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Multi-Trailer Drop-and-Pull Container Drayage
Problem

Ruiyou Zhang , Member, IEEE, Decheng Wang, and Junwei Wang

Abstract— This paper presents a so-called multi-trailer drop-
and-pull container drayage (MTDPCD) problem. The MTDPCD
problem allows a tractor to carry multiple trailers and a tractor
can leave the customer while the container is being packed /
unpacked. This mode has been applied in real life and shown its
great potential to improve transportation efficiency but not been
reported in literature. We model the MTDPCD problem based on
node decomposition as a nonlinear program and then linearize
it. A backtracking adaptive threshold accepting algorithm is
proposed to solve the problem. A named 3-vector procedure
is designed to calculate the number of trailers and to check
feasibility of solutions. A decoding algorithm including three
stages is presented to adjust starting times of trucks given
sequences of drayage orders. Experiments based on randomly
generated instances validate the aforementioned methodology and
indicate that pulling 2 trailers can save about 30% of operating
costs than pulling 1 trailer.

Index Terms— Container drayage, drop-and-pull mode, back-
tracking adaptive threshold accepting algorithm, multi-trailer
mode, integrated scheduling.

I. INTRODUCTION

CONTAINER drayage services are the pre- and end-
haulage of container transportation in globalized

container transportation (refer to, e.g., [1]). This section of
transportation among shippers / receivers and terminals /
depots in a local area is usually carried out by truck. Drayage is
usually unavoidable in the whole chain of container transporta-
tion since it can provide door-to-door services while the other
sections of transportation (i.e., the long-distance transportation
by vessel or by train) usually cannot. The transportation
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cost per container in drayage is relatively high although the
transportation distance is relatively short. It was reported that
container drayage accounts for 25% to 40% of transportation
costs in the whole chain of container transportation [2].
Container drayage is also a major source of shipment delays,
road congestions, and greenhouse gas emissions [3].

Drop-and-pull (D&P) is an important operation mode in
container drayage when the packing / unpacking time accounts
for a large portion of transport services [1] and has begun to
attract attentions from academic fields [4]. Typically, a truck
consists of a motorized tractor, and a non-motorized trailer
used to load containers. In the D&P mode, when a truck
delivers a container to a customer, the tractor may drop off
the trailer and leave the customer. When the container packing
/ unpacking is finished, the same or another tractor comes to
pull the trailer and the container. As a contrast, in the so-
called stay-with mode, the tractor must stay with the trailer
(as the well-known truck) when packing / unpacking the
container. As a contrast, the D&P mode can significantly
reduce drayage costs, especially when the packing / unpacking
time is relatively long.

Pulling multiple trailers is another option to reduce drayage
costs [5]. By using certain coupling devices, trailers (including
semi-trailers) can be easily detached from or coupled with a
tractor or another trailer. The time for dropping off or pulling
up trailers is thus negligible. Such multi-trailer trucks have
been successfully applied in many countries including Aus-
tralia, Brazil, Canada, Finland, Sweden and the United States
of America [6]. Especially, a Road Train vehicle in Australia
permits a tractor to drag three trailers. Although dozens of
articles related to container drayage services exist (refer to,
e.g., [7] and [8]), the articles that focus on the D&P mode
are very rare (see Section II for details). To the best of our
knowledge, the multi-trailer D&P drayage of containers has
not been reported publicly.

Handling a multi-trailer D&P container drayage (MTDPCD)
problem involves great challenges. Firstly, compared to a
single-trailer problem (e.g., [1] and [9]), multi-trailer problems
bring combinatorial trailers into the scheduling and routing.
Trailers in the MTDPCD problem can be of variant types: a
trailer with an inbound loaded container (for short, an inbound
loaded trailer), a trailer with an outbound loaded container
(say an outbound loaded trailer), or a trailer with an empty
container (say an empty trailer). Different types of trailers
result in different handling activities. The handling of trailers
with the scheduling and routing of trucks makes the problem
much complicated in the viewpoints of both modeling and
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solving. Furthermore, the tractor can pull multiple types of
trailers at a time, and the maximum number of pulled trailers
is restricted. This makes it difficult to determine the exact
number of different trailer types to make transport routes
feasible and efficient. Secondly, the container drayage problem
has an inborn characteristic that handling the loaded containers
and the implicitly required movement of empty containers
must be considered simultaneously, which also distinguishes
drayage from other sections of container transportation [7].

Fig. 1 presents an example to illustrate the challenges.
In the single-trailer D&P mode, the number and type of
trailers pulled by a tractor can be easily determined according
to the requirement of the next customer to be visited, see
Fig. 1(a). However, in the multi-trailer D&P mode, even if
all the customers to be visited are considered, the number and
type of trailers are still difficult to be determined. Fig. 1(b) tries
to list three possible transport plans regarding this example.
First, if a tractor takes one inbound loaded trailer and no empty
trailer when leaving the depot, Customer 5 who needs an
empty container cannot be satisfied because the tractor carries
no empty containers when leaving Customer 4 for Customer
5. Second, if a tractor takes one inbound loaded trailer and
two or more empty trailers when leaving the depot, the trailer
number becomes infeasible because Customers 1 and 3 need
to send out one empty container and one loaded container,
respectively. Notably, some empty trailers are taken out of the
depot but might be finally delivered back. This wastes transport
resources greatly. At last, the transport plan is always feasible
if a tractor takes one inbound loaded trailer and one empty
trailer when leaving the depot. Clearly, given the combinatorial
feature, the abovementioned trial method cannot be applied to
practical drayage problems.

This paper presents, models and solves a MTDPCD prob-
lem. Two types of orders as inbound orders and outbound
orders are considered. In an inbound order, a container with
freight located at the depot needs to be delivered to its receiver
and the emptied container needs to be collected (back to the
depot or to another alternative place for shipping freight). As a
contrast, in an outbound order, an empty container needs to be
delivered to the shipper and the container with freight needs
to be collected back to the depot. For each order, delivering a
container has to be done before collecting the container. More
importantly, the two handlings can be carried out by different
tractors, making the routes coupled heavily. This differs greatly
from the D&P research of [10]. The optimizing criterion is to
minimize the total working time of all involved trucks, which
is also used in existing articles such as [11].

The contributions of this research are as follows. Firstly,
a MTDPCD problem is formally defined and modeled as
a mixed integer nonlinear programming model based on a
directed graph. The nonlinear model is further linearized in
order to decrease its solving difficulty. Secondly, a backtrack-
ing adaptive threshold accepting (BATA) algorithm including
an initial solution, three operators to update the solutions,
a named 3-vector procedure to check the feasibility of solu-
tions, and a decoding algorithm to calculate the objective
values, is designed to solve the MTDPCD problem, because
solving speed of the linearized model is still not acceptable

for large-sized instances. Thirdly, the aforementioned solution
methods are validated and compared to the single-trailer mode
and the stay-with mode based on benchmark and randomly
generated instances. Impacts of key factors are also analyzed
with several managerial insights presented.

