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Abstract

This work investigates a stochastic robotaxi dispatch problem with boarding-time recom-
mendation. Under an environment with stochastic travel time, a multi-objective stochastic
programming model is formulated with the objectives of minimizing passenger experi-
ence penalty costs and minimizing total vehicle travel distance, allowing the platform
to recommend appropriate boarding times to users. To solve this model efficiently, a
clustering-based heuristic initialization method is designed according to the spatial dis-
tribution of requests to generate high-quality initial populations, iterated local search is
employed to intensively explore promising solutions to improve algorithmic convergence,
and a stochastic simulation method is introduced to evaluate the obtained solutions. On
this basis, a multi-objective evolutionary algorithm with an iterated local search method
(MOEA-ILSM) is proposed. Test instances are constructed based on real datasets from Didi
Chuxing and the road network of Chengdu, and comparative experiments are conducted
against three representative multi-objective optimization algorithms. The results demon-
strate that the proposed algorithm outperforms the comparison algorithms in solution
quality. Ablation experiments further validate the effectiveness of the boarding-time rec-
ommendation mechanism, showing that it can reduce passenger waiting time and improve
the ride-sharing rate of requests.

Keywords: robotaxi dispatch; boarding-time recommendation; multi-objective optimization

1. Introduction
The great advancements in wireless communication, embedded systems, navigation

technologies, sensors, and self-organizing networks have laid the foundation for the devel-
opment of autonomous vehicles [1]. These vehicles, also known as self-driving cars, are
computer-controlled cars capable of perceiving their environment, making decisions, and
operating entirely without human intervention. Therefore, the development and applica-
tion of autonomous vehicle technology can reduce traffic accidents and enhance vehicle
safety [2]. In the near future, robotaxis are expected to become important components
of urban mobility, offering enhanced safety, operational efficiency, and environmental
sustainability, thereby contributing positively to the quality of transportation systems.

Recently, the global deployment of advanced autonomous taxi services has increased
significantly, although human drivers are still required to remain onboard [3]. Furthermore,
several companies have begun deploying fully driverless robotaxi services on public roads,
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indicating the gradual transition of autonomous mobility services from pilot testing to
real-world operations [4]. Robotaxis exhibit several key distinctions from conventional
human-driven taxis (HDTs) [5–8]. First, on ride-hailing platforms such as Uber, Lyft, and
DiDi, HDT drivers often make decisions based on individual interest, which may conflict
with the optimization of overall efficiency. Second, without human drivers, robotaxis allow
for higher operational control and better integration into intelligent transportation systems,
promoting both efficiency and carbon reduction. Finally, compared to human drivers,
autonomous systems enable consistent and smooth driving behavior, which significantly
enhances ride comfort for passengers.

In the future, road traffic is expected to feature coexisting human-driven and au-
tonomous vehicles [9]. While robotaxis can regulate their speed to control travel time,
external factors such as traffic congestion and the stochastic nature of human driver be-
havior introduce significant uncertainty into their actual travel time. This study proposes
and solves a novel robotaxi scheduling problem that incorporates stochastic travel time
while recommending more reasonable pick-up times to passengers in accordance with
their willingness. The proposed framework is particularly suitable for urban environments
characterized by moderate-to-high travel demand, frequent ride-sharing opportunities,
and uncertain traffic conditions, where limited adjustments to passenger pick-up times can
significantly improve vehicle utilization and matching efficiency.

An effective dispatch model for HDTs must efficiently match vehicles with passengers
to provide reliable, door-to-door service in urban areas [10,11]. In practice, HDT drivers
depend on personal experience or ride-hailing platforms to search for passengers and may
cancel ride requests assigned by the platforms, with the primary objective of maximizing
their individual profit. Such uncoordinated, self-interested decision-making often decreases
the overall matching quality. To address this issue, researchers have formulated various
mathematical models to increase the number of served passengers while reducing taxi
operational costs. For example, Miao et al. [12] introduce a data-driven robust dispatch
framework and solved it via the minimax theorem, effectively minimizing discrepancies in
the demand–supply ratio and reducing overall idle mileage. Kim et al. [13,14] reformulated
the multi-objective taxi dispatch problem as a network flow model and applied a minimum-
cost maximum-flow algorithm to maximize passenger service rates while simultaneously
minimizing vehicle repositioning costs. Duan et al. [15] presented a taxi dispatch strategy
applying a convex optimization, accommodating both immediate and reservation requests.
However, the aforementioned approaches are typically suited for small-scale dispatch
scenarios and often face limitations in computational efficiency. To tackle this issue, a
variety of heuristic algorithms have been designed for taxi dispatch problems [16]. For
instance, Zhu et al. [17] proposed a path-planning method based on a greedy algorithm,
aiming to serve as many passengers as possible while minimizing both the number of
taxis used and operational costs. Due to the limitations of greedy strategies in optimizing
overall system performance, Gong et al. [18] adopted a differential evolution algorithm
to optimize the match between taxis and passengers. In recent years, the application of
deep reinforcement learning (DRL) to robotaxi dispatch has attracted growing research
interest. For instance, Rivière et al. [19] designed a DRL-based approach aiming to decrease
expected passenger waiting time. Liu et al. [20] incorporated contextual information into
DRL frameworks to improve the efficiency of vehicle reallocation. Nevertheless, these
learning-based models often require retraining when the operational environment changes,
which can be a time-consuming process.

In taxi dispatch problems, shared on-demand mobility systems are often termed
“ride-sharing” or “carpooling” systems, where passengers with different but relatively
similar routes share a vehicle [21,22]. Ride-sharing has enormous potential to benefit all
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participants and society. Alisoltani et al. [23] delved into the ride-sharing effect on road
congestion and showed that the ride-sharing system can help significantly alleviate traffic
congestion based on a large-scale simulation in Lyon. Ke et al. [24] pointed out that the ride-
sharing market has a larger service rate than the traditional no-pooling market and showed
that ride-sharing can reduce the time cost of both ride-sharing passengers and drivers
in the transport system under some scenarios. Huang et al. [25] developed an ant-path-
based allocation algorithm aimed at maximizing both the number of served passengers
and vehicle seat utilization. Li et al. [26] presented a data-driven robust optimization
method that combines gated recurrent unit–based travel-time predictions with a single-
stage robust optimization framework to tackle carpooling challenges with stochastic travel
time. However, carpooling may increase passengers’ travel time, as vehicles often need
to take longer detour routes to serve all passengers. Additionally, passengers already
on board may experience further delays while the vehicle waits at pick-up points for
other passengers to board. Additionally, due to the uncoordinated boarding time (BT)
specified by passengers, those already on board may experience further delays as the
vehicle waits at pick-up points for others to board. The BT of passengers plays a critical
role in robotaxi dispatch systems and is commonly considered a key constraint in previous
research. Huang et al. [27] incorporated a time window to constrain passengers’ BT in the
carpool service problem and applied an evolutionary algorithm to solve the problem. Guo
et al. [28] proposed a ride-sharing framework featuring dynamic timeframe segmentation
and anticipation-based commuter migration to improve the quality of taxi–passenger
matching. Recognizing the impact of traffic conditions, Liang et al. [29] formulated a
dial-a-ride problem with dynamic travel time to maximize system profit by optimizing the
routes of robotaxis. Zhang et al. [30] proposed a co-prediction approach, aiming to assist
drivers in locating passengers efficiently, thereby reducing the waiting time of passengers.

Recommending an appropriate BT within a reasonable timeframe can significantly
improve the matching quality between taxis and passengers, thereby enhancing service
efficiency and passenger satisfaction. Li et al. [31] further incorporated a boarding-time
recommendation mechanism into taxi dispatching. Their findings demonstrated that
recommending appropriate boarding times to passengers within a reasonable range can
reduce passengers’ travel costs while improving the per-kilometer profit of taxis. However,
the aforementioned study on boarding-time recommendation was based on the assumption
of deterministic travel time, failing to adequately account for the uncertainty in travel
time induced by factors such as traffic congestion. Although extensive research has been
conducted on ride-sharing dispatching [17,22,28], travel-time uncertainty, congestion-aware
operations [26,29], and passenger scheduling flexibility through pick-up/drop-off and
boarding-time recommendations [22,31], these aspects have generally been investigated
separately rather than within an integrated optimization framework. Consequently, the
interaction between travel-time uncertainty and boarding-time recommendation remains
insufficiently explored. To address this gap, this paper proposes a multi-objective robotaxi
dispatching framework that jointly considers stochastic travel times and boarding-time
recommendations, aiming to improve both system efficiency and passenger service quality.
In practical robotaxi systems, the proposed mechanism can be implemented as an online
decision-support module integrated into the dispatching platform. In addition, passenger
non-compliance with recommended boarding times may introduce further uncertainty,
which is considered implicitly in the stochastic formulation. The main contributions are
listed as follows:

(1) A mixed-integer programming model is established to formulate the concerned prob-
lem mathematically.
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(2) In order to tackle this problem, a heuristic method is designed to produce high-quality
solutions. Then, we propose a multi-objective evolutionary algorithm with an iterated
local search method (MOEA-ILSM). Furthermore, a stochastic simulation method is
developed to evaluate the obtained solutions.

