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Top-k Vehicle Matching in Social Ridesharing:
A Price-aware Approach

Yafei Li, Ji Wan, Rui Chen, Jianliang Xu, Xiaoyi Fu, Hongyan Gu, Pei Lv, and Mingliang Xu

Abstract—In the past few years ridesharing has largely reshaped the transportation marketplace. It is envisioned as a promising
solution to transportation-related problems in metropolitan cities, such as traffic congestion and air pollution. In the current ridesharing
research, social ridesharing, which makes use of social relations among drivers and riders to address safety issues, and dynamic
pricing are two active directions with important business implications. Simultaneously optimizing social cohesion and revenue is vital to
a commercial ridesharing platform’s sustainable development, which, however, has not been previously studied. In this paper, we first
present a new pricing scheme that better incentivizes drivers and riders to participate in ridesharing, and then propose a novel type of
Price-aware Top-k Matching (PTkM) queries which retrieve the top-k vehicles for a rider’s request by taking into account both social
relations and revenue. We design an efficient algorithm with a set of powerful pruning techniques to tackle this problem. Moreover, we
propose a novel index tailored to our problem to further speed up query processing. Extensive experimental results on real datasets
show that our proposed algorithms achieve desirable performance for real-world deployment.

Index Terms—Price revenue, social ridesharing, location-based services, query processing, social acquaintance.

F

1 INTRODUCTION

IN the past few years ridesharing has largely reshaped
the transportation marketplace. We have witnessed the

burgeoning of several major commercial ridesharing plat-
forms, such as Uber [31], Lyft [20], and DiDi [12]. Revenue
in the global ridesharing segment amounts to 60 billion
US dollars in 2018 and is expected to reach 109 billion in
2022, showing an annual growth rate of 16.3% [2]. More
broadly, ridesharing is envisioned as a promising solution
to transportation-related problems in metropolitan cities,
such as traffic congestion and air pollution, and hence has
been attracting substantial research interest. In the current
ridesharing research, social ridesharing and dynamic pricing
have been two active directions with important business
implications.

Safety is a top priority of every ridesharing company.
Safety incidents have already shifted all major ridesharing
service providers to the center of public opinion [1]. Failure
to effectively address safety concerns will largely undermine
users’ trust in ridesharing services. The concept of social
ridesharing was consequently proposed to establish trust
and accountability between drivers and riders, which con-
duces to resolving the notable barriers including social dis-
comfort and safety concerns when traveling with strangers.
The general idea of social ridesharing is to enforce certain
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social relations among drivers and riders by leveraging
an underlying social network. Several recent works have
started to tackle the trust issue in ridesharing services [11],
[18], [24]. The techniques proposed in [24] include the adop-
tion of a reputation-based system and user profile checking
via linking social networks such as Facebook. A limitation of
this approach is that it requires significant involvement from
participants, making it less practical for real-world services.
Cici et al. [11] and Li et al. [18] suggest to enforce certain
social acquaintance relations when forming a ridesharing
group. However, the social constraints given in [11] and
[18] are overly restrictive, which hinders their application
to real-world ridesharing services.

Social concerns are just one aspect of the ridesharing
problem. For commercial ridesharing platforms, pricing
schemes are an equally important facet. A good pricing
scheme can directly improve user engagement, better mo-
tivate drivers and increase revenue. The current pricing
schemes of commercial ridesharing platforms are static in
the sense that a rider’s fare is determined in advance and
cannot change during the whole trip even when the vehicle
picks up new riders on the fly. Recently, several studies [5],
[9] have attempted to solve the dynamic pricing optimiza-
tion problem in ridesharing. Their schemes aim at maximiz-
ing a platform’s revenue which is modeled as the differ-
ence between riders’ fares and drivers’ incomes. A driver’s
income is proportional to his/her travel distance, and a
rider’s fare is a function of the shortest distance between
his/her pick-up and drop-off locations and the amount of
detour. While this pricing scheme is generally insightful, we
observe several counterintuitive results in practical settings.
First, the scheme prefers the vehicle generating the highest
revenue instead of the vehicle bringing the maximal revenue
increase. This fact might, unfortunately, lower the platform’s
revenue. Second, since a driver’s income is tied to the travel
distance, it would reduce the incentive to pick up a new
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rider with a trip on the driver’s current schedule, which is
intuitively a desirable ridesharing assignment. Similarly, a
driver would not be motivated to pick up multiple riders
with the same pick-up and drop-off locations as his/her
income is identical to that of picking up just a single rider.
Third, if a driver is not incentivized to pick up riders with
a small amount of detour, riders will suffer longer waiting
time, which lowers the platform’s service quality. As such,
we devise a new pricing scheme to address the above
concerns.

While there is no doubt that social ridesharing and
dynamic pricing are two desirable features that should be
offered simultaneously in real-world ridesharing services, to
the best of our knowledge, there is no prior research study-
ing how to combine them in a practical way. In this paper,
we propose a novel type of price-aware social ridesharing
queries, called Price-aware Top-k Matching (PTkM) query,
which integrates a novel pricing scheme into social rideshar-
ing services to identify the best candidate vehicles. Specif-
ically, a PTkM query takes three input parameters r, tpr ,
and k, where r is a rider, tpr is r’s trip request, and k is
the number of returned vehicles. The trip request tpr can be
represented as (lpr , l

d
r , t

p
r , t

w
r , d

c
r), where lpr denotes the pick-

up point, ldr the drop-off point, tpr the desired pick-up time,
twr the maximum waiting time, and dcr the tolerable detour
rate. Given an underlying social network, a PTkM query
returns the top-k vehicles that represent the best choices for
the platform in terms of revenue and social cohesion while
satisfying various constraints (e.g., twr and dcr).

The convergence of dynamic pricing and social rideshar-
ing brings new challenges. First, the social constraints used
in prior work are overly restrictive, which will lower the
possibility of forming a ridesharing group when dynamic
pricing is also under consideration. Designing a flexible
social model is a vital ingredient to improve the usability
of ridesharing. Second, simultaneously optimizing pricing
and social factors is computationally prohibitive, especially
in a practical setting where thousands of vehicles need to
be processed in real time. In this paper, we propose a highly
efficient algorithm with a set of effective pruning techniques
to retrieve the top-k matching vehicles. To further accelerate
query speed, we also design two novel safe-region-based
spatial index structures called SR-QTree and ESR-QTree for
processing PTkM queries. The major contributions of this
paper are summarized as follows.

• We formally define a novel type of PTkM queries that
combines both social and pricing aspects in rideshar-
ing to return desirable vehicles. As suggested by
our user survey results, considering both social and
pricing factors is of important business values for
commercial ridesharing platforms.

• We propose a new pricing scheme that better mo-
tivates drivers, increases a commercial ridesharing
platform’s revenue, and possibly lowers riders’ wait-
ing time.

• We propose an efficient PTMFinder algorithm to
answer PTkM queries. We further improve query
performance by exploring a set of effective pruning
techniques and an early stop condition to accomplish
the searching process as quickly as possible.

TABLE 1: Summary of Notations

Notation Definition

Gs=(Us, Es) a social network with user set Us and relation set Es.
Gn=(Ln, En) a road network with location set Ln and road set En.
r, d, v a rider, driver, and vehicle, respectively.
V the set of vehicles moving on the road network.
Gv a user set including the members of v.
tpr the trip plan of the rider r.

lpr , ldr
the pick-up and drop-off points of r’s trip plan,
respectively.

tpr , twr , dcr
the pick-up time, maximum waiting time, maximum
detour rate of r’s trip request, respectively.

dcv the maximum detour rate of a vehicle v.
dv the available detour distance of a vehicle v.
lcv the current location of a vehicle v.
Sv the schedule of a vehicle v.
Π(Sv) the road network distance of Sv .
π(·, ·) the road network distance between two points.
πv(·, ·) the actual travel between two points.
f(r, Sv) the ridesharing fare of a rider r.
∆r the actual detour distance when r shares a ride.
∆v the extra detour distance for v boarding a rider.
R(r, v) the revenue of v generated by boarding rider r .
h(·,·) the number of hops between two users.
SC(r, v) the social cohesion of v boarding rider r.
Rank(r,v) the ranking score of v boarding rider r.
ξ the maximum speed limit of the road network.
τ (l) the time window of a point l in Sv .
sv the number of available seats in v.
πmin(·,·) the minimum distance between the points or entries.
Rankub(r,v) the ranking upper bound when v carries r.

• We design a novel index structure called SR-Qtree
and its variant ESR-Qtree to encode a set of provable
safe regions (i.e., reachable areas), time constraints,
and the bounds of revenue and social cohesion. They
endow PTMFinder with extra pruning capabilities.