The remainder of this paper is organized as follows.
Section II reviews two streams of literature. Section III defines
and graphically formulates the MTDPCD problem. A nonlin-
ear programming model is built in Section IV. Section V then
linearizes the model. Section VI presents the BATA algorithm.
Section VII validates and evaluates the solution methods.
Finally, Section VIII concludes this paper.

II. LITERATURE REVIEW

Container drayage problem has been researched relatively
extensively in the last two decades. Generally, drayage orders
can be well defined or flexibly defined [12]; the depots for
parking trucks and stacking containers may, or may not, be the
same locations as the terminals where the transportation means
change [9]; the logistic information may be static or dynamic
in the scheduling horizon [13]–[16]; the optimizing criteria
may be minimization of total working time, or minimization
of the number of involved trucks [1]. For example, Escudero
et al. [15] studied a dynamic version of drayage problem,
and proposed an approach based on the real-time information
about positions. Zhang et al. [14] studied a container drayage
problem with flexible orders and updatable information, and
modeled it based on a determined-activities-on-vertex (DAOV)
graph. Escudero et al. [16] applied a novel bio-inspired
approach to the drayage problem.

We cannot survey all literature on drayage here because of
the limited space but focus on the D&P mode (Section II.II-A)
and the one-truck-multi-container scenario (Section II.II-B).

A. The Drop-and-Pull Mode

The D&P mode, which involves trailers and trucks (or
tractors), exists not only in drayage but also in general vehicle
routing problems (VRPs). For instance, Chao [17] presented a
so-called truck and trailer routing (TTR) problem considering
customers that can be served either by a (normal) truck or a
truck with a trailer (i.e., a long truck), and customers that can
only be served by a truck. Tan et al. [18] studied a TTR prob-
lem minimizing both the total route distances and the number
of trucks. Lin et al. [19] tested the effects when the number
of trucks and trailers are relaxed. Lin et al. [20] extended the
TTR problem by introducing time window constraints. Parragh
and Cordeau [21] solved a similar TTR problem with time
windows using a branch-and-price algorithm and an adaptive
large neighborhood search heuristic. In some problems, certain
locations for dropping / pulling trailers or transshipping freight
between trucks and trailers are considered and called satellite
depots [22], [23]. Belenguer et al. [24] formulated a single
TTR problem with satellite depots as an integer programming
model. Focusing on the order constraint of dropping and
pulling, Drexl [25] presented a classification of different types
of synchronization constraints.
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Fig. 1. Container transportation of different drayage modes.

Very few articles researched the container drayage problem
with D&P mode. One, but not all, difference between the
container drayage and VRPs is that the container drayage
problem is usually full truck loaded. Meisel and Kopfer [4]
addressed a synchronized transport routing problem of active
(tractor) and passive (trailer) means with limited resources
minimizing a weighted summation of the total traveled dis-
tance, the total finishing time of vehicles, and the number of
canceled requests. Tilk et al. [26] solved the same problem
as [4] using a branch-and-price-and-cut algorithm. Xue et al.
[1] formulated a container drayage problem with the D&P
mode minimizing a weighted summation of fixed costs and
traveling time-related costs. Xue et al. [27] studied a similar
problem introducing a penalty cost of waiting time. Similar
problems have also been solved by combinatorial benders’ cuts
algorithm [28]. Quite recently, Song et al. [10] formulated a
container drayage problem under the D&P mode based on a
DAOV graph. They assumed the dropping and pulling of each
request were carried out by exactly the same tractor, which
makes the routes independent of each other. We consider
a general situation where each request may be served by
different tractors.

Daham et al. [29] investigated the pairing of containers
in drayage transportation, and formulated it as an assign-
ment mixed integer linear programming model. Containers
are allowed to be unloaded from the truck at the customer
locations, which can be regarded as a special version of the
D&P mode. However, in this scenario, the loading / unloading
time of containers is long, and is hence not negligible, which
differs from the D&P mode of this paper.

B. The One-Truck-Multi-Container Scenario

The scenario that a truck can carry multiple containers
seems a little similar to the multi-trailer scenario of this
research, at least at the first glance. Thus, we slightly extend
the survey range here. Although containers have different
sizes, 40ft and 20ft containers (in length) are most widely
used. In some articles addressing multi-size container drayage
problems, a truck can carry one 40ft container or up to two 20ft
containers. For example, Vidović et al. [30] formulated the
collection and distribution of containers as a multiple matching
problem. Schönberger et al. [31] modeled the transportation

of multi-size containers as a generalization of the pickup-and-
delivery problem with less-than-truckload requests. Popović
et al. [32] extended the problem by introducing time win-
dow constraints. Furthermore, Chung et al. [33] built several
mathematical models for container transportation considering
the implicitly required movement of empty containers, one of
which involves both 20ft and 40ft containers. Lai et al. [34]
addressed a similar container drayage problem but considering
heterogeneous trucks. Considering almost the same problem
as [34], Ghezelsoflu et al. [35] proposed a set-covering for-
mulation which outperforms the existing node-arc formulation.
Recently, Funke and Kopfer [36] studied a multi-size container
drayage problem with two alternative objective functions:
minimization of the total traveled distance and minimization
of the total operating time.

In summary, most existing articles addressing container
drayage services consider the stay-with mode. The few articles
considering the D&P mode assume that one tractor pulls
at most one trailer at a time. Even considering the simi-
larity between the D&P mode and the mode in which the
container is unloaded from the trailer at the customers, one
can easily find the significant differences between the multi-
size container drayage problem and the MTDPCD problem
[5] is the only article reporting that a truck can carry any
number of containers. However, they only formulated the
implementation of requests from customers actually, let alone
the D&P mode. Differently from all existing articles, we, in
this research, present a container drayage problem with the
D&P mode considering both the implementation of orders and
the implicitly required movements of empty containers, where
a tractor can carry any number of trailers theoretically.

III. PROBLEM DESCRIPTION AND A GRAPHICAL

FORMULATION

A. The MTDPCD Problem

A trucking company provides drayage services in a local
area. It possesses enough homogeneous tractors, trailers and
dry containers (see also [27] for a similar assumption) at a
depot. The tractors and trailers are operated in a so-called
multi-trailer D&P mode. That is, a tractor can drag up to
K (≥ 2) trailers. Tractors can travel with or without trailers.
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Trailers can be separated from tractors but cannot travel
without tractors. Each trailer can carry exactly one container.