In addition, extensive experiments are conducted to assess the effectiveness of MOEA-
ILSM through comparisons with three representative multi-objective optimization algo-
rithms, namely, the non-dominated sorting genetic algorithm II (NSGA-II) [32], a multi-
objective evolutionary algorithm based on decomposition (MOEA/D) [33], and the multi-
objective artificial bee colony algorithm (MOABC) [34]. Moreover, a sensitivity analysis
indicates that the developed model can effectively reduce passenger experience penalty
costs and vehicle travel distance while enhancing passenger experience.

The remainder of this paper is structured as follows. Section 2 describes the inves-
tigated problem, develops its mathematical model, and states the proposed algorithm.
Section 3 reports comparative experiments and analyzes the results. Finally, Section 4
summarizes the paper and outlines directions for future research.

2. Materials and Methods
2.1. Problem Formulation

This section presents a stochastic robotaxi dispatch problem with boarding-time rec-
ommendation (SRD-BTR), which is formulated as a multi-objective mixed-integer pro-
gramming model. Let N = {0, 1, 2, . . .} represents a set of all natural numbers, N+ = N\{0},
Nm = {0, 1, 2, . . ., m}, and N+

m = Nm\{0} = {1, 2, . . ., m}. The notations used in this paper are
defined in Table 1.

Table 1. Notations and definitions.

Indices and Parameters

m Total number of requests.
n Total number of vehicles.
R Set of all requests, where R = {r1, . . ., rm}, ri denotes a request i, i = 1, ..., m.
V Set of all vehicles, where V = {v1, . . ., vn}, vk denotes a vehicle k, k = 1, ..., n.
ui Pick-up point of ri.
oi Drop-off point of ri.
τi Initial boarding time (BT) of ri.
qi Number of passengers in ri.
sk Starting point of vk.
ek Destination points of vk.

P
Set of pick-up points and drop-off points of requests, starting points and

destination points of vehicles, where

P =

(
m
∪

i=1
· ui

)
∪
(

m
∪

i=1
oi

)
∪
(

n
∪

k=1
sk

)
∪
(

n
∪

k=1
ek

)
.

lα,β Shortest travel distance from point α to point β.
tα,β Estimated travel time from point α to point β.

ξi
Requester’s willingness for the recommended BT: ξi = 1 if ri accept the

recommendation; and otherwise, ξi = 0.
ck Capacity of vk.
ψ̂ Maximum absolute value of BT offsets measured in minutes.
λ1 Penalty coefficient of waiting time of passenger.
λ2 Penalty coefficient of BT offset.
λ3 Penalty coefficient of detour rate.
F A large positive constant.

https://doi.org/10.3390/app16136431

https://doi.org/10.3390/app16136431


Appl. Sci. 2026, 16, 6431 5 of 27

Table 1. Cont.

Indices and Parameters

Decision variables

xk
α,β

A decision variable indicating whether vk passes through point β
immediately after point α.

ψi
A BT offset, the BT is |ψi| minutes earlier if ψi < 0; and otherwise, the BT is

|ψi| minutes later.
ak

α Arrival time of vk at point α.
bk

α Leaving time of vk at point α.
dk

α Cumulative distance traveled by vk when it arrives at point α.
hk

α Occupied seats in vk when leaving point α.
wi Waiting time of passengers of ri.
δi Detour rate of ri.

2.1.1. Problem Statement

A request represents a set of passengers to be transported from a pick-up point to
a drop-off point. Let ri denote a request, where ui, oi, and τi represent its pick-up point,
drop-off point, and initial boarding time, respectively, and qi represents the number of
passengers of ri. When ri agrees with adjusting its initial boarding time, ξi = 1; otherwise
ξi = 0. Additionally, ψi denotes a BT offset of ri. The maximum allowable boarding-
time offset is denoted by ψ̂, which specifies the largest deviation between a passenger’s
initial boarding time and the recommended boarding time. Thus, passengers who accept
boarding-time recommendations may be assigned an adjusted boarding time within the
interval [τi − ψ̂, τi + ψ̂]. Let vk denote a vehicle, where sk represents its starting point, and
ck represents its capacity, i.e., the maximum number of passengers it can carry. The sets
of requests and vehicles are denoted by R = {r1, . . ., rm} and V = {v1, . . ., vn}, respectively,
where m and n represent the total number of requests and vehicles, respectively. In the
studied problem, the travel time of a vehicle between any two locations is not deterministic
but is modeled as a random variable to capture the uncertainty inherent in real-world traffic
conditions. Specifically, travel time is modeled as a left-truncated normal distribution,
where the mean is determined by travel distance and average vehicle speed, and the
standard deviation captures traffic-related uncertainty. The left truncation ensures non-
negative travel-time realizations. This distribution provides a computationally tractable
representation of travel-time uncertainty, enabling the evaluation of the proposed boarding-
time recommendation mechanism under stochastic traffic conditions.

At the initial time of the scenario illustrated in Figure 1, all vehicles are idle and located
at their respective initial positions, and no vehicle is currently assigned to an ongoing trip
(all sk and ek are inactive). Therefore, all vehicles are available for immediate dispatch to
incoming requests. Figure 1 intuitively illustrates the motivation of this study through a
representative example. The figure depicts the positions of vehicles at 9:00 a.m., where the
black, red, and blue lines represent the travel routes of vehicles v1, v2, and v3, respectively.
Figure 1a shows the vehicle service routes without the introduction of boarding-time
recommendations. The boarding time specified by requests r1, r2, and r3 are 9:08 a.m.,
9:06 a.m., and 9:01 a.m., respectively, and under this scenario, the three requests are served
independently by vehicles v1, v2, and v3. Since vehicle v3 is approximately 2 km away
from the pick-up location of request r3, it is unable to arrive within 1 min, resulting in
a considerably long waiting time for the passenger. Figure 1b shows the vehicle service
routes after the introduction of boarding-time recommendations. Assuming that requests
r1 and r3 agree to adjust their boarding time within the allowable adjustment interval (with
a maximum offset of ψ̂ = 15 min), the boarding time of request r1 is advanced by 6 min and
that of request r3 is delayed by 4 min. As a result, requests r1 and r2 can be served together
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in a carpooling arrangement on vehicle v1, thereby reducing the number of vehicles in
use by one and freeing up a vehicle to serve other requests. In this arrangement, user r1

experiences two types of disutility, including an earlier boarding time (6 min in advance)
and a longer in-vehicle time due to the detour for user r2, which are captured in our model
as the time shift penalty (λ2 · ξi · ψi

+) and the detour penalty (λ3 · (δi−1)), respectively.
Although user r1 bears these costs, this trade-off is necessary to achieve improved system-
level efficiency under the multi-objective optimization framework. Meanwhile, delaying
the boarding time of request r3 by 4 min improves the matching between the recommended
pick-up time and the estimated arrival time of vehicle v3. Consequently, the temporal
mismatch is reduced, leading to a lower expected waiting time compared to Figure 1a. This
example demonstrates that appropriately recommending passenger boarding times can
not only enhance the feasibility of carpooling but also effectively improve the overall travel
experience of passengers.

Figure 1. Illustration of the research motivation: (a) without boarding-time recommendation; (b) inte-
grating boarding-time recommendation. The arrows in different colors indicate the routes assigned
to different vehicles.

