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Abstract: We propose a hub ridesharing method that considers path similarity to swiftly
evacuate high volumes of passengers arriving at a high-speed railway hub. The technique
aims to minimize total mileage and the number of service vehicles, considering the charac-
teristics of hub passengers, such as the constraints of large luggage, departure times, and
arrival times. Meanwhile, to meet passengers’ expectations, a path morphology similarity
indicator combining directional and locational features is developed and used as a crucial
criterion for passenger matching. A two-stage algorithm is designed as a solution. Passen-
ger requests are clustered based on path vector similarity in the first stage using a heuristic
approach. In the second stage, we employ an adaptive large-scale neighborhood search to
form passenger matches and shared routes. The experiments demonstrate that this method
can reduce operational costs, enhance computational efficiency, and shorten passenger
wait times. Taking path similarity into account significantly decreases passenger detour
distances. It improves the Jaccard coefficient (JAC) of post-ridesharing paths, fulfilling
the passenger’s psychological expectation that the shared route will closely resemble the
original one.

Keywords: public transportation; high-speed railway hubs; hub ridesharing; path similarity;
two-stage algorithm

1. Introduction
In recent years, with the rapid rise in high-speed rail use, passenger flow has surged

dramatically, making the swift dispersal of arriving passengers at hubs increasingly chal-
lenging. On long-distance journeys, travelers often carry large luggage, increasing the
demand for transferring to taxis or online ride-hailing services to exit the hub [1]. However,
taxis or online ride-hailing services typically accommodate only one to two passengers,
which during peak times can lead to the problems of long wait times for passengers and
resource wastage. Ridesharing can significantly enhance the efficiency of car usage, offering
a balanced solution for capacity and passenger wait times [2,3]. Moreover, the timing and
location at which passengers board cars at hubs are highly concentrated, significantly
enhancing the feasibility of ridesharing. Therefore, studying ridesharing at hubs holds
substantial practical value for the swift dispersal of passengers in scenarios of concentrated
passenger flow at hubs.

Existing research on the evacuation of arriving passengers at large transfer hubs
predominantly focuses on their preferences for connecting transportation modes or the
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coordinated evacuation of integrated transit systems, with limited focus on the swift
evacuation of passengers using taxis. However, ridesharing services offer passengers
economical, door-to-door, high-quality, and low-cost transportation options, prompting
extensive research in this field. Related work mainly focuses on road network ridesharing
and the integration of ridesharing with subway and bus systems. For instance, some studies
emphasize ride matching, aiming to identify the optimal pairing between passengers and
drivers, as documented in works like [2,4–6]. Other studies focus on ridesharing route
planning, as highlighted in works such as [7–9]. These studies aim to identify the most
cost-effective routes for vehicle fleets, employing solution methods such as exact algorithms
and heuristic approaches.

However, compared to road network scenarios and ridesharing schemes connect-
ing buses and subways, designing ridesharing solutions for high-speed railway hubs is
significantly more complex. This complexity arises because passenger requests in road
networks are highly dispersed, allowing matches to be made based on the original taxi
routes, resulting in fewer feasible matching combinations. In contrast, the ridesharing
problem at railway hubs lacks predefined route baselines and, compared to bus and subway
connection scenarios, is characterized by the concentrated arrival of passengers, leading to
a greater number of feasible matching combinations and higher optimization complexity.
Additionally, some studies use the proximity of passenger destinations as a matching
criterion, which ignores the similarity of traveling path morphology to meet passengers’
psychological expectations.

Accordingly, this study concentrates on ridesharing solutions for taxis at high-speed
railway hubs. Given that train arrival times are known, passengers can pre-book rideshar-
ing services with the provider according to their needs. The service provider preliminarily
groups passengers based on their requested departure time windows and destination
information, matches riders for shared trips, plans the ridesharing routes, and notifies
passengers accordingly. To evacuate hub passengers under peak passenger flows, service
providers need to make decisions based on the minimum target total mileage and the
number of service vehicles, comprehensively consider the characteristics and psychological
needs of hub passengers, and take into account large luggage, route similarity, departure
and arrival times, etc. This model can speed up the evacuation of passengers arriving at
the hub to a certain extent, as it not only considers factors like passenger expectations and
large luggage, enhancing both rider participation and plan feasibility but also mitigates the
high costs of individual car rides and the inconvenience of public transport’s inability to
provide door-to-door service.

The remainder of this paper is organized as follows: Section 2 reviews related research
and positions our work within the existing literature. Section 3 details the methodology
for measuring path similarity and introduces the ridesharing model. Section 4 presents
the PVS-ALNS solution approach. Section 5 describes the computational experiments
conducted. The contribution and future work are outlined in Section 6.

