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(57) Abstract: Large amounts of mobility data and the ability to track computing devices associated with moving people or objects
is leveraged for the disclosed development of advanced mobile recommendations, which are essentially to recommend a sequence of
locations to an individual user on the move. As described herein, data associated with a particular case of mobile recommendations
is analyzed, and route recommendations are provided to devices associated with drivers, by utilizing vehicle GPS data. Specifically, a
new Route Recommendation is formulated by way of a Relaxed Assumptions (RR-RA) solution, the goal of which is to recommend a
sequence of locations to a driver based on a current location. A computer-executable algorithm is implemented to efficiently generate
such a route recommendation. Further, a destination-oriented route recommendation (DORR) problem may be solved by implementing

a computer-executable algorithm for solving the DORR problem.
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SYSTEMS AND METHODS FOR ROUTE COMPUTING FOR
DESTINATION-ORIENTED NAVIGATION

CROSS REFERENCE TO RELATED APPLICATIONS
[0001] This is a non-provisional application that claims benefit to U.S.
provisional patent application serial number 62/804,616 filed on February 12, 2019,

which is herein incorporated by reference in its entirety.

FIELD
[0002] The present disclosure generally relates to route computing; and

more particularly, to route computing for optimal destination-oriented navigation.

BACKGROUND

[0003] For an increasing number of drivers, weather unpredictability,
topography, and traffic congestion can make digital navigation planning a daunting,
and sometimes impossible task. Individual drivers and businesses may rely upon or
otherwise desire access to effective driving instructions to meet timelines, goals, and
other needs. Unfortunately, technical challenges with route computing may involve
complications at least with (1) planning and accounting for real-time computations
and (2) the translation of location-based information.

[0004] It is with these observations in mind, among others, that various

aspects of the present disclosure were conceived and developed.

BRIEF DESCRIPTION OF THE DRAWINGS

[0005] FIG. 1 is a node graph depicting a sample route.

[0006] FIG. 2 is a sample of a tree structure utilized for route computing
as described herein.

[0007] FIG. 3A and FIG. 3B are graphs illustrating pick-up events and
direction summarization, respectively, as described herein.

[0008] FIG. 4A and FIG. 4B are graphs depicting illustration examples
for destination-oriented route recommendations as described herein.

[0009] FIG. 5 is a sample of a tree structure for route recommendation

as described herein.
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[0010] FIG. 6 is a process flow diagram illustrating one possible
algorithm for destination-oriented route recommendation (DORR), as described
herein.

[0011] FIG. 7 is a graph illustrating the visualization of the effectiveness
of the recommendations as described.

[0012] FIG. 8 is a system diagram illustrating possible devices and

tangible components related to the present novel disclosure.

[0013] FIG. 9 is a process flow for solving the RR-RA problem defined
herein.

[0014] FIG. 10 is a process flow for solving the DO-RR problem defined
herein.

[0015] FIG. 11 is a simplified block diagram of a computing device that

may be configured as a special purpose computer using the algorithm and features
described herein.

[0016] Corresponding reference characters indicate corresponding
elements among the view of the drawings. The headings used in the figures do not

limit the scope of the claims.

DETAILED DESCRIPTION

[0017] The present disclosure relates to computer-implemented
technology for generating an advanced mobile recommendation, and the present
disclosure is responsive to various technical problems in the mobile recommendation
and route computing space. In some embodiments, aspects of the present
disclosure may take the form of a computing device configured for executing
functionality defined by at least one novel algorithm which configures the computing
device to output an advanced mobile recommendation that accommodates an
optimal navigational experience. In general, large amounts of mobility data and the
tracking of movement and location of devices may be accessed by the computing
device and leveraged as inputs or considerations for the algorithm, and the mobile
recommendation may take the form of a recommended sequence of locations to a
driver based on the driver's current location. The computing device may further
measure pick-up location probability and may generate an optimal route to inform the
driver of the likelihood of connecting with a passenger device based on current
location and route.



WO 2020/167945 PCT/US2020/017923

[0018] In some embodiments, the novel technology of the present
disclosure involves the formulation and implementation/application of a novel Route
Recommendation with Relaxed Assumptions (RR-RA) solution. In particular, a (RR-
RA) problem may be solved by the solution described herein according to
instructions executed via the computing device in the course of generating the
advanced mobile recommendation/s, which provide a proactive way for taxi drivers
to better search for potential passengers. In some embodiments, the RR-RA
solution may consider a general mobile sequential recommendation (MSR) problem
with fixed length constraint. Solving the general MSR problem may involve two
assumptions. The first assumption is to fix the number of pick-up locations of a
candidate route and only search for an optimal route from among these ones. The
second assumption is that the travel distance, when a driver cannot pick up any
passenger after passing the last pick-up location of candidate route, is assumed to
be a large constant and that this constant is the same for all candidate routes.
However, these assumptions to the MSR problem are problematic in real world
applications. Accordingly, the novel (RR-RA) solution of the present disclosure may
involve relaxing both assumptions as described herein.

[0019] More specifically, the (RR-RA) solution may be formulated or
otherwise defined, as described herein, and this solution may contribute to the
advanced recommendation of a sequence of pick up locations for an empty cab
based on potential pick up locations mined from historical taxi GPS data and current
location of the empty cab (i.e., no passenger). This recommendation may be in the
form of driving routes which makes the problem particularly challenging.
Accordingly, a novel approach is developed to solve this problem. The goal of this
approach is to generate driving routes that could minimize the travel distance before
picking up passenger(s). While the intelligent route recommendation solutions
described herein each provide or otherwise define a new way for taxi drivers to
improve their business performance, conventional methods for resolving these
problems involves a computing process that is very computationally expensive. Itis
challenging to make recommendations practical for real taxi businesses because the
results need to be produced online in a timely fashion to meet the real-time requests
of drivers. Therefore, in some embodiments, a pruning-based algorithm executable
by a computing device or processor is described for addressing various problem

definitions and is described for efficiently searching optimal routes to recommend.



WO 2020/167945 PCT/US2020/017923

[0020] Further, an important destination constraint is identified that taxi
drivers may frequently face, and a complimentary destination-oriented route
recommendation (DORR) problem is further defined and discussed. The DORR
problem may be crucial for any practically successful solution to the driver's route
recommendation problem. As discussed herein, in some cases, in solving the
DORR problem, the solution for the RR-RA problem cannot be very practical for real
application because drivers frequently run into the DORR problem. Although the
DORR problem shares similar inputs as the RR-RA problem, there is a destination
constraint that has to be considered for route recommendation. Thus, the present
disclosure further includes a new recommendation approach solution for solving the
DORR problem. It further calls for and defines efficient algorithms to make the
online recommendation practical - a dedicated and efficient algorithm is discussed
which is implemented to search for an optimal route in this destination-constrained
scenario. By solving the DORR problem according to the DORR solution described
herein, the RR-RA solution is strengthened which makes the approaches of the
present disclosure more practical because the combined solutions for both RR-RA
and DORR problems provide a comprehensive way for route recommendations to
taxi drivers.

[0021] In addition, the efficiency of the methods/algorithms for
addressing the complimentary RR-RA and DORR problems are evaluated using both
real-world and synthetic data. The experimental results demonstrate that the
proposed methods could significantly save computing time for online
recommendation compared with baseline methods. Furthermore, it is important to
validate how effective the recommended routes are. While the ideal way for
validating this is to conduct a field study (a.k.a., A/B testing) via collaborating with
taxi and ride sharing companies, it is very difficult to provide such validations for
several reasons. Therefore, the effectiveness of the described recommendations is
evaluated offline by using a traditional machine learning paradigm. The empirical
results demonstrate that the described novel route recommendations could greatly
help drivers search for potential passengers, and reduce driving time without
passengers by around 18%.

[0022] Overall, the contributions of the present disclosure may be

summarized as follows.
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e A technically challenging and practically important RR-RA problem is
presented and defined, and an advanced method for solving this problem

is developed and described.

e A DORR problem is formulated, and an advanced solution is developed to
solve it. Solving both of the RR-RA and DORR problems accommodates
the generation of a complete package solution for route recommendations

to taxi drivers.

e Empirical tests are conducted to evaluate the performance of the
described methods with large-scale real-world taxi GPS data, and
simulations are used to demonstrate the practical value of the route

recommendations.

¢ The subject novel approaches may also be useful for solving other
transportation problems such as parking lot search and routing for carpool
as discussed herein. The techniques developed for RR-RA and DORR
problems will open a new range of methods in the recommendation field
and the developed algorithms will lay a foundation for studying other

mobile recommendation problems.

Introduction and Relevant Technical Problems:

Mobile Recommendations:

[0023] The aim of mobile recommendations is to provide
recommendations to users on the move, such as route recommendations to taxi
drivers, places of interest (POl) recommendations to tourists, and the like. Mobile
recommendations constitute a growing and important sub-area in the field of
recommender systems due to the following factors: (a) the existence of a rich and
diverse class of applications requiring mobile recommendations; (b) the
establishment and maturity of mobile infrastructure, including proliferation and wide
adoption of various mobile devices that generate rich and useful data of high quality;
and (¢) because many mobile recommendation problems are still underexplored,
and development of novel methods is required to solve these problems. All of the
aforementioned three factors constitute a perfect storm and make the emerging area

of mobile recommendations an important and rich topic of research.
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[0024] Historically, the area of mobile recommendations started with
the work on mobile guides that come in various “forms and shapes,” and provide an
extensive categorization of the whole ranges of these guides according to their
connectivity to the Internet, being indoor (e.g., museums) or outdoor, etc. Then, the
work evolved to use this classification to develop a set of mobile guide design
principles that can be used by application developers. The mobile guide systems
typically use temporal, location-based and other types of contextual information
(such as the current mood and interests of a tourist, weather information, etc.)
obtained either from the user or extracted from the environment in order to query or
search a certain repository of resources (such as, restaurants, museums and shows)
and present the best matching resources (e.g., nearby restaurants that are currently
open) to the user.

