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Abstract

This work investigates three practical variants of the dial-a-ride problem with different objec-

tives, called time-dependent dial-a-ride problems (TD-DARPs), where the travel time along each

arc depends on the departure time of the vehicle from the starting node. We develop a general

mathematical model to accommodate different objectives and attributes, and propose a feasibility

test driven adaptive large neighborhood search algorithm based on the feature of time-dependent

travel times. The algorithmic framework consists of three main modules: an adaptive destroy

and repair procedure to enhance solution diversity, a tabu-based solution improvement method to

refine solution quality, and a simulated annealing-based update criterion to escape local optima.

Unlike the traditional and time-consuming feasibility test approach in the existing algorithms for

TD-DARPs, our algorithm employs a novel feasibility test with linear time complexity, which

leverages the first-in-first-out property and the structure of the travel time function to efficiently

evaluate the feasibility of each insertion operation. Extensive numerical experiments on benchmark

instances demonstrate that our algorithm outperforms the CPLEX solver and a state-of-the-art

metaheuristic algorithm in terms of solution quality and running time.

Keywords: time-dependent; dial-a-ride problem; feasibility test; metaheuristic

1. Introduction

The dial-a-ride problem (DARP) (Cordeau and Laporte, 2003; Schenekemberg et al., 2022)

is a well-known NP-hard problem that involves scheduling and routing vehicles to serve a set of

passengers with specific pickup and delivery locations, while taking into account the passengers’

maximum travel time constraint. Typical applications of DARP arise in door-to-door transporta-

tion services for patients, the elderly, individuals with disabilities, and last-mile transit (Zhang
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et al., 2015; Detti et al., 2017; Sayarshad and Chow, 2015). From a practical perspective, certain

scenarios require that all transport requests be served (Timothée et al., 2023), while others require

that a subset of requests be selected for service due to vehicle resource limitations (Ouasaid and

Saddoune, 2024).

Most DARP studies assume a constant travel time between nodes. However, in reality, the

travel time may vary significantly between peak and off-peak hours. Time-dependent travel times

have been considered in several vehicle routing problems (VRPs) (Ichoua et al., 2003; Liu et al.,

2020; Pan et al., 2021). In the context of DARP, time-dependent travel times are also inevitably

encountered. However, this feature is often neglected in existing research. In order to accurately

reflect real traffic conditions and thus facilitate more informed and effective route planning, it is

crucial to incorporate time-dependent travel times into the DARP formulation. While stochastic

time-dependent models can represent random variations in travel times, they also introduce greater

computational complexity and require extensive data. In contrast, deterministic time-dependent

models strike a practical balance between realism and tractability by capturing systematic vari-

ations, such as peak-hour congestion, through historical time-of-day profiles. Building upon this

motivation, the study of the challenging time-dependent dial-a-ride problem (TD-DARP) has sig-

nificant practical importance.

To address the DARP and its variants, various exact and heuristic approaches have been pro-

posed and implemented. Exact approaches for the DARP primarily rely on the branch-and-bound

framework, which encompasses techniques like branch-and-cut (Braekers and Kovacs, 2016; Rist

and Forbes, 2021), branch-and-price (Parragh et al., 2015; Su et al., 2024), and branch-and-price-

and-cut (Qu and Bard, 2015; Karimi et al., 2024) algorithms. Since the DARP is NP-hard, exact

approaches are only capable of solving small-sized instances to optimality within an acceptable com-

putation time. For large instances, research focuses on the development of heuristic approaches,

including large neighborhood search (Molenbruch et al., 2017; Masmoudi et al., 2020), tabu search

(Kirchler and Calvo, 2013; Pandi et al., 2020), deterministic annealing (Braekers et al., 2014; Su

et al., 2023), and hybrid algorithms (Gschwind and Drexl, 2019; Malheiros et al., 2021). Ritzinger

et al. (2016) introduced a dynamic programming based hybrid large neighborhood search approach

to solve large DARP instances. Schenekemberg et al. (2024) proposed a biased random key genetic

algorithm combined with the Q-learning and local search to effectively solve the DARP involving

the coordination of private fleets, common carriers and public transportation. For a comprehensive

survey of the DARP, we refer the reader to the review Ho et al. (2018).

To the best of our knowledge, only a limited number of studies have investigated the TD-DARP

(Xiang et al., 2008; Schilde et al., 2014; Hu and Chang, 2015; Zhao et al., 2022). Schilde et al.

(2014) studied the dynamic DARP integrating time-dependent and stochastic travel speeds, and
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proposed metaheuristic approaches to address both the deterministic TD-DARP and the stochastic

TD-DARP. Hu and Chang (2015) developed a DARP formulation that incorporates time-dependent

travel times and introduced a branch-and-price approach, which utilizes the large neighborhood

search approach to solve the sub-problem aiming to enhance the computation efficiency. Zhao et al.

(2022) studied the time-dependent profitable dial-a-ride problem, where a subset of requests are

selected for service with the objective of maximizing the net profit. A hybrid algorithm combining

the adaptive large neighborhood search with local search techniques was proposed to solve the

problem. To achieve a more comprehensive study of the TD-DARP, this paper investigates three

TD-DARP variants that differ in their objective and attributes, including the requirement to serve

all transportation requests.

The feasibility test for a given TD-DARP route is a critical component of local search-based

algorithms, as these algorithms require significant computational resources to evaluate the feasi-

bility of each neighborhood move. In particular, the inclusion of time-dependent settings in the

TD-DARP significantly complicates this process. In the literature on the DARP and its variants,

feasibility test procedures can be broadly classified into three main categories. The first category

is based on the classical eight-step evaluation scheme originally proposed by Cordeau and Laporte

(2003), which remains one of the most widely used feasibility checking procedures in the DARP

literature (Parragh et al., 2010; Chassaing et al., 2016; Malheiros et al., 2021). This approach

propagates service times forward and backward along a route to verify time window, capacity, and

ride time constraints. Several improvements and variants of this scheme have been proposed to

enhance its computational efficiency. Notably, Sohrabi et al. (2024) developed a revised version

of the eight-step procedure with a reduced time complexity, achieving linear time performance

under the assumption of bounded vehicle capacity. Their method preserves the structure and el-

egance of the original scheme while significantly improving computational efficiency in the static

DARP setting. The second category formulates the feasibility test as a shortest path problem in

a weighted interval graph. Early work by Hunsaker and Savelsbergh (2002) demonstrated that

feasibility test under maximum waiting time and ride time constraints can be performed in lin-

ear time for a given pickup–delivery sequence. Building on this insight, Firat and Woeginger

(2011) showed that the feasibility test can be explicitly formulated as a shortest path problem in

a vertex-weighted interval graph, leading to a simple linear time algorithm. The third category

consists of preprocessing-based approaches, in which auxiliary information is computed in advance

to enable fast feasibility checks during the search. A representative example is the constant-time

feasibility test proposed by Gschwind and Drexl (2019), where auxiliary data are precomputed in

a preprocessing step to enable efficient feasibility evaluation during the search process.

It is worth noting that the vast majority of the feasibility test methods discussed above are
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designed for the classical DARP with static travel times. In particular, preprocessing-based ap-

proaches, such as the constant-time feasibility test proposed by Gschwind and Drexl (2019), achieve

remarkable efficiency by relying on auxiliary data precomputed under the assumption of time-

independent travel times. As a result, these methods do not directly extend to the time-dependent

DARP. To the best of our knowledge, the only feasibility test explicitly developed for the TD-

DARP is the method proposed by Zhao et al. (2022), which extends the classical eight-step evalu-

ation framework to incorporate time-dependent travel times and ride time constraints. While this

approach preserves feasibility correctness, it incurs a relatively high computational complexity,

leading to costly neighborhood evaluations in local search algorithms. Consequently, there is a

clear need for a new feasibility test for the TD-DARP that properly accounts for time-dependent

travel times while retaining high computational efficiency.

In this paper, we introduce the time-dependent travel times into the DARP and study a class

of time-dependent dial-a-ride problems that are characterized by three objectives: minimizing the

total traveling cost, minimizing the total route duration, and maximizing the total profit. We

investigate the characteristics of these problems and propose a novel feasibility test approach for

the TD-DARP that is characterized by linear time complexity and shows significant improvements

in evaluation efficiency. This approach can be classified within the preprocessing-based category.

Based on this feasibility test, we develop a new feasibility test driven adaptive large neighborhood

search (FT-ALNS) algorithm for effective solving of the three TD-DARP variants. The algorithm

consists of an adaptive destroy and repair procedure to explore the solution space, a tabu-based

solution improvement procedure to obtain high-quality local optimal solutions, and a simulated

annealing (SA)-based update criterion to help escape from local optimal traps. The experimental

results of the proposed algorithm on well-known benchmark instances show that it outperforms

the existing state-of-the-art methods and provides a significant improvement in solution quality

and solution time.

The remainder of this paper is organized as follows. §2 provides the description and the mathe-

matical formulation for the three TD-DARP variants studied. §3 elaborates the latest service time

function for the TD-DARP and followed by the feasibility test procedure. To solve the TD-DARP,

§4 presents the general framework of the FT-ALNS algorithm for the TD-DARP and the details

of three algorithmic components. Computational results are summarized in §5 to evaluate the per-

formance of our algorithm. Finally, we conclude the paper and indicate future research directions

in §6.
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2. Problem Description and Mathematical Formulation

2.1. Problem Description

The studied TD-DARP is defined on a complete directed graph G = (V,A), where V = {0, 2n+

1}∪P ∪D is the set of nodes and A is the sets of arcs. Node 0 represents the starting depot while

node 2n + 1 denotes the ending depot. The sets P = {1, ..., n} and D = {n + 1, ..., 2n} comprise

the pickup nodes and delivery nodes, respectively. The set of arcs A is defined as A = {(i, j) :

i, j ∈ V, i ̸= j, i ̸= 2n+1, j ̸= 0, and j ̸= i−n for i ∈ D}, where arcs from the delivery node to the

pickup node of the same request are explicitly excluded. A request i is associated with a pickup

node i ∈ P and a delivery node n+ i ∈ D with a given maximum ride time Li to ensure that the

start service time at the delivery node n+i must not exceed Li time units after the end service time

at the pickup node i. Each request i has di passengers requiring to be picked up from the pickup

node i and dropped at the delivery node n+ i. The demands of pickup node i and its delivery node

n+ i are indicated by the positive demand di and the negative demand dn+i = −di. Additionally,

each node i ∈ V has a non-negative service time duration si, a time window [ei, li] within which the

service must be started, and a reward ri for being served. Without loss of generality, we assume

that d0 = d2n+1 = s0 = s2n+1 = 0. A homogeneous fleet K of vehicles is located at the origin

depot 0. Each vehicle k ∈ K is associated with the identical loading capacity C and the maximum

route duration L. ci,j represents the routing cost from node i to node j. η denotes the cost per

unit time. Figure 1 illustrates a TD-DARP solution with 7 requests and 2 vehicles. The sequence

of vehicle 1’s service (gray) is {0, 1+, 3+, 3−, 2+, 1−, 2−, 4+, 4−, 2n+ 1}, while the visiting order of

vehicle 2 (green) is {0, 5+, 6+, 5−, 6−, 7+, 7−, 2n+ 1}.