2. Literature Review
Ridesharing entails operators pairing potential drivers with travelers on similar routes,

enabling shared journeys and expenses [10]. This service can cut costs, improve transporta-
tion efficiency, and reduce emissions. As a result, many studies have delved into optimizing
ridesharing services. Some scholars have explored the problem of ride-matching. For in-
stance, some studies are oriented toward the system’s operational efficiency, aiming to
maximize overall profit [6] or minimize the total traveling distance of operating vehi-
cles [2,11]. Other studies are oriented toward the passenger, aiming to minimize waiting
times for passengers [12] or reduce the total fare paid by passengers [13]. In recent research,
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Ref. [14] proposed an O-D pair-based ride-matching strategy designed for one-to-one [15]
or one-to-many [5] matching between drivers and passengers with the same or different
O-D pairs. This approach focuses on the geographic location of O-D points. Additionally,
some research explores path-based ridesharing strategies that track travelers’ path infor-
mation and integrate congestion scenarios to offer optimal driver–passenger matches [4].
Another avenue of research addresses the ridesharing route problem. For example, Ref. [9]
studied on-demand ridesharing to minimize travel routes and passenger walking costs.
Ref. [16] introduced a trust perception model within the ridesharing system, aiming to
reduce costs while fostering mutual respect and trust between participants, using an al-
gorithm combining adaptive neighborhood searches with differential evolution to plan
ridesharing routes. However, the studies mentioned above primarily concentrated on
road network ridesharing scenarios. With the rapid advancement of public transporta-
tion and integrated transport hubs to address the long-distance travel distances between
passengers’ origins or destinations and public transportation stations (such as bus stops,
subway stations, train stations, and airports), as well as the lack of bus connections, relevant
scholars proposed utilizing ridesharing modes to provide passengers with economical and
flexible travel services. Most studies focus on ridesharing solutions that integrate with
buses and subways. For example, Ref. [17] employed a rule-based rider–car matching
algorithm to facilitate ridesharing for shared autonomous vehicles connecting with light
rail systems. Refs. [18,19] found that integrating ridesharing with public transport can
significantly boost demand for both services and effectively address the last-mile issue. In
contrast, studies on connecting travel at hubs predominantly address travelers’ preference
for mode selection, factoring in personal attributes, travel habits, mode features, and psy-
chological variables. Discrete choice models are employed to identify the determinants
influencing passengers’ connectivity choices and to offer strategic support for the coordi-
nated scheduling of multi-modal capacities [20–22]. Currently, research on taxi-sharing
problems connecting high-speed railway hubs is relatively scarce. Existing studies focus
on shuttle buses or flexible bus services for passengers traveling to or from hubs. For
example, Ref. [23] designed a customized bus service for passengers at large transport
terminals, considering delays in their departure times. Ref. [24] explored providing shared
bus services at train stations, integrating passenger and freight transportation to achieve
fair matching, and incentivizing passengers to participate, thereby improving the matching
rate. However, such approaches cannot provide accurate door-to-door services. To the best
of our knowledge, only two papers have specifically addressed taxi ridesharing problems
in connecting hubs: Refs. [1,25] designed a taxi ridesharing scheme for connecting intercity
transport hubs and train stations, considering passengers’ arrival time requirements and the
connection with train schedules. However, these studies focused on first-mile ridesharing
problems in connecting hubs. Compared to first-mile ridesharing, last-mile ridesharing
from hubs features a high concentration of passenger origin points (O-points) and a large
volume of requests. At the same time, the former emphasizes time constraints to ensure
passengers catch their next journey. Consequently, there remains a lack of exploration of
services aimed at swiftly dispersing passengers at high-speed railway hubs and providing
high-quality and cost-effective connecting travel services for travelers.

The ridesharing problem falls under the Vehicle Route Problem (VRP), known as an
NP-hard problem. Exact algorithms like branch and bound [26], column generation [27],
and decomposition [28] can be devised to obtain optimal global solutions. Still, they
are generally applicable only to small-scale cases. The combinatorial explosion of larger
instances makes it difficult to find optimal solutions within polynomial time. Heuristic
methods have proven effective for finding near-optimal solutions and have thus seen
widespread application in recent years. These methods primarily include ant colony
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algorithms [29], tabu search [30], and neighborhood search algorithms [31]. Ref. [32]
introduced a greedy random adaptive search algorithm to address the dynamic ridesharing
problem. Ref. [8] developed an adaptive large neighborhood search heuristic algorithm
built upon local search (LS) and routing combination (RCP) extensions. Experimental
results demonstrated that integrating LS and RCP extensions into the ALNS heuristic
significantly enhanced solution quality. Ref. [31] proposed a large neighborhood search
algorithm to optimize the average occupancy rate of vehicles across the entire system in the
context of dynamic ridesharing. As mentioned earlier, the studies addressed the vehicle
routing problem from a global optimization standpoint. The cluster-first route-second
method has increasingly been applied to the vehicle routing problem and its variants to
enable real-time decision making within large-scale systems. Ref. [33] proposed a cluster-
first route-second approach to address ridesharing’s on-demand matching problem. This
method employed greedy and K-means algorithms to group passengers based on their
geographical locations, followed by the design of a hybrid heuristic algorithm incorporating
insertion and tabu search techniques to determine ridesharing routes. To address the multi-
site routing problem with time windows and heterogeneous vehicles, Ref. [34] introduced
a three-stage heuristic algorithm using heuristic clustering to decompose the large-scale
VRPTW problem, and it has been proven through experiments that this method can achieve
optimal solutions at reduced computational costs. Ref. [7] also presented a cluster-first
route-second heuristic method designed explicitly for urgent logistics scheduling problems.
Ref. [35] proposed a hierarchical and partition-based clustering method to place the most
shareable trips into distinct clusters. Although clustering methods are widely applied to
vehicle routing and ridesharing problems, research on their application in ridesharing
scenarios at transport hubs remains limited.

Based on the related work, current research on ridesharing predominantly concentrates
on road network ridesharing and ridesharing that connect to public transportation systems
like subways and buses, while there is a lack of studies on ridesharing to high-speed
railway hubs. The cluster-first route-second method proves effective in solving large-scale
combinatorial optimization problems. Yet, few scholars have explored the study of rapid
matching in scenarios with high-order demand at hubs. Moreover, path similarity is a key
factor in successful matches. Existing studies primarily focus on the geographic proximity
of passenger origins and destinations, with less emphasis on the similarity of traveling
path morphology to meet rider expectations.

