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Recently, for-hire vehicle services (FHV, e.g., Uber and Lyft) have become essential to people’s daily transportation. Similar

to taxis, how to effectively dispatch these FHV based on demand and supply is important for both FHV passengers and

drivers. Based on real-world multi-source data, we identify two new challenges for FHV dispatching: (i) diverse demand:

FHV passengers are a mix of passengers previously using taxis, buses, subways, or private vehicles; (ii) uncertain supply:

FHV drivers join and leave the FHV system with spatiotemporal dynamics. As a result, the state-of-the-art taxi dispatching

techniques cannot be applied to FHV systems. In this paper, we design the first FHV dispatching system PrivateHunt based

on extremely large-scale urban transportation data from New York City and Shenzhen in China. In particular, we present (i) a

passenger demand model based on taxi, bus, subway, and private vehicle data; (ii) a driver supply model based on small-scale

FHV data; (iii) a dispatching technique for FHV vehicles based on proposed demand/supply models to reduce idle driving

time. We implement PrivateHunt based on 14 thousand taxis, 13 thousand buses, and 8-line subway system and 10 thousand

private vehicles. The experimental results show that our data-driven dispatching strategy significantly outperforms the

state-of-the-art dispatching strategies without data-driven FHV insights.
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1 INTRODUCTION

In recent years, novel urban services based on sharing economy have been experiencing a significant growth, most

notably in For-Hire Vehicle Service (FHV), e.g., Uber [41], Lyft [40], and DiDi [39]. By the end of 2015[42][24],

Uber has 8 million users in 300 cities in 60 countries and more than 400,000 drivers in U.S.; Lyft has 2.8 million

users, 315 thousand drivers in 60 large cities in U.S., and DiDi, i.e., Uber’s local competitor in China, has more

than one million drivers in 360 Chinese cities. The FVH becomes increasingly essential to people’s daily trans-

portation by exploring traditionally under-utilized private vehicles to complement urban public transportation. In

particular, compared to all-day running expensive taxi services, FHV has flexible operating time for drivers and
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less expensive fares for passengers; compared to bus and subway services, FHV provides door-to-door services

with an on-demand nature based on smartphone apps.

Similar to other transportation services, e.g., taxi, how to effectively dispatch idle FHVs for potential passengers

is very important to satisfy passenger demand in time by bringing FHVs closer to potential passengers and

increase driver income by reducing idle driving time. Dispatching FHVs seems straightforward and similar to

taxi dispatching [22] because based on FHV locations, we can intuitively suggest FHV drivers to some areas with

high historical demand. But we identify two new challenges for FHV dispatching (details are in Section 2) based

on real-world large-scale data. (i) Diverse Demand: different from passenger demand for taxi, bus, and subway,

FHV passengers are a mix of passengers previously using taxi, bus, subway or private vehicle due to low costs

and flexible service coverage of FHVs; (ii) Uncertain Supply: different from full-time taxi drivers without service

preference, FHV drivers often work in part time and join or leave the system at any time from any place and

often they prefer some services near their home or work [32].

However, the state-of-the-art work on transportation demand/supply modeling and resultant dispatching

strategies have been focused on traditional transportation systems (e.g., taxis [3], buses [4], subways [21] and

bikes [46]), instead of FHV services. Those dispatching strategies are inappropriate for FHV. On one hand, each

traditional transportation system has a single source of passengers and they are used for specified usage. For

example, buses and subways are more used for commutes and taxis are more used for errands and recreation [6].

Contrary, the source of passengers for FHV comes frommultiple transportation systems. Thus, the usage of FHV is

more diverse. In addition, dispatch systems for traditional transportation systems barely consider the supply side

since they usually have fixed working schedule. However, transportation network companies (e.g., Uber and Lyft)

allow FHV drivers work as a part-time driver with the dynamic working schedule. On the other hand, even though

both taxi and FHV provide door-to-door services, the mechanisms of taxis and FHVs are different. A taxi driver

chooses a passenger when he/she requests stop within a short range while an FHV driver accepts a request from

the network within long range. This difference indicates two aspects: (i) the scale of demand for FHVs can be larger,

(ii) a taxi driver picks up a passenger within a short driving distance while an FHV driver may pick up a passenger

within a long driving distance. Moreover, a taxicab driver must shift in a fixed time and fixed location making the

supply model simpler while an FHV driver is free to choose his/her own schedule. Thus, the dispatching strategies

for traditional transportation systems cannot be directly applied to FHV services because of new challenges of

diverse demand and uncertain supply for FHV. To the best of our knowledge, little work, if any, has been conducted

to investigate demand/supply models and dispatching strategies for FHV based on real-world heterogeneous data.

This is because the detailed FHV data and related urban transportation data (e.g., taxi, bus, subway and private ve-

hicles) are often inaccessible due to real-world competition to model diverse demand and uncertain supply of FHV.

In this paper, by collaborating with a few transportation companies and agencies, we conduct the first

comprehensive study on demand/supply modeling and resultant dispatching for FHV services. Through the study

of the origin-destination patterns of users from multiple transportation systems, we build a demand model to

address the diverse demand issue of FHV. Through the study of the daily mobility pattern of FHVs, we build a

supply model to address the uncertain supply issue of FHV. In particular, we motivate, design, and evaluate a

service called PrivateHunt to dispatch FHV to find their potential passengers based on demand/supply models

tailored to FHV and driven by multi-source data. Specifically, the key contributions of this paper are as follows:

• We conduct the first systematic study on For-Hire Vehicle services based on multi-source urban transporta-

tion data. To our knowledge, our study on FHV has two key unique features for urban mobility modeling

and resultant services: (i) it is based on the most comprehensive long-term multi-modal transportation data,
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i.e., including data from the taxicab, bus, subway, private vehicles and FHV, for the same city, covering

major transportation modalities; (ii) it is targeted at more than 8 million urban passengers and 37 thousand

vehicles in an aggregated fashion. More importantly, we will share such valuable data for the benefit of the

research community.

• We identify the key demand/supply features of FHV systems based on real-world data. In particular, from

the demand side, we quantify impacts of FHV demand on traditional transportation demand (e.g., taxis)

with 3-year data to compare ridesharing during the time periods without and with FHV services; from the

supply side, we investigate the low bound of FHV supply and validate its uncertainty due to its flexible

operatingmodel. These two features provide essential data-driven insights for our demand/supply modeling.

• We design a data-driven framework PrivateHunt for FHV dispatching with three key components: (i) a

predictive demand model to capture potential FHV passenger demand based on FHV and major urban

transportation data including taxis, buses, subways, and private vehicles; (ii) a predictive supply model to

infer FHV supply based on FHV and traffic data, which infers where and when FHV drivers join and leave

the system by analyzing their daily routines with a Bayesian model; (iii) a dispatching strategy built upon

both the above demand and supply models to balance the relationship between potential passenger demand

and FHV supply. The dispatching is based on modeling predictive control techniques with a comprehensive

objective function to minimize percentages of idle cruising mileage, i.e., the percentages of driving distances

without passengers. Our dispatching strategy also has the potential to reduce passenger waiting time since

it brings more FHVs to regions with more potential passengers.