Drayage services are classified into inbound and outbound
orders according to their directions. In an outbound order,
an empty container should be delivered to its shipper and then
the container with freight should be delivered to the depot.
In an inbound order, a container of freight located at the depot
should be delivered to its receiver and the emptied container
should be moved to the depot or to the shipper of an outbound
order (see, e.g., [1] and [37]).

We consider the MTDPCD problem in the perspective of
a trucking company. All information was given in advance
and remained static during a planning horizon [0, T]. A set
of inbound orders I and a set of outbound orders O need
to be accomplished within the planning horizon. Each order
corresponds to the transportation of a container (an inbound
order) or a container of freight (an outbound order). For each
order o ∈ I ∪O, the packing / unpacking time at its customer
is po. The traveling time of tractors, with or without trailers,
between any two locations i and j is t (i, j) (≥ 0). All tractors,
trailers and containers are located at the depot initially and
should return to the depot finally. When the freight is being
packed / unpacked, the tractor may leave the customer. When
the packing / unpacking is finished, the same or another tractor
comes back to pull away the trailer with the container. The
time for dropping off (or picking up) a trailer is negligible.

The MTDPCD problem seeks for scheduling the trucks to
complete the orders as well as the required transportation of
empty containers with minimum total working time of all
involved trucks. The working time is the elapsed time from
the instant the tractor leaves the depot to the time it returns.
Similar definition of optimizing criterion has been widely used,
e.g., by [11], [38]–[40].

B. Graphical Formulation Based on Order Decomposition

Any drayage order is decomposed into a Phase I suborder
and a Phase II suborder. For an inbound order o ∈ I , its Phase
I suborder is to deliver the loaded container to its receiver and
drop the trailer; and its Phase II suborder is to pick up the
emptied container at its receiver. Similarly, for an outbound
order o ∈ O, its Phase I suborder is to deliver an empty
container to its shipper and drop the trailer; and its Phase II
suborder is to pick up the loaded container at its shipper.

Now the MTDPCD problem can be formulated as a directed
graph G = (N, A), where N = I1 ∪ I2 ∪ O1 ∪ O2 ∪ {s}
is the node set of orders. In N , I1 and I2 are respectively
the node sets of Phase I and Phase II suborders of inbound
orders, and O1 and O2 are respectively the node sets of Phase
I and Phase II suborders of outbound orders. Node s is a
virtual order node corresponding to the initial start from and
final return to the depot. For any Phase I suborder node i ∈
I1 ∪ O1, δ (i) is the corresponding Phase II suborder node.
For any suborder node i ∈ N {s}, θ (i) is the corresponding
order. In G, A = {(i, j)| i ∈ N, j ∈ N, i �= j} ARV S is the arc
set, where ARV S = { (δ ( j) , j)| j ∈ I1 ∪ O1} is a set of such
infeasible arcs that transfer from a Phase II suborder node to
the corresponding Phase I suborder node.

Note that the location of node i ∈ I1 ∪ I2 is the receiver of
order θ (i). The location of node i ∈ O1 ∪ O2 is the shipper
of order θ (i). The location of node s is the depot. Remember
that a trailer always carries a container during the drayage
services. We thus discuss the number of containers rather than
the number of trailers that a tractor is dragging. Similarly,
we call a tractor as a truck hereafter when no confusion
is involved. There are three types of containers as inbound
loaded, outbound loaded, and empty containers. When an arc
(i, j) leaves a node i ∈ N\ {s}, the number of one type of
containers changes while the numbers of other two types of
containers remain. Specifically, for a node i ∈ I1, the number
of inbound loaded containers decreases by one. For a node
i ∈ I2, the number of empty containers increases by one. For
a node i ∈ O1, the number of empty containers decreases
by one. For a node i ∈ O2, the number of outbound loaded
containers increases by one.

IV. MIXED-INTEGER NONLINEAR PROGRAMMING MODEL

The following decision variables are introduced:
xi j : 1 if a tractor travels on an arc (i, j) ∈ A or 0 otherwise,
y I

i j : Number of inbound loaded containers on arc (i, j) ∈
A,

yO
i j : Number of outbound loaded containers on arc (i, j) ∈

A,
y E

i j : Number of empty containers on arc (i, j) ∈ A,
zi : Service starting time of node i ∈ N\ {s}.
We formulate the MTDPCD problem as the following

mixed-integer nonlinear programming model (Model NL):

min
�

i∈N\{s}
xis (zi + t (i, s))−

�
i∈N\{s}

xsi (zi − t (s, i)) (1)

s.t.
�

i∈−−→A−1( j )

xi j = 1,∀ j ∈ N\ {s} (2)

�
i∈−−→A−1( j )

xi j −
�

k∈←A
−1

( j )

x jk = 0,∀ j ∈ N\ {s} (3)

zi + t (i, j)− z j ≤ M
�
1− xi j

�
,

∀ (i, j) ∈ A, i �= s, j �= s (4)

zi + pθ(i) − zδ(i) ≤ 0,∀i ∈ I1 ∪ O1 (5)

y I
i j + y O

i j + y E
i j ≤ K xi j ,∀ (i, j) ∈ A (6)�

i∈−−→A−1( j )

y I
i j −

�
k∈←A

−1
( j )

y I
jk = 1,∀ j ∈ I1 (7)

�
i∈−−→A−1( j )

y I
i j −

�
k∈←A

−1
( j )

y I
jk = 0,∀ j ∈ N\I1\ {s} (8)

�
i∈−−→A−1( j )

y E
i j −

�
k∈←A

−1
( j )

y E
jk = −1,∀ j ∈ I2 (9)

�
i∈−−→A−1( j )

y E
i j −

�
k∈←A

−1
( j )

y E
jk = 1,∀ j ∈ O1 (10)

�
i∈−−→A−1( j )

y E
i j −

�
k∈←A

−1
( j )

y E
jk = 0,∀ j ∈ N\I2\O1\ {s} (11)
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�
i∈−−→A−1( j )

y O
i j −

�
k∈←A

−1
( j )

y O
jk = −1,∀ j ∈ O2 (12)

�
i∈−−→A−1( j )

y O
i j −

�
k∈←A

−1
( j )

y O
jk = 0,∀ j ∈ N\O2\ {s} (13)

t (s, i) ≤ zi ≤ T − t (i, s) ,∀i ∈ N\ {s} (14)

xi j ∈ {0, 1} ,∀ (i, j) ∈ A (15)

y I
i j ∈ {0, 1, · · · , K } , y O

i j ∈ {0, 1, · · · , K } ,
y E

i j ∈ {0, 1, · · · , K } ,∀ (i, j) ∈ A (16)