Our contributions consist of the following: (a) proposing a ridesharing method us-
ing cars to disperse passengers at high-speed railway hubs efficiently; (b) introducing a
path similarity measurement method that incorporates directional and locational features;
(c) developing a ridesharing model aimed at minimizing total travel distance and the
number of service vehicles, while considering factors such as large luggage, passenger
departure and arrival time requirements, and similarities in traveling path morphology;
(d) proposing a custom solution algorithm that combines heuristic clustering based on path
vector similarity with an adaptive large neighborhood search (PVS-ALNS).

3. Model Formulation
3.1. Problem Description and Modeling Assumptions

Regarding train and high-speed rail stations as high-speed railway hubs, we aim
to disperse passengers from these hubs swiftly and provide them with convenient and
cost-effective continuous travel services. Since train arrival times are known in advance,
passengers can predict their departure from the hub and book ridesharing services accord-
ingly, providing essential information. After receiving booking details, the ridesharing
service assigns a path for each passenger.
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The ridesharing model is built on the following assumptions:

(1) Cars reach the pick-up area before the passengers and depart the hub only after boarding.
(2) All passengers arrive at the specified location before the earliest scheduled departure time.
(3) Each car maintains a constant speed throughout the journey.
(4) Once passengers receive their ridesharing details, they do not cancel their trips.
(5) The road network is assumed to be free of traffic congestion, and other random

disruptions are not considered.

3.2. Mathematical Model
3.2.1. Symbols and Parameters

The variables in the model are explained with the established symbols, as shown in
Table 1.

Table 1. Symbols and parameter description table.

Symbols Description

K Set of all cars
N Set of passenger destinations
N0 Set of all nodes, including the railway hub (denoted as 0)
c f Fixed usage cost per car
cd Operational cost per unit distance for each car
Q Number of seats in each car
pi Number of passengers of request i
bi Number of large luggage items of request i
B Number of pieces of luggage that can be placed on the trunk of each car
W Number of pieces of luggage that can be placed on a seat
v Vehicle speed
s Drop-off time for each passenger (service time)

[ei, li] Departure time window for passenger i
[eei, lli] Desired arrival time window for passenger i

xijk
0–1 variable, when vehicle k travels from node i to node

j, xijk= 1; otherwise, xijk = 0

3.2.2. Measurement of Path Similarity

To measure the similarity of ridesharing paths under known origin–destination (OD)
pairs, we propose a path similarity measurement method called the directionally cor-
rected segment path distance (DSPD), which integrates spatial proximity and directional
similarity. The DSPD metric incorporates both directional and positional characteristics,
effectively reducing the impact of variations in path length and accurately assessing the
similarity of path morphology (that is, driving trajectory similarity) despite variations in
passengers’ destinations. Additionally, to reduce computational complexity and avoid
analyzing all possible matching combinations individually, the model evaluates the similar-
ity of traveling path morphology under paired OD pairs, using this as a key criterion for
passenger matching.

(1) Measurement of spatial proximity of paths

Definition 1. Projected distance from a point to a path (PD). The projected distance from a point
to a path refers to the shortest distance from a point to a path [36], expressed as follows:

dPD(p, R) = mindmin(p, rs), ∀rs ∈ R (1)

where p represents a point on the path; R denotes a path; rs refers to a sub-segment of a path;
and dmin(p, rs) indicates the shortest distance from the point p to the segment rs. As illustrated
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in Figure 1a, the red line represents the projected distance from point ps on one path to another path
R2, where ms is the projection point of ps onto path R2.
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Definition 2. Segmented path distance (SPD). The segmented path distance refers to the average
of the projected distances from points on one path to another path [36]. The calculation formula is
as follows:

dSPD(R1, R2) =
1
n1

∑
ps∈R1

dPD(ps, R2) (2)

where R1 and R2 represent two paths, ps represents a trajectory point on R1,n1 is the total number
of trajectory points on path R1, and dPD(ps, R2) is the projected distance from point ps on path R1

to path R2. Figure 1b shows an example of the SPD calculation.

Based on the above definitions, the DSPD evaluates the spatial proximity of two paths
by calculating the average of projected distances from points on one path to another.
This method effectively captures the overall proximity, thereby mitigating the impact of
noise points. In this study on ridesharing at transport hubs, the destination requests of
passengers are highly dispersed, resulting in paths of varying lengths. To measure the
proximity between two paths of different lengths, we apply the minimum SPD as the metric
of spatial proximity between the two paths, defined as follows:

Ds(R1, R2) = min{dSPD(R1, R2), dSPD(R2, R1} (3)

where dSPD(R1, R2) denotes the SPD from path R1 to path R2, and dSPD(R2, R1) represents
the SPD from path R2 to path R1.

As defined in Equation (3), when paths vary in length, the minimum SPD is used to
measure spatial proximity, focusing on the similarity of sub-path segments with the same
length, as illustrated in Figure 1.

(2) Measurement of directional similarity of paths

Definition 3. Directional vector discrepancy (DD). The directional vector discrepancy refers to the
angular difference between the vector λ1s formed by point p1s and the subsequent point p1s+1 on
one path R1 and the vector λ2s formed by point p2s and the subsequent point p2s+1 on another path
R2. The calculation is as follows:

dPA(λ1s, λ2s) = 1− λ1s·λ2s

|λ1s||λ2s|
(4)
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where dPA(λ1s, λ2s) represents the directional vector discrepancy between the vector λ1s on path
R1 and the vector λ2s on path R2. If R1 is longer than R2, then each of the remaining vectors is
computed with the last vector in R2. Figure 2 shows an example of the DD calculation.
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Definition 4. Average directional vector discrepancy (ADD). The average directional vector
discrepancy refers to the mean angular difference between the set of vectors formed by all the points
on one path and the set of vectors formed by all the points on another path, expressed as follows:

dRA(R1, R2) =
1

n1 − 1 ∑
s∈n1−1

dPA(λ1s, λ2s) (5)

in this formula, n1 − 1 denotes the total number of vectors derived from trajectory points on path
R1, and dRA(R1, R2) represents the directional difference in path R1 relative to path R2.