• We implement PrivateHunt along with its demand/supply and dispatching models in the Chinese city

Shenzhen and New York City based on comprehensive data from 8-million smartcards, 14-thousand taxis,

13-thousand buses, 10-thousand private vehicles, and 2-thousand FHVs.

• We evaluate PrivateHunt by comparing it to the state-of-the-art dispatching strategies without FHV data-

driven insights. The experimental results show that our data-driven dispatching strategy in PrivateHunt

significantly outperforms other strategies.

The rest of the paper is organized as follows. Section 2 shows the motivation we found from the fluctuation

between demand and supply of taxicabs and FHVs in the city of Shenzhen and New York. Section 3 presents

PrivateHunt overview Section 4 shows urban infrastructures for building PrivateHunt. Section 5 provides our

demand and supply models. Section 6 gives our data-driven dispatching strategy. Section 7 provides evaluation

results. Section 8 reviews related works. Finally, Section 9 concludes the paper.

2 MOTIVATION

We investigate demand and supply for FHV services based on real-world data from Shenzhen and New York City.

2.1 FHV Demand

Based on three years of Shenzhen taxi data, we study the impact of FHV on the demand of taxis to obtain the

potential demand decrease for taxis and demand increase for FHV. Figure 1 gives taxi demand, i.e., the total

number of pickups, for 3 years from March 2014 to February 2017. FHV first entered the Shenzhen transportation

market around March 2015. Based on the data we found that compared with the demand of the first year, i.e.,

from March 2014 to February 2015, the taxi demand reduced 24% for the second year, i.e., from March 2015 to

February 2016. This decrease of the taxi demand continues in the third year, i.e., March 2016 to Feb 2017. Based
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Fig. 1. Passenger Demand of Taxi in Shenzhen Fig. 2. Passenger Demand of Taxi and FHV in NYC

on the comparison between the same time period from three different years, we found the taxi demand reduced

21% from March 2015, right after the FHV was introduced. It suggested the decreased taxi demand may be taken

by FHVs due to their low fares.

Based on a two-year dataset of taxis and a one-year dataset of FHVs in New York City (NYC), we show the

increase of FHV demand and the decrease of taxi demand in Figure 2. We found that the FHV demand has

been increasing significantly from July 2015 to June 2016 . In contrast, the taxi demand has been decreasing

significantly from July 2015 to June 2016 compared with the same time period last year, i.e., from July 2014 to

June 2015. These data also suggested a correlation between the increase of FHV demand and the decrease of taxi

demand in NYC. Some studies provide evidence to support this claim. For example, through using the NYC open

data about taxicab and information from Google Trends, [37] found that controlling for underlying trends and

weather conditions that might affect taxi service, Uber’s increasing popularity is associated with a decline in

consumer complaints per trip about taxis in New York and provided a figure to show the decline in the traditional

taxi industry since Uber’s entry.

Beyond taxicabs, there is also evidence that FHVs appeals to passengers who typically use the public trans-

portation systems. For example, a report [6] from American Public Transportation Association (APTA) argues

that person who uses FHVs is associated with less car ownership and more use of public transportation systems.

Some studies [31][30] support this argument by showing that FHV is the competitor and also the complement of

public transportation systems. In addition, [6] and [30] also suggest that FHVs replace some private automobile

usage. [2] finds that the entry of FHVs is associated with a decline in bus service and shows that some passengers

from subway also use FHVs for the complementary trips. Based on our studies and some studies in the social

economy and transportation, it is reasonable to expect that passengers from FHVs have the similar demand to

the passengers from other transit systems. Hence, we assume that the passengers of FHVs are the mix of the

previous passengers from other transportation systems.

2.2 FHV Supply

In this section, we study the feature of FHV supply compared to traditional taxis. Figure 3 gives the lower bound

of FHV and taxi supply in Shenzhen, i.e., the number of FHV and taxi available for pickup, on 24 hours of a day

and their variance. We found that the supply variance of FHV is very high during the morning and evening rush

hour because of their dynamic natures. We also found that during the evening rush hour, the taxi supply is low

because of shift changes; whereas the FHV does not have such an issue, which indicates the FHV supply and taxi

supply have different features.
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Fig. 3. Supply of FHV and Taxi in Shenzhen Fig. 4. Supply of FHV and Taxi in NYC

In Figure 4, we study a small fleet of FHV in NYC based on their detailed GPS traces. We found the FHV supply

in NYC also has a different pattern with the taxi supply. Their daily supply variance is also very high during the

rush hours. From 3 PM to 5 PM, the supply of taxi is also lower than that of FHV due to shift changes.

2.3 Summary

In short, based on long-term data from two cities, we investigate two key features of FHV services, in terms of

demand and supply. For the demand side, the passenger demand for the FHV service increases with the decrease

of passenger demand in taxis, which suggested taxi passengers may be part of the FHV service. In addition, some

studies about the impact of FHVs on transportation systems also reveal passengers from public transit such

as bus and subway, and private transit, may also be the source of passengers for FHV service. For the supply

side, the FHV supply has a high variance than the taxi supply on 24 hours a day, which suggested that FHV

drivers have different working patterns from taxi drivers. These two new features related to demand and supply

indicate demand/supply-driven dispatching systems for traditional taxi systems may not work well for FHV

services. It motivates us to design FHV demand/supply models and resultant dispatching techniques to improve

the efficiency of FHV services.

3 PRIVATEHUNT OVERVIEW

In this section, we first present the architecture of PrivateHunt, and then concisely introduce the three layers in

our system.

In PrivateHunt, we utilize a set of urban-scale systems for passenger demand and transit supply modeling,

along with dispatching design for FHV services. From a broad perspective, we treat individual components,

i.e., smartcards and vehicles, in these systems as probing sensors in PrivateHunt to sense passenger demand

and transit supply at urban scale in real time. Built upon an integration of multiple urban-scale systems, i.e.,

an urban transportation system and a private vehicle system, as an FHV system, PrivateHunt provides unseen

demand/supply dynamics under extremely fine spatiotemporal resolutions to support real-world FHV services,

which cannot be achieved by either of the systems alone in isolation.

In Figure. 5, we outline PrivateHunt with three layers, i.e., urban physical systems, demand/supply modeling,

and FHV vehicle dispatching, providing a road map for the rest of the paper. (i) In Section 4, we introduce four

urban-scale transportation networks as concrete frontend systems along with their data. (ii) In Section 5.1, we

explore multi-source data from urban public transportation systems to model potential passenger demand for

FHV services based on entropy maximizing model; in Section 5.2, we explore GPS and status data from FHV

system. (iii) In Section 6, based on these demand and supply models, we provide our dispatching strategy for

private vehicle drivers to find their passengers with minimized idle driving distance in FHV services. Finally, our
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Fig. 5. PrivateHunt Architecture

dispatching strategy in FHV services provides positive feedback to the frontend private vehicle hiring system,

which closes our control loop.