• We have conducted extensive experimental evalua-
tions using real-life datasets. The experimental re-
sults demonstrate the efficiency and effectiveness of
our proposed solution.

The rest of this paper is organized as follows. Sec-
tion 2 introduces our new pricing scheme and formalizes
the PTkM query problem. Section 3 details the baseline
PTMFinder algorithm and an advanced algorithm. Section 4
presents the designs of a basic SR-Qtree and the enhanced
ESR-Qtree. We evaluate the performance of our proposed
algorithms in Section 5. Section 6 reviews the related works.
Finally, we conclude this paper and discuss future work in
Section 7.

2 PROBLEM FORMULATION
In this section, we present some preliminaries and provide
the problem statement, followed by an example to illustrate
the proposed problem. Table 1 gives a summary of the
notations used in this paper.

2.1 Framework
In this paper, we focus on a new ridesharing service called
Hitch [28] which has been widely adopted in major rideshar-
ing platforms, including Uber [31], Lyft [20], and DiDi [12].
In this service, there are a large number of part-time drivers
who are vehicle owners willing to offer rides to riders. A
vehicle’s origin and destination are the same as those of the
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driver. If some riders share a ride with the driver, the driver
departures from his/her origin, then picks up them from
their pick-up points and drops off them to their drop-off
points, and finally drives to the driver’s destination.

The general framework of the PTkM query service is
illustrated in Fig. 1. Our proposed ridesharing system con-
sists of three parties: (i) riders (or passengers) who want to
participate in ridesharing, (ii) drivers (or private car owners)
who offer ridesharing, and (iii) ridesharing service provider
(RSP) (or the server) in charge of arranging ridesharing trips.
The riders submit ride requests to the RSP, while the drivers
send in ride offers. In other words, a ride request submitted
by a rider forms a PTkM query; the ride offers submitted
by drivers form the data space (or search space). The RSP
identifies the best ride matchings by jointly considering trip
matching, social cohesion, its revenue increase as well as
the capacity of a vehicle. The RSP dynamically maintains all
active ride offers. Once it receives a ride request from a rider,
the RSP will match the most suitable top-k drivers with the
highest ranking scores to the rider. The rider can then select
one of the k options as his/her final choice.

We remark that this service model has been adopted
by many ridesharing companies such as Didi [12] and
Yidao [37], as it provides practical benefits to riders. There
are a lot of factors that may affect users’ ridesharing expe-
rience, for example, the actual waiting time, the actual fare,
vehicles’ makes, and drivers’ ratings. Riders’ preferences for
these factors are highly personalized and are difficult for the
RSP to model as a whole. Therefore, providing top-k drivers
will provide riders more flexibility to choose the best driver
according to their personalized preferences.

Fig. 1: A System Framework of PTkM Query Service

2.2 Problem Definition
A PTkM query is defined over a vehicle set V , a social
network Gs=(Us, Es), and a road network Gn=(Ln, En).
For the social network Gs, each vertex u ∈ Us is a user
(i.e., driver or rider) and each edge e ∈ Es denotes an
acquainted relation between the two users it links. For
the road network Gn, each vertex l ∈ Ln represents an
intersection and each edge e′ ∈ En denotes a road segment
between two intersections. Each rider r issues a trip request
as a tuple tpr = (lpr , ldr , tpr , twr , dcr), where lpr denotes the
pick-up point, ldr the drop-off point, tpr the desired pick-up
time, twr the maximum waiting time, and dcr the tolerable
detour rate. Each vehicle v ∈ V is associated with four
parameters: the current location lcv , a set of users Gv already
onboard, the maximum detour rate dcv , and the number of
available seats sv . In the sequel, we use either the terms
trip and ride request or driver and vehicle interchangeably.
After the RSP receives a ride request, it returns the top-k

most suitable vehicles by maximizing its revenue and social
cohesion while satisfying various constraints.

Before giving the formal definition of a PTkM query, we
need to present a novel pricing scheme to quantify the fare
of a rider and the revenue of a vehicle, which addresses
the limitations of the existing pricing scheme. The first
definition we introduce is the schedule of a vehicle.

Definition 1. (Schedule) The schedule of a given vehicle v is
a sequence of location points ordered by time Sv = (l1, l2, · · · ,
l2|Gv|), where |Gv| is the number of users in v and li represents
the pick-up or drop-off point of a user in v. In particular, l1 and
l2|Gv| denote the driver’s origin and destination, respectively.

Note that a schedule Sv of vehicle v is valid if it satisfies
the following constraints: (i) Order-based constraint. For
each rider r in v, lpr should precede ldr in Sv . (ii) Waiting
time constraint. For each rider r in v, v can reach r’s pick-
up point lpr in the time duration from tpr to tpr + twr ; (iii)
Detour constraint. The actual travel distance πv(lpr , l

d
r) in Sv

for each rider r in v should be no more than r’s longest
tolerable travel distance (1 + dcr) · π(lpr , l

d
r), where π(lpr , l

d
r)

is the shortest path distance between points lpr and ldr . (iv)
The actual detour distance of v in the whole trip should not
exceed v’s maximum detour distance. Furthermore, we say
a schedule Sv is optimal if the total travel distance Π(Sv) of
Sv is minimum. Next, we give the definitions of the fare of
a rider and the revenue of a vehicle.

Definition 2. (Fare of a Rider) Given a vehicle v, the fare of a
rider r in Gv is

f(r, Sv) = π(lpr , l
d
r) · θ(∆r) · κ, (1)

where θ(·) is a monotone function of price discount with value
range [0, 1], κ is the per kilometer price, and ∆r = πv(l

p
r ,l

d
r)

π(lpr ,ldr)
-

1 denotes the actual detour ratio when r shares a ride in v. The
bigger ∆r is, the more discount r receives.

Without loss of generality, our pricing model is intro-
duced based on a static road network. However, in some
cases, it is also desirable to calculate the fare in terms of
travel time. Note that our proposed algorithms can also be
extended to time-aware road networks where the travel time
can be approximated by the travel distance and the travel
speed [9], [21], [23], [30] or estimated in real time using
travel time prediction techniques [29], [33].

Definition 3. (Revenue of a Vehicle) Consider a vehicle (or
driver) v and a rider r. Let S′v and Sv be the schedules with
and without boarding r, respectively. The revenue of v generated
by boarding r is

R(r, v) =
∑

r′∈(r∪Gv−v)

f(r′, S′v)−
∑

r′∈(Gv−v)

f(r′, Sv)− τ ·∆v.

(2)
Here

∑
r′∈(r∪Gv−v) f(r′, S′v)−

∑
r′∈(Gv−v) f(r′, Sv) gives the

revenue increment when v chooses to board r, ∆v is the extra
detour distance for v to pick up and drop off r, τ is a fixed per
kilometer maintenance cost, and τ ·∆v is the extra maintenance
cost for v due to picking up and dropping off the new rider r.

The RSP gets a cut with a fixed rate in the form of roy-
alties on each vehicle’s revenue. In this case, the platform’s
revenue is proportional to all vehicles’ total revenue. For
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this reason, in the rest of this paper we do not explicitly
distinguish the platform’s revenue from vehicles’ revenue.

We argue that Definitions 2 and 3 provide a more rea-
sonable pricing scheme benefiting all three parties in the
ridesharing service (i.e., the service platform, riders and
drivers) from at least three aspects: (i) Unlike the static
pricing schemes used by existing commercial platforms, our
pricing scheme is dynamic so that riders can gain an extra
fare discount when there is a detour to pick up and drop
off other riders; (ii) Drivers are better incentivized to pick
up riders with a small amount of detour, which is a natural
ridesharing assignment. This may also lead to shorter wait-
ing time for riders; (iii) Compared with the existing dynamic
pricing schemes [5], [9], for a ride request our scheme selects
the vehicle that brings maximal revenue increase instead of
maximal revenue, which is guaranteed by Theorem 1. For
ease of explanation, we also illustrate the difference between
these two pricing schemes in Example 1. As such, our
pricing scheme can well address the counterintuitive results
of the existing dynamic schemes discussed in Section 1.

Theorem 1. Consider a vehicle set V. Let R(V) and R’(V) be
the total revenues of RSP that serves a single ride request r
with the goals maximum revenue increase and maximum revenue,
respectively. Then we have R(V)≥R’(V).

Proof. The proof can be found in Appendix A.1.

Example 1. Consider two vehicles v1 and v2. Suppose the current
revenue of v1 is 10 and the current revenue of v2 is 3. Given a
new ride request r, assume the revenue of v1 becomes 11 when
v1 serves r and the revenue of v2 becomes 6 when v2 serves r.
If the goal is to return the vehicle with the maximal revenue,
v1 should be the query result because v1’s revenue 11 is larger
than v2’s revenue 6. The resulting total revenue of the platform
is 11 + 3 = 14. If the goal is to return the vehicle with the
maximal revenue increase, v2 should be the query result because
v2’s revenue increase 6−3 = 3 is larger than v1’s revenue increase
11− 10 = 1. In this case, the revenue of the platform is 10 + 6 =
16. This example illustrates the benefit of considering revenue
increase, instead of revenue itself.