Function (1) minimizes the total working time of all
involved trucks, where

�
i∈N\{s} xis (zi + t (i, s)) summarizes

the time points when trucks return to the depot finally, and�
i∈N\{s} xsi (zi − t (s, i)) summarizes the time points when

trucks leave the depot initially.
Constraint (2) guarantees that each suborder node is vis-

ited exactly once. Here, the function
−−→
A−1 (·) is defined as−−→

A−1 ( j) = { i | (i, j) ∈ A}. Similarly, the function
←
A
−1

(·) is

defined as
←
A
−1

( j) = {k| ( j, k) ∈ A}. Constraint (3) makes the
out-degree of a suborder node equal to its in-degree. Constraint
(4) formulates the relationship between the service starting
times of two consecutive suborder nodes handled by a same
truck and also eliminates sub-tours among suborder nodes,
where M is a large enough constant. Constraint (5) imposes
the precedence constraints.

Constraints (6)-(13) formulate the number of containers
carried by a truck. Specifically, Constraint (6) indicates that if
a truck travels on an arc, it can carry at most K containers;
otherwise, no containers can be carried. Constraint (7) states
that after handling a node j ∈ I1, the number of inbound
loaded containers that the truck is carrying decreases by one.
Constraint (8) states that after handling a suborder node rather
than a node j ∈ I1, the number of inbound loaded containers
remains. Similarly, the number of empty containers increases
by one after handling a suborder node j ∈ I2 (Constraint
(9)), or decreases by one after handling a suborder node
j ∈ O1 (Constraint (10)), or remains after handling other types
of suborder nodes (Constraint (11)). The number of outbound
loaded containers increases by one after handling a suborder
node j ∈ O2 (Constraint (12)), or remains after handling other
types of suborder nodes (Constraint (13)).

Finally, considering the triangle inequality of traveling times
among three locations, the earliest service starting time of
one order cannot be earlier than t (s, i), and the latest service
starting time of one order cannot be later than T − t (i, s)
(Constraint (14)). Constraints (15) and (16) define the domains
of decision variables.

V. MODEL LINEARIZATION

Model NL is nonlinear because Function (1) is nonlinear.
We linearize it in this section because it is hard to solve.
Function (1) can be replaced by

min
�

i∈N\{s}
τ RT N

i −
�

i∈N\{s}
τ ST T

i (17)

s.t.τ RT N
i ≥ T (xis − 1)+ zi + t (i, s) ∀i ∈ N\ {s} (18)

τ ST T
i ≤ T xsi ,∀i ∈ N\ {s} (19)

τ ST T
i ≤ T (1− xsi )+ zi − t (s, i) ,∀i ∈ N\ {s} (20)

0 ≤ τ RT N
i ≤ T,∀i ∈ N\ {s} (21)

0 ≤ τ ST T
i ≤ T,∀i ∈ N\ {s} (22)

In Formulation (17)-(22), τ RT N
i and τ ST T

i are two decision
variables defined as:

τ RT N
i is the time when a truck returns to the depot after

handling node i ∈ N\ {s}.
τ ST T

i is the time when a truck starts from the depot before
handling node i ∈ N\ {s}.

If xis = 1, Constraint (18) becomes τ RT N
i ≥ zi+t (i, s); the

minimization of Function (17) forces τ RT N
i to be zi + t (i, s).

If xis= 0, Constraint (18) becomes τ RT N
i ≥ −T + zi + t (i, s).

According to the right side of Constraint (14), we have −T +
zi+t (i, s) ≤ 0 and hence Constraint (18) is relaxed. The range
of τ RT N

i (Constraint (21)) and the minimization of Function
(17) force τ RT N

i to be zero.
If xsi = 1, Constraint (19) becomes τ ST T

i ≤ T and is hence
relaxed. Constraint (20) becomes τ ST T

i ≤ zi−t (s, i); Function
(17) forces τ ST T

i to be zi − t (s, i). If xsi = 0, Constraint (20)
becomes τ ST T

i ≤ T +zi− t (s, i). According to the left side of
Constraint (14), we have zi− t (s, i) ≥ 0 and hence Constraint
(20) is relaxed. Constraint (19) becomes τ ST T

i ≤ 0. Constraint
(22) forces τ ST T

i to be zero.
Now, Model NL is formulated as a mixed-integer linear pro-

gramming model with objective function (17) and Constraints
(2)-(16) and (18)-(22) (Model L).

VI. THE BATA ALGORITHM

This section presents a BATA algorithm, as a variant of
simulated annealing (SA), to solve the MTDPCD problem.
The primary version of SA was first introduced by [41].
A modern version of SA was presented by [42]. SA can be
classified into stochastic SA and deterministic SA. Among the
deterministic SA algorithms, a so-called threshold accepting
algorithm was presented by [43]. Tarantilis et al. [44] intro-
duced a backtracking mechanism into the threshold accepting
algorithm, resulting in the BATA algorithm. So far, BATA
algorithms have been successfully applied to solve different
variants of VRPs, see, e.g., [11], [45]–[47].

Framework of the BATA algorithm in this article is for-
mulated in Section VI.VI-A. Section VI.VI-B presents the
generation of initial solution. Sections VI.VI-C to VI.VI-
E formulate three operators, each of which generates new
solution from a current solution. Section VI.VI-F checks the
feasibility of solutions. Finally, the solution adjustment and
objective calculation are presented in Section VI.VI-G.

A. Framework of the BATA Algorithm

Definition 1: A route R of the MTDPCD problem is defined
as a sequence of nodes (r1, r2, · · · , rn), ri ∈ N\ {s}, i =
1, 2, · · · , n. It denotes that a truck starts from the depot, visits
the nodes in their order, and returns to the depot finally. The
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length of a route R is defined as

l (R) =
n−1�
i=1

t (ri , ri+1)+ t (s, r1)+ t (rn, s) (23)

Definition 2: A solution of the MTDPCD problem is defined
as a systematic result of three components: a set of routes,
service starting time assigned to each node, and the objective
value.

The BATA algorithm firstly generates an initial solution
which is also recorded as the current solution and the best-
so-far solution. In each iteration, one of the three operators
is orderly used to generate a new solution based on the
current solution. If the new solution is better than the best-
so-far solution, it is accepted as the best-so-far solution and
the current solution; otherwise, it is just accepted as the
new current solution only when the difference between its
objective value and that of the current solution is within a
given threshold. The threshold decreases in a constant step.
If the threshold becomes negative, replace it using a random
value. If the best-so-far solution has not been updated for a
given number of iterations, replace the current solution with
the best-so-far solution. The algorithm ends if a given number
of iterations are reached.