4 DATA COLLECTION

Based on the previous collaboration [50] [49], we have been collaborating with several companies and Shenzhen

Transport Committee (hereafter STC) for both public transportation networks and private vehicle networks

and accessing their data feeds for our research. In detail, the data are collected by an insurance company and a

navigation company, and all participants have signed the consent agreement for the reduced monthly premium.

In this version of PrivateHunt implementation, we consider two kinds of transportation networks including four

systems as follows to model dynamic passenger demand and transit supply for FHV services from complementary

perspectives as in Figure 5.

Fig. 6. Bus Potential Passenger Density Fig. 7. Subway Potential Passenger Density

• Buses are used to detect real-time bus passengers’ locations by cross-referencing data of onboard smartcard

readers for fare payments. We study bus data through STC to which bus companies upload their bus status

in real time, accounting for all 6 thousand buses generating 2 GPS records/min. In detail, we study two

months of bus data, containing March of 2014 and March of 2017.
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• Smartcards for Subway and Buses are used to detect locations of a total of 8 million smartcards used to

pay bus and subway fares. These readers capture more than 10 million rides and 6 million passengers per

day. We study reader data from STC, which accesses real-time data feeds of a company that operates the

smartcard business. In particular, there are two kinds of the readers: (i) a total of 14,270 onboard mobile

reader sensors in all buses capturing 138 thousand bus passengers per hour, and (ii) a total of 2,570 fixed

reader sensors in 127 subway stations capturing 60 thousand subway passengers per hour. As same as bus

data, we study two months of smartcards data, containing March of 2014 and March of 2017.

Fig. 8. Taxi Potential Passenger Density Fig. 9. Private Potential Passenger Density

• Taxicabs are used to detect real-time taxicab passengers’ locations based on taxicab status (i.e., GPS

and occupancy) to obtain taxi passenger demand. We study taxicab data through STC to which taxicab

companies upload their taxicab status in real time, accounting for all 14 thousand taxicabs generating 2 GPS

records/min with a 400 thousand ridership per day. The daily size of taxicab sensor data is 2 GB. Besides,

we also study the monthly passenger data, including the total number of passengers and total incomes. In

detail, we study two months of taxicabs data, containing March 2014 and March 2017. In addition, we study

the monthly fare data of taxicabs started from January 2014 to February 2017.

• Private Vehicles are used in both the demand and supply model. On one hand, private vehicles are used

to detect potential passengers for the demand model. On the other hand, we study the mobility pattern

of taxicabs and private vehicles to discover which private vehicles are the potential FHVs and then based

on this we train a supply model for dispatching. For the private vehicle network, it has 294,845 vehicles,

among which 10,450 are in Shenzhen. Their data are collected through onboard devices installed inside

vehicles, which are mainly used for navigation purposes. In this project, we access these data through

a navigation service provider to which every involved vehicle uploads their real-time status to a cloud

server by a cellular network. One day data collected from all private vehicles in the network are about 9

GB with an average uploading interval of 10 seconds when devices are turned on. The private vehicle users

can choose to opt out this optional data uploading service, but most users still upload their data in order

to reduce their monthly premium. In particular, we study the data of private vehicles in Shenzhen from

January 2016 to February 2016 and from April 2017 to May 2017.

Based on the above physical systems, we model passenger demand and transit supply with a real-time large-scale

data-driven fashion. A visualization for passenger density in Shenzhen downtown areas based on three public

transit systems is given in Figures 6 7, and 8 and a private vehicle network Figure 9 where subway and bus
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Fig. 10. Shenzhen Urban Partition
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Train

Residential Downtown
Origin

Destination

Fig. 11. Passenger Mobility Demand

passengers’ densities are given at station levels and taxi passenger and private vehicle densities are given at GPS

levels. The lighter the icon; the higher the demand. Based on the above systems, we also visualize pattern mobility

demand. We divide entire Shenzhen urban area into 491 urban regions based on Shenzhen Government Census

Blocks as shown in Figure 10, and then we visualize passenger mobility patterns at region levels in Figure 11

where we found that there are strong mobility demands between downtown regions, the airport region, and the

residential region.

Table 1. Transportation DataSets

Bus GPS Dataset Bus Fare Dataset Taxi Dataset

# of records 192,722,381 # of records 23,226,357 # of records 290,802,066

# of bus 6,234 # of passenger 4,017,901 # of taxicab 14,863

Size 27.58 G Size 2.19 G Size 18.83 G

Format Format Format

plate id date&time smartcard id date&time plate id date&time

GPS line line plate id GPS status

Subway Dataset Private Vehicle Dataset

# of records 9,174,402 # of records 454,018

# of passengers 2,508,770 # of car 10,443

Size 2.23 G Size 8.67 G

Format Format

plate id date&time plate id date&time

check in/out location GPS speed

Since our paper concentrates on modeling and dispatching aspects, we briefly introduce our data management

related issues due to space limitation. We establish a secure and reliable transmission mechanism, which feeds

our server the above data collected by service providers with a wired connection. As in Table 1, we have been

storing a large amount of data for demand/supply modeling as well as dispatching strategy design. We utilize a

34 TB Hadoop Distributed File System (HDFS) on a cluster consisting of 11 nodes, each of which is equipped with

48 cores and 512 GB RAM. For daily management and processing, we use the MapReduce-based Spark. Due to the

extremely large size of our data, we have been finding several kinds of errant data, e.g., duplicated data, missing

data and data with logical errors, and thus we have been conducting a detailed cleaning process to filter out errant

data on a daily basis. Besides using HDFS and Spark for data cleaning, we use those tools for some preprocessing.

For example, (i) We match bus GPS data with bus fare data to obtain the information of origin and destination
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of passengers of the bus. In general, the bus passengers do not need to swipe their cards when they dropped

off from bus. Therefore, to obtain a complete trip record, we predict the destination from the later record since

the origin station of a passenger on the later hours in one day, has a high probability of being the destination

station of his/her last trip record on the earlier time based on the previous survey [48]. The probability also is

relevant with the distance between two stations. (ii) We analyze GPS data of taxicabs to recognize their pickup

and drop off locations. (iii) Based on GPS records only, it is hard to define trips of private vehicles among the

entire trajectories in one day. Therefore, we process the data of private vehicles as [12] to infer the complete trip

data of private vehicles. (iv) We obtain the origin and destination information of passengers of the subway by

analyzing every two continuous records with the same id. The data preprocessing transfers raw records of each

trip with extra information to obtain the origin information and destination information, which will not harm

the accuracy of our model. We protect the privacy of residents by anonymizing all data and presenting models in

aggregation. In short, our endeavor of consolidating the above data enables extremely large-scale fine-grained

passenger demand/supply modeling along with dispatching strategy for FHV services, which is unprecedented in

terms of both quantity and quality shown as follows.

5 DEMAND/SUPPLY MODELING

In this section, we first present our demand modeling in section 4.1 and supply modeling in section 4.2 for FHV

services, which are used for efficient dispatching strategies to maximize mileage with passengers for all vehicles

for FHV services.