Figure 1. An example of the TD-DARP solution
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To account for time-dependent travel times, we define τi,j(t) as the travel time from node i to

j given a departure time from node i at time t. Following Ichoua et al. (2003), the speed profile

divides a whole planning horizon into several time zones, each of which is associated with a constant

speed. As illustrated in Figure 2 (left), the speed profile is represented by a step-wise function,

which shows the expected constant speed at a given point in time. Points {ω2
i,j , ω

4
i,j , ω

6
i,j , ω

8
i,j , ω

9
i,j},

referred to as speed breakpoints, denote the time points where the vehicle speed changes. The speed

profile is commonly converted into a continuous and piecewise linear travel time function τi,j(t) that

satisfies the first-in-first-out (FIFO) property, where t1 + τi,j(t1) ≤ t2 + τi,j(t2), if t1 ≤ t2. Figure

2 (right) illustrates the function τi,j(t) formulated through a series of discrete breakpoints. These

breakpoints encompass the previously mentioned speed breakpoints and the travel time breakpoints.

The travel time breakpoints {ω1
i,j , ω

3
i,j , ω

5
i,j , ω

7
i,j} are determined as the start time from node i to

arrive at node j exactly at a speed breakpoint (e.g., ω1
i,j is the start time at node i to arrive at

node j at time ω2
i,j with an unchanged speed). We use Ωi,j to denote the set of time zones, in

which a time zone Ωm
i,j ∈ Ωi,j is defined by two breakpoints, e.g. Ωm

i,j = [ωm, ωm+1].

Figure 2. An example of travel speed function (left) and travel time function (right) from i

to j

Note that in a time-dependent network, travel time does not necessarily satisfy the triangle

inequality. In situations where the direct link between two nodes i and j is heavily congested, it

is possible to reach j more quickly via an indirect route. Specifically, this occurs when τi,j(ti) ≥

τi,k(ti)+τk,j(tk). This characteristic implies that the shortest-distance path is not always the fastest

one, and therefore minimizing distance and minimizing travel duration correspond to two distinct

optimization objectives. In our approach, we do not explicitly compute fastest paths; instead, time-

dependent travel times are directly considered during route evaluation, and the search process is

guided by the selected optimization objective.

Let fi,j(t) = t + τi,j(t) be the arrival time at node j given a departure time t at node i. In

addition, its reverse function f−1
i,j (t) represents the departure time from node i if the vehicle arrives

node j at time t. Given the inherent properties of the function τi,j(t) and the FIFO property, the
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following lemma holds.

Lemma 1. For each pair of nodes i and j, both functions fi,j(t) and f−1
i,j (t) exhibit the following

properties: no-decreasing, piecewise linear, and continuous.

Since the travel time function τi,j(t) is piecewise linear and continuous by definition, and

fi,j(t) = t+ τi,j(t) is obtained by adding a linear term to it, fi,j(t) inherits these properties. Fur-

thermore, under the FIFO condition t1+ τi,j(t1) ≤ t2+ τi,j(t2) for t1 ≤ t2, fi,j(t) is non-decreasing,

which implies that its inverse f−1
i,j (t) is also non-decreasing, piecewise linear, and continuous.

We study a class of the time-dependent dial-a-ride problems by incorporating the setting of

time-dependent travel times, as well as different features and objectives. Among these features, the

extent to which customer requests must be satisfied plays a crucial role in distinguishing different

TD-DARP variants. In certain applications, such as emergency rescue operations, it is imperative

that all requests are fully served. In contrast, in congested or resource-limited environments such

as peak-traffic scenarios, serving only a subset of requests may be acceptable in order to balance

service quality and operational costs (Lera-Romero and Miranda-Bront, 2021; Zhao et al., 2022).

These variations in service requirements naturally lead to different optimization objectives.

When full service is mandatory, one common objective focuses on minimizing the total travel dis-

tance, thereby reducing fuel consumption and greenhouse gas emissions. Alternatively, minimizing

route duration can also be motivated by operational costs, as shorter working hours directly re-

duce labor-related costs. In many practical settings, such as logistics operations, driver wages

are proportional to total working time or route duration, meaning that reducing travel time can

lead to significant savings in personnel expenses. Moreover, under time-dependent conditions, the

shortest path in distance is not necessarily the fastest in duration, making duration minimization

a distinct and practically relevant objective. In scenarios where only partial service is acceptable,

maximizing the revenue from the subset of served requests becomes particularly relevant, as the

operator must prioritize which requests to accept while balancing economic efficiency. Based on

these distinctions, we investigate three representative variants of the time-dependent dial-a-ride

problem in this study:

• Problem P1 involves fulfilling all requests with the objective of minimizing the total trav-

eling cost.

• Problem P2 also requires fulfilling all requests, but the objective is to minimize the total

route duration.

• Problem P3 selects a subset of requests for service, aiming to maximize the total profit.
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2.2. Problem Formulation

We formulate a general mixed integer linear programming (MILP) model for three time-

dependent dial-a-ride problems. Five sets of decision variables are introduced: x = {xk,mi,j |i, j ∈

V, k ∈ K,m ∈ {1, ..., |Ωi,j |}},y = {yki |i ∈ V, k ∈ K}, z = {zi|i ∈ V }, t = {tk,mi,j |i, j ∈ V, k ∈ K,m ∈

{1, ..., |Ωi,j |}}, t = {tki |i ∈ V, k ∈ K}, where xk,mi,j is a binary variable such that xk,mi,j = 1 if vehicle

k travels from node i to node j by departing from i in time zone Ωm
i,j , and 0 otherwise; yki is a

binary variable such that yki = 1 if vehicle k visits node i, and 0 otherwise; zi is the load of vehicle

when leaving node i; tk,mi,j denotes the departure time that vehicle k travels from node i to node j

during time zone Ωm
i,j ; tki represents the departure time that vehicle k travels from node i. Note

that for the ending depot 2n+ 1, tk2n+1 represents the arrival time of vehicle k, since no departure

or service occurs after reaching the ending depot. Table 1 summarizes these notations.

Table 1
Notation for definition of the TD-DARP

Sets and parameters

V Node set
0(2n+ 1) Starting (ending) depot
P Set of pickup nodes for request, P = {1, ..., n}
D Set of delivery nodes for request, D = {n+ 1, ..., 2n}
A Set of routing arcs
K Set of vehicles
Ωi,j Set of time zone of arc (i, j) ∈ A

C Capacity of vehicles
Li Maximum ride time of request i ∈ P

L Maximum route duration
η Cost per unit time
di Demand of node i ∈ V

si Non-negative service time duration of node i ∈ V

ri Reward for serving node i ∈ V

[ei, li] Time window of node i ∈ V during which the service must be started
ci,j Routing cost of arc (i, j) ∈ A

τi,j(t) Travel time of arc (i, j) ∈ A given a departure time t at node i

fi,j(t) Arrival time at node j along arc (i, j) ∈ A given a departure time t at node i

f−1
i,j (t) Departure time from node i when a vehicle arrives node j at time t

2.2.1. The Objectives of the TD-DARPs

Each of the three TD-DARPs focuses on a different objective. Problem P1 is formulated with

the objective function given in Equation (1) to minimize the total traveling cost. Problem P2 is

designed with the objective function of minimizing the total route duration, as given in Equation

8



(2). For problem P3, the objective function in Equation (3) is to maximize the total profit, which

is denoted as the reward associated with the served requests minus the cost incurred by the route

duration.

[P1] min
∑

(i,j)∈A

∑
k∈K

∑
m∈Ωi,j

ci,jx
k,m
i,j (1)

[P2] min
∑
k∈K

(tk2n+1 − tk0) (2)

[P3] max
∑
k∈K

∑
i∈P

riy
k
i − η

∑
k∈K

(tk2n+1 − tk0) (3)

2.2.2. Pickup and Delivery Services Constraints

To optimize vehicle scheduling for pickup and delivery, we consider capacity, pairing and classic

constraints in the VRP. The relevant constraints are as follows:

∑
k∈K

yki = 1, ∀i ∈ P ∪D (4)

∑
j∈P

∑
m∈Ω0,j

xk,m0,j = yk0 = 1, ∀k ∈ K (5)

∑
i∈D

∑
m∈Ωi,2n+1

xk,mi,2n+1 = yk2n+1 = 1, ∀k ∈ K (6)

∑
i∈V \{2n+1}

∑
m∈Ωi,h

xk,mi,h −
∑

j∈V \{0}

∑
m∈Ωh,j

xk,mh,j = 0, ∀h ∈ P ∪D, k ∈ K (7)

∑
i∈V \{2n+1}

∑
m∈Ωi,j

xk,mi,j = ykj , ∀j ∈ P ∪D, k ∈ K (8)

∑
j∈V \{0}

∑
m∈Ωi,j

xk,mi,j −
∑

j∈V \{0}

∑
m∈Ωn+i,j

xk,mn+i,j = 0, ∀i ∈ P, k ∈ K (9)

zi + dj ≤ zj + (C + dj)(1−
∑

m∈Ωi,j

xk,mi,j ), ∀i, j ∈ V, k ∈ K (10)

max{0, di} ≤ zi ≤ min{C,C + di}, ∀i ∈ V (11)

Constraints (4) ensure that all requests are served. Constraints (5) and (6) mean that a vehicle

can only start from and end at the depot once, namely, the vehicle cannot return to the depot

during the serving process. Constraints (7) are the classical flow conservation constraints, which

make sure that the in-degree and the out-degree of a node in a route must be equal. Constraints

(8) guarantee that the pickup node and delivery node are visited when the corresponding request

is served. Constraints (9) force that the pick-up node and the corresponding delivery node are

served by the same vehicle. Constraints (10) and (11) are the capacity constraints, which ensure

that the loading capacity is respected.
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2.2.3. Temporal Constraints

Temporal constraints comprise the precedence, time windows, ride time and maximum route

duration constraints. In time-dependent networks, these constraints become more complicated

to address. Figure 3 illustrates an example. There are four feasible breakpoints when the vehicle

departs from node i. These breakpoints represent the points where the travel-time function changes

its slope and are used for evaluating time-dependent feasibility, but they do not restrict the vehicle

to depart exactly at those times. According to the travel time function τi,j(t), one breakpoint leads

to an arrival time at node j that exceeds its time window and is therefore discarded. When traveling

from node j to node n+j, a similar situation occurs, where one of the remaining breakpoints exceeds

the time window of node n+ j and is removed. Consequently, only two breakpoints remain feasible

upon arrival at node n+ j. Finally, considering the ride time constraint associated with request i,

only one breakpoint ultimately proves feasible when the vehicle reaches node n + i. The specific

constraints are as follows:

tki =
∑

j∈V \{0}

∑
m∈Ωi,j

tk,mi,j , ∀i ∈ V \ {2n+ 1}, k ∈ K (12)

tki + τi,j(t
k
i ) + sj ≤ tkj +M(1− xk,mi,j ), ∀i, j ∈ P ∪D,m ∈ Ωi,j , k ∈ K (13)

tkn+i ≥ tki , ∀i ∈ P, k ∈ K (14)

ωmxk,mi,j ≤ tk,mi,j ≤ ωm+1x
k,m
i,j , ∀i, j ∈ V,m ∈ Ωi,j , k ∈ K (15)

(ei + si)y
k
i ≤ tki ≤ (li + si)y

k
i , ∀i ∈ V, k ∈ K (16)

(tkn+i − sn+i)− tki ≤ Li, ∀i ∈ P, k ∈ K (17)

tk2n+1 − tk0 ≤ L, ∀k ∈ K (18)

Figure 3. Illustration of temporal constraints in time-dependent network

Constraints (12) define the departure time of vehicle k from node i. Constraints (13) are

the continuity constraints. The ready time that vehicle k can departure from node j is not less
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than the departure time of vehicle k from node i plus the travel time and service time of node j.

