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ABSTRACT The last mile problem of E-grocery Distribution comprises one of the most costly and
highest polluting components of the supply chain in which companies deliver goods to end customers.
To reduce transport cost and fuel emissions, a new element of ground-based delivery services, autonomous
delivery vehicles (ADVs), is included in the E-grocery distribution system for improving delivery efficiency.
Thus, the objective of this study is to optimize a two-echelon distribution network for efficient E-grocery
delivery, where conventional vans serve the delivery in the first echelon and ADVs serve delivery in
the second echelon. The problem is formulated as a two-echelon vehicle routing problemwithmixed vehicles
(2E-VRP-MV) with a nonlinear objective function, in which the total transport and emission costs are
optimized. This optimization is based on the flow assignment at each echelon and to realize routing choice
for both the van and ADV. A two-step clustering-based hybrid Genetic Algorithm and Particle Swarm
Optimization (C-GA-PSO) algorithm is proposed to solve the problem. First, the end customers are clustered
to the intermediate depots, named satellites, based on the minimized distance and maximized demand.
To enhance the efficiency of resolving the 2E-VRP-MV-model, a hybrid GA-PSO algorithm is adopted
to solve the vehicle routing problem. Computational results of up to 21, 32, 50, and 100 customers show
the effectiveness of the methods developed here. At last, the impacts of the layout of the depot-customer
and customer density on the total cost are analyzed. This study sheds light on the tactical planning of the
multi-echelon sustainable E-grocery delivery network.

INDEX TERMS E-grocery delivery network, autonomous delivery vehicle, last-mile delivery.

I. INTRODUCTION
Fast and cost-efficient delivery of goods ordered online to
customers is an unmet problem that many companies are
facing with. To bridge the last mile to customers, new
technologies are needed. One technology-driven opportunity
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that has recently received much attention is the deploy-
ment of autonomous delivery vehicles (ADVs) to support
parcel delivery. An important advantage of an ADV com-
pared to a regular delivery van is that it can operate with-
out an expensive human driver. Another advantage is that
ADVs can travel on congested roads without significant delay
by using the sidewalk. ADVs also referred to as delivery
robots, have the potential to reduce urban emissions for the
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TABLE 1. Parameters of ADVs currently used in some companies.

last-mile delivery to customers as ADVs are powered by
batteries.

However, although several companies, including Amazon,
Kroger, and Walmart, are currently running practical tri-
als to investigate the use of ADVs for parcel delivery,
there are several inherent limitations to the successful use
of ADVs, such as low speed and limited capacity. Sensitivity
analysis between ADVs capacity and total costs indicate a
strong relationship—the overall cost will decrease with the
increased number of compartments in an ADV [1]. Addition-
ally, as ADV is battery-powered, the range of an ADV likely
remains limited, compared to a regular, fuel-based delivery
van. A conventional delivery van, on the contray, has a longer
range and a greater capacity. Currently, conventional vans
perform the majority of urban logistical activities. However,
their long-range delivery and large-volume gas consumption
may produce high emissions. Therefore, to take the advan-
tages of ADV and van, one way is to allow them to collabo-
rate with each other. A combined van-ADV delivery system
(V-ADV) can be used in E-grocery logistics planning to
enhance the delivery efficiency and overcome their respective

drawbacks. In other words, we can combine the advantages
of conventional vans (large volume and low cost) with the
advantages of the ADVs (low emissions and flexibility).

From the perspective of a freight transportation planning,
this innovative concept creates a planning and optimization
problem on last-mile delivery. This optimization problem
involves volume assignment decisions and routing decisions.
The volume assignment to both van and ADV need to be
optimized to achieve the lowest logistics cost, while the rout-
ing decisions determine the sequence in which the customers
allocated to each vehicle are visited. Figure 1 illustrates
an example of such a network that freight delivered from
the depot to the customers is managed by satellites. Thus, the
transportation network is decomposed into two levels: the
first echelon that connects the depot to the satellites and
the second echelon bridging the satellites to the customers.
In this example, four customers are designed to be served
from one depot. There are two ways to serve customers. One
way is to use traditional delivery van, as shown in Figure 1(a).
The van departures from the depot, it visits all the customers
and returns to the depot. Another way is to adopt V-ADV as
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FIGURE 1. An example of a two-echelon delivery network with mixed
vehicle.

shown in Figure 1(b). The delivery van departures from the
depot, it visits all the satellites and returns to the depot on
the first echelon. Then, the ADV departs from the satellite,
it visits all the customer and return to the satellite on the sec-
ond echelon. Here, we assume that the satellites are generated
randomly from the customers. It can be seen that by serving
four customers with an ADV instead of a van, the distance
traveled by the van can be reduced while increasing the total
travel distance. However, if the emission cost is considered
(varied according to the distance), the total network cost
might change.