5.1 Passenger Demand Modeling

Since FHV passengers previously come from taxicabs, buses, subways and private vehicles, in this paper we

infer that FHV services have a reducing impact on the number of passengers in these traditional transportation

systems. Therefore, we integrate the data of taxicabs, buses, subway and private vehicles within the date before

and after the FHV service started in a city, study the difference of the demands inferred for these two periods,

and then use this difference to infer demand for FHV as follows.

5.1.1 Demand Transform Estimation. Given a spatial partition of a city, e.g., the spatial partition in Figure 10,

the passenger demand of a transportation system is defined as a K dimension vector X̄ , where K is the total

number of partitioned regions in the city. Therefore, for the transportation system of taxicabs, buses, subways,

and private vehicles in a city, the transformation between those transportation systems and FHV is presented as

������

Xt Xb Xs Xp

r1 Xt1 Xb1 Xs1 Xp1

r2 Xt2 Xb2 Xs2 Xp2

...
...

...
...

...
rk Xtk Xbk Xsk Xpk

������
�����
α
β
γ
π

����� =
������

Xf

r1 Xf 1

r2 Xf 2

...
...

rk Xf k

������
Where Xt ,Xb ,Xs ,Xp ,Xf denote the demand vector of taxicabs, buses, subways, private vehicles and FHV

respectively and rk denotes the region k . In the equation, we use 4 parameters α , β,γ and π to represent the rate

of passenger demand transferred from the traditional transportation systems to FHV services. To study these four

parameters, we investigate the change of the amount of passengers in the taxicabs, buses, subways and private

vehicles one by one, and then set a reasonable range of values for these four parameters.

5.1.2 Demand Model Design. To learn the detail of passenger demand in a given spatiotemporal partition of a

city, we study the mobility pattern of passengers and present their mobility pattern as a set of origin-destination
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matrices (OD matrices). The passenger demand of a spatiotemporal combination is defined as the number of

passengers leaving from this region going to another region during this time slot. We represent passenger demand

D by OD matrices at urban region levels in which there are K rows and columns, respectively. An element

D(i, j) = n represents n passengers moving from ith region to jth region. Based on the observed data from four

urban transportation systems, e.g., taxis, buses, subways and private vehicles, it is straightforward to obtain the

historical passenger demand by completing an OD matrix for a particular time window.

As follows, we obtain the future passenger demand model D based on the difference between two observed

historical passenger demands in different datasets. Given the operating nature of FHV services and sizes of urban

regions, we use a time interval of 5 minutes to generate OD matrices. In this case, the passenger demand at

time t minutes is the total number of passengers moving out in the period [5i, 5i + 5) where t ∈ [5i, 5i + 5) and
i ∈ N , e.g., [0, 5), [5, 10), [10, 15), ...., [1435, 1440). In total, we have 288 OD matrices for different periods of one

day. Based on these regions, we design and implement our model D based on entropy maximizing model [36] to

predict passenger demand from multi-source data. Although entropy maximizing model has been used before

in the context of transportation modeling [35], it has not been used in the context of multi-source passenger

demand modeling. Therefore, we use the parameter vector w̄ = [α , β,γ ,π ]T to vary the number of passengers

transferred from other transportation systems to FHV services as the input of our model.

In our model, we use centroids of the urban regions to represent these urban regions. The distance di j between
two regions i and j is defined by the traveling distance between the two centroids. Taking the real road network

information and vehicle types into consideration, we utilize our supply model proposed in section 4.2 to obtain

traveling time between two regions. We denote the probability of a trip starting from the ith region Ri as
дi ; the probability of a trip ending in jth region R j as aj ; the probability of a trip from Ri to R j as ti j . If the
total number of trips starting from Ri is Gi , the total number of trips ending in R j is Aj , the total number

of trips from Ri to R j is Xi j , and the total count of trips is X , then the probability is calculated as follows.

дi = Gi/X , aj = Aj/X , ti j = Xi j/Gi Where Xi j ,Gi and Aj are defined as Gi =
∑n

j=0Xi j , Aj =
∑n

i=0Xi j We

calculate prior probability qi j as qi j = αдiajd
−γ
i j , where di j is the travel distance, α and γ are fitting parameters.

According to the entropy maximizing model, the objective function is defined as

maxL = −
n∑
i

n∑
j

дiti j ln(ti j ) − γ
n∑
i

n∑
j

дiti j ln(di j ) S .T .

⎧⎪⎪⎪⎨⎪⎪⎪⎩
n∑
j
ti j = 1,

n∑
i
дiti j = aj ,

(1)

By solving this problem with a numerical method, ti j is obtained as

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩
ti j = e−1kimjd

−γ
i j

n∑
j
ti j = 1

n∑
i
дiti j = aj

(2)

where {
ki = exp(μi/дi )
mj = exp(λj )

(3)

μi and λj are the Lagrange coefficients related to the subject conditions. Algorithm 1 shows the calculation
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algorithm.

With the entropy maximizing model, we obtain predicted 288 OD matrices for 288 5-mins time windows.

To feed the demand vector of FHV into these 288 matrices, we normalize each row in these matrices individually

and obtain the distribution of destinations for each region. Then we apply the demand vector of FHV into this

model to get the OD matrices of FHV.

We implement our demandmodel based on our multi-source transportation data including taxi, bus, and subway

in Shenzhen. In detail, we quantify transformation of passengers after FHV entered the market in Shenzhen for

α , β,γ and π by leveraging (i) the data in 2014 March and 2017 March of the three public transportation systems,

namely taxi, bus, subway, (ii) the transformation of private vehicle drivers to passengers of FHV by leveraging

the data in 2016 January 2016 February 2017 April and 2017 May, (iii) the proportions [34] of passengers of each

transportation systems in total number of passengers in Shenzhen. We compute the distribution of the travel

demand in 491 regions of Shenzhen for each transportation systems and then feed the transferred pattern of

passengers into our demand model to obtain the OD demand matrix for FHV.

ALGORITHM 1: Entropy Maximizing Model Calculation

Input: aj ,дi ,di j
Output: Xi j , ti j
Algorithm main(aj ,дi ,di j)

estimate γ by qi j as qi j = αдiajd
−γ
i j ;

initial value of μi , λi ;

repeat

μi+1 = −дi ln[
n∑
j
e(−1+λj )d

−γ
i j ] ;

i = i + 1 ;

λj+1 = lnaj − ln[
n∑
i
дie

(−1+μi /дi )d−γ
i j ];

j = j + 1;

until |μi − μi−1 | < ϵ and |λi − λi−1 | < ϵ ;

calculate ti j in equations 3 ;

Xi j = ti jXi ;

1 return;

5.2 Supply Modeling

In this section, we provide a data-driven supply model S to capture the supply of private vehicles for FHV services.