The M parameter is equal to the upper limit of the time windows associated with node 2n + 1.

Although the travel time function τi,j(t) is time-dependent and piecewise linear, all breakpoints,

slopes, and intercepts are precomputed prior to optimization and treated as known parameters.

Specifically, for each arc (i, j) and each time zone m ∈ Ωi,j , the travel time can be expressed as

τi,j(t
k
i ) = SLm

i,jt
k
i +ITm

i,j , where SLm
i,j and ITm

i,j denote the slope and intercept of the m-th segment,

respectively, and are known constants. Therefore, Constraints (13) remain linear. Constraints

(14) are the precedence constraints, which affirm that the pick-up node i is visited before the

corresponding delivery node n+ i. Constraints (15) indicate that the departure time for a vehicle

from a location must lie in exactly one time zone. Constraints (16) are the time windows constraints,

which affirm that the start service time of each node is within the given time window. Constraints

(17) are the ride time constraints, which guarantee that the start service time of the delivery node

n+i is within the end service time of corresponding pick-up node i plus the maximum ride time Li.

Constraints (18) are the maximum route duration constraints. Note that there is no restriction on

the waiting time, allowing the vehicle to wait and delay the start service time voluntarily whenever

it arrives at node i. This flexibility is crucial for the feasibility of routes under the maximum ride

time constraint.

As a result, we formulate the problem P1 with the objective function (1), subject to constraints

(4)-(18). Problem P2 is formulated with the objective function (2), subject to constraints (4)-

(18). Problem P3 is defined with the objective function (3), subject to constraints (5)-(18) and

the modified constraint (19). In this problem, serving all requests is not mandatory, and therefore

constraint (4) used in P1 and P2 is replaced by the following constraint:

∑
k∈K

yki ≤ 1, ∀i ∈ P ∪D (19)

which ensures that each request can be served at most once, preventing multiple vehicles from

serving the same customer and avoiding duplicate revenue collection.

3. Feasibility Test

The feasibility test procedure constitutes a fundamental component in the proposed algorithm

and is frequently invoked throughout the search process. As such, it plays a critical role in deter-

mining the overall efficiency of the algorithm. As discussed in the introduction, existing feasibility

test procedures for the DARP can be broadly classified into three main categories, namely eight-

step evaluation schemes, shortest path formulations on interval graphs, and preprocessing-based

approaches. Representative studies include the revised eight-step procedure of Sohrabi et al. (2024),
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the expression of the feasibility test as a shortest path problem by Firat and Woeginger (2011), and

the constant-time feasibility procedure proposed by Gschwind and Drexl (2019). These methods

represent some of the most efficient feasibility test procedures developed for the classical DARP

with static travel times. Their efficiency relies on the use of cumulative quantities along the route

(e.g., forward time slacks, or cumulative travel times) that can be consistently maintained along a

fixed pickup–delivery sequence under static travel times.

In the time-dependent DARP, however, travel times vary with departure times, affecting not

only direct connections but also the propagation of feasibility along the entire route. Moreover, the

computation of these cumulative quantities depends not only on the earliest or latest service times

but also on the feasible breakpoints between consecutive nodes. These breakpoints are determined

jointly by the travel time function, time window restrictions, and ride time constraints, forming

segmented feasibility regions that invalidate the fixed-time assumptions underlying constant or

linear time feasibility checks. Here, “segmented” refers to the piecewise linear structure of the

functions. Consequently, although these procedures are efficient and effective in the static DARP,

their assumptions make them difficult to extend directly to the time-dependent case.

To the best of our knowledge, the only feasibility test explicitly developed for the TD-DARP

is the method proposed by Zhao et al. (2022). However, this method incurs a relatively high

computational complexity, leading to costly neighborhood evaluations in local search algorithms.

To overcome these limitations of existing feasibility tests, this section presents a novel and efficient

feasibility testing method specifically tailored for integration into the TD-DARP algorithm.

3.1. The Latest Start Service Time Function

As previously described, a feasible TD-DARP route must satisfy the following constraints:

capacity, pairing and precedence, time windows, ride time, maximum route duration. Each time

a request is inserted into the route, the insertion operation should be evaluated to determine

whether it violates these constraints. Due to the independence of vehicle capacity constraints from

temporal constraints, the procedure for checking violations of the capacity constraints in the TD-

DARP is analogous to that in the DARP. Ensuring the pairing and precedence constraints during

the insertion of a request is straightforward. Therefore, the challenge in feasibility testing lies in

efficiently evaluating whether the insertion operation satisfies the temporal constraints. To address

this challenge, we first introduce two theorems that provide a foundation for our feasibility testing

approach.

Let γvi denote the feasible start service time of node vi, with γ−vi and γ+vi representing its

earliest and latest feasible start service times, respectively. Time schedule of TD-DARP route R

is represented by TR = (γv1 , ..., γvr) ∈ TR, where TR denotes the set of all feasible time schedules
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associated with route R. Specifically, TR(tvj ) represents the time schedule in which all nodes of

route R start service at their corresponding feasible times when the start service time γvj of node

vj is not later than tvj . Accordingly, we define TR(tvj ) as the set of all such feasible time schedules.

The cumulative travel times between node vi and vj at a given departure time t is denoted as

Γvi,vj (t), representing the total travel time along the sequence of arcs from node vi to node vj

within the same route. The latest start service time function γ+vj (tvi) represents the latest feasible

start time to serve node vj if the start service time of node vi is not later than tvi , where γvj (tvi)

denotes the start service time function under a given tvi , and tvi ∈ [γ−vi , γ
+
vi ], ∀i, j ∈ R, i ≤ j.

Theorem 1. For any TD-DARP feasible route R = (v1, ..., vr), let γ+vi(tvj ) = max
TR=(γv1 ,...,γvr )∈TR(tvj )

{γvi}

be the latest start service time of each node vi if the start service time γvj of node vj is not later

than tvj , then T+
R (tvj ) = (γ+v1(tvj ), ..., γ

+
vr(tvj )) represents the time schedule in which all nodes of

route R start service at their latest feasible times given tvj , and T+
R (tvj ) ∈ TR(tvj ).

Proof. A feasible schedule TR(tvj ) = (γv1(tvj ), ..., γvr(tvj )) must satisfy the temporal con-

straints:

γvi(tvj ) ∈ [evi , lvi ], ∀i, j ∈ R (20)

γvi(tvj ) + svi + τvi,vi+1(γvi(tvj ) + svi) ≤ γvi+1(tvj ), ∀i, j ∈ R (21)

γvi(tvj ) + svi + Lvi ≥ γvi+n(tvj ), ∀i ∈ R ∩ P, j ∈ R (22)

According to the definition of γ+vi(tvj ), for each moment γ+vi(tvj ), i = 1, ..., r − 1, there exits a

feasible time schedule T ′
R(tvj ) = (γv1(tvj ), ..., γ

+
vi(tvj ), ..., γvr(tvj )) ∈ TR(tvj ). We have γvi(tvj ) ≤

γ+vi(tvj ), i = 1, ..., r − 1. Since T ′
R(tvj ) ∈ TR(tvj ), it is obvious that γ+vi(tvj ) ∈ [evi , lvi ]. For each

node vi, i = 1, ..., r − 1, because γ+vi(tvj ) + svi + τvi,vi+1(γ
+
vi(tvj ) + svi) ≤ γvi+1(tvj ) and γvi+1(tvj ) ≤

γ+vi+1
(tvj ), then γ+vi(tvj ) + svi + τvi,vi+1(γ

+
vi(tvj ) + svi) ≤ γ+vi+1

(tvj ) holds. For each pair of node

vi − n and vi, there exists γvi−n(tvj ) + svi−n + Lvi−n ≥ γ+vi(tvj ) and γ+vi−n(tvj ) ≥ γvi−n(tvj ), hence

γ+vi−n(tvj ) + svi−n + Lvi−n ≥ γ+vi(tvj ) holds. Therefore, Theorem 1 holds. □

Theorem 2. For any TD-DARP feasible route R = (v1, ..., vr), the latest ready time δvi(tvj ) on

node vi when node vj departs at time tvj is a non-decreasing and piecewise linear function, which

is defined in a certain continuous closed interval and has a group of jump discontinuities.