Thus, the overall directional similarity between paths R1 and R2 can be determined:

Da(R1, R2) = min{dRA(R1, R2), dRA(R2, R1} (6)

where dRA(R1, R2) represents the directional difference in path R1 relative to path R2, and
dRA(R2, R1) indicates the directional difference in path R2 relative to path R1. The value
of Da ranges from 0 to 2, with values closer to 0 indicating a higher degree of overall
directional similarity between paths R1 and R2.

(3) Measurement of path similarity—DSPD

In this study on ridesharing at high-speed railway hubs, passengers share the same
starting point, and each path’s direction significantly impacts the final path’s deviation.
Thus, the path similarity measure integrates a directional correction, embedding directional
similarity as an influencing factor within the spatial proximity metric. This approach results
in a direction-corrected path similarity measure formulated as follows:

DSPS(R1, R2) =
2

2− Da(R1, R2)
·Ds(R1, R2) (7)

where DSPS(R1, R2) denotes the DSPD between paths R1 and R2, Ds(R1, R2) represents
spatial proximity, and Da(R1, R2) indicates directional similarity between the two paths.
The value of Da(R1, R2) ranges from [0, 2]. 2/2− Da(R1, R2) acts as a correction factor
for directional similarity, with 2/2− Da(R1, R2) equal to 1 when the paths are identical,
allowing the DSPD to capture spatial proximity fully. When the paths are entirely dissimilar,
2/2− Da(R1, R2) becomes infinite, maximizing the distinction between two paths with
different directions.
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By applying the Gaussian function to standardize the DSPD, the path similarity
measure is obtained as follows:

S(R1, R2) =

{
exp[−DSPD(R1,R2)

2]
2σ2 , Da(R1, R2) ∈ [0, 2)

1
M , Da(R1, R2) = 2

(8)

where S(R1, R2) ∈ (0, 1) represents the normalized path similarity measure, and as
S(R1, R2) nears 1, path similarity increases. However, normalizing with a Gaussian func-
tion can distort the data when directional similarity is infinite. To address this, when
directional similarity is infinite, M is set to a significant value to ensure that when the paths
are entirely dissimilar, the path similarity is 0.

The DSPD method ensures path similarity for passengers in a ridesharing state. To fur-
ther guarantee the degree of detours in single-occupancy statuses, assume L(R1) < L(R2),
the detour between the endpoints of routes R1 and R2, represented by R(R1, R2), must
satisfy the maximum acceptable detour rate ς for single-occupancy trips.

R(R1, R2) =
r(z1, z2)

r(z′1, z2)
≤ ς (9)

where z1 and z2 represent the endpoints of routes R1 and R2, while z′1 signifies the point
on route R2 that corresponds to the same position as endpoint z1. r(z1, z2) and r(z′1, z2)

denote the path lengths (actual travel distances) from z1 to z2 and z′1 to z2, respectively, as
illustrated by the red line segments in Figure 3.
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paths are entirely dissimilar, the path similarity is 0. 

The DSPD method ensures path similarity for passengers in a ridesharing state. To 
further guarantee the degree of detours in single-occupancy statuses, assume 
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1z  signifies the 
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'
1 2( , )r z z  denote the path lengths (actual travel distances) from 1z  to 2z  and '

1z  to 2z , 
respectively, as illustrated by the red line segments in Figure 3. 
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Figure 4 illustrates an example of passenger matching and the subsequent path updates
following these rules:
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Figure 4. Path update.

1) S(Ri, Rj) ≥ a ∩ R(Ri, Rj) ≤ ς, where passenger i and passenger j achieve a successful
match, R0j = R0i + Rij;

2) S(Rj, Rk) < a ∪ R(Ri, Rj) > ς, where passenger i and passenger j fail to match.

3.2.3. Mathematical Model

To alleviate peak-hour demand pressure and reduce operational costs for car service
providers, we aim to optimize for the shortest total vehicle mileage and the fewest service
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vehicles. Concurrently, to meet passenger expectations, we develop a ridesharing model
that considers route similarity.

minZ = ∑
i∈N0

∑
j∈N0

∑
k∈K

c f xijk + ∑
i∈N0

∑
j∈N0

∑
k∈K

cddijxijk (10)

∑
j∈N0∪j ̸=i

∑
k∈K

xijk = 1, ∀i ∈ N0 (11)

∑
i∈N0∪j ̸=i

∑
k∈K

xijk = 1, ∀j ∈ N (12)

∑
j∈N

x0jk = 1, ∀k ∈ K (13)

∑
i∈N

xi0k = 0, ∀k ∈ K (14)

∑
i∈N0

xijk = ∑
l∈N0

xjlk, ∀j ∈ N, k ∈ K (15)

∑
i∈N

(pi + max
{

0,
⌈

bi − B
W

⌉}
)∑

j∈N
xijk ≤ Q, ∀k ∈ K (16)

ei ≤ max{ei xijk

∣∣∣eixijk ̸= 0, ∀i, j ∈ N} ≤ li, k ∈ K (17)

eei ≤ max{ei xijk

∣∣∣eixijk ̸= 0, ∀i, j ∈ N}

+ ∑
i∈N

∑
j∈N

xijk(
dij

v
+ s) ≤ lli, k ∈ K

(18)

S( ∑
i∈N0

∑
j∈N

xijkR0j, ∑
i∈N0

∑
l∈N

xilkR0l) ≥ a, k ∈ K (19)

R( ∑
i∈N0

∑
j∈N

xijkR0j, ∑
i∈N0

∑
l∈N

xilkR0l) ≤ ς, k ∈ K (20)

xijk ∈ {0, 1} , ∀i, j ∈ N0, k ∈ K (21)