[0025] One of the early examples of research on mobile tourist guides
is the Cyberguide project, which develops several tour guide prototypes for different
hand-held platforms. COMPASS uses a similar type of the context-driven querying
and searching approach as the Cyberguide system. Other examples of context-
aware tourist guide systems include the GUIDE system, the INTRIGUE system, and
the MyMap system.

[0026] An alternative approach to mobile recommendations is based on
the contextual preference elicitation and discovery and it is being surveyed. As an
example of this approach, the UbiquiTO system implementing a mobile tourist guide
provides intelligent adaptation of recommendations not only based on the specific
location-based, temporal and other contextual information, but it also uses various
rule-based and fuzzy set techniques to adapt the application content based on the
user preferences and interests. Other examples of contextual preference elicitation
and estimation approaches to mobile recommendations are also available. Further,
different combinations of these approaches could be achieved via a specially
developed integration module that also features a graphical interface for mobile
users. Usefulness of such mobile recommendations has been demonstrated in a
previous study where 155,000 customers of a mobile portal revealed that the use of
personalized recommendations instead of non-personalized ones leads to a
significant increase in viewed and sold items in different navigational situations and

may positively affect the underlying business.
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Analytics of Taxi Trajectory Data:

[0027] The data mining research literature has witnessed a growing
interest in taxi trajectory data. The general goal of these works is to understand and
discover behaviors and patterns that trajectories generate. For instance, taxi global
positioning system (GPS) data has been studied to analyze the impact of information
on driver behavior and economic outcome, and find heterogeneity in individual
learning behavior and driving decisions having economic impact. Other studies have
focused on how a taxi driver gathers and learns information in an uncertain
environment through the use of his social network with massive taxi GPS datasets.
Other studies analyze the decision process from a social perspective with trajectory
data, and the taxi driving fraud behavior (i.e., overcharging passengers by taking
unnecessary detours) and propose detection methods for such fraud with taxi GPS
data. Although these studies reveal useful information and knowledge about taxi
driver behaviors, they fail to provide solutions for navigating taxi drivers to achieve
optimal routes that increase efficiency and earn more business.

Analytics of Taxi Trajectory Data:

[0028] Some research has been done which involves proposed
methods for recommendations directed to taxi services. However, these methods
work based on certain assumptions as described herein. Thus, they are unsuitable
or otherwise incapable of being used for solving the novel RR-RA or DORR
problems formulated.

Vehicle Routing:

[0029] The present disclosure also considers the vehicle routing
problem (VRP). The general goal of the VRP is to search optimal routes for vehicles
to traverse in order to reach a set of customers, and the traveling cannot be
completed until all customers are reached. The problems addressed by the present
novel disclosure (discussion of RR-RA/DORR problems) are different from VRP in
that it routes a driver for searching for the next passenger, and it is not needed to
reach all potential locations and the travel will stop once the next passenger is
reached. Due to such inherent differences between VRP and the disclosed RR-
RA/DORR problems, those solutions for the VRP could not be used for solving the
RR-RA and DORR problems described herein, and the present novel disclosure
therefore describes novel solutions/methods to solve RR-RA and DORR problems.
In addition, while the VRP is often resolved offline, the RR-RA and DORR problems



WO 2020/167945 PCT/US2020/017923

need to be solved online by using the real-time location information of drivers. The
efficiency of solution for RR-RA and DORR problems is much more important than
that for VRP problem, and the algorithms and methods described herein aim to solve

both problems.

Proposed Technical Solutions — Route Recommendation with Relaxed

Assumptions:

[0030] The present novel disclosure considers the concepts and
addresses the various technical problems above. For example, the present novel
concept is associated with a particular application of the diverse and multifaceted
field of providing mobile recommendations and focuses on route computing and
destination-oriented navigation recommendations for drivers of different types of
vehicles, including taxis, private cars, and tour buses. Such a transportation
application is important because it can be leveraged to: (a) recommend more
efficient routes to drivers, especially the less experienced ones, and help them save
time, money and possibly increase vehicle occupancy and utilization rates, and (b)
help economize fuel consumption which will result in energy savings and produce
less traffic and pollution.

[0031] While the present disclosure is not limited to any particular
application or end user for the described route recommendations, it is believed that
the features described herein may be advantageous for ride sharing and especially
taxi dispatch and driving. For example, taxis provide mobility in urban areas and
play an important role in today’s public transportation. However, current taxi
services are still facing several practical challenges. First, although today’s online
taxi transportation companies (such as Uber, DiDi, Lyft) provide support to connect
drivers with passengers, their solutions mainly work as a request-based passive
dispatch. These current solutions do not pay much attention to the potential
passengers who may need services in near future and could not provide good
assistance for empty cabs to proactively search for future passengers. Second,
most empty cab drivers plan their routes for searching for passengers based on their
own experience when there is no service request available, which could lead to low
occupancy rate. Effective and efficient recommendations of driving routes to drivers
could increase this rate, and further lead to increased efficiency and effectiveness.

To address these problems, conventional methods may involve physical sensing
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techniques to sense nearby potential passengers and send the passenger location
information to taxi cabs on which a physical receiver is installed. Besides the privacy
and cost issues, these methods could not capture passengers who do not use their
applications and cannot be detected.

Route Recommendation with Relaxed Assumptions (RR-RA):

[0032] Further detail regarding the RR-RA problem shall now be
described. Unlike the problems analyzed in other studies, the RR-RA problem
relaxes two important assumptions to make the problem more practical for real
applications.

Problem Statement:

[0033] Given an empty cab’s location PoCab, there are a set of N
potential pick-up locations denoted as C = {C+,Cz2... ,Cn] nearby PoCab. For each
pick-up location, there is estimated pick-up probability, denoted as Pi. Let us use P
to denote the set of probabilities P={Pj](i=1, ... , N), where Pi(i=1,... , N)is
assumed to be independent to each other. The objective of the RR-RA problem is to
search the optimal route that has minimum expected driving distance (EDD) before
picking up passenger(s) and includes less than L pick-up locations. Each candidate

route is essentially a sequence of potential pick-up locations. We assume that all
potential pick-up locations in each candidate route are different. Let us use R to
denote one candidate route, and use D(R) to represent the expected driving distance

before a pick-up event while a driver is taking a candidate route ﬁ. Based on these

notations, the RR-RA problem is formally stated as follows.

The RR-RA Problem

Given: An empty cab’s location PoCab, a set of N potential pick-up points
denoted as C={Ci}(i=1,... , N) nearby PoCab, and a set of pick-up
probability at these N locations denoted as P ={Fi}(i=1, ..., N).

Objective: Recommending an optimal route R for the empty cab,
which minimizes expected driving distance D(ﬁ) before pick-up event

and includes less than L pick-up locations (L < N).

[0034] Compared with the MSR problem that only searches optimal
routes with fixed L pick-up locations, we relax this constraint in the subject RR-RA

problem. Such a relaxed assumption brings two consequences. First, we make the
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recommendation problem more practical because taxi drivers may want to explore
driving routes with different numbers of pick-up locations, rather than a fixed number
of ones. The recommendation results will better meet the practical needs of taxi
drivers than those of MSR problem. Second, the search space of the RR-RA
problem is much larger than that of the MSR problem, which leads to more
computational complexity. Other assumptions may also be relaxed, and a dedicated
method may be developed to solve RR-RA problem as described herein.

[0035] There are two challenges to solving the RR-RA problem. The
first is how to obtain potential pick-up locations and pick-up probability given an
empty cab requesting recommendation service. Second, is how to timely search the
optimal route from all potential candidates to meet the real-time request of route

recommendation. In fact, if the computational cost for one candidate route is

Cox( ﬁ) = 1, the computational complexity of RR-RC problem is (N1 |n the
following two subsections, we introduce possible solutions for both challenges.

[0036] Generating Pick-up Location and Probability:

[0037] In this section, we introduce how to generate potential pickup
locations (i.e., C) and estimate pick-up probability at each location (i.e., P) when the
time and location of a recommendation request by one empty cab is given.

[0038] Generating Pick-up Location. Given the location PoCab and
time t (e.g., 2PM on Monday) of one empty cab that requests the recommendation of
driving route, we will extract a set of raw pick-up points from historical taxi GPS data.
Specifically, as long as one pick-up event happens within the time range ft-at+al
on the same week day (e.g., Monday) and the corresponding pick-up point locates
within circle range that has center as PoCab and radius as T+, we will extract this
pick-up point. After getting all these raw pickup points, we will group them into
different clusters based on the driving distance calculated via Google Map APIs or
otherwise. Finally, the centroids of these clusters are considered as potential pick-
up locations that will be used for generating recommendations.

[0039] Estimating Pick-up Probability. For each candidate pick-up
location (i.e., the centroid of pick-up location cluster), we will estimate the probability
of pick-up event around time t (e.g., 2PM on Monday) based on historical data. The

idea is to measure how frequent pick-up event happens when cabs travel across a

pick-up location cluster C; around time ¢ on the same week day. Specifically, we first

10
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count the number of empty cabs that enter the spatial coverage of cluster Ci within

the time range [t~ a t+a] on the same week day (e.g., Monday) from historical
data, and denote it as #r, Among these #0 empty cabs, we count the number of

pick-up events %P that happen within the spatial coverage of cluster C; among the
same time range. Finally, the probability of pick-up event at C; around time t is
. HP
P,' = ———
estimatedas ' #T.

