lévy behavior is believed to be the most efficient 

movement pattern when prey is sparsely distributed. The optimal searching exponent is 

𝜆 ≈ 2 under assumption of absence of priori knowledge about target sites distribution 

(Humphries et al., 2010b; Viswanathan et al., 1999). If predators knew prey’s 

distribution they would have traveled to the nearest site. Actually, the nearest prey site 

does exist but predators have no knowledge about it and have to travel further. 

Humans behave quite differently from animals because they have knowledge of 

destinations. However, they still go to further locations sometimes, just as the intention-
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oriented assumption suggests. For travel longer than 15.2 minutes, distance-oriented 

travel and intention-oriented travel co-occur. Infinite travel variance from intention-

oriented travel makes the mobility pattern super diffusive applying GCLT.  

The scale parameter 𝜆 = 2.018 is very close to animals’ optimal search strategy. 

The scale parameter 𝜆 = 2 describes optimal search because the sites searched vary 

substantially. It helps explaining human mobility patterns. People indeed need to visit 

various places to meet their needs in daily life. If destinations have a single function 

and are very sparsely distributed, the scale parameter is supposed to differ from 2. It is 

tested in the next section.  

4.3.4.2 Human mobility pattern by different purposes 

Travel purposes are classified into public service, commercial, industrial, residential, 

school, railway station, and airport. These seven types of travels have similarities and 

differences. All have two regimes patterns: an exponential power law for the head and 

a truncated Pareto distribution for the tail. Differences exist in breakpoints and 

parameters in each regime.  

As discussed above, the breakpoint differentiates two mobility patterns. By 

checking this behavioral bifurcation point, we discover different mobility patterns for 

different travel types. Differences in the breakpoints across travel purposes are not as 

large as expected. Five out of seven trip types have a shifting point between 14 minutes 

and 16 minutes, while the railway trip is larger, 18.5 minutes. Only airport travel (30.1 

minutes) is very different. Some types of trips have almost the same bifurcation 

pattern. Breakpoint values of public service, commercial and school travel are 15.2, 15.1 

and 15.3 minutes respectively.  

Differences in the bifurcation point explain distinctions between short trips and 

medium/long trips in people’s travel behavior. If a particular travel type has a shorter 

average travel time implying that the related facilities are abundant enough within a 

short travel time, people would be more likely to reach the second regime earlier. This 

is because for such a purpose, travelling further than a relatively short distance would 

be considered as a long trip and less people are willing to travel long distances as  

reflected in the rapid drop in the early arrival to the second regime. On the other hand, 

if a travel type has a larger breakpoint value than another type, it implies people expect 

to travel longer to meet their need related to specific facilities. Residential travel has the 

smallest breakpoint value. 
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Figure 4.8 Distribution of proposed model and observations by purposes   
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Table 4.1 Estimated parameters 

 

Traveling more than 14.5 minutes can be considered as long travel for residential 

purposes. Public service, commercial and school travel, which have similar breakpoints, 

and are found to last approximately 0.7 minutes longer than residential travel. Industrial 

travel meets the breakpoint 1 minute later than public-related travel. Thus, we have 

two travel types left, railway station and airport travel. These two travel types involve 

non-daily travel. There are only 2 railway stations and 1 airport in the city. The 

breakpoint time of railway station and airport travel are 18.5 and 30.1 minutes 

respectively.   

These conclusions are consistent with people’s travel preferences. The 

breakpoint value distinguishes two regimes, revealing how time decays in taxi travel: 

the smaller the breakpoint value, the faster travel decays. Travel decay in residential 

travel is the fastest, then public facility travel (commercial, public-service, school), and 

then industrial travel. Least decay is observed for railway travel, and airport travel. Two 

reasons may explain this phenomenon. One reason is individuals’ cognitive travel 

distance. Assume distances to two destinations are the same, and one destination is 

familiar to a passenger and the other is unfamiliar. Travel to familiar destinations may 

be shorter cognitively than to unfamiliar destinations. Thus, individuals would like to 

travel less by taxi for residential purposes, for instance. Another reason is actual travel 

distance. Longer travel distance would lead to a higher probability of taxi travel.  

Confirmation of the first reason is out of this study’s scope, but we can check the 

relationship between average travel time and breakpoint value. According to Table 4.1, 

the breakpoint value is positively correlated with the mean travel time of seven travel 

types. In other words, travel with a small average time has a low breakpoint value.  

 

𝑡𝑠 EXPONENTIAL 
POWER LAW 

TRUNCATED 
PARETO 

Mean Var. Number 
of trips 

% in 
1st 
regime 

% in 
2nd 
regime 𝛼 𝛽 𝜆 𝛾 

All trips 15.2 -6.222 1.417 2.018 9.745 16.26 161.81 266886 61.01 38.99 

Public-
service 

15.2 -6.144 1.444 2.040 9.872 16.35 161.44 45447 60.34 39.66 

Commercial 15.1 -6.201 1.432 2.115 9.839 15.89 145.11 65360 61.83 38.17 

Industrial 16.1 -5.903 1.489 1.975 10.224 17.09 188.04 19086 58.40 41.60 

Residential 14.5 -6.707 1.288 2.025 9.438 15.82 154.46 118737 62.73 37.27 

School 15.3 -6.384 1.381 2.080 9.700 16.02 165.03 7784 62.63 37.37 

Railway 18.5 -4.275 2.397 2.431 12.063 17.38 141.76 7112 53.37 46.64 

Airport 30.1 -0.454 199.772 2.779 23.600 31.42 391.01 3360 20.27 79.73 
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To further discover diffusion differences of travel types, it is necessary to further 

look into parameter differences. In the estimated parameters set of seven travel types, 

scale parameter 𝜆  is the most important one. It is the exponent parameter of the 

second regime, the truncated Pareto, indicating a mobility diffusion pattern. Diffusion is 

an important feature of mobility patterns. Large values of 𝜆  indicate a low diffusive 

pattern, a light tailed distribution, low probability of long distant travel and most travel 

concentrating on short distance. When 𝜆  approximates the value of 3, it enters the 

regime of a normal distribution, a standard diffusive pattern. In our cases, all travel 

types fall into the super diffusion distribution as their estimated 𝜆 values lie between 1 

and 3. Specifically, the 𝜆  value range of public-service, commercial, residential, 

industrial and school travel is 1.975-2.115. These values are very close to 2, suggesting 

standard Lévy behavior. These daily activities share similar diffusive patterns. The 

optimal searching strategy is confirmed here. In contrast, destinations like the railway 

station and airport are not ‘various’ at all. There are only two railway stations and one 

airport, whose scale parameters deviate from 2. Railway station and airport travel have 

a larger 𝜆 of 2.431 and 2.779 respectively. These two travel types are less diffusive than 

others but with a larger value for 𝛾, implying that due to the scarce availability of 

airport, the range of travel time is less varied compared to the other types of facilities 

with most of the trips in the medium travel time range. It looks strange because of less 

diffusion, but less diffusive does not mean lower probability of long trips in truncated 

Pareto. In the second regime both parameters 𝜆  and 𝛾  have to be considered. For 

instance, looking at Figure 4.8 (industrial) and Figure 4.8 (airport), trips longer than 148 

(ln(5)) concern airport trips more than industrial trips. It is because of the other 

parameter 𝛾 of the distribution, even if it is more diffusive according to 𝜆. 

Parameters in the first regime are as important as in the second regime. The 

exponential power law was found to be a useful model in some mobility studies. 

However, as argued, it has the shortcoming of not being able to distinguish the physical 

significance of the power component and the exponential component. Indeed, 

limitations exist in interpreting parameters in the exponential power law. At present, 

conclusions are drawn from a visual inspection of the curve, but it needs more analytical 

work in the future.  

Combining the interpretation of the breakpoint value, exponent parameter 𝜆, and 

mean travel time and proportion in both regimes, the following mobility patterns of 

travel with different purposes can be identified: Residential travel is the most common 

type of taxi travel in Guangzhou city, taking up 44.5% of all taxi travel. It has the 
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smallest mean travel time and smallest breakpoint value (14.5), showing the fastest taxi 

travel decay of all travel types. Public-service, commercial and school travels have 

similar mobility patterns, as these all relate to public facilities. Their breakpoint values 

are around 15.2, showing less taxi travel decay than residential travel. Industrial travel 

represents a mobility pattern different from the former four travel types. It reaches a 

breakpoint at 16.1 minutes, larger than the former four types. The proportion of trips in 

the second regime (41.6%) is higher than for the former four types. Most significantly, 

it is the most diffusive travel of all travel types. Compared to residential travel, industrial 

travel is more time consuming, has a slower frequency decay and higher probability of 

long distance travel. Railway station travel is associated with non-daily travel. The mean 

travel time of the former five types is 14.5-16.1, while it increases to 18.5 for railway 

station travel. It has 5% more trips in the second regime than industrial travel. 

However, it is a less diffusive (𝜆=2.431) mobility pattern. Less diffusion means people 

choose more medium distance travel. Airport travel is the distinctive pattern, caused by 

long distance travel emanating from mainly the inner city. The curve (Figure 4.8) clearly 

shows different decay rates in the two regimes. The breakpoint value of 30.1 minutes is 

the minimum time expenditure from the inner city to the airport. Travel less than 30.1 

minutes originates from people living closer to the airport, such as for example 

travelers, who have chosen to stay in hotels near the airport. Travel in the second 

regime, taking up almost 80% proportion, has the least diffusive pattern (𝜆=2.779). 

4.3.5 Conclusions and discussion 

To understand taxi movement patterns in an urban context, this section examined taxi 

travel time distributions. Taking Guangzhou single day taxi GPS trajectory records as 

data, mobility patterns were uncovered. As the data appear to show two regimes, the 

single Lévy flight model, exponential power law and truncated Pareto model were found 

not to fit the observations. A hybrid model was formulated, characterized by an 

exponential power law for the head of the distribution and a truncated Pareto model for 

the tail. Least squares was used to estimate a hybrid model.  

Based on the proposed model, two regimes in human mobility patterns are 

identified. Results show that in the first regime mobility patterns tend to show normal 

diffusion. The truncated Pareto model captures the confined supper diffusive pattern 

well. Two types of travel decisions explain the diffusion difference in the two regimes: 

distance-oriented decisions and intention-oriented decisions. Under distance-oriented 

decisions people choose the nearest travel destination, which leads to normal diffusion 

in the first regime; distance-oriented and intention-oriented decision together make 
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variance of travel steps infinite, leading to the supper diffusive pattern in the second 

regime. Travel for different purposes is manifested in different mobility patterns, 

characterized by specific combinations of breakpoints, diffusion and time decay. Most 

importantly, daily travel and non-daily travel are well differentiated. Residential, 

commercial, industrial, service and school travel constitute daily travel, while railway 

and airport travel are instances of non-daily travel. The main difference is the value of 

the scale parameter in the second regime, which is around 2 for daily travel and larger 

than 2.43 for non-daily travel.  

This section mainly contributes to the further understanding of behavioral 

differences in human mobility patterns, complementing and extending previous work. 

However, it does have some limitations. One concerns the interpretation of the first 

regime. The first regime was interpreted in terms of normal diffusion, but it was not 

proven it is exactly normal diffusive or super diffusive. Another limitation is urban taxi 

travel is indeed time – dependent. Investigating time-variant travel behavior is a future 

interest.  

4.4 Taxi trip frequency 

4.4.1 Background 

Visitation frequency, or spatial travel density (see Liu, Gong, Gong, & Liu, 2015), 

reveals the probability of a taxi passenger’s arrival at a specific location. The higher the 

visitation frequency a location has, the more probably it attracts passengers to arrive. 

The frequency-ranking law defines a relationship between visitation frequency and an 

ordered-ranking of a location.  

The purpose of this section is to find the dynamic scaling laws in taxi spatial 

visitation frequency. The drop-off points from taxi global positioning system (GPS) 

records identify taxi arrivals. Number of spatial arrivals, or spatial visitation frequency, is 

a straightforward measurement of attractiveness of the built environment.   

4.4.2 Related work 

Spatial visitation frequency can be measured by two approaches: frequency-ranking 

laws or frequency probability distributions. The frequency-ranking law, or Zipf’s law, 

defines the relationship between visitation frequency and an ordered-ranking of a 

location. The frequency probability distribution depicts the probability of visitation 

frequency at a location. The scaling laws of frequency-ranking vary across empirical 
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studies, while frequency probability distribution is generally believed to follow a power 

law. The frequency-ranking laws can be a power law, an exponential law, or an 

exponential/power law with a cut-off. For example, the spatial visitation frequency 

based on mobile phone users’ traces seems to follow a power law (Song, Koren, Wang, 

& Barabasi, 2010). It can be explained by the preferential return effect and power law 

growth of distinct visited locations. The model by Hu, Zhang, Huan, & Di (2011) 

suggests that the home-return constraint is important and significantly influences  

optimised mobility scaling laws. However, a study on GPS records of private cars found 

that spatial visitation frequency by ranks followed an exponential law (Giannotti et al., 

2011). Rank-ordered incoming and outgoing flows of subway stations also displayed an 

exponential decay pattern. Based on the exponential decay pattern, multiple centres 

were defined depending on the time of day (Roth, Kang, Batty, & Barthélemy, 2011). 

Hasan, Lafayette, & Ukkusuri (2013) used location-based social media check-in data to 

analyse human mobility patterns, and concluded that visitation frequency followed an 

exponential power law. But for top ranked locations, visitation frequency decayed 

according to a power law, while it had a cut-off when ranking increases.  

Frequency probability distribution generally follows a power law, although in 

some cases it has a cut-off value. Using social media check-in data from 370 Chinese 

cities, it was found that the frequency distribution of check-ins in cities followed a 

power law, and the distribution of visited cities also followed a power law (Liu, Sui, 

Kang, & Gao, 2014). The scaling law can be explained using the rank size distribution of 

Chinese cities. Based on empirical research on taxi trips, the probability distribution of 

the visiting frequency for different locations displayed a power law distribution, and the 

relative deviation of traffic followed a normalised binomial distribution (Peng, Jin, Wong, 

Shi, & Lio, 2011). The probability of passenger flows between two subway stations in 

London was distributed according a power law with an exponent around 1.3 (Roth et 

al., 2011). This work uncovered that the frequency-ranking law and frequency 

probability distribution can be different, with an exponential law for the former and a 

power law for the latter. Lü, Zhang, & Zhou (2013) gave an explanation. Assuming that 

Zipf’s law and the frequency probability distribution both follow a power law, then when 

the exponent of frequency distribution is close to 1, the exponent of Zipf’s law diverges 

and becomes an exponential law or another form.  

Both these two measurements can be applied to uncover taxi movement 

patterns, but this section concentrates on the frequency-ranking law. The scaling law of 

frequency-ranking varies for different empirical data and measurement. Therefore, the 
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following questions arise: Under what conditions does the visitation frequency 

power/exponentially decay? Can visitation frequency be explained by a universal 

mechanism? Is the scaling law of visitation frequency sensitive to time?  

4.4.3 The scaling law of spatial visitation frequency 

As spatial visitation measures the attractiveness of destinations, only drop-off records 

were used to analyse the data. The inner city space was divided into 1326 spatial grids 

(1km2). Spatial visitation frequency, or spatial arrivals, is measured by the number of 

DOPs in each grid.  

4.4.3.1 The scaling law model 

Taxi’s spatial arrivals are the outcomes of a highly stochastic process. Let 𝑛1, 𝑛2, … 𝑛𝑆 

denote visited grid locations. Spatial visitation frequency is defined as the number of 

trips 𝑓(𝑟) arriving at the 𝑟th most visited location 𝑛𝑟. The scaling law of 𝑓(𝑟) to 𝑟 also 

refers to the rank-size distribution, which is the distribution of size 𝑓(𝑟) by rank 𝑟, with 

a descending order of size. Revealing the scaling law of a rank-size distribution is a 

common approach to frequency counting events, such as word frequency, city 

population, etc. What scaling law is applicable to a rank-size distribution can be 

explained by reference to two mechanisms: the preferential attachment mechanism and 

the distinct visited locations growth process. Preferential attachment (Barabási & Albert, 

1999), or preferential return (Song et al., 2010), or the rich-get-richer effect (Lü et al., 

2013), refers to the phenomena that a frequently happening event has a high 

probability to happen again. The probability of the happening of an event is 

proportional to its observed frequency. For taxi arrivals, the probability that a location 

being chosen as the destination by a passenger is proportional to the location’s previous 

visitation frequency (Song et al., 2010): 

 𝑝(𝑛𝑟)~𝑓(𝑟) (4.15) 

where 𝑝(𝑛𝑟) is the probability that a taxi arrives at the location 𝐿𝑟. The distinct visited 

locations growth process encompasses how the number of distinct visited locations 

𝑆(𝑁)  grows with total taxi arrivals travels 𝑛 . Under the preferential attachment 

assumption, the discovery time (the time of the first visit) 𝑘(𝑛𝑟) of location 𝑛𝑟 , the 

frequency-ranking 𝑟, and distinct visited locations 𝑆(𝑁𝑟) have the following relationship: 

 𝑆(𝑁𝑟) =  𝑘(𝑛𝑟) = 𝑟 (4.16) 
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The explanation of equation (4.16) is as follows. Suppose during a period of 

observation, there are 𝑁 total taxi arrivals and S distinct visited locations (𝑛1, 𝑛2, … 𝑛𝑆). 

The earlier a location is visited, the more likely it is to be visited again. The rank of 

visitation frequency 𝑟  equals its first visitation time 𝑘(𝑛𝑟) . When location 𝑛𝑟  is first 

visited by trip 𝑁𝑟, it is the 𝑘th discovered location, so distinct visited locations 𝑆(𝑁𝑟) are 

now equal to 𝑘(𝑛𝑟). Based on equation (4.16) the relationship of 𝑓(𝑟) to 𝑟 is (Song et 

al., 2010): 

 𝑓(𝑟)~1/𝑆−1(𝑟) (4.17) 

Using the above equations, the scaling law of 𝑓(𝑟) to 𝑟 can be examined in relation to 

the linear preferential attachment effect and the growth of distinct visited locations 

𝑆(𝑁) . That is, linear preferential attachment determines equation (4.17), and the 

scaling laws of equation (4.17) determine the scaling laws of 𝑓(𝑟) to rank 𝑟. 

To examine the scaling law of visitation frequency, a frequency-ranking model 

𝑓(𝑟) to 𝑟 is applied. It ranks taxi arrival frequency in each spatial grid and then fits a 

distribution to the frequency and rankings. The distribution of 𝑓(𝑟)  to 𝑟  is the 

frequency-ranking model. To explain the scaling law of visitation frequency, the 

preferential attachment effect and travel growth process are examined. According to 

the preferential attachment effect, the probability that a taxi arrives at a grid 𝐿𝑖  is 

proportional to the grid’s previous visitation frequency 𝑓(𝑟). The hypothesis is tested by 

considering the relationship between the average arrival probability g(𝑓) and frequency 

𝑓, as proposed by Lü et al. (2013). g(𝑓) is the probability that a new taxi arrives at a 

location with 𝑓 arrival frequency. Dividing the data into two parts, Part I measures 𝑓 

and Part II measures  g(𝑓). A location 𝑛 in Part I has a frequency of 𝑓. Once a taxi 

arrives at location 𝑛, 1 is added to g′(𝑓) whose initial value is 0. g′(𝑓) is the number of 

visits in Part II that has 𝑓 visits in Part I. g(𝑓) equals g′(𝑓) divided by number of distinct 

locations that have 𝑓 visits in Part I. If g(𝑓) is a linear function of 𝑓 , a preferential 

attachment effect is confirmed. The travel growth process is defined by the growth of 

distinct visited locations 𝑆(𝑁) with total taxi trips 𝑁 . The growth process and stable 

status of 𝑆(𝑁) jointly explain the scaling law of visitation frequency. 
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Figure 4.9 Spatial visitation frequency by rankings 

 

 

Figure 4.10 Spatial visitation frequency at different spatial scales 
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The model above was then used for twelve time periods. The fundamental differences 

between the twelve models explained the process of dynamic change: whether the 

models were from the same distribution or not, whether parameter differences were 

from scale parameters or shape parameters or both. If different distributions or shape 

parameters were observed, a dynamic and thus changing scaling law would be shown, 

whereas if only different scale parameters were observed, the scaling law was 

considered to be stable. 

4.4.3.2 The scaling law is exponential 

Travel frequency decay 𝑓(𝑟) is shown in the semi-log plot in Figure 4.9. The linear 

relationship indicates an exponential decay effect. The result is surprising as it follows 

an almost perfect exponential law 𝑓(𝑟)~𝛼−𝑟. The exponential law is light-tailed, which 

implies the number of locations to be visited is limited. For taxi movements, the number 

of candidate destinations is no doubt limited. As taxi travel is constrained by cost, time 

budgets and city boundaries, almost all taxi trips are within Guangzhou city’s boundary 

and most of them (95.8%) arrive in the inner city. 

The modifiable areal unit problem (MAUP) is an issue to be considered. 

Measurement on different spatial scales (units area) may result in statistical bias of 

spatial point frequency. Thus, spatial visitation frequency was examined using different 

spatial scales: on spatial grids of 25 km2, 4 km2, 1 km2 and 0.25 km2. As shown in 

Figure 4.10, the linear trend in the semi-log plot confirms an exponential decay of 

visitation frequency for all illustrated spatial scales. Therefore, the exponential law of 

visitation frequency is convincing at different spatial scales.  

Whether the preferential attachment effect exists needs confirmation. Using the 

concept of taxi movement preferential attachment, the probability of choosing a location 

is assumed proportional to the previous arrival frequency at that location. As explained 

in the method section, the average arrival probability g(𝑓) should be linear to travel 

frequency 𝑓. Given the power law  

 g(𝑓)~𝑓𝜆 (4.18) 

𝜆 = 1 confirms a linear relation, g(𝑓)~𝑓 . In the log-log scale of equation (4.18), the 

curve slope is the exponent 𝜆. Figure 4.11 shows that for all trips 𝜆 =0.9856, which is 

very close to 1. It indicates g(𝑓)~𝑓 , that a linear preferential attachment effect is 

confirmed.  
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Figure 4.11 Linear preferential attachment effect 

 

 

Figure 4.12 Distinct visited location growth  
(left: log-log scale; right: semi-log scale) 
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 𝑓𝑛,(𝑖)

𝑓𝑛,(𝑗)
=
𝑓𝑛(𝑖) + (

𝑛, − 𝑛
𝑛,

)𝑓𝑛(𝑖)

𝑓𝑛(𝑗) + (
𝑛, − 𝑛
𝑛,

)𝑓𝑛(𝑗)
=
𝑓𝑛(𝑖)

𝑓𝑛(𝑗)
 

(4.19) 

The visitation frequency distribution at time 𝑡′  is the same as at time 𝑡  without 

considering arrivals at unvisited locations. It is the new arrival at an unvisited location 

that changes the visitation frequency distribution. The probability of visiting a new 

location is found in the distinct visited location growth process.  

Figure 4.12 shows the process. Different stages are observed in the growth of 

distinct visited locations 𝑆(𝑁). In the early stages, the linear growth in the log-log scale 

predicts power law growth, especially a short period of linear growth as the slope 

equals 1 in the beginning. In the late stage, a linear growth trend exists in the semi-log 

plot, reflecting a logarithmic growth. Lü et al. (2013) explained the mechanism of 

growth of 𝑆(𝑁) in the following equation: 

 𝑆(𝑛) = 𝑉 [1 − (
𝑉

𝑉 + 𝑛
) ] (4.20) 

where 𝑉  is the number of grids; 𝑉  is the joint visitation probability of all candidate 

grids; 𝑎𝑛𝑑 휀 is initial attractiveness. 

The growth of 𝑆(𝑛) has three stages: (i) in the early stage 𝑆(𝑁) ≈ 𝑁; (ii) as 𝑛 

grows and 휀 is very small 𝑆(𝑁) ≈ 𝑉 ln (1 +
𝑡

𝑉
); (iii) as 𝑛 grows very large 𝑆(𝑁) ≈ 𝑉. The 

linear part in stage (i) and logarithmic part in stage (ii) were consistent with research 

observations (Figure 4.14). Observations of spatial visitation frequency happen in the 

last moment of travel growth (stage ii). The linear trend in the semi-log plot shows that 

it is still in the logarithmic growth stage. Substituting the logarithmic growth of 𝑆(𝑛) into 

equation (4.17) we find:  

 𝑓(𝑟)~𝛼−𝑟 (4.21) 

Equation (4.21) explains the exponential decay in spatial visitation frequency. Taxi 

arrival frequency decays as an exponential law. The exponential decay rate (the slope in 

Figure 4.9) where 𝛼 , = 0.0062 indicates the decay effect. The exponential decay rate 

comes from equation (4.22), where the ‘lg’ is the logarithm with the base of 10: 

 𝛼, = −lg (𝛼) (4.22) 

Travel growth has a linear preferential attachment effect, which is confirmed from the 

exponent 𝜆 = 1 in equation (4.18). The probability of a visit to a specific location is 

linearly proportional to previous travel frequency.  
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4.4.3.3 Temporal differentiation of the scaling law 

In this part, temporal differences in visitation frequency are examined across a 12 two-

hour time periods. The exponential decay rate 𝛼,  in the frequency-ranking model 

explains the decay difference. The larger 𝛼 , , the greater the rate of travel decay.  

 

Figure 4.13 Spatial visitation frequency by time periods 

Table 4.2 Decay parameters and linear effect by time periods 

Time period 𝛼 , 𝜆 

01:00-03:00 0.0059 1.0003 

03:00-05:00 0.0063 0.9829 

05:00-07:00 0.0062 1.0179 

07:00-09:00 0.0062 0.9948 

09:00-11:00 0.0061 1.0082 

11:00-13:00 0.0060 0.9960 

13:00-15:00 0.0062 1.0071 

15:00-17:00 0.0063 1.0114 

17:00-19:00 0.0063 0.9830 

19:00-21:00 0.0066 0.9648 

21:00-23:00 0.0062 1.0116 
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Figure 4.13 and Table 4.2 show the difference. Surprisingly, again the temporal 

differences are so small that observations across different time periods have no 

significant decay differences. Figure 4.13 plots 𝑓(𝑟) in a semi-log plot, showing the lines 

are almost parallel with slopes between 0.0059 and 0.0066. The decay rates are very 

close. In other words, taxi trips in all time periods have the same exponential decay 

rate. 

Travel growth further confirms the similarity across different time periods. Table 

4.2 shows 𝜆 values in 12 time periods ranging from 0.9648 to 1.0179, very close to 1. 

Thus, the linear preferential attachment effect exists in all time periods. There is no 

significant difference in the spatial visitation scaling law amongst the different time 

periods. Distinct visited locations also grow according to the same pattern in different 

time periods (Figure 4.14): for each time period at the beginning 𝑆(𝑁) grows linearly, 

and after 𝑁 = 1000 trips, 𝑆(𝑁) grows logarithmically. The scope of function value 𝑆(𝑁) 

is within 364 and 503. The same logarithmic growth rate explains the same frequency 

decay rate in all time periods. As individual trips grow, after 1000 trips the visitation 

frequency decays exponentially regardless of the time periods.  

It has been confirmed that both the travel frequency decay rate and travel 

growth patterns do not change through time. Therefore, taxi travel patterns are quite 

clear: temporal travel demand determines the overall size of total trips; linear 

preferential attachment and logarithmic location growth determine the exponential 

scaling law. Space is like a stable attractor, pulling in travellers according to the same 

scaling law. Both the frequency decay rate and travel growth rate are temporally stable.  