2.1.2. Mathematical Model

For request ri, the adjusted boarding time is given by τi + ξi · ψi. When the actual
arrival time of the vehicle at the pick-up point ui is later than the passenger’s adjusted
boarding time, the passenger is required to wait at the pick-up point, and the waiting time
is defined as follows:

wi = ∑
k∈N+

n

max(ak
ui
− (τi + ξi·ψi), 0) (1)

Since the travel time of vehicle vk is a random variable, the arrival time of vehicle
vk at the pick-up point of request ri, denoted by ak

ui
, is also a random variable, which

consequently renders the waiting time wi a random variable as well.
Furthermore, adjustments to the boarding time of requests will have a certain impact

on the passenger travel experience. The boarding time offset of request ri can be quantified
as ξi·|ψi|. However, since the absolute value function is nonlinear, directly incorporating it
into the mixed-integer programming model would destroy the linear structure of the model.
To overcome this issue, a non-negative continuous auxiliary variable ψ+

i is introduced to
replace |ψi|, which is characterized by the following linear constraints:

ψ+
i ≥ ψi, ψ+

i ≥ −ψi, ∀i ∈ N+
m (2)

Driven by minimization of the objective function, the optimization process will force ψ+
i to

take its minimum feasible value. When ξi = 1, ψ+
i will tighten to |ψi|; when ξi = 0, both

ξi · |ψi| and ξi · ψ+
i are equal to zero, and the equivalence trivially holds. Consequently,
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the original nonlinear term ξi · |ψi| can be equivalently linearized as ξi · ψ+
i . Considering

that passengers can generally only accept boarding-time adjustments within a limited
range, the offset ψi is restricted to the interval [− ψ̂, ψ̂], where ψ̂ denotes the maximum
allowable offset.

When the passenger of request ri shares a vehicle with passengers of other requests,
the vehicle may incur detours, leading to an increase in the actual travel distance for the
passenger and consequently affecting passenger satisfaction. To quantify the degree of
detour induced by carpooling, a detour ratio δi is introduced, defined as the ratio of the
actual travel distance of the passenger of request ri to the shortest travel distance between
their pick-up and drop-off points [35], as given in the following equation:

δi = ∑
k∈N+

n

dk
oi
− dk

ui

lui ,oi

(3)

where dk
ui

and dk
oi

denote the cumulative travel distances of vehicle vk along its route upon
arriving at the pick-up point ui and drop-off point oi of request ri, respectively. Therefore,

(d k
oi
− dk

ui

)
represents the actual travel distance experienced by request ri between pick-up

and drop-off along the realized shared route, including any intermediate pick-ups and
drop-offs of other requests. lui,oi denotes the shortest travel distance from ui to oi.

A multi-objective optimization model for the studied problem is presented below,
aiming to simultaneously optimize passenger experience and total vehicle travel distance.

min f1 = λ1· ∑
i∈N+

m

E(wi) + λ2· ∑
i∈N+

m

ξi·ψ+
i + λ3· ∑

i∈N+
m

(δi − 1) (4)

min f2 = ∑
k∈N+

n

dk
ek

(5)

s.t. (1)–(3), and the following constraints:

∑
k∈N+

n

∑
β∈P

xk
ui ,β = ∑

k∈N+
n

∑
α∈P

xk
α,oi

=1, ∀i ∈ N+
m (6)

∑
β∈P

xk
α,β = ∑

β∈P
xk

β,α, ∀k ∈ N+
n , ∀α ∈ ( ∪

i∈N+
m

ui) ∪ ( ∪
i∈N+

m

oi) (7)

∑
β∈P

xk
ui ,β = ∑

α∈P
xk

α,oi
, ∀k ∈ N+

n , ∀i ∈ N+
m (8)

∑
β∈P

xk̃
sk̃ ,β = 1 − ∑

k∈N+
n

∑
α∈P

xk
α,sk̃

= 1, ∀k̃ ∈ N+
n (9)

∑
α∈P

xk̃
α,ek̃

= 1 − ∑
k∈N+

n

∑
β∈P

xk
ek̃ ,β = 1, ∀k̃ ∈ N+

n (10)

∑
k∈N+

n

∑
β∈P

xk
sk̃ ,β = ∑

k∈N+
n

∑
α∈P

xk
α,ek̃

= 1, ∀k̃ ∈ N+
n (11)

∑
k∈N+

n

xk
ui ,ui

= ∑
k∈N+

n

xk
oi ,oi

= 0, ∀i ∈ N+
m (12)

E(ak
β − bk

α − tα,β) + (1 − xk
α,β)F ≥ 0, ∀k ∈ N+

n , ∀α, β ∈ P (13)

bk
ui
≥ max

{
ak

ui
, τi + ξi·ψi

}
, ∀k ∈ N+

n , ∀i ∈ N+
m (14)

bk
oi
≥ ak

oi
, ∀k ∈ N+

n , ∀i ∈ N+
m (15)
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hk
ui
− hk

α ≥ qi − (1 − xk
α,ui

)·F, ∀k ∈ N+
n , ∀i ∈ N+

m , ∀α ∈ P (16)

hk
α − hk

oi
≤ qi + (1 − xk

α,oi
)·F, ∀k ∈ N+

n , ∀i ∈ N+
m , ∀α ∈ P (17)

hk
α ≤ ck, ∀k ∈ N+

n , ∀α ∈ P (18)

dk
β − dk

α ≥ lα,β − (1 − xk
α,β)F, ∀k ∈ N+

n , ∀α, β ∈ P (19)

dk
oi
≥ dk

ui
, ∀k ∈ N+

n , ∀i ∈ N+
m (20)

xk
α,β ∈ {0, 1}, ∀k ∈ N+

n , ∀i ∈ N+
m , ∀α, β ∈ P (21)

−ψ̂ ≤ ψi ≤ ψ̂, ∀i ∈ N+
m , ak

α ≥ 0, dk
α ≥ 0, hk

α ≥ 0∀k ∈ N+
n , ∀i ∈ N+

m , ∀α ∈ P (22)

Objective function (4) minimizes the total penalty cost, which comprises the passenger
waiting penalty cost, the boarding-time adjustment penalty cost, and the vehicle detour
penalty cost, where E(·) denotes the expectation of a random variable. Objective function
(5) minimizes the total travel distance of vehicles. Constraint (6) guarantees that each
request can be served by one vehicle. Constraint (7) guarantees that a vehicle visiting a
pick-up or drop-off point must subsequently leave it, i.e., flow conservation. Constraint (8)
ensures that the pick-up and drop-off points of a request are visited by the same vehicle.
Constraints (9), (10), and (11) denote that vk departs from a starting point sk and stops at a
virtual destination point ek, which is the same as the drop-off point of the last passenger
to be delivered. Constraint (12) stipulates that the pick-up or drop-off point of a request
should be visited only once. Constraint (13) formulates the time when vehicles arrive
at each point. Constraints (14) and (15) define the time when vehicles leave each point.
Constraints (16) and (17) provide the number of passengers in the vehicle after it departs
from a point. Constraint (18) guarantees that the number of passengers in the vehicle does
not exceed its capacity. Constraint (19) characterizes the cumulative travel distance of
vehicles when arriving at each point. Constraint (20) ensures that the pick-up point of each
request is visited prior to its drop-off point. Constraints (21) and (22) limit the range of
decision variables.

2.2. Proposed Approach

Over the past few years, evolutionary algorithms have been progressively applied
and enhanced to address a variety of NP-hard problems, with their effectiveness firmly
established in the literature. Moreover, simulated annealing can be utilized to further opti-
mize promising solutions. Given the multiple objectives and stochasticity of the problem
under consideration, this study develops a multi-objective evolutionary algorithm with an
iterated local search method (MOEA-ILSM) and a stochastic simulation method. Particu-
larly, MOEA-ILSM employs a cooperative search method between population (named as
P) and external archive (named as A), and the search information found by them is shared
between them.

2.2.1. Solution Representation

We adopt a double-dimensional sequence π = (σ; χ) to represent the solution (called an
individual as well). σ is a vehicle route sequence, indicating the vehicles’ visiting order. The
integer 0 divides σ into n subsequences, denoted by σ1, . . ., σn, each of which represents a
vehicle route. In subsequences, the pick-up points of requests are indexed as 1, . . ., m, and
the drop-off points of requests are indexed as m + 1, . . ., 2m. It is obvious that the pick-up
point and drop-off point of ri are indexed as i and m + i, respectively. χ = (χ1, . . ., χi, . . ., χm)
is a sequence of scaled BT offsets, where χi is a real number in the range [−1, 1]. The actual
BT offset of ri is computed as ξi · χi · ψ̂. Figure 2 depicts the solution for the instance in
Figure 1, with ψ̂ set to 10.
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Figure 2. Illustration of solution representation.

2.2.2. Population Initialization

It is widely acknowledged that an initialized population with high-quality solutions
enhances the effectiveness of algorithms. This study proposes a heuristic method to obtain
high-quality solutions. The details are as follows.