Method for Computing Optimal Route:

[0040] First let us introduce how we define D(R) for a candidate route

R To simplify the introduction, let us consider an example of candidate route

R =PoCab—=Cy=C=C5 35 shown in FIG. 1. When a driver takes this route, he will
have probability Pi (1 </ < 3) of picking up passenger(s) at each location Ci (1 </ <
3). The driving distance before picking up passenger could be Dy with probability P41,

Ds + ~ D, with probability ©172_or Dy + D, + Ds with probability 717272 where i is

defined as Pi = 1 - Pi. In addition, the probability of picking up no passenger by

taking this route is PiP2P3 \we denote the driving distance beyond the last pick-up

location of candidate route  as D3. We assume by is a very big constant and it is
the same at the last pick-up location of any candidate route. Based on this
assumption, we can develop/configure one or more efficient algorithms for solving

the MSR problem. However, this assumption barely holds in reality. First, as D,

denotes the distance that a taxi driver needs to drive to find passenger from location

Ci, it could be different at different pick-up location Ci. Second, the value of b, may
not be big at some locations such as those around crowded POls (e.g., station,

hotel). Therefore, we relax this assumption to make the problem more practical.
Specifically, we leverage historical taxi GPS data to estimate Di for each pick-up

location C;offline. Instead of being a large constant, the estimated value of D, (1=i

< N) may vary at different locations and around different times. Given the above

statement, we derive the expected driving distance (EDD) D(E) before pick-up event

while a driver taking route R = PoCab — C1 — C2> — Cz as:

11
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(1)

[0041] To search for an optimal route for a taxi driver, a straight-forward
method needs to compute D(ﬁ) for each possible candidate route with less than L

pick-up locations, and then pick the best one R that has minimum D(ﬁ). This will

involve a lot of computation. In the following, we introduce important monotone
property of D(R}, which allows us to prune many candidate routes without computing

D(R), Such pruning can be done offline before the real-time request of route
recommendation occurs, and thus it can save a lot of time for generating a real-time
recommendation.

[0042] To introduce the monotone property, let us consider two general

R = PoCab—Cy..~C; gy R* = PoCab—Cy..—»C—C;

candidate The only

c

2 1 ot
difference of R™ than R is that one more pick-up location “i+1 is appended. P(E")

p(r®

and ) can be derived as follows.

2

®3)

4)

12
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[0043] From Equation 4, we could conclude the following two monotone
Zi-{- 1 N
D, >D . - -
properties: (a) if “i=1 "1 ang Pi+1™ Di AD should be bigger than 0, i.e..
. . §§i+1 .
2 i D.< D = =
DIRY) > DR, y oy i =17 = 21+ 1 404 Biva < Di AD should be less than O,

p(#’)

properties as PR(a) and PR(b). In other words, when we append one more pick-up

ie., < D(Rl). For the convenience of presentation, let us denote these two
location to a candidate route, we may conclude that the EDD value will increase if
the condition of PR(a) is satisfied, or will decrease if the condition of PR(b) is
satisfied.

[0044] Next, we introduce how we use these two properties (PR(a) and
PR(b)) to prune candidate routes in advance without computing EDD function. To
make the introduction easy to follow, let us consider a set of 4 pick-up locations and
specify L = 3. There are totally 24 possible candidate routes with less than 3 pick-up

locations. In FIG.2, we show partial possible candidate routes with a tree structure.

PoCab—(,

Let us consider route . As there is only one pick-up location, there is no

need to apply property PR(a) and PR(b). Next let us consider all routes that include

one more appended pickup location to route P”C“b’"’c?, which include

PoCab—Cy—Cy, PoCab—Cy—Cy gng PoCab=C1=Ch \we could check the conditions

of property PR(a) and PR(b) for each of these three. Take route 7 ¢C@=C1-Cs o5

Dy+Dy>D; and Dy > Dl, we can conclude EDD of route

PoCab—(4

an example, if

Pola

b+C1C3 will increase compared with that of route Let us use / to

tag this conclusion at pick-up location CZ. This tag indicates that route

PoCab—C =0y cannot be the optimal route because route PoCab—(; is better than

PoCab—-C-C,

it, thus we do not need to compute EDD for the route . Similarly, if the

condition of PR(b) (i.e., Dy+ Dy <Dy gpg P2 < 'Dl) is satisfied, we use D to tag the

conclusion at €2, i.e., EDD of route F2C40C1C2 il decrease compared with that

PoCab—C,

of route The tag D indicates that route ©¢¢4?=C1 cannot be optimal

because route * €@ =C1=C is petter than it, thus we do not need to compute EDD

for route” ?Cab—>Cy

13



WO 2020/167945 PCT/US2020/017923

[0045] Next, given PoCab, N potential pick-up locations and L, we will
first generate all possible candidate routes and store them with a tree structure as
shown in FIG.2. We will then conduct the same process over all candidate routes
(from ones with 1 pick-up locations to those with L ones) on the tree structure.
Finally we will be able to tag partial pick-up locations with either / or D. Please note
that many pick-up locations may not have any tag if conditions of both PR(a) and
PR(b) are neither satisfied, and that we do not need to tag any pick-up location
which appears as the first one of candidate route. In FIG. 2, we show some
hypothetic tags for partial pick-up locations of shown candidate routes. Based on

these tags, we can conduct the following two pruning strategies: (a) if / is tagged to

one pick-up location Cf-, the candidate route ending with Ci can be pruned, i.e.,

removing from consideration for an optimal route; (b) if D is tagged to one pick-up

location c

C

t, the candidate route ending with the parent node (i.e., pick-up location) of

{ can be pruned. As many candidate routes can be pruned based on both
strategies and pruning takes less time, we will be able to save a lot of computation of
EDD for them.

[0046] In fact, we can build the tree structure as shown in FIG. 2 offline
before we know the position of an empty cab requesting a recommendation service.
We could obtain N potential pick-up locations at different times in a region offline
based on historical data. We then build the tree structure (excluding PoCab) with
these locations and user-specified L. Based on the tree structure, we could conduct
the same pruning strategies as described above. Once PoCab of one empty cab is
given, we can search the optimal one from remaining candidate routes. Since many
candidate routes have been pruned offline, we will only need to compute EDD for the
remaining candidate routes and pick the optimal one with minimum EDD. Thus, we
will save a lot of computation for the online recommendation.

Destination-Oriented Route Recommendations (DORR):

[0047] In this section, we introduce a destination-oriented route
recommendation (DORR) problem. Compared to the RR-RA problem, there is a
destination-driven direction constraint in the DORR problem, which makes the

methods for RR-RA problem not work.
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Problem Statement:

[0048] In the real-world taxi business, a driver of an empty cab may
want to quickly go to an area from a far-away location and he may also expect the
opportunity to pick up a customer on the way back. A taxi driver may have such a
preference under several scenarios. Forinstance, a driverin New York City (NYC)
may typically operate in the downtown area; after delivering a passenger to a hotel in
the uptown area, he wants to quickly drive back to the downtown area and expects
to earn some business on the way back. In fact, in big urban areas, many taxi
drivers usually have their typical or familiar operation areas and they tend to drive
back after they happen to travel to a far-away location. As another scenario, many
taxi drivers in metropolitan areas live in places which are often far away from their
operation areas, and they want to pick up customers on the way to their operation
area when they leave home and start their work daily. Since a particular driver
usually has a destination constraint during his driving, we name this practical
challenge as a destination-orient route recommendation (DORR) problem.

[0049] We observe two main constraints imbedded in DORR problem.
First, we have to take into account the specific destination where a driver wants to go
back for addressing this DORR problem. Second, in the destination-constrained
scenario, drivers have more concern about the driving direction which may be
detoured after picking up a customer, because they want to go back to their
operation areas within some reasonable time. The request-based passive dispatch
solution provided by today’s online taxi transportation companies (e.g., Uber and
DiDi) could not work in this scenario because they have not considered both
constraints at all. To meet this specific need, we developed a dedicated method for
addressing this DORR problem. In the following, let us first state this DORR problem
in a formal way.

[0050] Let us denote one location as € which represents an area where

D, usually operates, and another location as & which is a place that is far

D

the driver

i wants to go back to € from ¢. From historical data, we
Cyy CopenCyyl

away from £, and the driver

could obtain a set of N potential pick-up points, c={ along the way from

$ to €, and the estimated pick-up probability P associated with each pickup point

P={PyPy Py} to denote the probability set. In additional to the probability, we

could also get the direction information associated with each pick-up point. For each
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C

Cf, we first gather all historical pickup events T i at this pick-up point.

pick-up point

We denote all pick-up events associated with the pick-up point set © as Tﬁ:. Each
pick-up event is actually a location trace, which indicates that a taxi driver delivers
passenger(s) from this pick-up point to another location. We represent each pick-up
event as a directed arrow staring from this pick-up point as shown in FIG. 3A. This

arrow reflects the direction toward a particular location where the driver drops off
passenger(s). For each pick-up point Cl’, we summarize the potential direction of

pick-up events happening at Ctinto 8 bins as shown in FIG. 3B.

[0051] Comparing with the direct travel from € to €, it will certainly

D

increase the travel distance for driver “! to intentionally pass several pick-up points

on the way from & to €. We can calculate this certainly increased travel distance

based on the passed pick-up points. We denote the certainly increased travel

distance as certain cost. Furthermore, when driver b; picks up passenger(s) at a
pick-up point on his way from ¢ to €, this pick-up event may cause the driver to travel
a greater distance. We denote such potentially increased travel distance as
uncertain cost. Given all pick-up events associated with one pick-up point, we are
able to estimate this uncertain cost. We first compute the exactly-increased travel
distance for each historical pick-up event, such as a pick-up event at A in FIG. 4(a).
Then the average of exactly-increased travel distance over all pick-up events at one
pick-up point can serve as an estimation of such uncertain cost. Thus, there are
such two aspects of cost associated with each pick-up point. Of course, the driver
has some chance to earn business by passing pick-up points. Given all pick-up
points and their associated information, we can generate many candidate routes
consisting of different pick-up points from ¢ to €. For example, in FIG. 4(a), we can

have sequences like $-*A~B~E or §-A-=>C-D-E \Ne represent the set of all

possible routes as R each of which leads to different uncertain and certain cost, and
business success.