 

 

Figure 4.14 Distinct location growth (left: log-log scale; right: semi-log scale) 
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Table 4.3 Comparison of scaling laws 

Scaling laws Source Dataset Candidate locations 

Exponential This study Taxi GPS Limited  
Exponential Giannotti et.al 

(2011) 
Private car 
GPS 

Limited 

Exponential with cut-
off 

Roth et.al (2011) Subway Super limited 

Power Song et. al (2010) Mobile phone Unlimited 
Power with cut-off Hasan et.al (2013) Twitter Between limited and 

unlimited 

 

4.4.4 Conclusions and discussion 

To understand taxi movement patterns, this section examined the scaling laws of spatial 

visitation frequency. The city space was divided into spatial grids; taxi arrivals in each 

grid were counted. A frequency-ranking model, depicting how spatial visitation 

frequency decays with rankings, was formulated to find the underlying scaling laws. The 

model was then used with twelve time periods to uncover dynamic scaling laws.  

It revealed that the scaling law of visitation frequency is exponential, and that 

spatial arrivals decay exponentially with locational rankings. It is explained by the linear 

preferential attachment effect and logarithmically distinct visited locations growth. 

Travel frequency decay rates for the twelve time periods were found to be almost the 

same. The linear preferential attachment effect existed in twelve time periods, and the 

distinct visited location growth in the twelve time periods followed the same laws. These 

two effects explain why the scaling laws are not sensitive to time.  

The result presented in this section has a different finding to that of most activity 

mobility work. Temporal differences in human mobility are rather small. It is interesting 

to uncover a simple regularity in a complex urban system, and to apply it to transport 

prediction. However the exponential scaling law of this study is limited to the study 

area, Guangzhou. It needs further testing whether the exponential law of travel 

frequency is a universal law. Using data from different cities is a possible solution. We 

admit collecting data from other cities to confirm the exponential law is beyond our 

current ability. Alternatively a glimpse of previous researches provides deeper 

understanding of the scaling law. The exponential law is consistent with the result from 

Giannotti et al. (2011), and partly consistent with the exponential law with a cut-off 

from Roth et al. (2011), but different from the empirical research of Song et al. (2010) 

and Hasan et al. (2013). According to Song et al. (2010), visitation frequency follows a 

power law: 𝑓(𝑟)~𝑟−𝛽 . The power law results from the growth of distinct visited 
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locations 𝑆(𝑛), which satisfies 𝑆(𝑁)~𝑛1/𝛽. Comparatively, the growth of distinct visited 

locations in this research is 𝑆(𝑁)~𝑛/lg (𝛼).  The visitation frequency of this research 

accordingly follows an exponential law: 𝑓(𝑟)~𝛼−𝑟 . The difference underlying these 

scaling laws, whether it is a power law or an exponential law, is in the distinct visited 

locations growth. The exponential law is observed in this study, and also in Giannotti et 

al. (2011). Both research projects used GPS records of floating car data. Each vehicle 

has a home location, so it is constrained within a city’s range. Even if passengers 

determine taxi destinations, taxi drivers do not like to drive far beyond the city 

boundary due to the high cost of returning. Limited candidate locations make the 

visitation frequency law exponential. Observations from subway stations flows follow an 

exponential law with a cut-off (Roth et al., 2011). Because candidate locations are more 

limited for subway stations, there is no probability of visiting a new station. Therefore a 

sharp cut-off effect happens in the tail rankings. A power law is observed by examining 

mobile phone data (Song et. al, 2010). The dataset has no limits on users’ locations, 

thus people could travel freely. The unlimited candidate locations result in a heavy tail 

for frequency distribution, thus approximating a power law. An exponential power law 

exists for Twitter social media data (Hasan et al, 2013). Although potential candidate 

check-in locations are unlimited, the data are collected from three US cities. Candidate 

locations are between unlimited and limited, so the result displays a power law trend 

with a cut-off. A general comparison is shown in Table 4.3.  

Although this research concluded that different empirical regularities exist in 

different cities, the underlying explanation is consistent. The scaling law is determined 

by distinct growth in visited locations. Since the linear preference attachment effect and 

logarithm distinct visited location growth are confirmed, the exponential law of travel 

frequency is a confident conclusion. 

4.5 Summary 

This chapter investigates movement patterns of taxi passengers from GPS records. It 

provides an empirical foundation for the model of driver behaviour. Taxi trips fluctuate 

with time of day. The temporal distribution of taxi trips exhibits a one peak pattern. The 

peak hours are 9 am to 11 pm. The rest of time is non-peak hours. It gives two hints to 

taxi drivers. Passenger trips are indeed time dependent, and taxi drivers should cope 

with the temporal changes. Secondly, taxi drivers can roughly differentiate their beliefs 

by peak hours and non-peak hours.  
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Passenger travel length is the basis of a fare that a passenger pays to a driver. A 

basic collected fare structure consists of an initial fare and a fare per km. The travel 

length distribution is the knowledge that each driver needs to learn so as to evaluate 

the reward of a decision. The main finding is that the objective travel length distribution 

is a stepwise function of an exponential power law and a truncated Pareto. It is a 

complex distribution since it involves 5 parameters to be estimated. It implies that the 

mobility mechanism of passengers is also complex. Passengers exhibit a normal 

diffusive pattern in short trips and a super diffusive pattern in long trips. The complexity 

in the objective distribution makes it difficult for taxi drivers to learn. Travel lengths 

observed by taxi drivers become their subjective distributions. It raises a challenge to 

build a learning model that keeps simplicity in formulation and captures mobility 

mechanisms at the same time. Passenger trip frequency reflects passenger demand. 

Success of a driver’s pick-up highly depends on passenger demand. A scaling law in the 

trip frequency distribution gives a basis to a taxi driver’s belief on pick-up success. The 

scaling law is an exponential law. An exponential law implies top ranking locations have 

a large amount of passenger demand. It is important for taxi drivers to learn to know 

these high demanded locations. On the other hand they need to be cautious that these 

locations may incur high taxi competition. Well perceived knowledge is the basis of a 

smart decision. An exponential law is a light-tail distribution. It implies that not all 

locations have a sufficient amount of passengers. There are many locations in the city 

that have low or even none passenger demand. Taxi drivers also need to learn it to 

avoid making wrong decisions. In this sense, an unsuccessful search experience of a 

driver is not of little value. A driver obtains the information of low demand locations. He 

will not choose such locations in later decisions. In this way he is improving his strategy 

and becoming experienced.  

In summary, the most significant finding of this chapter is that passenger trip 

length and success of a pick-up are important components of any behavioural model of 

taxi drivers’ decision making. With this empirical evidence, we hope a sound behavioural 

model can be developed. 
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5 

Synthetic travel demand 

5.1 Introduction 

Travel demand models play an important role in urban and regional planning. They 

predict future demand for infrastructure and facilities, or are used to estimate changes 

in transport and activities over time. Most transportation-related problems, including 

traffic congestion, crash frequency, energy consumption, and vehicle emissions, are 

directly related to vehicle usage rates and driver behavior. It articulates the relevance of 

activity-based models, as an alternative to four-step models (Rasouli & Timmermans, 

2014a). It did result in an approach that is much more detailed in time and space, 

compared to the traditional traffic zones.  

Synthesizing travel demand is a process to generate residents’ travel demand 

from a limited data source. It synthesizes (i) individual socio-demographic profiles of the 

full population and sometimes (ii) their travel diaries. Travel demand is necessary 

because it provides the basis to generate taxi travel demand. Taxi travel demand is an 

important factor in modeling driver behavior. Most work relevant to taxi driver behavior 

assumes taxi travel demand is a known component, which equals the number of 

occupied taxis in a city, or the result of a supply-demand equilibrium state. However, 

this assumption is difficult to defend because travel demand is actually generated from 

passengers themselves. Observations of occupied taxis do not necessarily equal travel 

demand. Travel demand contains not only observed travel, but also unobserved 

suppressed travel.  

Acknowledging the importance of knowing and considering passengers’ travel 

demand in modeling taxi drivers’ behavior does not mean we can easily collect this kind 

of data. There is no dataset of individual profiles, nor a dataset of travel demand of the 

full population of Guangzhou city. Individual profile data can be collected from two 

sources: survey data and social demographic census. The former is based on 

questionnaires. It creates complete individual profiles, but covers only a small sample of 

the population. A census involves every citizen, but statistics are published at the 
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aggregate level (neighborhood, district, etc.), individual profiles cannot be obtained for 

privacy reasons. The lack of data is the reason why a synthetic population is necessary.  

The purpose of this chapter is to create individual activity profiles of the full 

population using individual sample data and social demographic census data. The travel 

diary data are not a random sample of the population. Rather, it is from 18 

neighborhoods. Social demography in the sample may differ by neighborhood type. A 

sample in a particular neighborhood only represents the social demography in that 

neighborhood type. It is problematic to proportionally extend the sample to the full 

population when a strong correlation between socio-demographics and neighborhood 

type exists. A log-linear analysis was therefore applied to explore whether the 

correlation exists between social-demography and neighborhood type. If social 

demography does depend on neighborhood type, the population needs to be 

synthesized by neighborhood type. Using residence and employment distribution 

statistics of citizens, commuting trips are predicted using a production-constrained 

gravity model. After analyzing Activity schedules patterns using CHAID analysis, one day 

travel associated with all activities in the study area is finally synthesized. The process 

applied to synthesize travel demand is summarized in Figure 5.1.  

5.2 Synthetic population profiles 

5.2.1 Log-linear analysis 

To synthesize population profiles, population census data are linked to travel diary 

sample data. The principle of population synthesis is to derive a social demographic 

profile that keeps the correlation between the socio-demographic variables observed in 

the sample of the travel diary and is consistent with the marginal distributions of these 

variables in the population census. We know however that the correlation between 

socio-demographic variables may differ between neighborhood types. Ignoring such 

variability in correlation will introduce more error in the synthesized population. It is 

necessary therefore to explore the correlation between neighborhood type and social 

demographic attributes in the travel diary. If heterogeneity in socio-demographic 

profiles by neighborhood types exists, the synthesis is conducted separately by 

neighborhood type allowing for different correlational structures. Otherwise, if social 

demography is homogeneous, the correlations in the travel diary sample can be simply 

applied to the full population.  
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Figure 5.1 Framework  

 

To explore the need to perform the synthesis by neighborhood type, a log-linear 

analysis was applied. Log-linear analysis is a statistical method to test and quantify the 

correlation between categorical variables. With three variables (A, B, C), for example, 

the saturated log-linear model has the following log-linear equation: 

 ln 𝐸𝑖𝑗𝑘 = 𝜆 + 𝜆
𝐴 + 𝜆𝐵 + 𝜆𝐶 + 𝜆𝐴𝐵 +𝜆𝐴𝐶 + 𝜆𝐵𝐶 + 𝜆𝐴𝐵𝐶 (5.1) 

where 𝐸𝑖𝑗𝑘 is expected frequency of a cell, 𝜆𝐴, 𝜆𝐵, 𝜆𝐶  are marginal effect parameters, 

𝜆𝐴𝐵, 𝜆𝐵𝐶 , 𝜆𝐴𝐶 are 2-way associated parameters, and 𝜆𝐴𝐵𝐶 is 3-way associated parameter. 

It is a saturated model because it includes interaction of all variables. The correlation of 

variables is examined by backward elimination procedure. The idea is to eliminate 
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interactions of parameters which do not significantly change expected frequency 𝐸𝑖𝑗𝑘 of 

a cell. At the first step, the highest order interaction (𝜆𝐴𝐵𝐶) is removed from the log-

linear equation. If the goodness of fit after removal is worse than the saturated model, 

the interaction of 𝜆𝐴𝐵𝐶 exists. Otherwise the procedure enters a next step, that the 2-

way interaction is removed. Similarly, effect of 2-way interaction is examined by the 

fitness of the model after removal. If removing all interactions does not affect the 

fitness, it means variables are independent with each other. Otherwise interactions of 

(some) variables exist. The goodness-of-fit statistic is the likelihood 𝜒2 ratio: 

  𝜒2 = 2∑𝑂𝑖𝑗𝑘 ln
𝑂𝑖𝑗𝑘

𝐸𝑖𝑗𝑘
 (5.2) 

where 𝑂𝑖𝑗𝑘 is the observed frequency in cell 𝑖𝑗, 𝐸𝑖𝑗𝑘  is the expected frequency in that 

cell. Notice that the log-linear equation is an illustration of 3 variables. It is also 

applicable in higher order interaction. The analysis was conduct in SPSS 22 software. It 

examined 4-way interaction of age, gender, job and neighborhood type.  

 

Table 5.1 Crosstabs of attributes and neighborhood types 

 

GENDER 

Total MALE FEMALE 

TYPE 1 127 192 319 
2 226 300 526 
3 133 179 312 
4 182 277 459 

Total 668 948 1616 

 

AGE_LEVEL 

Total 15-29 30-44 45-59 60+ 

TYPE 1 5 73 111 130 319 
2 21 139 234 132 526 
3 9 73 135 95 312 
4 12 136 196 115 459 

Total 47 421 676 472 1616 

 

JOB_TYPE 

Total No job Agriculture Manufactory Commercial Service Other 

TYPE 1 32 2 14 161 84 26 319 
2 38 4 54 293 109 28 526 
3 13 2 14 116 134 33 312 
4 35 41 68 203 72 40 459 

Total 118 49 150 773 399 127 1616 
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Table 5.2 Log-linear analysis result 

Stepa Effects Chi-
Squarec 

Sig. 

0 Generating 
Classb 

GENDER*JOB*AGE*TYPE 0.000  

Deleted 
Effect 

1 GENDER*JOB*AGE*TYPE 54.897 1.000 

1 Generating 
Classb 

GENDER*JOB*AGE, GENDER*JOB*TYPE, 
GENDER*AGE*TYPE, JOB*AGE*TYPE 

54.897 1.000 

Deleted 
Effect 

1 GENDER*JOB*AGE 47.159 .041 
2 GENDER*JOB*TYPE 38.702 .029 

3 GENDER*AGE*TYPE 11.923 .452 
4 JOB*AGE*TYPE 127.053 .019 

2 Generating 
Classb 

GENDER*JOB*AGE, GENDER*JOB*TYPE, 
JOB*AGE*TYPE 

66.820 .999 

Deleted 
Effect 

1 GENDER*JOB*AGE 46.787 .044 
2 GENDER*JOB*TYPE 36.661 .047 
3 JOB*AGE*TYPE 130.726 .011 

3 Generating 
Classb 

GENDER*JOB*AGE, GENDER*JOB*TYPE, 
JOB*AGE*TYPE 

66.820 .999 

a. At each step, the effect with the largest significance level for the Likelihood Ratio Change is 
deleted, provided the significance level is larger than .050. 
b. Statistics are displayed for the best model at each step after step 0. 
c. For 'Deleted Effect', this is the change in the Chi-Square after the effect is deleted from the 
model. 
 
 

Table 5.3 Attributes relation matrix 

TYPE GENDER AGE 

JOB 

TOT No job Agriculture Manufactory Commercial Service Other 

(𝑗=1) (𝑗=2) (𝑗=3) (𝑗=4) (𝑗=5) (𝑗=6) 

I 

(𝑘=1) 

MALE 

15-29 
(𝑖=1) 

𝑥𝑖𝑗𝑘
(∗)

   

𝑋1𝑘
𝑛  

30-44 
(𝑖=2) 

𝑋2𝑘
𝑛  

45-59 
(𝑖=3) 

𝑋3𝑘
𝑛  

60+ 
(𝑖=4) 

𝑋4𝑘
𝑛  

FEMALE 

15-29 
(𝑖=5) 

𝑋5𝑘
𝑛  

30-44 
(𝑖=6) 

𝑋6𝑘
𝑛  

45-59 
(𝑖=7) 

𝑋7𝑘
𝑛  

60+ 
(𝑖=8) 

𝑋8𝑘
𝑛  

TOTAL 𝑌1𝑘
𝑛  𝑌2𝑘

𝑛  𝑌3𝑘
𝑛  𝑌4𝑘

𝑛  𝑌5𝑘
𝑛  𝑌6𝑘

𝑛    
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Table 5.2 lists the results of the log-linear analysis. At step 0, 4-way interaction is 

removed, and the result is sig.=1.000. It means 4-way interaction is not significant and 

can be removed. At step 1, 3-way interaction is removed one by one. Removing 

gender*age*type does not make significant different (sig.=0.452>0.05). Thus it is 

removed next. The procedure continues until no interaction can be removed. In other 

words removing variable interaction makes significant change in the likelihood ratio 𝜒2. 

The analysis shows that interactions of variables exist. The correlation exists in 

gender*age*job (sig.=0.044). It implies that the selected socio-demographic variables 

are indeed correlated. The log-linear analysis also includes neighborhood types as a 

variable. Neighborhood type is indeed involved in interaction of variables. The most 

significant interaction is job*age*type (sig.=0.011), and the interaction in 

gender*job*type is also significant (0.047).  The correlation in socio-demographic 

variables implies that iterative proportional fitting is necessary, and it should be applied 

to the population in each neighborhood type separately due to variables’ correlation 

with neighborhood types. 

5.2.2 Iterative proportional fitting 

To synthesize population profiles, (i) the correlation in socio-demographic attributes 

should be consistent with the travel diary, and (ii) be consistent with the marginal 

distribution of the selected attributes in the population census statistics. The method 

applied to achieve these requirements is iterative proportional fitting (IPF). It estimates 

cell values in two-way or higher-order tables to satisfy these two conditions. The travel 

diary provides a crosstab of three attributes. A cell of the crosstab represents the 

number of people with a particular combination of socio-demographic attributes, for 

example, the number of 15-29 years old males without a job. The crosstabs derived 

from the travel diary are used to synthesize the full population.  

In the census data, crossover information of age  ×  gender is available. The 

correlation of age × gender and job is known in the travel diary, represented by a two-

way crosstab. Applying IPF to this two-way crosstab synthesizes correlated social 

demographic characteristics of the full population. The correlation differs by 

neighborhood types. The crosstab is illustrated in Table 5.3. Row 𝑖 in the matrix 

represents age × gender, and column 𝑗 represent job. Value 𝑥𝑖𝑗𝑘
(∗)

 in the matrix is the 

(estimated) number of people with age × gender = 𝑖 and job = 𝑗. The superscript (*) 

represents the iteration. The travel diary provides the attribute counts 𝑥𝑖𝑗𝑘
(0)

.  𝑘  is 

neighborhood type. 𝑋𝑖𝑘
𝑛  and 𝑌𝑗𝑘

𝑛 are margins. The marginal data (𝑋𝑖𝑘
𝑛 ) of age × gender 
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of neighborhood 𝑛 in type 𝑘 are from the population census, and marginal data (𝑌𝑗𝑘
𝑛) of 

job of neighborhood 𝑛 in type 𝑘 are from the employment census. Notice that although 

we have a three-way table ( 𝑥𝑖𝑗𝑘
(∗)
) , it is a two-way proportional fitting. For each 

neighborhood 𝑛, cell value 𝑥𝑖𝑗𝑘
(∗)

 is estimated by an iterative process, where the iteration 

is denoted by 𝛿 ≥ 1: 

 𝑥𝑖𝑗𝑘
(2𝛿−1)𝑛

= 𝑥𝑖𝑗𝑘
(2𝛿−2)𝑛 𝑋𝑖𝑘

𝑛

∑ 𝑥𝑖𝑗𝑘
(2𝛿−2)𝑛

𝑗

 (5.3) 

 𝑥𝑖𝑗𝑘
(2𝛿)𝑛

= 𝑥𝑖𝑗𝑘
(2𝛿−1)𝑛 𝑌𝑗𝑘

𝑛

∑ 𝑥𝑖𝑗𝑘
(2𝛿−1)𝑛

𝑖

 (5.4) 

Value 𝑥𝑖𝑗𝑘
(∗)

 is calculated iteratively by increasing 𝛿. The first iteration (𝛿 = 1) is 𝑥𝑖 �𝑘
(1)𝑛

=

𝑥𝑖𝑗𝑘
0 𝑋𝑖𝑘

𝑛

∑ 𝑥
𝑖𝑗𝑘
(2𝛿−2)𝑛

𝑗

. 𝑋𝑖𝑘
𝑛  is the margin of age ×  gender in neighborhood 𝑛  in type 𝑘 . The 

second iteration is 𝑥𝑖𝑗𝑘
(2)𝑛

= 𝑥𝑖𝑗𝑘
(1)𝑛 𝑌𝑗𝑘

𝑛

∑ 𝑥
𝑖𝑗𝑘
(2𝛿−1)𝑛

𝑖

. The value 𝑥𝑖𝑗𝑘
(1)𝑛

 is from the first iteration. 𝑌𝑗𝑘
𝑛 is 

the margin of job in neighborhood 𝑛 in type 𝑘. Then it comes to the second round of 

iteration (𝛿 = 2). With increasing 𝛿 , the procedure is repeated until the total error 

converges : 

 ∑|∑𝑥𝑖𝑗𝑘
(∗)𝑛

− 𝑋𝑖𝑗𝑘
𝑛

𝑗

| +∑|∑𝑥𝑖𝑗𝑘
(∗)𝑛

− 𝑌𝑖𝑗𝑘
𝑛

𝑖

| < 휀

𝑗𝑖

 (5.5) 

Values in the matrix 𝑥𝑖𝑗𝑘
(∗)𝑛

 are finally estimated for neighborhood 𝑛. The convergence 

threshold was set at 휀 =0.001. The IPF procedure is applied to all neighborhoods. The 

convergence is reached after a different number of iterations for different 

neighborhoods. Taking one of neighborhoods (Wehchong) as an illustration, 

convergence was reached after 13 iterations (Figure 5.2).  

 

Figure 5.2 IPF convergence 
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Table 5.4 Illustration of IPF result 

ID NEIGHBORHOOD TYPE G1A1J1 G1A2J1 G1A3J1 G1A4J1 G2A1J1 G2A2J1 … 

1 Shamian 1 62 0 11 334 136 14 … 

2 Lingnan  1 1480 9 437 2741 2187 339 … 

3 Hualin 1 2404 16 659 4804 3326 499 … 

4 Duobao 1 1393 7 421 3272 2179 309 … 

5 Changhua 1 1520 10 567 3438 2810 485 … 

… … … … … … … … … … 

20 Hailong 2 2114 9 640 4387 3461 540 … 

21 Dongsha 2 3016 22 1035 6086 4924 917 … 

… … … … … … … … … … 

… … … … … … … … … … 

1337 Wenchong 4 3881 28 1387 4863 4095 811 … 

  

The IPF generated socio-demographic information for all neighborhoods.  An illustration 

of the result is shown in Table 5.4. A row represents the social demographic information 

of a neighborhood after IPF. Attributes crossover is coded by a combination of alphabet 

and number, such that G for gender, A for age, J for job type, and number of levels of 

attributes. Levels of gender are 1-male, 2-female; levels of ages are 1 for 15-29, 2 for 

30-44, 3 for 45-59, 4 for 60+; levels of job type are 1 for no job, 2 for agriculture, 3 for 

industry, 4 for commercial, 5 for service, 6 for other. For example, G1A2J3 means level 

1 of gender, level 2 of age and level 3 of job type; in other words a male of 30-44 years 

old having an industrial job. The result is a long table, with 1337 rows. Table 5.4 

illustrates a part of the result. The number in the table is the number of people with a 

particular crossover attribute in a neighborhood. For example, the 4th column of 

neighborhood ID=1, 62 for G1A1J1 means there are 62 people with male, age of 15-29, 

no job in Shamian neighborhood.  

5.3 Synthetic commuting trips 

A production constrained gravity model was used to synthesize individual work 

locations, commuting modes and commuting durations using population and 
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employment census statistics. This model predicts the number of trips between OD 

zones (neighborhoods). 

 𝑇𝑖𝑗 = 𝐴𝑖𝑂𝑖𝐷𝑗𝑓(𝑡𝑖𝑗) (5.6) 

 
𝐴𝑖 = 1/∑𝐷𝑗𝑓(𝑡𝑖𝑗)

𝑗

 
(5.7) 

where 𝑂𝑖  is the residential population in neighborhood 𝑖 , 𝐷𝑗  is the employment 

population in neighborhood 𝑗, 𝑓(𝑡𝑖𝑗) is a travel distance/time decay function (negative 

power or exponential function), 𝑇𝑖𝑗 is the number of trips between OD zones, 𝐴𝑖 is a 

balancing factor. The model was estimated differentiating between travel mode 𝑚 and 

work sector 𝑠 . Differentiation in different sectors 𝑠  is represented by residential 

population 𝑂𝑖
𝑠  in zone 𝑖  and employment population 𝐷𝑗

𝑠  in zone 𝑗 . Traditionally, 𝑡𝑖𝑗  is 

distance, but it is problematic in a city context as travel modes vary. Compared to 

distance, time is more realistic. First, travel time reflects the real travel situation of 

individuals. It differentiates travel by different modes. Second, travel time is consistent 

with individual daily schedules. Therefore, travel time is chosen to measure 𝑡𝑖𝑗 . As 

average travel time between any two OD zones depends on travel mode 𝑚 , the 

production constrained model was modified to include the travel mode component: 

 𝑇𝑖𝑗𝑚
𝑠 = 𝐴𝑖

𝑠𝑂𝑖
𝑠𝐷𝑗

𝑠𝑓(𝑡𝑖𝑗𝑚)𝑝𝑖𝑗(𝑚) (5.8) 

 𝑝𝑖𝑗(𝑚) = 𝑔(𝑡𝑖𝑗𝑚 ,𝑚)/∑𝑔(𝑡𝑖𝑗𝑚,𝑚)

𝑚

 (5.9) 

 
𝐴𝑖
𝑠 = 1/∑∑𝐷𝑗

𝑠𝑓(𝑡𝑖𝑗𝑚)

𝑚𝑗

𝑝𝑖𝑗𝑚 
(5.10) 

where 𝑇𝑖𝑗𝑚
𝑠  are the predicted number of trips between 𝑖 and 𝑗 with mode 𝑚 for sector 𝑠, 

𝑡𝑖𝑗𝑚 is average travel time between 𝑖 and 𝑗 by travel mode 𝑚. 𝑝𝑖𝑗(𝑚) is the proportion 

of travel mode 𝑚 from zone 𝑖 to zone 𝑗. It is a relative proportion function of absolute 

travel mode proportion 𝑔(𝑡,𝑚) . The absolute proportion 𝑔(𝑡,𝑚)  of mode 𝑚  is the 

number of trips by mode 𝑚 divided by the total number of trips in all modes within a 

particular time duration type (see Table 5.5 for details). For example, for trips within 0-

10 min, the proportion of walking trips is 𝑔(𝑡,𝑚) = 0.665. The classification of time 

intervals (0~10, 10~20, 20~30, 30+) is based on respondents’ answers. Summation 

across modes within the same time duration type equals 1: ∑ 𝑔(𝑡,𝑚) = 1𝑚 . The 

percentage of a travel mode also depends on the travel time. A slow travel mode has a 

large proportion in short trips (e.g. walk), while a fast travel mode has a large 
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proportion in long trips (e.g. metro/bus/car). The value of 𝑔(𝑡,𝑚) was obtained from all 

trips in the travel diary. It is assumed to be consistent for all zones. Under this 

assumption, although the travel diary does not include all zones, the sample can 

represent 𝑔(𝑡,𝑚)  of the city. The number of trips by mode 𝑚  between 𝑖  and 𝑗  is 

calculated by multiplying the percentage of a mode by the number of trips between 𝑖 

and 𝑗. Notice that the value of 𝑔(𝑡,𝑚) cannot be directly used as the percentage of a 

mode. Rather, the relative proportion 𝑝𝑖𝑗(𝑚) is used. It is defined in Eq. (5.6). The 

travel time between 𝑖  and 𝑗  by different modes differs, and it is denoted by 𝑡𝑖𝑗𝑚 . 

𝑔(𝑡𝑖𝑗𝑚, 𝑚) is the percentage of trips by mode 𝑚 with time 𝑡𝑖𝑗𝑚. Considering 𝑡𝑖𝑗𝑚 differs 

by mode 𝑚 , ∑ 𝑔(𝑡𝑖𝑗𝑚 , 𝑚)𝑚 ≠ 1. The relative percentage of a mode defines 𝑝𝑖𝑗(𝑚) =

𝑔(𝑡𝑖𝑗𝑚, 𝑚)/∑ 𝑔(𝑡𝑖𝑗𝑚, 𝑚)𝑚 . 'Relative' means the value of 𝑝𝑖𝑗(𝑚) is different for different 

OD zones. By definition, ∑ 𝑝𝑖𝑗(𝑚)𝑚 = 1  for trips between 𝑖  and 𝑗 . 𝐵𝑖
𝑘  is another 

balancing factor. 