Therefore, to better understand the related planning prob-
lems and potential benefits of the V-ADV, there is a need for
new models to optimize the combined V-ADV two-echelon
vehicle system. However, few research developed relevant
models and algorithms. Therefore, the present study aimed
at filling this gap by developing a new formula to evaluate
the performance of the V-ADV delivery system. To model
the flow assignment and the route choice, we approach the
modeling problem as a two-echelon vehicle routing problem
with mixed vehicles (2E-VRP-MV) and use a clustering-
based hybrid genetic algorithm (C-GA-PSO) to solve
the 2E-VRP-MV.

Several numerical instances are also tested with different
characteristics and sizes to verify the performance of the
proposed C-GA-PSO, and the impact of layout of depot-
customer and customer densities on the total cost are analyzed
in the last section.

II. LITERATURE REVIEW
Many innovative concepts and technologies for people trans-
portation and freight delivery have recently been devel-
oped to address the issues of excessive traffic, pollution,
and high transportation costs in large urban areas. Different
aspects of city logistics have been systematically reviewed
by Neghabadi et al. (2019) [2]. Among those technolo-
gies that focus especially on freight transportation, elec-
tric vehicles-based freight transport [3], [4], drone-based

good delivery [5], deliver packages into car trunk [6],
and truck-based autonomous robots [7], are most studied.
Recently, a new type of delivery robot is tested in the State
of Arizona. It carries a certain weight of groceries and can
operate on sidewalks and crosswalks. However, few studies
are related to the utilization of ADV in E-grocery delivery.
Only two publications authored by Jennings and Figliozzi [8]
and Weidinger [7] are closely related to the topic of this
paper. Jennings and Figliozzi firstly discussed current regu-
lations on autonomous delivery vehicles in the US and sum-
marized the existing delivery devices and their capabilities.
Besides, they estimated the number of customers and delivery
time served by a special delivery van and an autonomous
delivery robot. Weidinger [7] proposed a scheduling proce-
dure that determines the truck route along with the drop-off
points of the robot. They formulated it as a truck and
trailer routing problem that would minimize the number
of late deliveries, which is a two-echelon vehicle routing
problem (2E-VRP).

The 2E-VRP was initially proposed by Feliu et al. [9].
It has also been widely used by Tg et al. [10],
Crainic et al. [11], Baldacci et al. [12], Santos et al. [13],
Grangier et al. [14], and Zhou et al. [15]. All these studies
have one common characteristic, which is that the transport
cost is the only optimized objective, without considering
the emission cost. Reference [16] proposed a two-echelon
location-routing problem for the design of sustainable supply
chain networks. This design considered the vehicle type, load,
and environmental effect [16]. In another study of 2E-VRP
led by [17], the traveled distance, vehicle speed, vehicle
type, load, and emissions were added [17]. However, only
one kind of vehicle is considered. If considering more vehi-
cles, 2E-VRP would be a generalization of the multi-depot
VRP (MDVRP). The classical VRP deals with the optimal
delivery route-designing problem, where there are only one
central depot and one route, and the characteristics for each
vehicle are the same [18]. This classical VRP has been
expanded by considering the addition of real-life character-
istics. One possible extension of this problem is the varying
number of depots when there are more than two, thus the
VRP is expanded to an MDVRP. The techniques that are
most commonly used for solving an MDVRP include exact
approaches, constructive heuristics, and metaheuristics.

However, nearly all these techniques are metaheuristics
and heuristics, this is because within a reasonable comput-
ing time no exact algorithm can be guaranteed to have the
optimal tours when there are a huge number of customers,
also because of the NP-hardness of the problem [19]. For
instance, Gonzalez-Feliu et al. [20] and Breunig et al. [21]
used an exact branch-and-cut algorithm to solve a 2E-VRP.
As the sized data sets, in reality, are rarely optimally solved
by exact methods, the metaheuristics method becomes the
only method of choice on most occasions [22], such as
genetic algorithm (GA) [23], tabu search [24], iterated local
search [25], adaptive large neighborhood search [21], variable
neighborhood search [26], hybrid heuristic algorithm [27].
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As far as the problem we are studying here is concerned,
it is a new phenomenon in parcel delivery. There are no
appropriate models and algorithms to be opted. Therefore,
in this study, we develop new models and innovative algo-
rithms to improve the understanding of the potential benefits
of V-ADV. The contributions of the present study, which
identify the differences between our research and related
studies, are as follows:
• First, a sustainable urban E-grocery distribution net-
work is designed, integrating conventional van andADV.
A novel integrated programming model targeting
a 2E-VRP-MV is presented, which simultaneously con-
siders transport, emission, and handling costs. The
capacity constraints of conventional vans, ADVs, and
different satellites are illustrated.