Given parameters I N O−M AX , I I T E R−M AX , and υ, the
specific procedure of the BATA algorithm is as follows:

Step 1: Generate an initial solution, say S. Let S∗ = S,
SCU R = S, I N O = 0, and I I T E R = 0. Let T M AX = f (S),
T H = T M AX and �T H = υT M AX , where f (S) is the
objective value of solution S.

Step 2: I I T E R = I I T E R + 1. Generate a neighborhood
solution, say SN , based on SCU R using an operator. If
f
�
SN

� ≥ f (S∗), go to Step 3; otherwise, let SCU R = SN ,
S∗ = SN , I N O = 0, and go to Step 6.

Step 3: I N O = I N O + 1. If f
�
SN

�− f
�
SCU R

�
< T H , let

SCU R = SN .
Step 4: T H = T H − �T H . If T H ≤ 0, go to Step 5;

otherwise, go to Step 6.
Step 5: T H = cT M AX , where c is a random number evenly

distributed in the range of [0, 1]. If I N O ≥ I N O−M AX , let
I N O= 0 and SCU R = S∗.

Step 6: If I I T E R ≤ I I T E R−M AX , return to Step 2; other-
wise, output the best-so-far solution S∗ and stop.

B. Generation of an Initial Solution

Definition 3: The length saving of a directed pair of
routes �R1, R2� is defined as L (R1, R2) = l (R1) + l (R2) −
l (R1 ⊕ R2), where R1 ⊕ R2 denotes appending route R2 to
route R1.

We generate an initial solution using a modified Clarke-and-
Wright algorithm [48]. For an initial solution, say S, each route
R ∈ S consists of only one suborder initially. Let �R1, R2� be
the pair of routes with the highest length saving among all
route pairs. Append R2 to R1 if the new solution becomes
better or try to merge the pair of routes with the next highest
length saving similarly until no routes can be merged.

The generation procedure of the initial solution, say modi-
fied C-W algorithm, is as follows:

Step 1: Generate a solution S based on I1 ∪ O1 ∪ I2 ∪ O2,
each route of S consists of only one suborder node. Let R∗ be
the set of routes in S that only consist of the node of I1 ∪O1.

Step 2: Let � = {�R1, R2�|R1 ∈ R∗, R2 ∈ R∗,
L(R1, R2) > 0}.

Step 3: If � is not empty, let �R1, R2� be the pair of routes
with the highest length saving among �, and go to Step 4;
otherwise, go to Step 5.

Step 4: If the solution generated by appending R2 to R1
is better than solution S, replace R1 and R2 with R1 ⊕ R2
(i.e., update S and R∗), and go to Step 2; otherwise, remove
�R1, R2� from � and go to Step 3.

Step 5: If the routes consisting of only the node of I2 ∪O2
have never been merged, update R∗ with these routes, and go
to Step 2; otherwise, output S and stop.

C. 2-OPT Operator

Definition 4: Given a route (r1, r2, · · · , rn) with n ≥ 2
nodes, two nodes ri and r j , 1 ≤ i < j ≤ n, are defined as
exchangeable if any of the following conditions is satisfied:

(a) ri ∈ I2 ∪ O1 ∪ O2, r j ∈ I1;
(b) ri ∈ O2, r j ∈ I2;
(c) ri ∈ I1 ∪ I2 ∪ O2, r j ∈ O1.

According to Definition 4, inbound suborders and Phase I
suborders are preferred to be moved forward. For a current
solution, we try to exchange any two exchangeable nodes in
any route and choose the best exchange generating a feasible
solution. If no exchange can generate an acceptable solution,
the current solution remains.

D. Destruction-Reconstruction Operator

Definition 5: The similarity between two different nodes i
and j in a solution is defined as

� (i, j) = wT t (i, j)

D
+wZ

��zi − z j
��

T
+ δi j , i �= j (24)

where wT and wZ are two given weights in the range of (0,
1], D = max {t (i, j) | (i, j) ∈ A}, and δi j is 1 if nodes i and
j are in the same route or 0 otherwise.

Definition 5 is similar to but different from the work of
[49]. The main difference lies in the introduction of δi j . The
destruction-reconstruction operator firstly removes a number
of Phase II suborder nodes from a current solution based
on similarity, i.e., destruction, and then tries to merge the
remained partial routes and the removed nodes, i.e., recon-
struction. If a feasible solution is generated, it is the neigh-
borhood solution; otherwise, we skip this operator and execute
the next operator.

The procedure of this operator is as follows:
Step 1: Given a current solution SCU R and an empty set Q,

randomly choose a Phase II suborder node, say i , from SCU R ,
and move i from SCU R to Q.

Step 2: Randomly choose a node, say i , from Q. Let j be
such a node that minimizes

���� (i, j)− 	
���SCU R

Phase_I I

������ among

the Phase II suborder nodes in SCU R and move j from SCU R

to Q, where 	 is a random number evenly distributed in the
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range of (0, 1], and
���SCU R

Phase_I I

��� is the number of remaining

Phase II suborder nodes in SCU R .
Step 3: If |Q| < q , go to Step 2; otherwise, go to Step 4,

where q is a given natural number.
Step 4: Generate a set of routes based on Q, say Q∗, each

of which consists of only one node. Let R∗ be the set of routes
in the destroyed SCU R . Try to merge the routes in R∗ ∪ Q∗
into a feasible solution, either better than the un-destroyed
SCU R or not, using the Clarke-and-Wright algorithm similarly
as the generation of initial solution. We get a neighbor solution
S if succeed.

E. Insertion Operator

For a current solution, the insertion operator tries to remove
the best Phase II suborder node from its route and inserts it into
its best position in another route to generate a solution with
minimum objective value. An insertion position on a route can
be before the first node, after the last node, or between any
adjacent nodes.