[0052] Our goal is to search an optimal sequence of pick-up points for a
taxi driver in order to maximize his business success with constraints on certain and
uncertain cost. Let us use a function § to assess the two aspects of cost for each

R{(R ER)

candidate route. For example, for a particular sequence , we denote the
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R
g(Rl, S,E, Py .T ’-) R
1

i P
function as ,where T " and B represent the associated pick-up

events and probability information of Rf. In other words, for a specific sequence, the
function & depends on source and end nodes, pick-up points along the sequence,
and all associated information of these pick-up points. The business success of the
taxi driver in this destination-constrained scenario may be measured in different
ways. In the following paragraphs, we will introduce two ways for measuring the
business success and the specific formula of function G. Given the above statement,

we can formally define the DORR problem as follows.

The DORR Problem
Given: An original location ¢ and a destination location €, a pick-up point set

€ and associated probability set P the associated pick-up event set T‘i‘-, a taxi

driver who locates at ¢ and wants to go back to € quickly, a cost constraint TC
that is essentially to limit the potentially travel distance.

Objective: Recommending an optimal sequence of pick-up points for
the taxi driver, which could maximize the business success under the

given cost constraint.

[0053] Similar to the RR-RA problem, we assume that a driver would
not visit a pick up location more than once in the DORR problem. In other words,
there is no duplicate pick-up location in each candidate route.

[0054] To solve this problem, we have two challenges. The first one is
how to obtain reliable pick-up locations and associated information from the historical
taxi GPS data. The second challenge is how to efficiently search optimal driving
routes to meet the real-time recommendation requests of drivers. Suppose the
computational cost for one candidate route is Cox(g) =1 The computational
complexity of this DORR problem is ONY | In the following sections, we introduce
the proposed method for solving these two challenges.

[0055] Generating Pick-up Location and Probability. Given the
original location ¢ and destination location € for one empty cab that requests
recommendation, we will obtain the potential pick-up points and pick-up probabilities

in an online fashion.
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[0056] Generating Pick-up Location. Given the ¢ and €, we will
extract a set of raw pick-up points from historical taxi GPS data. We apply two
criteria for selecting the raw pick-up points. First, we locate the time t when an
empty cab requests recommendation, and only keep raw pick-up points that happen
within the time range |t -, t+x | on the same week day. Second, we denote the
latitude and longitude of ¢ and € as (lats, Ings) gng (ate, lngé?), respectively, and
only keep raw pick-up points that locate within the circle that has the center as

(latg, laty) (Inge Ing o)
2 1

and the radius as ‘T2. After selecting these raw pick-up
points, we will group them into different clusters based on the driving distance
calculated via Google Map APIs. Centroids of these clusters are considered as
potential pick-up points that will be used for generating recommendations.

[0057] Estimating Pick-up Probability. For each candidate pick-up
point generated on the above, we estimate the pickup probability at time { in the
same way as described above with relation to the RR-RA problem. Specifically, we

first obtain the spatial coverage of each cluster. We then count the number of empty

Ci within the time range [t~ t+ on

cabs which pass the spatial area of a cluster

the same week day, and denote it as #7. Among these #T empty cabs, we count the

number of pickup events #P that happen within the same time range. Finally, the
i

probability of pick-up event at CJ around time t is estimated as tOAT,

Estimating Cost Function and Business Success
[0058] In this section, we introduce the formulation of function ¥ and the
measurements of business success.

[0059] Suppose there are totally K historical pick up events happening

€,
H
at €i Let us denote each of them as & U=ks K). Also let us denote the

.
Drj(1<k<K)

corresponding drop off location of each pick up event as . If a driver

c

only visits one pick up location “i while traveling from ¢ to €, he may pick up a

customer at ¢ and deliver this passenger to different locations. Our idea is to

leverage the average of historical K pick-up events to estimate the travel distance.

c, -
Thus driver's driving route could be §=C-Dr —E(1 <k <K) e represent the
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driving distance of each route as DC) 1<k = K). The average of Kroutes is

plc)=Y, _ pic)/

, which is used to estimate the driver's potential driving

Dg

distance if he picks up a customer at Ci. In fact, as the travel distance “Ci from $

«
o Tyl <k<K) 4C

to ~! remains the same for each pick up event

p{c) as p(c) = Dgug + 5ci~.»zs

, We may rewrite

Dy s
where “i”% denotes the average driving distance

i to € when the driver picks up a customer at Cf-. It can be estimated with the

D e sk<sK)
€ =Dr k‘«»z;

from ¢

c

Las well. Let us use to denote

it L=

historical pick up events at

the distance of each pick even k. Then
_ K
Dpe= Z D ¢, /K

! k=1 ¢ lor

as k

[0060] To simplify the further introduction about cost function &, let us
look at an example of driving route: 5“’51"")(:2“’(‘*3“’5. When a driver takes this
sample route, he may pick up a customer at Cl, Cy and Cy with probability as

Py (1-PyPy and (1-pP)0- PZ)P3, respectively. We get the cost function 9 for
estimating the potential driving distance as:
G=PD(C )+ (1-PYP,D(C)) + (1-PJ(1-Py)PuD(Cy) + {1 -P )1 -P)(1-PyD

where D represents the driving distance if a driver does not pick up a customer at
any of three locations. In other words, D is the actual driving distance along the

§-3C13CymC3E D{Cy) gpq DICY)

route are the estimated driving distances when
the driver picks up a customer at o and C3, respectively.

[0061] When a driver follows a route ®>¢17C27C3™€ he probability
of picking up passenger(s) on the route is 1-{1-Py)(1-Py(1- P3), which is the
measurement of business success used herein. Alternatively, the potential earning

could also be one measurement of business success. For instance, if there are

totally K historical pick up events at Cf, let us denote the earning of each historical

e C.
‘. _ i
e E(c) = E kzlEk/K.

pick up event as k. The average of earnings at Ciis
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Consequently, for the example route ~¢1¢2C2™€ he notential earning can be

estimated as PIE(CI) + (1 - P})PZE(CZ) + (‘1 - Pl)(l - Pz)P};E(C'j)_

Computing Algorithm
[0062] An efficient computing algorithm for searching the optimal route

of DORR problem shall now be described.
[0063] If a driver takes a route ® %1€ as shown in FIG. 4B, the

potential driving distance Dy for this route can be denoted as

Dy=PD=C+ Dy o)+ (1 =P HDe=Cy + Dy e
! ‘1( s ‘1 ‘(’) ( 1)( s “1 ‘(') based on the defined function 9,

D —
where s C1 (or "1

2
) is driving distance from S to 1 (or from €1 to €). If the

S —Cy—E

driver takes another route , which is obtained by simply adding a pick up

location after Cl, the potential driving distance Dz for this route can be similarly

represented as

Dyy
= Py{DgCy + 5(:1“».5) + (1~ P)PyDgCy + D e, 5[_-2“,{) + (1P -P,)
(Ds@c} + D¢ e, + Dcz*es:)
[0064] By carefully deriving, we may find that D12 cannot be smaller
than Di. In fact, we may obtain the following general monotone property.

Lemma 1. Given a candidate route , and another

candidate route with an added pick up location following Cy as

Ry =5-C1=..2C=E o hotential driving distance for taking 1 and X2 js

Dy

denoted as “% i and Dy, i respectively. Then we can infer

Dy i=D1 iv1 Inother words, the potential driving distance cannot

decrease when one more pick up location is appended to a candidate route.

[0065] We provide detailed proof for this lemma as follows:
PROOFS FOR LEMMA 1
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b
§
3

P s oy vk
Tl we b

[0066] This monotone property could greatly help us save the

computational cost when we search the optimal sequence of pick up locations for a
taxi driver in real time, because after we conclude that the potential driving distance
of one candidate route R is over the threshold of cost (i.e., TC), we do not need to
consider those extended candidate routes which include the candidate route R in the
beginning.

[0067] Furthermore, we identify another monotone property that is also
useful for computing potential driving distance. Let us still take the route

21



WO 2020/167945 PCT/US2020/017923

$=C>C>8 i FIG. 4 (b) as an example, where we have

= P}.(Ds‘"’cl + Er:f)g) +{1- Pl)Pz(Ds“‘*Cl + D¢ e, + 5{:‘2«95) + (1-P)(1-Py)
(D.s*.->(.'.1 + D(.‘l-acz + D(.'Z-*g)

Do e

D .y
[0068] We identify that P12 will monotonely increase as "t 2 Came

or P2 increases. In general, we have the following monotone property.

Lemma 2. Given a candidate route X =87C17-2Ci12C2E 40 hotential

Dy i

driving distance for taking route R js denoted as We can infer that

Dy . D¢ e, Eci«z‘ P

-~ monotonely increases as -1 i “or’iincreases

[0069] We provide detailed proof for this lemma as follows:
PROOFS FOR LEMMA 2

Sy
RS

s alt Wiemer fheon 1 Yihoealtee, 3
v all Wger Vhany I Thereles, B will

[0070] With this monotone property, we may be able to prune one

candidate route by first checking these three values associated with the last pick up

location. For instance, given two candidate routes X1 = Sl Cy=C 8 oy

Ry = S“')C?‘")“')CZ“”’Q*“"CS—’S, we can derive that the potential driving distance of Ryis
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Do D¢ e Deup € D g
equal to or bigger than that of Ry if we have ~ "3 T T Eam s TR byt

P,

and
= PS. Thus we do not need to compute function 9 for Ry if we already concluded

the potential driving distance of Ry is over the threshold of cost.