• Second, a two-stage metaheuristic C-GA-PSO algo-
rithm is developed for 2E-VRP-MV, which consists of
k-means clustering and an MDVRP. To enhance the
efficiency of resolving the 2E-VRP-MV-model, we pro-
posed a hybrid GA-PSO algorithm to solve the vehicle
routing problem.

• Third, experiments were performed to show how our
proposed algorithm works and how the depot-customer
layout and customer density impact on the total logistics
cost when adopting a V-ADV.

III. PROBLEM DESCRIPTION AND FORMULATION
A. PROBLEM DESCRIPTION
In this two-echelon routing problem with mixed vehicles,
the first echelon is the delivery route from the depot to the
satellite by conventional van and the second echelon is the
delivery route from the satellites to the customers by ADVs.
A limited number of vehicles are set to travel at each level.
The objective of our study is to minimize the total cost
of travel and emission of the network. We assume that the
sites of the satellites and customers are known, however, the
customers are not allocated to any satellite in advance.

The 2E-VRP-MV is first reduced to a network graph W
Here, there are three subsets of nodes: depots (PO), customers
(PF ), and satellites (PS ). We have N = PO ∪ PS ∪ PF ,N1 =

PO ∪ PS ,N2 = PS ∪ PF . Accordingly, the two-echelon
delivery routes are distinguished: the first-echelon delivery
route (i, j), i, j ∈ N1 and the second-echelon route (i, j),
i, j ∈ N2. In the beginning, the delivery amounts to a satellite
are not known and these amounts for each satellite are calcu-
lated after the customers are allocated to the corresponding
satellites. A limited fleet of conventional vans Vvan serve with
the capacity ofQvan in the first- echelon and a limited fleet of
ADVsVADV serve with the capacity of QADV in the second-
echelon, and Qvan > QADV . Each satellite si is supposed to
have its own capacity Zsi . The problem is how to allocate
customers to the appropriate satellites at second-echelon and
how to determine the van routes in the first-echelon and
ADV routes in the second-echelon with a minimum total
cost. Thus, the objective of this study is to minimize the total
operational cost including transportation and emission costs.

In our model, the fixed costs of the van and ADV are not
considered because we suppose that they are available in a
certain number.

To summarize:
• Each vehicle is allocated at most one route.
• Each first-echelon trip must begin/end at the same open
depot.

• Each second-echelon trip must begin/end at the same
satellite.

• Each customer’s demand cannot be split among different
ADVs at the second echelon. In this way, each customer
must be visited by one ADV.

• Each satellite’s demand could be split among different
vans at the first echelon and each satellite could be
visited by two or more vans.

• The total requirements of the customers allocated to a
satellite must not exceed the capacity of the satellite.

B. FORMULATION
1) PARAMETERS

PO = {Po} Set of depots

Pf =
{
Pf1 ,Pf2 , . . . ,Pfnf

}
Set of customers

PS =
{
Ps1 ,Ps2 , . . . ,Psns

}
Set of satellites

V Set of vehicle types
{Vvan,VADV }

Qvan Capacity of the van on the
first level

QADV Capacity of the ADV on
the second level

mvan Number of the first-level
vans

mADV Number of the second level
ADVs

mADVsk Maximum number of the
second-echelon tours start-
ing from satellite sk

ns Number of satellites
nf Number of customers
Zk Capacity of satellite k ,

k ∈ PS
dl Demand from a customer

l,l ∈ PF
Cvan
ij Unit transport cost (per mile)

per vehicle between the
node i and j, (i, j) ∈ N1

CADV
ij Unit distance cost (per mile)

per vehicle between the
node i and j using, (i, j) ∈ N2

ϕvanij Unit emission cost (per mile)
per vehicle between the
node i and j, (i, j) ∈ N1