Five modes (walking, bicycle, car, metro and bus) were selected. People are 

assumed to choose these five travel modes for traveling, not considering special modes 

as ferry, moto-cycle, etc. Average travel times for walking and biking were calculated by 

dividing the shortest path by free flow speed. The average walking speed is 3.3 km/h, 

and the average bicycle speed is 10 km/h. The average travel time of the car was 

calculated from the taxi GPS records. The travel time of the metro was derived from the 

metro time schedule. Some zones far away from metro stations were blocked as 

inaccessible zones, and 15 minutes entry/egress time were added to zones not closely 

connected to metro stations. The average bus time has extra 5 minutes waiting time.  

The travel time decay function 𝑓(𝑡𝑖𝑗𝑚)  usually follows a power law or an 

exponential law. The travel diary gives the evidence. Travel time decays are assumed to 

be consistent for all zones. In this study, 𝑓(𝑡𝑖𝑗𝑚)  follows the exponential law, 

approximately 𝑓(𝑡𝑖𝑗𝑚)~𝑒
−𝛼𝑚𝑡𝑖𝑗𝑚. Figure 5.2 shows the linear trend in the semi-log plot 

of all trips in the travel diary. The exponential decays differ by travel modes. From the 

travel diary, the exponential parameters 𝛼𝑚  for walking, bicycle, car, metro and bus 

are, respectively, 0.0528, 0.0464, 0.0338, 0.0182 and 0.9276. Exponents were 

estimated using ordinary least squares. In general, the travel time decay exponent for a 

slow mode is smaller than for a fast mode. In other words, travel time decays faster for 

a slow mode.  

After  estimating the gravity model, three new fields were added to the statistics 

of the whole population by neighborhood: job location, commuting mode, commuting 
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time. The conversion from neighborhood statistic to individual profile was established 

through the following process. For each neighborhood, blank profiles were generated, 

and the number of profiles is the same as the number of residents in the neighborhood. 

The neighborhood is the home location. Attributes of gender, age and job were 

allocated to each person proportionally according the IPF result (as illustrated in Table 

5.6). Knowing the travel time of all modes between an OD pair, a specific travel mode is 

randomly assigned to an individual, respecting the mode’s proportionality. Ideally 

people’s choices on commuting modes should refer to the empirical evidence, and 

should be specified by locations. Not doing this is a limitation of the approach. The 

travel diary has a small number of respondents. If specifying observations by locations, 

the frequency would be too small to be representative. Gathering observations in all 

sampled zones is a second best approach. Then, the number of residents working at 

location 𝑗 with job 𝑠 was obtained from the production-constrained model. Job location 

was allocated to a personal profile by job type. Information of commuting time was also 

obtained from the production-constrained model, and added to the personal profile 

accordingly. Finally, 7 001 637 personal profiles were synthesized. Examples of 

synthetic personal profile are shown in Table 5.6. The interpretation of coding is in 

Table 5.7.  

 

Figure 5.3 Travel time decay for all trips 
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Table 5.5 Travel proportion 𝒈(𝒕𝒎) by modes 

 TIME(min) WALK BIKE CAR METRO BUS 

0-10 0.665 0.0995 0.0136 0 0.0181 

10-20 0.425 0.192 0.126 0.00766 0.126 

20-30 0.0645 0.110 0.0580 0.174 0.523 

30+ 0 0 0.200 0.200 0.600 

5.4 Synthetic non-commuting trips 

The predicted commuting trips provide the basis to predict non-commuting activities. 

These activities are assumed to depart from home or the workplace. Each individual has 

an activity schedule, which defines the series of activities that is conducted at a 

particular destination. This information is needed to predict the space-time varying 

demand for taxis. Activities schedules were assumed to follow the patterns observed in 

the travel diaries. Schedules depend on individuals’ socio-demographic profile. This 

section describes how activity schedules of individuals were generated. Activity start 

times, travel time and trip durations were generated using the diary survey. Time 

constraints determine the travel range and the probability to choose a location to 

conduct an activity.  

 

Table 5.6 Illustration of personal profiles 

ID HOME_LOCATION GENDER AGE JOB JOB_LOCATION COM_MODE COM_DURA 

37 440103001101 2 2 4 440104004107 3 15.85875 

39 440103001101 2 2 4 440104004105 3 15.85875 

40 440103001101 2 3 4 440104004111 3 15.85875 

56 440103001101 2 2 4 440104005105 2 28.01245 

60 440103001101 1 2 4 440104005104 2 28.01245 

63 440103001101 2 2 4 440104005103 2 28.01245 

79 440103001101 1 2 4 440104004104 2 20.25956 

82 440103001101 2 2 4 440104004104 2 20.25956 

84 440103001101 2 1 4 440104004101 2 20.25956 

108 440103001101 2 2 5 440104004102 3 15.85875 

112 440103001101 1 2 5 440104004104 3 15.85875 

118 440103001101 2 2 5 440104005106 2 28.01245 

122 440103001101 1 3 5 440104005104 2 28.01245 
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Table 5.7 Codes in personal profiles 

  1 2 3 4 5 6 

GENDER MALE FEMALE     

AGE 15-29 30-44 45-59 60+   

JOB NO JOB AGRICULTURE INDUSTRY COMMERCE SERVICE OTHER 

MODE WALK BIKE CAR METRO BUS  

 

Table 5.8 Travel purposes 

Purposes in survey Merged purposes 

1-work 1-work 

2-school 4-school 

3-business 1-work 

4-food 2-shopping 

5-grocery 2-shopping 

6-shopping 2-shopping 

7-leisure 3-leisure 

8-visiting friend 3-leisure 

9-pick up kids 4-school 

10-home 5-home 

11-restaurant 3-leisure 

12-short travel 3-leisure 

 

5.4.1 Activity sequences 

The home-work schedules were the basis to generate daily activity sequences. Other 

activities, e.g. leisure, shopping, were inserted into the home-work schedule. The travel 

diary survey asked respondents for their travel purposes. The purposes in the survey 

were merged into 5 types (Table 5.8): work, shopping, leisure, school and home.  

A series of activities forms an activity sequence. Some sequences have a similar 

pattern and can be categorized into a particular activity sequence class. We identified 6 

major classes: HWH, HWHWH, HW?WH, HCH, HS/L and other. 'HWH' is home-work-

home. People go to work and return home. 'HWHWH' is home-work-home-work-home. 

People go home at noon to have lunch and maybe take a nap, and then return to work. 

'HW?WH' is work-other-work-home. In the middle of the day people conduct other 
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activities, such as going for lunch, going shopping, etc. and going back to work. 'HCH' is 

school-home. It is a typical class of students. 'HS/L' is shopping or leisure, which does 

not involve work activity. 'Other' refers to some special activities for which the 

departure location is not home. They may return home, or go to work directly from 

non-home locations.  Activity sequences are further categorized into sub-classes. Based 

on the classes, shopping and/or leisure trips are inserted into the sequence of going to 

work and returning home.  

 

Table 5.9 Activity sequence class 

Big class Small class Counts %  Big class Small class Counts % 

1-WH 10-HWH 258 16.0  4-CH 41-HCH 15 0.9 

 11-H?WH 85 5.3   42-HCHCH 16 1.0 

 12-HW?H 156 9.6   43-HC?H 3 0.2 

 13-HWH? 90 5.6   44-HC?CH 4 0.2 

 14-H?W?H 15 0.9  5-S/L 51-H?H 53 3.3 

 15-H?WH? 2 0.1   52-H?H?H 47 2.9 

 16-HW?H? 1 0.1   53-H??H 22 1.4 

 17-HWH??? 5 0.3   54-H?H??H 6 0.4 

 18-HCW?H 1 0.1   55-H??H?H 18 1.1 

 19-HC?WH 107 6.6   56-H???H 7 0.4 

2-WHWH 20-HWHWH 9 0.6   57-H?H?H?H 6 0.4 

 21-H?WHWH 12 0.7  6-OTHER 60-?H 25 1.5 

 22-HW?HWH 1 0.1   61-?W 24 2.1 

 23-HWH?WH 42 2.6  Total  1616 100 

 24-HWHW?H 13 0.8      

 25-HWHWH? 4 0.2      

 26-HW?HW?H 3 0.2      

3-W?WH 30-HW?WH 361 22.3      

 31-H?W?WH 12 0.7      

 32-HW??WH 2 0.1      

 33-HW?W?H 143 8.8      

 34-HW?WH? 14 0.9      

 35-HW?WH?? 24 1.5      
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For example, #12 'HW?H' in Table 5.9 means work-shopping/leisure-home. After work 

people go shopping or go for a dinner before returning home. In another case, #21 

'H?WHWH' means shopping/leisure-work-home-work-home. People may buy a breakfast 

before going to work in the morning. The usage of '?' indicates a shopping or leisure 

activity. The classification of activity sequences does not differentiate shopping and 

leisure activities. They are later assigned respecting the proportionality in travel diary 

after a CHAID analysis. A full activity sequence class is shown in Table 5.9. The number 

of counts is based on the travel diary. Because activity sequences depend on 

individual’s social demography, CHAID was applied to detect the relationship between 

activity sequence classes and social demography. CHAID finds a group of people with a 

similar activity sequence, and differentiates the groups with different activity sequences. 

Figure 5.4 shows the CHAID classification result. At the first classification step, 

groups of agriculture & other (group I) ,no job (group II) and commercial, service and 

manufactory (group III) were detected. This step classifies people by job types. People 

in group I do not have regular commuting trips, and people in group II do not even 

have commuting trips. Group I ,group II and group (III) have 176 ,118 and 1322 trips 

respectively. Commercial, service and manufactory class is further classified by age in 

the second step. This step distinguishes young & old people from middle age people. 

They have 388 trips in youngest and oldest age group and 934 in the middle age group. 

Finally, gender differentiates people’s activity sequences. Females in the age of 30-59 

with commercial, service & manufactory jobs have 560 trips, and males have 374 trips.  

 

 

Figure 5.4 CHAID classification 
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Table 5.10 Activity sequence classes by social demography 

Small class I II III IV V  Small class I II III IV V 

10-HWH 28 0 61 93 76  41-HCH 6 9 0 0 0 

11-H?WH 2 0 28 47 12  42-HCHCH 9 6 1 0 0 

12-HW?H 3 0 23 100 30  43-HC?H 1 2 0 0 0 

13-HWH? 4 2 23 39 22  44-HC?CH 3 4 0 0 0 

14-H?W?H 0 0 6 7 2  51-H?H 18 21 5 5 4 

15-H?WH? 1 0 0 1 0  52-H?H?H 6 25 5 8 1 

16-HW?H? 0 0 1 0 0  53-H??H 5 14 0 3 0 

17-HWH??? 0 0 1 4 0  54-H?H??H 0 6 0 0 0 

18-HCW?H 0 0 0 1 0  55-H??H?H 1 11 1 5 0 

19-HC?WH 24 0 26 23 34  56-H???H 0 6 1 0 0 

20-HWHWH 1 0 0 7 0  57-H?H?H?H 1 4 1 0 0 

21-H?WHWH 1 0 2 8 1  60-?H 3 2 2 6 12 

22-HW?HWH 0 0 0 1 0  61-?W 3 2 9 9 11 

23-HWH?WH 6 0 4 24 6  Total 176 118 388 560 374 

24-HWHW?H 1 0 4 4 4        

25-HWHWH? 0 0 0 2 2        

26-HW?HW?H 0 0 0 2 1        

30-HW?WH 35 4 128 64 130        

31-H?W?WH 1 0 3 5 3        

32-HW??WH 0 0 1 0 1        

33-HW?W?H 10 0 31 85 17        

34-HW?WH? 3 0 6 2 3        

35-HW?WH?? 0 0 15 5 2        

 

A particular group of people has similar activity sequences. Table 5.10 shows the details 

of observed activity sequences for 5 groups. People in Group I have agriculture and 

other jobs. Their activity sequences are mainly work related (71.6%). The proportion of 

shopping and leisure trip class (class 5) is still large (17.6%) compared to Groups III, IV 

and V. Shopping and leisure are the main activities (73.7%) of people in Group II, who 

have no job, while people’s activity sequences in Groups III, IV and V are mostly work 

related, with 93.6%, 93.5, 92.5% respectively. Females go shopping or conduct a 

leisure activity before returning home (100 trips in 'HW?H', 85 trips in 'HW?W?H'), and 

males conduct some activities at noon (130 trips in 'HW?WH'). An interesting finding is 
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that 6.1% of the activity sequences in Group V concern class 6, that departure location 

of the first activity is not home.  

In generating the activity sequences, 5 socio-demographic groups were 

identified, consistent with the CHAID classification. Each individual is in a particular 

socio-demo group. For each group in the synthetic population, corresponding activity 

sequences are allocated to all individuals. The activity sequences have the same 

proportion as in the CHAID analysis. After this, a shopping/leisure activity is determined 

in '?' activity, with the same proportion with observations in the travel diary.  

5.4.2 Time allocation 

The activity sequences do not contain any timing and duration information. It was 

added to the sequences in the following manner. In the travel diary, respondents were 

asked about the timing and duration of all activities. A duration distribution of a 

particular activity type was obtained from the diary. Monte Carlo draws were used to 

assign a particular duration to the activities, depending on their type. Similarly, travel 

times were added. After simulating the start time of the first activity in a similar 

manner, the start times of subsequent activities was determined.  

This study defines 5 activity types: work, shopping, leisure, school and home. 

Activity duration distributions by activity types derived from the travel diary are shown 

in Table 5.11. Work activity includes all day work, morning work and afternoon work. It 

is necessary to differentiate between these since they have different distributions. All 

day work is a continuous work activity throughout the day, the duration of which is 

generally around 8 hours. It is also common to observe morning work and afternoon 

work when people take other activities at noon. Work times in the morning and 

afternoon have different distributions. Going to school is also a long duration activity. 

Shopping and leisure are short duration activities. Home activities are divided into 

morning, afternoon and evening.  

Morning home activity means an individual stays at home after previous out-of-

home activities, which were conducted in the morning. The next (out-of-home) activity 

may happen in the morning, in the afternoon or in the evening. It is possible that an 

individual goes out in the afternoon or in the evening. This activity is counted as a 

home activity in the morning, because an individual stays at home in the morning. 

According to this definition, it is understandable that 48.5% of the home activities in the 

morning last longer than 4 hours (Table 5.11).  
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Table 5.11 Activity duration in travel diary 

All day work 

Duration (h) 0~2 2~7 7~10 10~12 12~18 Total 

Counts 13 86 424 66 22 611 

% 0.021 0.141 0.694 0.108 0.036 1.000 

Morning work 

Duration (h) 0~2 2~3 3~4 4~5 5~9 Total 

Counts 54 151 351 170 23 749 

% 0.072 0.202 0.469 0.227 0.031 1.000 

Afternoon work 

Duration (h) 0~2 2~3 3~4 4~5 5~16 Total 

Counts 25 44 238 297 141 745 

% 0.034 0.059 0.319 0.399 0.189 1.000 

Shopping 

Duration (h) 0~0.5 0.5~1 1~1.5 1.5~2 2~10 Total 

Counts 212 278 50 19 19 578 

% 0.367 0.481 0.087 0.033 0.033 1.000 

Leisure 

Duration (h) 0~1 1~3 3~6 6~12 Total 
 

Counts 425 285 46 4 760 
 

% 0.559 0.375 0.061 0.005 1.000 
 

School 

Duration (h) 2~7 7~11 Total 
   

Counts 5 25 30 
   

% 0.167 0.833 1.000 
   

Home activity in the morning 

Duration (h) 0~1 1~4 4~9 9~14 Total 
 

Counts 45 40 74 6 165 
 

% 0.273 0.242 0.448 0.036 1.000 
 

Home activity in the afternoon 

Duration (h) 0~1 1~2.5 2.5~6 Total 
  

Counts 44 152 20 216 
  

% 0.204 0.704 0.093 1.000 
  

Home activity in the evening 

Duration (h) 0~2 2~3 3~12 Total 
  

Counts 83 20 17 120 
  

% 0.692 0.167 0.142 1.000 
  



Zhong Zheng 

 111 

Table 5.12 Travel time in travel diary 

Shopping 

Travel time (min) 0~10 10~20 20~30 30+ 

Trips 327 114 65 83 

Trips by walk 294 85 11 3 

Trips by bike 29 16 6 1 

Trips by car 1 1 1 10 

Trips by metro 1 2 10 15 

Trips by bus 2 10 37 54 

% by walk 0.899 0.746 0.169 0.012 

% by bike 0.089 0.140 0.093 0.012 

% by car 0.003 0.009 0.015 0.120 

% by metro 0.003 0.017 0.154 0.181 

% by bus 0.006 0.088 0.569 0.651 

Leisure 

Travel time (min) 0~10 10~20 20+ 
 

Trips 342 362 62 
 

Trips by walk 326 331 23 
 

Trips by bike 14 15 3 
 

Trips by car 2 8 7 
 

Trips by metro 0 1 6 
 

Trips by bus 0 7 23 
 

% by walk 0.953 0.914 0.371 
 

% by bike 0.041 0.042 0.048 
 

% by car 0.006 0.022 0.113 
 

% by metro 0.000 0.003 0.097 
 

% by bus 0.000 0.019 0.371 
 

School 

Travel time (min) 0~30 
   

Trips 38 
   

Trips by walk 11 
   

Trips by bike 11 
   

Trips by car 2 
   

Trips by metro 4 
   

Trips by bus 10 
   

% by walk 0.289 
   

% by bike 0.289 
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% by car 0.053 
   

% by metro 0.105 
   

% by bus 0.263 
   

Returning home 

Travel time (min) 0~10 10~20 20+ 
 

Trips 519 156 80 
 

Trips by walk 460 120 13 
 

Trips by bike 55 19 3 
 

Trips by car 2 6 7 
 

Trips by metro 0 0 13 
 

Trips by bus 2 11 44 
 

% by walk 0.886 0.769 0.163 
 

% by bike 0.106 0.122 0.037 
 

% by car 0.004 0.038 0.087 
 

% by metro 0 0 0.163 
 

% by bus 0.004 0.071 0.55 
 

 

Table 5.13 Start time of first activity 

Time Counts %  Time Counts % 

1:00-3:00 0 0.0000  13:00-15:00 28 0.0173 

3:00-5:00 4 0.0025  15:00-17:00 9 0.0056 

5:00-7:00 48 0.0297  17:00-19:00 10 0.0062 

7:00-9:00 1088 0.6733  19:00-21:00 4 0.0025 

9:00-11:00 376 0.2327  21:00-23:00 0 0.0000 

11:00-13:00 49 0.0303  23:00-1:00 0 0.0000 

    Total 1616 1.0000 

 

Table 5.14 POIs types and number 

POIs type POIs number 

Work 97611 

Home 10236 

Shopping 7138 

Leisure 67785 

School 964 
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Home activities in the afternoon and evening are defined similarly. Observed activity 

durations are discrete distributions (Table 5.11). The results are from respondents, who 

commonly answer questions of durations by integer (or plus a half) number of hours. 

Using the same activity duration distributions from the travel diary, an activity duration 

level is assigned to each synthetic activity. A random number within the duration level is 

then generated as the synthetic activity duration.  

The travel time depends on travel purposes and travel modes. Individuals travel 

time distribution from the travel diary is shown in Table 5.12. Commuting trips already 

include travel time and mode in section 5.3. Table 5.12 only presents trips of shopping, 

leisure, school and returning home by all travel modes. The returning home trips do not 

include commuting trips from work places. Using the same distribution from the travel 

diary, a travel time level is allocated to each synthetic trip. A random number within the 

travel time level is generated as the synthetic travel time. Finally, the start time of first 

activity is simulated  according to the start time distribution in Table 5.13. Knowing the 

start time of the first activity, activities duration and travel time, the start time of 

subsequent activities are calculated. 

5.4.3 Activity locations 

Locations of shopping, leisure and school activities are to be simulated. This step does 

not include home and work locations, since they are determined in section 5.3. 

Locations of activities are coded by neighborhoods. According to the travel time, an 

individual has a constraint to choose an activity location. The candidate locations satisfy 

the travel time of this trip and probably a next trip. For example, an individual goes 

shopping from work place and then returns home. The candidate locations of the 

shopping activity should satisfy travel time of both trips (work-shopping and shopping-

home). Within possible candidate locations, an individual selects a location to conduct 

the activity. The points of interest (POIs) indicates the choice probability. The POI data 

of Guangzhou were provided by a mapping and navigation company ‘Daodaotong’, 

which provides the original map data for China’s biggest search engine 

(www.baidu.com). A point of interest represents its spatial location and functional type. 

Functional types are aggregated into 5 types, consistent with the activity classification 

(Table 5.14). The POIs density of particular type in a neighborhood is defined by the 

number of POIs of the type divided by the area of the neighborhood. Higher spatial 

density of POIs attracts more arrivals.  Thus an individual has a higher chance to 

choose a neighborhood with higher POIs density. The choice probability is proportional 

to the POI density. In this way locations are allocated to all non-work activities. 

http://www.baidu.com/
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Figure 5.5 Temporal distribution of synthetic trips 

 

 

Figure 5.6 Spatial distribution of simulated trips 
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5.4.4 Spatial temporal distribution 

The individual trips were completely simulated. The reliability of the simulated trips can 

be tested.  Figure 5.5 and Figure 5.6 show the temporal and spatial distributions of 

trips. The simulated trips are consistent with basic principles. Daily trips have dual peak 

hours, and the morning peak has more trips than afternoon peaks. Then spatial 

distribution is generally consistent with the evidence from the GPS data, reported in 

section 4.2. Trips are mostly concentrated in the old town center and the new town 

center. Suburban areas have fewer trips.  

5.5 Synthetic taxis demand 

Individuals’ taxi travel demand is determined by their basic preference and exogenous 

factors. The basic preference to taxi travels refers to the proportion of taxi travel in all 

travel in general. Exogenous factors, such as travel time, travel cost or waiting time, do 

affect travel mode choice. For example, long waiting time may disappoint taxi 

passengers and make them choose public transit. Let 𝑄𝑛
𝑡  be the amount of travels in 

zone 𝑛 at time 𝑡 . The latent demand for taxi travel in zone 𝑛  at time 𝑡  is 𝐷𝑖
𝑡 . If 𝜃𝑡 

expresses the basic preference for taxi travel, then the latent demand equals: 𝐷𝑛
𝑡 =

𝜃𝑡𝑄𝑛
𝑡 . In the dynamic travel demand generation process, taxi travel demand generated 

in the current time slot may affect demand in the next slot, since not all demand may 

be satisfied. The dynamic latent demand is then given as: 

 𝐷𝑛
𝑡+1 = 𝐷𝑛

𝑡 − 𝐷𝑛
∆𝑡 + 𝐷𝑛

+∆𝑡 − 𝐷𝑛
−∆𝑡 (5.11) 

where 𝐷𝑛
𝑡+1 is the latent demand in zone 𝑛 at time 𝑡+1; 𝐷𝑛

−∆𝑡 is the demand in zone 𝑛 

that is served in time slot ∆𝑡; 𝐷𝑛
+∆𝑡  is newly generated demand in time slot ∆𝑡  that 

𝐷𝑛
+∆𝑡 = 𝜃𝑡𝑃𝑛

+∆𝑡 ; 𝐷𝑖𝑚
−∆𝑡  is the loss in demand in zone 𝑛  that shifted to other transport 

modes due to waiting in time slot ∆𝑡. This equation denotes the dynamic taxi demand 

to be served. A loss in demand 𝐷𝑛
−∆𝑡 happens when taxi supply does not satisfy demand 

in time slot ∆𝑡. Thus, dynamic supply should be introduced before discussing 𝐷𝑛
−∆𝑡. 

Let 𝑆𝑛
𝑡  be the supply of taxis in zone 𝑛 at time 𝑡. The dynamic supply is then 

given as: 

 𝑆𝑛
𝑡+1 = 𝑆𝑛

𝑡 − 𝑆𝑛
−∆𝑡 + 𝑆𝑛

+∆𝑡 (5.12) 

where 𝑆𝑛
𝑡+1 is the latent demand in zone 𝑛 at time 𝑡+1; 𝑆𝑛

−∆𝑡 is the demand served in 

zone 𝑛 at time slot ∆𝑡; 𝑆𝑛
+∆𝑡  is new arrival of supply in zone n at time slot ∆𝑡 . The 

interaction between demand and supply differentiates the model into two situations: all 
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demand satisfied with/without vacant taxis remaining, and all taxis having passengers 

with unserved demand remaining. Serviced demand equals: 

 𝐷𝑛
−∆𝑡 = {

𝐷𝑛
𝑡   (𝑆𝑛

𝑡 ≥ 𝐷𝑛
𝑡)

𝑆𝑛
𝑡   (𝑆𝑛

𝑡 < 𝐷𝑛
𝑡 )
= min (𝑆𝑛

𝑡 , 𝐷𝑛
𝑡) (5.13) 

In the case of more demand than supply, unserved demand (waiting passengers) 

equals: 𝐷𝑛
𝑡 − 𝑆𝑛

𝑡 . A certain percentage of this unserved demand will shift to other 

transport modes so that loss in demand is: 

 𝐷𝑛
−∆𝑡 = 𝛿(𝐷𝑛

𝑡 − 𝑆𝑛
𝑡) (5.14) 

Substituting the above equations into Eq. (5.8), the dynamic latent demand is: 

 𝐷𝑛
𝑡+1 = {

𝜃𝑡𝑄𝑛
+∆𝑡  (𝑆𝑛

𝑡 ≥ 𝐷𝑛
𝑡)

(1 − 𝛿)(𝐷𝑛
𝑡 − 𝑆𝑛

𝑡 ) + 𝜃𝑃𝑛
+∆𝑡  (𝑆𝑛

𝑡 < 𝐷𝑛
𝑡)

 (5.15) 

This equation explicitly represents the dynamic latent demand. If taxi supply is more 

than demand at time t, demand at t+1 is only new generated demand during time slot 

∆𝑡; if taxi supply is less than demand at time t, demand at next time t+1 consists of 

new generated demand during time slot ∆𝑡  and a (1 − 𝛿)  proportion of unserved 

demand (𝐷𝑛
𝑡 − 𝑆𝑛

𝑡) at time t.  

The parameters 𝜃𝑡 and 𝛿 were estimated based on the observations. In reality, 

taxis supply is much larger than passenger demand. The ratio of demand and supply is 

0.0372. The ratio of demand and supply broken down by time is shown in Figure 5.7. 

Thus, passenger demand is only determined by the taxi travel preference, according to 

𝐷𝑛
𝑡+1 = 𝜃𝑡𝑄𝑛

+∆𝑡  (𝑆𝑛
𝑡 ≥ 𝐷𝑛

𝑡). The shift rate 𝛿 is not necessary when taxi supply exceeds 

passenger demand.  

 

Figure 5.7 Ratio of demand and supply by time 
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The parameter 𝜃𝑡 , reflecting individuals’ basic preference to taxi travel, is time 

dependent. The basic preference is the proportion of individuals who choose taxi travel. 