5.2.1 FHV detection. We study the mobility pattern of taxicabs and private vehicles based on real entropy

proposed in [33] for months and find out the private vehicles whose daily mobility pattern is similar to taxicabs

as the FHVs. Fig.12 gives the distribution of the entropy of Private Vehicles and taxicabs. We found there is a

small group of private vehicles whose entropy is overlapped with taxicabs. we study the long term historical

trips data of those private vehicles and taxicabs to learn the distribution of durations for the gaps between two

trips, e.g. the distribution of Fig. 13 We found their mobility is similar to that of taxicabs. Therefore, we assume

those private vehicles have a high probability as FHVs.
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5.2.2 Supply Model Design. Given a pair of time slots in one day, a working schedule is defined as a time period

from a time one driver starts to work to the time the driver stop to work. Different from other transportation

supply, e.g., taxis, buses, and subways, the vehicle supply for FHV is highly dynamic because most drivers have

the freedom to choose their own working time for FHV companies. Therefore, they typically join and leave the

system without noticing the dispatching center in advance. However, it is a challenge to distinguish if a driver

is seeking a passenger or stop working in the gap of two trips. To address this challenge, we analyze result on

Fig. 13 and found that (i) the gaps of FHVs and taxicabs are almost overlapped on the regions which are less

than 50 minutes, (ii) as the minutes increasing, the difference between FHVs and taxicabs becomes larger. This

is because of the dynamic natures of FHVs. Since taxicabs and FHV have the similar mobility pattern when

they are working, we assume an FHV is possibly inactive during large gaps. Based on this assumption, we use

the gap data of taxicab and FHVs to learn a Gaussian function and apply this function to the data of FHV to

predict the complete working schedules for FHV drivers. With this Gaussian model, we study the complete

working schedules of FHV drivers for a long-term historical data and design a generic Bayesian model to infer

the start time and end time of each working schedules for FHV drivers given an initial region. For an FHV driver,

given his/her first working region, we predict the start working time, the end working region and time individually.

5.2.3 Supply Tensors. Wemodel the supply of FHV service in a spatiotemporal combination using two Tensors

O ∈ RK×N×M and D ∈ RK×N×M , with three dimensions denoting K regions, N time slots and M FHV drivers

respectively for the start and end of the working schedules.

• Region dimension: This first dimension denotes regions r = [r1, r2, . . . , rK ] defined in section 5.1.

• Time slot dimension: We divide a day into equal slots t = [t1, t2, . . . , tN ] defined in section 5.1.

• FHV driver dimension: The dimension denotes FHV drivers d = [d1,d2, . . . ,dM ] of the FHV service in a city.

• An entry: An entry O(i, j,k) or D(i, j,k) stores a working schedule of a driver k start or stop working on

region i at time slot j.
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5.3 Summary

With demand model, we learn the probabilities of passenger requests in every region and every time slots and

distribution of destinations of those requests. With supply model, we obtain the numbers of FHVs in every

region and every time slots. When dispatching an FHV in a given time slot, PrivateHunt considers the distances

between the FHV and regions, the probabilities of passenger requests, and the numbers of FHVs in regions

spatiotemporally. In the next section, we will introduce the detail of the dispatching strategy of PrivateHunt.

6 FHV DISPATCHING

PrivateHunt contains two parts, a data-driven dispatching strategy and an assignment algorithm when it dis-

patches an FHV. The data-driven dispatching strategy integrates demand model and supply model and makes a

cruising policy for the FHV to improve its profitability. The assignment algorithm matches FHVs with passenger

requests in given regions. In PrivateHunt, the data-driven strategy can be integrated with different assignment

algorithms. In this paper, we implement six different assignment algorithms to show the robustness of PrivateHunt.

In addition, our overall dispatching goal is to minimize the total idle cruising mileage of all FHVs in the system.

In the following, we introduce the scenario of the dispatch problem and the design of our dispatch strategy.

6.1 Dispatch Problem Scenario

Different from taxicabs, FHVs accept a passenger request with smartphone apps. Once a driver accepts a request,

he/she cannot accept other requests during the way to pick up his/her accepted passenger, even though the new

request is closer to him/her. Therefore, FHVs prefer to stay in the region with dense passenger requests because

they have more options of accepting requests.

Fig. 14. Dispatch Scenario

Fig. 14 gives a possible scenario of a dispatch problem. This figure is the road map of the northwest part

of the Shenzhen City. Red points represent pickup locations, which are sampled based on passenger demand
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in Shenzhen. The car represents an FHV and the three boxes represent three main possible directions for the

FHV to cruise. In the three regions, Region B has the most points but is very far to the current location of the

FHV; Region A has the fewest points but is closer to the FHV; Region C has a very low probability of passenger

requests since it has no red point. Without data support, old drivers will cruise based on experience and new

drivers will cruise more based on a random strategy. As the map shows, all the requests are within Region A and

Region B. The other places are similar to Region C with a very small number of requests. FHVs are easier go to

those places with a random strategy. Even though they still can accept the requests from apps, they will spend a

lot of gas during the way to pickup their customers. In contrast, the data-driven strategy will recommend the

FHV go to RegionA or Region B.With closer locations, they aremore competitive and have lower gas consumption.

ALGORITHM 2: Policy Iteration Algorithm

Input: S,A,R,λ
Output: π∗
Algorithm main(S,A,R,λ)

t = 0, k = 0;

initial πt (si ) = si for all si ∈ S ;

initial Vk (si ) = 0 for all si ∈ S ;

repeat

repeat

for si ∈ S do

Vk+1(si ) = R(si ,ai ,πt (si )) + λVk (πt (si )) ;
end

k = k + 1;

until |Vk (s) −Vk−1(s)| < ϵ,∀si ∈ S or reach limited iteration;

t = t + 1;

until πt = πt−1 or reach limited iteration;

π∗ = πt ;

1 return;

6.2 Dispatch Problem Formulation

We define the dispatch problem as a Markov Decision Process (MDP) and use Bellman equation to solve it.

Formally, a MDP is a 5-tuple (S,A,T,R,λ).

• S is a set of states. We define the location of pickup as a state. To make our algorithm simpler, we just use

the states who are close to current state and whose percentage of passenger is not zero.

• A is a set of actions. Here, it represents a FHV run from a location to another location.

• T is the transition matrix. Here T (si ,ai , sj ) represents the transition probability between si and sj , where
si and ai is current state and action of FHV and sj is the next state. Since FHVs has fully control of their

vehicle, we set it T (si ,ai , sj ) = 1.

• R is a reward function. We define it as

R(si ,ai ) = (1 − D(si , sj )∑S
sk
D(si , sk )

)/(N − 1) ∗ pi
qi

(4)
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where D(si , sj ) represents the travel distance between si and sj , pi is the percentage of passenger requests,
derived from the demand model and qi is the percentage of FHVs serving in the future time slot, derived

from the supply model, N is the number of states. This reward function consider the factors including

distances, demand and supply.

• λ ∈ [0, 1] is the discount factor, indicates the difference in importance between future rewards and present

rewards.

The goal of data-driven strategy is to obtain a policy π , satisfies that

V π (s) = max
a∈A

[R(s,a) + λ
∑
s ′ ∈S

T (s,a, s ′)V ∗(s ′)] (5)

Therefore, we use the policy iteration algorithm to solve this problem.