ϕADVij Unit emission cost (per mile)
per vehicle between the
node i and j, (i, j) ∈ N2
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Hk Cost of handling operations of a unit of
freight in satellite k

lvanij Travel distance in the arc (i, j) ∈ N1 in the
first echelon

lADVij Travel distance in the arc (i, j) ∈ N2 in
the second echelon

2) DECISION VARIABLES
xij Number of vans traverses

arc (i, j) ∈ N1 in the first echelon

yADVijk


1, if an ADV traverses arc (i, j)
∈ N2in the second− echelon
starting from satellitek
0, otherwise

zkj


1, if customer j is allocated to
satellite k, k ∈ PS
0, otherwise

µvanij Flow traverses arc (i, j) ∈ N1 in the first
echelon

µADVijk Flow traverses arc (i, j) ∈ N2 in the second
echelon coming from satellite k

3) 2E-VRP-MV MODEL

Min
∑

i∈N1

∑
j∈N1

Cvan
ij lvanij xij

+

∑
k∈PS

∑
i∈N2

∑
j∈N2

CADV
ij lADVij yADVijk

+

∑
i∈N1

∑
j∈N1

ϕvanij lvanij xij

+

∑
k∈PS

∑
i∈N2

∑
j∈N2

ϕADVij lADVij yADVijk

+

∑
k∈PS

Hk
∑

j∈PF
dj zjk (1)

Subject to
∑

j∈N1
xoj ≤mvan ∀o ∈ PO (2)∑

j∈PS
xjk =

∑
j∈PS

xkj ∀k ∈ N1 (3)∑
j∈PF

yADVkjk ≤m
ADV

∀k ∈ Ps (4)∑
j∈PF

yADVkjk ≤m
ADV
sk ∀k ∈ Ps (5)∑

j∈PF
yADVkjk =

∑
j∈PF

yADVjkk ∀k ∈ Ps (6)∑
i∈N1

µvanij −
∑

i∈N1
µvanji

=


∑

l∈PF
dlzjl j is not a depot∑

l∈PF
−d l otherwise

∀j ∈ N1, i 6= j (7)∑
i∈PF∪k

µADVijk −
∑

i∈PF∪k
µADVjik

=

{
zkjdj j is not a satellite

−

∑
l∈PF

dlzjl otherwise

∀j ∈ N2,k ∈ Ps, i 6= j (8)

µvanij ≤ Q
vanxij ∀i, j ∈ N1, i 6= j (9)

µADVijk ≤ Q
ADV yADVijk ∀i, j ∈ N2, k ∈ Ps, i 6= j

(10)

yADVijk ≤ zkj ∀i ∈ N2, j ∈ PF , k ∈ Ps (11)

yADVjik ≤ zkj ∀i ∈ PS , j ∈ PF , k ∈ Ps (12)

zjk =
∑

i∈N2
yADVijk ∀j ∈ PF , k ∈ Ps (13)

zjk =
∑

i∈Ps
yADVjik ∀j ∈ PF , k ∈ Ps (14)∑

i∈Ps
zij = 1 ∀j ∈ PF (15)

yADVkjk ≤
∑

u∈N1
xku, ∀j ∈ PF , k ∈ Ps (16)

xij ∈ Z+, ∀i, j ∈ N1 (17)

yADVijk ∈ {0, 1} ∀i, j ∈ PFk ∈ N2 (18)

zkj ∈ {0, 1} ∀j ∈ PF , k ∈ N2 (19)

µvanij ≥ 0 ∀i, j ∈ N1 (20)

µADVijk ≥ 0 ∀i, j ∈ N2, k ∈ Ps (21)

The objective function (1) minimizes the total transporta-
tion cost by adopting V-ADV. Constraint (2) sets a van-
number limitation on the first echelon. Constraint (3) ensures
that the number of entering and leaving vehicles to each
satellite is the same; when k = PO, the first echelon begins
and ends at the depot. Constraint (4) sets the limitation
of the ADV number on the second echelon. Constraint (5)
sets the limitation of the satellite capacity. Constraint (6)
forces each route on the second echelon to begin and end
at one satellite. Constraint (7) shows that the amount of
delivery on each node on the first echelon should comprise
the demand of this node, except for the depot where the
amount of delivery should comprise the total requirements
of the customers. Constraint (8) shows the flow balance at
satellites on the second echelon, where the amount of deliv-
ery comprises the requirement (unknown) allocated to the
satellites. Furthermore, constraints (7) and (8) forbid the sub-
tours leaving from the depot or a satellite, respectively. The
amount of flow received at each node equals to its demand.
Constraints (9) and (10) place limitations to the capacity, for
the first and second echelons, respectively. Constraints (11)
and (12) indicate that a customer j is assigned to a satellite k
only if it receives from the same satellite. Constraints (13)
and (14) show that there is only one ADV serving each
customer, and it imposes the limitation that an ADV travels
from a satellite k to a customer j if the customer is allocated
to that satellite. Constraint (15) ensures that each customer
must be allocated to only one satellite. Constraint (16) shows
a second echelon route starting from a satellite k only if a first
echelon route has served it. Constraints (17) and (21) define
the domains of the variables.