The objective function (10) minimizes overall system costs, including total vehicle
mileage and the number of vehicles required for service. Constraints (11) and (12) ensure
that each request is served precisely once. Constraints (13) and (14) guarantee that all cars
depart from the hub and do not return during the service. Constraint (15) ensures traffic
flow balance. Constraint (16) is a capacity limitation, ensuring that the total number of
passengers and luggage does not exceed the vehicle’s carrying capacity. Constraints (17)
and (18) indicate time windows: Constraint (17) dictates that the latest arrival time for
passengers sharing the exact vehicle aligns with the car’s departure time, which must meet
each passenger’s departure window; Constraint (18) ensures that every passenger’s arrival
time falls within the designated arrival window. Constraint (19) requires that passengers
sharing the same car have path similarities that meet a specified threshold. ∑

i∈N0

∑
j∈N

xijkR0j

and ∑
i∈N0

∑
l∈N

xilkR0l represent the routes from the hub 0 to points j and l before ridesharing.

Constraint (20) stipulates that the detour between the destinations of passengers sharing
the same car must meet the detour rate ς. Equation (21) defines the decision variable as a
0–1 integer constraint.

4. Solution Algorithm
Ridesharing at high-speed railway hubs differs from road network ridesharing; here,

passengers have the same starting point, making it unable to match riders based on the
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original car routes, resulting in an extensive set of possible vehicle matching combinations.
Consequently, we propose a tailored PVS-ALNS heuristic algorithm that combines path
vector similarity-based (PVS) heuristic clustering and an adaptive large neighborhood
search algorithm (ALNS). The PVS heuristic clustering is designed to group requests
with similar traveling paths, decomposing the large-scale VRP into smaller sub-problems.
Subsequently, the ALNS algorithm is applied to determine the optimal ridesharing routes
for each cluster.

4.1. Request Clustering Based on Path Vector Similarity

Traveling path and ride time are critical factors influencing passenger matching. In the
context of ridesharing at high-speed railway hubs, passengers share the same starting point,
and the direction of their routes plays a decisive role in determining the traveling path. In
contrast, the distance between passengers’ destinations has a relatively minor impact on
the “near-to-far” travel pattern discussed in this study. Accordingly, this section proposes
a path vector similarity measurement method incorporating directional and temporal
characteristics to cluster passengers with similar route directions and minimal time spans
into the same group.

4.1.1. Definition of Path Vector Similarity

Without participating in ridesharing, requests r1 and r2 can result in two separate
paths, R1 and R2, departing from the large transport hub. Taking the starting points q1

and q2 and the endpoints z1 and z2 of the two paths, the vectors λ1 and λ2 are obtained by
connecting the starting and ending points, as shown in Figure 5.
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(1) Vector similarity in direction

We calculate the cosine of the intersection angle between the vectors λ1 and λ2,
obtained from the start and end points of the two paths, denoted as cos⟨λ1, λ2⟩. If
µ ≤ cos⟨λ1, λ2⟩ ≤ 1, the two vectors are considered directionally similar, expressed
as follows:

VD(R1, R2) =

{
1, µ ≤ cos⟨λ1, λ2⟩ ≤ 1
−N, cos⟨λ1, λ2⟩ < µ

(22)

where VD(R1, R2) denotes the directional similarity between the two paths, and N repre-
sents a significantly large constant.

(2) Vector similarity in temporal

We consider the temporal attribute, which pertains to the departure window from the
hub, stipulating that passengers with overlapping departure windows have the potential
to be matched. The longer the overlap, the greater the likelihood of a successful match. For
any two passenger requests, with time attributes t1 and t2, the temporal similarity between
paths R1 and R2 is calculated as shown in Equation (23):

VT(t1, t2) =

{
|min{l1 , l2} −max{e1 , e2}|, i f min{l1 , l2} > max{e1 , e2}
0, otherwise

(23)
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In the hub ridesharing problem context, the direction of travel paths is decisive in
determining shared routes. Consequently, directional similarity is incorporated into the
temporal similarity metric as an influencing factor. The expression for the path vector
similarity measurement method is as follows:

VDT(R1, R2) = VD(R1, R2)·VT(R1, R2) (24)

where VDT(R1, R2) represents the path vector similarity between paths R1 and R2,
VD(R1, R2) denotes the directional similarity between the two vectors, and VT(R1, R2)

indicates the temporal similarity between the paths.

4.1.2. Clustering Based on a Greedy Heuristic Algorithm

Ref. [33] have demonstrated that, in most ride-sharing scenarios, a greedy algorithm
achieves better clustering results than the K-Means method. Therefore, in this section, using
path vector similarity (PVS) as the benchmark, a greedy heuristic algorithm is employed
for clustering. This approach groups similar passengers into the same cluster based on the
similarity of their route directions and temporal spans.

4.2. Adaptive Large Neighborhood Search Algorithm

After clustering, each cluster requires matching and optimization. Considering the
complex constraint of path similarity in our model, there is a significant reliance on trajec-
tory data, making it difficult to directly use off-the-shelf solvers (for instance, CPLEX and
GUROBI). Adaptive large neighborhood search (ALNS) algorithms are highly effective at
accommodating the complex constraints of VRP-related problems. Therefore, we design an
algorithm based on the ALNS framework. Algorithm 1 outlines the main steps of the ALNS,
including initial solution generation, removal and repair operators, and their adaptive
selection using a roulette wheel strategy [37]. To avoid local optima during the search, we
apply the Metropolis criterion [37] to accept new solutions. The parameter T0 represents
the initial temperature of the algorithm, and ξ denotes the cooling rate; the algorithm
terminates upon reaching the maximum iteration count.