F. Feasibility of the Capacity Constraint

Given a route with n suborder nodes, we rewrite it as
(r0 = s, r1, r2, · · · , rn), r j �= s, j = 1, 2, · · · , n. The capacity
checking procedure (named 3-vector procedure) is as follows:

Step 1: Construct a matrix AO =
�

aO
i j

�
, i = 1, 2, 3; j =

0, 1, · · · , n, where

aO
i j =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

−1, if i = 1 and r j ∈ I1

1, if i = 2 and r j ∈ O2

1, if i = 3 and r j ∈ I2

−1, if i = 3 and r j ∈ O1

0, otherwise

(25)

Step 2: Let AA =
�

a A
i j

�
with the same size as AO , where

a A
i j =

j�
k=0

aO
ik ,i = 1, 2, 3; j = 0, 1, · · · , n (26)

Step 3: Modify AA resulting in a matrix AM =
�

aM
ij

�
, where

aM
ij = a A

i j + mi , i = 1, 2, 3; j = 0, 1, · · · , n (27)

where

mi =
⎧⎨
⎩

���� min
j=0,1,...,n

a A
i j

���� , for such i that ∃ a A
i j < 0

0, otherwise
(28)

Step 4: The number of containers that a truck is carrying when

it leaves node r j is
3�

i=1
aM

ij , j = 0, 1, · · · , n. If and only if

max
j=0,1,...,n

3�
i=1

aM
ij ≤ K , (29)

the capacity constraint is feasible.
The checking of precedence constraints and the planning

horizon constraints is carried out with the calculation of
objectives (see Section VI.VI-G).

G. Final Solutions

For a set of routes satisfying the capacity constraint,
we check the other constraints and calculate its corresponding
objective value in this subsection.

1) Initial Assignment of Service Starting Time: Firstly,
we try to assign service starting time to each node according to
the idea of topological sorting. The idea of topological sorting
means that before the service starting time of a node i is
assigned, the service starting time of its preceding node in
the same route must be assigned. Furthermore, if node i is
a Phase II suborder node, its corresponding Phase I suborder
node δ−1 (i) must have been assigned, where δ−1 (·) is the
reverse function of δ (·).

Specifically, the service starting time of any suborder node
i can be assigned as

zi =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

t (s, i) ,

if i ∈ I1 ∪ O1 and starts a route

max

zδ−1(i) + pθ(i), t (s, i)

�
,

if i ∈ I2 ∪ O2 and starts a route

z j + t ( j, i) ,

if i ∈ I1 ∪ O1 and does not start a route

max

zδ−1(i) + pθ(i), z j + t ( j, i)

�
,

i f i ∈ I2 ∪ O2 and does not start a route

(30)

The waiting time τi at any suborder node i can be summa-
rized as

τi =

⎧⎪⎨
⎪⎩

max

zδ−1(i) + pθ(i) − z j − t ( j, i) , 0

�
,

ifi ∈ I2 ∪ O2and does not start a route

0, otherwise

(31)

If the service starting time for some nodes is not assigned
but such an assignment cannot continue, there exist deadlocks
in the routes. A simple example of deadlocks is that two
suborder nodes of an order exist in the same route but the
Phase II suborder node is in front of the Phase I suborder
node. Deadlocks can happen among more than one route. A
set of routes with deadlocks is infeasible regardless of the
planning horizon T . If the service starting times for all nodes
have been assigned and all trucks return to the depot not later
than T , the obtained solution is feasible and we get an initial
objective value according to Function (1).

2) Backward Adjustment of Service Starting Time: For a
solution generated by the initial assignment (see Section
VI.G.VI-G.1), if the waiting time for some nodes is not zero,
the service staring time at some nodes might be delayed.
We fix the service staring time of the last suborder node in each
route and adjust the service starting times of the other suborder
nodes in the reverse order of topological sorting, similarly as
[40]. Specifically, before adjusting the service starting time of
a node i , that of its succeeding node must be adjusted first.
If i is a Phase I suborder node, its corresponding Phase II
suborder node must also be adjusted first. For a node i which
is not the last one in its route, its new service starting time,
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still say zi , is

zi =
�

min

z j − t (i, j) ,zδ(i) − pθ(i)

�
,ifi ∈ I1 ∪ O1

z j − t (i, j) , if i ∈ I2 ∪ O2
(32)

where j is the succeeding node of node i .
3) Forward Adjustment of Service Starting Time: Defini-

tion 6: Given a node k ∈ I1 ∪ O1 of route R, a truck lag
time is defined as lk = max


zδ(k) − zk − pθ(k), 0

�
, if its

corresponding Phase II suborder node is not the first node
of route R� �= R.

The truck lag time lk of a node k ∈ I1 ∪ O1 means that the
packing / unpacking operation has already been completed for
a period of time lk when trucks start serving node δ (k). That
is, the service starting time of node k can be probably delayed
by lk , so that the packing / unpacking can be just finished at
the moment when the trucks arrive at δ (k).

For a solution generated by the backward adjustment
(Section VI.G.VI-G.2), the service starting time of the nodes
in a route or several routes might be delayed again according
to the truck lag time obtained in a recursive search algorithm.
Then, the objective value might be further decreased. Here,
the adjustment is in the order of topological sorting, and the
service starting time of the last node in each route is not fixed.
The specific procedure is as follows:

Step 1: Given a route R of a solution, node i is the first
node whose waiting time τi > 0. Calculate the minimum truck
lag time (say l M I N ) for the preceding nodes of i if both of
the following conditions are satisfied: (a) The corresponding
Phase I or Phase II suborder node of i is not in R; (b) No
Phase I suborder node and its corresponding Phase II suborder
node are in the front and back of i , respectively. Let SCU R be
the solution in which route R is located. If l M I N = 0, go to
Step 2; otherwise, delay the service starting time of the first
node in R by min


l M I N , τi

�
, and go to Step 9.

Step 2: Let S = SCU R . For S, delay the service starting time
of the first node of R by τi . If S is feasible in the planning
horizon, go to Step 3; otherwise, go to Step 9.

Step 3: Create an empty array V , of which new elements
can only be added at the end, to save the nodes that will be
searched. Let the depth of a node be g (·). Starting from the
front adjacent node of node i to the beginning node of the
route R, set g (k) = 1 for each node k ∈ I1 ∪ O1, and add
each k into V in turn. Create an empty set L to save the truck
lag times, and an empty set R to save the routes in which the
nodes’ service starting time will be adjusted. Initialize R with
route R.

Step 4: For the last node j of V , let Rδ( j ) be the route in
which the node δ ( j) is located. If Rδ( j ) is not in R, go to
Step 5; otherwise, go to Step 7.

Step 5: If the minimum truck lag time of the nodes in
Rδ( j ) is zero, go to Step 6; otherwise, put Rδ( j ) into R, put
the minimum truck lag time into L, and go to Step 7.

Step 6: If g ( j)+1 < χ , where χ is the maximum recursion
depth, start from the ending node to the beginning node of
Rδ( j ), set g (k) = g ( j) + 1 for each node k ∈ I1 ∪ O1, add
each node k into V in turn, put Rδ( j ) into R, and go to Step
7; otherwise, go to Step 9.

Step 7: Delete j from V . If V is empty, go to Step 8;
otherwise go to Step 4.