IV. METHODOLOGY
A two-stage method is adopted for the 2E-VRP-MV. First,
we allocate customers to the satellites, thus decompos-
ing the problem into several VRPs. Second, we address
a multi-depot VRP. We propose a clustering-based hybrid
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FIGURE 2. Flowchart of the C-GA-PSOs for 2E-VRP-MV.

genetic C-GA-PSO to solve the 2E-VRP-MV. The detailed
steps are explained below. Figure 2 shows the flowchart of
the C-GA-PSOs.

A. INITIALIZATION
Firstly, a path representation is used to encode the chromo-
somes for the solution of the 2E-VRP-MV, in which the
customers are sequenced in order of a visit. To find aworkable
result for the optimization process, three basic steps: group-
ing, routing, and scheduling are generated. Figure 3 shows
an illustrative example. There are eight customers need to be
visited by ADVs. The ADVs will require two routes to visit
all the customers if the path representation for this example
starts at SA and SB. The first route starts from the satellite at
SA and then serves customers 3, 1, and 5. After it serves all
the customers, the ADV returns to the satellite SA. In the same
way, the second route starts from the satellite at SB, serves
customers 4, 7, 6, and goes back to the satellite SB.

1) K-MEANS CLUSTERING
The initial clustering of the customer is based on a simple
distance-based rule.

• Step 1: Determine the number of clusters, k.
• Step 2: Initialization. Assign customer i arbitrarily to the
centroid of each cluster.

FIGURE 3. Chromosome representation and initial population.

• Step 3: Cluster Assignment. For a customer location
(xPfi , yPfi ) and a cluster’s centroid (xPsi , yPsi ), the
Euclidean distance between them is given by:

θ (Pfi ,Psi ) =

√(
xPfi − xPsi

)2
+

(
yPfi − yPsi

)2
(22)

The assignment must be feasible with respect to the
fleet-size restriction.

• Step 4: Centroid update.
• Step 5: Repeat step three and four until the assignment
has not changed.

2) IMPROVEMENT OF K-MEANS CLUSTERING
If the distance is the only factor to be considered when cus-
tomers are clustered, wemight not have the optimal clustering
result. This is because customers that have smaller demand
may be allocated to a cluster first, while the customers with
larger demand have not allocated yet, which may lead to a
generation of other clusters. An improved k-means algorithm
is proposed to overcome this problem [28]–[30]. Two factors
should be considered when customers are allocated to the
nearest cluster - maximum demand and minimum distance;
therefore, customers with bigger orders will be allocated to
the cluster first, then the customers with smaller orders will
be allocated to other clusters easily.
Step 1 (Initialize K): First, we have to specify the numeric

value of k and then randomly select k objects from data
as initial centers. Now we can select k satellites as initial
centroid as the default value. This calculation is based on
the demand (d i) of the customer and the capacity of the
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satellite (Zsi ) as:

k =
[∑

Pf i∈PF
dPf i

/
Zsi

]
(23)

The initial k centroids are selected by sorting the customers
based on their demand in their decreasing order:

dPf1 > dPf2 > dPf3 > dPf i , Pf i ∈ PF.

Step 2 (Assign the Custome): Calculate the Euclidean dis-
tances between each customer to all the k centroids. Group all
the customers Pf i to the closest centroid j. Calculate a priority
value to find the appropriate centroid j for Pf i :

δPf i
= θ(Pf i,Psi)/dPf i (24)

The selected Pf i that has the highest priority of having the
centroid j, is allocated based on the constraint (10). If the con-
straint (10) is not satisfied, the selected Pf i will be allocated
to the next nearest centroid based on (10) and (23).

We used the Euclidean distance to calculate the distance
between the customers and centroid as (21). The detailed
algorithm is shown below.