[0071] Based on the two monotone properties, we will first enumerate
and check candidate routes with 1 pick-up location. Then we extend previously-
considered routes by adding one more pick up location and check each of the
extended routes until we get |ci pick up locations in each route. When we extend
routes with L (1 =15 €1~ 1) pick-up locations, we will apply Lemma 1 to avoid
extending those routes whose travel distance is already over the cost threshold;
When we check routes with L+ 1 (1 = (= [€]~ 1) pickup locations, we will apply
Lemma 2 to prune possible candidates without computing function . Basic
functionality of an algorithm for DORR is illustrated in FIG. 6, and details are
provided below.

Algorithm for DORR:

fnput:

seaeenriatod sweith O
Yo iR KO

{ hmﬁa" a.i

o by ad mm? vy piekeup focation b semalning
X Nmzm some routes with § gta }\ P

£

g}y ty zsw Loy 2

i

v all reondndng routes ard prung Phese s

o 4]

[0072] A tree structure is used to illustrate the strategy of the above
algorithm as shown in FIG. §, where it is assumed that there are totally six pick-up
locations. The root of the tree denotes the empty set of candidate, which is
essentially a set of candidates with zero pick-up location. If a route at the level | (i.e.,
containing 1 pick-up locations) has a potential driving distance over the cost

threshold, we do not need to consider all of its extended routes. For instance, if the
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route $-*B~>€ on the level 1 is already pruned as its driving distance is over the
threshold, there is no need to extend this route (i.e., adding a child to B). Also we
may prune some candidate routes on the same level using Lemma 2 and their
extended ones as well. For instance, if we conclude the travel distance of route
§—E-A-¢& s over the cost threshold and those three values of node B mentioned in
Lemma 2 are bigger than those of node A respectively, we can directly prune the
route $-*E£-2B-£& without computing its function 5.

Further discussions about RR-RA and DORR problems

[0073] In this section, we discuss the relationship between both
problems and other applications.

The Relationship between RR-RA and DORR

[0074] Here we explain the relationship between RR-RA and DORR
problems. Both RR-RA and DORR problems are formulated and solved to
recommend optimal driving routes to taxi drivers, and they share similar inputs and
objectives. With the package of solutions for both RR-RA and DORR problems, we
are able to provide a complete solution for route recommendations to taxi drivers:
when taxi drivers encounter the destination-oriented scenario, they can obtain route
recommendations via the solutions for the DORR problem; otherwise, they could get
route recommendations with the solutions for RR-RA problem. On the other hand,
there is a difference between them. There is direction and destination constraint in
DORR problem, which results in the solution for the RR-RA problem not working for
the DORR problem.

Other Applications of RR-RA and DORR

[0075] In this section, we discuss about other potential applications of
the RR-RA and the DORR solutions. The first one is a carpool service, which has
been provided for many internet-based transportation companies such as Uber,
Waze, Takescoop. In the setting of carpool service, many drivers usually have fixed
origin (e.g., home) and destination (e.g., work place) and expect to pick up
passengers on the way from origin to destination. How to recommend optimal routes
for carpool drivers is an interesting and practically important problem. This routing
problem can be essentially formulated as the DORR problem, where the objective is
to find an optimal driving route that could maximum carpooling probability under
given driving distance and direction constraints. The approaches developed for the

DORR problem can be used for solving this carpool routing problem. The second
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one is searching for a solution to the parking lot problem. Searching for a parking lot
is currently a challenging problem in many big cities (such as LA in the U.S.). For
instance, it is estimated that people spend an average of 85 hours a year searching
for a parking lot in LA and that an average of 30% of traffic in LA is cruising for
parking. The present solutions for the RR-RA problem can be used for solving this
problem. We can replace the pick-up location and pick-up probability with the
parking spot location and spot available probability, respectively. The objective of
RR-RA in this setting is then to search for an optimal route that leads to the minimum
driving distance before finding a parking spot. The solution methods and algorithms
developed for RR-RA problem and described herein could be directly used for
solving this parking lot search problem. In summary, it should be emphasized that
the present developed methods and algorithms for route recommendations could
provide useful inspiration and insight for solving other transportation problems.

Experimental Results

[0076] In this section, we use both real-world and synthetic data to
evaluate the efficiency of developed search algorithms and the effectiveness of route
recommendations.

The Experimental Setup

[0077] Data and Parameters. In the experiments, we use real-world
taxi GPS data that were collected in the San Francisco Bay Area. This data set
contains around 30-day GPS location traces of approximately 500 taxis in San
Francisco. For each recorded GPS point, there are four attributes: latitude,
longitude, fare identifier and time stamp. The fare identifier could be 1 or 0, where 1
indicates taking passenger(s) and 0 means empty cab. In addition, we generate
some synthetic data (i.e., pick-up points and probabilities) for testing the scalability of
algorithms. We set the parameters for generating pickup location and probability as:
@ = 30 minutes, 11 = 3.0 miles and 72 = Dist(S<&}/2 where Dist(S<£) is the driving
distance from € to €.

[0078] Experimental Environment. The algorithms were implemented
in Python. All the experiments were conducted on a Windows 10 with Intel Core i7
6-Core and 12.00GB RAM. The search time for the optimal driving route is the major
metric we use to evaluate the efficiency of our algorithms.

[0079] Competing Methods. We compare our search algorithms for
the RR-RA and DORR problems with two baseline methods. To the best of our
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knowledge, existing work focuses on addressing the MSR problem or other
problems. There is no existing method for solving either RR-RA or DORR problem.
Therefore, the two baselines that we compare to are straightforward methods for
searching optimal route of the RR-RA and DORR problems. The idea of baseline
method for RR-RA is to directly compute potential driving distance for all candidate
routes and find the optimal one with minimum value. The idea of the baseline
algorithm for DORR is directly computing the business success and cost for each
possible candidate route and picking the one with maximum business success and
cost lower than the cost constraint TC. All acronyms of evaluated algorithms are

given in Table 1.

TABLE 1: Acronyms of Competing Methods

SF-RR-RA:  The baseline search algorithm for RR-RA
Pr-RR-RA: Our pruning-based search algorithm for RR-RA
SF-DORR: The baseline search algorithm for DORR
Pr-DORR: Our pruning-based search algorithm for DORR

Efficiency of Recommendations

Performance using RR-RA

[0080] In this subsection, we show the efficiency of different algorithms
for addressing the RR-RA problem. We randomly pick some taxi cabs that are
empty around 4pm on Friday from our historical GPS data and compute the optimal
route for each of them based on its location PoCab. To demonstrate the efficiency of
our algorithm Pr-RR-RA, we compare its performance with that of baseline method
SF-RR-RA.

[0081] As described herein, the number of pick-up locations depends
on the position and time of an empty cab that requests recommendation service. For

each selected empty cab, we first use the method above to generate the pick-up

locations and estimate their pick-up probabilities, then estimate -D; for each pick-up
location, and finally compute the optimal route with different algorithms and record
their running time. After recording the running time of each algorithm for all cabs, we
compute the average of running time for the same number of pick-up points for each
individual algorithm. In Table 2, we show the average running time for three different

numbers of pick-up locations. The running time shown here does not include the
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time for generating pick-up locations, their probabilities and ~D; for both algorithms.
From Table 2, we can find that our algorithm Pr-RR-RA outperforms the baseline
method significantly. Note that in this set of results we set the max number of pick-

up locations of driving route as ~ = 4.

TABLE 2: Comparisons of Computational Time (£ = 4)

Pr-RE-EA

asnpuistion Tim 188
Computation Tim RS
Computation Time § {83
[0082] L is an important parameter that affects computational

complexity. Thus we demonstrate the efficiency of different algorithms with different
values of £. Specifically, we repeat the same experiments as the above with

different values of £. In Table 3, we show the results with 10 pick-up points. The

results demonstrate that the computational time of both algorithms generally

increases with the increase of £ and our algorithm consistently outperforms the

baseline one.
TABLE 3: Computational Time (Sec) with Different £
1 Pick-op Pointy
TRERRA  PoRR-BA
[0083] For the Pr-RR-RA algorithm, pruning plays an important role to

save computational time. We show the average percentage of candidates that are
pruned by our algorithm with different values of £ and different numbers of pickup
points in Table 4. As can be seen, a large portion of candidates are pruned without
computing EDD value in our algorithm.

[0084] To examine the scalability of our algorithm for a large number of

pick-up points, we randomly generate potential pick-up points within a specified area,
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the pick-up probability and D, associated with each pick-up point. In total, we have 3

synthetic data sets with 50, 100 and 150 pick-up points, respectively.

TABLE 4: A Summary of Pruning Percentage
1 Pick-up Points

=4 L=8 £

Pr-BR-BA 37T%  418%  4835%

15 Pick-up Points

&= 4 =8 Oo=8

Pr-RE-BA 421% 4558%  512%
20 Pick-up Points

x4 L<8 L=8

Pr-RR-RA 415 $43% 530.5%

[0085] Also we randomly generate 10 positions of empty cab within the
same area. For each synthetic data set, we compute and recommend the optimal
route for each position of empty cab, and record the computational time of both
algorithms. Note that we use Euclidean distance instead of driving distance to
measure the traveling distance between pick-up points. In total, we produce 10
recommendations for each data set. We take the average of computational time of

these 10 recommendations and show the results in Table 5, where we set parameter

L as different values for the three data sets. As can be seen, our algorithm could
scale well with more pick-up points and have more efficiency improvement against

the baseline method as the number of pick-up points increases.

TABLE 5: Computational Time (Sec) on Synthetic Data

SE-RR-RA Pr-RR-RA

50 Pick-up Points, £ = 4

Computational Tune 44 27 2108
100 Pickeup Points . £ < &

Computational Time 203.97 8276
200 Pick-up Points , £ =< 8

Computational Time 48733 1847

Performances using DORR
[0086] In this section, we show the efficiency of different algorithms for
the DORR problem. We randomly pick some taxi cabs that are empty and far away

from their common operation areas around 4pm on Friday from our historical GPS

28



WO 2020/167945 PCT/US2020/017923

data, and then compute the optimal route for each of them. For each selected cab,
we use its current location around 4pm as the original location and the central of its
common operation area as the destination location. To demonstrate the efficiency of
our algorithm in Figure 6, we compare its performance with that of baseline algorithm
SF-DORR.