Based on algorithm 2, we build a data-driven dispatching strategy. The strategy contains two steps. Step 1,

dispatch FHVs based on the result of Bellman equation. Step 2, after dispatching, in a region, we regard FHVs and

passengers as vertexes in a graph and implement assignment algorithm on it.

6.3 Assignment Algorithm

In a given time slot, passengers send requests to FHVs. In addition, once an FHV accept a request, he/she will

keep traveling to the assigned passenger. In this time slot, we represent the assignment problem as a directed

graph G. In this graph, there is a setU of passenger vertexes u, a set V of FHV vertexes v , and a set E of edges

e = (u,v), connects a passenger vertex and an FHV vertex. The weight of e is the current travel distance from
a passenger to his/her assigned FHV. The objective of the assignment algorithm in this time slot is to find a

subset from E for bipartite matching, whose sum of weights is minimal. The unassigned passengers and FHVs

will be reserved. We implement six assignment algorithms into our data-driven framework. We will compare

their data-driven version with their normal version. In the following part, we will introduce the basic idea of

each algorithm.

• Passenger Greedy method The most normal algorithm for assignment problem is the greedy algorithm.

Considering from the passenger side, one greedy method allows the passenger to request the nearest unas-

signed FHV, referred as Passenger Greedy method(Greedy-P). In a given time slot, we choose passengers

randomly and find pairs for them. For each passenger, Passenger Greedy method will pair him/her with

the nearest unassigned FHV from FHVs in the limited range. We set the range as 3 kilometers since it is the

searching range in the FHV APP in China. The potential FHV will be checked if it can accept the request

before it is assigned. If an edge e = (u,v) is matched, the passenger u and the FHV u are removed from G.

Otherwise, Passenger Greedy method will check the next closest FHV.

• FHV Greedymethod Another greedy method is considered from the FHV side. We refer it as FHV Greedy

method(Greedy-V). It allows FHVs to accept the nearest passenger request. In a given time slot, we choose

FHVs in random order and find viable pairs for them. For each FHV, FHV Greedy method will pairs it with

the nearest unassigned FHV from FHVs in the limited range. For the potential passenger, FHV Greedy

method will check if the predicted arrival time of his/her destination is acceptable for the current FHV. If

an edge e = (u,v) is matched, the passenger u and the FHV u are removed from G. Otherwise, FHV Greedy

method will check the next closest passenger.
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• Hungarian method The Hungarian method(HUN) is a combinatorial optimization algorithm that solves

the assignment problem in polynomial time. Since Hungarian method requires a perfect matching and in

the general dispatch scenario, |U | � |V |, we add some dummy vertexes,ud orvd , into the smaller set. For all

edges of e = (u,vd ) or e = (ud ,v), we set the weight of e as 0. For the edges of e = (u,d), if the weight of e
is larger than 3 kilometers, we set the weight as infinite. Then we run Hungarian method on the new graph.

We refer the assignment problem as a matrix of weights of edges betweenU andV . The Hungarian method

uses 4 steps to solve this problem. In step 1, for each row, Hungarian method finds the lowest element and

subtract it from each element in that row. In step 2, for each column, Hungarian method finds the lowest

element and subtract it from each element in that column. In step 3, Hungarian method covers all zeros in

the resulting matrix using a minimum number of horizontal and vertical lines. The algorithm stops when

it needsmax(|U |, |V |) lines. Otherwise, Hungarian method continues with Step 4. In step 4, Hungarian

method finds the smallest element (call it k) that is not covered by a line in Step 3. Then it subtracts k

from all uncovered elements, and add k to all elements that are covered twice. Hungarian method will

repeat step 3 and step 4 until all elements can be covered bymax(|U |, |V |) lines. In our implementation, we

divide a city into a grid and set the length of the side of cells as 3 kilometers. For each cell, we implement

Hungarian method on all FHVs and passengers in it.

• SCRAM method Hungarian does not consider the waiting time of passengers after a request of the pas-

senger is accepted. Therefore, some passengers may wait for a long time after their requests are accepted.

To solve this problem, Josiah P.Hanna et al in [18] implement SCRAM algorithm on the dispatching of

taxicabs. Similar to Hungarian method, we add some dummy vertexes into U or V and generate a new

graph as same as that of Hungarian method. SCRAM method first finds refers the assignment problem as

bottleneck assignment problem to find a minimal maximum edge emax in a perfect matching. In this paper,

we also use Hungarian algorithm to find the minimal maximum edge. Then SCRAM method remove all the

edge e if the weight of e is larger than emax . Here we remove edge by setting the weight of it to infinite.

Finally, run Hungarian method again on the new graph.

• NSTD-P Previous algorithms are designed naturally for taxicabs. However, for the FHV transportation

system, passengers and FHVs both have their own interest in accepting an assignment. Huanyang Zheng

et al in [51] provides new methods for FHV by considering both interests of passengers and FHVs. The first

method is named as NSTD-P. This method mainly considers interest from the side of passengers. Each

passenger u keeps a preference order of FHVs and each FHV v also keeps a preference order of FHVs.

The preference is calculated by the distance between the passenger and the FHV. For a passenger, we add

a dummy entry in his/her preference order to represent that all the FHVs in the preference order after

this dummy entry are out of the searching range. For an FHV, we add a dummy entry to its preference

order with the same meaning. For ∀u ∈ U , NSTD-P will propose requests to FHVs orderly based on the

preference of u iteratively until an FHV accepts his/her request or u prefers no match over the rest of FHVs.

If an FHV v has no temporal proposed request or the order from u over dummy request, v will accept the

request of u. If v has temporal request from other passenger u ′ and the order of u ′ is over that of u, v will

reject u, otherwise, NSTD-P propose new request for u ′.

• NSTD-T NSTD-T mainly considers the interest from the FHV side. The key idea is to start with NSTD-P

and try to break the assignment to obtain other solution. NSTD-T first run NSTD-P to build an initial

assignment. Then for all ui in U , run break step on it. On break step, NSTD-T first breaks its current

proposed partner and proposes the new request for u from next entry in its preference. If new match is

successful, call break step on uj which j > i recursively.
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6.4 Summary

The core idea of the strategy is to dispatch FHVs into regions with the higher probability of passenger requests in

advance. It is likely to add an additive, e.g demand model, and supply model, to the existed dispatch algorithms.

Different with the assignment algorithms proposed previously for taxicabs, PrivateHunt dispatch FHVs into

regions with the higher numbers of passenger requests before matching requests to FHVs by assignment

algorithms. It matches FHVs to passengers with easy success and reduces the idle distances from FHVs to

passengers since FHVs accept requests from the network, which is different with way taxicabs do. Therefore,

PrivateHunt improves the performance of existed dispatch algorithms by adding demand/supply models.

7 EVALUATION

7.1 Metrics

In order to evaluate the performance of our strategy, two metrics are implemented in our evaluation. The first one

is the waiting time for passengers. This metric evaluates the fairness of the dispatching algorithm. The second

one is the idle mileage rate with the total mileage of FHVs.