Proof. The latest ready time δvi(tvj ) denotes the latest feasible time at which node vi becomes

ready to start service, given that node vj departs at tvj , ∀i, j ∈ R, i ≤ j. It is evident that the

theorem holds when r = 1, in which R = (v1), δvi(tvj ) = tv1 − sv1 . Assume that the theorem holds

for the route R = (v1, v2, ..., vj) when r ≥ 1. In other words, for each vertex vi, ∀i = 1, ..., r, δvi(tvj )

is non-decreasing and piecewise linear, associated with a group of qi jump discontinuities denoted by
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(gi,1, gi,2, ..., gi,qi), and defined in a closed interval [avr , bvr ]. A new route R′ = (v1, v2, ..., vj , vj+1) is

derived by extending original route R with an additional vertex j+1. To facilitate the subsequent

derivation, we use τ−1
vi,vj (t) to denote the travel time inverse function, yielding the travel time of

edge (vi, vj) given the arrival time t of node vj . ϕ+
vi(tvj ) is defined to represent the latest service

time on node vi at a given start service time tvj of node vj , ∀i, j ∈ R, i ≤ j. Below, we prove that

the theorem also holds for route R′. We have the following two cases:

Case 1. If vj+1 ∈ P , the functions ϕ+
vi(tvj ) can be computed using Equation (23)

ϕ+
vi(tvj+1) =


δvi(tvj+1 − τ−1

vj ,vj+1
(tvj+1)) if i = 1, ..., j

tvj+1 if i = j + 1

(23)

where tvj+1 ∈ [max{γ−vj + svj + τvj ,vj+1(γ
−
vj + svj ), evj+1}, lvj+1 ]. Function δvi(tvj ) can be computed

by Equation (24)

δvi(tvj+1) =


ϕ+
vi(tvj+1 − svj+1) if tvj+1 ∈ [max{γ−vj + svj + τvj ,vj+1(γ

−
vj + svj ), evj+1}+ svj+1 , lvj+1 + svj+1 ]

ϕ+
vi(lvj+1) if tvj+1 ∈ [lvj+1 + svj+1 , T ]

(24)

[avj+1 , bvj+1 ] = [max{γ−vj + svj + τvj ,vj+1(γ
−
vj + svj ), evj+1}+ svj+1 , T ] (25)

As mentioned before, both fvj ,vj+1(tvj ) = tvj+τvj ,vj+1(tvj ) and f−1
vj ,vj+1

(tvj+1) = tvj+1−τ−1
vj ,vj+1

(tvj+1)

are non-decreasing, piecewise linear continuous, and functions due to the FIFO property. In terms

of Equations (23), (24) and (25), functions δvi(tvj ), ∀i ∈ 1, ..., r, defined in [avj+1 , bvj+1 ] are non-

decreasing and piecewise linear. Furthermore, they all have a group of original jump discontinuities

(gi,1, gi,2, ..., gi,qi).

Case 2. If vj+1 ∈ D, then vj+1 − n ∈ P is the corresponding pickup node, which must

satisfy its maximum ride time constraint, tvj+1 − ϕ+
vj+1−n(tvj+1) − svj+1−n ≤ Lvj+1−n, ∀tvj+1 ∈

[max{γ−vj + svj + τvj ,vj+1(γ
−
vj + svj ), evj+1}, lvj+1 ]. Consequently, a set of feasible domains H of

tvj+1 , {[µh
vj+1

, ωh
vj+1

]}h∈H , can be determined. Based on this, the functions ϕ+
vi(tvj ) can be obtained

directly from Equation (23), and the functions δvi(tvj ) can be calculated by Equation (26).

δvi(tvj+1) =


ϕ+
vi(tvj+1 − svj+1) if tvj+1 ∈ [µh

vj+1
+ svj+1 , ω

h
vj+1

+ svj+1 ]

ϕ+
vi(ω

h
vj+1

) if tvj+1 ∈ (ωh
vj+1

+ svj+1 , µ
h+1
vj+1

+ svj+1)

ϕ+
vi(ω

|H|
vj+1) if tvj+1 ∈ [ω

|H|
vj+1 + svj+1 , T ]

(26)
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where tvj+1 ∈ [avj+1 , bvj+1 ] such that avj+1 = µ1
vj+1

+ svj+1 and bvj+1 = T . According to Equations

(23) and (26), functions δvi(tvj ), ∀i ∈ 1, ..., r, defined in domain [avj+1 , bvj+1 ] are non-decreasing

and piecewise linear function with at least |H| jump discontinuities.

Therefore, Theorem 2 holds. □

Figure 4 shows an example of the latest ready time function δvi(tvj+1) with three jump dis-

continuities in domain [µ1
vj+1

+ svj+1 , T ]. In the subsequent sections, we divide the feasibility test

procedure for the insertion of request i into two phases. The primary phase involves the evaluation

of inserting the pickup node vi, while the secondary phase focuses on evaluating the insertion of

the delivery node vi + n.

Figure 4. An example of the latest ready time function δvi(tvj+1
)

3.2. Evaluation of Pickup Insertion

Algorithm 1 provides a detailed description of the process for inserting a pickup node vi af-

ter node vk in the original TD-DARP route R = (v1, ..., vk, ..., vr), where k ∈ {1, ..., r − 1}.

Given an as-early-as-possible schedule T = (γ−v1 , ..., γ
−
vr) for route R, the algorithm will detect

whether the newly generated route R′ = (v1, ..., vk, vi, vk+1, ..., vr) has a feasible schedule T ′ =

(γ′v1 , ..., γ
′
vk
, γ′vi , γ

′
vk+1

, ..., γ′vr).

The basic idea is to evaluate whether the time increment resulting from node insertion falls

within an acceptable range through the latest start service time function. Firstly, the pickup node

vi is inserted at the earliest possible time γ′vi (Line 1). If γ′vi exceeds its latest start time window,

this insertion is infeasible (Lines 2 and 3). Next, we determine the start service time γvi(γvk)

at node vi, which is a linear function of γvk (Line 4). This computation relies on the earliest

service time function at the current node vk, denoted by γ−vk(γvk), which is precomputed during

the preprocessing stage described in Section 3.4 and serves as the initialization for the subsequent

propagation. The service time function γvk+1
(γvk) of the successor node vk+1 is then recursively
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calculated through γvi(γvk) (Line 5). As the insertion of node vi augments the service time at

node vk+1, a feasibility check is required. According to Theorem 1, this check can be performed

through the latest start service time function γ+vk+1
(γvk). If there exists an interval I for which

function γ+vk+1
(γvk) exceeds function γvk+1

(γvk), it indicates that the time increment resulting from

the insertion of node vi lies within the acceptable range of the service time of node vk+1 (Lines

6–10).

Algorithm 1 Evaluate insertion of pickup
Input: node vk, pickup node vi

1: γ′
vi

= max{evi , γ−
vk

+ svk + τvk,vi
(γ−

vk
+ svk)}

2: if γ′
vi > lvi then

3: return false

4: γvi(γvk
) = max{evi , γ−

vk
(γvk) + svk

+ τvk,vi
(γ−

vk
(γvk) + svk)}

5: γvk+1
(γvk) = max{γ−

vk+1
, γvi(γvk) + svi + τvi,vk+1

(γi(γvk
) + svi)}

6: I = {γvk |γ+
vk+1

(γvk) > γvk+1
(γvk), ∀γvk ∈ [γ−

vk
, γ+

vk
]}

7: if I == ∅ then

8: return false

9: else

10: return true

3.3. Evaluation of Delivery Insertion

Algorithm 2 describes the process for inserting a delivery node vi + n after node vj in the

original TD-DARP route R = (v1, ..., vk, ..., vj , ..., vr). Given an as-early-as-possible schedule T =

(γ−v1 , ..., γ
−
vr), the algorithm will detect whether the newly generated route R′ = (v1, ..., vk, vi, vk+1...,

vj , vi+n, vj+1, ..., vr) has a feasible schedule T ′ = (γ′v1 , ..., γ
′
vk
, γ′vi , γ

′
vk+1

, ..., γ′vj , γ
′
vi+n, γ

′
vj+1

, ..., γ′vr).

Firstly, we calculate the earliest service time for pickup node vi and its delivery node vi + n

(Lines 1–4). Note that nodes vk+1 and vj are not necessarily consecutive in the route. Therefore,

the cumulative travel times function Γvk+1,vj (t) is used in Line 3 to capture the total travel time

along the subsequence from vk+1 to vj , given a departure time from vk+1. If γ′vi+n exceeds the

latest start time window of node vi + n, this insertion is infeasible (Lines 5 and 6). Otherwise,

we recursively determine the start service time for nodes vi, vk+1, vj , vi + n and vj+1 as functions

of γvk (Lines 7–11). The latest start service time function γ+vj+1
(γvk) is utilized to identify the

feasible interval I, in which γ+vj+1
(γvk) > γvj+1

(γvk) is satisfied (Lines 12–15). Note that in the

TD-DARP, the ride time constraints of a request restrict the service time for both the pickup node

and delivery node. Thus, it is crucial to identify the specific feasible interval I ′ within I, which

satisfies the constraint γvi+n(γvk) < γvi(γvk) + Lvi (Line 16). If the non-empty set I ′ is obtained,

the insertion of the pickup and delivery nodes is deemed feasible (Line 20). It indicates that the
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insertion operation has an acceptable impact on the original route schedule of service times, and

complies with the ride time constraints of request. Specially, if the newly inserted pickup node vi

is served immediately followed by the corresponding delivery node vi+n, where k = j, or if there is

only one node intervening between the newly inserted pickup node vi and the delivery node vi+n,

such that k + 1 = j, then only slight adjustments to the algorithm are required, with the overall

framework remaining unchanged.

Algorithm 2 Evaluate insertion of delivery
Input: node vk, vj , pickup node vi, delivery node vi + n

1: γ′
vi

= max{evi , γ−
vk

+ svk + τvk,vi
(γ−

vk
+ svk)}

2: γ′
vk+1

= max{γ−
vk+1

, γ′
vi + svi + τvi,vk+1

(γ′
vi + svi)}

3: γ′
vj

= max{γ−
vj , γ

′
vk+1

+ svk+1
+ Γvk+1,vj

(γ′
vk+1

+ svk+1
)}

4: γ′
vi+n = max{evi+n, γ

′
vj

+ svj + τvj ,vi+n(γ
′
vj + svj )}

5: if γ′
vi+n > lvi+n then

6: return false

7: γvi(γvk
) = max{evi , γ−

vk
(γvk) + svk

+ τvk,vi
(γ−

vk
(γvk) + svk)}

8: γvk+1
(γvk) = max{γ−

vk+1
, γvi(γvk) + svi + τvi,vk+1

(γvi(γvk) + svi)}

9: γvj (γvk) = max{γ−
vj , γvk+1

(γvk) + svk+1
+ Γvk+1,vj (γvk+1

(γvk) + svk+1
)}

10: γvi+n(γvk) = max{evi+n, γvj
(γvk) + svj + τvj ,vi+n(γvj (γvk

) + svj )}

11: γvj+1
(γvk) = max{γ−

vj+1
, γvi+n(γvk) + svi+n + τvi+n,vj+1,(γvi+n(γvk) + svi+n)}

12: I = {γvk |γ+
vj+1

(γvk) > γvj+1
(γvk), ∀γvk ∈ [γ−

vk
, γ+

vk
]}

13: if I == ∅ then

14: return false

15: else

16: I ′ = {γvk
|γvi+n(γvk) < γvi(γvk) + Lvi , ∀γvk ∈ I}

17: if I ′ == ∅ then

18: return false

19: else

20: return true

3.4. Proof of the Linear Time Property

We now show that the feasibility test procedures outlined in Algorithms 1 and 2 have both linear

time complexity O(nseg), where nseg denotes the number of intervals of the linear segmentation

function. Obviously, all input data can be obtained in constant time O(1), including time windows

[evi , lvi ], service duration svi , and ride time Lvi , ∀vi ∈ P ∪ D. The travel time function τvi,vj (t)

can compute the travel time from node vi to node vj at a given departure time t in linear time

O(nseg). The earliest service time γ−vi , the earliest service time function γ−vi(t) for node vi with its

own service time t, and the cumulative travel times Γvi,vj (t) between node vi and vj at a given
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departure time t, ∀i, j ∈ R, can be calculated in a preprocessing step. Finally, the preprocessing

procedure yields the bound γ+vj (tvi), thus facilitating the efficient computation of feasible domains

I and I ′ in linear time O(nseg). As a result, Theorem 3 holds.