It is defined by the ratio of observed pick-up passengers to synthetic travels of all zones 

at time 𝑡: 

 𝜃𝑡 =∑�̂�𝑛
𝑡

𝑛

∑𝑄𝑛
𝑡

𝑛

⁄  (5.16) 

where �̂�𝑛
𝑡  is the observed pick-up at zone 𝑛 at time 𝑡. By definition, 𝜃𝑡 is applied to all 

zones at a particular time 𝑡. The preference to taxi travels differs at different time of 

day. The usage of 𝜃𝑡 adjusts temporal synthetic taxi demand to observations. It ensures 

synthetic taxi demand is consistent with the observed temporal distribution of taxi 

travels (Figure 4.1). Spatial taxi demands in all zones are also assumed to be 

heterogeneous. Spatial taxi demand is adjusted by the following equation: 

 𝐷𝑛
𝑡 = 𝜃𝑡𝑄𝑛

𝑡 ∑�̂�𝑛
𝑡

𝑡

∑𝜃𝑡𝑄𝑛
𝑡

𝑡

⁄  (5.17) 

where 𝜃𝑡𝑄𝑛
𝑡  is synthetic taxi demand at zone 𝑛 at time 𝑡 without spatial adjustment, 

∑ �̂�𝑛
𝑡

𝑡  is observed demand at zone 𝑛 across all times, and ∑ 𝜃𝑡𝑄𝑛
𝑡

𝑡  is the synthetic taxi 

demand at zone 𝑛 across all times without spatial adjustment. The spatial adjustment 

coefficient is ∑ �̂�𝑛
𝑡

𝑡 ∑ 𝜃𝑡𝑃𝑛
𝑡

𝑡⁄ . Eq. (5.17) indicates that synthetic taxi demand is consistent 

with the observed spatial distribution of taxi travels.  

5.6 Summary 

This chapter introduces how travel demand was synthesized. A small sample of travel 

diaries and a census of the full population provided the basis of the synthetic taxi 

demand. Individual profiles of the full population were firstly generated according to 

correlations of social demographic attributes in the travel diary. Following that 

commuting trips and non-commuting trips were synthesized. Commuting trips were 

generated using a gravity model. Non-commuting trips were attached to commuting 

trips according to synthetic activity sequences of all individuals. The activity sequences 

kept the correlation of social demography and activity patterns according to the travel 

diary. Travel time, travel modes and locations of travels were also synthesized. Finally 

taxi travel demand was synthesized by calibrating the synthetic data using the taxi GPS 

data.  

The current synthesizing approach has some limitations. Some of observed 

results are not representative due to the small amount of respondents in the travel 

diary. The travel diary only includes 18 neighborhoods, which is a small number 
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compared to 1337 neighborhoods in the inner city area. To solve the problem we 

aggregated all observed results without considering the dependency on locations. For 

example, individual choices on commuting model are from all observations. Involving 

more respondents in the travel diary would potentially solve the problem. 

We also noticed that the synthetic travels are not statistically validated, e.g., 

checking goodness-of-fit. It is not easy to find the ground truth of individual travels in 

the city. Lacking of city-wide travel survey is exactly why we synthesized travels, 

otherwise we would directly use the survey and do not have to synthesize them. This 

chapter serves as a base for simulation rather than an accurate synthesizing. Thus the 

consistency in a general travel pattern is acceptable. A calibration in section 5.5 makes 

the synthetic travels closer to the reality. 
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6 

The model 

6.1 Introduction 

Successfully modeling taxi flows should be an integral part of a traffic forecasting 

modeling. Considering their unique travel patterns, taxi transport is not proportional to 

the volume of regular traffic. Different from other transport modes, taxi transport 

involves the interaction between taxi supply and passenger demand. At the microscopic 

level, taxi drivers need to decide which strategy to follow in search of their next 

passenger. Understanding taxi drivers decisions underlying observed taxi movement 

patterns may provide guidance for improved taxi supply services and taxi regulation 

policy. The movement patterns of taxis are the result of a series of decisions that taxi 

drivers make throughout a day: where to go find the next passenger, wait at a 

particular taxi stand or search for passengers, which route to take for picking up or 

dropping off a passenger, when to go home, etc. In general, these decisions are 

strongly influenced by the contract of the drivers, the individual flexibility and power 

they have to make such decisions, whether taxi trips are coordinated through some 

central control and monitoring system and several other factors. In many developing 

countries, with - until recently - a (relative) lack of computer-aided support systems, 

taxi drivers have to rely on their own judgments when searching for passengers. 

Customers cannot call a company for a taxi; there is no dispatch system. Thus, taxi 

drivers need to rely on their partial and imperfect information and knowledge to search 

for passengers that will bring in a certain (minimum) income. 

Taxi drivers are assumed to make strategic decisions to find for passengers. The 

strategies are random search, maximum anticipated pick-up probability search, 

maximum anticipated revenue search, waiting, and going to a destination. When 

making such decisions, taxi drivers are faced with an inherently uncertain environment. 

Driving times show variability even for the same time of day and day of the week. The 

demand for taxis exhibits fluctuations. Taxis drivers do not know the decisions of other 

taxi drivers that will, however, impact the outcomes of the decisions they make. Thus, 



6. The model 

 120 

in light of the inherent uncertainty in the decision environment and the partial and 

imperfect information of taxi drivers, they necessarily have to make decisions under 

uncertainty and decide how to cope with the uncertainty.  

With imperfect information, drivers do not know the true probability of the 

outcomes of their decisions. Rather, at best, they hold subjective beliefs. That is, based 

on their experiences, they believe that a particular decision will generate a certain 

outcome. Beliefs thus represent the subjective probabilities that a decision will lead to a 

particular outcome. If taxi drivers are assumed to use these beliefs in a utility 

maximizing decision rule, they would maximize their anticipated utility. The anticipated 

utility of a decision is the utility of all possible outcomes of that decision, multiplied by 

the subjective probability distribution (beliefs). The term “anticipation” is deliberately 

used to articulate it is based on subjective beliefs rather than on objective probabilities 

and to differentiate it from the concept of expected utility. Under stationary conditions 

in the environment, one would expect that their beliefs ultimately approximate the true 

variability in the outcomes as a function of the number of experiences. However, this 

formulation does not capture the fact that taxi drivers may be optimistic or pessimistic 

about the outcomes of their decisions. They may attach a higher decision weigh to the 

beliefs related to favorable outcomes or lower weights to beliefs related to unfavorable 

outcomes. The concept of decision weights is borrowed from prospect theory (Hensher, 

Li, & Rose, 2013; Rasouli & Timmermans, 2014). However, prospect theory 

distinguishes between gains and losses, inspired by an overwhelming amount of 

empirical evidence that people are risk-averse for gains of high probability and risk-

seeking for gains of low probability (Tversky & Kahneman, 1992). To avoid the 

connotation of absolute losses and gains, which are less relevant for the addressed 

problem, optimistic versus pessimistic attitudes are used instead. 

Taxi drivers make decisions and take actions in a dynamic environment. In 

principle, taxi drivers can make decisions at every moment during the day. However, it 

is realistic to assume that a taxi driver will make such decisions within a particular 

temporal decision horizon. A driver makes a strategic decision in a decision horizon, and 

conducts the chosen strategy to find for passengers until the end of the decision 

horizon. After that he makes a new decision at the next decision horizon. A driver is 

able to predict future outcomes which may happen within a decision horizon. The future 

that a driver will be faced with is an even more uncertain environment. To cope with 

uncertainty in a dynamic environment, taxi drivers need to develop the right 

anticipatory behavior. They need to foresee future outcomes based on current 
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knowledge and take actions in advance. Because the true demand is uncertain, the 

adequacy of taxi drivers’ anticipatory behavior depend on the accuracy of their 

subjective expectations or beliefs about the future demand and competition at the 

targeted destinations (Butz, Sigaud, & Gerard, 2009).  

Examples of anticipatory behavior are going to airports and major train stations, 

which have a high, but temporally very fluctuating, demand. Particularly, hub airports 

tend to arrange incoming and outgoing fights in relatively short time window in which 

the maximum capacity is used and transfer times are kept to the necessary minimum. 

Ideally, taxi drivers would like to service a passenger to the airport to check in for a 

fight, wait there for a minimum time and then bring an incoming passenger to a 

location far from the airport. Taxi drivers tend to be aware of the peak demand. 

However, because many taxi drivers take the same decision, supply may exceed 

demand, implying longer waiting times, which do not bring in any money. The success 

of this behavior is highly sensitive to the right anticipatory behavior of the taxi driver. It 

is based on their correct beliefs about future demand and supply at the airport, which 

implies going to the airport at the right time such that the waiting time to pick up a 

passenger is minimal. 

Moreover, an information update mechanism is needed when modeling looking 

forward (anticipatory) behavior of taxi drivers. In an uncertain environment, taxi drivers 

hold imperfect knowledge. Without an information update mechanism, taxi drivers are 

not able to react to dynamic environments. They need to experience the outcome of 

their decisions and update their subjective beliefs. With updated beliefs taxi drivers can 

monitor whether the decision they made last time is still the best decision in light of the 

changing environment or their perception of it. 

These considerations imply that to formulate a behavioral model of taxi driver 

mobility patterns and associated traffic flows, it is necessary to capture their decision 

strategies and movement behavior under uncertain and dynamic environments. The 

chapter is structured as follows. After a brief introduction to notations, a reward 

function is introduced. It refers to the reward of a strategic decision. The reward 

function consists of information value and monetary gain, which are fully based on 

subjective beliefs. A probability weighting function is applied to the reward function to 

capture taxi drivers’ optimistic/pessimistic attitude. Following that information value and 

monetary gain are discussed in details. Information value is how much information a 

driver can learn from a location to be visited. A driver gains higher information value 

from a less visited location. He becomes familiar with the location with more visitations. 
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When gaining sufficient information, he can correctly evaluate the reward from the 

location. The formulation of information value is similar for different strategies. In 

contrast, formulations of monetary gain differ from different strategies in terms of 

searching, waiting and going to a destination. Monetary gains of different strategies are 

discussed respectively. The monetary gain is formulated as a function of revenue, cost, 

and pick-up probability. As mentioned the reward function is based on subjective 

beliefs. A Bayesian update mechanism models the information learning process. Beliefs 

are updated from previous experiences, and are then used for a new decision. Finally a 

route choice behavior of delivering passengers is briefly discussed.  

6.2 Notations and definitions 

6.2.1 Road network 

Consider a study area with a road network ℤ = (ℕ, 𝕃, 𝕏), where ℕ is a finite set of nodes 

of the road system, activity location and transport mode exchange terminals, 𝕃 = {𝑙 | 𝑙 ∈

𝕃} is the finite set of link. Let | ℕ |  and | 𝕃| be the number of nodes and links in ℤ 

respectively. 𝐗𝑵 is a |ℕ | ×  𝐾𝑁 matrix of attributes of nodes, while , 𝐗𝑳 a |𝕃 | ×  𝐾𝐿 matrix 

of link attributes. A route 𝑟  from node 𝑛 to node 𝑛′ (𝑛, 𝑛′ ∈ ℕ𝐴) is defined as a 

sequence of nodes (𝑛, 𝑛1), (𝑛1, 𝑛2), … , (𝑛𝑞 , 𝑛𝑞+1), . . , (𝑛𝑁𝑟 , 𝑛
′)  in which no node appears 

more than once (Figure 6.1). The number of nodes on the route 𝑟 is denoted by 𝑁𝑟. Let 

ℕ𝑟 = {𝑛 | 𝑛 ∈ ℕ𝑟}  be the finite set of nodes comprising route 𝑟 . A fleet of | 𝕍|  taxi 

vehicles 𝕍 = {𝑣 | 𝑣 ∈ 𝕍} is servicing passenger demand.  

 

Figure 6.1 Road network 
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Urban-transportation systems are highly dynamic. In order to satisfy their needs and 

desires and achieve their life goals, people need to conduct a set of activities. 

Competition for scarce land and the differential bidding power of actors under semi-free 

market conditions generate a spatial distribution of activity locations. Consequently, 

activity participation induces travel. In turn, the spatial sorting of land use, institutional 

arrangements and daily, weekly and seasonal rhythms in people’s daily life causes 

location and time-dependent demand for travel. Assume that time is divided into 𝑇 

identical episodes ∆𝑇 denoted by 𝑡  = 1, 2, … , 𝑇 . A day consists of 24 hours and 

therefore potentially taxi drivers base their decision of the utility they can derive by 

engaging in different activities, including driving their taxi, from the full day. On the 

other hand, in light of the dynamics, taxi drivers may use a particular temporal decision 

horizon 𝐻. Drivers make decisions with a certain time horizon in mind. When they are 

unable to find passengers in the considered time horizon, they decide for the next time 

horizon to continue searching or to take any other actions. 

6.2.2 Strategies 

 

Figure 6.2 Choice process 
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At a particular states a taxi driver takes an according action. A driver finds for a 

passenger at a vacant state, deliveries a passenger at an occupied state, and does 

nothing at out of service state. A driver has different behavior when finding for a 

passenger at 𝑠(VAC) . A driver is assumed to have different strategies to find a 

passenger within a decision horizon. Let 𝕊𝑣𝑛�̇� = {𝑠𝑣𝑛�̇� |  𝑠𝑣𝑛�̇� ∈ 𝕊𝑣𝑛𝑡}  be the set of 

possible strategies that vehicle v can make at the moment of decision. The action set is 

defined as {𝑠(SPr), 𝑠(SPp), 𝑠(SPf), 𝑠(GTn′), 𝑠(WAI)}. Strategy 𝑠(SP) indicates searching 

for a passenger. It is defined as cruising along roads without stopping until the taxi 

driver picks up a passenger for the next trip. It has three search patterns: random 

search 𝑠(SPr), maximum anticipated pick-up probability search 𝑠(SPp) and maximum 

anticipated revenue search 𝑎(SPf). Specific definitions of search patterns are discussed 

in section 6.5.1. 𝑠(GTn′)  represents the strategy that the driver will directly go to 

specific destination 𝑛′  without picking up a passenger on the mid-way. Strategy 

𝑠(WAI) represents the action of waiting at a taxi stand. A driver stays at a location 

where dropping off last passengers until picking up next passengers.  

Figure 6.2 summarizes the assumed choice process, which is fully based on taxi 

drivers’ beliefs. Taxi drivers may have different strategies to find for passengers within a 

particular decision horizon 𝐻. Associated with each strategy, there is a single (best) 

route/node. Next, taxi drivers compare the alternative strategies by valuing the 

route/node associated with the respective strategies. In this process, they may adapt 

their beliefs, depending on whether they are optimistic or pessimistic. Finally, they apply 

a decision rule to arrive at a choice. The choice of a strategy is assumed to be 

proportional to the overall reward of the strategy. 

6.3 Reward function 

6.3.1 Attributes 

The dynamics in the system imply that the node and link/route attributes are uncertain. 

The model of taxi driver behavior is based on four attributes of a strategy: the waiting 

time of strategy 𝑠  (𝑊𝑠𝑡) , the revenue (𝐹𝑠𝑡) , the costs 𝐶𝑠𝑡  and the travel time 𝑇𝑠𝑡 . 

Because taxi drivers are assumed to have incomplete and imperfect information, they 

do not know these attributes, but rather they have beliefs about these attributes 

𝐵𝑣𝑠𝑘 = {𝐵𝑣(𝑋𝑠𝑘), ∀ 𝑟, 𝑘} . To simplify notation, the beliefs about the attributes are 

denoted as: 𝐵𝑣𝑠𝑡 = {𝐵𝑣(𝑊𝑠𝑡, 𝐹𝑠𝑡 , 𝐶𝑠𝑡, 𝑇𝑠𝑡)} = {�̌�𝑣𝑠𝑡, �̌�𝑣𝑠𝑡, �̌�𝑣𝑠𝑡, �̌�𝑣𝑠𝑡}. Beliefs represent 

discrete or continuous subjective probability distributions. The amount of spatial and 
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temporal detail a taxi driver uses to make decisions is assumed to differ according the 

complexity of the decision. For example, assessing routes based on beliefs of individual 

links would mentally and cognitively be an overwhelming task. Under such 

circumstances, taxi drivers simplify the process by “averaging” beliefs across links or 

zones. Similarly, small differences in beliefs between nodes may be ignored and areal 

beliefs used instead. A driver learns and updates the subjective beliefs from experiences 

through a Bayesian updating process, which is discussed in section 6.6.  

If a strategy leads to bringing one or more passengers to a particular destination 

𝑛′ ∈ ℕ, the taxi driver will collect a fare 𝑓𝑣𝑛𝑡. 𝑓0 is a basic fare for a start distance 𝑑0, 

that a passenger pays 𝑓0  to a driver within a distance 𝑑0 . After exceeding 𝑑0 , a 

passenger pays extra fare per kilometer by a fixed rate 𝛽𝑓, and the distance related fare 

is 𝑓𝑣(𝑑) = 𝛽𝑓(𝑑 − 𝑑0). Possibly a passenger pays extra charges for tolls and taxes (𝑓𝑜
+). 

Some cities apply zonal based fixed extra fares, such as airport taxes (𝑓𝑛
+;  𝑛 ∈

ℕ). Finally, a taxi driver may collect passenger-related extra fares, such as a tip or extra 

fares for number of passenger or luggage (𝑓𝑡
+𝑃). Thus, the total anticipated revenue for 

a trip departing from node 𝑛 with distance d equals: 

 𝑓𝑣𝑛𝑡 =  𝑓0 + 𝑓𝑣(𝑑) + 𝑓𝑜
+ + 𝑓𝑛

+  +  𝑓𝑡
+𝑃;  𝑛 ∈ ℕ (6.1) 

Note that operationally the fare applies to the time when it was activated, which may 

vary for the different fare components. Most of these components are beyond the 

control of the taxi driver. The basic fare is a fixed amount, reflecting the prevailing fare 

structure of the company regulated by local government. The extra fares reflected by 

the toll or zonal extra charge is assumed to be transferred to the customer. The 

passenger-related fares either relate to a fixed component of the fare structure or are at 

the liberty of the individual passenger. Thus, the key uncertain fare component is 𝑓𝑣(𝑑) 

since the passenger determines the destination of the ride.  

A driver’s subjective belief on revenue 𝐵𝑣(𝑓𝑣𝑛𝑡) is determined by the belief on 

passenger travel distance 𝐵𝑣(𝑑𝑣𝑛𝑡).  Individual travel distance is uncertain and is 

represented by a probability distribution. The distance distribution depends on a node’s 

spatial distribution since people tend to travel longer distance at some locations (e.g. 

suburban areas). It is generally captured by a power law or an exponential law. 

Although some researchers argued the scaling of travel distance is exponential (Liang et 

al., 2012), more evidence showed that travel distance follows a truncated Pareto 

distribution (Hong, Rhee, Kim, Lee, & Chong, 2008; Rhee, Shin, Member, & Hong, 2011; 

Zheng, Rasouli, & Timmermans, 2015). The truncated Pareto is confirmed in section 4.3. 
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The truncated effect in the Pareto distribution is caused by a city’s boundary. Omitting 

the minor boundary effect, it is simply assumed that a driver’s subjective beliefs about 

travel distance follow a Pareto distribution: 

 𝐵𝑣(𝑑𝑛𝑡) =
𝛼𝑛𝑡𝑑𝑚

𝛼𝑛𝑡

𝑑𝑛
𝛼𝑛𝑡+1

 (6.2) 

where, 𝛼𝑛𝑡  is a positive parameter, 𝑑𝑚  is a parameter of minimum travel distance. 

Passengers are assumed to prefer walking to taking taxis for short travel distances 

(Liang, et al., 2012; Liu, et al., 2012). Note the difference between 𝑑𝑚 and 𝑑0. 𝑑𝑚  is 

minimum travel distance of a passenger, and 𝑑0  is start distance of basic taxi fare, 

which is usually larger than 𝑑𝑚. The parameter 𝛼𝑛𝑡 differs between different nodes and 

time. The updating of 𝛼𝑛𝑡 is discussed in section 6.6.3.  

Although travel distance is a probability distribution, drivers do not assess 𝑓𝑣(𝑑) 

on the basis of travel distance distribution 𝐵𝑣(𝑑𝑛). Rather, they assess 𝑓𝑣(𝑑) based on 

the anticipated travel distance 𝐸(𝑑𝑛) , multiplying a fixed fare per km 𝛽𝑡 : 𝑓𝑣(𝑑𝑛) =

𝛽𝑓[𝐸(𝑑𝑛) − 𝑑0] , with 𝑑0  a start distance. The anticipated travel distance is the 

mathematical expectation of a driver’s beliefs of the travel distance distribution 

departing from node n: 

 
𝐸(𝑑𝑛𝑡) = ∫𝐵(𝑑𝑛𝑡)𝑑𝑛𝑡 ∂𝑑𝑛𝑡 = {

∞    (0 < 𝛼𝑛𝑡 ≤ 1)
𝛼𝑛𝑡𝑑𝑚
𝛼𝑛𝑡 − 1

     (𝛼𝑛𝑡 > 1)
 (6.3) 

As for the monetary aspects, the taxi driver will incur particular costs. Assuming that 

depreciation and maintenance costs of the vehicle are not taken into account when 

making these short-term decisions, the cost incurred consist of fuel costs and additional 

costs related to congestion pricing, tolls, airport taxes, etc.  Let 𝑐𝑣𝑙𝑡 be the cost incurred 

during visiting the link 𝑙  at time 𝑡 by taxi driver 𝑣. The costs consist of the fuel costs, 

which depend on the vehicle type 𝑐𝑣(𝑙) and the possibly extra charges for tolls and 

taxes (𝑐𝑜
+), and zonal based fixed extra fares, such as airport taxes (𝑐𝑛

+;  𝑛 ∈ ℕ). The 

total costs for a node n then equals: 

 𝑐𝑣𝑙𝑡 = 𝑐𝑣(𝑙) + 𝑐0
+ + 𝑐𝑛

+ ;  𝑙 ∈ 𝕃 (6.4) 

Pick-up probability  is the probability of picking up passengers at the node 𝑛 at time 𝑡. It 

is an important component to be considered for taxi drivers’ passengers finding 

strategies. The picking up probability can be described by the probability of waiting time 

𝑃(𝑊𝑣𝑛𝑡). The waiting time 𝑊𝑣𝑛𝑡 is defined as the time the taxi needs to wait to get new 

passengers. The waiting time 𝑊𝑣𝑛𝑡  depends on the demand for taxis at a particular 
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location and the competition, i.e. the supply of taxis at that location. If passenger 

demand is larger than taxi supply (𝐷𝑛
𝑡 ≥ 𝑆𝑛

𝑡) a taxi picks up passengers without waiting 

(𝑊𝑣𝑛𝑡 = 0), otherwise if 𝐷𝑛
𝑡 < 𝑆𝑛

𝑡  it has to wait (𝑊𝑣𝑛𝑡 > 0) or leave. The waiting time 

𝑊𝑣(𝑐)𝑛𝑡 is then determined by the time it takes to observe 𝐷𝑛
𝑡+∆𝑡 ≥ 𝑆𝑛

𝑡 − 𝐷𝑛
𝑡 , where 𝐷𝑛

𝑡+∆𝑡 

is the demand at 𝑛 after ∆𝑡 time intervals. In case 𝐷𝑛
𝑡 < 𝑆𝑛

𝑡 , the new taxi arrives to see 

that 𝑆𝑛
𝑡 − 𝐷𝑛

𝑡  taxis are already waiting. The newly arriving taxi can pick up passengers 

when the newly generated demand 𝐷𝑛
𝑡+∆𝑡  is larger than the number waiting taxis 

𝑆𝑛
𝑡 − 𝐷𝑛

𝑡 . Waiting time reflects the probability of successfully picking up passengers after 

some designated amount of time. The less the waiting time, the higher the reward for 

that location. The waiting time distribution is captured by Pr (𝑊𝑛𝑡 ). The pick-up 

probability of a waiting strategy is the cumulative probability of waiting time distribution 

up to the length of a decision horizon H: 

 �̌�𝑣𝑠𝑡 = Pr(�̌�𝑛𝑡 ≤ 𝐻) (6.5) 

6.3.2 The function 

Taxi drivers are assumed to choose a strategy based on a reward function, which 

captures the value/reward the driver anticipates deriving from choosing the strategy. 

The anticipated reward 𝑉𝑣𝑠𝑡  of a strategy s for driver 𝑣 equals the reward of the 

uncertain outcomes of the strategy, weighted by the subjective beliefs that the strategy 

will result in a particular outcome. It is possible that taxi drivers may weigh their beliefs 

because they may have optimistic or pessimistic attitudes. Technically, a probability 

weighting function 𝜋(𝐵𝑣𝑠𝑡) captures these attitudes.  

A strategy has two possible outcomes: pick-up and no pick-up. Each has a 

particular probability, �̌�𝑣𝑠𝑡 and 1-�̌�𝑣𝑠𝑡 respectively. Choices of taxi drivers are based on 

their beliefs about the outcome of the pick-up success. The anticipated reward of a trip 

is composed of anticipated monetary reward �̌�𝑣𝑠𝑡 = 𝐵𝑣(𝑀𝑣𝑠𝑡)  and information value 

�̌�𝑣𝑠𝑡 = 𝐵𝑣(𝐺𝑣𝑠𝑡) . A successful pick-up involves both monetary reward �̌�𝑣𝑠𝑡 and 

information value �̌�𝑣𝑠𝑡 , while an unsuccessful pick-up only involves information value 

The anticipated reward of a search strategy is thus �̌�𝑣𝑠𝑡(�̌�𝑣𝑠𝑡 + 𝜔�̌�𝑣𝑠𝑡) +  (1 −

�̌�𝑣𝑠𝑡)𝜔�̌�𝑣𝑠𝑡, where parameter 𝜔 scales the unit of information into the unit of money. It 

indicates that 1 unit of information equals a certain amount of money. 

The final probability of choosing a particular strategy then depends on how to 

model the optimistic vs. pessimistic attitudes of taxi drivers. Under optimistic behavior, 

taxi drivers increase their beliefs of more favorable outcomes, while in contrast under 
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pessimistic behavior they weigh higher the beliefs of less non-favorable outcomes. 

Using the notion of a probability weighting function, the anticipated reward of a pick-up 

then equals 𝜋(�̌�𝑣𝑠𝑡)(�̌�𝑣𝑠𝑡 + 𝜔�̌�𝑣𝑠𝑡) , and the anticipated reward of a non-pick-up is 

[1 − 𝜋(�̌�𝑣𝑠𝑡)]𝜔�̌�𝑣𝑠𝑡. The overall anticipated reward of strategy 𝑟 is: 

 �̌�𝑣𝑠𝑡 = 𝜋(�̌�𝑣𝑠𝑡)�̌�𝑣𝑠𝑡 + 𝜔�̌�𝑣𝑠𝑡 (6.6) 

where, �̌�𝑣𝑠𝑡  is the monetary reward of strategy 𝑠 , �̌�𝑣𝑠𝑡  is the information value of 

strategy 𝑠, 𝜋(�̌�𝑣𝑠𝑡) is adjusted belief of picking-up a passenger probability, which can 

have different values for optimistic or pessimistic attitude of the driver, and 𝜔 is the 

weight of information value.  

 Note that the probability weighting function 𝜋(�̌�𝑣𝑠𝑡) only has an effect on the 

monetary reward �̌�𝑣𝑠𝑡. The monetary reward of a trip is uncertain since a driver cannot 

ensure a successful pick-up. The information value, however, is not affected by the 

pick-up probability. In an extreme case, a driver chooses a strategy with zero pick-up 

probability. Although there is no monetary reward for the trip, a driver still learns that 

the pick-up probabilities of these locations are low so as to make better decisions in the 

future. When searching, drivers observe the environment and update their knowledge 

(and sense of familiarity). As a consequence, pick up probability and information value 

related to future trips generally change as well. In this way, experiences and choices 

mutually influence each other through time. The components 𝜋(�̌�𝑣𝑠𝑡), �̌�𝑣𝑠𝑡 and �̌�𝑣𝑠𝑡 are 

discussed in more detail in sections 6.3.3-6.5 respectively. 

6.3.3 Probability weighting function 

Taxi drivers face highly uncertain environments when finding for passengers. They 

cannot be certain about the outcomes of their decisions and also not about the 

probability of particular events influencing their decisions. Taxi drivers build up 

subjective probabilities/beliefs. Moreover, they may differ in terms of attitudes. They 

may be optimistic and adjust their beliefs about more favorable outcomes upwards, and 

also be pessimistic and downplay their subjective probabilities of favorable outcomes, 

giving higher weight to the subjective probabilities of less favorable outcomes. 