• FHV Idle Mileage Rate: In this paper, the percentage of mileage without passengers (idle mileage rate) is

used as a metric in the evaluation. This metric is used in previous studies[25] and to evaluate the perfor-

mance of the dispatching strategy for FHVs. With a lower idle mileage rate, the FHV spends less money on

seeking a passenger. Assume ti represent a time slot, Ii is the idle mileages of an FHV in time slot ti ,Mi is

the total mileage of an FHV in time slot ti and T is the number of time slots. In our evaluation, an FHV’s

idle mileage rate is
∑T
i Ii∑T
i Mi

• Passenger Waiting Time: Waiting time is the delay from the time that a passenger requests a trip to the

time that an FHV is dispatched to this passenger request. The FHV still needs some travel time before

picking up the passenger. In our evaluation, we generate a passenger request based on demand model and

this request will cancel as the waiting time increasing. The passenger waiting time for a passenger request

is the time slots from the time slot it requests to the time slot it cancels.

7.2 Baseline Approach

We regard the two strategies as Baselines,

• Random Strategy: FHVs will go to the near regions randomly before the implemented assignment algorithm

calls.

• RHC Strategy from [25]: It dispatches FHVs by considering the distribution of potential passengers estimated

from demand model and limit the number of vehicles to the same destination.

We implement the data-driven strategy in PrivateHunt with 6 assignment algorithms and compare the results of

waiting time for passengers and idle mileage rate for FHVs with that of Baselines.

7.3 Impact of Assignment Algorithms

Results of the performance of PrivateHunt for datasets in Shenzhen City are shown in the following.
7.3.1 Idle mileage rate. We start with idle mileage rates for FHVs in Figure.15. Figure.15 shows Cumulative

Distribution Function (CDF) of the idle mileage of FHVs. The X-axis is the idle mileage rates of FHVs and the
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Y-axis is the percentage in CDF. The performance of a method is better if its curve is on the upper side compared

with that of another one.

(a) Greedy-P (b) Greedy-V

(c) HUN (d) SCRAM

(e) NSTD-P (f) NSTD-T

Fig. 15. Idle Mileage Rate distribution

The results of comparisons between PrivateHunt and the two baselines show PrivateHunt has a better

performance than the two baselines for all the algorithms. In details, the curves of the Greedy-P algorithm focus

on the idle mileage rates from 40%to 60%. PrivateHunt is worse than RHC in the idle mileage rate of 40% but better

than RHC after idle mileage rate of 50%. While it is always better than Random. In the curves of Greedy-V, the

gaps between PrivateHunt and the two baselines are larger. 95% of FHVs have an idle mileage rate smaller than

40% with PrivateHunt. In contrast, with RHC, the percentage of FHVs whose idle mileage rate is smaller than 40%

is about 80%. And that with Random is only about 10%. In the curves of HUN, 85% of FHVs with PrivateHunt have

an idle mileage rate smaller than 20%. Compared with this, the random curve has more than 90% of FHVs having

an idle mileage rate larger than 20%. RHC has a closed performance in HUN method before the idle mileage of
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80% but becomes worse after that region. Similar to HUN, PrivateHunt on SCRAM also performs better than

that of the two Baselines. In the result of NSTD-P and NSTD-T, about 80% of FHVs with PrivateHunt have an

idle mileage rate smaller than 20%. In these two methods, RHC becomes worse after about idle mileage rate of

10%. While the random curve has more than 95% of FHVs having an idle mileage rate larger than 20%. In short,

PrivateHunt has a slightly better performance than RHC and much better than Random in these 6 methods. From

the study of the performance of PrivateHunt on these 6 algorithms, we see that it reduces the idle mileage rate

enormously, which improves the profit of the drivers of FHVs significantly.

7.3.2 Waiting time. Fig.16(a) to Fig.16(f) show Cumulative Distribution Function of the passenger waiting

time. The X-axis is the waiting time of passenger and the Y-axis is the percentage in CDF. The performance of a

method is better if its curve is on the upper side compared with that of another one.

(a) Greedy-P (b) Greedy-V

(c) HUN (d) SCRAM

(e) NSTD-P (f) NSTD-T

Fig. 16. Waiting time distribution
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In the curves of Greedy-P and Greedy-T, the performances of PrivateHunt and Random are almost the same.

The RHC curve is lower than other two curves. In the curves of Hun, PrivateHunt has a very close performance

to RHC and outperforms Random with a waiting time from 5 minutes to 15 minutes. For SCRAM, with a waiting

time from 10 minutes to 20 minutes, the performance of Random is better than that of PrivateHunt. In this

method, PrivateHunt also has the same performance with RHC. In the results of NSTD-P and NSTD-T, RHC

outperforms PrivateHunt by 2% before the waiting time of 20 minutes. PrivateHunt has smaller waiting time

than Random and 90% of passengers have a waiting time smaller than 20 minutes, while that of Random is about

85%. The result in the comparison of waiting time is caused by that, PrivateHunt FHVs focus on the places with a

higher probability with passenger requests, leading to the passengers in places with lower probability waiting

longer. Even so, in the comparisons of waiting time, PrivateHunt still has better performance on NSTD-P and

NSTD-T algorithms than Random and has a very close performance in HUN and SCRAM and better performance

in Greedy-P compared with RHC. In summary, PrivateHunt has a slightly better performance in the reduction of

waiting time than that of Random and has similar performance with RHC.

7.4 Impact of Cities

To study the impact of different cities on the performance of PrivateHunt, we implement it on the dataset of New

York City. Fig. 17 gives the comparison of idle mileage rate and waiting time of PrivateHunt, RHC and Random

by using Greedy-V assignment algorithm. The result shows PrivateHunt is robust. It also reduces the idle mileage

rates for the FHVs on NYC, especially in the interval from 45% to 50% of idle mileage rates. For the waiting time,

PrivateHunt still has similar performance compared with that of the two baselines.

Fig. 17. Implementing On NYC

7.5 Impact of Days of Week

To study the impact of different days in one week, we also implement PrivateHunt with 6 algorithms on one-week

datasets in Shenzhen City. Similar to the last section, we first show the result of idle mileage rate, followed with

waiting time for passengers.

7.5.1 Idle mileage rate. Fig.18 shows the result of comparison of average idle mileage rates of PrivateHunt and

Baseline. The X-axis is the days in one week and Y-axis is the average idle mileage rates. The lower the average

idle mileage, the better the performance.

The performance of PrivateHunt on idle mileage rates is better than RHC and Random in the algorithms of

Greedy-T, HUN, SCRAM, NSTD-P, and NSTD-T. In Greedy-P, RHC is better than PrivateHunt by having about
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idle mileage rate of 1%. However, in the rest of algorithms, PrivateHunt is better. In the curves of the later four

algorithms, PrivateHunt reduces average idle mileage rates of days in a week about 30% compared with Random

and about 5% compared with RHC. Therefore, PrivateHunt performances well on different days in the metric of

idle mileage rate.