Next we discuss the social constraint used in PTkM
queries.

Definition 4. (Social Cohesion of a Vehicle) Given a vehicle v
with the set of onboard users Gv , the social cohesion of v resulted
from adding a new rider r is

SC(r, v) =
|Gv| · (|Gv|+ 1)∑

r′∈r∪Gv
∑
r′′∈r∪Gv h(r′, r′′)

, (3)

h(r′, r′′) is the shortest social distance between the users r′ and
r′′ in the social network.

Intuitively, the social cohesion of a vehicle is the average
number of hops among all pairs of users in the underlying
social network, which has been widely used to measure the
social cohesion of a group in many existing works [14], [25],
[27], [34].

Definition 5. (Matching) Given a set of vehicles V and a set of
riders R, we call (r, v) ∈ R×V a matching if v has available seats
and can pick up and drop off r according to r’s trip constraints
while not violating v’s existing riders’ trip constraints.

To quantify the extent of a vehicle v matching the rider
r, we adopt the following widely used ranking function [4],
[8], [14], [19]:

Rank(r, v) = α · R(r, v)

maxP
+ (1− α) · SC (r, v), (4)

where α ∈ [0, 1] is a user-specified coefficient used to adjust
the trade-off between revenue and social cohesion, maxP is
the maximum revenue increase that a single ride request can
bring to the RSP, which is computed from all users’ historical
ride requests. In the definition of ranking function Rank(r,
v), we measure the matching of request r and vehicle v by
combing two factors: revenue increase R(r, v) and average social
distance SC(r, v). Since the value of SC(r, v) is in the range of
[0, 1] and the value of R(r, v) is in the range of [0, maxP]. To
fairly measure these two factors and keep them in the same
range, we use maxP to normalize R(r, v) to the range of [0,
1].

Definition 6. (PTkM query) Given a rider r and a set of vehicles
V , a PTkM query is a tuple q = (r, k, tpr) where tpr is a trip
request issued by r that retrieves the top-k matchingsM ⊂ r×V .
For each (r, v) ∈M , it holds that Rank(r, v) ≥ Rank(r, v′) for
any (r, v′) ∈ r × (V −MV ), where MV is the set of vehicles in
M .

We illustrate the idea of PTkM queries using the example
below.

Example 2. Given a set of vehicles V = {v1, v2, v3} moving in
the road network, the table in Fig. 1 presents the revenue and social
cohesion resulted from adding a rider r for each v ∈ V . Consider
a top-1 PTkM query q = (r, 1, tpr). Assume that the value of
α preferred by r is 0.5. We can calculate the ranking scores of
v1, v2, and v3: Rank(r, v1) = 0.5 × 0.7 + 0.5 × 0.8 = 0.75,
Rank(r, v2) = 0.5×0.4+0.5×0.8 = 0.6, and Rank(r, v3) =
0.5× 0.7 + 0.5× 0.5 = 0.6. Therefore, v1 is returned as the final
answer to q.

In practice, the RSP receives and processes PTkM queries
in a streaming fashion. Ideally, the RSP’s objective is to max-
imize the sum of the ranking scores of the answers returned
by all PTkM queries in the entire query stream. We call this
problem the Total Ranking Optimization of all PTkM queries
(TROP). In Theorem 2, we prove that the TROP problem is
NP-hard by a reduction from an existing NP-hard problem,
the Total Distance Optimization Taxi Ridesharing (TDOTR)
problem [23].

Theorem 2. The problem of TROP is NP-hard.

Proof. The proof can be found in Appendix A.2.

Since the TROP problem is NP-hard and PTkM queries
need to be answered in real time, we solve the TROP
problem in a greedy manner. Concretely, we find the exact
optimal solution to each PTkM query in real time, with
the intent of finding the global optimal solution to all
PTkM queries in the entire query stream. Nevertheless, we
also provide a new theorem (Theorem 3) to analyze the
competitiveness, we have proved that there exists no c-
competitive (c > 0) deterministic online algorithm for the
PTkM query problem. In the next two sections, we study
how to efficiently process each individual PTkM query. This
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is mainly achieved by a set of effective pruning techniques
developed in Section 3 and a novel index structure proposed
in Section 4.

Theorem 3. There exists no c-competitive (c > 0) deterministic
online algorithm for the PTkM query problem.

Proof. The proof can be found in Appendix A.3.

3 PROPOSED ALGORITHMS

In this section, we first present the basic algorithm named
PTMFinder with a general framework of filtering and veri-
fication for obtaining the optimal top-k vehicles to a PTkM
query, and then optimize PTMFinder with several pruning
techniques and an early stop condition. Note that all algo-
rithms proposed in this paper are based on distance-aware
road networks.

3.1 PTMFinder Algorithm
Given a PTkM query q = (r, k, tpr), the general framework
of PTMFinder first filters out the vehicles which cannot
arrive at the pick-up point within the maximum waiting
time. After that, a verification step is conducted to select
the most suitable top-k vehicles according to their ranking
scores.

To efficiently retrieve the top-k vehicles which can pick
up the rider within the specified waiting time duration, we
build a quadtree [26] (as illustrated in Fig. 2) to index all
moving vehicles in the road network. Each level of grids
in the quadtree divides the road network into a collection
of contiguous entries where each entry is a square with a
unique identifier. Moreover, each non-leaf entry has four
child entries, and each leaf entry in the lowest level of the
quadtree is associated with a set of vehicles moving in this
square. The search process is similar to the typical range
search on the quadtree [26].

 

e1 e2 e3 e4

e5 e6 e7 e8

e9 e10 e11

e13 e14 e16e15

e12

Fig. 2: An example of quadtree

Algorithm 1 gives the pseudo code of PTMFinder. It first
creates a priority queue qu and initializes qu with the root
of the quadtree qtree, where the priority score of qu is the
minimum distance to the pick-up point lpr . It also initializes
a vehicle set V ′ to store the vehicles left in the filtering
step and a sorted vehicle list H to hold the final top-k
vehicles in the verification step (Lines 1–3, Algorithm 1).
Then Algorithm 1 iteratively processes each entry e in qu.
If e is a leaf entry, it checks the distance π(lpr , l

c
v) between

lpr and each vehicle v in e. If π(lpr , l
c
v) is less than or equal

to twr · ξ, where ξ is the maximum speed limit of the road
network1 and lcv is v’s current location, and the number of

1. Since a vehicle’s moving speed on a road network is subject to
many factors, e.g., legal speed limit of the road network, driver’s
experience, road congestion, weather condition, etc., which are hard
to model as a whole. Thus, in this paper we follow the previous works’
assumptions [22], [23], [36], which assume a vehicle’s moving speed is
the maximum speed limit of the road network.

Algorithm 1 PTMFinder
Input: Rider r, trip request tpr=(lpr , l

d
r , t

p
r , t

w
r , d

c
r), quadtree qtree,

road network Gn, social network Gs

Output: the top-k matched vehicles
1: Create a new priority queue qu;
2: qu.enqueue(qtree.RootNode, 0);
3: Initialize an empty sorted list H and an empty set V ′;
4: while qu 6= ∅ do
5: Entry e← qu.dequeue();
6: if e is a leaf entry then
7: for each vehicle v in e do
8: if sv > 0 and π(lpr , l

c
v) ≤ t

w
r · ξ then

9: V ′.add(v);
10: else
11: if e is a non-leaf entry then
12: for each child entry e′ of e do
13: if e′ contains a vehicle then
14: if πmin(l

p
r , e

′) ≤ twr · ξ then
15: qu.enqueue(e′, πmin(l

p
r , e

′));
16: while V ′ 6= ∅ do
17: Vehicle v ← V ′.dequeue();
18: Sv← compute the new schedule of v serving r;
19: if Sv = ∅ then
20: continue;
21: if |H| < k then
22: H.add(v);
23: else
24: Vehicle v′ ← the k-th vehicle in H ;
25: if Rank(r, v) > Rank(r, v′) then
26: H.remove(v′);
27: H.add(v);
28: return H ;

v′s available seats sv is more than 0, v is added into V ′. If e
is a non-leaf entry with at lease one vehicle, for each child
entry e′ of e, it computes the minimum distance between lpr
and e′, denoted by πmin(lpr , e