[0087] As shown above, the number of generated pick-up points
depends on original and destination locations. This number may vary among all
selected cabs. For each of them, we first use the method above to generate the
pick-up locations and estimate their pick-up probabilities, then we compute the
optimal route with different algorithms and record their running time. After recording
the running time of each algorithm for all cabs, we take the average of running time
with the same number of pick-up points for an individual algorithm, and finally show
the results in Table 6. Note that the running time shown here excludes the time for
clustering of pick up points and probability estimation that is also a part of online
search but is the same for all algorithms compared here. By comparing with the
baseline method, we can see that our algorithm could consistently save significant
computational time over different numbers of pick-up points. Also the computation
cost of baseline method increases much faster than that of our algorithm when the

number of pick-up points increases.

TABLE 6: Computational Time (Sec) with Different Numbers of Pick-up Point

SEDORR Be-DOBRR
8 Pick-up Points

Computational T 37 376
7 Pick-up Points
Computational Time Y 206
B Puleup Points
Computational Thne 43.85 T3
[0088] The underlying reason for the improved efficiency of our

algorithm is the pruning effect, i.e., filtering out candidates prior to computing their
cost and benefit. To demonstrate the pruning effect, we compute the average
percentage of pruned candidates at different steps of our algorithm in Table 7, where
we use the same experimental setting as in Table 6. As can be seen, while both
Lemma 1 and Lemma 2 enable us to prune many candidates, Lemma 1 leads to a

greater pruning percentage than Lemma 2 does.
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TABLE 7: A Summary of Pruning Percentage

Fruming Percentage by Lemma 1 Pruning Percentage by Lemma 2
& Pick-up Polols
SR N FRE

7 Pick-ap Points

8 Pickeup Points
83.5% 208%
[0089] The cost constraint (i.e., TC) may also affect the efficiency

because a lower (higher) value of TC leads to more (fewer) candidates pruned in
advance based on Lemma 1 and Lemma 2. To show this effect, we repeat the same
experiments as the above yet with different values of TC and show the results in
Table 8, where the number of pick-up points is 8. In general, the computation time
decreases as the value of TC increases for our algorithm. For real practice, we may
need to set up this cost constraint parameter based on the empirical experience and
possible input from end users. We may obtain different optimal driving routes with

different values of TC with the same other inputs.

TABLE 8: Computational Time (Sec) with Different Values of TC

Values of T R Miles 40 Miles 30 Miles
Computational Time of Pr-DORR 7.93 6,87 5,69
[0090] As we mentioned above, the value of TC affects the pruning

effect of algorithm. To further demonstrate this, we show the pruning percentage
versus different values of TC in Table 9. From Table 9, we could see higher values
of TC lead to more percentage of candidates pruned, and consequently less
computation time for our algorithm.

Effectiveness of Recommendations

[0091] Other than the computational advantage that we showed above,
we examine the effectiveness of our route recommendations. The purpose of this
examination is to demonstrate that the recommended driving routes could help taxi

drivers pick up customers.
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TABLE 9: A Summary of Pruning Percentage

Pruning Percentage by Lemuna 1 Pruning Percerdage by Lemma 2

8 Pick-up Points, TC = 8 Miles

65.5% 29%
8 Pick-up Points, T = ¥ Miles

&7 T 21.3%
8 Pick-up Points, T = 6 Miles

3% 236%

[0092] While the ideal way is to conduct field experiments (a.k.a., A/B

testing), it is very difficult to collaborate with taxi drivers or taxi companies to run
such experiments. Usually, as the first step, offline empirical tests are conducted
using classical machine learning leave-out validation methods on historical data, and
we follow this approach herein. The basic idea of the leave-out method is to split
historical GPS data into training and testing sets along the time dimension, obtain
pick-up points and probabilities using training data, compute the optimal routes for
empty cabs in testing data, and compare recommended optimal routes with the
routes actually taken by drivers in testing data. Specifically, we use 90% GPS data
of each taxi cab as training data and hold the remaining 10% GPS data for testing.

Performances of RR-RA

[0093] In this experiment, we extract raw drop off locations from testing
data, and compute a recommended route by treating each drop off location as the
origin of an empty cab (i.e., PoCab), where we set the parameter + as 4. In testing
data, we have the route actually taken by cab starting from each selected drop off
location. We then compare each recommended route with the corresponding
actually-taken route by a cab. The actually-taken route starting from a raw drop off
location may be longer than the corresponding recommended route. To make them
comparable, we cut the actually-taken route to the same length as the corresponding
recommended one. Consequently, we measure similarity between each pair of
routes (i.e., the recommended route and the cut actually-taken route). In total, there
are 42,080 pairs of routes. Because the dynamic time warping algorithm for
measuring trajectory similarity is very time-consuming, we randomly sample 5% of
pairs for our evaluation. In total we have obtained 2,104 pairs of routes. For each
actually-taken route, we know whether there is a pick-up event or not within the cut
length based on GPS logs in testing data. Based on this indicator, we split all

samples of similarity between each pair of routes into two groups: Group 1 including

31



WO 2020/167945 PCT/US2020/017923

all similarity samples that has the indicator indicating there is a pick-up event within
the really-taken route, and Group 2 including all similarity samples that has the
indicator indicating there is no pick-up event. Finally, to get the quantitative
measurement of effectiveness, we use a statistical t-test to examine the difference
between Group 1 and Group 2. There are 1,046 similarity samples in Group 1 and
its mean is 0.69. On the contrary, there are 1,058 similarity samples in Group 2 and
its mean is 0.23. The p-value of t-test is less than 0.01, which indicates that the
similarity between each pair of routes with actual pick-up event (i.e., Group 1) is
significantly bigger than that without actual pick-up event (i.e., Group 2). From these
results, we can see that there is a strong correlation between the similarity and the
binary indicator. This suggests that recommended routes are very close to the
corresponding actually-taken routes that include pick-up events, and that those
actually-taken routes that do not include pick-up events are very different from the
corresponding recommended routes.

Performances of DORR

[0094] We conduct the similar effectiveness evaluation for the DORR
problem. However, unlike the evaluation of RR-RA, we need to extract drop-off
locations, each of which is far away from the common operation area of the
corresponding cab. In total, we obtain 890 drop-off locations that belong to the
destination-constrained scenario. We consider each selected drop-off location as
original location (i.e., ), and the center of the corresponding common operation area
as destination location (i.e., 5). We search the optimal route to recommend for each
selected drop-off location. In total, we also obtain 890 recommended optimal routes.
For each selected drop-off location, we obtain the actually-taken route that starts
from the drop-off location from testing data. In total, we initially get 890 pairs of
recommended route and actually-taken route. But, some actually-taken routes may
end at different locations than the corresponding destination locations (i.e., common
operation area). To make a fair comparison between each pair of routes, we filter
out those actually-taken routes that do not share the same destination location as
the corresponding recommended route. After this filtering, we obtain 803 pairs of
recommended route and actually-taken route. We use the same method as used
when evaluating the performance of RR-RA to compare the similarity between two
routes of a pair. For each pair, we could obtain a binary variable indicating whether

there is a pick-up event or not along the actually-taken route from the testing data.
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Similarly we split the similarity samples into two groups: Group 1 including all
similarity samples where there is a pick-up event within the actually-taken route, and
Group 2 including all similarity samples where there is no pick-up event. We also
use statistical t-test to examine the difference between Group 1 and Group 2. There
are 397 similarity samples in Group 1 and its mean is 0.63. On the contrary, there
are 406 similarity samples in Group 2 and its mean is 0.28. The p-value of t-test is
less than 0.01. In summary, these results suggest that recommended routes are
very close to actually-taken routes that include pick-up events, and those actually-
taken routes that do not include pick-up events are very different from the
corresponding recommended routes.

Practical Value of Route Recommendation

[0095] To further demonstrate the practical value of route
recommendation, we estimate the business improvement of our recommendations
that is measured as empty rate (ER). ER is defined as the ratio of driving distance
without a passenger. We can compute ER using historical GPS data for each taxi
driver. The lower value of ER means better business profit of a taxi driver. In our
data set, the average ER is 55% over all drivers. 10% of drivers have ER lower than
0.24, which means that they carry passenger(s) and earn money for 76% of their
driving. 10% of drivers have ER over 0.7. The goal of our evaluation is to use a
simulation method to examine whether we can significantly decrease ERs of taxi
drivers with our route recommendations.

[0096] Specifically, we randomly select 100 taxi cabs from the testing
data set. For each taxi cab, we extract all driving routes without a passenger from
10% of the historical GPS data in the testing data. For each of these routes, there
are a drop-off location at the beginning and one pick-up location in the end. In total,
we get 8,030 routes, i.e., 8,030 pairs of drop-off and pick-up locations. We use each
drop-off location as an input to generate recommended route. Among these 8,030
pairs, we identify 165 of them as corresponding to the DORR problem. For the
remaining 7,865 ones, we consider them as corresponding to RR-RA problem. We
use different recommendation methods to search optimal routes for these two
groups. For each drop-off location in RR-RA group, assuming the recommended
optimal route is taken, we estimate the driving distance before picking up the next
passenger(s) as the EDD value. This estimated EDD value is considered as the

simulated driving distance before picking up the next passenger(s) when our
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recommended route is taken. It is expected that this simulated driving distance is
equal to or lower than the actual driving distance prior to the pick-up event. For each
drop-off location in the DORR group, we similarly estimate the simulated driving
distance without a passenger from 5 to € when our recommended route is taken.
Finally, for each of 100 taxi cabs, we compute two ER values: one (denoted as ER"-)

is obtained with the observed actual driving distance without a passenger; the other

5
one (denoted as ER; ) is obtained with the simulated driving distance without a

passenger. We then further compute the decreasing percentage of ER value as

ER

BR _ _ppt _ - a3
DP¢ = (ER" ER‘)/ER‘(l si= 100). The average of {DP ! } is 0.18, which means

our recommendations could potentially decrease their empty rate of driving by 18%.
ER
The t-test also shows that P¥ 1 is significantly bigger than 0 with p-value less than
s .
0.01. Moreover, we visualize the values of ER, and ER;(1=1<100) in FIG. 7, where

ER,

we sort all 100 taxi cabs according to ©“"* and align them along x axis. From this

figure, we can see that our route recommendations lead to different levels of ER

ER,- ER}

) for different drivers. The higher ER;

decrease (i.e., tis, the greater the
decrease of ER is achieved. All these results indicate that our route
recommendations could decrease ER and improve business performance when they
are accepted by taxi drivers.