Inspired by ref. [36], requests are clustered based on their pick-up and drop-off locations,
and passengers of the requests within the same cluster are arranged for carpooling. The
pseudo-code of the request clustering algorithm is provided in Algorithm 1. For each request
ri, ri is added to the cluster centered on ri′ if it meets the following four conditions (lines 8–11),
where ςi denotes the vector from ui to oi: (1) the number of requests in this cluster is less than a
threshold, denoted by θ; (2) the distance from ui and oi to the line defined by the direction of
vector ςi′ is less than a given threshold, denoted by ι · deuc(ui′ , oi′), where ι is a coefficient, and
deuc(ui′ , oi′) represents the Euclidean distance between ui′ and oi′ ; (3) the angle between vectors
ςi and ςi′ is less than a threshold, denoted by θ; and 4) the projection of vector ςi onto the
direction of vector ςi′ intersects with vector ςi′ (lines 14–17). To illustrate the request clustering
more clearly, an example with 5 requests is displayed in Figure 3. The two black dashed lines
are parallel to ςi′ and are located at a distance of the distance threshold, i.e., ι · deuc(ui′ , oi′),
from it. The center of a cluster is ri′ . Only r1 satisfies all of the aforementioned conditions and
is therefore eligible for inclusion in the cluster; the remaining requests do not. r2, r4, and r4

violate the second, third, and fourth conditions, respectively.

Algorithm 1. Request Clustering Algorithm.

Input: Request set R = {r1, . . ., rm}.
Output: Request cluster set Rc = {R1, . . ., Rω}.
1: Rc = ∅.
2: ω = 0.
3: R′ = R. // make a copy of R
4: while (R′ is not empty) do
5: Select a request ri from R’ at random and remove it.
6: add = false.
7: for j = 1 to ω do
8: if (ri meets the conditions to be added to the cluster centered at Cj) then
9: Rj = Rj∪ri}.

10: add = true.
11: break.
12: end if
13: end for
14: if add == false then
15: ω = ω + 1.
16: Rω = {ri}
17: Cω = ri.
18: end if
19: end while
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Figure 3. Example of request clustering.

After clustering requests, a visiting route is generated for serving requests within
each cluster. For each non-center request in a cluster, the pick-up and drop-off points are
orthogonally projected onto the vector defined by the cluster center’s pick-up and drop-off
points. The projected positions of the pick-up and drop-off points along the direction of
the cluster center are then used to determine the visiting route. As illustrated in Figure 3,
ri′ and r1 are grouped into the same cluster, with ri′ acting as the center. u1 and o1 are
projected onto the vector ςi′ . Based on the projection, the visiting route is ui′ , u1,oi′ , o1.
Subsequently, the clusters are sorted based on the earliest initial boarding time among
requests within each cluster. Following this order, vehicles are assigned to the visiting
routes of the clusters. A heuristic rule [37] is applied to sequentially assign the visiting
routes of the sorted clusters to available vehicles. Assume that the first point in the visiting
route of a cluster is ui. Let l (*, ui) denote the average distance from starting points of all
available vehicles to ui. The probability that the visiting route of the cluster is assigned to
vehicle vk is computed by:

pr(i, k) =
max

{
l(∗, ui)− l(sk, ui), 0

}
∑

i∈N+
m

max
{

l(∗, ui)− l(sk, ui), 0
} (23)

In accordance with Equation (23), a route is more likely to be assigned to the nearest
available vehicle. Nevertheless, there remains a possibility for the route to be assigned to
an available vehicle that is farther away. It is worth noting that once a vehicle is assigned a
route, it becomes unavailable for subsequent route assignments. If no vehicle is available,
the visiting routes of the clusters are sequentially appended to the end of existing vehicle
routes, such that the distance from the last point of a vehicle’s current route to the first
point of the cluster’s route is minimized.

Through the above processes, the routes for vehicles are generated. Then, the BT
offsets of requests are heuristically determined. For vehicle routes that serve only a single
order, the scaled BT offset of the served order is randomly assigned a value between 0
and 1. For each vehicle route that serves multiple orders, a BT offset is assigned to each
order sequentially according to the service order along the route. The BT offsets should be
randomly generated while ensuring that the boarding time of each order is later than that
of the previous one. If this condition cannot be satisfied, the scaled BT offset should instead
be randomly assigned a value between 0 and 1.

To enhance the diversity of the initial population, half of the individuals are initialized
using the aforementioned heuristic method, while the remaining half are generated through
random initialization. The initialized individuals may violate the vehicle capacity con-
straints. To address this, for any vehicle route that exceeds the capacity limit, the pick-up
points of the overloaded passengers are postponed accordingly.

2.2.3. Genetic Operations

In MOEA-ILSM, the population P employs genetic operations, including crossover
and mutation operators, to search through the solution space. Each individual consists of a
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vehicle route sequence and a sequence of scaled BT offsets. Therefore, two crossover and
two mutation operators are designed.

Crossover operators aim to generate new individuals using parent individuals. As
demonstrated above, A preserves the best-performing individuals identified during the
preceding search phase. To enable the exchange of search information between P and A,
for an individual π′ in P , another individual π′′ is randomly selected from either P or A.
Let π′ and π′′ be parents. Figure 4 illustrates a procedure for generating a vehicle route
sequence σ′′′ in a new individual. It is outlined as follows: Step (1): Two vehicle routes
are randomly selected from each of the two individuals: σ3 in σ′ and σ1 in σ′′ are selected.
Step (2): The selected vehicle routes in the two parent individuals are exchanged: σ3 in σ′

is exchanged with σ1 in σ′′, and σ′′′ is obtained to replace σ3 in σ′ with σ1 in σ′′. Step (3):
The duplicated points from the other vehicle routes are deleted: point indices 1 and 4 are
removed from σ1. Step (4): The unrouted points are checked and randomly inserted into
other routes or formed into a new route with equal probability if there are idle vehicles. A
new route is reconstructed and is assigned to v2. Then, in the new individual, the sequence
of scaled BT offsets, denoted by χ′′′, is generated based on χ′ as follows: First, in χ′, the
scaled BT offsets of requests in the selected route of σ′ involved in Step (1) are replaced
with the corresponding values in χ′′. Second, for each request involved in Step (4), their
scaled BT offsets are assigned according to a BT offset assignment rule. In the vehicle route,
when the passengers of a request boards the vehicle, if all other passengers assigned to the
same vehicle have already been dropped off at their destinations, the scaled BT offset of
that request is assigned a random value in [0, 1]; otherwise, it is assigned a random value
in [−1, 1].

Figure 4. Illustration of the designed crossover operator for the vehicle route sequence.

The goal of mutation operators is to increase the population’s diversity. After applying
the crossover operation, a mutation operation is performed on the new individuals with
a probability of pm. For the vehicle route sequence, this study proposes five mutation
operators, each selected with equal probability: (1) Select two requests from two different
routes randomly and swap their pick-up and drop-off points. (2) Select a request at random
on a route and insert its pick-up and drop-off points into random positions within another
route. (3) Select two requests on a route randomly and swap their pick-up and drop-off
points, respectively. (4) Select a request on a route randomly and reinsert its pick-up and
drop-off points at new random positions within the same route. (5) Select two vehicles
randomly and exchange their routes. For the sequence of scaled BT offsets, a vehicle is
selected randomly, and the scaled BT offsets of the requests it serves are updated according
to the BT offset assignment rule.
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After applying genetic operations, 2N individuals are obtained by combining individ-
uals in the current population and all of the new individuals. Then, the rank and crowding
distance strategy is adopted to choose N individuals.

2.2.4. Iterated Local Search Method

In the proposed algorithm, the external archive A is maintained to store the non-
dominated solutions obtained during the search process. To further enhance the quality of
these solutions, inspired by the concept of simulated annealing [38], an iterated local search
method (ILSM) is designed to explore the neighborhood of the non-dominated solutions
stored in A. The pseudocode of ILSM is presented in Algorithm 2, where rand(0, 1) denotes
a random number generated uniformly over the interval [0, 1]. For each solution in A,
a mutation operation is applied with probability γ · Fc/FM to generate a neighborhood
solution, where Fc and FM denote the current and maximum numbers of fitness evaluations,
respectively, and γ· is a given parameter. If the neighborhood solution dominates the
current solution, the current solution is replaced by the neighborhood solution, and the
search continues from the neighborhood solution as the new starting point, proceeding
iteratively in this manner. For each solution selected with the aforementioned probability,
at most ε · m mutation operations are performed for enhancement, where ε is a given
parameter. Finally, the external archive A is updated using the set of neighborhood
solutions ϖ generated throughout the search process.

Algorithm 2. ILSM.