Theorem 3. For a feasible TD-DARP route R = (v1, ..., vr), the feasibility of inserting a request

can be tested in linear time O(nseg).

The preprocessing step requires the computation of three critical functions: the earliest start

service time function γ−vi(t), the cumulative travel times function Γvi,vj (t), and the latest start

service time function γ+vj (tvi). Equation (27) provides the formula for calculating γ−vi(t). The time

complexity of the calculation is O(|R|), with |R| denoting the number of nodes served in route R.

γ−vi(t) = t, t ∈ [γ−vi , γ
+
vi ], ∀i ∈ R (27)

The cumulative travel times function, denoted as Γvi,vj (t), can be computed using Equation

(28). The time complexity of the computation is O(|R|2nseg), with nseg denoting the number of

segments of the piecewise function.

Γvi,vj (t) =


Γvi,vj−1(t) + svj−1 + τvj−1,vj (t+ Γvi,vj−1(t) + svj−1) if j = i+ 1, ..., k

0 if j = i

(28)

The computation of the function γ+vj (tvi) uses the function δvi(tvj ). For a feasible route R =

(v1, ..., vr), the label-setting approach is applied to perform backward recursion at each node.

Precisely, we consider the backward route Rbackward = (vi, vi−1, ..., vr) and extend node vi+1 in

front of the route, thereby generating a modified route R′
backward = (vi+1, vi, vi−1, ..., vr). When

vj = vr, the function γ+vr(tvi) = lvr . If vi ∈ P, ∀j = i, i − 1, ..., r, the functions γ+vj (tvi) can be

computed using Equation (29), (30) and (31).

γ+vi(tvi) = min{γ+vi−1
(tvi)− τ−1

vi,vi−1
(γ+vi−1

(tvi))− svi , lvi} (29)

tvi = tvi+1 + svi+1 + τvi+1,vi(tvi+1 + svi+1) (30)

γ+vi(tvi+1) = min{γ+vi−1
(tvi+1 + svi+1 + τvi+1,vi(tvi+1 + svi+1))−

τ−1
vi,vi−1

(γ+vi−1
(tvi+1 + svi+1 + τvi+1,vi(tvi+1 + svi+1)))− svi , lvi} (31)

If vi ∈ D, then the corresponding pickup node vi − n ∈ P must comply with its maximum ride

time constraint, γ+vi(tvi+1)− δvi−n(tvi+1 + svi+1)− svi−n ≤ Lvi−n, ∀tvi+1 ∈ [max{γ−vi − τ−1
vi+1,vi(γ

−
vi)−
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svi+1 , evi+1}, lvi+1 ]. The function γ+vj (tvi) can be computed using Equation (32) in O(|R|2nseg)

computation time. According to these equations and Theorem 2, function γ+vj (tvi) is also a non-

decreasing and piecewise linear function. Theorem 4 summarizes the main result of the prepro-

cessing step.

γ+vi(tvi+1) = min{γ+vi(tvi+1), δvi−n(tvi+1 + svi+1) + svi−n + Lvi−n} (32)

Theorem 4. For the TD-DARP, the computational complexity of auxiliary data in the pre-

processing step is O(|R|2nseg), where |R| is the number of nodes visited by the route R, and

nseg is the number of intervals of the travel time function (the number of segments of the segment

function).

3.5. Illustrative Example of the Feasibility Test

To better demonstrate the process of the feasibility test, we include a small numerical exam-

ple. Consider a set of requests with n = 10. A given partial route is {0, 6, 16, 4, 14, 21}, where

nodes 0 and 21 denote the starting depot and ending depot, respectively. Nodes 6 and 16 rep-

resent the pickup and delivery nodes of request 6, respectively, while other requests follow the

same correspondence. The goal is to evaluate the feasibility of inserting the pickup node 10 and

the delivery node 20 immediately after nodes 6 and 4, respectively, resulting in the new route

{0, 6, 10, 16, 4, 20, 14, 21}. The process consists of two stages: evaluating the insertion of the pickup

node 10 and then the delivery node 20.

The evaluation begins with assessing the feasibility of inserting the pickup node 10. Following

Algorithm 1, the earliest possible service time of node 10 is computed as γ′10 = max{e10, γ−6 +

s6 + τ6,10(γ
−
6 + s6)}. As shown in Figure 5(a), if γ′10 exceeds its latest time window bound l10, the

insertion of the pickup node is infeasible, and the delivery node 20 does not need to be evaluated.

Otherwise, the functions γ10(γ6) and γ16(γ6) are computed, and the insertion is further evaluated

using the function γ+16(γ6), as illustrated in Figure 5(b). If a feasible domain γ6 ∈ I exists such

that γ+16(γ6) > γ16(γ6), the pickup insertion is feasible, and the algorithm proceeds to evaluate the

delivery insertion.

According to Algorithm 2, the earliest feasible service times of the involved nodes are calculated

sequentially as γ′10, γ′16, γ′4, γ′20. As shown in Figure 6(a), if γ′20 exceeds its latest start time window

l20, the delivery insertion is infeasible. Otherwise, the functions γ10(γ6), γ16(γ6), γ4(γ6), γ20(γ6),

and γ14(γ6) are successively determined. First, the feasibility of the insertion is evaluated using

γ+14(γ6), as illustrated in Figure 6(b). If there exists a feasible domain γ6 ∈ I such that γ+14(γ6) >

γ14(γ6), it indicates that the additional time introduced by the insertion of node 10 and node 20

remains within the acceptable range of the service time at node 14. Next, the ride time constraints

19



Figure 5. Illustrative example of pickup insertion evaluation

are evaluated, as shown in Figure 6(c). If a subdomain I ′ ∈ I satisfies γ20(γ6) < γ10(γ6)+L10, the

ride time constraints are respected. Hence, if the above evaluations are all satisfied, the insertion

of the pickup and delivery nodes for request 10 is considered feasible.

Figure 6. Illustrative example of delivery insertion evaluation

4. Solution Approach

This section presents a feasibility test driven adaptive large neighborhood search (FT-ALNS)

algorithm for solving TD-DARP. The adaptive large neighborhood search (ALNS) framework is a

well-established optimization method for tackling complex routing problems. It provides a flexible

and effective metaheuristic structure that can dynamically adapt search strategies based on their

past performance (Ropke and Pisinger, 2006; Pisinger and Ropke, 2007). The proposed FT-ALNS

algorithm integrates a variety of destruction and repair strategies through the use of a dynamic

selection mechanism. Moreover, the integration of efficient feasibility test method within the ALNS

framework enhances both the computational efficiency and overall performance of the algorithm.

4.1. General Framework

FT-ALNS consists of three key components: an adaptive destroy and repair procedure to ex-

plore the solution space, a tabu-based solution improvement procedure to enhance solution quality,
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and a simulated annealing-based update criterion to help escape local optima. Algorithm 3 outlines

the general framework of FT-ALNS. At the beginning, a basic greedy construction procedure is

used to generate an initial solution S, where each request is inserted into the route at the best

position, either minimizing cost or maximizing profit (Line 1). The destroy and repair operators

are initialized with identical weights ρ− and ρ+ (Line 2). FT-ALNS then proceeds with an iterative

search process. In each iteration, a new solution S′, derived from the incumbent solution S (Line

5), first undergoes destruction and repair operations (Lines 6–8). This is followed by a tabu-based

solution improvement procedure to further improve its quality (Line 9).

During the search process, each request insertion operation within the repair operation and tabu

search requires a feasibility evaluation. First, the feasibility of inserting the pickup node is assessed

using Algorithm 1. If the pickup insertion is feasible, Algorithm 2 is then used to evaluate the

feasibility of inserting the delivery node. If the improved solution S′ outperforms the best solution

Sbest found so far, it is accepted as the new Sbest (Lines 10 and 11). The simulated annealing-based

solution update criterion is then applied to determine whether the incumbent solution S should be

updated (Lines 12 and 13). After each iteration, the weights of the operators are updated (Line

14). The algorithm terminates when a prefixed maximum number of iterations is reached and

returns the best-found solution Sbest.

Algorithm 3 Feasibility test driven adaptive large neighborhood search algorithm
Input: A given problem instance I
Output: The best found solution Sbest

1: S ← Initialization(I) ▷ Greedy construction with feasibility test
2: Sbest ← S, ρ− = {1, ..., 1}, ρ+ = {1, ..., 1}
3: iter ← 0
4: while iter < itermax do
5: S′ ← S

6: Select a pair of destroy and repair operators based on the weights ρ− and ρ+

7: S′
part ← DestroyOperation(S′)

8: S′ ← RepairOperation(S′
part) ▷ Repair step with feasibility test

9: S′ ← TabuSearch(S′) ▷ Neighborhood move with feasibility test, see section 4.3
10: if f(S′) < f(Sbest) then
11: Sbest ← S′

12: if S′ or Sbest meet the acceptance criterion then ▷ Updating strategy is triggered, see section 4.4
13: Update S

14: Update the weights ρ− and ρ+ of operators
15: iter ← iter + 1

16: return The best found solution Sbest

4.2. Adaptive Destroy and Repair Procedure

The adaptive destroy and repair procedure is designed to improve the solution by systematically

applying a range of destroy and repair operators, which are selected based on their performance.
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A destroy operator removes a subset of elements from the current solution, and these elements

are subsequently reinserted using a repair operator. The repair operator requires evaluating the

feasibility of each request insertion through a formal test procedure. In our algorithm, a carefully

designed set of destroy and repair operators is used to refine the solution.