[0097] Referring to FIG. 8, an exemplary computer-implemented
system (hereinafter “system”) 100 for implementing functionality associated with
generating an advanced route recommendation as described herein, is shown. The
system 100 may include and/or generally support functionality defined by an
application 102 that configures one or more processors or computing devices to
execute any of the route recommendation functionality described herein. The
application 102 may be hosted on one or more of a computing device 104, which
may include a server, controller, a personal computer, a terminal, a workstation, a
portable computer, a mobile device, a tablet, a mainframe, or other such computing
device. Further, aspects of the application 102 may be made accessible to,
displayed upon, or otherwise transmitted to a separate computing device 105 as
shown. In general, the application 102 may be programmed to execute one or more

of the algorithms described herein for building and/or solving, e.g., the described RR-
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RA and DO-RR problems. For example, the application 102 may be implemented as
code and/or machine-executable instructions executable by a processor of the
computing device 104 that may represent one or more of a procedure, a function, a
subprogram, a program, a routine, a subroutine, a module, an object, a software
package, a class, or any combination of instructions, data structures, or program
statements, and the like. In other words, the application 102 described herein may
be implemented by hardware, software, firmware, middleware, microcode, hardware
description languages, or any combination thereof. When implemented in software,
firmware, middleware or microcode, the program code or code segments to perform
the necessary tasks (e.g., a computer-program product) may be stored in a
computer-readable or machine-readable medium and the computing device 104
performs the tasks defined by the code.

[0098] The computing device 104 may be configured for administering
and providing functionality of the application 102 via a network (not shown), which
may include the Internet, an intranet, a virtual private network (VPN), and the like. In
some embodiments, a cloud (not shown) may be implemented to execute one or
more components of the system 100. In addition, aspects of the system 100 and/or
the application 102 may be implemented using platform as a service (PaaS), and/or
software as a service (SaaS) using e.g., Amazon Web Services, or other distributed
systems.

[0099] In addition, the computing device 104 may store GPS data,
travel data, and/or other such data and/or metadata associated with the application
102 in a database 115. Further, the database 115 may store metadata associated
with operations of the application 102, such a queries, and historical data, and store
information about users of the application 102.

[00100] As further shown, a vehicle 120 may request service or
otherwise access aspects of the application 102. The vehicle 120 may include a
mobile device, infotainment system, or any other device capable of receiving a route
recommendation through implementation of the application 102. In general, the
vehicle 120 represents the cab or other driver described herein associated with a
driver desiring an optimal route for picking up passengers and monetization thereof.

[00101] In addition, the system 100 may include a plurality of vehicles
130 with GPS and GPS data. Information from the plurality of vehicles 130 may be
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generated via one or more GPS satellites 140 and may be accessible to the
computing device 104 and the application 102.

[00102] In some embodiments, at least some features of the application
102 may be made available to a plurality of user devices (not shown) in
communication with the computing device 104 of the system 100. The plurality of
user devices may include, without limitation, a controller, a personal computer, a
terminal, a workstation, a portable computer, a mobile device, a tablet, a phone, a
pager, and a multimedia console.

[00103] Referring to FIG. 9, a process flow 200 is shown illustrating one
possible method or algorithm related to the described RR-RA problem. At block 202
of FIG. 9, historical GPS data may be accessed or aggregated from, e.g., the
plurality of vehicles 130. In block 204, pick-up locations and associated pick-up
probability may be identified, and the maximum number of pick-up locations may be
denoted as L. In block 206, a list of all possible sequences of pick-up locations may
be generated, which may be a number of pick-up locations less than or equal to L,
and this list may be stored or otherwise defined within a tree structure.

[00104] In block 208, a pruning process may be applied to the tree
structure based on the proved theories described herein for all candidate routes in
the list of possible sequences defined in the tree structure. In block 210, nodes of
the tree structure may be labeled according to predetermined conditions. In block
212, a potential travel distance may be computed for all remaining candidates of
route sequences based using the labels applied to the tree structure. In block 214,
taking into account a current location of a car requesting service, the process flow
200 may output an optimal route with a least potential travel distance.

[00105] Referring to FIG. 10, a process flow 300 is shown illustrating
one possible method or algorithm related to the described DO-RR problem; i.e., a
method for solving the DO-RR problem. At block 302, historical GPS data may be
accessed. In block 304, original and destination locations may be defined, pick-up
locations and associated pick-up probability and pick —up events may be defined, as
well as a cost threshold.

[00106] In block 306, L is set to =1, the number of pick-up locations in a
candidate route. In block 308, all routes with L pick-up locations may be enumerated

based on remaining candidate routes. In block 310, partial candidate routes may be
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pruned with L pick-up locations based on the proved theories described herein. In
block 312, the remaining candidate routes with L pick-up locations may be identified.
[00107] In block 314, all remaining candidate routes may be collected
over rounds. In block 316, the cost for all remaining candidate routes may be
computed, and those candidate routes with costs that exceed a predetermined
threshold may be disregarded. In block 318, the business success may be
computed for all remaining candidate routes and a candidate route may be selected

based on the maximum rate of success.

Conclusions

[00108] In this disclosure, we introduced a Route Recommendation with
Relaxed Assumptions (RR-RA) problem and a Destination-Oriented Route
Recommendation (DORR) problem by exploiting a massive GPS log. Our study
contributes innovative ideas to the area of mobile recommendations. The solution
package provides intelligent route recommendations that could proactively navigate
drivers to potential passengers improving their business performance. To generate
route recommendations in an efficient way, we developed two complementary smart
algorithms for RR-RA and DORR problems, respectively. Both algorithms work
based on the identified important monotone property of evaluation functions for RR-
RA and DORR problems. Our evaluation results with large-scale GPS data
demonstrate the improved efficiency of the proposed recommendation algorithms,
and the practical value of our route recommendations.

[00109] In some embodiments, weather information and special events
could be further considered into the estimation of pick-up probability and the
generation of a recommendation. Also taxi drivers may have preferences for other
dimensions such as traffic and long/short trips. One of ordinary skill in the art would
appreciate that the disclosed methods could be used for a variety of different
applications for routing, planning, and general logistics.

[00110] FIG. 11 is an example schematic diagram of a computing device
700 that may implement various methodologies discussed herein. For example, the
computing device 700 may comprise the computing device 104 executing or
accessing functionality and/or aspects of the application 102, or otherwise configured
to apply the routing functionality described herein. The computing device 700

includes a bus 701 (i.e., interconnect), at least one processor 702 or other computing
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element, at least one communication port 703, a main memory 704, a removable
storage media 705, a read-only memory 706, and a mass storage device 707.
Processor(s) 702 can be any known processor, such as, but not limited to, an Intel®
[tanium® or Itanium 2® processor(s), AMD® Opteron® or Athlon MP® processor(s), or
Motorola® lines of processors. Communication port 703 can be any of an RS-232
port for use with a modem based dial-up connection, a 10/100 Ethernet port, a
Gigabit port using copper or fiber, or a USB port. Communication port(s) 703 may
be chosen depending on a network such as a Local Area Network (LAN), a Wide
Area Network (WAN), or any network to which the computer device 700 connects.
Computing device may further include a transport and/or transit network 755, a
display screen 760, an I/O port 740, and an input device 745 such as a mouse or
keyboard.

[00111] Main memory 704 can be Random Access Memory (RAM) or
any other dynamic storage device(s) commonly known in the art. Read-only memory
706 can be any static storage device(s) such as Programmable Read-Only Memory
(PROM) chips for storing static information such as instructions for processor 702.
Mass storage device 707 can be used to store information and instructions. For
example, hard disks such as the Adaptec® family of Small Computer Serial Interface
(SCSI) drives, an optical disc, an array of disks such as Redundant Array of
Independent Disks (RAID), such as the Adaptec® family of RAID drives, or any other
mass storage devices, may be used.

[00112] Bus 701 communicatively couples processor(s) 702 with the
other memory, storage, and communications blocks. Bus 701 can be a PCl / PCI-X,
SCSI, or Universal Serial Bus (USB) based system bus (or other) depending on the
storage devices used. Removable storage media 705 can be any kind of external
hard drives, thumb drives, Compact Disc — Read Only Memory (CD-ROM), Compact
Disc — Re-Writable (CD-RW), Digital Video Disk — Read Only Memory (DVD-ROM),
etc.

[00113] Embodiments herein may be provided as a computer program
product, which may include a machine-readable medium having stored thereon
instructions which may be used to program a computer (or other electronic devices)
to perform a process. The machine-readable medium may include, but is not limited
to optical discs, CD-ROMs, magneto-optical disks, ROMs, RAMs, erasable

programmable read-only memories (EPROMS), electrically erasable programmable
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read-only memories (EEPROMSs), magnetic or optical cards, flash memory, or other
type of media/machine-readable medium suitable for storing electronic instructions.
Moreover, embodiments herein may also be downloaded as a computer program
product, wherein the program may be transferred from a remote computer to a
requesting computer by way of data signals embodied in a carrier wave or other
propagation medium via a communication link (e.g., modem or network connection).