Algorithm 1: Outline of ALNS

01 Input: similarity data, removal and repair operators, other algorithm
02 Output : the best solution (Sbest )
03 current an initial solution by Insert algorithm
04 set Sbest← Snew , Scurr← Snew , iter← 0;
05 while termination criteria are not met do
06 select removal & repair operators by roulette selection
07 Stemp← removal and repair (Scurr )
08 if f

(
Stemp ) > f (Sbest )

09 Sbest← Scurr ← Stemp , iter = 0, and update operator scores by ω1

10 else if f
(
Stemp ) > f (Scurr )

11 Scurr← Stemp , iter = 0, and update operator scores by ω2

12 else if f
(
Stemp≤ f (Scurr ) but accepted by the Metropolis criterion then

13 Scurr← Stemp , iter + 1, and update operator scores by ω3

14 else
15 reject solution, iter + 1, and update operator scores by ω4

16 update T, scores, and weights of removal & repair operators
17 return Sbest
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4.2.1. Initial Solution

We employ a random insertion algorithm to construct the algorithm’s initial solution.
An empty route is created, and unvisited requests are inserted into this route individually.
Subsequently, the feasibility of inserting request i into the route r is evaluated. Based on the
feasibility assessment, request i is either inserted into the route r or used to construct a new
empty path. Algorithm 2 details the complete procedure for building this initial solution.

Algorithm 2: Insert algorithm

01 Input: requests, cars
02 Output: set of routes
03 uninserted requests← all requests
04 while |uninserted requests| > 0 do
05 generate a new empty route (r)
06 for each request do
07 for each possible insertion position in the route do
08 new route← insert the request at the current position
09 check the feasible of the new route;
10 if the new route is feasible then
11 delete this uninserted requests, r← new route and break
12 else
13 try inserting in the next position
14 add r to routes
15 return routes

4.2.2. Removal and Repair Operators

Three removal and repair operators are designed to obtain the optimum solution.

(1) Random Removal: This operator randomly removes a certain number of requests
from the current vehicle route at a specific rate of destruction.

(2) Worst removal: This operator removes the request, saving the most considerable
routing cost. First, the routing cost savings are calculated for each request removed.
Then, the request that results in the most significant cost savings is removed from the
current route. Finally, the first two steps are repeated until the number of removals
is satisfied.

(3) Shaw Removal: We define the similarity of two requests in a route, obtain the
two requests with the highest similarity, and remove one request from it to increase
the diversity of the scheme. The similarity of two requests i and j for a route is defined
as SM(i,j), as shown in Equation (25).

SM(i, j) = ε×
∣∣ei − ej

∣∣+υ×
∣∣li − lj

∣∣+ω× [1− ccmat(i, j)] (25)

where ei − ej represents the difference in earliest departure times, li − lj denotes the dif-
ference in latest departure times, and 1− ccmat(i, j) indicates the difference in similarity
between the two paths. The weights ε, υ, and ω are all set to 0.5, respectively.

After the removal operation, the vehicle route and the removal request are obtained.
Next, we use the repair operator to insert the removal request into the vehicle routing scheme.

(1) Random Repair: Each request can be randomly inserted into a feasible location. An
empty route is created to insert this request if no feasible position exists.

(2) Greedy Repair: This operator first calculates the insertion cost of inserting each request
into each available location and then selects the request–location pair that results in
the smallest increase in routing cost, which means this request will be inserted into
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this position. If there is no feasible insertion location for a given request, an empty
route is generated for storage.

(3) Regret-2 Repair: This operator includes a forward-looking message when selecting
a customer to insert. We use ∆Cr

i to denote the minimum insertion cost of placing a
request i into route r. This operator calculates the insertion costs ∆Cr

i of placing the

request into the first-best and second-best routes. RV(i) = ∆Cr(2)
i − ∆Cr(1)

i represents
the maximum regret value for inserting the request i. The request with the highest
regret value is inserted into the first-best position.

4.2.3. Adaptive Mechanism

To select the removal and repair operators more efficiently, we select and adjust them
at each iteration based on their weights and the roulette wheel. Each operator’s weight is
determined by its performance in previous iterations. Initially, each operator’s weight is
set to 1, and during each iteration, weights are updated according to Equation (26).

wi =

{
(1−U)wi + U si

ti
, ti > 0

wi, ti = 0
(26)

where si is the score of the operator i recorded in the previous iteration, ti is the number
of times operator i was selected in the last stage, and U ∈ [0, 1] is the response factor
that controls the speed of weight adjustment. In each iteration, the removal and repair
operators determine a score based on the quality of the new solution. The initial score is
set to 0; if the temporary solution outperforms the global optimal solution, the removal
and repair operator score increases by ω1. If the temporary solution is inferior to the global
optimal solution but better than the current solution, the removal and repair operator
score increases by ω2. If the temporary solution is worse than the global optimum yet still
accepted, the removal and repair operator scores increase by ω3. If the temporary solution
is worse than the global optimal solution but not accepted, the removal and repair operator
scores increase by ω4.

4.2.4. Parallel Computing and Acceleration Strategies

Parallel computing tackles large-scale problems that can be decomposed into multiple
independent subproblems. Solving each subproblem in parallel significantly accelerates the
overall solution process. This study first segments large-scale requests into independent
vehicle request clusters using PVS-based heuristic clustering. These clusters are processed
independently, with the parallel computing framework illustrated in Figure 6.

Numerous identical neighboring solutions may arise in the neighborhood search
process. To quickly identify duplicates and prevent redundant calculations, we employ a
trie structure to track information on previously examined paths, a proven effective strategy
in alleviating time-consuming feasibility checks and computational issues [38,39].