3) ROUTING
We used the saving method of Reinelt [31] to allocate the
customers in the same group to several routes. The cost-
saving regarded in our study is the distance traveled by the
vehicles to serve the customers. A saving matrix S (Pfi , Pfj )
is constructed for every two customers Pfi , Pfi in the same
group first. Then, if the constraints of the vehicle-capacity
are not violated, the customers with larger cost-saving values
are assigned in the same route. Each customer Pfi is allocated
to a single satellite Psi only. The saving matrix is constructed
as:

S(Pf i ,Pf j ) = θ
(
Psi ,Pf i

)
+ θ

(
Psi ,Pf j

)
−θ

(
Pf i ,Pf j

)
4) SCHEDULING
The scheduling problem is solved by the nearest neighbor
heuristic [32]. The principle of the nearest neighbor heuristic
is to start randomly with the first customer. Then, the next
customer is scheduled as close as possible to the previous
customer from those unselected ones to generate the delivery
sequence until all the customers are scheduled.

B. APPLICATION OF GA-PSO TO THE GIVEN MDVRP
GAs emulate the mechanisms of natural selection by a proce-
dure of randomized data exchange. GAs work by generating
a population of numerical vectors called chromosomes. Each
chromosome represents a possible solution to a problem.
New chromosomes (solutions) are created by crossover or
mutation. Solutions are then evaluated according to a fitness
function. The fittest chromosome will survive, and the less
fitting ones will be removed. The search process of GAs
typically continues until a pre-defined fitting value is reached,
or a set amount of computing time passes. When the number

An Improved Algorithm of k-Means Clustering
Input:
• Coordinates (xi, yi)
• Demands di
• Customer Pfi
Output:
• k clusters
Procedure:
• Calculate k using (23)
• Select k satellites as the initial centroid
while each customer Pfi ∈ PF is not converged
while Pfi is not allocated
• Sort the demand of customers from high to low and
measure the Euclidean distance to each cluster k .

• Assign the nearest centroid of Pfi as m.
• Group all unallocated requesters as G with m as their
nearest centroid.

• Calculate the priority value for Pfi ∈ G using (24).
• Assign Pfi to their nearest centroid based on the priority
value without violating the vehicle’s capacity.

• Update zkj
If Pf i is not allocated, then the next nearest centroid will
be chosen.
end if
end while
end for
Update the new centroid based on the clusters generated
before using

xj =

∑j
m=1 xm
nj

and yj =

∑j
m=1 ym
nj

where (xj, yj) represents the jth centroid and nj represents
the number of customers in cluster j.
end while

of iterations is large, GA-based algorithms provide better
results than other algorithms. However, the GA algorithm
will consume more time to reach the optimal solution due
to the increasing number of iterations. The PSO algorithms
provide better results than the other algorithms and in less
time. However, the results may not be accurate due to the
fast convergence rate, which may lead to a local optimal
solution. A hybrid of PSO and GA algorithms (GA-PSO),
has shown better performance than the GA or the existing
algorithms alone [33]–[36]. The overall procedure of the
applied GA-PSO is described below.

C. ENHANCEMENT
After initialization, new individuals on the next generation
are created by enhancement. PSO is adopted to enhance
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FIGURE 4. An enhancement procedure of operators’ selection.

Algorithm GA-PSO
Step 1 Initialize relevant parameters, such as the num-
ber of particles (pop_size), the number of PSO genera-
tions (Max_k), the maximum velocity of the particle vmax ,
the PSO weight coefficients (C1 and C2), generation num-
ber (Max _Gen), the crossover and mutation probabilities,
length of the chromosome.
Step 2 Estimate the fitness function.
Step 3 Gen = 1.
Step 4 If Gen≤Max _Gen, turn to step 5, otherwise change
to step 16.
Step 5 Sequence all individuals in descending order
according to the fitness value.
Step 6 Delete 1/3 of the individual with the worst fitness
value.
Step 7 Replicates the top 2/3 of the best-performing ones
to form a new population.
Step 8 Let k = 1.
Step 9 If k≤ Max_k , turn to step 10, otherwise, change to
step 12.
Step 10 Update the individual’s speed and position with the
formula (25) and (26).
Step 11 k = k+ 1, turn to step 9.
Step 12 The pop_size particles are ranked according to the
fitness values.
Step 13 The crossover and the mutation operations are
implemented respectively.
Step 14 Combine the evolved particles and new particles
to generate new pop_size individual.
Step 15 Gen = Gen + 1, turn to step 4.
Step 16 Output the optimal solution and function value.

individuals of the same generation. Here, the group con-
stituted by the elites may be regarded as a swarm, and