[00114] As shown, main memory 704 may be encoded with the
application 102 that supports functionality discussed above. In other words, aspects
of the application 102 (and/or other resources as described herein) can be embodied
as software code such as data and/or logic instructions (e.g., code stored in the
memory or on another computer readable medium such as a disk) that supports
processing functionality according to different embodiments described herein.
During operation of one embodiment, processor(s) 702 accesses main memory 704
via the use of bus 701 in order to launch, run, execute, interpret, or otherwise
perform processes, such as through logic instructions, executing on the processor
702 and based on the application 102 stored in main memory or otherwise tangibly
stored.

[00115] The description above includes example systems, methods,
techniques, instruction sequences, and/or computer program products that embody
techniques of the present disclosure. However, it is understood that the described
disclosure may be practiced without these specific details. In the present disclosure,
the methods disclosed may be implemented as sets of instructions or software
readable by a device. Further, it is understood that the specific order or hierarchy of
steps in the methods disclosed are instances of example approaches. Based upon
design preferences, it is understood that the specific order or hierarchy of steps in
the method can be rearranged while remaining within the disclosed subject matter.
The accompanying method claims present elements of the various steps in a sample
order, and are not necessarily meant to be limited to the specific order or hierarchy
presented.

[00116] The described disclosure may be provided as a computer
program product, or software, that may include a machine-readable medium having
stored thereon instructions, which may be used to program a computer system (or
other electronic devices) to perform a process according to the present disclosure. A

machine-readable medium includes any mechanism for storing information in a form
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(e.g., software, processing application) readable by a machine (e.g., a computer).
The machine-readable medium may include, but is not limited to optical storage
medium (e.g., CD-ROM); magneto-optical storage medium, read only memory
(ROM); random access memory (RAM); erasable programmable memory (e.g.,
EPROM and EEPROM); flash memory; or other types of medium suitable for storing
electronic instructions.

[00117] Certain embodiments may be described herein as including one
or more modules or services, such as the components of the application 102. Such
modules are hardware-implemented, and thus include at least one tangible unit
capable of performing certain operations and may be configured or arranged in a
certain manner. For example, a hardware-implemented module may comprise
dedicated circuitry that is permanently configured (e.g., as a special-purpose
processor, such as a field-programmable gate array (FPGA) or an application-
specific integrated circuit (ASIC)) to perform certain operations. A hardware-
implemented module may also comprise programmable circuitry (e.g., as
encompassed within a general-purpose processor or other programmable processor)
that is temporarily configured by software or firmware to perform certain operations.
In some example embodiments, one or more computer systems (e.q., a standalone
system, a client and/or server computer system, or a peer-to-peer computer system)
or one or more processors may be configured by software (e.g., an application or
application portion) as a hardware-implemented module that operates to perform
certain operations as described herein.

[00118] Accordingly, the term “hardware-implemented module” or
“‘module” encompasses a tangible entity, be that an entity that is physically
constructed, permanently configured (e.g., hardwired), or temporarily configured
(e.g., programmed) to operate in a certain manner and/or to perform certain
operations described herein. Considering embodiments in which hardware-
implemented modules are temporarily configured (e.g., programmed), each of the
hardware-implemented modules need not be configured or instantiated at any one
instance in time. For example, where the hardware-implemented modules comprise
a general-purpose processor configured using software, the general-purpose
processor may be configured as respective different hardware-implemented modules

at different times. Software may accordingly configure a processor, for example, to
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constitute a particular hardware-implemented module at one instance of time and to
constitute a different hardware-implemented module at a different instance of time.

[00119] Hardware-implemented modules may provide information to,
and/or receive information from, other hardware-implemented modules. Accordingly,
the described hardware-implemented modules may be regarded as being
communicatively coupled. Where multiple of such hardware-implemented modules
exist contemporaneously, communications may be achieved through signal
transmission (e.g., over appropriate circuits and buses) that connect the hardware-
implemented modules. In embodiments in which multiple hardware-implemented
modules are configured or instantiated at different times, communications between
such hardware-implemented modules may be achieved, for example, through the
storage and retrieval of information in memory structures to which the multiple
hardware-implemented modules have access. For example, one hardware-
implemented module may perform an operation, and may store the output of that
operation in a memory device to which it is communicatively coupled. A further
hardware-implemented module may then, at a later time, access the memory device
to retrieve and process the stored output. Hardware-implemented modules may also
initiate communications with input or output devices.

[00120] It is believed that the present disclosure and many of its
attendant advantages should be understood by the foregoing description, and it
should be apparent that various changes may be made in the form, construction, and
arrangement of the components without departing from the disclosed subject matter
or without sacrificing all of its material advantages. The form described is merely
explanatory, and it is the intention of the following claims to encompass and include
such changes.

[00121] While the present disclosure has been described with reference
to various embodiments, it should be understood that these embodiments are
illustrative and that the scope of the disclosure is not limited to them. Many
variations, modifications, additions, and improvements are possible. More generally,
embodiments in accordance with the present disclosure have been described in the
context of particular implementations. Functionality may be separated or combined
in blocks differently in various embodiments of the disclosure or described with

different terminology. These and other variations, modifications, additions, and
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improvements may fall within the scope of the disclosure as defined in the claims

that follow.
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CLAIMS

What is claimed is:

1. A method for generating an advanced route recommendation, comprising:

accessing, by a processor, data associated with historical global
positioning system information;

identifying, by the processor, a plurality of pick-up locations and
associated pick-up probability for each of the plurality of pick-up
locations;

generating, by the processor, a tree structure defining a list of
sequences, each of the list of sequences defining candidate
routes and including at least one of the plurality of pick-up
locations; and

pruning, by the processor, the tree structure to compute a sequence for
routing a vehicle from the list of sequences.

2. The method of claim 1, wherein the tree structure is associated with a route

recommendation with relaxed assumptions solution.

3. The method of claim 2, further comprising, by the processor, solving for the
route recommendation with relaxed assumptions solution and pruning the tree
structure by:

labeling nodes of the tree structure with / or D when an associated
condition is satisfied,

estimating a distance for each of the plurality of pick-up locations
based on the location and the nodes of the tree structure as
labeled, and

outputting the sequence for the vehicle, such that the sequence defines
a route associated with a minimum expected driving distance
(EDD).

4. The method of claim 1, wherein the tree structure is associated with a

destination oriented route recommendation solution.
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5. The method of claim 4, further comprising, by the processor, solving for the
destination oriented route recommendation solution and pruning the tree
structure by:

identifying an original location and a destination location,

enumerating each of the list of sequences with / pick-up locations by
adding one pick-up location to remaining candidates of the list of
sequences with / = 1 pick-up locations,

pruning the list of sequences with / pick-up locations,

identifying remaining ones of the list of sequences, and

applying the remaining ones of the list of sequences to a cost function
and that filters out the remaining ones of the list of sequences

that do not satisfy a cost threshold.

6. The method of claim 1, further comprising generating by the processor
clusters from the past pick-up locations and identifying centroids of the

clusters as potential pick-up locations.

7. A computer-implemented system for generating an advanced route
recommendation, comprising:
a computing device associated with a vehicle, configured to:
access data associated with historical GPS information including
information about past pick-up locations proximate to a
location of the vehicle ,
identify a set of potential pick-up locations from the data
including a probability for each of the set of potential pick-
up locations,
estimate a distance between a starting location of the vehicle
and each of the set of potential pick-up locations,
generate a tree structure defining a list of sequences for routing
the vehicle to pick up on or more passengers, each of the
list of sequences defining candidate routes and including
at least one of the set of potential pick-up locations, and
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prune the tree structure to compute a sequence from the list of
sequences, the sequence defining an optimal route for
picking up passengers from the starting location to an
ending location of the vehicle.

8. The computer-implemented system of claim 7, wherein the computing device
prunes the tree structure and is further configured to:

label nodes of the tree structure with / or D when an associated
condition is satisfied,

estimate a distance for each of the set of pick-up locations based on
the location and the nodes of the tree structure as labeled, and

output the sequence for the vehicle, such that the sequence defines a
route associated with a minimum expected driving distance
(EDD).

9. The computer-implemented system of claim 7, wherein the tree structure is

associated with a destination oriented route recommendation solution.

10.  The computer-implemented system of claim 9, wherein the computing device
solves for the destination oriented route recommendation solution and is
further configured to:

identify an original location and a destination location,

enumerate each of the list of sequences with / pick-up locations by
adding one pick-up location to remaining candidates of the list of
sequences with / = 1 pick-up locations,

prune the list of sequences with / pick-up locations,

identify remaining ones of the list of sequences, and

apply the remaining ones of the list of sequences to a cost function and
that filters out the remaining ones of the list of sequences that
do not satisfy a cost threshold.

11.  The computer-implemented system of claim 7, wherein the computing device
is further configured to generate clusters from the past pick-up locations and

identify centroids of the clusters as potential pick-up locations for the vehicle.
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12. A tangible, non-transitory, computer-readable media having instructions
encoded thereon, the instructions, when executed by a processor, are
operable to:

access data associated with historical GPS information including
information about past pick-up locations proximate to a location
of a vehicle ,

identify a set of potential pick-up locations from the data including a
probability for each of the set of potential pick-up locations,

estimate a distance between a starting location of the vehicle and each
of the set of potential pick-up locations,

generate a tree structure defining a list of sequences for routing the
vehicle to pick up on or more passengers, each of the list of
sequences defining candidate routes and including at least one
of the set of potential pick-up locations, and

prune the tree structure to compute a sequence from the list of
sequences, the sequence defining an optimal route for picking
up passengers from the starting location to an ending location of
the vehicle.
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