′). If πmin(lpr , e
′) is less than or

equal to twr · ξ, e′ is enqueued into qu. This completes the
filtering step (Lines 4–15, Algorithm 1). After that, for each
vehicle v ∈ V ′, we use a branch and bound search algorithm
to find v’s optimal schedule when r boards v (Line 18,
Algorithm 1). If |H| < k, v is added into H . Otherwise, if
the ranking score Rank(r, v) is larger than the ranking score
of the k-th entry v′ in H , we remove v′ and insert v to the
proper position in H (Lines 21–27, Algorithm 1). Then, H is
returned as the final top-k vehicles (Line 28, Algorithm 1).
Complexity. Algorithm 1 performs filtering and verification
to retrieve the top-k results. The time complexity of the
filtering step is O(|V |), where |V | is the total number of
vehicles. In the verification step, it takes constant time to
find the optimal schedule for a vehicle because in practice
the number of available seats in a vehicle is usually small
(e.g., 5), and the time complexity of the verification step
is O(|H|), where |H| is the number of remaining vehicles
after the filtering step. Therefore, the time complexity of
Algorithm 1 is O(|V |+ |H|).
Discussion. As illustrated in Algorithm 1, given a PTkM
query, Algorithm 1 can find the top-k vehicles with respect
to the ranking score correctly. However, the search process
is still inefficient for two reasons: (i) Although the filtering
step discards many invalid vehicles which cannot pick up
the rider within its maximum waiting time, the search
process needs to enumerate all possible vehicles. (ii) It is
time consuming for the branch and bound search algorithm
to compute the schedule with minimum travel distance by
traversing all permutations of the points. To address these
weaknesses, we next present several strategies to accelerate
the search process.
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3.2 Advanced Algorithm

In this section, we present several pruning techniques to
reduce the search space and an early stop condition to
terminate the search process as early as possible.

In the sequel, we further optimize Algorithm 1 from the
perspective of filtering. For the previous filtering step, we
utilize the maximum waiting time as the bound to filter
out the vehicles that cannot arrive at the pick-up point in
time. In fact, considering only the waiting time for filtering
is not adequate, because vehicles are also subject to detour
constraints which could prevent them from picking up new
riders. A vehicle v’s available detour distance, denoted by
dv , is dynamic and may decrease after picking up new
riders. dv can be computed as:

dv = (1 + dcv) · π(lpv, l
d
v)− πv(lpv, ldv), (5)

where lpv and ldv denote the vehicle v’s origin and destina-
tion. Accordingly, we have Theorem 4.

Theorem 4. A vehicle v is unqualified for a trip request tpr =
(lpr , l

d
r , t

p
r , t

w
r , d

c
r) if: (i) π(lpr , l

c
v) > twr · ξ, or (ii) σmax(v) <

π(lpr , l
d
r), where lcv is v’s current location, σmax is v’s maximum

travel distance and σmax(v) = πv(l
c
v, l

d
v) + dv .

Proof. The proof can be found in Appendix A.4.

Lemma 1. An entry e of the quadtree is unqualified for a trip
request tpr = (lpr , ldr , tpr , twr , dcr) if: (i) πmin(lpr , e) ≥ twr · ξ, or (ii)
σmax(e) < π(lpr , l

d
r), where σmax(e) is the maximum available

travel distance of the vehicles moving in e and can be computed
recursively based on the equation

σmax(e) =

{
MAX e′∈e(σmax(e′)) if e is non-leaf entry
MAX v∈e(πv(l

c
v, l

d
v) + dv) if e is leaf entry

.

Here, e′ is a child entry of e.

The proof of Lemma 1 is similar to that of Theorem 4
and hence is omitted here. Intuitively, even if a vehicle v’s
current location lcv is in the circle �(lpr , t

w
r · ξ) centering at lpr

with radius twr · ξ, it should still be pruned from the search
space if the current available travel distance σmax(v) of v
is less than π(lpr , l

d
r). The observation gives more pruning

power than the previous method. Lemma 1 achieves the
pruning power in a similar way to Theorem 4. The only
difference is that Lemma 1 allows to prune the unquali-
fied vehicles from higher grid levels (i.e., non-leaf entries),
which further enhances the pruning capability. However,
the whole processing still requires checking all the vehicles
and cannot terminate early enough. Therefore, we propose
an early stop pruning to further accelerate the search speed.
We derive an upper bound of the vehicle’s revenue increase
for taking a new rider in Theorem 5. The intuition is that
if the new rider’s pick-up and drop-off points are both in
the vehicle’s current schedule, the new rider will bring the
maximum revenue to the vehicle.

Theorem 5. The upper bound of a vehicle v’s revenue increase,
denoted by Rub(r, v), for taking a new rider r is

Rub(r, v) = πv(l
c
v, l

d
v) · κ. (6)

Proof. The proof can be found in Appendix A.5.

Algorithm 2 Advanced PTMFinder
Input: Rider r, trip request tpr=(lpr , l

d
r , t

p
r , t

w
r , d

c
r), quadtree qtree,

road network Gn, social network Gs

Output: the top-k matched vehicles
1: Create two new priority queues qu1, qu2;
2: qu1.enqueue(qtree.RootNode, 0);
3: Initialize an empty sorted list H ;
4: while qu1 6= ∅ do
5: Entry e← qu1.dequeue();
6: if e is a leaf entry then
7: for each vehicle v in e do
8: if sv > 0 and π(lpr , v) ≤ t

w
r · ξ then

9: if σmax(v) ≥ π(lpr , l
d
r) then

10: qu2.enqueue(v,Rankub(r, v));
11: else
12: if e is a non-leaf entry then
13: for each child entry e′ of e do
14: if e′ contains a vehicle then
15: if πmin(l

p
r , e

′) ≤ twr · ξ then
16: if σmax(e) ≥ π(lpr , l

d
r) then

17: qu1.enqueue(e
′, πmin(l

p
r , e

′));
18: while qu2 6= ∅ do
19: Vehicle v ← qu2.dequeue();
20: Sv← compute the new schedule of v serving r;
21: if Sv = ∅ then
22: continue;
23: if |H| < k then
24: H.add(v);
25: else
26: Vehicle v′ ← the k-th vehicle in H ;
27: if Rank(r, v′) ≥ Rankub(r, v) then
28: return H ;
29: else
30: if Rank(r, v) > Rank(r, v′) then
31: H.remove(v′);
32: H.add(v);
33: return H ;

To keep a tight ranking upper bound, we next discuss
how to derive the upper bound of the social cohesion of a
vehicle v in Theorem 6.

Theorem 6. The upper bound of the social cohesion of a vehicle
v, denoted by SCub(r ∪ Gv) of v, for taking a new rider r is as

SCub(r, v) =
|Gv| · (|Gv|+ 1)∑

ri∈Gv
∑
rj∈Gv h(ri, rj) + 2 · |Gv|

. (7)

Proof. The proof can be found in Appendix A.6.

Combining Theorems 5 and 6, we can derive the upper
bound of the ranking score for v taking a given rider r.

Lemma 2. The upper bound of the ranking score Rankub(r, v)
for a vehicle v taking a rider r is

Rankub(r, v) = α · πv(l
c
v, l

d
v) · κ

maxP
+

(1− α) · |Gv| · (|Gv|+ 1)∑
ri∈Gv

∑
rj∈Gv h(ri, rj) + 2 · |Gv|

.

Lemma 2 is a natural result due to Theorems 5 and 6.
We omit the proof here. Based on Lemma 2, we can easily
derive Lemma 3 that provides extra pruning capability for
ceasing the search process early enough.

Lemma 3. Given a sorted vehicle list Lv and a new rider r,
each vehicle v ∈ Lv is sorted in descending order according to its
ranking upper bound Rankub(r, v). The first k vehicles in Lv are
the top-k ranked vehicles if Rank(r, vk) ≥ Rankub(r, vk+1).

Algorithm 2 shows the pseudo code of the advanced
PTMFinder algorithm, which integrates the pruning tech-
niques discussed above with the baseline PTMFinder. In the
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beginning, we create an additional priority queue qu2 to
store the vehicles retained in the filtering step in descending
order of ranking upper bound (Line 1, Algorithm 2). Besides
the pruning techniques presented in Algorithm 1, for each
vehicle v or each entry e in qu1, we also check if v or
e satisfies the conditions presented in Theorem 4. If yes,
they will be enqueued into qu2 or qu1 (Lines 9–10, 16–17,
Algorithm 2). In the verification step, we add an additional
verification to implement the pruning strategy based on
Lemmas 2 and 3. If the ranking score of the current k-th
vehicle in H is more than the ranking upper bound of the
next vehicle to process, the search process will end and H is
returned as the final top-k results (Lines 27-28, Algorithm 2).
Otherwise, we repeat the process until the top-k vehicles are
found.
Complexity. Following a similar analysis to that of Algo-
rithm 1, we can learn that the time complexity of Algo-
rithm 2 isO(|V |+|H ′|), where |H ′| is the number of retained
vehicles. Due to the efficient pruning techniques and the
early stop condition, |H ′| is normally much smaller than
|H| in Algorithm 1. It follows that Algorithm 2 is much
more efficient than Algorithm 1.
Discussion. While the advanced PTMFinder has employed
several pruning techniques and an early stop condition to
optimize the filtering and verification procedures, it is still
possible to further improve the filtering mechanism. In the
next section, we show how to make use of a novel hybrid
index named SR-QTree and its variant ESR-QTree to further
improve the query performance.