(a) Greedy-P (b) Greedy-V

(c) HUN (d) SCRAM

(e) NSTD-P (f) NSTD-T

Fig. 18. Idle mileage rate distribution in one week

7.5.2 Waiting time. Fig.19 shows the average waiting time of passengers during one week for PrivateHunt

and Baseline on these 6 assignment algorithms. The X-axis is the days in one week and Y-axis is the average

waiting time. The lower the average waiting time, the better the performance. The results show that RHC has a

much worse performance in the average waiting time compared with the other two strategies. In the results of
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Greedy-P and Greedy-T, the differences between PrivateHunt and Random are very small. In contrast, in the

algorithms of HUN, SCRAM, NSTD-P, and NSTD-T, PrivateHunt reduces waiting time about 2 minutes in average

during the weekday and in the weekend, PrivateHunt is still better than Random. In summary, PrivateHunt has a

better performance on passenger waiting time than RHC and Random with the algorithms we implemented.

(a) Greedy-P (b) Greedy-V

(c) HUN (d) SCRAM

(e) NSTD-P (f) NSTD-T

Fig. 19. Waiting time distribution in one week
7.6 Summary

In summary, PrivateHunt has a significant improvement in reducing the idle mileage rate. With PrivateHunt,

the drivers of FHVs will spend less time on driving without any income. Compared to the outstanding effect on

reduction of idle mileage, PrivateHunt has limited improvement in reducing the passenger waiting time. This is

because (i) by using PrivateHunt, FHVs will focus on some places, while people who are not in the place will

spend more time to wait for an FHV, (ii) the number of FHVs is much smaller than that of passengers, which

means the places with a higher probability of passenger requests will consume most of the FHVs.
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8 RELATED WORK

Vehicle dispatching systems have been proposed along with and wide adoption of real-time GPS devices [53] and

the development of intelligent transportation systems [22]. The most related work to our PrivateHunt system is

taxi dispatching where passenger demand and taxi supply are modeled by taxicab GPS data. The related work

can be classified into two categories.

8.1 Modeling Demand and Supply

Based on GPS data from a metropolitan area, Zheng et al. [52] [47] present several novel models to capture urban

transportation demand and supply. Ge et al. [15] [14] present models to recommend a taxicab driver with a

sequence of pick-up points so as to maximize the profit, via a centralized solution. Phithakkitnukoon et al. [28]

employ the naive Bayesian classifier with an error-based learning approach, which can obtain the number of

vacant taxicabs at a given time and location to enhance the dispatching system. Balan et al. [3] provide a system

allowing taxicab passengers to query the expected duration and fare of a planned trip based on previous trips.

Yang et al. [45] propose a model for urban taxicab services, which indicates the vacant and occupied taxicab

movements as well as the relationship between passengers and taxicab waiting time. Yamamoto et al. [44] present

an adaptive routing scheme and a clustering scheme to enhance dispatching system via assigning vacant taxicabs

to the locations with a high expected potential passengers number adaptively. Chang et al. [7] propose a model

that can predict taxicab demand distribution based on weather condition, time and locations.

Besides the literature on data mining community, there are some studies about the demand and supply of

FHV from other communities. [26] explores the impact of FHV on the taxi industry by leveraging the dataset

of taxicabs of Shenzhen and claims that the taxi industry in Shenzhen has experienced a significant loss. [30]

states that besides taxicabs at least half of FHV trips replaced modes including public transit and driving. [31]

studies the MTA data in NYC and found that FHVs drag public transit use down. [9] found that Uber drivers

drive more at times when earnings are high, and flexibly adjust to drive more at high surge times. The above

literature from transportation and economic communities suggest that despite similar, the dispatch systems for

taxicabs is inappropriate for FHVs.

Compared to the above data-driven systems, PrivateHunt is different in the objective. Our objective is to provide

a dispatching service for FHV whereas the most existing work has been focused on commercial vehicle networks.

Technically, our dispatching is based on (i) a demand model driven by data from three urban transportation

systems, e.g., taxis, buses, and subway, whereas the most existing work is focused on single modalities; (ii) a

supply model is driven by data from a large-scale FHV network; whereas the most existing work is focused on

commercial vehicle networks with different mobility patterns.

8.2 Dispatch Strategies

Powell et al. [29] propose an approach to suggest profitable grid-based locations for taxicab drivers by constructing

a profitability map where according to the potential profit calculated by the historical data, the nearby regions

of the driver are scored serving as a metric for a taxicab driver decision making process. Gonzalez et al. [17]

compute the fastest route by taking into account the speed and driving patterns of taxicabs, which are obtained

from historical GPS trajectories. Ziebart et al. [54] utilize GPS trajectories obtained from 25 taxicabs, instead

of providing the fastest route for drivers, aiming to predict the destination of drivers. Aslam et al. [1] design a

method to model city-scale traffic based on a large-scale vehicular sensor network. Li et al. [23] study how to

find passengers via several strategies for taxicab drivers in Hangzhou. Wu et al. [43] propose a system to assist

mobile users in making transportation decisions based on demand and supply, such as taking a taxicab or not. In
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addition to taxicab systems, some work on mobility demand and supply has also been focused on other transporta-

tionmodalities, e.g., buses [4], subways [21], and private vehicles [16], as well as cell phone networks [19] [11] [20].

Most of the previous work [50] [49] is designed for taxicabs, whereas the mobility features of FHVs are

significantly different with taxicabs. Even though some work [51] provide dispatch algorithms by considering

features from the FHVs aspect, they lack the support from both the demand side and supply side. In spite of

there are several papers about analysis on FHV data, they mostly are based on small-scale partial data and lack

an integration of urban public and private transportation data [27] [8] [38]. Experimentally, our system is at

least one or two orders of magnitude larger than existing academic experimental systems (e.g., GreenGPS [13],

BusNet [10] and EasyTracker [5]), outperforming the existing systems in both system variety and scale.

9 DISCUSSION

Due to the high sensitivity of the data for human mobility study, we took two steps for privacy protections. (i)

Anonymization: Before providing to us, all data with identifiable IDs, such as SIM card IDs, plate number or

smart card IDs, are anonymized by the service providers who are not involved in this project. They replace the

IDs with a serial identifier during the analyses. (ii) Aggregation: All the data obtained by PrivateHunt are given

with the origin and destination information, ignoring the intermediate trajectory data.

10 CONCLUSION

In this paper, we introduce PrivateHunt, a cruising system for FHV services based on multi-source urban systems

in real time. Our efforts lead to a few valuable insights for fellow researchers to design and implement real-time

data-driven models for private vehicle hiring services. Specifically, these insights are that (i) heterogeneous urban

transportation systems provide complementary data, which can be intelligently integrated together to model

potential passenger demand for FHV services; (ii) an individual-based supply model capture the driving habit of

private vehicle drivers to model transit supply for private vehicle hiring services; (iii) a dispatching strategy based

on demand/supply modeling driven by multi-source urban data has potential to significantly reduce idle mileage

for private drivers to find their passengers; (iv) while it is challenging to model and calibrate national-scale traffic

models, it is more challenging to negotiate with service providers for data. We will share our data for the benefit

of IMWUT community for urban-scale demand and supply modeling.
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