Input: γ, ε, FM, and external archive A.
Output: A.
1: ϖ = ∅.
2: for (each solution π in A) do
3: s = 0.
4: if (rand(0,1) ≤ γ · Fc/FM) then
5: while (s ≤ ε · m) do
6: Apply a mutation operation to π to generate its neighborhood solution π′.
7: if (π′ dominates π) then
8: π = π′.
9: end if

10: ϖ = ϖ∪{π′}.
11: s = s + 1.
12: end while
13: end if
14: end for
15: update A by using ϖ.

2.2.5. Evaluation of Obtained Solutions

In the constructed multi-objective optimization model, the penalty of boarding-time
adjustment and the penalty of detour in objective function f 1, as well as in objective function
f 2, can all be computed directly and exactly. However, the passenger waiting penalty cost
in objective function f 1 involves stochastic travel time and takes the form of an expectation,
which is difficult to evaluate exactly. To address this, the present study employs a stochastic
simulation approach, namely Monte Carlo simulation, to approximate this expected value.
Specifically, multiple travel-time samples are generated by independently drawing from
the probability distributions of travel time between locations, and the passenger waiting
penalty cost corresponding to each sample is computed, with the sample mean adopted as
an approximation of the expected value. In theory, under ideal conditions with unlimited
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computational resources, this approach can recover the true value of the expectation;
however, since computational resources are invariably limited, 100 samples are used in
this study to approximate the expected value. To ensure a fair comparison among different
algorithms, the same set of Monte Carlo travel-time samples (generated using an identical
random seed) is used when evaluating all candidate solutions and benchmark algorithms.
The specific procedure for evaluating solution π is as follows:

Step 1: Set the sample size Q = 100, and obtain Q samples at random. Each sample ρq

contains the travel time among points, where q ∈ N + Q;
Step 2: Compute the total penalty cost νq(π) of each sample ρq, where q ∈ N+ Q;
Step 3: As shown in Equation (24), the mean value ν(π) computed over Q samples is

adopted as an approximation of the passenger waiting penalty:

ν(π) =

∑
q∈N+

Q

νq(π)

Q
(24)

2.2.6. Procedure of the Proposed Algorithm

The pseudo-code of MOEA-ILSM is shown in Algorithm 3. First, a set of individuals
is generated as the initial population. Then, the algorithm performs an iteration over 4 to
6 lines until a termination criterion is reached. In each iteration, the genetic operations
process and iterated local search process are executed. Finally, the non-dominated solutions
in the external archive are output.

To balance convergence and diversity, MOEA-ILSM integrates multiple complemen-
tary strategies. Specifically, the external archive preserves elite non-dominated solutions
throughout the search process, while the iterated local search intensifies the search around
promising regions. In addition, population diversity is maintained through the hybrid
initialization strategy, which combines clustering-based heuristic solutions with randomly
generated solutions, as well as five complementary neighborhood structures and the
simulated-annealing-inspired acceptance mechanism employed during local search. To-
gether, these mechanisms enhance both convergence performance and population diversity
throughout the evolutionary search process.

Algorithm 3. MOEA-ILSM.

Input: Algorithm parameters N, pm, γ, and ε.
Output: External archive A.
1: Initialize population P with N individuals and evaluate them.
2: Initialize external archive A.
3: while (a given termination condition is not met) do
4: Perform genetic operations on the population.
5 Update A.
6: Apply iterated local search to the external archive.
7: end while

3. Results
To evaluate the effectiveness of MOEA-ILSM in addressing the proposed problem,

three representative multi-objective evolutionary algorithms are selected for comparison:
NSGA-II, MOEA/D, and MOABC. NSGA-II and MOEA/D are well-known algorithms in
the field of multi-objective optimization. Their effectiveness has been extensively verified
in various applications, such as disassembly optimization [39–41], vehicle routing [42–44],
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and flow shop scheduling [45–47]. MOABC is a recently proposed algorithm for tackling
multi-objective parallel machine scheduling problem.

All algorithms are implemented in MATLAB R2021b (MathWorks, Natick, MA, USA),
and the experiments are conducted on a computer equipped with 16 GB of RAM and an
Intel Core i5-9300H processor. To ensure a fair comparison between the proposed algorithm
and the baseline algorithms, all algorithms adopt the number of fitness evaluations as the
termination criterion. The maximum number of evaluations is set to the product of three
factors: the total number of requests, the proportion of requests accepting boarding time
recommendation, and 500.

3.1. Test Instance Construction

In this study, the proposed algorithm is evaluated using the DiDi Chuxing dataset
and the road network of Chengdu, China. Specifically, requests collected on 16 November
2016 are selected. As presented in Table 2, the instances are classified into four categories:
S1, M1, M2, and L1, and each category contains four instances. The categorization is
determined by time duration, the ratio of requests accepting BT recommendation, the
number of requests (m), and the number of vehicles (n). The notation ‘X-Y’ denotes the Y-th
instance of category X, where X ∈ {S1, M1, M2, L1} specifies the type, and Y ∈ {1, 2, 3, 4}
indicates the instance.

Table 2. Description of instances.

Instance Time Slot Ratio of Requests Accepting BT
Recommendation m n

S1-1 08:20−08:30 20% 30 15
S1-2 08:10−08:20 20% 34 15
S1-3 08:00−08:10 20% 36 15
S1-4 08:30−08:40 20% 39 15
M1-1 10:10−10:30 40% 60 30
M1-2 15:40−16:00 40% 62 30
M1-3 09:00−09:20 40% 64 30
M1-4 13:30−13:50 40% 66 30
M2-1 13:00−13:20 60% 68 30
M2-2 15:00−15:20 60% 68 30
M2-3 09:40−10:00 60% 69 30
M2-4 10:40−11:00 60% 69 30
L1-1 19:00−19:40 80% 103 50
L1-2 12:00−12:40 80% 106 50
L1-3 16:00−16:40 80% 109 50
L1-4 18:30−19:10 80% 109 50

As illustrated in Figure 5, the road network of a subregion in Chengdu is imported
into SUMO [48] to compute driving distances between points. We gathered requests with
both pick-up and drop-off points located within the blue-marked area. In each instance,
the requests that accept the BT recommendation are randomly selected according to the
ratio in Table 2. For each request, the initial boarding time is set to the order time. In
addition, the number of passengers per request is randomly assigned, with the proportions
of requests containing one, two, three, and four passengers being 40%, 30%, 20%, and
10%, respectively. The initial points of vehicles are generated randomly, and all vehicles
are homogeneous, with a capacity of four passengers. The penalty coefficients for vehicle
tardiness, request boarding time adjustment, and vehicle detour are set as ς1 = 5, ς2 = 2,
and ς3 = 1, respectively. The maximum allowable deviation of the boarding time, ψ̂, is set
to 15.
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Figure 5. Road network of a subarea in Chengdu, China. The blue box indicates the area in which
both the pick-up and drop-off points of the collected requests are located.

Consistent with existing studies [49], the travel time tα,β follows a left-truncated
normal distribution with mean lα,β/0.5, where α and β denote any two points and the
constant 0.5 km/min corresponds to a travel speed of 30 km/h. The standard deviation
std(tα,β) is defined as U [0.1, 0.6] · lα,β/0.5, where U denotes a uniformly distributed
random variable. This setting corresponds to a coefficient of variation ranging from 10%
to 60%, covering different levels of traffic uncertainty commonly encountered in urban
transportation systems.

3.2. Performance Metrics

This study employs three performance evaluation metrics: IGD [50], hypervolume [51],
and the C-metric [52]. The definitions of them are provided below.

(1) IGD measures the approximation and distribution quality of a solution set by comput-
ing the average distance from the Pareto-optimal set, denoted by X*, to the obtained
solution set, denoted by X. Its calculation is expressed as follows:

IGD(X∗, X) =
∑

x∈X∗
dist(x , X)

|X∗| (25)

where dist(x, X) denotes the Euclidean distance between a solution x in X* and the nearest
solution in X. In fact, X* cannot be obtained for the studied problem. Therefore, we combine
all solutions generated by all algorithms and treat the non-dominated ones as X*. In
addition, before calculating the IGD value, all objective function values are normalized to
[0, 1]. A smaller IGD value corresponds to a better solution set X.

(2) The C-metric is employed to measure the dominance relationship between two so-
lution sets. Let Y and Z denote two solution sets. C(Y, Z) is defined as the fraction
of solutions in Z that are dominated by at least one solution in Y, and it is calculated
as follows:

C(Y, Z) =
|{z ∈ Z|∃y ∈ Y : y ≺ Z}|

|Z| (26)

where |Z| represents the total number of solutions in Z. A bigger value of C(Y, Z) indicates
that Y outperforms Z.