Pseudo-Code of Tournament Selection
func tournament_selection (pop, k):
best = null
for i = 1 to k
ind = pop [random (1, N)]
if (best == null) or fitness (ind) > fitness (best)
best = ind

return best

Pseudo-Code of Modified Order Crossover
Input: Parents a1 =

[
a1,1, a1,2, . . . , a1,n

]
and a2 =[

a2,1, a2,2, . . . , a2,n
]

Output: Children b1 =
[
b1,1, b1,2, . . . , b1,n

]
and b2 =[

b2,1, b2,2, . . . , b2,n
]

Initialize
• Initialize b1 and b2 being empty genotypes;
• Choose two crossover points p and q such that 1 ≤ p ≤
q ≤ n; j1 = j2 = k = q+1;
i = 1;
Repeat

if a1,i /∈ {a2,p, . . . , a2,q} then b1,j1 = a1,k ; j1 ++;
if a2,i /∈ {a1,p, . . . , a1,q} then b2,j1 = a2,k ; j2 ++;
k = k+1;

Until i ≤ n
b1 =

[
b1,1, . . . b1,p−1a2,p, . . . , a2,qb1,p . . . , b1,n−p

]
b2 =

[
b2,1, . . . b2,p−1a1,p, . . . , a1,qb2,p . . . , b2,n−p

]

each elite corresponds to a particle in it (shown in Fig. 4).
The enhancement operation tries to make the individuals
more suitable to the environment after acquiring knowledge
from society. Also, the generated offspring will achieve better
performance by using enhanced operation than those off-
spring by original elites.
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TABLE 2. Characteristics of the benchmark tests.

In PSO, each particle represents a solution in search space
and has a position represented by Eyi. They move with the
velocity of each particle represented by a vector Evi and tend
to find the best possible solution by changing the velocity
according to rule inspired by bird flocking behavior. Each
particle must maintain a memory of the last best-known
position represented by Epi. Also, the best position among all
the particles obtained so far is represented by Epg. At each time
step t , by using the individual best position Epi (t) and global
best position Epg (t) , a new velocity for particle i is updated
by

Evi (t + 1) = Evi (t)+ C1γ1( Epi (t)− Eyi(t))

+C2γ2( Epg (t)− Eyi(t) (25)

where C1 and C2 are positive constants and γ1 and γ2 are
uniformly distributed random numbers in [0,1]. Based on
updated velocities, the position of each particle changes

Eyi (t + 1) = Eyi (t)+ Evi (t + 1) (26)

Based on formula (25) and (26), the population of particles
tend to cluster together with each particle moving in a random
direction.

D. EVALUATION
Each solution in the population is evaluated using a measure
of fitness to improve the solutions. The fitness measure we
used is the objective function value in Eq. (1).

Therefore, we found the best solution that corresponded to
the lowest cost.

E. SELECTION
The parents are selected for mating and reproduction during
each generation. We use the tournament selection [37] to
generate offspring in the population. This selection strategy
is based on fitness evaluation. The selection procedure is
referring to [38].

F. CROSSOVER
The crossover and mutation operations can ‘reshape’ the
population, although tournament selection by itself gener-
ates a non-normal distribution, which makes the distribution
to become more normal. The crossover operator adopted
in our C-GA-PSOs is the modified order crossover based
on classical order crossover (Gen and Cheng, 1997). The
difference is that crossover points are selected in modified
order crossover [39] instead of randomly selecting positions
in a parent in classical order crossover. The modified ordered
crossover behaves in the following way:

After position selection:
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TABLE 3. Performance comparison of the algorithms for set 1.

The generated pair of children are:

The Pseudo-code for the modified order crossover was as
follows,

G. THE HEURISTIC MUTATION
A better offspring can be produced with a heuristic
mutation operator - the neighborhood technique (Gen
and Cheng, 1997).

V. EXPERIMENTATION
The C-GA-PSOs code is implemented in MATLAB R2019a
on Intel core 2 Duo (2.00 GHz), 6GB RAM PC. Test data is
referring to the benchmark instances generated in [40], [41].
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TABLE 4. Performance comparison of the algorithms for set 2.

TABLE 5. Performance comparison of the algorithms on set 3.

The first set of instances is obtained from the instances
E-n22-k4, E-n33-k4, and E-n51-k5. The instances are gener-
ated by considering six pairs of randomly selected satellites
from customers, the depot is internal to the customers’ areas.