In this study, we use a trie structure to store route request IDs in conjunction with the
total cost of each route. To minimize the trie’s storage footprint, we specify that if a route
is feasible, the cost value returns as the total route cost; if infeasible, the cost returns as
infinity. Two cases are distinguished as follows:

(1) When a complete route is successfully retrieved, return the total cost of the route directly.
(2) When a complete route is not retrieved, assess its feasibility, calculate the total cost,

and store it in the trie structure.

Figure 7 illustrates the retrieval and storage of routing information. In Figure 7a, the
current trie contains four routing entries: (0–1–3), (0–2–4), (0–1–3–4), and (0–2–5–3). If
the new route to be evaluated is (0–2–5–3), we can directly obtain the total cost of this
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route from the trie. For the new route (0–1–3–5), which is not stored in the trie, we need to
recalculate its associated information and store it in the trie, as shown in Figure 7b.
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5. Case Study
In this experiment, we utilize real taxi data from Wuhan, China, focusing on Hankou

Station as a high-speed railway hub. We selected order data from weekdays, which includes
order IDs, start and end coordinates, and order start and end times (for example, Figure 8
shows the distribution of 230 passenger request destinations from Hankou Station between
22:00 and 23:00). The algorithm developed for this study is implemented in Python 3.9, and
all simulations are executed on a PC equipped with 64 GB RAM and a 3.4 GHz CPU.
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5.1. Parameter Configuration and Instance Generation

The model parameters are as follows: the fixed usage cost c f = USD 2.77, and the
driving cost per kilometer cd = 1. The number of pieces of luggage that can be placed on the
trunk B = 2; the number of pieces of luggage that can be placed on a seat W = 2. The speed
of the vehicle v = 40 km/h. Drop-off time at each service point s = 0.2 min. The maximum
acceptable detour rate ς = 1.5 for single-occupancy status.

The solution algorithm parameters are as follows: in the PVS-based heuristic clustering
algorithm, the maximum cosine value between two vector angles µ = 0.5. In the ALNS
algorithm, the initial temperature T0 is 100, the cooling rate ξ = 0.97, the weight update
reaction factor U = 0.5, and the maximum number of iterations M is 100. Operator scores
are ω1 = 1.5, ω2 = 1.2, ω3 = 0.8, and ω4 = 0.6, respectively.

Regarding instance generation, the departure time window ei is based on the order
start time, derived from an analysis of real taxi operational data in Wuhan. The passenger
waiting time is randomly generated within a range of [5,15] minutes. The arrival time win-
dow is defined by [ei + dij/v + s, li + γ(dij/v + s)], where γ = 1.5 represents the maximum
acceptable detour rate for passengers. Next, we randomly generate the number of riders
and the amount of large luggage for each request. The number of riders is either 1 or 2,
with probabilities of 80% and 20%, respectively, while large luggage amounts are 0, 1, or
2, with probabilities of 50%, 40%, and 10% [1]. Based on the origin and destination data
from car orders, we utilized the OSRM routing engine to generate routes and calculate
the distances between all requests. We obtained trajectory points at 100 m intervals along
the path.

5.2. Analysis of the Effects of Heuristic Clustering Based on Path Vector Similarity

The ride-sharing model presented in this paper can be solved using a solver without
considering the constraint of route similarity. However, introducing DSPD requires mea-
suring the spatial proximity and angular similarity of routes, which heavily relies on route
trajectories, making it difficult to solve directly using a standard solver.

To evaluate the computational performance of the proposed algorithm, we compare the
solution results of the PVS-ALNS algorithm with those directly using the ALNS algorithm
by using taxi passenger request data at different times and scales. Table 2 presents the
average results of 10 runs for both algorithms. It can be found that the two-stage algorithm
in this paper achieves the same optimization results as the global optimization method in
the scenario with a small data scale, but in the scenario with a large data scale, the proposed
method obtains better optimization results with the same number of iterations. When the
data scale is 230, the calculation time of the algorithm is reduced by more than 95%, and
the average passenger detour ratio and average passenger waiting time are reduced by 4%
and 30%, respectively. This demonstrates that the clustering method proposed in this study
effectively groups similar passenger requests, improving computational efficiency while
ensuring optimization quality, thereby achieving the goal of rapidly matching large-scale
passenger requests at a high-speed railway hub.

Table 2. Comparison of passenger case optimization results.

Scale Index PVS-ALNS ALNS Gap (%)

60

Objective function/USD 131.87 131.87 0
Number of cars/vehicles 28 28 0

Total car mileage/km 381.92 381.92 0
Average solution time/s 28.31 139.85 79.8

Average passenger waiting time/minute 3.07 3.07 0



Sustainability 2025, 17, 2975 16 of 20

Table 2. Cont.

Scale Index PVS-ALNS ALNS Gap (%)

120

Objective function/USD 304.40 308.16 1.2
Number of cars/vehicles 52 52 0

Total car mileage/km 989.35 1014.37 2.5
Average solution time/s 42.23 711.65 94

Average passenger waiting time/minute 2.87 4.14 30.6

230

Objective function/USD 401.45 406.35 1.2
Number of cars/vehicles 71 71 0

Total car mileage/km 1483.38 1526.71 2.8
Average solution time/s 86.24 1882.40 95

Average passenger waiting time/minute 2.90 4.16 30.2

5.3. Analysis of the Effects of Path Similarity

To examine the impact of incorporating path similarity as a constraint, we analyze from
perspectives including vehicle count, mileage savings, and detour ratios under 230 requests.
Figure 9 presents the box plot of detour ratios when the threshold is set to 0.8 and the
line charts of directional angles and departure time span of passenger requests within
clusters. Considering path similarity constraints, the overall detour ratio decreases, with
the proportion of passengers experiencing a detour ratio below 1.3 increasing from 42%
to 60%. This indicates that the proposed method can effectively reduce passenger detour
distances. Moreover, each cluster’s highest average detour ratio is Cluster 5, and the lowest
is Cluster 2. Analyzing the directional angles and departure time spans of passenger
requests within the clusters reveals that matching results are closely related to clustering
characteristics: the smaller the directional angle and departure time span within a cluster,
the better the matching performance, and vice versa.
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Table 3 indicates that with path constraints in place, the number of cars decreases from
230 pre-ridesharing to 71, achieving a ridesharing success rate of 97%; the total mileage
savings reaches 16% and overall operational costs drop by 54%; and the average detour
ratio for passengers is 1.56, showcasing significant cost and resource savings while ensuring
a satisfactory passenger experience.