To capture these attitudes, a probability weighting function is applied to the 

beliefs. Several probability weighting functions may be used. The functional forms 

considered in this study are shown in Table 6.1. A review of these and other functions 

can be found in Rasouli & Timmermans (2014). Parameters capture the curvature of the 

probability weighting function.  
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Table 6.1 Functional forms of probability weighting functions 

Tversky and Kahneman 
𝜋(�̌�𝑣𝑠𝑡) =

�̌�𝑣𝑠𝑡
𝛾

[�̌�𝑣𝑠𝑡
𝛾
+ (1 − �̌�𝑣𝑠𝑡

𝛾
)
𝛾
]
1 𝛾⁄

 

Goldstein and Einhorn 
𝜋(�̌�𝑣𝑠𝑡) =

𝜆�̌�𝑣𝑠𝑡
𝛾

𝜆�̌�𝑣𝑠𝑡
𝛾
+ (1 − �̌�𝑣𝑠𝑡)

𝛾 

Wu and Gonzalez 
𝜋(�̌�𝑟𝑠𝑡) =

�̌�𝑣𝑠𝑡
𝛾

�̌�𝑣𝑠𝑡
𝛾
+ (1 − �̌�𝑣𝑠𝑡

𝛾
)
𝜆
 

Prelec II 𝜋(�̌�𝑣𝑠𝑡) = exp (−𝜆(− ln �̌�𝑣𝑠𝑡)
𝛾) 

 

 

Figure 3: Curvature of probability weighting functions 

 

The function suggested by Tversky & Kahneman (1992), for example, captures 

pessimistic behavior for high subjective probabilities and optimistic behavior over low 

subjective probabilities  when 0 < 𝛾 < 1. If 𝛾 = 1, the model becomes the anticipated 

value model as 𝜋(𝑃𝑣𝑟) = 𝑃𝑣𝑟, and when 𝛾 approaches 0, drivers have extreme attitudes 

to outcomes with high/low subjective probability. However, their equation does not 

ensure the monotonicity of the function. When the parameter is very small (𝛾 < 0.1) the 

function is not monotonically increasing. It is problematic as a probability weighting if a 

lower probability may be larger than a higher probability: 𝜋(𝑃𝑖) > 𝜋(𝑃𝑗), 𝑃𝑖 < 𝑃𝑗. When 

𝛾 > 1 drivers have pessimistic attitudes about outcomes regardless of their probabilities.  

6.4 Information value 

Driving vacantly is generally treated as a disutility because it does not generate any 

revenues, while at the same time it does produce the costs of travelling around. 
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However, it is argued that such search behavior may have a positive utility because 

drivers gain information (Arentze & Timmermans, 2005). The value of information is 

included in the conceptualization of passenger-finding behavior because it improves the 

accuracy of beliefs, reduces the uncertainty in decision-making and therefore affects the 

effectiveness of the decisions made.  

Driving in an environment and experiencing travel times, picking up a passenger, 

waiting times, delivery distances etc. all make taxi drivers learn about the urban and 

transportation system as they realize the outcomes of their decisions. They gain 

information and update their beliefs until these approximate reality (under stationary 

conditions).  

Information is measured in terms of the concept of entropy. Entropy is the 

average information content of all possible outcomes. The information content of a 

possible state (𝑘) of a variable 𝑥 at time 𝑡 is defined by the negative of the logarithm of 

the probability: ℎ𝑡(𝑥𝑘) = −ln𝑃𝑡(𝑥𝑘) . Every possible outcome of an attribute has its 

information content, and the average of these defines entropy. It is the expectation of 

all possible information content: ℎ𝑡(𝑥) = 𝐸[−ln𝑃𝑡(𝑥)]. Specifically, entropy of discrete 

and continuous attributes are equal to:  

 ℎ𝑡(𝑥) = −∑𝑃𝑡(𝑥𝑘)ln𝑃𝑡(𝑥𝑘)

𝑘

 (6.7) 

 ℎ𝑡(𝑥) = −∫𝑃𝑡(𝑥)ln𝑃𝑡(𝑥) d𝑥 (6.8) 

After experiencing an actual outcome, an individual has an updated subjective belief 𝐵𝑣. 

Additionally he/she also evaluates the entropy prior to choosing the alternative. It is 

defined by a measure of expected entropy: 𝐸[ℎ𝑡(𝑥)] = 𝐸[ℎ𝑡(𝑥|�̃�𝑡+1)]  (Arentze & 

Timmermans, 2005). The use of �̃�𝑡+1 indicates the belief of the probability distribution 

at time 𝑡+1 prior to taking the action at time 𝑡. When making the next decision based 

on the current belief, an individual has an expectation of the entropy of the chosen 

alternative. For a discrete attribute, possible outcomes are 𝑥1, 𝑥2, … , 𝑥𝐾 . At time 𝑡  an 

outcome 𝑥𝑘  has a probability of �̌�𝑡(𝑥𝑘)  to be expected to happen. The expected 

occurrence of an outcome 𝑥𝑘  contributes to the change of probability distribution at 

time 𝑡+1 and  the probability distribution changes to �̃�𝑡+1 . Different outcome 𝑥𝑘 

contributes to different �̃�𝑡+1(∙) . Conditional to the occurrence of an outcome 𝑥𝑘 , it 

should be written as �̃�𝑡+1(∙ |𝑥𝑘). In probability distribution �̃�𝑡+1, an outcome is denoted 

by 𝑥𝑘′. An outcome 𝑥𝑘′ has a probability of �̃�𝑡+1(𝑥𝑘′| ∙) to happen. Thus conditional to 

happening of 𝑥𝑘, a new outcome 𝑥𝑘′ has a probability of �̃�𝑡+1(𝑥𝑘′|𝑥𝑘) to happen., and 
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its entropy is –ln�̃�𝑡+1(𝑥𝑘′|𝑥𝑘). The entropy of probability distribution �̃�𝑡+1 conditional to 

𝑥𝑘 is: 

 ℎ𝑡(∙ |𝑥𝑘) = −∑�̃�𝑡+1(𝑥𝑘′|𝑥𝑘)ln�̃�𝑡+1(𝑥𝑘′|𝑥𝑘)

𝑘′

 (6.9) 

 ℎ𝑡(∙ |𝑥) = −∫ �̃�𝑡+1(𝑥
′|𝑥)ln�̃�𝑡+1(𝑥

′|𝑥) d𝑥′ (6.10) 

Note �̃�𝑡+1 differs from the real updated belief �̌�𝑡+1. After experiencing the outcome at 

time 𝑡+1, �̌�𝑡  is updated to �̌�𝑡+1 , while �̃�𝑡+1  is the probability distribution after an 

expected outcome happens (not really happens) The expected entropy 𝐸[ℎ𝑡(𝑥)] is the 

expectation of the entropy ℎ𝑡(∙ |𝑥𝑘) over all possible outcomes 𝑘=1, 2,… 𝐾, and each 

outcome has �̌�𝑡(𝑥𝑘 ) to happen The expected entropies of discrete and continuous 

attributes are: 

𝐸[ℎ𝑡(𝑥)] == −∑�̌�𝑡(𝑥𝑘)

𝑘

ℎ𝑡(∙ |𝑥𝑘) = −∑�̌�𝑡(𝑥𝑘)

𝑘

∑�̃�𝑡+1(𝑥𝑘′|𝑥𝑘)ln�̃�𝑡+1(𝑥𝑘′|𝑥𝑘)

𝑘′

 
(6.11) 

𝐸[ℎ𝑡(𝑥)] = −∫ �̌�𝑡(𝑥) ℎ𝑡(∙ |𝑥) = −∫ �̌�𝑡(𝑥) [∫ �̃�𝑡+1(𝑥|𝑥
′)ln�̃�𝑡+1(𝑥|𝑥

′) d𝑥′] d𝑥 (6.12) 

The information value is: 

 𝐺 = ℎ𝑡(𝑥) − 𝐸[ℎ𝑡(𝑥)] (6.13) 

The information value measures the information uncertainty perceived by an individual. 

The difference in entropy ℎ𝑡(𝑥)  and expected entropy 𝐸[ℎ𝑡(𝑥)]  comes from the 

difference in the probability distributions �̌�𝑡 and �̃�𝑡+1. When an individual receives few 

observations on 𝑥 , the difference between �̌�𝑡  and �̃�𝑡+1  is large; when an individual 

already experienced many observations, a single sample contributes less to the 

probability distribution, and the  difference between �̌�𝑡 and �̃�𝑡+1 is small. The limit of 

information value is 0 when number of observations becomes infinitely large according 

to the law of large numbers: lim𝑡→∞{ℎ𝑡(𝑥) − 𝐸[ℎ𝑡(𝑥)]} = 0. Therefore, information value 

is a proper measurement of perceived information uncertainty. The more outcomes a 

driver experiences, the lower information he/she gains and the more certain the 

information is perceived.  

In taxi drivers behavior the uncertain information stems from immediate pick-up 

probability 𝑝0𝑛𝑡  , the travel distance of passengers 𝑑𝑛𝑡  and waiting time 𝑊𝑛𝑡 . As 

indicated above, 𝑝0𝑛𝑡 follows a Bernoulli distribution, 𝑑𝑛𝑡  follows a Pareto distribution, 

and 𝑊𝑛𝑡 follows a gamma distribution. The entropies of 𝑝0𝑛𝜈, 𝑑𝑛𝑡 and 𝑊𝑛𝑡 are: 

 ℎ𝑡(𝑝0𝑛𝑡) = −𝑝0𝑛𝑡 ln(𝑝0𝑛𝑡) − (1 − 𝑝0𝑛𝑡) ln(1 − 𝑝0𝑛𝑡) (6.14) 
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 ℎ𝑡(𝑑𝑛𝑡) = ln (
𝑑𝑚
𝛼𝑛𝑡

) +
𝛼𝑛𝑡 + 1

𝛼𝑛𝑡
 (6.15) 

 ℎ𝑡(𝑊𝑛𝑡) = 𝑘𝑛𝑡 − ln𝜃𝑛𝑡 + ln[𝛤(𝑘𝑛𝑡)] + (1 − 𝑘𝑛𝑡)
𝛤′(𝑘𝑛𝑡)

𝛤(𝑘𝑛𝑡)
 (6.16) 

A driver gains the information value of initial pick-up probability, waiting time and 

passenger travel distance when visiting a node: 

 𝑔(𝑝𝑛) = ℎ𝑡(𝑝0𝑛𝑡) − 𝐸[ℎ𝑡(𝑝0𝑛𝑡)] (6.17) 

 𝑔(𝑑𝑛) = ℎ𝑡(𝑑𝑛𝑡) − 𝐸[ℎ𝑡(𝑑𝑛𝑡)] (6.18) 

 𝑔(𝑊𝑛) = ℎ𝑡(𝑊𝑛𝑡) − 𝐸[ℎ𝑡(𝑊𝑛𝑡)] (6.19) 

6.5 Monetary gain 

6.5.1 Searching passengers 

6.5.1.1 Search patterns 

As discussed in the introduction, search is about cruising along a particular route to find 

a passenger. It differs from waiting at a taxi stand until a new passenger arrives. A taxi 

driver faces the difficult task which route to choose from the extremely large number of 

possible routes. Identifying routes to consider, and valuing and comparing all possible 

routes is too demanding and behaviorally unrealistic. We therefore assume that taxi 

drivers choose between search strategies. Each strategy simplifies their choice problem 

by considering a single decision outcome: anticipated pick-up probability, anticipated 

revenue, anticipated travel time, etc. For each strategy, the best route considering the 

given time horizon is identified. Ultimate choice probabilities then are assumed 

proportional to the anticipated value of the route, as a function of all considered 

attributes, weighted according to the optimistic vs. pessimistic attitudes of the driver.  

Three search strategies are defined with different underlying motivations: 

random search, maximum anticipated pick-up probability search, and maximum 

anticipated revenue search. Random search implies information-motivated search in the 

sense that drivers have a higher chance to visit unfamiliar locations, which is associated 

with a higher information value. A money-motivated search is to maximize anticipated 

pick-up probability. Alternatively, the strategy may be to maximize anticipated revenue 

since a long distant ride with a high one-time revenue is appealing to drivers.   
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In a random search pattern, a taxi driver randomly chooses the next node from 

all adjacent nodes. All  adjacent nodes 𝐽𝑞 have the same probability of being chosen: 

 Pr (𝑛𝑞+1|𝑛𝑞) =
1

|𝐽𝑞|
 (6.20) 

After visiting node 𝑛𝑞, a driver chooses the next node 𝑛𝑞+1 with equal probability. This 

process continues until a driver completes the search trip. A random search may be 

motivated by the drivers’ need to search unfamiliar nodes to update their beliefs. Each 

route has a particular information value, which depends on the driver’s familiarity with 

the route. A driver gains more information at an unfamiliar route. Thus, a random 

search tends to decrease the uncertainty more than other strategies.  

Similarly, in case of anticipated pick-up probability, a taxi driver maximizes the 

anticipated success of picking-up passengers: max [�̌�𝑣𝑠𝑡]. Among all possible routes, a 

driver chooses the route with the highest subjective pick-up probability. It is the best 

route based on this strategy. This strategy efficiently reduces a driver’s vacant driving. 

It requires a driver to make correct judgments on the pick-up probability. In that sense, 

�̌�𝑣𝑠𝑡 in the reward function is maximized. 

The strategy of maximizing anticipated revenues implies max [�̌�𝑣𝑠𝑡]. In a pool of 

all possible routes, a route with highest �̌�𝑣𝑠𝑡  is the best one. A driver’s belief may 

indicate that for certain nodes the probability of passengers traveling a long distance 

and therefore the corresponding revenue is relatively high. Although travelling longer 

distance may incur higher cost as well, drivers need less time for finding passenger 

during the remainder. For that reason this strategy might be tempting for drivers. 

6.5.1.2 Monetary reward of search 

The anticipated monetary reward of a trip is the amount of money that a driver 

anticipates to gain from a search strategy. In a search strategy a taxi driver visits 

several nodes in a time horizon 𝐻. The reward of a search route is the belief that a 

driver gains a certain amount of money. The monetary reward considers anticipated 

revenue �̌�𝑣𝑠𝑡, search cost �̌�𝑣𝑠𝑡, and anticipated cost �̌�𝑣𝑠𝑡
′  of delivering a passenger to a 

destination: 

 �̌�𝑣𝑠𝑡 = �̌�𝑣𝑠𝑡 − �̌�𝑣𝑠𝑡 − �̌�𝑣𝑠𝑡
′  (6.21) 

The anticipated revenue �̌�𝑣𝑠𝑡 of a route involves the belief about the fare a passenger 

pays to a driver. A taxi visits all nodes by sequence on a search route. A taxi has at 

most one chance of picking-up a passenger. A taxi driver can never be sure about the 
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revenue �̌�𝑣𝑟  that will be generated at a search route since he is not sure at which 

specific node he will pick up a passenger. The pick-up may happen at each node 𝑛𝑞, 

and each node has its particular revenue 𝑓𝑣𝑛𝑞𝑡𝑞 at visit time 𝑡𝑞. Rather than exhaustively 

calculating expected revenue of each node, a taxi driver is assumed to simplify the 

calculation by ‘averaging’ beliefs across all nodes. The anticipated revenue of a route 

�̌�𝑣𝑠𝑡  represents the average belief on each node 𝑛𝑞 . It neglects small differences 

between those nodes and becomes areal belief. Here we assume that the anticipated 

revenue �̌�𝑣𝑟 as an average of all nodes fare 𝑓𝑣𝑛𝑞𝑡𝑞 on the route: 

 
�̌�𝑣𝑠𝑡 =

1

𝑁𝑟
∑𝑓𝑣𝑛𝑞𝑡𝑞

𝑁𝑟

𝑞=1

 (6.22) 

The taxi driver will also incur costs. Costs structure includes cost of search �̌�𝑣𝑠𝑡 and cost 

of delivery �̌�𝑣𝑠𝑡
′ . Cost of delivery from a node is conditional to a pick-up, while cost of 

search happens for sure. In an extreme case a driver does not find any passenger after 

a search within a time horizon, he/she still needs to pay the full cost on search. Cost of 

a search route is the summation of cost of all links. The costs of a link consist of the 

fuel costs, which depend on the vehicle type and length of a link (𝑐𝑣(𝑙)), extra charges, 

if any, for tolls and taxes (𝑐0
+), and fixed zonal-based extra fares, such as airport taxes: 

𝑐𝑙 = 𝑐𝑣(𝑙) + 𝑐0
+ + 𝑐𝑛

+ . Traffic congestion is not considered. The cost of a search route is 

determined by its length. The costs of searching a trip is the summation of costs on 

visiting all links 𝑙𝑞: 

 
�̌�𝑣𝑠𝑡 = ∑ 𝑐𝑣𝑙𝑞𝑡𝑞

𝑁𝑟−1

𝑞=1

 (6.23) 

A driver also expects a cost �̌�𝑣𝑠𝑡
′  for delivering. Different from a search cost, a delivery 

cost does not happen at the searching process. It happens after picking up passengers 

and delivering them to their destination. It is conditional to a pick-up. The amount of 

delivery cost depends on the travel distance of a passenger. Departing from different 

nodes, delivery cost is probably different. When a driver considers a delivery cost of a 

search �̌�𝑣𝑠𝑡
′ , he/she uses the average beliefs on the delivery cost across all nodes 𝑐𝑣𝑛𝑞𝑡𝑞

′ . 

It is a fuel cost per km travelled. The fuel cost is 𝑐𝑣𝑛𝑞𝑡𝑞
′ = 𝛽𝑣𝑐𝑑𝑛𝑞𝑡𝑞 with a fuel cost rate 

𝛽𝑣𝑐 to deliver a passenger with distance 𝑑.  Anticipated delivery cost is:  

 
�̌�𝑣𝑠𝑡
′ =

1

𝑁𝑟
∑𝑐𝑣𝑛𝑞𝑡𝑞

′

𝑁𝑟

𝑞=1

=
𝛽𝑣𝑐
𝑁𝑟

∑𝑑𝑛𝑞𝑡𝑞

𝑁𝑟

𝑞=1

 (6.24) 
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The costs of searching �̌�𝑣𝑠𝑡  are certain whenever a search route is chosen. 𝑐𝑙  is the 

monetary costs of a link and consists of fuel costs, dependent on the link length, and 

additional costs related to tolls, taxes, etc. These components are either known by 

drivers, such as fuel cost per km 𝑐𝑣(𝑙) and a link length, or determined by a government 

such as tolls and taxes. As the costs of a single link approximately involve a fixed 

amount, we assume cost 𝑐𝑙  is certain. A certain link cost 𝑐𝑙  means that the cost of 

search route ∑ 𝑐𝑙𝑞
𝑁𝑟−1
𝑞=1  is also certain when a route is chosen. The cost of delivery �̌�𝑣𝑠𝑡

′ , 

however, is uncertain. Considering uncertain pick-up, drivers simplify their beliefs of 

delivery cost as anticipated delivery cost. A delivery route may also generate extra 

costs. Assuming taxi drivers charge additional costs to passengers, fuel cost is the only 

costs considered. As fuel cost depends on delivery distance, expected travel distance is 

a driver’s real concern.  

For a search strategy, monetary reward depends on success of a pick-up. Rather 

than calculating every expected monetary reward on every single node, a driver 

considers the anticipated pick-up probability of the whole search route. The anticipated 

pick-up probability of a search route is the cumulative pick-up probability of all nodes on 

the route. When visiting nodes sequentially on a search route, a driver has a probability 

of pick-up at each node. Visiting a next node or not depends on success of previous 

nodes. Whenever picking up a passenger at a node, a driver does not visit a next node 

but starts to deliver. Each node has a pick-up probability conditional to pick-up success 

of previous nodes. The summation of pick-up probability of all nodes defines the 

anticipated pick-up probability of a search route. The other side of failing picking up on 

all nodes defines cumulative pick-up probability: 

 
�̌�𝑣𝑠𝑡 = 1−∏(1− �̌�0𝑛𝑞𝑡𝑞)

𝑁𝑟

𝑞=1

 (6.25) 

where �̌�0𝑛𝑞𝑡𝑞 = Pr (�̌�𝑛𝑞𝑡𝑞 = 0) is the initial pick-up probability of the 𝑞th node on the 

route. Note the notation of time 𝑡 since waiting time distribution depends on different 

time of the day. Search on the 𝑞th node only happens when a taxi fails picking up 

passengers at 𝑞 − 1 nodes. The anticipated cumulative pick-up probability of all nodes 

defines the anticipated success of trip 𝑟.  

For a search behavior a taxi does not join a taxi queue. It passes through a node 

to take a chance of an immediate pick-up. It means the waiting time is zero. Probability 

of zero waiting time  of a node Pr(�̌�𝑛𝑡 = 0) defines an initial pick-up probability. The 

relation between passenger demand and taxi supply influences the initial pick-up 
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probability �̌�0𝑛𝑡  of node 𝑛 . As the change in passenger demand and taxi supply is 

dynamic, the initial pick-up probability is highly uncertain for taxi drivers. The initial 

pick-up probability follows a Bernoulli distribution, where 𝑠 = 1 is a successful pick-up, 

and 𝑠 = 0 is an unsuccessful pick-up. Brn in equation (6.26) stands for the Bernoulli 

distribution. A driver experiences the outcome 𝑠 ∈ {0,1}, and updates subjective beliefs 

�̌�𝑣𝑛 of the pick-up probability at node n. The update on �̌�𝑣𝑛 is discussed in section 6.6.1 

in more detail.  

 Brn (𝑠; �̌�0𝑛𝑞𝑡𝑞) = �̌�0𝑛𝑞𝑡𝑞
𝑠 (1 − �̌�0𝑛𝑞𝑡𝑞)

1−𝑠
, 𝑠 ∈ {0,1}   (6.26) 

Substituting Eq. (6.21) and Eq. (6.25) into Eq. (6.6) the reward function of a search 

strategy is: 

 
�̌�𝑣𝑠𝑡 = 𝜋 [1−∏(1− �̌�0𝑛𝑞𝑡𝑞)

𝑁𝑟

𝑞=1

] × (�̌�𝑣𝑠𝑡 − �̌�𝑣𝑠𝑡 − �̌�𝑣𝑠𝑡
′ ) + 𝜔�̌�𝑣𝑠𝑡 (6.27) 

where the information value of search strategy is: 

�̌�𝑣𝑠𝑡 =∑{ℎ (�̌�0𝑛𝑞𝑡𝑞) − 𝐸 [ℎ (�̌�0𝑛𝑞𝑡𝑞)]}

𝑁𝑟

𝑞=1

+
1

𝑁𝑟
∑{ℎ(�̌�𝑛𝑞𝑡𝑞) − 𝐸 [ℎ (�̌�𝑛𝑞𝑡𝑞)]}

𝑁𝑟

𝑞=1

 (6.28) 

6.5.2 Waiting 

A waiting strategy is staying at the current node where dropping off a previous 

passenger within a decision horizon H. A taxi joins a queue when there are other taxis 

already waiting at the node, otherwise it is the first place of the queue. The pick-up 

probability of waiting in a queue is the probability distribution of waiting time. The 

waiting time 𝑊𝑣𝑛𝑡 is defined as the time the taxi needs to wait to get new passengers. 

The waiting time 𝑊𝑣𝑛𝑡 depends on the demand for taxis at a particular location and the 

competition, i.e. the supply of taxis at that location. If passenger demand is larger than 

taxi supply a taxi picks up passengers without waiting (𝑊𝑛𝑡 = 0), otherwise it has to 

wait (𝑊𝑛𝑡 > 0) or leave. The waiting time distribution is captured by Pr(𝑊𝑛𝑡). The pick-

up probability of a waiting strategy is the cumulative probability of waiting time 

distribution up to the length of a decision horizon 𝐻: 

 �̌�𝑣𝑠𝑡 = Pr(�̌�𝑛𝑡 ≤ 𝐻) (6.29) 

To capture a realistic waiting time distribution, assumptions should be made with 

respect to the initial subjective beliefs of an individual driver. Many applications in 

artificial science have assumed that at the start agents have zero information and hence 
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every waiting time is equally probable (at least within some maximum range). This can 

be represented by a uniform distribution and it would imply that drivers would, ceteris 

paribus, randomly choose an alternative with equal subjective probabilities of waiting 

times. However, the assumption of zero information is too extreme. Rather, it is more 

realistic to assume that drivers make an initial guess that is based on analogue 

reasoning, i.e. based on a logical inference from their experience or information related 

to other alternatives. We assume that although agents do not know the exact 

probability density distribution, their beliefs are congruent with the general form of the 

true probability distribution that describes the real world process. The question then 

becomes which probability density distribution adequately describes the real-world 

generating process. Many studies have applied Gaussian processes, but they are not 

appropriate for our study because waiting times cannot be negative and are likely non-

symmetric. A gamma distribution may be a good representation of a driver’s prior belief 

because it meets these requirements. Passenger arrival rates and taxi competitions are 

key components affecting waiting time. Both components can be captured in a gamma 

distribution. A gamma distribution is not only flexible in shape and able to adapt to 

various changes in subjective waiting times, it also describes physical process of waiting 

behavior well.  To avoid confusion in subscript and superscript, notations of taxi, node 

and time are temporarily ignored. The waiting time distribution is: 

 Pr(𝑊)~𝐺𝑎𝑚𝑚𝑎(𝑘, 𝜃) =
𝜃𝑘

𝛤(𝑘)
𝑊𝑘−1𝑒−𝜃𝑊 (6.30) 

where 𝜃 is perceived rate parameter, 𝑘 is the shape parameter, and 𝑊 is waiting time. 

The rate parameter reflects a passenger generation rate. The larger the rate parameter 

is, the less waiting time to meet a passenger. Suppose a taxi driver arrives at a location 

without competitions, and he/she expects a certain period of time to see a passenger’s 

arrival. In every small discrete time interval, the driver expects a constant probability of 

a passenger’ arrival. The interval time from the driver’ arriving at the location to a 

passenger’s appearing, in continuous time measurement, follows an exponential 

distribution. 𝜃 is the passenger arrival rate.  

 𝑝(𝑊) = 𝜃𝑒−𝜃𝑊 (6.31) 

However, the exponential interpretation can be only applied to zero competition. The 

shape parameter 𝑘 reflects the competition. Equation (6.30) becomes equation (6.31) 

when 𝑘 = 1, that there is only a taxi itself waiting at a stand. When 𝑘 > 1 waiting time 

distribution becomes a gamma distribution. Let the competition, defined by the number 

of taxis in front of a newly arriving taxi, be denoted by 𝑆. Let 𝑊𝑄 denote the queuing 
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time. For a new arriving taxi it is the time from joining the queue until it becomes the 

first place in the queue. The queuing time equals the sum of the waiting time 𝑊𝑠 of 𝑆 

taxis: 𝑊𝑄 = ∑ 𝜃𝑒−𝜃𝑊𝑠𝑆
𝑠=1 . The total waiting time of the taxi is Pr(𝑊) = 𝑊𝑄 +

𝜃𝑒−𝜃𝑊 = ∑ 𝜃𝑒−𝜃𝑊𝑠𝑆+1
𝑠=1 . According to statistical theory, a summation of exponential 

distributions is a Gamma distribution: 

 
Pr(𝑊) =∑𝜃𝑒−𝜃𝑊𝑠

𝑆+1

𝑠=1

~𝐺𝑎𝑚𝑚𝑎(𝑆 + 1, 𝜃) (6.32) 

Substituting 𝑘𝑖 = 𝑆𝑖 + 1  into equation (6.32), it has exact the same form with the 

equation (6.30). 

The physical meaning of 𝜃  and 𝑘  provides a foundation for a waiting time 

distribution and afterward learning process. The parameters in Gamma (𝑘, 𝜃)  are 

updated using a Bayesian procedure. It will be discussed at section 6.6.2.  