Specifically, the destroy operators consist of random removal and entire route removal (Hem-

melmayr et al., 2012), as well as several adapted operators inspired by the literature, including

the Shaw removal (Shaw, 1998), the worst removal (Ropke and Pisinger, 2006), and the zero-split

removal, originally introduced for the DARP by Parragh et al. (2010). These operators have been

tailored in this study to handle the TD-DARP. The Shaw removal approach removes a set of

requests that exhibit similarity. The relatedness measure R(i, j) = α(ci,j + ci+n,j+n) + β(|γ−i −

γ−j | + |γ
−
i+n − γ−j+n|) + φ(

∑
k∈K kyki =

∑
k∈K kykj ) is defined to quantify the similarity between

two requests i and j, where γ−i and γ−i+n represent the earliest start service times for the pickup

and delivery nodes of request i. The term
∑

k∈K kyki =
∑

k∈K kykj is used to determine whether

both requests are served by the same vehicle. The Shaw removal operator starts by randomly

selecting and removing a seed request. In each subsequent iteration, a request similar to those

already removed is chosen for removal, continuing until q requests have been removed. The worst

removal operator determines the removal gain of each request based on the current objective of

the problem. Specifically, different metrics are used depending on whether the objective is to

minimize total travel cost, minimize total route duration, or maximize total profit. For the cost-

and duration-minimization problems, the removal gain represents the reduction in the total cost

or total duration achieved by removing a given request, and the q requests with the largest gains

are removed. For the profit-maximization problem, the removal gain corresponds to the decrease

in total profit after removing the request, and the q requests with the smallest gains are removed,

as they contribute the least to the overall profit. The zero split removal approach randomly selects

a sequence between two arcs where the vehicle load is zero, and removes the requests within that

sequence.

The repair operators include basic greedy reinsertion and regret-M reinsertion (Hemmelmayr

et al., 2012), as well as an improved greedy reinsertion operator. The improved greedy reinsertion

operator, designed specifically for problem P3, aims to enhance the selection of profitable com-

binations of requests. At each step, an unserved request is randomly selected and inserted into

the best feasible position in the current routes, where the “best” position is determined by the

maximum improvement in the overall profit after insertion. Unlike the standard greedy strategy,

this operator allows the insertion of a request even if it temporarily reduces the total profit, as

such moves can create opportunities for subsequent insertions of other requests with closely aligned

time windows. These subsequent insertions may jointly yield a net profit increase by combining
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their service rewards with only a small additional route duration.

The adaptive mechanism is based on a roulette wheel selection strategy, which is designed

to choose a pair of destroy and repair operators in each iteration while dynamically adjusting

their selection probabilities. Initially, all operators are assigned an identical weight ρ. When a

new solution is found, the reward Ψ for the selected operator is updated based on the solution’s

quality: if the solution improves the best found or the incumbent solution, Ψ is incremented by

ω1 or ω2, respectively. If the solution is worse than the incumbent solution but still accepted, Ψ is

incremented by ω3. At the end of every specified number of iterations, the weight of each operator

is updated using the formula ρ = λρ+ (1− λ)Ψ, where λ ∈ [0, 1] is a user-defined parameter that

controls the sensitivity of weight adjustments. After updating, Ψ is reset to zero. The selection

probability of operator i is determined by its historical performance, calculated as ρi/
∑n

k=1 ρk

where n is the total number of operators.

4.3. Tabu-Based Solution Improvement

To enhance search intensification, a tabu search procedure is incorporated into the proposed FT-

ALNS algorithm. Building upon the solution obtained from the procedure described in Section 4.2,

tabu search explores the neighborhood through a unified relocation framework that simultaneously

considers both intra-route and inter-route relocations. In each iteration, the algorithm performs

a full exploration of all feasible relocations by removing the pickup and delivery nodes of each

request from their current positions and reinserting them into the most favorable positions, either

within the same route or in a different one based on the calculated move gain. The request v1 with

the highest move gain is selected and relocated to the corresponding position within route R1. A

feasibility test procedure is applied throughout the relocation process to ensure the validity and

efficiency of each insertion operation.

After the relocation process is executed, the move is recorded as (v1, R1) and added to the tabu

list, preventing request v1 from being moved to route R1 again during the current tabu tenure.

The tabu tenure is dynamically defined as ⌊3
√
N⌋, where N denotes the number of requests in

the instance. This adaptive setting allows the tabu list size to scale appropriately with problem

complexity, remaining short enough to avoid excessive restriction in small instances while long

enough to prevent cycling in larger ones.

Importantly, the tabu list is reinitialized at the beginning of each tabu search phase, so that

tabu restrictions apply only within the current phase and do not carry over between successive

ones. Since certain promising moves may be temporarily restricted by the tabu mechanism, the

search is not terminated immediately after a single non-improving iteration. Instead, it continues

for a predefined number of consecutive non-improving iterations, allowing new improving moves to
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become available once some tabu tenures expire. When no further improvement is observed within

this threshold, the tabu search phase terminates.

4.4. Simulated Annealing-Based Solution Update Criterion

For the incumbent solution S, a simulated annealing (SA)–based acceptance criterion (Ropke

and Pisinger, 2006) is employed to decide whether S should be replaced in each iteration. Such SA-

like strategies, together with restart mechanisms from the best-known solution, are incorporated

here to improve diversification and escape local optima. In our criterion, a superior solution is

always accepted as the new incumbent S, while an inferior solution S′ may also be accepted with

a probability defined as P = e
−(f(S′)−f(S)

Tθ ) for minimization problems. Here, the temperature

parameter T θ plays a crucial role as a control variable, gradually decreasing over iterations to

balance exploration and exploitation. Additionally, the best found solution Sbest is periodically

utilized to update S, injecting high-quality information into the search process and potentially

enhancing the algorithm’s convergence performance.

5. Computational Results

This section reports the algorithm configuration, benchmark instances, and computational re-

sults for the three TD-DARP variants. The proposed algorithm was implemented in C++ and

compiled using Visual Studio 2019 on a 64-bit Windows 10 platform. The MILP models were

solved with IBM ILOG CPLEX 12.9 in single-threaded mode. All experiments were performed on

a system with an Intel(R) Core(TM) i7-8700 CPU (3.20 GHz) and 8 GB of RAM.

5.1. Instances

Our experimental studies are conducted on a dataset of 120 instances, categorized into seven

groups. Groups a and b are derived from the widely used DARP benchmark instances proposed

by Cordeau (2006) and Cordeau and Laporte (2007). Groups AA, BB, CC, and DD originate

from the TD-DARP benchmark sets provided by Zhao et al. (2022). These six groups are referred

to as the regular groups in this study. Group Extend is generated by modifying the original

instances from Zhao et al. (2022). All instances used in this study are available for download at

https://github.com/nwpu-orms/TD-DARP.

• Group a comprises 24 instances of small, medium and large sizes, with requests ranging from

16 to 96 and the number of vehicles varying between 2 and 8. Each vehicle has a capacity of

C = 3, while the service time si = 3, demand di = 1, and the maximum ride time Li = 30 are

identical for all requests. To reduce problem complexity, the time window tightening approach

from Cordeau (2006) is applied. For speed profiles, the breakpoint settings are consistent
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across all instances, reflecting similar congestion patterns during the day. Following Ichoua

et al. (2003), three speed categories are defined for arcs: (1) normal speed on regular arcs, (2)

slow speed on congested arcs, and (3) fast speed on free-flow arcs. To capture typical urban

traffic dynamics, the day is divided into five time zones representing morning peak, midday

off-peak, evening peak, late evening, and night hours. The travel speeds in each category

vary across these time zones, with reduced speeds during peak periods and higher speeds

during off-peak hours. These settings are applied consistently across all instances to ensure

comparability.

• Group b consists of 24 instances of small, medium and large sizes. These instances between

16 and 96 requests, with the number of vehicles varying from 2 to 8. Each vehicle has a

capacity of C = 6, and the maximum ride time for each request is Li = 45. The demand di

is randomly drawn from a uniform distribution over the set {1, ..., C}, with the service time

si set equal to di for each request. In addition, the time window tightening approach and the

speed profiles are the same as those used in Group a.

• Each of the groups AA, BB, CC, and DD consists of 14 instances, with the number of requests

ranging from 10 to 75 in increments of 5. A single vehicle is deployed in each instance. Group

AA features narrow time windows and small vehicle capacity, Group BB has narrow time

windows and large vehicle capacity, Group CC includes wide time windows and small vehicle

capacity, and Group DD is characterized by wide time windows and large vehicle capacity.

Instances are classified as small-sized (10–30 requests), medium-sized (35–55 requests), or

large-sized (60–75 requests).

• Group Extend consists of 16 large-sized instances. These instances are created by modifying

the instances in Groups CC and DD, which contain 40 to 75 requests, by delaying pickup

and delivery nodes li values by 60 units. This modification expands the time windows by

50%, thereby increasing the problem’s complexity.

5.2. Parameter Settings

We adopt the parameter configuration method described in Ropke and Pisinger (2006). Initially,

parameter values are determined through empirical estimation. During the fine-tuning process, one

parameter is varied across multiple values while the others remain fixed. We selected all instances

with no more than 24 requests from Groups a and b, all instances with no more than 30 requests

from Groups AA, BB, CC, and DD, and all instances with no more than 50 requests from Group

Extend. For each configuration, the algorithm was run five times independently on these selected

instances, and the parameter setting yielding the best average performance was adopted in the

subsequent experiments. Table 2 summarizes the final parameter settings of FT-ALNS, where N
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represents the total number of requests. Specifically, we set itermax = 300 for the instances in

Group Extend, and itermax = 100 for the remaining instances.

Table 2
The values of relevant parameters in FT-ALNS

Parameter Description Value
α Weight factor in Shaw removal 0.25
β Weight factor in Shaw removal 0.25
φ Weight factor in Shaw removal 0.5
q The number of removed requests 0.5×N
ρ The initial weight of each operator 1
ω1 Score increment 0.5
ω2 Score increment 0.3
ω3 Score increment 0.2
λ Weight factor in the adaptive mechanism 0.5
T θ The initial temperature 1000
c Cooling rate 0.95

itermax Maximum number of iterations 100, 300

5.3. Performance Comparison of FT-ALNS and CPLEX Solver

In this section, we present a comparative analysis of the results obtained by our FT-ALNS

algorithm and those produced by CPLEX for problems P1 and P2, using instances from Groups a

and b. Since the algorithm proposed in Zhao et al. (2022) outperforms CPLEX in solving P3, we

provide performance comparisons with this algorithm in the following section. The detailed results

comparing FT-ALNS and CPLEX for problems P1 and P2 are summarized in Tables 3 and 4.

Columns Obj and LB report the best objective value and lower bound obtained by CPLEX within

a 10-hour time limit. If Obj matches LB, the solution is considered optimal, and the corresponding

objective value is marked with an asterisk. To evaluate the performance of our FT-ALNS algorithm,

we conducted ten runs on each instance. Columns Best and Avg show the best and average objective

values, while Time (s) indicates the average computation time. For readability, computation times

are rounded to integers. The relative gap, shown in Gap, is calculated as (Best - Obj)/Obj ×100%.

The best-found results are highlighted in bold.

As shown in Tables 3 and 4, CPLEX is only able to solve some small and medium-sized

instances. Note that Tables 3 and 4 are based on the same set of small and medium-sized benchmark

instances. However, the number of instances reported in Table 4 is smaller than that in Table 3.