Step 8: For SCU R , delay the service starting time of the
first node for each route of R by

min

�
min {ν|ν ∈ L} , min

r∈R\{R}


T − zr(k) − t (r (k) , s)
��

(33)

where r (k) is the last node of route r ∈ R\ {R}. Update the
objective value according to Function (1).

Step 9: Return SCU R and terminate.
We then move to the next route to operate similarly. The

adjustment operation is applied to every route, and repeated
until the objective value cannot be decreased anymore.

VII. VALIDATION AND EVALUATION

This section validates the solution algorithms and analyzes
the key characteristics of the MTDPCD problem extensively.
All experiments are carried out on a personal computer with a
3.40 GHz CPU and 8 GB RAM. The BATA algorithm is coded
in C++. Model L is solved with IBM ILOG CPLEX (version
12.6.1, 32 bits) embedded by Visual Studio 2010 professional
(32 bits). In CPLEX, the options of depth-first search and no-
presolve are used. For each instance, the BATA algorithm runs
for five times independently and the best solution is presented
unless explicitly stated.

Section VII.VII-A describes the instances and tunes para-
meters for the BATA algorithm. Section VII.VII-B validates
the exact solution method. Section VII.VII-C evaluates per-
formance of the BATA algorithm. Section VII.D compares
the MTDPCD problem with a single-trailer mode and stay-
with mode. Finally, we analyze several key parameters of the
MTDPCD problem itself in Section VII.VII-E.

A. Setting of Experiments

The single-trailer instances from [1] with their original
names are taken as benchmark instances. They are available
at https://github.com/HiWangH/datasets.git. The R-Type (ran-
domly) instances R1-R29 with the number of orders ranging
from 4 to 100 and C-Type (clustered) instances C17-C29 with
the number of orders ranging from 20 to 100 are used in the
experiments. We set K = 2 since one tractor can carry at
most two trailers in most real-world scenarios. According to
[1] and [50], the planning horizon T is set as 16 hours based
on the 16-hour time limit of work shifts, and the travel speed
of trucks is set as 80 km/h.

Five instances R22-R26 are used to tune the parameters of
the BATA algorithm. We set I I T E R−M AX = 600, χ = 3. Para-
meter q is chosen randomly in the range from �0.1 |I2 ∪ O2|�
to �ξ |I2 ∪ O2|�, where �·� and �·� are the downward and
upward integer functions, respectively. The parameters ξ ,
υ,wT , wZ and I N O−M AX are tuned sequentially using a
popular methodology as in [49]. For each potential value of
each parameter, each instance is solved twice using the BATA
algorithm while keeping values of the other parameters fixed.
Among the two repeats, the better result is selected. The final
values of these parameters are: ξ = 0.3, υ = 0.04, wT = 0.4,
wZ = 0.9, and I N O−M AX = 10.
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Fig. 2. Results of the exact method.

B. Validation of the Exact Method

Model L is chosen as the exact solving method, because
Model NL cannot be solved for most instances. Twenty-five
instances (Instances R1-R25) are used to validate this method.
First, the time limit for CPLEX to solve each instance is
set as 1 minute. CPLEX presents the optimum solution for
only one small instance (R1). Then, the time limit for each
instance is modified as 2 hours and all the 25 instances are
solved again. As shown in Fig. 2, CPLEX can provide much
better solutions in 2 hours than in 1 minute for a majority of
instances. However, this exact method is still unacceptable for
realistic-sized instances. The gap between the objective value
and the lower bound provided in 2 hours is very large and the
lower bound is even negative for most instances (see Fig. 2).
This indicates the hardness to solve the MTDPCD problem
and also motivates the introduction of the BATA algorithm.

C. Performance of the BATA Algorithm

1) Comparison to the Exact Method: The BATA algorithm
as well as the modified C-W algorithm is compared to the
exact method based on 41 instances (R1-R28, C17-C29). The
time limit for CPLEX to solve each instance is set as 2 hours.
For 11 out of the 28 R-Type instances, the modified C-W
algorithm provides slightly worse solutions than the exact
method (Fig. 3(a)). For the other 17 R-Type instances, most
of which have a larger size, the former provides much better
solutions than the latter. However, for all the 28 R-Type
instances, the modified C-W algorithm is much faster than the
exact method (Fig. 3(b)). Similar conclusions can be obtained
over the 13 C-Type instances (Fig. 4 shows the comparative
results on objective values).

The BATA algorithm provides even better solutions than
the exact method in much shorter time, as shown in Fig. 3.
For the R-Type instances, the solutions provided by the BATA
algorithm are 15.10% on average better than those by the exact
method. This value for the C-Type instances is 40.66%. The
average running time of the BATA algorithm over the two
types instances are 483.91s and 1671.40s, respectively, which
are far shorter than the exact method. All these validate the
BATA algorithm.

2) Effectiveness of Destruction-Reconstruction Operator:
All 42 instances (R1-R29, C17-C29) are used to evaluate the

Fig. 3. Comparative results on R-type instances.

Fig. 4. Objective values on C-type instances.

performance of the destruction-reconstruction operator. The
results indicate that the BATA algorithm with the operator is
slightly slower but can provide much better solutions than that
without the operator.

As shown in Table I, for 20 out of the 29 R-Type instances,
the BATA algorithm with the operator provides better solutions
than that without the operator. The maximum and average
improvements of objective values over the 29 instances are
14.07% and 2.58%, respectively. Similarly, for 12 out of the
13 C-Type instances, the BATA algorithm with the operator
provides better solutions than that without the operator.

D. Analyses of the Operation Mode

1) Comparison to the Single-Trailer Mode: The 29 R-Type
instances with K = 1 are solved again with the BATA
algorithm. Note that the problem description differs from
the published articles even if we set K = 1 (refer back to
Section II-A for details).

The results indicate that the multi-trailer mode can signifi-
cantly save the waiting time of trucks and hence the objective
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values. The trucks wait at some customers in 18 out of the
29 instances when K = 1. However, when K = 2, the trucks
wait at somewhere in only 14 instances. Compared to the
single trailer mode, the averaged saved waiting time over the
29 instances is 3.46 hours.

Naturally, the objective values of all the 29 instances with
K = 2 are better than those with K = 1. The maximum
improvement of objective values is 38.97%. The average
improvement is 28.15%. This shows the economic effects of
the double trailer mode.