4 HYBRID INDEX BASED APPROACH

Index is a widely used technique to optimize query perfor-
mance. Recently, several techniques [5], [9], [22] have been
introduced to process real-time ridesharing. However, none
of them can be adopted directly to solve our problem. In this
section, we design a novel Safe-Region Quadtree (SR-QTree)
index to further prune the search space and accelerate query
processing. In what follows, we first describe the concept of
Safe Region and then give details of the SR-QTree, followed
by a variant called Enhanced SR-QTree (ESR-QTree), and the
corresponding query processing.

4.1 Safe Region (SR)
The search module in the proposed PTkM service aims at
retrieving a small set of vehicles which can pick up and drop
off riders in time based on their trip requests. It is easy to
observe a necessary condition for a vehicle’s valid schedule:
the maximum travel distance of a vehicle should satisfy its
maximum detour constraint. Inspired by this observation,
we propose an efficient index structure called Safe Region
(SR) to filter the candidate vehicles. Intuitively, the SR of a
vehicle v consists of a set of leaf entries that are reachable as
per v’s schedule Sv . We formalize the concept of SR below.

Definition 7. (SR of a Vehicle) The SR of a vehicle v is a set
of leaf entries in the quadtree which overlaps any circle with the
center being a road intersection in the path of the vehicle’s schedule
Sv and the radius being the upper bound of v’s possible moving
distance due to the detour constraint.

Fig. 3 illustrates the SR of a vehicle v with the schedule
Sv = (lcv, l

p
r , l

d
r , l

d
v) in a simple road network, where the red

crosses denote pick-up/drop-off points in Sv , and the round
points denote the road intersections. The safe region SRv
contains the shaded leaf entries overlapping the circles.

Next, we discuss how to calculate SRv of a vehicle v. The
first step is to identify all road intersections in the path of Sv .
Once we have the intersections, the problem boils down to
calculating the circles’ radius ψ and finding the overlapping
leaf entries. Lemma 4 gives the formula to calculate ψ.

𝒍𝒗
𝒄

𝒍𝟏

𝒍𝒓
𝒑

𝒍𝟐

𝒍𝒓
𝒅

𝒍𝟑 𝒍𝒗
𝒅

Fig. 3: An example of safe region

Lemma 4. For a vehicle v, the upper bound of the radius ψ of a
circle at a road intersection is

ψ =
πv(l

c
v, l

d
v) + dv
2

, (8)

where lcv is v’s current location, ldv is v’s final destination, and dv
is v’s available detour distance.

Proof. The proof can be found in Appendix A.7.

To retrieve the leaf entries overlapping a circle, we need
to calculate the distance between the entry containing the
circle’s center point and its nearby entries. It is time con-
suming to frequently execute such calculations on the fly,
which is not applicable to real-time scenarios. To this end,
we propose to utilize a matrix to store the pre-computed
shortest distance between any two entries in each level of
the quadtree. Using this distance matrix can quickly filter
out the vehicles which violate the waiting time constraint.
The other advantage of maintaining such a matrix is that
the shortest distance between any two points (e.g., the
intersections of the road network) can be mapped into that
of two entries, we can quickly get a distance lower bound
of any two points, which is essential to reduce the cost of
many pruning techniques presented in this paper.

Lemma 5. Given a vehicle v and a new rider r, the vehicle v
cannot be a candidate to the final answer if the new rider’s pick-
up point lpr and drop-off point ldr are not both in SRv .

It is obvious that the vehicle v cannot be a candidate
vehicle to the rider r if v’s reachable area cannot contain
r’s pick-up and drop-off points. Lemma 5 tells that only
the vehicles whose safe region contains the rider’s pick-up
point and drop-off point would be the candidates to the final
answer. Next, we present how to build the SR-QTree based
on safe region concept.

4.2 SR-QTree
Using the safe region of a vehicle, we can quickly determine
whether it is a candidate for an arriving request. However,
we still need to explicitly check all vehicles to generate the
top-k results. Our insight is that it is possible to devise a
novel hybrid index SR-QTree that encodes aggregate safe
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region information into a quadtree structure so as to prune
unqualified vehicles in a batch manner. Specifically, each
node of an SR-QTree has four types of aggregate informa-
tion: an SR which is the union of all its child nodes’ SRs, the
upper bound of the maximum revenue increase, the upper
bound of the maximum social cohesion, and the upper
bound of the maximum travel distance, which describe the
properties of the group of vehicles moving inside the node.
A sample SR-QTree is given in the dashed rectangle in Fig. 4.

We take a bottom-up approach to efficiently generate the
SR of an entry in the SR-QTree. Specifically, the SR of a leaf
node is the union of the SRs of the vehicles inside it. For a
non-leaf node n, let n1, n2, · · · , nm be the child nodes of n.
The SR of n is SRn =

⋃i=m
i=1 SRni

.

Lemma 6. Given a PTkM query q = (r, k, tpr), all vehicles
rooted at n cannot be candidates to the final answer to q if any of
the pick-up point lpr and the drop-off point ldr are not in SRn.

Lemma 6 can be easily proved and hence is omitted
here. Lemma 6 provides a way to effectively prune invalid
vehicles on the high level of the SR-QTree. For a given node
n in the SR-QTree, if any of the pick-up and drop-off points
is not in n’s SR, then all the vehicles moving in n cannot be
the candidates to the final answer.

n

Maximum revenue 0.6

Maximum social cohesion 0.9

Maximum travel  distance 0.75

e1

en

...

n

𝝀𝟏
𝝀𝟐

𝝀𝒎

⋯

𝒆𝟏⋯𝒆𝒊
𝒆𝒊⋯𝒆𝒋
⋯

𝒆𝒌⋯𝒆𝒏

ESR-QTree

Mapping 𝐞 to 𝛌

SR-QTree

Fig. 4: An example of SR-QTree and ESR-QTree

In addition, each node n indexes two variables rMax
and sMax to track the maximum revenue and maximum
social cohesion for the vehicles inside n, respectively. We
adopt a bottom-up approach to calculate these two vari-
ables for all nodes. The advantage of having these two
variables is that, we can easily derive the ranking upper
bound of the vehicles moving in the node n by the equation
Rankub(r, e) = α · rMax + (1 − α) · sMax. Given a PTkM
query, if we find the ranking score of the k-th vehicle in
the priority queue is larger than the next processing node’s
ranking upper bound, this node and the inner moving ve-
hicles can be pruned from the search space. Compared with
the basic PTMFinder algorithm introduced in Section 3.1 and
the advanced algorithm discussed in Section 3.2, SR-Qtree
enables us to prune entries from its high levels, which can
significantly accelerate the search process.

4.3 ESR-Qtree
While an SR-Qtree provides effective pruning capability
based on vehicles’ available detour distances, it can be
further improved by taking into consideration vehicles’ time
constraints. For example, assume that a rider r’s pick-up
and drop-off points are in a vehicle v’s safe region, but the
time when v arrives at r’s pick-up point or drop-off point
is not in the time windows of r’s pick-up point or drop-off

point, respectively. In this case, v is not a candidate to the
final answer, but cannot be pruned by using an SR-Qtree.
Based on this observation, we present an Enhanced SR-QTree
structure called ESR-QTree, which makes use of the time
dimension to group the leaf entries in an node’s SR so as
to further improve the pruning capability.

To build an ESR-QTree, we first divide a day into multi-
ple non-overlapping time bins Λ = {λ1, λ2, · · · , λm}, where
m is the number of time bins. For example, when m = 24,
each bin represents an hour. Recall that the SR of a node n in
an SR-QTree consists of a set of leaf entries in the quadtree.
In an ESR-QTree, we map each leaf entry e in n’s SR, denoted
by SRn into a time bin λi and store it into a bucket Bλi

. The
mapping function is determined by the time window τ(e)
(or τ(l)) when vehicles whose safe region contains e (or l)
enter and leave e (or l). If the time window τ(e) of a leaf
entry e spans multiple time bins, e will be stored in all their
buckets. Therefore, the next key step is to calculate the time
window τ(e) for each leaf entry e in SRn.