This is because the two problem variants consider different optimization objectives: P1 minimizes

the total traveling cost, whereas P2 minimizes the total route duration. The latter objective leads to

a more computationally challenging model, and as a result, CPLEX fails to find feasible solutions for

several instances of P2 within the imposed time limit. These instances are therefore excluded from

Table 4. For larger instances, the solver fails to provide any feasible solution within the time limit of

36000 seconds. In contrast, our FT-ALNS algorithm produces high-quality solutions in a relatively
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short time. For problem P1, FT-ALNS obtains the best-found solutions over all 19 instances, with

8 instances outperforming CPLEX by an average gap of -1.17%. When comparing average solution

values, FT-ALNS yields identical results to CPLEX on 2 instances and outperforms CPLEX on 5

instances, with an average gap of -1.28% over these instances. For problem P2, FT-ALNS achieves

the best-found solutions on 13 instances, with 5 instances exceeding CPLEX’s results, yielding

an average gap of -6.53%. In terms of average solution quality, FT-ALNS matches CPLEX on 6

instances and produces better solutions on 5 instances, with an average gap of -6.28% on those

instances. In summary, our FT-ALNS algorithm significantly outperforms the CPLEX solver in

both solution quality and computational time.

Table 3
Comparison of CPLEX and FT-ALNS for solving problem P1: small and medium instances

Instance
CPLEX FT-ALNS

GapObj LB Time (s) Best Avg Time (s)

a2-16 277.53∗ 277.53 83 277.53∗ 277.55 12 -
a2-20 328.55∗ 328.55 163 328.55∗ 329.08 17 -
a2-24 396.34∗ 396.34 895 396.34∗ 397.04 27 -
a3-18 272.87∗ 272.87 1,674 272.87∗ 273.52 9 -
a3-24 327.06 298.26 36,000 322.51 324.19 17 -1.39%
a3-30 459.33 398.92 36,000 458.62 462.51 27 -0.15%
a3-36 496.70 427.89 36,000 494.46 499.39 39 -0.45%
a4-16 260.57 225.86 36,000 255.36 255.51 8 -2.00%
a4-24 353.20 281.42 36,000 352.69 353.98 13 -0.14%
b2-16 282.40∗ 282.40 167 282.40∗ 282.44 12 -
b2-20 324.12∗ 324.12 57 324.12∗ 324.12 14 -
b2-24 434.00∗ 434.00 2,392 434.00∗ 434.07 22 -
b3-18 294.37∗ 294.37 10,468 294.37∗ 294.82 8 -
b3-24 368.40 337.31 36,000 368.40 368.40 13 -
b3-30 507.99 432.50 36,000 504.01 505.94 20 -0.78%
b3-36 583.54 479.21 36,000 583.54 585.91 27 -
b4-16 286.91∗ 286.91 7,986 286.91∗ 287.07 4 -
b4-24 357.50 296.78 36,000 356.10 356.79 10 -0.39%
b4-32 516.65 375.81 36,000 495.78 501.35 17 -4.04%

Table 4
Comparison of CPLEX and FT-ALNS for solving problem P2: small and medium instances

Instance
CPLEX FT-ALNS

GapObj LB Time (s) Best Avg Time (s)

a2-16 402.19∗ 402.19 363 402.19∗ 402.19 77 -
a2-20 462.40∗ 462.40 600 462.40∗ 462.40 178 -
a2-24 525.29∗ 525.29 674 525.29∗ 525.29 311 -
a3-18 328.67 211.19 36,000 322.74 323.15 98 -1.80%
a3-24 479.36 186.74 36,000 463.85 464.09 216 -3.23%
a4-16 241.01 -48.70 36,000 241.01 241.17 56 -
a4-24 509.94 -581.53 36,000 385.25 388.36 187 -24.45%
b2-16 533.93∗ 533.93 261 533.93∗ 533.93 68 -
b2-20 603.23∗ 603.23 297 603.23∗ 603.23 89 -
b2-24 769.62∗ 769.62 5,619 769.62∗ 769.62 202 -
b3-18 391.22 213.44 36,000 394.16 394.16 75 0.75%
b3-24 585.93 370.32 36,000 585.93 586.36 144 -
b4-16 317.97 63.80 36,000 317.64 317.70 35 -0.10%
b4-32 721.83 18.85 36,000 699.92 702.88 266 -3.04%

Table 5 summarizes the experimental results of FT-ALNS on medium and large sized instances.
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We observe that computational time increases as the number of requests and vehicles grows. In

addition, the group of instances a, characterized by shorter ride times, are more challenging to solve

due to the difficulty of satisfying the maximum ride time constraints. The best-found solutions

reported in Table 5 can serve as benchmarks for future studies.

Table 5
Results of problem P1 for the remaining medium and large instances solved by FT-ALNS

Instance
FT-ALNS

Instance
FT-ALNS

Best Avg Time (s) Best Avg Time (s)

a4-32 457.04 460.41 24 b4-32 495.78 501.35 17
a4-40 529.53 540.21 35 b4-40 647.58 650.17 28
a4-48 636.33 642.79 58 b4-48 652.30 659.99 46
a5-40 491.44 495.21 38 b5-40 607.25 613.01 26
a5-50 640.22 647.83 57 b5-50 736.84 742.22 34
a5-60 761.71 777.75 74 b5-60 888.67 899.85 54
a6-48 597.43 608.41 52 b6-48 706.52 713.78 28
a6-60 758.15 776.89 73 b6-60 851.18 864.81 45
a6-72 875.18 887.94 108 b6-72 978.76 986.79 78
a7-56 702.86 716.76 61 b7-56 822.85 829.79 36
a7-70 843.99 853.22 99 b7-70 906.19 915.91 60
a7-84 1,009.22 1,028.44 147 b7-84 1,197.27 1,218.42 95
a8-64 716.19 729.20 85 b8-64 825.46 840.42 49
a8-80 914.95 927.79 136 b8-80 1,040.42 1,051.89 71
a8-96 1,152.94 1,177.82 240 b8-96 1,185.08 1,205.49 125

To further examine the impact of distinct optimization objectives, Table 6 reports a quanti-

tative comparison of the optimal solutions obtained under P1 and P2 for several representative

instances. As shown in the table, for the same instance, the solution optimized for distance (P1)

and that optimized for duration (P2) exhibit pronounced differences not only in distance-based

cost but also in total route duration. In particular, minimizing distance does not necessarily yield

short route durations, while solutions optimized for duration may incur significantly higher travel

distance. This comparison demonstrates that distinct objectives yield markedly different solu-

tion characteristics and operational trade-offs, reinforcing the flexibility of the proposed FT-ALNS

algorithm in handling diverse optimization goals.

Table 6
Comparison of distance-based cost and route duration under P1 and P2

Instance
P1 P2

Distance-based cost Route duration Distance-based cost Route duration
a2-16 277.53 960 356.56 402.19
a2-20 328.55 1200 396.29 462.40
a2-24 396.34 1440 470.49 525.29
b2-16 282.40 960 342.63 533.93
b2-20 324.12 1200 374.30 603.23
b2-24 434.00 1440 502.15 769.62
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5.4. Performance Comparison of FT-ALNS and the State-of-the-Art Algorithm

To evaluate our FT-ALNS algorithm for problem P3, we compare it against the adaptive large

neighborhood search with local search (ALNS-LS) algorithm proposed by Zhao et al. (2022), using

instances from Groups AA, BB, CC and DD. Tables 7 through 9 present the comparative results

for small, medium, and large instances. Column NR shows the number of served requests. The

relative gap, displayed in Gap, is calculated as (Best (FT-ALNS) - Best (ALNS-LS))/Best (ALNS-

LS) ×100%.

From Table 7, we observe that our FT-ALNS algorithm matches the best solutions for 19 out

of 20 small instances and improves the best solution for instance BB10, resulting in an average

gap of 1.10% on best solutions. When average solution values are considered, FT-ALNS attains

an average gap of 0.71%. Table 8 reports the results on medium instances. In terms of best

solutions, FT-ALNS yields identical results for 11 instances, better results for 4 instances, and

worse results for 5 instances, with an average gap of 0.07%. For average solutions, the comparison

leads to an average gap of -3.66%, indicating a slight disadvantage relative to ALNS-LS on these

instances. Finally, Table 9 summarizes the results for large instances. FT-ALNS produces better

best solutions on 12 instances and worse results on only 2 instances, yielding an average gap of

1.03% on best solutions. When average solution quality is considered, FT-ALNS attains an average

gap of -0.52%. The gaps for average solutions are computed analogously to those for best solutions,

based on the average objective values obtained by the two methods.

Table 7
Comparative results of problem P3 for the small instances between ALNS-LS and FT-ALNS

Instance
ALNS-LS (Zhao et al., 2022) FT-ALNS

GapBest NR Avg Time (s) Best NR Avg Time (s)

AA10 26.89 2 26.89 < 1 26.89 2 26.89 1 -
BB10 32.62 3 32.62 < 1 39.78 3 39.78 < 1 21.95%
CC10 30.47 2 30.47 < 1 30.47 2 30.47 < 1 -
DD10 54.05 3 54.05 < 1 54.05 3 54.05 1 -
AA15 40.56 4 40.56 < 1 40.56 4 38.94 2 -
BB15 35.62 4 35.62 < 1 35.62 4 35.62 3 -
CC15 94.08 5 94.08 < 1 94.08 5 94.08 6 -
DD15 55.07 3 55.07 < 1 55.07 3 55.07 2 -
AA20 89.33 6 60.86 < 1 89.33 6 87.47 15 -
BB20 143.04 11 143.04 < 1 143.04 11 140.36 23 -
CC20 94.71 6 94.71 3 94.71 6 87.66 12 -
DD20 209.70 16 209.70 3 209.70 16 206.45 28 -
AA25 227.10 13 227.10 2 227.10 14 206.67 37 -
BB25 172.32 13 172.32 2 172.32 13 141.85 26 -
CC25 266.45 18 227.10 3 266.45 18 246.88 39 -
DD25 296.34 18 296.34 5 296.34 18 282.92 84 -
AA30 285.38 16 285.38 2 285.38 16 253.15 31 -
BB30 304.63 21 304.63 3 304.63 21 299.76 55 -
CC30 318.83 19 318.83 7 318.83 19 318.83 51 -
DD30 386.88 21 386.88 13 386.88 21 382.00 74 -

Due to differences in experimental environments, we do not attempt to compare the computa-

tion times reported in Zhao et al. (2022). However, since the source code of ALNS-LS is available,

we run it on our computational platform using the instances from Group Extend. Following Zhao
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Table 8
Comparative results of problem P3 for the medium instances between ALNS-LS and FT-
ALNS

Instance
ALNS-LS (Zhao et al., 2022) FT-ALNS

GapBest NR Avg Time (s) Best NR Avg Time (s)