A comparison with the unconstrained model shows that removing path constraints
slightly reduces car usage but leads to a nearly 6% increase in total mileage and raises the
average passenger detour ratio to 1.84. Without path constraints, while ridesharing success
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rates can improve, total travel mileage and passenger detour ratios and operational costs
for car service providers tend to increase.

Table 3. Overall result comparison considering route similarity.

Index Before Ridesharing With Path Constraints Without Path Constraints

Objective function/USD 880.73 401.45 411.35
Total car mileage/km 1772.24 1483.38 1577.35

Number of cars/vehicles 230 71 70
Total mileage saving rate/% — 16% 11%

Average passenger diversions ratio — 1.56 1.84
Ridesharing success rate/ % — 97% 100%

JAC value — 0.63 0.52

The JAC index [40] aims to quantify the overlap of road segments, with the calculation
formula being.

JAC(R, R′) =

∣∣∣{Redges

}
∩
{

R′edges

} ∣∣∣∣∣∣{Redges

}
∪
{

R′edges

} ∣∣∣ (27)

The average JAC value under path constraints is 0.63, compared to 0.52 without
constraints, indicating that ridesharing routes with constraints better align with passengers’
expectations regarding travel paths.

5.4. Sensitivity Analysis of Path Similarity Threshold

To investigate the impact of path similarity thresholds, we set the threshold value
a within a range of 0.7 to 0.98. The resulting total operating cost, vehicle miles traveled,
and vehicle count are shown in Figure 10. It is observed that between threshold values
of 0.7 and 0.82, vehicle numbers remain essentially unchanged. This stability results
from preliminary request clustering via PVS, ensuring high path vector similarity among
passengers in the same cluster, which enhances matching rates and ridesharing success.
Furthermore, within this threshold range, when the threshold value a is set to 0.8, the total
vehicle miles traveled is minimized. This suggests that a specific threshold can effectively
match requests with similar paths, making the algorithm achieve a better solution within
the same computational time. When the threshold a exceeds 0.82, stricter path similarity
constraints reduce ridesharing success rates, leading to increased vehicle miles traveled
and higher overall operating costs. When the threshold value a is set between 0.78 and 0.82,
the total vehicle mileage and overall target cost reach their lowest point. Therefore, within
this range of values, it is possible to ensure a lower detour ratio while reducing the total
operational cost.

5.5. Analysis of the Impact of Large Luggage on Route Feasibility

To illustrate the importance of considering large luggage in ridesharing services at
a high-speed railway hub, we employ the Monte Carlo simulation method to analyze
route feasibility without accounting for large luggage. First, using the random method for
generating large luggage requests described in Section 5.1, we randomly select passengers
with large luggage from 230 requests at different proportions, and the number of passengers
per request is also randomly generated, as detailed in Section 5.1. Then, we construct
ridesharing matches within a model that excludes large luggage considerations. Figure 11
shows the probability of route infeasibility across 1000 simulation trials. As observed, when
the share of large luggage requests is low (for instance, under 10%), it has a minimal impact
on route feasibility. Consequently, large luggage can be overlooked in ridesharing designs
aimed at commuting or transport to bus and subway stations. However, route feasibility
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significantly impacts ridesharing at high-speed railway hubs, where a higher number of
passengers carry large luggage. For instance, when more than 50% of passengers possess
large luggage, the probability of route infeasibility exceeds 20%, indicating a considerable
impact. Thus, it is essential to consider the influence of large luggage on route feasibility
for ridesharing services at large rail hubs or airports.
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6. Conclusions
We propose a ridesharing strategy to swiftly alleviate the high influx of arriving

passengers at high-speed railway hubs. By incorporating route similarity constraints
into the model, we ensure that the planned routes align with passenger expectations
while accommodating their departure and arrival times and large luggage needs. The
optimization seeks to minimize total vehicle mileage and the number of service vehicles,
utilizing a two-stage PVS-ALNS algorithm for solutions.

The case study shows that: (1) for large-scale ridesharing optimization problems, the
two-stage PVS-ALNS method improves computational efficiency by 95% while effectively
reducing passengers’ waiting time and detour distances. (2) Sensitivity analysis shows that
thresholds between 0.78 and 0.82 minimize total operational costs while maintaining low
detour ratios. (3) It is found that under the path similarity constraint, the total mileage
and operating cost of the vehicle can be effectively reduced, the proportion of passengers
detouring is low, and the JAC value of the route after carpooling can be increased from 0.52
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to 0.63. (4) In rideshare matching at high-speed railway hubs, the impact of large luggage
must be considered to ensure compliance with car capacity constraints.

This study assumes that all passengers arrive at designated ridesharing points at
high-speed railway hubs as scheduled. However, vehicle arrival delays and passengers’
unfamiliarity with the hub layout may impact when passengers arrive at these pickup
points. Future research could consider ridesharing strategies that accommodate passenger
delays, thus enhancing service flexibility.
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