The time window τ(e) of a leaf entry e is determined by
the vehicles whose SR contains e. Let this set of vehicles be
Ve. For each v ∈ Ve, its time window w.r.t. e is denoted by
τ(v, e) = [t+v,e, t

−
v,e], where t+v,e is the earliest time when v

can arrive at e and t−v,e is the latest time when v can leave e.
t+v,e and t−v,e can be calculated as follows:

t+v,e = tc +
πmin(e, ec)

ξ
(9)

t−v,e = tc +
σmax(v)− πmin(e, ed)

ξ
(10)

where tc is the current time, πmin(e, ec) is the minimum
travel distance between the leaf entry e and v’s current
locating leaf entry ec, and σmax(v) − πmin(e, ed) is the
maximum travel distance that v moves to the leaf entry
ed where v’s destination locates. After we have calculated
τ(v, e) for all v ∈ Ve, the time window τ(e) can be derived
from τ(e) =

⋃
v∈Ve

τ(v, e) (i.e., merge overlapping time
windows). e is then assigned to all time bins which overlap
τ(e). We can efficiently construct an ESR-QTree from an SR-
QTree in a bottom-up manner.

Theorem 7 states how to make use of an ESR-QTree to
perform the filtering process.

Theorem 7. Consider a trip request tpr and a node n in ESR-
QTree with the safe region SRn. n contains candidate vehicles to
the final answer only if there exist two leaf entries e1 and e2 in
SRn satisfying: (i) lpr ∈ e1 and ldr ∈ e2, and (ii) τ(lpr)∩ τ(e1) 6=
∅ and τ(ldr) ∩ τ(e2) 6= ∅.

The proof of Theorem 7 is simple and thus omitted
here. We can easily integrate the ESR-QTree structure with
Algorithm 2 and then make use of Theorem 7 to filter
out unqualified vehicles. Example 3 illustrates the pruning
process based on Theorem 7.

Example 3. Consider the safe region SRn of node n in the ESR-
QTree shown in Fig. 5. Consider a coming trip request in which
the pick-up point lpr is in the leaf entry e1, the drop-off point ldr
is in the leaf entry e3, and the time windows of lpr and ldr are
τ(lpr) = [10 : 00, 10 : 05] and τ(ldr) = [10 : 30, 10 : 35],
respectively. Since e1 and e3 are both in SRn, we can learn that
there may exist vehicles in node n that can arrive at e1 and e3
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without violating their available detour distances. Next we make
use of their time constraints for further pruning. Since τ(lpr) ⊂
λ1 and τ(ldr) ⊂ λ4, we check whether e1 ∈ Bλ1

and e3 ∈ Bλ4
.

Since e3 /∈ Bλ4
. Therefore, all vehicles in node n will be pruned

from the search space because none of them can pick up or drop off
the rider in time.

𝜆1=[10:00, 10:10] 𝐵𝜆1 = {𝑒1, 𝑒2}

𝜆2=[10:10, 10:20]

𝜆3=[10:20, 10:30]

𝜆4=[10:30, 10:40]

e

Time buckets

𝐵𝜆2 = {𝑒3, 𝑒4, 𝑒5}

𝐵𝜆4 = {𝑒2, 𝑒5, 𝑒8}

𝐵𝜆3 = {𝑒6, 𝑒7}

Time bins

Fig. 5: An example of pruning using the ESR-QTree
Index Update Next, we consider the issue of index update.
The SR-QTree and ESR-QTree will be updated in the fol-
lowing situations: (i) a vehicle enters or leaves the system;
(ii) a new rider is assigned to a vehicle; (iii) a vehicle
moves from one leaf entry to another. As for the method of
updating the SR-QTree and ESR-QTree, we first recompute
the aggregate information (e.g., the safe region, the upper
bound of the maximum revenue increase, the upper bound
of the maximum social cohesion, and the upper bound of
the maximum travel distance) of a vehicle and then update
them in the SR-QTree and ESR-QTree in a bottom-up manner
following the approach presented in Section 4.2.

5 PERFORMANCE EVALUATION

In this section, we experimentally evaluate the performance
of three algorithms. The first is the Baseline PTMFinder
presented in Section 3.1 (referred to as Baseline), the second
is the Advanced PTMFinder consisting of Baseline and the
pruning strategies presented in Section 3.2 (referred to as
Advanced), and the last is the SRBased PTMFinder integrating
Advanced with the hybrid index ESR-QTree presented in
Section 4.3 (referred to as ESRBased). We evaluate the overall
query performance using the real road networks of NewYork
and ChengDu in terms of the average elapsed time, which
have been widely used in previous studies. We also conduct
several additional experiments to evaluate the quality of
query results.

5.1 Experimental Settings
We evaluate the proposed algorithms over two real tra-
jectory datasets collected from NYCTaxi2 and DiDi3, which
have been widely used in ridesharing related research. The
dataset NYCTaxi consists of one month’s taxi trajectories
in New York. We adopt the method proposed in [35] to
detect the pick-up and drop-off points of the trajectories.
The dataset DIDI contains one month’s ride orders placed in
Chengdu and was released by DiDi. We consider ride orders
as riders’ trip requests. Table 2 summarizes the properties of
these two datasets. Since users’ social data is highly sensitive
and needs to be handled with care, there are different legal
regulations in place that prevent commercial ridesharing
platforms like DiDi from sharing users’ social data. This is
a common obstacle faced by the research community. To

2. http://www.nyc.gov
3. https://gaia.didichuxing.com

TABLE 2: Dataset Properties

Items NewYork ChengDu

Total # of users 196,591 196,591
Total # of relations 950,327 950,327
Total # of vehicles 20,000 15,000
Total # of intersections 264,346 36,630
Total # of roads 366,923 50,786

this end, we follow the previous works’ design [6], [7], [10],
[18] to conduct experiments on datasets synthesized from
real trips and social relationships obtained from different
sources. We select a set of users from the real social network
Gowalla4 as drivers and riders. We make use of the road
network information from OpenStreetMap5 to construct the
underlying road networks. In the road networks, we ran-
domly release a certain number of vehicles and randomly
generate queries for the experiments. The query parameters
are summarized in Table 3, where k is the number of
vehicles returned by a query and α is the trade-off between
revenue and social cohesion in the ranking function. For
the default price discount function θ(∆r), per kilometer
price κ, and per kilemeter maintenance cost τ used in the
experiments, we configure them as: θ(∆r) = 1 − 0.5 × ∆r

and κ = 2.
All the algorithms are implemented in Java program-

ming language and tested on a machine with an Intel i7-7700
@ 3.60GHz CPU and 16GB RAM.

TABLE 3: Parameter Settings

Parameters Value Default

k 1, 2, 3, 4, 5 3
α 0.1, 0.3, 0.5, 0.7, 0.9 0.5
number of vehicles 0.5k, 1.5k, 5k, 10k, 15k 5k
maximum waiting time (minute) 2, 5, 8, 10, 15 10
maximum detour rate 0,1, 0.3, 0.5, 0.7, 0.9 0.5
side length of leaf entry (meter) 0.05k, 0.1k, 1k, 5k, 10k 0.1k
capacity of vehicle 1, 2, 3, 4, 5 4

5.2 Experimental Results
In this section, we report the query processing performance
of the three algorithms in terms of the average elapsed time
and the quality of query results.

Effect of k. In the first set of experiments, we investigate
how different values of the parameter k affect the perfor-
mance of different algorithms. In general, the query time
increases when the value of k increases. This is because
a larger number of returned vehicles requires more time
to maintain the set of top-k candidates. Compared with
the other two algorithms, SRBased is less sensitive to the
increase of k. Even when the number is 5, the performance
of SRBased is still reasonably good, demonstrating the effec-
tiveness of the ESR-QTree.

Effect of the number of vehicles. We next evaluate the
performance by varying the number of vehicles in the road
network. From Fig. 7, it can be observed that with the
increase of the number of vehicles the average query time
also increases sharply. Compared with Baseline, Advanced

4. https://snap.stanford.edu/data
5. https://www.openstreetmap.org
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Fig. 6: Running time vs. k

achieves better performance because it benefits from the
early stop condition proposed in Section 3. Due to the
efficient pruning ability of the index structure ESR-QTree,
SRBased dramatically decreases the average query time,
with up to 5X performance improvement. It confirms our
theoretical analysis that the ESR-QTree index structure can
efficiently prune a large number of vehicles which cannot
pick up and drop off riders in time, leading to a smaller
search space.
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Fig. 7: Running time vs. the number of vehicles
Effect of the maximum detour rate. We show the effect of the

maximum detour in Fig. 8. Intuitively, a larger maximum
detour allows more vehicles to be potentially qualified and
thus requires more time to compute the schedule, revenue,
and social cohesion. This is why the average elapsed time
increases as the maximum detour increases. Due to the
pruning capability of safe region, SRBased achieves the best
performance among all three algorithms.
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Fig. 8: Running time vs. the maximum detour rate

Effect of the side length of leaf entry. The side length of
leaf entries in the quadtree plays an important role in query
runtime. As such, we study query performance by varying
the side length of leaf entries in Fig. 9 to draw insights on
selecting proper leaf entry side lengths. It can be observed
that when the side length is more than 0.1k meters and
less than 1k meters, the performance of all three algorithms
is relatively good and stable. When the side length gets
larger or smaller (e.g., greater than 5k meters or less than
0.1k meters), the performance of all algorithms significantly
deteriorates. The reason is that a too large or too small entry
side length generally weakens the pruning ability in the first
filtering step of all three algorithms. In particular, when the
entry side length is large, it also increases the size of safe
region, which makes ESR-QTree less effective, and therefore
the performance of ESRBased also declines quickly.