AA35 314.90 20 314.90 9 314.90 20 257.62 37 -
BB35 370.26 22 370.26 11 370.26 22 351.69 60 -
CC35 410.70 23 410.70 17 410.70 23 407.28 83 -
DD35 436.81 24 436.81 28 436.00 24 406.51 114 -0.19%
AA40 371.25 22 371.25 24 371.25 22 363.75 67 -
BB40 356.02 22 356.02 48 356.02 22 347.13 61 -
CC40 476.93 24 476.93 97 476.93 24 451.28 143 -
DD40 503.47 24 502.18 128 502.69 24 473.66 131 -0.15%
AA45 391.08 19 391.08 39 391.08 19 386.17 78 -
BB45 371.63 21 371.63 55 371.63 21 362.88 68 -
CC45 481.22 23 480.15 126 478.29 24 467.44 137 -0.61%
DD45 551.50 25 544.67 178 551.50 26 516.49 153 -
AA50 468.56 23 468.56 55 468.56 23 467.96 120 -
BB50 474.13 23 474.13 68 474.26 23 457.40 145 0.03%
CC50 564.15 26 564.15 189 562.91 26 546.26 174 -0.22%
DD50 697.66 29 686.72 279 704.54 29 663.65 275 0.99%
AA55 596.10 28 587.79 98 598.05 25 573.81 228 0.33%
BB55 704.70 30 697.19 143 704.70 30 691.20 431 -
CC55 667.26 29 645.32 233 665.86 29 638.89 334 -0.21%
DD55 727.01 29 711.35 389 737.01 29 706.07 292 1.38%

Table 9
Comparative results of problem P3 for the large instances between ALNS-LS and FT-ALNS

Instance
ALNS-LS (Zhao et al., 2022) FT-ALNS

GapBest NR Avg Time (s) Best NR Avg Time (s)

AA60 463.22 23 463.22 179 464.80 23 457.32 101 0.34%
BB60 582.53 28 579.18 112 604.16 28 570.90 188 3.71%
CC60 692.22 29 677.25 290 698.62 29 665.99 378 0.92%
DD60 781.72 31 771.39 419 812.95 33 767.70 420 4.00%
AA65 745.26 33 729.97 225 751.60 31 716.72 352 0.85%
BB65 655.24 28 640.49 280 657.30 29 642.55 288 0.32%
CC65 725.44 31 710.16 330 714.32 32 684.56 394 -1.53%
DD65 788.84 33 782.09 506 788.84 31 759.92 512 -
AA70 686.43 29 660.27 332 705.95 28 664.79 283 2.84%
BB70 670.48 30 655.22 501 670.48 30 654.71 290 -
CC70 761.11 32 739.17 498 754.61 32 736.36 406 -0.85%
DD70 812.25 31 772.31 889 815.00 32 785.05 378 0.34%
AA75 768.34 31 751.12 551 771.89 31 756.38 358 0.46%
BB75 751.33 32 726.04 570 753.07 32 716.83 427 0.23%
CC75 819.75 33 798.20 668 848.36 34 820.96 491 3.49%
DD75 911.40 33 864.66 1,471 923.81 35 867.36 444 1.36%
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et al. (2022), we execute ALNS-LS with 10 different random seeds, recording the best objective

value, the number of served requests, the average objective value, and the average computation

time. The comparative results of ALNS-LS and FT-ALNS algorithm are presented in Table 10.

As shown in Table 10, FT-ALNS algorithm performs exceptionally well on 16 instances from

Group Extend. Specifically, FT-ALNS obtains the best-found solutions for 12 instances, with

an average gap of 0.09% across all instances. When average solution values are considered, FT-

ALNS yields an average gap of -1.12%. Although the algorithm by Zhao et al. (2022) shows

slightly better average results on some instances, this difference can be attributed to the design of

FT-ALNS, which prioritizes intensification and computational efficiency. Consequently, while FT-

ALNS achieves highly competitive best solutions, it may exhibit slightly higher variability across

runs. As shown in Figure 7, FT-ALNS significantly reduces computation time compared to ALNS-

LS, with the advantage becoming more pronounced as the instance size increases. On average,

FT-ALNS offers a speedup factor of 8.59 over ALNS-LS, with a maximum speedup of 17.85.

Table 10
Comparative results of problem P3 for the extended instances between ALNS-LS and FT-
ALNS

Instance
ALNS-LS (Zhao et al., 2022) FT-ALNS

GapBest NR Avg Time (s) Best NR Avg Time (s)

M40C 500.55 24 498.05 2,856 501.60 25 492.48 755 0.21%
M40D 545.98 25 533.01 2,425 545.98 25 530.13 720 -
M45C 529.74 26 519.66 3,456 529.74 26 520.97 785 -
M45D 586.21 28 573.16 2,903 587.57 28 560.20 736 0.23%
M50C 610.07 27 602.25 4,628 611.22 27 602.37 1,023 0.19%
M50D 725.11 29 703.16 5,218 725.06 29 700.29 923 -0.01%
M55C 694.63 29 682.66 10,122 696.83 29 678.80 1,658 0.32%
M55D 800.63 31 791.07 11,029 794.61 31 767.00 1,381 -0.75%
M60C 772.19 32 749.52 22,477 772.77 32 729.86 1,259 0.08%
M60D 861.93 33 840.24 15,021 857.23 32 841.89 1,876 -0.55%
M65C 789.83 32 779.29 15,691 790.78 32 757.89 1,889 0.12%
M65D 883.44 33 864.75 25,523 872.33 32 852.61 2,528 -1.26%
M70C 807.87 33 799.79 20,207 815.78 33 795.65 1,827 0.98%
M70D 851.27 32 840.34 29,775 851.27 32 825.83 1,694 -
M75C 874.79 34 867.36 37,643 889.15 34 860.81 2,728 1.64%
M75D 984.97 36 972.86 26,308 986.83 36 966.91 2,398 0.19%

5.5. Evaluation of Feasibility Test Effectiveness

To further evaluate the effectiveness of our proposed feasibility test approach, we embed the

feasibility test of Zhao et al. (2022) into our ALNS framework, resulting in a variant referred to as

FT-ALNS(Zhao). We then compare it against our proposed FT-ALNS algorithm under identical

experimental conditions. A total of 16 benchmark instances are selected from Groups AA, BB, CC,

DD, and Extend, ensuring that each group and problem scale (with the number of requests ranging

from 10 to 75 in increments of 5) is represented. Each instance was solved independently 10 times,

and both the best and average results are reported. The computational results are summarized in

Table 11. The column Gap shows the relative improvement of FT-ALNS over FT-ALNS(Zhao),

computed as (Best (FT-ALNS) - Best (FT-ALNS (Zhao)))/Best (FT-ALNS (Zhao)) ×100%.
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Figure 7. Computation times of ALNS-LS and FT-ALNS on extended instances

From the results, it can be observed that FT-ALNS attains the best solutions in 15 out of

16 instances, outperforming FT-ALNS (Zhao) on 8 instances, matching it on 7, and yielding a

slightly inferior solution on only one. The average gap is 0.78% in favor of FT-ALNS. Regarding

average solution quality, FT-ALNS also demonstrates a competitive advantage. Specifically, FT-

ALNS yields better average solutions on 8 instances, inferior average solutions on 6 instances, and

identical average solutions on the remaining 2 instances when compared with FT-ALNS (Zhao).

The resulting average gap over all instances is 0.19%, computed analogously based on the average

solution values of the two methods. The differences observed in the best and average solution values

can be attributed to the fact that different feasibility tests induce slightly different feasible regions,

which in turn affect the set of solutions explored during the search. A more accurate feasibility test

enables the algorithm to explore a broader solution space. In terms of computation time, FT-ALNS

demonstrates a substantial efficiency advantage, achieving an average speedup factor of 30 and a

maximum of 64 over FT-ALNS (Zhao). This remarkable improvement highlights the efficiency

of the proposed feasibility test. Overall, these results confirm that the proposed feasibility test

approach not only maintains high-quality solutions but also enables significantly faster evaluations

within the ALNS framework, thereby enhancing the algorithm’s overall performance and scalability

for large-scale TD-DARP instances.

6. Conclusion

The time-dependent dial-a-ride problem extends the classical dial-a-ride problem by incorpo-

rating travel times that vary based on the vehicle’s departure time. This NP-hard problem has

numerous practical applications, including door-to-door transportation services for patients and

the elderly, as well as solving last-mile delivery challenges. In this paper, we study three variants
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Table 11
Comparative results of FT-ALNS with different feasibility test approaches

Instance
FT-ALNS (Zhao) FT-ALNS

GapBest NR Avg Time (s) Best NR Avg Time (s)

AA10 26.89 2 26.89 6 26.89 2 26.89 1 -
BB15 35.62 4 35.62 52 35.62 4 35.62 3 -
CC20 94.71 6 94.71 170 94.71 6 87.66 12 -
DD25 292.65 18 278.39 644 296.34 18 282.92 84 1.26%
AA30 285.38 16 257.23 644 285.38 16 253.15 31 -
BB35 370.26 22 345.91 1,214 370.26 22 351.69 60 -
CC40 476.93 24 450.45 1,672 476.93 24 451.28 143 -
DD45 537.74 25 494.96 6,605 551.50 26 516.49 153 2.56%
AA50 468.56 23 468.31 4,449 468.56 23 467.96 120 -
BB55 699.40 30 670.08 9,100 704.70 30 691.20 431 0.76%
CC60 702.65 28 689.06 16,666 698.62 29 665.99 378 -0.57%
DD65 775.06 31 759.57 30,837 788.84 31 759.92 512 1.78%
AA70 682.24 28 633.88 18,129 705.95 28 664.79 283 3.48%
BB75 751.02 30 719.71 26,950 753.07 32 716.83 427 0.27%
M75C 871.21 34 856.51 50,616 889.15 34 860.81 2,728 2.06%
M75D 978.92 35 971.48 78,966 986.83 36 966.91 2,398 0.81%

of TD-DARP and develop a general mathematical model that accommodates different objectives

and characteristics. More importantly, we propose a novel feasibility test approach with linear time

complexity to efficiently evaluate the feasibility of a given TD-DARP route. We then introduce

a feasibility-driven adaptive large neighborhood search (FT-ALNS) algorithm to solve the three

TD-DARP variants. Our approach outperforms both the CPLEX solver and the state-of-the-art

TD-DARP heuristic in terms of solution quality and computational efficiency.

In future work, we intend to introduce electric vehicles into the TD-DARP framework. Unlike

traditional fuel vehicles, electric vehicles have a limited range that requires careful management

of their charging behavior during the service process. This limitation can significantly affect both

the service order and the service time. Future research will focus on exploring this challenge and

developing enhanced feasibility test approaches and metaheuristics to effectively address it.
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