Adding vehicle, location and time notations back into Eq. (6.30) the belief about 

waiting time is: 

 
Pr(�̌�𝑛𝑡) =

𝜃𝑣𝑛𝑡
𝑘𝑣𝑛𝑡

𝛤(𝑘𝑣𝑛𝑡)
𝑊𝑘𝑣𝑛𝑡−1𝑒−𝜃𝑣𝑛𝑡𝑊   (�̌�𝑛𝑡 > 0) (6.33) 

The decision mechanism of a waiting strategy is different from a search strategy. It is 

one decision of staying at a location, rather than several sequential decisions of 

choosing the same location (e.g. Wong, Szeto, & Wong, 2014b). A driver’s belief about 

a node’s waiting time distribution is a single distribution at a particular time t. 

Comparative pick-up probabilities of a search strategy accumulate zero waiting time 

probabilities across several nodes. In most cases at the decision moment, when 

dropping off a passenger, a driver already observes the length of the taxi queue at the 

stand. A driver is more ‘certain’ to make a waiting decision since he/she knows the 

competition, compared to uncertain demand and competition in a search strategy. 

However, in some special cases a driver still needs own judgment about waiting time, 

for example, waiting at an airport where the queuing system is different from on-road 

taxi stands.  

Another advantage of a waiting strategy is not involving search cost �̌�𝑣𝑠𝑡. The 

monetary reward is the difference of revenue at the waiting node 𝑛  and cost of 

delivering a passenger. The revenue is the collected fare charging to a passenger 

departing from node 𝑛, and cost incurs on the delivery trip. The monetary reward is: 

 �̌�𝑣𝑠𝑡 = 𝑓𝑣𝑛(𝑡+𝐻) − 𝑐𝑣𝑛(𝑡+𝐻)
′  (6.34) 
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Substituting Eq.  (6.29) and Eq. (6.34) into Eq. (6.6), the reward function of a waiting 

strategy is: 

 �̌�𝑣𝑠𝑡 = 𝜋[Pr(�̌�𝑛𝑡 ≤ 𝐻)] × (𝑓𝑣𝑛(𝑡+𝐻) − 𝑐𝑣𝑛(𝑡+𝐻)
′ )+𝜔�̌�𝑣𝑠𝑡 (6.35) 

The information value of waiting is: 

 �̌�𝑣𝑠𝑡 = ℎ(�̌�𝑛𝑡) − 𝐸[ℎ(�̌�𝑛𝑡)] + ℎ(�̌�𝑛𝑡) − 𝐸[ℎ(�̌�𝑛𝑡)] (6.36) 

The reward function of a waiting strategy considers the time component. A driver 

evaluates revenue and cost ahead of time. When making a decision at time 𝑡 , the 

revenue and cost are considered at time 𝑡 + 𝐻, after a period of 𝐻 waiting time. A driver 

may also choose a waiting strategy when a high demand peak would appear within a 

decision horizon.  

6.5.3 Going to a node 

This section focuses on a particular kind of strategy: going to locations. The high 

demand locations, such as high-speed train stations and airports, are usually located 

outside of the city. Consequently, taking passengers from these locations across the city 

tends to involve long distance taxi rides that bring in much revenue. Rides from the 

airport are therefore popular among taxi drivers. This results in a lot of competition, 

which in terms may lead to queues when the number of taxis going to the airport 

exceeds the demand.  

Thus, the strategic decision to go to the airport is a risky decision. It is not only 

risky due to the competition of other taxi drivers, but also due to the specific demand 

conditions. Unless a driver can bring a passenger to the airport, the trip to the airport 

does not bring in any revenues. Moreover, because places such as airports and train 

stations are popular among many taxi drivers, if a driver arrives too late at the airport 

the queue may be quite long. Queues represent unproductive times. To make matters 

potentially worse, if the airport is a hub, incoming and outgoing airplanes come in 

waves. Consequently, there is a risk that a taxi driver needs to wait until the next wave 

of taxi demand.  

To cope with the risk, taxi drivers need to correctly evaluate the reward of going 

to a specific location. It is more related to a strategic decision in the sense that this 

strategy leads to faster pick-up or to drop off the passenger at a longer distance. The 

target node 𝑛′ is usually not adjacent to the current node 𝑛. To differentiate going to a 

destination from searching for passengers, taxi drivers are assumed not to pick up 

passengers along the way to the targeted destination 𝑛′. The reason is a driver expects 
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more benefits from the target destination than from picking up passengers on the 

midway. Some models allow on road pick-up when a driver is heading for a designate 

destination (Wong et al., 2015). It is an understandable consideration. A driver has a 

destination or direction in mind, and also wants to take a chance of on road pick-up. It 

is treated as a search strategy. For a search strategy, a driver may or may not have a 

destination on a search route. A driver only concerns the reward of a search route. If a 

search route with a designate destination has the highest reward among all possible 

routes, a driver chooses this route to search; otherwise a driver does not need to have 

a destination or direction in mind. It is another reason why a driver does not conduct on 

road pick-up when going to a destination.  

A driver expects either a soon pick-up or a high reward in one ride from a going 

to a destination strategy. However he/she is still not certain about the success of pick-

up at the destination. Considering the probability of not able to pick up immediately 

after arriving, a driver needs to wait at the destination until the end of a decision 

horizon or meeting a passenger. With the assumption of a decision horizon, a driver 

insists on the determined decision until the decision horizon end. Thus a driver stays at 

the destination and joins the queue, rather than leaving the queue to make a new 

decision. The latter behavior actually makes two or more decisions within a decision 

horizon, which is inconsistent with our basic assumption.  

The monetary reward composes of revenue at node 𝑛′, cost �̌�𝑣𝑠𝑡 of going to the 

node, and cost 𝑐𝑣𝑛(𝑡+𝐻)
′  of delivering a passenger: 

 �̌�𝑣𝑠𝑡 = 𝑓𝑣𝑛′(𝑡+𝐻) − �̌�𝑣𝑠𝑡 − 𝑐𝑣𝑛(𝑡+𝐻)
′  (6.37) 

𝑓𝑣𝑛′(𝑡+𝐻) is the fare collected from a passenger departing from node 𝑛′. On the way to 

destination 𝑛′  a driver does not pick up a passenger, but relevant cost still exists. 

Similarly as a search cost, the cost of traveling to a destination is �̌�𝑣𝑠𝑡 = ∑ 𝑐𝑣𝑙𝑞𝑡𝑞
𝑁𝑟−1
𝑞=1 . 

The delivery cost is 𝑐𝑣𝑛(𝑡+𝐻)
′ = 𝛽𝑣𝑐𝑑𝑛′(𝑡+𝐻).  

When going directly to a destination, a taxi takes �̌�𝑣𝑠𝑡  travel time on the way 

(�̌�𝑣𝑠𝑡 < 𝐻). After arriving at 𝑛′, a driver has (𝐻 − �̌�𝑣𝑠𝑡) time left to wait for a passenger. 

The pick-up probability up to rest time of a decision horizon is: 

 �̌�𝑣𝑠𝑡 = Pr(�̌�𝑛′(𝑡+�̌�𝑣𝑠𝑡)
≤ 𝐻 − �̌�𝑣𝑠𝑡) (6.38) 

The reward function is: 

 �̌�𝑣𝑠𝑡 = 𝜋[Pr(�̌�𝑛′(𝑡+�̌�𝑣𝑠𝑡) ≤ 𝐻 − �̌�𝑣𝑠𝑡)] × (�̌�𝑣𝑛′(𝑡+𝐻) − �̌�𝑣𝑠𝑡 − 𝑐𝑣𝑛(𝑡+𝐻)
′ ) + 𝜔�̌�𝑣𝑠𝑡 (6.39) 

The information value is: 
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 �̌�𝑣𝑠𝑡 = ℎ(�̌�𝑛′(𝑡+�̌�𝑣𝑠𝑡)) − 𝐸[ℎ(�̌�𝑛′(𝑡+�̌�𝑣𝑠𝑡))] + ℎ(�̌�𝑛′(𝑡+�̌�𝑣𝑠𝑡)) − 𝐸[ℎ(�̌�𝑛′(𝑡+�̌�𝑣𝑠𝑡))] (6.40) 

Going to a destination is a good strategy to adapt to dynamic changes in the 

environment. A driver is able to make quick reaction to passenger demand concentrated 

at some locations. A driver has a clear target 𝑛′destination to go to without being 

interrupted on the midway. A driver also reacts quickly to a temporal demand peak. The 

reward function fully considers looking ahead of time mechanism. A driver takes travel 

time �̌�𝑣𝑠𝑡 into consideration and thinks about waiting time distribution �̌�𝑛′(𝑡+�̌�𝑣𝑠𝑡)
 after 

arrival at time 𝑡 + �̌�𝑣𝑠𝑡. A driver has  𝐻 − �̌�𝑣𝑠𝑡 time left for waiting in a decision horizon, 

since �̌�𝑣𝑠𝑡  is used for travel. Related revenue and costs are evaluated at time 𝑡 + 𝐻 , 

which are after a decision horizon H.  

Taxi drivers face highly uncertain environments when finding for passengers. 

They cannot be certain about the outcomes of their decisions and also not about the 

probability of particular events influencing their decisions. They will, however, build up 

subjective probabilities/beliefs. Moreover, taxi drivers may differ in terms of attitudes. 

Against better knowledge, they may be optimistic and bias their beliefs about more 

favorable outcomes upwards. They may also be pessimistic and downplay their 

subjective probabilities of favorable outcomes, giving higher weight to the subjective 

probabilities of less favorable outcomes.  

6.6 Information update 

In Bayesian updating theory, a probability distribution is described by parameter(s) 𝝀. 

Every taxi driver has a prior belief about the outcome distribution. Every time a taxi 

driver arrives at a particular destination, he will experience a particular outcome and 

based on this experience learns and updates his belief. It leads to an a posterior belief 

using Bayesian updating, which serves as the new belief. An a priori density distribution 

is given to 𝝀, and experiences the outcome of a stochastic process, conditional on 𝝀., 

the density distribution of 𝝀 is updated to become the a posterior density distribution. 

The posterior density distribution of 𝝀 is given by Eq. (6.41): 

 𝑝(𝝀|𝑋) =
𝑝(𝑋|𝝀)𝑝(𝝀)

𝑝(𝑋)
 (6.41) 

where 𝑝(𝝀) is the prior density of 𝝀, 𝑝(𝑋|𝝀) is the observed data conditional on 𝝀, 𝑝(𝑋) 

is the marginal probability of X satisfying (𝑋) = ∫ 𝑝(𝑋|𝝀)𝑝(𝝀)d𝝀. 
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6.6.1 Initial pick-up learning  

Bayesian updating needs a properly chosen prior. Choosing a conjugate prior is 

common practice. A conjugate prior ensures the posterior has the same mathematical 

form as the prior. As a picking up event follows a Bernoulli distribution, the prior of the 

picking up probability follows a Beta distribution: 

 𝑝0𝑛𝑡
𝑝𝑟𝑖𝑜𝑟

~𝐵𝑒𝑡𝑎(𝜌, 𝜎) (6.42) 

The posterior is updated as (Fink, 1997): 

 
𝑝0𝑛𝑡
𝑝𝑜𝑠𝑡

~𝐵𝑒𝑡𝑎 (𝜌 +∑𝑥𝑖𝑛𝑡

𝐼

𝑖=1

, 𝜎 + 𝐼 −∑𝑥𝑖𝑛𝑡

𝐼

𝑖=1

) (6.43) 

where 𝑥𝑖𝑛𝑡 = 1 for a successful pick-up, 𝑥𝑖𝑛𝑡 = 0 for an unsuccessful pick-up, and 𝐼 is 

the number of visits on the node n.  

6.6.2 Waiting time learning 

When deciding which strategy to take, the anticipated waiting time at candidate nodes 

and the corresponding uncertainty is one of the decision variables that are considered in 

the decision. Waiting time reflects the probability of successfully picking up passengers 

after some designated amount of time. Waiting time is an important component to be 

considered for taxi drivers’ passengers finding strategies. Waiting time follows a Gamma 

distribution: Pr(𝑊)~Gamma(𝑘𝑛𝑡 , 𝜃𝑛𝑡)  of location n, and dependent on time t. As 

discussed above the equation (6.30) already embeds demand and competition. A taxi 

driver does not experience the real demand and competition. All that a driver is 

experiencing is the waiting time 𝑊𝑖𝑛𝑡 and the number of visits 𝐼, where 𝑖 denotes the 

𝑖th visit of location n.   

Parameters 𝑘𝑖𝑛𝑡  and 𝜃𝑖𝑛𝑡 are updated in the learning process. Prior of parameters 

is required in a Bayesian update theory. Using a conjugate prior is a common practice 

when choose a proper prior. A conjugate prior means the prior distribution and the 

posterior distribution have the same mathematical formulation. It ensures posterior of a 

current update is the prior of a next update. Under Bayesian updating theory, the prior 

of 𝜃𝑛𝑡 follows a Gamma distribution (Fink, 1997): 

 𝜃𝑛𝑡
𝑝𝑟𝑖𝑜𝑟

~𝐺𝑎𝑚𝑚𝑎(𝑎, 𝑏) =
𝑏𝑎

𝛤(𝑎)
𝜃𝑛𝑡

𝑎−1𝑒−𝑏𝜃𝑛𝑡 (6.44) 

where 𝑎 is the shape parameter of equation (6.44), and 𝑏 is the rate parameter of the 

equation (6.44). The larger the rate parameter 𝜃𝑛𝑡
𝑝𝑟𝑖𝑜𝑟

, the less waiting time to meet 

passengers. The parameters values of 𝑎 and 𝑏 usually reflect an arbitrary guess. We 
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assume that taxi drivers’ belief that the passenger generation rate of all locations 

initially is from the same distribution.  

The prior of 𝜃𝑛𝑡  has a Gamma distribution 𝜃𝑛𝑡
𝑝𝑟𝑖𝑜𝑟

~𝐺𝑎𝑚𝑚𝑎(𝑎, 𝑏) , according to 

equation (6.41) the posterior of 𝜃𝑛𝑡 is: 

𝑝(𝜃𝑛𝑡|𝑊) =
𝑝(𝜃𝑛𝑡)𝐿(𝑊|𝜃𝑛𝑡）

𝐿(𝑊)

=

𝑏𝑎

𝛤(𝑎)
𝜃𝑛𝑡

𝑎−1𝑒−𝑏𝜃𝑛𝑡 (
𝜃𝑛𝑡
𝑘𝑛𝑡

𝛤(𝑘𝑛𝑡)
)

𝐼

(∏ 𝑊𝑖𝑛
𝐼
𝑖=1 )𝑘𝑛𝑡−1𝑒−𝜃𝑛𝑡(∑ 𝑊𝑖𝑛)

𝐼
𝑖=1

∫
𝑏𝑎

𝛤(𝑎)
𝜃𝑛𝑡

𝑎−1𝑒−𝑏𝜃𝑛𝑡 (
𝜃𝑛𝑡
𝑘𝑛𝑡

𝛤(𝑘𝑛𝑡)
)

𝐼

(∏ 𝑊𝑖𝑛
𝐼
𝑖=1 )𝑘𝑛𝑡−1𝑒−𝜃𝑛𝑡(∑ 𝑊𝑖𝑛)

𝐼
𝑖=1 𝑑𝜃𝑛𝑡

=
𝜃𝑛𝑡

𝑎+𝑘𝑛𝑡𝐼−1𝑒−𝜃𝑛𝑡(𝑏+∑ 𝑊𝑖𝑛)
𝐼
𝑖=1

𝛤(𝑎 + 𝑘𝑛𝑡𝐼)

(𝑏 + ∑ 𝑊𝑖𝑛)
𝐼
𝑖=1

𝑎+𝑘𝑛𝑡𝐼

=
(𝑏 + ∑ 𝑊𝑖𝑛)

𝐼
𝑖=1

𝑎+𝑘𝑛𝑡𝐼

𝛤(𝑎 + 𝑘𝑛𝑡𝐼)
𝜃𝑛𝑡

𝑎+𝑘𝑛𝑡𝐼−1𝑒−𝜃𝑛𝑡(𝑏+∑ 𝑊𝑖𝑛)
𝐼
𝑖=1  

(6.45) 

It shows posterior of 𝜃𝑛𝑡 is also Gamma distributed:  

 
𝜃𝑛𝑡
𝑢𝑝𝑑𝑎𝑡𝑒𝑑

~𝐺𝑎𝑚𝑚𝑎(𝑎 + 𝑘𝑛𝑡𝐼, 𝑏 +∑𝑊𝑖𝑛𝑡)

𝐼

𝑖=1

 (6.46) 

The parameters (𝑎, 𝑏)  from the prior of 𝜃𝑛𝑡  are updated according to 𝑎′ = 𝑎 + 𝑘𝑛𝑡𝐼 , 

𝑏′ = 𝑏 + ∑ 𝑊𝑖𝑛𝑡
𝐼
𝑖=1 .  

The shape parameter 𝑘𝑛𝑡 is given when 𝜃𝑛𝑡 is seen as a known parameter. The 

prior belief about 𝑘𝑛𝑡 is: 

 
𝑘𝑛𝑡
𝑝𝑟𝑖𝑜𝑟

~
𝐴𝑘𝑛𝑡−1𝜃𝑛𝑡

−𝑘𝑛𝑡𝐶

𝛤(𝑘𝑛𝑡)
𝐵  (6.47) 

At the beginning a new taxi driver is assumed to be optimistic, that he/she is ignorant 

of taxi competitions. The shape parameter 𝑘𝑛𝑡  is to be updated in learning process. 

When a taxi driver realizes the necessity to expect competitions, the subjective belief on 

waiting time is updated to a new gamma distribution. The posterior of 𝑘𝑛𝑡 is given by: 

 
𝑘𝑛𝑡
𝑢𝑝𝑑𝑎𝑡𝑒

~
𝐴𝑘𝑛𝑡−1𝜃𝑛𝑡

𝑘𝑛𝑡𝐶

𝛤(𝑘𝑛𝑡)
𝐵

(
𝜃𝑛𝑡
𝑘𝑛𝑡

𝛤(𝑘𝑛𝑡)
)

𝐼

(∏𝑊𝑖𝑛

𝐼

𝑛=1

)

𝑘𝑛𝑡−1

=
(𝐴∏ 𝑊𝑖𝑛)

𝐼
𝑖=1

𝑘𝑛𝑡−1 𝜃𝑛𝑡
−𝑘𝑛𝑡(𝐶+𝐼)

𝛤(𝑘𝑛𝑡)
(𝐵+𝐼)

 (6.48) 

The parameters (𝐴, 𝐵, 𝐶) from the prior of 𝑘𝑛𝑡 are updated by 𝐴′ = 𝐴∏ 𝑊𝑖𝑛𝑡
𝐼
𝑖=1 , 𝐵′ = 𝐵 +

𝐼, 𝐶′ = 𝐶 + 𝐼. After updating (𝑘𝑛𝑡 , 𝜃𝑛𝑡) a driver has a new updated belief on waiting time 

distribution.  
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6.6.3 Travel distance learning 

Passenger travel distance follows a Pareto distribution: 𝑝(𝑑𝑛𝑡) =
𝛼𝑛𝑡𝑑𝑚

𝛼𝑛𝑡

𝑑𝑛𝑡
𝛼𝑛𝑡+1 . The update of 

the shape parameter 𝛼𝑛𝑡 is:  

 
𝑝(𝛼𝑛𝑡|𝑑) =

𝛼𝑛𝑡
𝐼 𝑑𝑚

𝐼𝛼𝑛𝑡

∏ 𝑑𝑖𝑛𝑡
𝐼
𝑖−1

 (6.49) 

Equation (6.49) is proportional to a gamma distribution. Thus, the prior of 𝛼𝑛𝑡 follows  

 𝛼𝑛𝑡
𝑝𝑟𝑖𝑜𝑟

~𝐺𝑎𝑚𝑚𝑎(𝜑, 𝜓) =
𝜓𝜑

𝛤(𝜑)
𝛼𝑛𝑡

𝜑−1𝑒−𝜓𝛼𝑛𝑡 (6.50) 

and the posterior of 𝛼𝑖 also follows a Gamma distribution (Fink, 1997): 

 
𝛼𝑛
𝑝𝑜𝑠𝑡

~𝐺𝑎𝑚𝑚𝑎(𝜑 + 𝐼, 𝜓 +∑ln
𝑑𝑖𝑛𝑡
𝑑𝑚

𝐼

𝑖=1

) 
(6.51) 

where 𝐼 is number of visits of location 𝑛, and 𝑑𝑖𝑛𝑡 is the experienced travel distance.  

6.7 Delivering Passengers 

When picking up a passenger, a driver considers to choose a best delivery route. Ideally 

the route choice should consider several components that affect the utility of the choice, 

and a proper decision mechanism, like any route choice model (Tang et al., 2016). This 

study does not intend to develop a perfect route choice model. Rather, drivers are also 

assumed to make strategic decisions. Taxi drivers have three strategies to choose a 

delivery route: a minimum distance route, a minimum travel time route, and a minimum 

cost route.  

A strategy defines a route. A minimum distance route has a shortest distance: 

min [�̌�𝑣�̈�𝑡]. A minimum travel time route is the fastest one: min [�̌�𝑣�̈�𝑡]. A minimum cost 

route is one with the least travel cost: min [�̌�𝑣�̈�𝑡]. Travel cost of a route consists of 

distance based fuel cost and tolls. Thus a minimum distance route is not always a 

minimum cost route if any toll locates on the route. The reward of a delivery route is: 

 �̌�𝑣�̈�𝑡 = 𝜏�̌�(∆�̌�𝑣�̈�𝑡) − �̌�𝑣�̈�𝑡 (6.52) 

where �̌�(∆𝑇𝑣�̈�𝑡) is the potential reward with saved time ∆𝑇𝑣�̈�𝑡, �̌�𝑣�̈�𝑡 is the travel cost of 

strategy �̈�, and 𝜏 is the weight of potential reward. A usage of �̈� differentiates a delivery 

strategy from a passenger finding strategy 𝑠. Different delivery routes have different 

travel time and monetary cost. When choosing a delivery route, a driver makes trade-

off between saving monetary costs and saving time. A driver saves time by choosing a 
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minimum travel time strategy. It provides more opportunities to find passengers within 

the saved time. The saved time is the difference between the chosen route and the 

slowest route: ∆�̌�𝑣�̈�𝑡 = max�̈�′[�̌�𝑣�̈�′𝑡] − �̌�𝑣�̈�𝑡. Knowing how much time a driver can save by 

route �̈�, a driver evaluates the reward he can gain within the time ∆�̌�𝑣�̈�𝑡. The reward 

refers to the equation (6.6) that �̌�𝑣𝑠 � = 𝜋(�̌�𝑣𝑠𝑡)�̌�𝑣𝑠𝑡 + 𝜔�̌�𝑣𝑠𝑡, �̌�(∆�̌�𝑣𝑠𝑡) is the reward that 

a driver can get within the time horizon ∆�̌�𝑣𝑠𝑡 . According to this definition, the 

opportunity cost of time is converted into potential reward. A driver considers the 

potential reward and the travel cost at the same time to choose a delivery route. An 

argument is that driver may not equally weight the potential reward and the travel cost. 

A weighting parameter 𝜏 is applied to the potential reward. It is to be estimated from 

empirical data. The estimation is discussed in the next chapter. 

This section proposes a model of a delivery route choice. It is not a perfect route 

choice model in the sense that a driver is assumed to choose a strategy. A strategy 

defines a delivery route. The current model of route choice has limitations. In fact 

drivers are facing a complex environment when choosing a delivery route. Other factors 

can be incorporated into the reward function. An error term is used to capture these 

factors. Moreover, different routes may be overlapping, sharing the same links (road 

sections). The correlation in rewards of minimum distance/time/cost routes raises a 

challenge of defining a decision mechanism. These issues are temporarily ignored in the 

current version of the model. The purpose of this study is to develop a model of taxi 

flows. Considering taxis have vacant and occupied states, taxi flows have different 

underlying behavioral mechanisms. Vacant taxi flows refer to passenger-finding 

behavior of taxi drivers. Vacant taxi trips do not have determined destinations. In this 

sense it differs from regular trips. Occupied taxi flows are mostly determined by 

passengers since they decide their origins and destinations. Although taxi drivers decide 

on delivery routes, basic assumptions of route choice are similar to regular trips in 

terms of saving time, money, etc. One significant difference is that drivers treat saved 

time as a potential reward. The model is elaborated on this mechanism. A complete 

model of delivery route choices is beyond the interest of this study.  
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7 

Estimation 

7.1 Introduction 

To understand taxi drivers’ decision making in an uncertain environment, a model of 

taxi drivers’ behavior has been discussed in the previous chapter. In the reward function 

Eq. (6.6) several unknown parameters need to be estimated. The model proposes 

different passenger-finding strategies. According to the model a taxi driver chooses a 

strategy with highest reward from a choice set. The estimation is based on empirical 

data of taxi GPS trajectories. Taxi drivers’ real choices are revealed in the data. With 

revealed strategies, unknown parameters can be estimated.  

The model of choosing a delivery route, Eq. (6.52), also has a parameter to 

estimate. This model relates to the reward function. A driver uses the same parameters 

in the reward function. When a driver considers the reward that he can gain from the 

saved travel time, he evaluates it from the past experience since the beliefs are 

consistent. In other words, a driver can evaluate the potential reward after he knows 

the reward in a vacant status. An argument is that a driver may not equally weight the 

potential reward and the delivery cost. A weighting parameter to the potential is then 

applied. It is to be estimated from observed data. Since the potential reward has the 

same function as the one used for finding a passenger, the potential weight is 

estimated after knowing the parameters of the reward function.  

7.2 Strategy identification 

The model assumes that taxi drivers have 5 different strategies when finding 

passengers: random search, maximum anticipated pick-up probability search, maximum 

anticipated revenue search, waiting and going to a destination. The actual strategy that 

a driver chose is not directly given in the dataset. It means that we had to identify 

strategies from the GPS sample data. Strategies of waiting and going to a destination 

were identified first because these trajectories have specific movement patterns. After 

that, search strategies were identified. 
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 Waiting strategies were GPS records staying at the same location between 

dropping off a passenger and picking up a new passenger. 2403 (10.0%) trips were 

identified as waiting, with a speed threshold of < 5km/hr. Going to a destination trips 

were identified by calculating the fastest trips between all origins and destinations, 

based on the speed limits. This travel time was compared with the actual travel time of 

the trip. Some observed trips were even faster than the theoretically fastest time 

because they were driving faster than the speed limit. In this way, 312 (1.3%) trips 

were identified as going to destinations. Moreover, 7406 trips were very short trips. 

Taxis of these trips visited less than 2 nodes within a very short time. These taxis 

quickly picked up new passengers after dropping of previous passengers. Small time 

intervals between two pick-ups were ignored. These trips were assumed to be two 

continuous pick-up trips, and removed from the data. Finally, 13833 (55.7%) trips were 

search trips, which are to be identifies into three classes. 

There are three reasons for classifying search behavior into three classes 

(random search, maximum pick up probability and maximum collected fare). The first 

reason is related to our interest to use information value as part of the reward function 

Eq. (6.6). The concept of information value implies that for drivers with less experience, 

the information value for the first trip needs to have an arbitrary large value compared 

to the experienced drivers. A fundamental challenge here is that we do and cannot 

know from the GPS trajectory data the beliefs that taxi drivers hold about their 

environment. Of course, we can estimate the model parameters from the observed 

trajectories, but these parameters will reflect the unknown distributions of beliefs. It 

implies that the validity of these estimated parameters may be quite limited and that it 

does not make much sense applying these parameters in planning application studies.  

 Ideally, we should be able to separate drivers with different subjective beliefs 

because our conceptual model asserts that taxi drivers learn as they made trips. 

Consequently, over time their beliefs about decision outcomes are updated and 

gradually approximate real-world probability distributions, given stationary conditions. 

Based on this postulate, the estimation of the reward function was based on the 

following reasoning. Considering Eq. (6.6), we know that a driver receives a higher 

information value from a random search strategy and higher monetary reward from 

maximum anticipated pick-up probability, and maximum anticipated revenue strategies. 