In the experiments, we also investigate the performance
of SR-QTree and ESR-QTree by varying the side length of leaf
entries, since the side length of leaf entries in quadtree-based
indexes plays an important role in query performance. It
can be seen that the ESR-QTree based approach (ESRBased)
consistently has better performance than the SR-QTree based
approach (SRBased). This is because taking into considera-
tion the time constraints to group the leaf entries in a node’s
safe region can enhance the pruning capability of ESR-
QTree. It can filter out the vehicles whose arrival times at
a rider’s pick-up and drop-off points cannot match the time
constraints of the ride request. Hence, ESR-QTree provides
more effective pruning capability than SR-QTree. The better
pruning capability of ESR-QTree is at the cost of additional
storage overhead. For example, the sizes of ESR-QTree and
SR-QTree on the New York dataset are 362 MB and 259 MB,
respectively.
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Fig. 9: Running time vs. the size of leaf entry
Quality of the results of different queries. Next, we compare

the quality of the results returned by PTkM queries with that
of the price-aware ridesharing queries (referred to as PR) [5]
and that of the nearest neighbor queries (referred to as NN)
used by Uber [5] in terms of average social cohesion and to-
tal revenue. In the experiments, we report the experimental
results of ride matching for the entire day range, where top-
3 PTkM queries with default settings are used. As shown in
Fig. 10(a) and 10(a), PTkM queries outperform PR queries
and NN queries in terms of both metrics. Please note that
PTkM queries consider both social cohesion and revenue, PR
queries focus on revenue optimization, and NN queries only
consider schedule matching. It is expected to observe that
PTkM queries achieve better average social cohesion. PTkM
queries also achieve better total revenue because assigning
a ride request to the vehicle with the maximum revenue
increase indeed brings an RSP more revenue. Thus, we
deem PTkM queries can provide a better ridesharing service
in practical use. In addition, we examine the average fare of
ride requests in Fig. 10(c). The average fare of PTkM queries
is also less than that of PR queries and that of NN queries,
bringing real benefits to riders.
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Fig. 10: Quality of different queries’ results
Update cost of Safe Region. Finally, as the Safe Region is

the core component of SR-QTree and ESR-QTree, which re-
quires frequent update operations, we conduct experiments
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to evaluate the cost of updating safe region. As shown in
Fig. 11, we can observe that the update cost is less than
0.1ms when the entry side length is greater than or equal
to 1km. This suggests that our proposed method is highly
efficient and its pruning capability well justifies the slight
update cost.
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Fig. 11: Update performance of safe region

Moreover, we have performed additional experiments to
evaluate the query performance under different values of
waiting time, α, and capacities of vehicles. We have also
conducted a questionnaire on the major concerns of riders
in ridesharing, whose results well justify the need of PTkM
queries. Due to the space limitation, we present them in
Appendixes B.1, B.2, B.3, and B.4.

6 RELATED WORKS

To the best of our knowledge, there are no prior studies
that simultaneously consider social ridesharing and dy-
namic pricing. In what follows, we mainly review studies
on relevant fields: dynamic ridesharing and personalized
ridesharing.

6.1 Dynamic Ridesharing
Dynamic ridesharing is a more practical ridesharing model,
which brings many advantages over static ridesharing, es-
pecially in terms of the flexibility in satisfying users’ needs.
In dynamic ridesharing systems, riders and drivers contin-
uously enter and leave the system, where their requests
and offers are matched in real time or on a short notice.
A recent survey on the optimization techniques for cen-
tralized dynamic ridesharing can be found in [3]. Various
optimization objectives (e.g., minimizing system-wide ve-
hicle miles or travel time) and spatial-temporal constraints
(with desired departure/arrival time or spatial proximity
requirements) have been considered. The latest work [17]
considers a centralized real-time ridesharing problem with
service guarantee. Tong et al. [30] propose a novel unified
formulation of route planning with a well-defined param-
eterized objective function that can flexibly resolve multi-
objective route planning problems (e.g., dynamic rideshar-
ing for shared mobility). Several novel kinetic-tree-based
algorithms are proposed to better suit dynamic request
scheduling and on-the-fly route adjustment. The drawback
of centralized ridesharing is the lack of scalability, especially
when ridesharing requests come in a large volume. To ad-
dress this issue, distributed ridesharing solutions have been
developed [13], [38]. d’Orey et al. [13] propose a dynamic
taxi-sharing algorithm based on peer-to-peer communica-
tions and distributed coordination. Zhao et al. [38] present a
distributed ridesharing service based on a new geometry
matching algorithm to shorten the waiting time for pas-
sengers and avoid traffic jams. However, all these works

only consider participants’ itineraries and time schedule
constraints in ridesharing assignments. They cannot be ap-
plied to social-aware or price-aware ridesharing assignment
problem, which involves more complex constraints.

6.2 Personalized Ridesharing
Very recently, several works have been presented to tackle
the personalized issues such as privacy, utility, activity, and
trust in ridesharing services [10], [15], [16], [32]. These works
have analyzed the benefits of the proposed personalized
solutions from different perspectives.

Agatz et al. [24] propose to adopt a reputation-based
system and check user profiles via linking social networks
such as Facebook. This approach, however, requires signif-
icant involvement from participants. Cici et al. [11] sug-
gest to group participants who are friends or friends of
friends when assessing the potential benefits of ridesharing.
However, such simple social constraints would be either
too restricted or too relaxed to be practical for real-life
ridesharing systems. Wang et al. [32] present an activity-
based ridesharing which employs time geography to build
a choice set of alternative destinations and aim at retrieving
an optimal matching fitting best into ridesharing partners’
schedules. Cheng et al. [10] formulate the problem of utility-
aware ridesharing on road networks (URR) with the goal
of providing the optimal rider schedules for vehicles to
maximize the overall utility subject to spatial-temporal and
capacity constraints. They also propose an efficient algo-
rithm to achieve a minimum increase in travel cost without
reordering the existing schedule of a vehicle. From the
point of view of privacy, Hallgren et al. [16] propose a
model named PrivatePool for privacy-preserving rideshar-
ing. They develop a decentralized architecture to provide
strong security and privacy guarantees without sacrificing
the usability of ridesharing services.

In contrast, we present a new ridesharing query service
with a focus on social ridesharing and dynamic pricing,
which have important business implications.

7 CONCLUSION AND FUTURE WORK

In this paper, we have proposed a novel type of PTkM
queries that tackles the convergence of social ridesharing
and dynamic pricing. A PTkM query aims at retrieving the
top-k most suitable vehicles in which the driver and riders
benefit the most not only in revenue/fare but also social
cohesion. We have designed a line of efficient algorithms
to answer PTkM queries, and also conduct an extensive
empirical study on real datasets to demonstrate that the
proposed algorithms achieve desirable query performance.

As for the future work, we plan to extend this work in
two aspects. First, we intend to investigate more person-
alized ride requests to make our proposed PTkM queries
more practical. Second, we attempt to design more effective
algorithms with tightly provable approximation bounds to
answer PTkM queries efficiently.
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APPENDIX A
PROOFS

In this appendix, we provide the proofs of all theorems and
lemmas in the paper.

A.1 Proof of Theorem 1

Proof. Let ε(v) and ε′(v) be the revenues of v ∈ V
serving r or not, respectively. Assume v′ is the vehicle
with the maximum revenue increase and v′′ is the ve-
hicle with the maximum revenue in V . Then, we have
R(V ) = ε′(v′) + ε(v′′) +

∑
v∈V−{v′,v′′} ε(v) and R′(V ) =

ε′(v′′) + ε(v′) +
∑

v∈V−{v′,v′} ε(v). As v′ is the vehicle in
V with the maximum revenue increase, we have ε′(v′) −
ε(v′) ≥ ε′(v′′) − ε(v′′). Accordingly, R(V ) − R′(V ) =
ε′(v′)−ε(v′)−(ε′(v′′)−ε(v′′)) ≥ 0. Hence,R(V ) ≥ R′(V ).