2) Comparison to the Stay-With Mode: We compare the
multi-trailer D&P mode to the stay-with mode here because
it extends the latter one. We set xi,δ(i) = 1 for all i ∈ I1 ∪ O1
and keep K = 2 in Model L resulting in the stay-with version,
in which a tractor can carry at most two trailers but the tractors
cannot leave the trailers when the customers are packing /
unpacking the containers. CPLEX is used to solve the model.
Seventeen R-Type instances (R1-R17) are solved (other larger
instances cannot be solved). Table II presents the comparative
results regarding the objective value, traveling time and wait-
ing time. Given a result under the stay-with mode, the total
traveling time is calculated as

�
i∈N

�
j∈N\{i} t (i, j) xi j while

the waiting time is the difference between the objective value
and the traveling time.

Unsurprisingly, the objective values of the MTDPCD prob-
lem are lower than that of the stay-with version, although the
BATA algorithm cannot guarantee the optimality of solutions.
As shown in Table II, the improvement of objective values
on average is 27.49 hours. The main reason is that, compared
to the stay-with mode, the waiting time of trucks under the
D&P mode decreases greatly but the traveling time of trucks
increases not so much. This validates the multi-trailer D&P
mode again.

E. Sensitivity Analyses on Key Parameters

1) About the Packing / Unpacking Time: Three typical
instances (Instances R7, R13 and R14) are used to analyze
the effects of the packing / unpacking time. The number of
inbound orders equals to that of outbound orders in R7. As a
contrast, there are more inbound orders than outbound orders
in R13 and more outbound orders than inbound orders in
R14. For each of the three instances, the packing / unpacking
time of customers are regenerated randomly in the range of
[U B − 1, U B] (in hours), U B = 1, 2, . . . , 12, with all other
parameters untouched, resulting in 12 groups of instances.
Each group consists of 10 independent instances. All instances
in each group are solved using the BATA algorithm. The
average objective values and waiting time are presented in
Fig.5.

It can be observed that both the objective value and the
waiting time are relatively small when the packing / unpacking
time is short, and increase when the packing / unpacking time
prolongs. For all groups of R7 and R13, the waiting time
reaches at its top point when U B = 2, i.e., when the packing /
unpacking time are randomly generated in the range of [1], [2]
hours. However, when the packing / unpacking time continues
increasing, the waiting time begins to decrease (see Fig.5(b)).

Fig. 5. Influences of the packing / unpacking time of different time range.

TABLE I

PERFORMANCE OF THE DESTRUCTION-RECONSTRUCTION OPERATOR

TABLE II

COMPARATIVE RESULTS TO THE STAY-WITH MODE (AVERAGE INFORMA-
TION OVER THE 17 INSTANCES)

The reason is that, the trucks prefer to wait at the customers
if the packing / unpacking time is very short, but the trucks
prefer to travel for other places when the freight is being
packed / unpacked if the packing / unpacking time is long.
The trucks do not wait at all when the packing / unpacking
time is 7 hours or even longer. However, the objective values
continue increasing until they reach their top points as the
packing / unpacking time becomes longer (see Fig.5(a)). When
U B ≥ 9, the total waiting time is zero. As a result, the packing
/ unpacking time does not affect the objective value for each
group of instances.

2) About the Distribution of Customers: We evaluate the
effects of customer distributions based on medium-sized
Instance R26. Note that the customers are originally randomly
distributed in the area with both axes from 0 to 200 (in
kilometers), and the depot is at the center point (100, 100),
in the Euclidean plane. For each value, say ρ, in a given
vector (0.2, 0.4, 0.6, 0.8, 1), we regenerate the distribution of
some certain customers with the other parameters untouched,
resulting in 5 new instances. Specifically, for each customer,
the geographical location is regenerated randomly in the area
with both axes from 300 to 400 with the probability ρ.
All the 25(= 5× 5) instances are solved using the BATA
algorithm.

Note that the numbers of outbound orders are 40 for all
the 25 instances, i.e., 40 empty containers must be delivered
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Fig. 6. Effects of the distribution of customers.

to the shippers. Fig. 6 shows the average number of empty
containers transported from the depot within each group.
This number increases as ρ increases. The reason behind
this trend is as follows: When most customers are located
around the depot, i.e., ρ is small, the traveling time between
customers is relatively long, which gives trucks more time
to transport empty containers between customers. When ρ
becomes larger, most customers are clustered in an area far
away from the depot, the traveling time between customers
becomes relatively short. If trucks transport empty containers
between customers, they might have to wait at customers with
a high probability. Therefore, the number of empty containers
transported from the depot becomes larger.

VIII. CONCLUSION AND FUTURE RESEARCH

We present a MTDPCD problem in this research. The
problem is firstly modeled as a mixed-integer nonlinear pro-
gramming model based on node decomposition. Then, the non-
linear model is linearized to provide an exact solution method.
Furthermore, for larger-sized instances, we design a heuristic
algorithm called BATA including a modified C-W algorithm
to generate a high-quality initial solution, several operators to
update solutions, a 3-vector procedure to check feasibility of
solutions, and a decoding algorithm to finally calculate the
objective values.

The experiments based on benchmark instances from litera-
ture (with necessary modifications) indicate that the linearized
model can only be used to solve small-sized instances at
the current computing technologies. The BATA algorithm and
even the modified C-W algorithm can provide much better
solutions than the exact method in much shorter running
time. Compared to the single-trailer mode, the multi-trailer
mode with K = 2 can save the waiting time of trucks and
hence decrease the total working time. The relative decrease
on total working time is 28.15% on average. Compared to
the stay-with mode, the D&P mode decreases the waiting
time significantly but increases the traveling time slightly and
hence decreases the total working time. Another interesting
finding is that the total working time increases as the packing
/ unpacking time increases, but the total working time keeps
fixed after reaching its top point as the packing / unpacking
time continues increasing. The effects of the distribution of
customers are also analyzed.

One limitation of this research is the implicit assumption
that the tractors, trailers and containers are enough for the
given drayage orders. This assumption is a little strong but
can be accepted in most real-life scenarios. Furthermore,
introducing the constraints on these transportation resources

will make the modeling and solving of the problem more
complicated, which is already very complicated as shown in
the body contents of this article. Another limitation might be
that we choose the total working time as the optimization
criterion but do not calculate the involved number of trucks.
On one hand, the resources are assumed to be enough and it
is unnecessary to calculate this number. On the other hand,
calculating the exact number of tractors and trailers is a hard
task given that they can be reused in the scheduling horizon.
It is relatively easy but not so meaningful if we just count the
arcs leaving the depot as done in some articles.

This research can be followed in several aspects. For
example, the number of tractors and trailers available might
be limited. Customers and depots might also set time windows
constraints. In addition, robustness and resilience of the con-
tainer drayage problem should be investigated to handle the
future uncertainties [51].
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