It means if a random search is observed, a driver was assumed not to be familiar with 

the environment. Therefore, we assumed the information value of a random search was 

set to 1 and 0 for all other search strategies. Secondly, as will be discussed in section 
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7.3 (choice set generation), defining search strategies facilitates the generation of 

choice sets in the large network system. Lastly, classifying the search patterns enables 

us measure the goodness of fit of the estimated model at more aggregate  levels 

comparing the observed search strategies and the estimated ones.  

The suggested approach then depends on identifying random search patterns 

from the GPS trajectories. We considered two approaches. One approach is to examine 

spatial movement patterns from trajectories. A regular movement pattern is unlikely a 

random search. However, it has been realized it would be very arbitrary to classify 

spatial movements of taxis emerging from GPS record as regular or irregular. Therefore, 

we considered a second approach.  

Consider the current location 𝑛0 of a taxi, where a search trip begins. When a 

taxi starts to search from location 𝑛0, the given time horizon defines the potential area 

of the trip. The potential area 𝛺 is roughly a circle with location 𝑛0 as the center and 

the maximum travel distance as the radius. Every location in the potential area can be 

visited. The actual visited nodes of a search trip are a subset of the nodes in the 

potential area. Suppose potential area 𝛺  has 𝑀 (𝑀 > 𝑁)  nodes so that 

𝛺 = {𝜔1, 𝜔2, … , 𝜔𝑀 , } . Samples of observed nodes are subsets of the potential area: 

ℕ𝑟 ⊂ 𝛺. Attributes of a potential area are 𝑷𝛺 = {𝑝𝜔|𝜔 ∈ 𝛺}, and 𝑭Ω = {𝑓𝜔|𝜔 ∈ 𝛺}. 

It is to be examined whether the observations are a random sample of potential 

area Ω. If it is a random sample, the trip is identified as a random search. The null 

hypothesis is defined as 𝐻0: observations are a random sample of 𝛺. Specifically, 𝒑ℕ is 

a random sample of 𝑷𝛺, 𝒇ℕ is a random sample of 𝑭𝛺 (𝒑ℕ ⊂ 𝑷𝛺, 𝒇ℕ ⊂ 𝑭𝛺). According to 

the central limit theorem, the average of random variables drawn from a population 

follows a normal distribution. Denote the mathematical expectation of 𝑷𝛺,and 𝑭𝛺 , as 

𝐸(𝑷𝛺), and 𝐸(𝑭𝛺), and the variance as 𝑉(𝑷𝛺)and 𝑉(𝑭𝛺) respectively. We can calculate 

the result: 

 𝐸(𝑷𝛺) = 𝜇𝑃, 𝐸(𝑭𝛺) = 𝜇𝐹 , 𝑉(𝑷𝛺) = 𝜎𝑃
2, 𝑉(𝑭𝛺) = 𝜎𝐹

2 (7.1) 

According to the central limit theorem, the averages 𝐸(𝒑ℕ) and 𝐸(𝒇ℕ) follow normal 

distributions. Let 𝑥𝑝 = √𝑁(𝐸(𝒑ℕ ) − 𝜇𝑃), 𝑥𝑓 = √𝑁(𝐸(𝒇ℕ ) − 𝜇𝐹). The probability density 

functions of 𝑥𝑝 and 𝑥𝑓 are given by: 

 Pr(𝑥𝑝) =
1

√2𝜎𝑃
2𝜋
exp (−

𝑥𝑝
2

2𝜎𝑃
2) (7.2) 
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 Pr(𝑥𝑓) =
1

√2𝜎𝐹
2𝜋
exp (−

𝑥𝑓
2

2𝜎𝐹
2) (7.3) 

The p-value examines the probability of an observed trip is the result from a random 

search. The observed 𝐸(𝒑ℕ) and 𝐸(𝒇ℕ) should fall within a range if the observation is a 

random search. When the probability of a result is equal to or more extreme than the 

observation is very low (0.05) under the null hypothesis, we would say the hypothesis is 

wrong. Accordingly the null hypothesis is rejected at the 0.05 probability level, the 

observed trip is not a random strategy. The hypothesis is tested at a right tail: Pr(𝑋 ≥

𝑥|𝐻0) ≤ 0.05.  

The proposed method reveals the underlying search strategy of an observed trip. 

A trip is identified as a random search only if all three hypotheses cannot be rejected. A 

maximum success strategy is identified when the hypothesis of 𝐸(𝒑ℕ) is rejected. It 

means the observed 𝐸(𝒑ℕ) is considered not the result of a random search. A maximum 

revenue strategy is identified when the hypothesis of 𝐸(𝒇ℕ) is rejected. It may happen 

that two or three hypotheses are rejected. In this case, more than one strategy can be 

assigned to an observed trip. It is not fully convincing to arbitrarily choose a strategy 

from the rejected hypotheses. Rather, we assign these strategies with probabilities. An 

expectation-maximization (EM) algorithm finds the proportion and estimates parameters 

in the model. The EM algorithm is discussed in section 7.4. 

7.3 Choice set generation 

An individual driver’s actual strategy is a result of a choice from alternative strategies. 

An observed strategy is assumed to be the best choice from the choice set, consisting 

of several potential strategies. Starting from an initial location, a driver actually has a 

large number of potential trips/nodes to search/visit. Finding all possible trips/nodes 

and putting them into the choice set is mathematically difficult and behaviorally 

unrealistic. Alternatively, it is possible to find the best trip for a particular search 

strategy and a best node for a going to a destination strategy. With a waiting strategy, 

there are five strategies together. These five generated strategies constitute the choice 

set 𝐶𝑣 used in the estimation.  
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7.4 Method 

7.4.1 Reward function estimation 

An observed trip has a revealed strategy, and the revealed strategy is the best choice 

among the generated choice set. The overall reward of the observed trip �̌�𝑣𝑟 is known 

given the information value of the observed trip. The �̌�𝑣𝑟′  of alternative trips are 

calculated since they are not directly given in the data. In this way, the overall rewards 

of an observed trip and alternative trips are all known. The overall reward function is 

formulated as:  

 �̌�𝑣𝑠𝑡 = 𝜋(𝑃𝑣𝑠𝑡)�̌�𝑣𝑠𝑡 +𝜔�̌�𝑣𝑠𝑡 (7.4) 

Parameters 𝑤, 𝛾, and 𝜆 are unknown and need to be estimated. We assume that taxi 

drivers demonstrate probabilistic choice behavior. The probability of choosing a search 

strategy is proportional to its anticipated reward (Luce, 1959): 

 Pr𝑣 (𝑠) =
�̌�𝑣𝑠𝑡

∑ �̌�𝑣𝑠′𝑡𝑠′∈𝐶𝑣

 (7.5) 

We assumed that the reward function is deterministic, but that taxi drivers exhibit 

probabilistic behavior because of the uncertainty in their beliefs. This means that given 

the same reward function, on different choice occasions they make different choices. 

Following Luce choice axiom, the probability of choosing a search strategy is 

proportional to its anticipated reward. The likelihood function for the choice model is:

  

 𝐿 =∏∏Pr𝑣(𝑠)
𝑦𝑣𝑠

𝑠∈𝐶𝑣𝑣

,       𝑦𝑣𝑠 = {
1  strategy 𝑠 is observed

0      otherwise
 (7.6) 

Parameters are estimated by maximizing the likelihood function Eq(7.6). For an 

observed trip 𝑦𝑣𝑟 = 1 for a revealed strategy 𝑟 , and 𝑦𝑣𝑟 = 0  otherwise. An individual 

driver is assumed to make decisions independently. The maximum likelihood estimator 

is the product over all drivers’ choices probabilities. The logarithm of the likelihood is 

maximized:  

 𝐿𝐿 =∑∑ 𝑦𝑣𝑠 log [Pr𝑣(𝑠)]

𝑠∈𝐶𝑣𝑣

, 𝑦𝑣𝑠 = {
1  strategy 𝑠 is revealed

0      otherwise
 (7.7) 

Because of the response surface, and the limited number of parameters, a 

multidimensional grid search algorithm was used to estimate the parameters. Searching 

the 3-dimensional space of {𝑤, 𝛾, 𝜆} the maximum of the log-likelihood expressed in Eq. 

(7.7) gives the estimation result. A limitation of this approach is that that an observed 
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trip may reflect different strategies. Thus, 𝑦𝑣𝑠 is no longer a binary value of 0 or 1, but a 

probability between 0 and 1. Let 𝐶𝑣
′ be the revealed strategies from choice set 𝐶𝑣

′ ⊂ 𝐶𝑣, 

and let each strategy 𝑠  have a certain probability to be the revealed strategy, 

manifested in the observed GPS record: 

 𝑦𝑣𝑠 = 𝜗𝑠 (0 ≤ 𝜗𝑠 ≤ 1), ∑ 𝜗𝑠 = 1 

𝑠∈𝐶𝑣
′

 
(7.8) 

An expectation-maximization (EM) algorithm was applied to find the maximum 

likelihood with unobserved 𝜗𝑠 . It proceeds iteratively with an expectation step and a 

maximization step. The expectation step is the expected value of the log-likelihood 

function, conditional on 𝜗𝑠: 

 𝐸(𝜗𝑠) =∑ ∑ 𝜗𝑠 log [Pr𝑣(𝑠)]

𝑠∈𝐶𝑣
′ 𝑣

 
(7.9) 

The maximization step is to find the maximum log-likelihood by searching the 3-

dimensional parameter space {𝑤, 𝛾, 𝜆}: 

 
(𝑤, 𝛾, 𝜆|𝜗𝑠) = max{∑ ∑ 𝜗𝑠 log [Pr𝑣(𝑠)]

𝑠∈𝐶𝑣
′ 𝑣

} (7.10) 

After the maximization step, parameters {𝑤, 𝛾, 𝜆} are estimated. Substituting parameters 

values into the reward function Eq. (7.7), the number of strategies across all trips is 

predicted. 𝜗𝑠 is updated proportionally to the predicted number of strategy 𝑠. Then, the 

process goes back to the expectation step (Eq. (7.9)) and continues iteratively until 𝜗𝑠 

converges.  

7.4.2 Route choice estimation 

When choosing a delivery route, a driver has three strategies: minimum distance, 

minimum travel time and minimum cost. An observed delivery route has a strategy. The 

strategy of an observed route can be easily identified. The distance, travel time and 

cost of an observed route are compared with the distance in a minimum distance route, 

the travel time in a minimum travel time route, and the cost in a minimum cost route. 

The closest comparison defines the strategy of a delivery route. In the study area there 

is only 1 toll, which is on the highway. It means that a driver has three strategies only 

when delivering a passenger from or to the airport. From the GPS data there are 222 

delivery routes from/to the airport, in which 91 are minimum distance route, 37 are 

minimum travel time routes and 94 are minimum cost routes. The route utility function 

is: 
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 𝑈𝑣𝑠𝑡 = 𝜏�̌�(∆𝑇𝑣𝑠𝑡) − �̌�𝑣𝑠𝑡 (7.11) 

where 𝜏  is to be estimated. The probability of choosing a delivery strategy is 

proportional to its utility (Luce, 1959): 

 Pr𝑣 (�̈�) =
�̌�𝑣�̈�𝑡

∑ �̌�𝑣�̈�′𝑡�̈�′∈𝐶𝑣

 (7.12) 

The likelihood function for the choice model is:  

 𝐿 =∏∏Pr𝑣(�̈�)
𝑦𝑣�̈�

�̈�∈𝐶𝑣𝑣

,       𝑦𝑣�̈� = {
1  strategy �̈� is observed

0      otherwise
 (7.13) 

The logarithm of the likelihood is maximized:  

 𝐿𝐿 =∑∑ 𝑦𝑣�̈� log [Pr𝑣(�̈�)]

�̈�∈𝐶𝑣𝑣

, 𝑦𝑣�̈� = {
1  strategy �̈� is revealed

0      otherwise
 (7.14) 

Searching the space of 𝜏, a maximum 𝐿𝐿 estimates the parameter. 

7.5 Results 

 

 

Figure 7.1 Probability weighting functions 
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Table 7.1 Estimated parameters 

 
Iteration 𝒘 𝜸 𝝀 𝝑 Log-likelihood 

Linear 1 0.05 - - 0.500 -21928 

 2 0.05 - - 0.657 -21673 

 3 0.05 - - 0.657 -21673 

 4 0.05 - - 0.657 -21673 

 5 0.05 - - 0.657 -21673 

Tversky-Kahneman 1 0.05 1 - 0.500 -21928 

 
2 0.05 1.25 - 0.657 -21662 

 
3 0.05 1.25 - 0.719 -21525 

 
4 0.05 1.25 - 0.719 -21525 

  5 0.05 1.25 - 0.719 -21525 

Wu-Gunzalez 1 0.05 1 2.75 0.500 -21711 

 
2 0.05 1 2.25 0.682 -21427 

 
3 0.05 1 2.25 0.686 -21423 

 
4 0.05 1 2.25 0.686 -21423 

  5 0.05 1 2.25 0.686 -21423 

Prelec II 1 0.05 1.25 0.75 0.500 -21764 

 
2 0.05 1.25 0.75 0.657 -21549 

 
3 0.05 1.25 0.75 0.657 -21549 

 
4 0.05 1.25 0.75 0.657 -21549 

  5 0.05 1.25 0.75 0.657 -21549 

Goldstein-Einhorn 1 0.05 1.25 2.25 0.500 -21716 

 
2 0.05 1.5 2.5 0.657 -21485 

 
3 0.05 1.5 2.25 0.694 -21425 

 
4 0.05 1.5 2.25 0.705 -21406 

  5 0.05 1.5 2.25 0.705 -21406 

 

Table 7.1 shows the estimation results for the different probability weighting functions. 

𝜗 is on the maximum pick-up probability strategy, and maximum revenue strategy has a 

probability of 1-  𝜗 . A linear function is used for comparison. The linear probability 

weighting function, implying neutral optimistic/pessimistic attitudes, has the worst 

predictive power. It confirms taxi drivers do have optimistic/pessimistic attitudes under 

uncertainty. Among the probability weighting functions, Goldstein and Einhorn function 

has the best fitness. Functions from Goldstein & Einhorn, Wu & Gonzalez, and Prelec II 

reveal optimistic attitude. Curves of these functions are mostly above the linear curve.  
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Figure 7.2 Estimation on the weight of potential reward 

 

The function of Tversky and Kahneman reflects a pessimistic attitude over low reward 

and optimistic over high reward, but it performs worse than other three functions.  

Estimation of attitude functions shows that taxi drivers are generally optimistic to 

uncertain outcomes. They overweight a choice with a better anticipated reward when 

finding for passengers.  

The estimation result of the potential reward weight is shown in Figure 7.2. Its 

estimated value is 𝜏 = 0.025. It implies that drivers value less the potential reward. The 

result is consistent with the fact that minimum travel cost routes are the least chosen 

ones (16.7%).  

7.6 Summary 

This section introduced the model estimation. Taxi drivers make decisions to find/deliver 

passengers. Their decisions are assumed to be strategic, that they choose a strategy 

and the chosen strategy defines an action. Each alternative strategy has a reward. The 

reward functions of passenger finding and delivering behavior are both deterministic. 

Since the rewards are from their subjective perceptions, taxi drivers make probabilistic 
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decisions to cope with the uncertainty in their beliefs. Decisions are made by a Luce 

function, that the choice of a strategy is proportional to the subjective reward.  

The models have parameters to be estimated. The passenger-finding model has 

an information weight parameter and optimistic/pessimistic attitude parameters, and 

the passenger-delivery model has a weight parameter of potential rewards. The 

estimations were based on observations in taxi GPS data. After identifying chosen 

strategies of taxi drivers, parameters were estimated by a maximum likelihood method. 

The results showed that taxi drivers have optimistic attitude to uncertain outcomes in 

passenger finding behavior, and weigh less on potential rewards in passenger delivering 

behavior.  

A basic assumption of this study is that taxi drivers make strategic decisions. It 

implies that an actual choice is not directly given in the observations. Specifically, GPS 

data provide records of taxis spatial trajectories. The decision making process is not 

included in the data. It arises a challenge of detecting an actual strategic choice. Ideally 

a set of historical panel data is a convincing truth to show the process of learning and 

updating in taxi drivers. The lack of panel data means assumptions should be made. As 

a second best approach, this study proposed a strategy identifying method. The 

assumption is that the subjective reward differs by new/experienced drivers. New 

drivers exhibit randomness in passenger-finding behavior, while experienced drivers 

tend to maximize their monetary rewards. We admit the assumption is not perfect but it 

is defendable.  

The decision mechanism is a Luce function. The probability of choosing a 

strategy is proportional to its rewards. An argument is whether the choice model is 

superior to other models, e.g. a deterministic model, a logit model, or a regret model. 

The essential consideration of selecting a decision rule is that it should be theoretically 

consistent with the model. To cope with the high uncertainty in urban environments, 

the model assumes that decisions are made according to beliefs, which are subjective 

probability distributions of attributes. If drivers are assumed to be neutral to an 

uncertain outcome, the reward is the expectation of the subjective probability 

distribution.  However, the neutral attitude is difficult to defend. Borrowing the idea 

from the prospect theory, the model introduces a probability weighting function to 

reflect drivers’ optimistic/pessimistic attitudes to uncertain outcomes. In the prospect 

theory, the reward/utility is deterministic. Although some works applied the prospect 

theory to a logit model (Schwanen & Ettema, 2009), it was argued that the mechanism 

in a logit model is not consistent with the prospect theory (Timmermans, 2010). 
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Considering the consistency to the probability weighting function, the reward function in 

this model does not introduce an error term. Thus it is deterministic. The usage of a 

deterministic reward function implies that drivers make deterministic decisions. In 

uncertain environment it is unrealistic to assume drivers to make deterministic 

decisions. A main reason is that driver beliefs are uncertain. With this consideration the 

decision rule of this model is that the probability of choosing a strategy is proportional 

to its reward. Indeed other decision rules are potentially applicable. A better decision 

rule needs further exploration, particularly it needs sufficient empirical evidences such 

as historical panel data, questionnaire survey, etc. 
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8 

Validation 

8.1 Introduction 

Using the model, the behavior of taxi drivers was simulated to judge the value of the 

model. Key mechanisms of the proposed model need to be tested. First, it should 

effectively serve passenger demand. That is, the number of unserved passengers 

should decrease with time. Second, simulated mobility patterns of taxi drivers should be 

similar as observed patterns. Third, the behavioral mechanism proposed in the model 

should sufficiently capture real world decisions of taxi drivers. Strategic decisions of taxi 

drivers should exhibit the process that they adjust their behavior according to their 

updated beliefs. Specifically, taxi drivers learn from their previous decisions and adjust 

their behavior to better cope with the uncertain demand and behavior of other taxi 

drivers. It also allows drivers to conduct anticipatory behavior that they make decisions 

and take actions ahead of time. A good theoretical model should satisfy three criteria.  

8.2 Settings 

A road network of the Guangzhou city was created. It has 694 nodes. A pool of 720 

taxis was created. According to observations of taxi GPS records, these 720 taxis 

correspond to a 758 observed vehicles and real demand of 30000 passengers on a 

single day. The simulation is a discrete time simulation, in which one iteration 

represents one time step. Each time step represents 2 minutes in real time. The setting 

of real time length in a time interval does not affect the movement patterns of taxis. 

Taxi travel demand was generated as discussed in Chapter 5. A basic assumption is that 

taxi drivers build up subjective beliefs based on their experiences. In the beginning, 

taxis are distributed randomly at 694 nodes. Taxi drivers are completely ignorant and 

therefore uncertain. They hold unique beliefs over all nodes. They need to learn and 

update information about the location and the best strategy for finding passengers 

during the simulation process. Their initial beliefs, represented by priors of their 

subjective probabilistic distributions, are to be set in the simulation. The setting of initial 
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beliefs does not affect much their learning process since initial beliefs can be neglected 

in drivers rich experiences later. The initial belief on pick-up probability in a time interval 

was set to 0.001. If a driver works 8 hours a day, on average he/she picks up 14.4 

passengers. It is consistent with the data that taxi drivers pick up 10 to 20 passengers 

on a single day. The initial belief about travel distance was set at 𝛼𝑛𝑡 = 1.2 in the Pareto 

distribution (𝐵𝑣(𝑑𝑛𝑡) =
𝛼𝑛𝑡𝑑𝑚

𝛼𝑛𝑡

𝑑𝑛
𝛼𝑛𝑡+1

), reflecting an average distance of 3 km The initial belief 

on travel distance is the same for all locations except the airport, where 𝛼𝑛𝑡 = 1.05, 

representing an average distance of 10.5 km. Taxi driver beliefs are sensitive to time. 

Theoretically, subjective beliefs can be different at every different moments of the day. 

It largely increases dimensions of learning – information in different dimensions of 

space and time. Alternatively, a simple assumption is to reduce the time dimension into 

peak hours and non-peak hours. Peak hours are 9:00-23:00, and non-peak hours are 

23:00-9:00. The classification in peak and non-peak hours refers to passenger temporal 

demand (Figure 4.1). Drivers differentiate beliefs in peak hours and non-peak hours. 

Drivers update peak hour information from peak hour experiences, and update non-

peak hour information from non-peak hour experiences.  

In the model a driver chooses a strategy considering a decision horizon. More 

specifically, a driver evaluates the rewards of 5 strategies at the beginning of the 

decision horizon. A decision horizon begins at the start of daily work, of dropping off a 

previous passenger, or at the end of previous decision horizon. A best strategy is 

chosen according to the decision rule. The chosen strategy defines a series of actions 

within the decision horizon. A driver conducts the planned actions, visiting a location or 

a series of locations. When a driver meets a passenger at a location, the  state  of the 

taxi becomes “occupied” and the driver starts to deliver the passenger to a destination. 

When a driver cannot find a passenger within the decision horizon, he makes a new 

decision in a next decision horizon.  

The decision horizon was set at 30 min. A proper decision horizon should allow 

taxi drivers to make flexible and anticipatory decisions. Making flexible decisions does 

not require a long decision horizon. A long decision horizon has the problem of not 

being able to quickly react to a changing environment. On the other hand, anticipatory 

decisions require that a driver foresees a period of the future and takes actions in 

advance. The choice of decision horizon should allow taxi drivers to consider the airport. 

Within 30 minutes, a taxi can arrive at the airport from some (not all) locations in the 

city center. It seem reasonable to assume that the environment is quasi-stationary 

within a 30 minutes time interval. With these considerations, the decision horizon was 
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set to 30 min. All drivers are assumed to use the same decision horizon. It is possible to 

use different horizons for different drivers, but as a first test of the model, we assumed 

it is the same for all drivers. A driver was assumed to conduct the planned actions in a 

decision horizon and not to change strategy.  

Passenger demand varies by location and time as discussed in see Chapter 5. 

Each node has a probability to generate passengers at each time interval. Generated 

passengers at a node are waiting to be served by taxis. When the number of taxis is 

larger than the number of passengers, all passengers are served. Drivers who wait in 

front of the taxis queue first serve passengers. When the number of taxis equals the 

number of waiting passengers, all passengers are served and all taxis pick up a 

passenger. When there are more potential passengers than taxis at a node, passengers 

who come first are served. After picking up a passenger, a taxi delivers the passenger 

to his destination. A driver chooses a shortest/fastest/cheapest route for delivery.  

The simulation was run for 5040 intervals, representing 7 days in real time.  

8.3 Results 

8.3.1 Taxi serving 

This section discusses how well taxis serve passengers in the simulation. A good model 

should successfully serve passenger demand. It is indicated by the number of unserved 

passengers in the simulation. Passengers are generated at each time interval in the 

simulation. When some of passengers are not served by taxis, they become unserved 

passengers at a time interval. The fewer unserved passengers are observed, the better 

the model performs. Ideally, for example, there are zero unserved passengers if all 

passenger demand is served. Figure 8.1 shows the model successfully serves passenger 

demand. The number of unserved passengers rapidly increases during the first two 

days (0-1440 intervals). During the first two days, taxi drivers have little knowledge. 

They do not know how passenger demand is spatially distributed in the city. Thus, they 

cannot successfully find passengers. Notice that the result in the first three days is far 

from the reality. The simulation assumes that all drivers are new to the environment, 

which is quite different from the reality. It is understandable that drivers cannot well 

serve passengers when they have little knowledge of the environment. Beginning from 

the third day, the curve of unserved passengers rapidly drops. After that, passengers 

are well served every day.  After three days of learning, taxi drivers are able to make 
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better decisions to find passengers. The simulation is approaching the reality, in the 

sense that most drivers are familiar with the environment.  

 

Figure 8.1 Number of unserved passengers by time 

 

 

Figure 8.2 Taxi drivers/ strategies over time 
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8.3.2 Choice of strategy 

A taxi driver chooses a strategy to find a passenger given a decision horizon. They 

adapt their strategies according to their updated subjective beliefs. Figure 8.2 shows 

the result. The x-axis indicates the time intervals in the simulation, and the y-axis is the 

total number of taxi drivers who choose a particular strategy during a specified time 

interval. The figure uncovers a general tendency of changing strategic decisions. In 

general, taxi drivers’ choices converge to be stable at the end of the simulation.  

At the start of the simulation, taxi drivers are totally ignorant of the urban 

environment. A random search, which is best for information learning, is mostly 

preferred by taxi drivers. When they are experiencing and learning, drivers are getting 

familiar with nodes and links. The information value of visiting a familiar node/link 

decreases accordingly. A rapid downward trend in random search is then observed. 

Random search is no longer a good strategy to find a passenger when it drops to a 

certain (low) level. It means from that time taxi drivers hold sufficient information to 

make better decisions. It takes three days (2160 intervals) for taxi drivers to become 

experienced drivers in the simulation.  

Driver’ choice of random search is time dependent. They prefer random searches 

during non-peak hours. Different from peak hours when passenger demand 

concentrates in the city center, the spatial distribution of demand is irregular during 

non-peak hours. Demand is randomly generated and sparsely distributed at non-peak 

hours. It is more difficult for taxi drivers to learn under such conditions. Without 

experiencing a sufficient number of pick-ups, they need more random searches to 

update their subjective beliefs.  

The strategy of maximum anticipated pick-up probability search grows gradually 

and finally becomes the most favorite strategy. At the beginning, taxi drivers do not 

know the pick-up probability of each node. This strategy does not provide sufficient 

reward for taxi drivers. With their beliefs getting updated, taxi drivers are learning the 

pick-up probabilities of nodes. The taxi fare structure includes a basic fare. A successful 

pick-up ensures at least a minimum amount of collected fare for a driver. One of 

concerns is whether the pick-up probability is high enough to make this strategy a good 

choice. Passenger demand is uneven distributed in the city. Taxi drivers have their own 

beliefs, which are probably different from driver to driver. They have good chances of 

discovering high pick-up probability locations. Competition from other taxis may not be 

an essential (but still important) consideration since other drivers may hold different 
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beliefs. Thus, drivers tend to choose the maximum pick-up probability strategy more 

frequently when they are becoming experienced.  

The maximum anticipated revenue strategy is taxi drivers’ second most favorite 

strategy. Choice frequency of this strategy grows slightly during the first three days (1-

2160 intervals) and then remains stable. The strategy also has the potential to be a 

good strategy since it maximizes the monetary gain component in the reward function. 

Taxi drivers aim at finding passengers with long travel distances when choosing this  

strategy. Passenger demand and competition are not the primary concerns of drivers. A 

driver is not sure of a successful pick-up. That is why this strategy is not as much 

preferred as the maximum pick-up probability strategy. Taxi drivers prefer this strategy 

at non-peak hours. During non-peak hours, the pick-up probability is relatively low, 

while passenger travel distance is similar or probably even longer than during peak 

hours, considering public transit is not convenient for travelers. Consequently, drivers 

may get a higher reward from the maximum revenue strategy.  

A waiting strategy is not a preferred strategy in general. The choice of this 

strategy shortly grows in the beginning, but from the second day (720 interval) onwards 

it decreases gradually over time. According to this strategy a taxi driver has to stay at 

the current location without visiting other nodes. An advantage of this strategy is that it 

does not incur travel costs. Waiting is therefore more preferred during non-peak hours 

when passenger demand is low. Passenger search would take longer time during non-

peak hours, implying higher travel costs are incurred. In this situation, a waiting 

strategy might be a good choice.  