3.3. Parameter Setting of MOEA-ILSM

To investigate the impact of parameters on the performance of MOEA-ILSM, the
Taguchi design of experiment method [53] is employed to analyze its parameters. Each
parameter is assigned four levels: N ∈ {40, 50, 60, 70}, pm ∈ {0.05, 0.10, 0.15, 0.20},
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γ ∈ {0.40, 0.60, 0.80, 1.00}, and ε ∈ {0.80, 1.00, 1.20, 1.40}. Accordingly, an orthogonal array
L16(44) is adopted to generate 16 distinct parameter combinations, as detailed in Table 3.

Table 3. Orthogonal table and AIGD values of MOEA-ILSM.

No. N pm γ ε AIGD

1 40 0.05 0.40 0.80 0.1957
2 40 0.10 0.60 1.00 0.1876
3 40 0.15 0.80 1.20 0.1993
4 40 0.20 1.00 1.40 0.2032
5 50 0.05 0.60 1.20 0.1828
6 50 0.10 0.40 1.40 0.1868
7 50 0.15 1.00 0.80 0.2041
8 50 0.20 0.80 1.00 0.1950
9 60 0.05 0.80 1.40 0.1995

10 60 0.10 1.00 1.20 0.2028
11 60 0.15 0.40 1.00 0.2050
12 60 0.20 0.60 0.80 0.1998
13 70 0.05 1.00 1.00 0.1996
14 70 0.10 0.80 0.80 0.1875
15 70 0.15 0.60 1.40 0.1962
16 70 0.20 0.40 1.20 0.1976

For each combination, MOEA-ILSM is executed 20 times on instance M1-1. The
performance is assessed using the IGD, and the average IGD (named AIGD) values across
20 independent runs are reported in Table 3. In addition, the significance rank of parameters
is presented in Table 4, where “Delta” represents the maximum difference in AIGD across
the four levels of a parameter, and a larger Delta value indicates a greater influence of that
parameter on the algorithmic performance.

Table 4. Influence trend and rank of MOEA-ILSM.

Level N pm γ ε

1 0.1965 0.1944 0.1963 0.1968
2 0.1922 0.1912 0.1916 0.1968
3 0.2018 0.2012 0.1953 0.1956
4 0.1952 0.1989 0.2024 0.1964

Delta 0.0096 0.0100 0.0108 0.0012
Rank 3 2 1 4

According to the results presented in Table 3, γ exhibits the greatest impact on the per-
formance of MOEA-ILSM, with pm, N, and ε ranking second, third, and fourth, respectively.
Figure 6 illustrates the influence trends of each parameter. Based on the results presented
in Table 4 and Figure 6, a parameter combination yielding superior performance can be
identified as follows: N = 50, pm = 0.10, γ = 0.60, and ε = 1.20. Accordingly, this parameter
combination is adopted for MOEA-ILSM in all subsequent experiments.

According to papers [49,54,55], the parameter settings for NSGA-II, MOEA/D, and
MOABC are given in Table 5.

Table 5. Parameter settings of comparative algorithms.

Algorithm Parameter Setting

NSGA-II population size: 100, mutation probability: 0.8
MOEA/D population size: 100, mutation probability: 1.0, neighborhood size: 20
MOABC population size: 30, maximum trial number: 6
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Figure 6. Influence trend of parameters.

3.4. Effectiveness of Heuristic Method in Initialization

The heuristic method is designed to generate high-quality initial individuals. To
validate its effectiveness, the proposed heuristic method is compared with the random
initialization, where initial individuals are generated randomly.

Taking instance M1-1 as a representative case, a population initialization experiment
is conducted. The threshold for the number of requests in each cluster is set to ζ = 3, the
distance-related coefficient is set to ι = 0.3, and the angle threshold between directed line
segments is set to θ = 90◦. The established model seeks to minimize f 1 and f 2, i.e., the total
penalty and total driving distance. Figure 7 displays the normalized objective values of
the initial population, where (a) corresponds to individuals generated by the proposed
heuristic method and (b) corresponds to those produced by random initialization. In both
subfigures, each row represents one solution, and the two columns correspond to the two
normalized objectives. Most individuals generated by the heuristic method exhibit lower
objective values compared to those produced by random initialization. It is evident that the
quality of the individuals generated by the heuristic method is superior to that generated
by random initialization.

Figure 7. The normalized objective values under different methods: (a) heuristic method and
(b) random initialization.

To provide a more intuitive illustration of the results, the two boxplots in Figure 8
present the distributions of objective values for the initial populations generated by the
proposed heuristic method and by random initialization. The results indicate that the
median total penalty obtained by the heuristic method is 488, which is significantly lower
than 755 obtained by random initialization. Similarly, the median total travel distance
produced by the heuristic method is 118, which is also lower than 146 produced by random
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initialization. These findings demonstrate that the heuristic initialization method can
effectively improve the quality of the initial population.

Figure 8. The comparison of the objective values: (a) total operation cost and (b) total penalty cost.

3.5. Effectiveness of Iterated Local Search Method

MOEA-ILSM utilizes an external archive to store the non-dominated solutions ob-
tained during the optimization process. To further enhance the algorithm’s performance, an
iterated local search method (ILSM) is designed, which intensively explores the candidate
solutions in A, thereby strengthening the local search capability of MOEA-ILSM. To eval-
uate the contribution of ILSM, this paper removes ILSM from the original algorithm and
constructs a comparison algorithm without this method, denoted as MOEA. Subsequently,
comparative experiments are conducted on experimental instances to verify the necessity
of ILSM in improving the algorithm’s solution performance.

This study adopts the IGD as the evaluation criterion to comprehensively assess the
optimization effectiveness of the algorithms. Table 6 presents the comparative experimental
results of the two algorithms. The results demonstrate that, although MOEA-ILSM exhibits
a slightly higher average variance in the IGD, its IGD values are substantially lower than
those of MOEA across all instances. This indicates that MOEA-ILSM achieves superior per-
formance in terms of solution set convergence, distribution uniformity, and coverage range.
To further examine the statistical significance of the differences between MOEA-ILSM and
MOEA, a t-test with 38 degrees of freedom at a significance level of 0.05 is employed [56].
The symbols “+”, “~”, and “−” denote that MOEA-ILSM performs significantly better than,
statistically comparable to, or significantly worse than the reference algorithm, respectively,
with the corresponding results reported in the “t-test” column of Table 4. The t-test further
confirms that the performance improvements achieved by MOEA-ILSM over MOEA are
statistically significant. In summary, the comparative experimental results demonstrate
that the incorporation of ILSM effectively enhances the algorithm’s capability to search for
high-quality solutions, thereby further improving the overall optimization performance of
MOEA-ILSM.

Table 6. Comparisons of MOEA-ILSM and MOEA in terms of the IGD.

Instance
MOEA-ILSM MOEA

t-Test
Mean Variance Mean Variance

S1-1 0.1003 0.0015 0.1389 0.0010 +
S1-2 0.0955 0.0008 0.1690 0.0010 +
S1-3 0.0785 0.0005 0.1165 0.0006 +
S1-4 0.0648 0.0011 0.1705 0.0006 +
M1-1 0.0527 0.0005 0.1302 0.0004 +
M1-2 0.0867 0.0004 0.1287 0.0003 +
M1-3 0.0783 0.0014 0.1825 0.0004 +
M1-4 0.0565 0.0003 0.1294 0.0006 +
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Table 6. Cont.

Instance
MOEA-ILSM MOEA

t-Test
Mean Variance Mean Variance

M2-1 0.0885 0.0014 0.2199 0.0016 +
M2-2 0.1073 0.0022 0.3013 0.0010 +
M2-3 0.0487 0.0006 0.1452 0.0010 +
M2-4 0.0939 0.0009 0.2492 0.0019 +
L1-1 0.1344 0.0010 0.1847 0.0003 +
L1-2 0.1506 0.0004 0.1752 0.0010 +
L1-3 0.0795 0.0002 0.1535 0.0005 +
L1-4 0.0987 0.0008 0.1968 0.0009 +

Average 0.0884 0.0009 0.1745 0.0008

3.6. Comparisons of MOEA-ILSM with the Three Algorithms

In this section, to validate the superiority of MOEA-ILSM, it is compared against three
representative algorithms, namely NSGA-II, MOEA/D, and MOABC. For each benchmark
instance, all algorithms are executed independently for 20 runs, and the mean and variance
of the evaluation indicators are recorded as the basis for performance assessment.