A.2 Proof of Theorem 2

Proof. We establish the hardness by a reduction from an
existing NP-hard problem, namely the Total Distance Opti-
mization Taxi Ridesharing (TDOTR) problem [22]. An instance
of the TDOTR problem consists of a set of taxis T = {tx1,
tx2, · · · , txn} and a set of ridesharing queries Q = {q1, q2,
· · · , qm}. The optimization problem is to decide if we can
find a solution that each ride request qi ∈ Q is assigned a
unique taxi in txi ∈ T and the total travel distance of all
taxis for all requests is minimized.

Given an instance of TDOTR, we construct an instance
of the TROP problem on a set of trip requests TR and a set
of vehicles V . Each trip request tpr ∈ TR corresponds to
a query qi ∈ Q, and each vehicle vi ∈ V corresponds to
a taxi txi ∈ T . We consider the restricted case of the TROP
problem with the settings θ(Δr) = 1, Δv = 0, and α = 1. It can
be seen that there exists a solution to the TDOTR problem if
and only if there exists a solution to the TROP problem (i.e.,
each ride request is assigned a vehicle such that the total
revenue of all vehicles is maximized).

Suppose we have a polynomial-time algorithm A that
returns an answer to the TROP problem. If each trip request
in TR is assigned a vehicle in V and the total revenue of all
vehicles in V is maximized, then each query inQ is assigned
a taxi in T and the total travel distance of all taxis in T is
minimized. This implies that a polynomial-time algorithm
to the TDOTR problem is found, leading to a contradiction.
Therefore, there does not exist a polynomial-time algorithm
A for the TROP problem.

A.3 Proof of Theorem 3

Proof. We establish the proof of Theorem 3 by contradiction.
Suppose there exists a c-competitive deterministic online
algorithm A for the PTkM query problem, which means, for
every input ride request, the running result of A is at most
c times worse than the optimal result. To prove Theorem 3,
we only need to show an input ride request for which A
cannot provide a result that is at most c times worse than
the optimal result.

We assume there exists an adversary who knows every
decision and all input ride requests of A. For ease of ex-
planation, given a vehicle v and two riders r1 and r2, we

assume: (1) there exist a vehicle v locating at point (0, 0),
a ride request of r1 with pick-up time t = 0 and pick-up
point (τ , 0), and a ride request of r2 with pick-up time t
= 0 and pick-up point (-τ , 0); (2) each ride request has a
maximum waiting time τ . Then, there are three options for
A to make a decision at time t = 0: (1) moving towards point
(τ , 0) to pick up r1; (2) moving towards point (-τ , 0) to pick
up r2; (3) staying idle. If option (1) is selected, at time t
= 1, the adversary can generate n more ride requests with
pick-up point (-τ -1, 0) and drop-off point same as that of r2.
Furthermore, assume that the driver of v, the rider r2, and
the riders of the n new ride requests are all friends with each
other. In this scenario, the global optimal solution should
pick up r2 first and then complete the n new ride requests.
However, A can finish just the ride request of r1. Similar
analysis can be made if option (2) or (3) is selected. When
more ride requests are processed by A in a similar situation,
the adversary can make the result of A unboundedly worse
than the global optimal result, leading to a contradiction to
our assumption. Thus, the proof is completed.

A.4 Proof of Theorem 4

Proof. The distance that v can move during the waiting time
twr is at most twr ·ξ, and, therefore, if the distance between v’s
current location lcv and the pick-up point lpr is greater than
twr · ξ, v cannot be qualified. This explains condition (i). If
the remaining maximum travel distance of v is less than the
trip distance of r, it is obvious that v cannot drop off r at
the drop-off point ldr in time even if v can pick up r without
violating the waiting time constraint. This justifies condition
(ii).

A.5 Proof of Theorem 5

Proof. According to Definitions 2 and 3, the new rider brings
the maximum revenue only when the new rider’s pick-
up and drop-off points are vehicle v’s current location and
destination, respectively. In this situation, the vehicle does
not incur any extra travel distance or maintenance cost to
pick up the new rider, the new rider shares a ride with
vehicle v as long as possible (i.e., πv(lcv, l

d
v)). The fare of

the new rider fully contributes to the vehicle’s revenue, and
therefore the theorem holds.

A.6 Proof of Theorem 6

Proof. By Definition 3, the social cohesion of v can be com-
puted via the average number of hops between user pairs
in v. When the new rider r connects all the users in Gv , the
social cohesion of v is maximum. We thus have:

SC(r, v) =
|Gv| · (|Gv|+ 1)

∑
ri∈r∪Gv

∑
rj∈r∪Gv

h(ri, rj)

=
|Gv| · (|Gv|+ 1)

∑
ri∈Gv

∑
rj∈Gv

h(ri, rj) + 2 ·∑ri∈Gv
h(r, ri)

≤ |Gv| · (|Gv|+ 1)
∑

ri∈Gv

∑
rj∈Gv

h(ri, rj) + 2 · |Gv| = SCub(r, v).
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A.7 Proof of Lemma 4
Proof. We prove Lemma 4 by contradiction. Consider a
vehicle v with the schedule Sv = (lcv , lpr , ldr , ldv). Assume
for the sake of contradiction that there exists a reachable
point p outside v’s safe region. We have the rerouted trip
schedule S′v ={lcv , lpr , p, ldr , ldv}, which is valid for v. We have
Πv(S

′
v) ≤ Πv(Sv) + dv . Accordingly, π(lcv , lpr ) + π(lpr , p) +

π(p, ldr ) + π(ldr , ldv) ≤ π(lcv , lpr ) + π(lpr , ldr ) + π(ldr , ldv) + dv ⇒
π(lpr , p) + π(p, ldr ) ≤ π(lpr , ldr ) + dv . As the point p is not in v’s
safe region, it means the distance between the circle’s center
point and p exceeds ψ. We thus have π(lpr , p)+π(p, l

d
r) > 2ψ.

According to Equation 8, πv(lcv, l
d
v) + dv = 2ψ. Then we

have π(lpr , p) + π(p, ldr) > πv(l
c
v, l

d
v) + dv . This contradicts

the assumption that there exists a point p which is reachable
for v but not in v’s safe region.

APPENDIX B
SUPPLEMENTARY EXPERIMENTS

In this appendix, we provide some supplementary experi-
ments to further evaluate the query performance.

B.1 Effect of the waiting time
In Fig. 12, we investigate the query performance by varying
the maximum waiting time. It can be observed that the
average elapsed time of Baseline and Advanced increases
rapidly as the maximum waiting time increases, while the
performance of SRBased is relatively stable. The average
elapsed time increases because a larger maximum waiting
time allows more vehicles to reach pick-up points within the
waiting time period, leading to a larger search space. In this
case, considering the safe region structure can effectively
speed up query processing.
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Fig. 12: Running time vs. the waiting time

B.2 Effect of α
In this set of experiments, we study the query performance
of the algorithms with respect to varying α values. Recall
that α represents the trade-off between social cohesion and
revenue. From Fig. 13, we can observe that all three algo-
rithms perform relatively stable under different α values
and that under all different α values SRBased consistently
outperforms the other two algorithms. This again justifies
the pruning capability of safe region.

B.3 Effect of the capacity of vehicles
Fig. 14 presents the performance of the three algorithms
when varying vehicles’ capacity. As expected, compared
with Baseline and Advance, SRBased achieves the best per-
formance in all cases. When the capacity is small (i.e.,
1 to 3), the average elapsed time slightly increases with
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Fig. 13: Running time vs. α

the increase of capacity. This is because a larger number
of available seats provides more candidate vehicles for a
rider’s request, leading to longer processing time. However,
when the number of available seats exceeds 3, the query
time flattens because a larger capability allows more riders
onboard, which in turn consumes vehicles’ available detour
distances and reduces the search space.
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Fig. 14: Running time vs. the capacity of vehicle

B.4 Survey of riders’ concerns in ridesharing

Fig. 15: Survey results of riders’ concerns in ridesharing

We invited 100 volunteers with rich ridesharing experi-
ence to complete a user study6 to understand the key factors
affecting users’ ridesharing experience from a wide range of
factors such as ride safety, pricing scheme, driver’s experi-
ence, onboard environment, response time, actual waiting
time, and actual detour. The study results are shown in
Figure 15. Ride safety and pricing scheme are the top-
2 factors concerning these volunteers in ridesharing. The
results well justify the design choice of considering social
cohesion and the pricing scheme in PTkM queries.

6. https://www.wjx.cn/jq/38630773.aspx