 

Table 8.1 Taxi drivers strategies 

Strategies Obs. [%] Average Sim. [%] Last day Sim. [%] 

Random search 1018 [6.15] 2703 [18.79] 218 [1.56] 

Max pick-up search 9853 [59.54] 6420 [44.63] 11078 [79.21] 

Max revenue search 2962 [17.90] 3409 [23.70] 1585 [11.31] 

Waiting  2403 [14.52] 1184 [8.23] 845 [6.04] 

Going to a destination 312 [1.88] 670 [4.66] 262 [1.87] 

Total 16548 [100] 14386 [100] 13985 [100] 
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A going to a destination strategy is the least favorite strategy. A taxi driver uses 

this strategy for a targeted destination. It brings in a quick pick-up or a high reward in 

one ride. However, such locations are few in the city, e.g. the railway station, the 

airport. When these locations are beyond some critical point within the decision horizon, 

a taxi driver would like to choose other strategies. When these locations are within the 

range, a taxi driver still needs to consider the competition from other taxis. 

Nevertheless, it is a good strategy in some occasions. This strategy is preferred at peak 

hours. It confirms the behavioral assumption in the model that drivers can react to the 

dynamic environment.  

The chosen strategies in the simulation are compared with empirical evidence. 

The simulation involves 7 days. To compare the results with the one day observations 

from the data, a daily average was calculated. In addition, the last day simulation 

results are shown (Table 8.1). The daily average is the total numbers of selected 

strategies divided by the 7 days. The daily average is affected by the number of 

simulated days. The longer the simulation, the more the average approaches the latest 

status. The result from the last day in the simulation is provided to show the latest 

choices of the taxi drivers.  

The general pattern of the last day simulation shows consistency with 

observations. Going to a destination (1.87%) is quite consistent with observations 

(1.88%). More drivers in the simulation (79.21%) choose maximum pick-up search than 

the observations (59.54% suggest, while random search, maximum revenue search and 

waiting are less simulated. Thus, although the general trends are captured quite well, 

some absolute differences remain. One reason is some behavioral factors/components 

are not considered in the model. For example, in reality some drivers always prefer 

returning to a familiar location and waiting for passengers. They may have preferences 

to familiar environments, or even enjoy the spare time with other drivers. A reason for 

fewer random searches is that drivers are becoming experienced in the simulation. At 

the end of the simulation almost all drivers become quite familiar with the environment. 

It is reasonable to believe there are more new drivers in the observation than in the last 

day of the simulation.  

8.3.3 Mobility pattern 

The mobility pattern can be represented as the probabilistic distribution of taxis’ 

displacement. Travel time distribution is a good representation of displacement. The 

model assumes that drivers make strategic decisions within a decision horizon. One of 
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their considerations is how much time they need to find a passenger. They can either 

choose to quickly find a passenger or take longer travel time to deliver a long distance 

ride. A good choice also depends on their correct perceptions of time. Thus, the travel 

time distribution is a result of their strategic decisions and their beliefs about the 

environment. The consistency of the travel time distribution between the simulation and 

the observation would be a convincing indication that the proposed model is valid. The 

distribution of travel time is shown in Figures 8.3. 

The simulated result has a similar curvature as the observations on the log-log 

scale and semi-log scale (Figures 8.3). In both simulation and observation, the short 

duration trips (<10 min) has a downward curve in log-log plot and a linear curve in 

semi-log plot. Short vacant duration implies that a driver picks up a passenger soon 

after dropping off a previous passenger. It requires a driver to quickly visit a high 

demand location. It is also possible that the drop-off location itself has a high passenger 

demand. A driver needs to make a correct decision of waiting at the location. The 

similar curvature between the simulation and the observation implies that drivers in the 

simulation take similar actions as the reality. The normal duration (10 – 200 min) is 

convex in the log-log plot of the simulation, and linear in the log-log plot of the 

observation. It decays slower than the observations in the normal duration period (10 – 

200 min). It implies drivers take slightly longer time to find passengers in the simulation 

than according to the observations. The difference might be potentially be caused by 

the setting of the decision horizon. The model assumes a fixed decision horizon for all 

taxi drivers. In reality, decision horizons may differ between drivers or a driver may use 

different decision horizons in different environments. It is also possible that drivers get 

information from taxi companies, mobile phone apps or other taxi drivers. These 

external aids reduce drivers vacant travel time. The simulation decays quite similarly in 

the tail part as the observations. The long duration trips (> 200 min) have a cut-off 

effect. When a driver experiences a long duration trip without picking up a passenger, 

he normally takes a break or ends working for that day. The cut-off effect is observed in 

the simulation, which is similar as the observations. In general, the simulated travel 

time distribution has a similar curvature in the head and tail part, but the middle part 

(10 – 200 min) is slightly off the observations. Nevertheless, the general trend in the 

simulation results is quite consistent with the observations. 
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Figure 8.3 Travel time distribution 

8.3.4 Beliefs 

After experiencing outcomes, taxi drivers update their subjective beliefs. Beliefs are 

subjective probability distributions of attributes (initial pick-up probability, waiting time 

and travel distance of passengers). Each time a driver visits a location, he updates his 

beliefs of the location based on the experienced outcome. All drivers have their beliefs 

on all 694 locations. At the beginning of the simulation, all drivers are totally ignorant of 

information of all locations. They hold initial beliefs, which are the same for all locations. 

The setting of initial beliefs was discussed in section 8.2. The simulation program stores 

driver beliefs at each time interval. After processing 5040 time intervals,  all drivers 

have their newly updated beliefs on all locations. Drivers differentiate beliefs by peak 

hours and non-peak hours. This section reports the results of updated beliefs from the 

simulation. 

Taxi drivers have beliefs on initial pick-up probability, waiting time and travel 

distance of passengers. Initial pick-up probability is the probability of immediately 

picking up a passenger at a location. A taxi driver has beliefs of pick-up probabilities 

over all locations. All locations are ranked from highest pick-up probability to lowest 

pick-up probability, which defines a rank-size distribution. A rank-size distribution 

represents how a driver perceives  pick-up probabilities over all locations. All drivers 

have their subjective rank-size distributions of pick-up probabilities of locations. Figure 

8.4 and Figure 8.5 show the results by peak hours and non-peak hours. In figures a 

curve represents a driver’s belief – a rank-size distribution, x-axis is ranks of locations, 

and y-axis is pick-up probability of a location in a driver’s belief. 720 drivers have 720 

curves. Initial belief of pick-up probability was set at 0.01 over all locations. In drivers’ 

beliefs only a small amount of locations have pick-up probabilities over 0.01 (Figure 8.4 
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left). Figure 8.5 rescales the x-axis, which shows that less than 80 locations have pick-

up probabilities over 0.01 among all 694 locations. These high ranking locations are 

good choices for drivers to find passengers in a strategy of a maximum pick-up 

probability search. It implies that drivers tend to frequently visit a few locations. Around 

470 locations have pick-up probability lower than 0.01, and they are not good locations 

to find passengers. Subjective pick-up probabilities at non-peak hours are generally 

lower than pick hours. Less than 40 locations have pick-up probabilities over 0.01 at 

non-peak hours (Figure 8.5).  

Drivers have subjective distributions of waiting time at all locations, which are 

represented by gamma distributions. The expectation of the distribution is the average 

waiting time of a location. Figure 8.6 and Figure 8.7 show subjective average waiting 

time in driver beliefs. All locations are ranked from lowest average waiting time to 

highest, since a driver gets a higher reward from a location with less waiting time. The 

log-log scale of rank-size distributions of waiting time have three segments of curves 

(Figure 8.6 right). Very few locations (less than 10) have short waiting time in driver 

beliefs. These locations are potentially good choices for a waiting strategy. The middle 

segment indicates drivers do not have enough experience to update subjective waiting 

time of these locations. The tail segment implies that most locations have long waiting 

time. Waiting time at non-peak hours is even longer (Figure 8.7). Taxi driver update 

beliefs of waiting time by a mechanism different from initial pick-up probability. When a 

driver visits a location, he updates a belief of an initial pick-up probability regardless of 

picking up or not. In contrast, he needs to stay at a location for a certain period of time 

to experience the waiting time so as to update it. In other words a driver can update an 

initial pick-up probability from all strategies, but only update waiting time from a waiting 

strategy. It explains why drivers have more un-updated locations in terms of waiting 

time than initial pick-up probability. 

Taxi drivers also update beliefs of travel distance of passengers at a location, 

represented by subjective distributions of passenger’s travel distance departing from a 

particular location. An expectation of the distribution is an average travel distance of 

passengers at a location. Taxi drivers have updated beliefs of travel distances at only a 

few number (less than 200) of locations. They do not know travel distance distributions 

of other locations. To update a passenger travel distance distribution, a driver has to 

pick up a passenger. Without a pick-up a driver cannot experience a passenger’s travel 

distance. Because of the limited number of pick-ups, a driver does not have sufficient 

experience to update his belief.   
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a 

Figure 8.4 Subjective pick-up probabilities (peak hours) f 

fa 

 

 

Figure 8.5 Subjective pick-up probabilities (non-peak hours) 

 

Figure 8.6 Subjective average waiting time (peak hours) 
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Figure 8.7 Subjective average waiting time (non-peak hours) 

 

Figure 8.8 Subjective average travel distance (peak hours) 

 

Figure 8.9 Subjective average travel distance (non-peak hours) 
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Table 8.2 Comparison of average beliefs and objective distributions 

Attributes 𝑅2 

Initial pick-up probability (peak hours) 0.803 

Initial pick-up probability (non-peak hours) 0.742 

Average waiting time (peak hours) 0.775 

Average waiting time (non-peak hours) 0.532 

Average travel distance of passengers (peak hours) 0.988 

Average travel distance of passengers (non-peak hours) 0.939 

 

Drivers’ subjective beliefs should approach true value after learning. Each location has 

objective distributions of attributes. An individual driver’s beliefs on all locations may not 

by the same as objective distributions, since driver beliefs are quite different between 

each other. Comparison of drivers’ average beliefs and objective distributions is an 

approach to test the learning result. An average belief on a location is defined by the 

mean value of an attribute from all drivers’ beliefs on the location: mean(�̌�𝑣𝑛𝑡) =

∑ �̌�𝑣𝑛𝑡
𝕍
𝑣=1 𝕍⁄ . An objective distribution of a location consists of all outcomes happened at 

the location. In the simulation all drivers have average beliefs on 694 locations, and 

these locations have objective distributions. Average beliefs and objective distributions 

of all locations are compared by an 𝑅2  goodness of fit, including initial pick-up 

probability, average waiting time and average travel distance of passengers, and 

differentiated by peak hours and non-peak hours (Table 8.2). Drivers are well learning 

initial pick-up probability at peak hours (𝑅2 = 0.803). There are sufficient passenger 

demand for drivers to update beliefs at peak hours. The goodness of fit of initial pick-up 

probability is not that high at non-peak hours. Drivers need more experiences to get 

closer beliefs. Drivers’ learning of waiting time is not highly correct but still acceptable. 

Drivers can only learn the waiting time by a waiting strategy. In the simulation a waiting 

strategy is not preferred by taxi drivers. Thus drivers do not have enough experience to 

learn. Moreover, a driver may not insist on waiting at a same location when the waiting 

time is longer than a decision horizon, particularly at non-peak hours. He losses an 

opportunity to experience the actual waiting time. The learning results of passenger 

travel distance, in contrast, are very good. The 𝑅2  of average travel distance of 

passengers at peak hours and non-peak hours are 0.988 and 0.939 respectively. Once a 

driver picks up a passenger, he experiences the travel distance of this passenger. Each 
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successful pick-up contributes to a driver’s belief on passenger travel distance. That is 

why drivers are learning it very well.  

8.3.5 Space-time distributions 

The simulation takes records of trajectories of all taxi movements. Each taxi has a 

space-time trajectory in an occupied status and a vacant status. Trajectories of vacant 

taxis, representing movements of passenger-finding behavior, are good evidence to test 

the performance of the model. For a better visualization, 3-dimensional vacant taxi 

trajectories are collapsed into 2-dimentional spatial-temporal distributions. In each time 

slot (2 hours) the number of vacant taxis at each node is counted. Once a vacant taxi 

visits a node within a time slot, 1 count is added to the node. The count of vacant taxis 

at each node represents the spatial distribution. The spatial-temporal distributions of 

vacant taxis in the simulation are compared with the observations. Figure 8.5 maps the 

spatial temporal distribution of vacant taxis.  

A general pattern in the observations is that vacant taxis are concentrated in the 

city center and few distributed at the city edge. The simulation captures this pattern. 

The observations show a spatial-temporal distribution in which vacant taxis are more 

concentrated in the city center at day-time and sparsely distributed at night. The 

simulation also captures this pattern. It is clearly shown in Figure 8.5. The consistency 

of the distribution patterns is evidence of the validity of the model. 

Beginning from 7 am, vacant taxis are heavily concentrated at inner locations in 

both the observations and simulations. Small differences are that more taxis are 

observed in the west inner location (old town) while more taxis are simulated in the  

east inner locations (new town). This pattern lasts until 1 pm. Beginning from the 

afternoon (1 pm), taxis start to search in a wider range. Some drivers are interested in 

southern locations. It can be seen both in the simulation results and in the observations 

between 13:00-15:00. After 15:00, vacant taxis spread more to northern locations and 

southern locations. The simulation has a similar distributions as the observations at time 

15:00-19:00. When it comes to nighttime, drivers continue searching across the city. In 

the observations, many drivers visit the new town center. However, drivers in the 

simulation do not visit the new town center (19:00-01:00). One of the reasons may be 

that this area attracts many tourists, which we did not, due to a lack of data, include in 

the ambient synthetic population. They take more visits to the eastern suburbs. 

Nevertheless, the simulation has a similar distribution as the observations in the old 

town, southern and northern locations. The time before the daybreak involve non-peak 
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hours. Vacant taxis are distributed sparsely in the city. This pattern in the simulation is 

consistent with the observations. 
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Figure 8.10 Vacant taxis spatial-temporal distribution 
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8.3.6 Anticipatory behavior 

 

 

Figure 8.11 Number of taxis heading for the airport 

 

An airport is a special location in drivers decision making. It is far away from the city 

center, thus it needs a different decision mechanism from regular decisions around the 

city center. The airport is a good illustration to examine the anticipatory behavior. It has 

peak hours of passenger demand, since arrivals of flights fluctuate with time of the day. 

The long travel distance motivates taxi drivers to decide ahead of time. If foreseeing an 

upcoming peak demand, a driver may head for the airport ahead of time so as to meet 

the demand peak sharply on the arrival.  

The simulation runs 2 scenarios: time sensitive (scenario I) and time insensitive 

(scenario II). Scenario I, sensitive to time, differentiates drivers’ subjective beliefs by 

peak hours and non-peak hours. Peak hours are 9:00-23:00, and the remaining time 

period is non-peak hours. It is consistent with passenger demand from GPS records. 

The peak hours and non-peak hours are also applied to the airport. The airport 

generally has peak hours at daytime and non-peak hours at night. Scenario II has no 

time related component. Drivers do not differentiate peak hours and non-peak hours in 

beliefs. Scenario II serves as a comparison to test how well the model responds to 

dynamic changes in the environment. 
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Figure 8.12 Departure locations of airport taxis 

 

Figure 8.11 plots the number of taxis heading for the airport. Heading for the airport 

means a taxi already on the way to the airport. In the first two days (1-1440 time) 

scenario I and II do not show time dependent behavior. After the third day it appears 

time dependent behavior. More drivers go to the airport at peak hours. Scenario I (time 

sensitive) exhibits increasing trend of going to the airport at peak hours. More taxis in 

scenario I go to the airport than scenario II at peak hours. It confirms the model 

successfully captures dynamic behavior in taxi drivers. 

A group of graphs (Figure 8.12) presents dynamic spatial behavior of going to 

the airport. Taxis movement locations in the simulation in scenario I are tracked. When 

a driver makes a new decision he/she may choose to go to the airport. The location 

where a driver decides to go to the airport is shown in Fig. 6. With 20 minutes 
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observation time window departure locations of airport taxis are examined at non-peak 

hour, non-peak hour just before peak hour and peak hour. The airport locates at the 

north end of the road network. Airport peak demand starts from 9:00, and drivers 

decision horizon is 30 min. Time 8:10-8:30 is non-peak hour, 8:30-8:50 is non-peak 

hour just before peak hour, 8:50-9:10 mixes non-peak and peak hour, and 9:10-9:30 is 

peak hour. A general pattern in four graphs is more taxis at northern locations (dark 

color spots) depart for the airport than the city center (dense road network area). At 

time 8:30-8:50, more taxi drivers decided to go to the airport, compared to other time. 

The time 8:30-8:50 is non-peak hour for airport demand, but considering travel time 

taxis would arrive at peak hour when making the decision at this time. The figure 

clearly shows taxi drivers appropriately react to dynamic demand change, and most 

importantly, they make decisions ahead of time.  

The behavioral mechanism of going to the airport is in the reward function. An 

increasing number of taxi drivers going to the airport results from the high reward from 

the airport. The reward of going to the airport depends on the departing location. 

Departing from a close location has higher reward than a distant location. To show the 

evidence of subjective beliefs learning, we illustrate a case that taxi drivers take 20 

minutes travel time and have 10 minutes waiting time at the airport.  

 

Figure 8.13 Taxi drivers subjective reward of the airport 
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Figure 8.13 shows the subjective reward of going to the airport. The curve is an 

average of all taxi drivers subjective reward to the airport. The different reward in peak 

hours and non-peak hours confirms taxi drivers are able to differentiate temporal 

reward. Subjective reward in peak hours is much higher than non-peak hours. The 

model successfully captures the dynamic change in the beliefs. The subjective reward at 

peak hours has a generally increasing trend with some fluctuations. In the first three 

days (1-2160 intervals) taxi drivers subjective reward to the airport is increasing. During 

the three days taxi drivers are learning that the airport is a good location. After the third 

day (2160 interval) the subjective reward stops increasing. With many taxi drivers go to 

the airport, they begin to realize the competition from others. Because of the 

competition the waiting time becomes longer than their expectation. They adjust their 

beliefs and the reward decreases accordingly. The fluctuation in the reward reflects taxi 

drivers’ changing beliefs due to dynamic demand and competition. The learning in non-

peak hours is slower. In the first two days (1-1440 intervals) the reward of the airport is 

extremely low (less than 5). The reward begins to raise at the third day. It is a different 

learning pattern in non-peak hours than peak hours. Low demand at non-peak hours 

increases taxi drivers waiting time. It also makes it difficult to update information of 

passengers travel distance. After the third day the reward grows with time gradually 

with some fluctuations.  

8.4 Summary  

The aim of the simulation is to examine the performance of the theoretical model. It 

was examined from three perspectives that (i) the model effectively serves passenger 

demand; (ii) the simulation is consistent with the observation; and (iii) it captures 

behavioral mechanisms. The results have shown that the proposed model satisfies 

these criteria.  

The initial concern is whether the model can serve passenger demand. 

Passenger demand is from an external source, the synthetic travel demand. Taxi drivers 

passenger-finding behavior is based on the proposed model. The simulation successfully 

served the passenger demand. To be specific, unserved passenger demand decreased 

to a certain level with taxi driver beliefs getting updated. Unserved passenger did not 

reduce to zero, but it is understandable. Passenger demand generation and taxi serving 

passengers happen at the same time. New generated demand cannot be immediately 

served. There is always a mismatch between passenger demand and taxi supply. The 
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model has a good performance as long as the amount of unserved passengers keeps 

stable, otherwise it would increase infinitely with time.  

The simulated results are consistent with the observation. It can be seen from 

three evidences. First, choices on passenger-finding strategies are consistent with the 

observation. The model proposes that taxi drivers conduct strategic behavior to find 

passengers. A general choice pattern in the simulation is similar to the observation. Taxi 

drivers choose strategies which can maximize their rewards. Second, travel time 

distribution is consistent with the observation. Observed vacant travel time follows a 

Pareto distribution with a cut-off. It is not necessary to ensure the simulation has the 

same distribution with the observation. The simulated distribution is similar to the 

observation in terms of decay rate and emergence of the cut-off. Third, spatial-temporal 

distributions of vacant taxis are consistent with the observation. Vacant taxis are more 

distributed at the city center and less distributed at the city edge. Vacant taxis are 

heavily concentrated at the city center at daytime and sparsely distributed over the city 

at night. These simulated patterns are similar with the observation. 

 The behavioral mechanism of the model is also an important criterion to 

examine. Taxi drivers adopt their strategies according to their knowledges in the 

simulation. At the beginning of the simulation, when all drivers are totally ignorant of 

the environment, most of them choose random searches. A random search is a good 

strategy for a new beginner to learn from the environment, since it stimulates drivers to 

discover unfamiliar locations. After a period of learning, drivers are getting experienced. 

They no longer gain sufficient reward from learning. Rather, they tend to choose 

strategies which maximize their monetary gains. Their favorite strategies are a 

maximum pick-up probability search and a maximum revenue search. It validates that 

taxi drivers make strategic decisions according to their beliefs. Drivers’ subjective beliefs 

approach the objective distributions after learning. They learn distance distributions of 

passengers, initial pick-up probabilities and waiting time well. They are learning better 

at peak hours than at non-peak hours. The airport is a location of high passenger 

demand. It is a good illustration to show the changing in driver beliefs. The simulation 

captured that the reward of the airport in driver beliefs rapidly increases after a period 

of learning. Then the subjective reward fluctuates due to the competition from other 

taxis. Taxi drivers also differentiate rewards in peak hours and non-peak hours. These 

evidences confirm the assumption of the learning process in the model. Moreover, the 

anticipatory behavior was also confirmed. Taxi drivers make decisions to go to the 
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airport ahead of the peak hours in the simulation. They take actions ahead of time so as 

to catch up peak demand at the airport.  

These evidences sufficiently prove that the proposed model has a good 

performance. Developed from theoretical conceptions, the model is applicable to the 

prediction of taxi traffic flows. 
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9 

Conclusions and future work 

9.1 Conclusions 

This PhD study reported the formulation of a model of taxi driver behavior. It is a more 

comprehensive model system that includes actions such as searching, waiting, dropping 

off passengers and the decision to transfer to specific destinations such as the airport 

ahead of time to respond to an anticipated future increase in taxi demand at these 

locations. The most important distinguishing feature of the model is its behavioral basis. 

Whereas most existing approaches are based on normative behavior to allow optimal 

solutions, such behavior is quite remote from day-to-day travel behavior of taxi drivers. 

A behavioral model has been therefore formulated in which the dynamics of 

movement patterns are endogenously triggered. The key assumption is that taxi drivers 

have limited information when they start their jobs. As they travel the city, they learn 

from their choices through an assumed Bayesian updating process and build up beliefs 

about uncertain outcomes of their decisions, and uncertain conditions and processes 

affecting their decisions. The uncertainties of pick-up probability, waiting time and 

passenger travel distance are represented by probabilistic distributions. Each taxi driver 

has a subjective belief of probabilistic distributions on each location. The subjective 

distributions are learned from a taxi driver’s past experience. A Bayesian updating 

mechanism captures the learning process, that parameters of probabilistic distributions 

are learned and updated cumulatively from past experience.  

Over time and under stationary conditions, their beliefs about the probability 

distributions of these outcomes ultimately approximate the true probability distributions 

depicting the uncertainty. Over time, they dynamically change their decision strategy. It 

follows that taxi drivers can cope with the uncertainty increasingly better and their 

decisions become more effective. Thus, an important feature of the model is that the 

dynamics are endogenously driven. More than including a time component, the model is 

able to capture the anticipatory behavior that conducting actions ahead of time.  
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An interesting feature of the model is that taxi drivers are allowed to have 

optimistic vs. pessimistic attitudes. Although the properties resemble prospect theory, 

particularly in the choice of probability weighting functions, the actual behavioral 

underpinnings differ. Taxi drivers do not know the true probabilities of losses versus 

gains, and the conceptualization is not based on gains and losses.  The process 

modeled concerns the development of particular beliefs, moderated by attitudes. 

While these features of the model enhance its behavioral realism and enables 

endogenously capturing the inherent heterogeneity in taxi drivers decision strategies 

and learning trajectories, estimating models of this complexity offers some major 

challenges. First, the database is big and thus model estimations are demanding. 

Second, the available GPS data is basically cross-sectional in nature. There are no 

empirical panel data to validate the learning process. As a second best solution, an 

estimation method was formulated that is theoretically driven. Consistent with the 

theory, the relative importance of information value and monetary rewards varies as 

taxi drivers learn. Logically, the effectiveness of different behavior should have some 

bifurcation points as the effectiveness of the strategies is driven by the uncertainty 

reflected in taxi drivers’ beliefs. It cannot be guaranteed that this approach is highly 

accurate, but assuming theory is valid, the suggested approach should be sufficiently 

robust to estimate the nature of the reward function.  

To test the performance of the model, a simulation was conducted. The behavior 

of 720 taxi drivers was simulated on a real city road network using the estimated 

model. The results shown that using the proposed model taxi drivers can learn 

information effectively, and can properly reaction and adjust their behavior. Unserved 

passenger demand is effectively reduced in the simulation process. The simulation 

confirms the model is sensitive to dynamic change in the environment.  

In developing this first version of the model, we explicitly decided to formulate 

and particularly estimate basic concept and relationships. It means that the proposed 

model can be and perhaps should be elaborated in future research, the current version 

serving as a benchmark. For example, as the current model assumes, the estimated 

parameters of the reward and probability weighting functions may not be the same for 

all taxi drivers. It would have been possible to estimate distributions of parameters as 

opposed to single parameters values. Future research should examine the 

consequences of these options on simulated dynamics.  

The dynamics of the current model are completely driven by the assumed 

learning process by which the drivers’ beliefs better reflect reality over time. 
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Consequently, they become more successful, reinforcing good decisions and avoiding 

bad decisions. The parameters themselves, however, have been kept constant. In 

principle, dynamic parameters can be formulated, but it is left for future work when the 

suitable data is available. 

9.2 Future works 

The current model assumes a probabilistic decision rule, based on psychological choice 

theories. It implies that choice probabilities are linear, depending on the value of the 

decision strategy. Alternatively, we could have adopted an econometric approach based 

on random utility theory and discrete choice models, or could have applied more 

advanced decision rules. The performance of these alternative decision rules can be 

examined in future work. 

The application of the model offers various challenges. How to define the initial 

conditions of the system, which reflect the varying degrees of learning and beliefs about 

the uncertain environment? How to define the initial prior subjective beliefs in relation 

to physical processes? How to create a synthetic population, and simulate their activity 

travel patterns that define the spatially and temporally varying demand for taxis? How 

to assess the performance of the model, which represents an inherently stochastic 

complex uncertain system, in the availability of data for a short horizon only? How do 

we incorporate in this process the uncertainty in the input data, model uncertainty and 

the uncertainty in the propagation pf dynamic forecasts (Rasouli & Timmermans, 2012a, 

2012b)? We plan to address these issues in future publications. 

Even if adequate solutions for these issues can be found and the dependency of 

model outcomes on these problems is better understood, the model has a fundamental 

limitation. The model is based on taxi drivers actively searching for passengers and 

learning only from the success of their decisions. At the time we started the project, 

and certainly at the time when the data were collected, this fundamental property was 

consistent with the taxi system in Guangzhou and in many other cities in developing 

countries. In many cities, it still is. However, increasingly, taxi drivers who have their 

own business or taxi drivers working for companies have access to smart systems. 

Passengers no longer depend on hailing a taxi from the street or catching one at 

designated taxi stands, but they can order one by phone. It means that at the very 

least the current model should be expanded to mimic the dispatching behavior of the 

controller and the accepting/rejecting behavior of the taxi drivers. A valid model should 

be based on the company strategy (auction system or not, allocation of short vs. longer 
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trips to individual drivers over time, etc.). This new technology triggers different 

behavior and models acknowledging how such technology is used will become essential 

to model the full spectrum of taxi drivers’ behavior. 
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