Table 7 presents the comparative results of the four methods in terms of the C-metric.
In this table, MOEA-ILSM, NSGA-II, MOEA/D, and MOABC are denoted by the symbols
“EA”, “GA”, “EAD”, and “ABC”, respectively. A comparison between MOEA-ILSM and
NSGA-II reveals that, in 9 out of 16 instances, the solutions obtained by MOEA-ILSM
completely dominate all solutions produced by NSGA-II, i.e., C(EA, GA) = 1; meanwhile, in
15 instances, the solutions of NSGA-II fail to dominate any solution found by MOEA-ILSM,
i.e., C(GA, EA) = 0. When comparing MOEA-ILSM with MOEA/D, it is observed that
the solutions obtained by MOEA-ILSM completely dominate all solutions of MOEA/D in
5 instances, i.e., C(EA, EAD) = 1, while in 15 instances, the solutions found by MOEA/D
are unable to dominate any solution of MOEA-ILSM, i.e., C(EAD, EA) = 0. Similarly, in
14 instances, the solutions obtained by MOEA-ILSM dominate all solutions produced
by MOABC, and in 14 instances, the solutions of MOABC fail to outperform any solu-
tion obtained by MOEA-ILSM. Based on the foregoing analysis, it can be concluded that
MOEA-ILSM is capable of identifying a greater number of dominating solutions than its
counterparts, demonstrating a clear advantage over the three comparison algorithms with
respect to the C-metric.

Table 8 presents the comparative results of MOEA-ILSM and its counterpart algorithms
in terms of the IGD. As can be observed from Table 8, MOEA-ILSM achieves the lowest
IGD values among all algorithms across every benchmark instance, demonstrating superior
solution quality relative to all other comparison algorithms. With respect to the mean values,
the averages of MOEA-ILSM, NSGA-II, MOEA/D, and MOABC are 0.0884, 0.2367, 0.3213,
and 0.3568, respectively; with respect to the variance, the corresponding averages are 0.0009,
0.0008, 0.0016, and 0.0038, respectively. Although the average variance of MOEA-ILSM is
marginally higher than that of NSGA-II, its average mean value is substantially lower. In
comparison with MOEA/D and MOABC, MOEA-ILSM attains lower average values in
both mean and variance. In addition, Figure 9 presents the box plots of the IGD for MOEA-
ILSM and its comparison algorithms across four instances. As can be observed, MOEA-
ILSM achieves a substantially lower median IGD value than all comparison algorithms
across every instance. Therefore, it can be concluded that MOEA-ILSM significantly
outperforms the other three comparison algorithms in terms of the IGD on the problem
under investigation.
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Table 7. Experimental results of four algorithms in terms of the C-metric.

Instance C(EA, GA) C(GA, EA) C(EA, EAD) C(EAD, EA) C(EA, ABC) C(ABC, EA)

S1-1 0.9425 0.0065 0.9200 0.0132 0.9016 0.0596
S1-2 0.9917 0.0000 1.0000 0.0000 1.0000 0.0000
S1-3 0.9732 0.0000 0.9714 0.0000 1.0000 0.0000
S1-4 0.9833 0.0000 1.0000 0.0000 0.9917 0.0033
M1-1 1.0000 0.0000 0.9238 0.0000 1.0000 0.0000
M1-2 1.0000 0.0000 0.8784 0.0000 1.0000 0.0000
M1-3 0.9967 0.0000 1.0000 0.0000 1.0000 0.0000
M1-4 1.0000 0.0000 0.9739 0.0000 1.0000 0.0000
M2-1 1.0000 0.0000 1.0000 0.0000 1.0000 0.0000
M2-2 1.0000 0.0000 0.9967 0.0000 1.0000 0.0000
M2-3 1.0000 0.0000 0.9718 0.0000 1.0000 0.0000
M2-4 0.9983 0.0000 1.0000 0.0000 1.0000 0.0000
L1-1 1.0000 0.0000 0.6288 0.0000 1.0000 0.0000
L1-2 0.9967 0.0000 0.5908 0.0000 1.0000 0.0000
L1-3 1.0000 0.0000 0.7148 0.0000 1.0000 0.0000
L1-4 1.0000 0.0000 0.6871 0.0000 1.0000 0.0000

Average 0.9927 0.0004 0.8911 0.0008 0.9933 0.0039

Table 8. Experimental results of four algorithms in terms of the IGD.

Instance
MOEA-ILSM NSGA-II MOEA/D MOABC

Mean Variance Mean Variance Mean Variance Mean Variance

S1-1 0.0929 0.0012 0.1970 0.0010 0.2561 0.0035 0.2438 0.0071
S1-2 0.1380 0.0032 0.2750 0.0014 0.3425 0.0015 0.3131 0.0031
S1-3 0.0595 0.0004 0.1733 0.0007 0.2250 0.0015 0.2127 0.0033
S1-4 0.0776 0.0011 0.2368 0.0006 0.2902 0.0013 0.2581 0.0022
M1-1 0.0684 0.0005 0.2736 0.0014 0.4309 0.0019 0.4466 0.0040
M1-2 0.0796 0.0010 0.2148 0.0010 0.3292 0.0016 0.4255 0.0044
M1-3 0.0435 0.0004 0.1288 0.0003 0.2234 0.0006 0.2063 0.0008
M1-4 0.1067 0.0019 0.3036 0.0009 0.4255 0.0018 0.4538 0.0063
M2-1 0.0944 0.0020 0.3198 0.0013 0.4631 0.0021 0.5740 0.0068
M2-2 0.0591 0.0013 0.2180 0.0009 0.2746 0.0013 0.3628 0.0012
M2-3 0.0545 0.0005 0.2048 0.0005 0.2817 0.0007 0.3715 0.0015
M2-4 0.0669 0.0004 0.1708 0.0007 0.2308 0.0011 0.3079 0.0012
L1-1 0.1190 0.0004 0.2112 0.0007 0.3479 0.0007 0.3485 0.0091
L1-2 0.1155 0.0006 0.2028 0.0007 0.3484 0.0012 0.4278 0.0080
L1-3 0.0843 0.0004 0.2344 0.0010 0.3583 0.0012 0.3918 0.0142
L1-4 0.0760 0.0002 0.1667 0.0004 0.2346 0.0003 0.3256 0.0022

Average 0.0835 0.0010 0.2207 0.0008 0.3164 0.0014 0.3544 0.0047

Furthermore, to examine the statistical significance of the performance differences
between MOEA-ILSM and each comparison algorithm, a t-test is conducted at a significance
level of 0.05 with 38 degrees of freedom. Table 9 presents the statistical test results based on
the C-metric and the IGD. As can be observed from the results, MOEA-ILSM significantly
outperforms NSGA-II, MOEA/D, and MOABC across all instances under two metrics.
Therefore, it can be concluded that MOEA-ILSM demonstrates stronger optimization
capability in solving the problem under investigation.

To assess the computational efficiency of MOEA-ILSM and the three benchmark
algorithms on the considered problem, this study measures their computation time across
the largest instances (L1). As shown in Table 10, NSGA-II consistently requires the shortest
runtime for all instances, with MOEA-ILSM ranking second, followed by MOEA/D and
MOABC. Although MOEA-ILSM incurs a slightly higher computational cost than NSGA-II,
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the difference is negligible and acceptable for the problem considered. Furthermore, this
algorithm shows strong potential for future deployment in real-time dispatching systems.

Figure 9. Boxplots of the IGD in four instances.

Table 9. t-test results of ILS-MOEA against its peers in terms of the IGD and the C-metric.

Instance

MOEA-ILSM vs.

NSGA-II MOEA/D MOABC

C IGD C IGD C IGD

S1-1 + + + + + +
S1-2 + + + + + +
S1-3 + + + + + +
S1-4 + + + + + +
M1-1 + + + + + +
M1-2 + + + + + +
M1-3 + + + + + +
M1-4 + + + + + +
M2-1 + + + + + +
M2-2 + + + + + +
M2-3 + + + + + +
M2-4 + + + + + +
L1-1 + + + + + +
L1-2 + + + + + +
L1-3 + + + + + +
L1-4 + + + + + +

Table 10. Computation time of MOEA-ILSM and the three benchmark algorithms (measured in seconds).

Instance MOEA-ILSM NSGA-II MOEA/D MOABC

L1-1 60.8420 52.1761 72.1841 87.5317
L1-2 66.2282 53.7417 77.3457 89.5321
L1-3 71.8021 55.2307 82.6659 97.7453
L1-4 71.9345 55.4293 81.0772 97.7936

Figure 10 visualizes the distribution of non-dominated solution sets generated by each
algorithm across four benchmark instances of varying scales. As can be observed, the non-
dominated solutions obtained by MOEA-ILSM are closer to the lower-left region of the figure
compared to those of the other comparison algorithms. This indicates that MOEA-ILSM
exhibits superior convergence performance in solving the problem under investigation.
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Figure 10. Non-dominated solutions obtained in four instances.

3.7. Experiments on an Additional Test Region

To further evaluate the generalizability of the proposed MOEA-ILSM in different traffic
environments, an additional test region in Chengdu is introduced in this subsection. Com-
pared to the original experimental region, the new region is characterized by a higher traffic
congestion level. The purpose of this experiment is to investigate whether MOEA-ILSM
can maintain its optimization performance when applied to a different urban environment.
Figure 11 illustrates the geographical distribution of the additional test region, which is
highlighted by a red box. Similar to the original study area, the road network is extracted
from OpenStreetMap, and the travel requests are generated according to the historical
demand distribution observed in the region.

Figure 11. Road network of the additional test region, where the red box indicates the selected study
area.

To simulate a congested traffic environment, the mean value of vehicle travel speed
is reduced from the setting adopted in the original experiments to 18 km/h. The travel
speed on each road segment is assumed to follow a truncated normal distribution, while
the corresponding travel time is calculated according to the length of the road. Other
parameter settings remain identical to those used in the previous experiments. Considering
that the objective of this experiment is to verify the robustness of the algorithms under a
different traffic environment rather than conducting a comprehensive benchmark study,
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four representative instances are generated from the additional region. The characteristics
of these instances are summarized in Table 11.

Table 11. Experimental instances in the additional test region.

Instance Time Slot Ratio of Requests Accepting BT
Recommendation m n

S2-1 08:40–08:50 20% 30 15
M3-1 11:00–11:20 40% 60 30
M4-1 11:20–11:40 60% 68 30
L2-1 10:00–10:40 80% 103 50

To assess the optimization performance of the algorithms, MOEA-ILSM is compared
with NSGA-II, MOEA/D, and MOABC using the IGD. Each algorithm is independently
executed 20 times for every instance, and the mean and variance of the IGD values are
recorded. The experimental results are reported in Table 12.

Table 12. Experimental results of four algorithms regarding the IGD on the additional test region.

Instance
MOEA-ILSM NSGA-II MOEA/D MOABC

Mean Variance Mean Variance Mean Variance Mean Variance

S2-1 0.1032 0.0027 0.3058 0.0008 0.3778 0.0040 0.3093 0.0104
M3-1 0.0575 0.0009 0.2211 0.0014 0.2861 0.0013 0.3053 0.0025
M4-1 0.0742 0.0014 0.3195 0.0014 0.4513 0.0014 0.5159 0.0037
L2-1 0.0833 0.0010 0.4154 0.0014 0.5550 0.0025 0.7234 0.0065

Average 0.0796 0.0015 0.3155 0.0013 0.4176 0.0023 0.4635 0.0058

According to the results presented in Table 11, MOEA-ILSM consistently achieves
the lowest IGD values across all benchmark instances. The average IGD value obtained
by MOEA-ILSM is 0.0796, which is significantly lower than those achieved by NSGA-II,
MOEA/D, and MOABC, whose average IGD values are 0.3155, 0.4176, and 0.4635, re-
spectively. These results indicate that the solution sets generated by MOEA-ILSM exhibit
superior convergence and distribution quality even under more congested traffic condi-
tions. Overall, the experimental results obtained on the additional test region confirm that
MOEA-ILSM possesses strong robustness and generalizability. Therefore, the proposed
algorithm can be effectively applied to robotaxi dispatching problems under different urban
traffic conditions.

3.8. Analysis of the Superiority of Boarding-Time Recommendations

This study innovatively incorporates a boarding-time recommendation mechanism
and proposes the stochastic robotaxi dispatch problem with boarding-time recommen-
dation (SRD-BTR), along with a corresponding multi-objective stochastic programming
model. To verify the effectiveness of this mechanism, a comparative variant model is
constructed by setting all passengers to reject the boarding-time recommendation, thereby
yielding a model corresponding to the robotaxi dispatch problem without the boarding-
time recommendation mechanism. To further analyze the impact of this mechanism on
system performance, ablation experiments are conducted on four benchmark instances
of varying scales, and MOEA-ILSM is employed to solve both models. For each instance,
the algorithm is executed independently 20 times for each model, and each run yields
a non-dominated solution set. The total expected passenger waiting time and the order
carpooling rate corresponding to each solution set are computed, and the averages over
20 runs are adopted as the evaluation indicators. Figure 10 illustrates the experimental
results of the two models across instances of different scales.
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As can be observed from Figure 12, across all instances, the model incorporating
the boarding-time recommendation mechanism consistently achieves substantially lower
expected passenger waiting times than the comparison model without this mechanism.
Specifically, for the small-scale instance S1-1, the total expected waiting time of the model
with the recommendation mechanism is 100.7 min, compared to 103.7 min for the com-
parison model, representing a reduction of approximately 2.89%. For the medium-scale
instance M1-1, the total expected waiting time decreases from 99.0 min to 88.7 min, a
reduction of approximately 10.40%. For instance M2-1, this metric decreases from 112.5 min
to 88.3 min, a reduction of 21.51%, which is the most pronounced improvement among the
four instances. For the larger-scale instance L1-1, the total expected waiting time decreases
from 125.9 min to 83.8 min, a reduction of approximately 33.44%. Furthermore, as the
instance scale expands, the number of available vehicles increases accordingly, which
enhances the likelihood of passengers being served by nearby vehicles; consequently, the
total expected waiting time does not increase monotonically with scale, a pattern observed
in both models. These results indicate that by appropriately recommending boarding times
for certain passengers, vehicles are afforded greater flexibility in adjusting their routes,
thereby reducing the expected passenger waiting time.

Figure 12. Results of the ablation test.

With respect to the request carpooling rate shown in Figure 10, the model incorporating
the boarding-time recommendation mechanism outperforms the comparison model across
all benchmark instances. For instance M1-1, the carpooling rate increases from 0.404 to
0.415; for instance L1-1, it rises from 0.377 to 0.402, representing the most substantial
improvement; and the same trend is also observed for instances S1-1 and M2-1. This
demonstrates that when passengers are permitted to adjust their boarding times within a
certain range, the dispatching system can more readily consolidate multiple travel demands
into carpooling services, thereby improving the utilization efficiency of vehicle resources.

In summary, the incorporation of a boarding-time recommendation mechanism into
the ride-hailing dispatching problem can effectively reduce the expected passenger waiting
time and improve the request carpooling rate through moderate adjustments to passen-
ger boarding time. The experimental results thoroughly validate the effectiveness and
superiority of this mechanism.

4. Conclusions
This study investigates a stochastic robotaxi dispatch problem with boarding-time

recommendation (SRD-BTR), taking into account the uncertainty of vehicle travel time. A
multi-objective mixed-integer programming model is formulated with the objectives of
minimizing the total penalty cost associated with passenger travel experience and mini-
mizing the total vehicle travel distance. A multi-objective evolutionary algorithm with an
iterated local search method (MOEA-ILSM) is proposed to solve the model. Experimental
results demonstrate that the designed heuristic initialization strategy effectively enhances
the quality of the initial population, and that the iterated local search significantly strength-
ens the search capability of the algorithm. Comparative experiments conducted against
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NSGA-II, MOEA/D, and MOABC show that MOEA-ILSM achieves superior performance
in terms of both the IGD and the C-metric. Finally, ablation experiments are carried out to
validate the superiority of the proposed model.

The current study evaluates the proposed boarding-time recommendation mechanism
in a controlled offline simulation setting, where all requests are assumed to be known in
advance to facilitate a clear assessment of system performance. The results demonstrate
the potential of the proposed approach to improve ride-sharing efficiency and service
quality, providing a foundation for future extensions to more dynamic operational settings.
The travel time distribution is also specified under commonly adopted assumptions in
simulation-based ride-sharing studies, without calibration to a specific real-world dataset.
Future research may extend the proposed framework to dynamic ride-sharing environ-
ments using rolling-horizon or event-triggered optimization strategies. It may also consider
additional real-world operational factors, such as passenger behavioral responses, commu-
nication delays, system disruptions, and large-scale traffic disturbances caused by accidents,
road closures, or adverse weather conditions, to further enhance practical applicability.

As the problem scale continues to expand, traditional multi-objective evolutionary
algorithms may face challenges in terms of computational efficiency. Future research could
further explore novel hybrid solution approaches that integrate deep learning, reinforce-
ment learning, and heuristic optimization algorithms, with the aim of improving both
the solution efficiency and stability of algorithms when applied to large-scale robotaxi
dispatch problems.
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