Considering the realistic layout of the satellites, the sec-
ond data set is also obtained from the instances E-n22-k4,
E-n33-k4, and E-n51-k5, but we consider six pairs of the
satellites randomly chosen between the customers, while
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TABLE 6. The impact of depot location on the total cost with low density customer.

the satellite is border random selected from the customers.
The third data set is obtained from [41], which comprises
12 instances with 100 customers. All instance sets can be
downloaded from the website of OR-Library. The charac-
teristics of the benchmark tests are shown in Figure 2. Per-
mile CO2 emissions costs and energy costs for the van and
ADV are calculated based on the formula proposed by Feng
and Figliozzi [42], the unit handling cost is referring to [43].
Considering most packages are less than 5 lbs (2.3 kg), it was
assumed that the ADV could carry up to eight customers.
A fully charged ADV will go up to 100 miles before needing
overnight recharging.

The parameters of the C-GA-PSOs for the problems are:
size of population = 25, number of iterations = 500, rate of
crossover = 0.3, and rate of mutation = 0.2, number of par-
ticles = 40, selection probability = 1/3, inertia weight factor
is a uniform random value between −8 and 8, the maximum
velocity is 2.

We compare the performance of the C-GA-PSOs with
HGA-2 (developed by William Ho et al. [44]) on data
sets 1 and 2. Set 1 contains small instances with up to
50 customers and two or four satellites. Table 3 contains the
instance name and the number of satellites in Columns 1
and 2. Columns 3, 4, 5, and 6 show the performance of
the C-GA-PSO, and Columns 7, 8, 9, and 10 show the per-
formance of the HGA-2, providing for each heuristic the
value of the best initial population, the computational time,
the final best solution and the improvement rate. We find
the best initial solutions produced by C-GA-PSOs are supe-
rior to those generated by HGA-2 in most of the instances
except E-n33-k4-s4-, E-n33-k4-sl4-22, E-n33-k4-sl4-22,

E-n51-k5-02-17, E-n51-k5-s 06-12, E-n51-k5-s11-19 for
set 1. This phenomenon proves that both improvement rates
of the C-GA-PSOs and the HGA-2 are low. Therefore,
the improvement of the final result compared to the initial
solution is limited.

Set 2 contains small instances with up to 50 customers
and four or five satellites, which is shown in table 4. The
C-GA-PSOs finds the optimal solution for the instances
where it is known. More precisely, four solutions that
are slightly worse (E-n22-k4-s13-16, E-n22-k4-s19-21,
E-n33-k4-s19-26, E-n33-k4-s22-26), the average solution
quality of the C-GA-PSOs is better than the average solution
quality of the HGA-2.

We tested the same procedure (C-GA-PSOs and
HGA-2) on a larger data set with 100 customers. These
instances present different realistic distribution of both cus-
tomers and satellites. Given the complexity of the model,
the involved number of constraints, and the large scale of
the data set, it is not surprising that the solver takes a longer
time to obtain a reasonable solution. On the other hand,
an enhancement procedure of operator selection can help to
reduce the computational time. Table 5 presents the results of
C-GA-PSO andHGA-2. The table contains the instance name
and the number of satellites in Columns 1 and 2. Columns 3,
4, 5, and 6 show the performance of the C-GA-PSO, and
Columns 7, 8, 9, and 10 show the performance of the HGA-2,
providing for each heuristic the value of the best initial popu-
lation, the computational time, the final best solution and the
improvement rate. From the efficiency point of view, the CPU
times of C-GA-PSO are less in the instances of 2EVRP-100-
5-1b, 2EVRP-100-5-2, 2EVRP-100-5-2b, 2EVRP-100-5-3b,
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TABLE 7. The impact of depot location on the total cost with high customer density.

2EVRP-100-10-1, 2EVRP-100-10-1b, 2EVRP-100-10-2b,
and 2EVRP-100-10-3b, because of the usage of an enhance-
ment procedure of operator selection, especially the size of
the instances is more than 100 customers. From the results,
we can see that the improvement rate is still limited to 7%.

We analyzed the solution results when adopting the above-
proposed algorithm in terms of location of depot-customer
and customer density. The experiment addresses instances
with variable-density customer distributions and different
depot locations. Two data sets with different customer density
were generated for a total of 38 instances. In each data set,
instances with 21, 32, and 50 customers, 2 and 4 satellites, and
different depot locations were generated. The data set with
low customer density (Table 6) was generated occasionally
in a square [X100,100], X = 200 ∗ rand (1, 19) − 100;
Y = 200 ∗ rand (1, 19) X 100. The data set with high
customer density (Table 7) was generated occasionally in a
square [−50, 50], X = 100 ∗ rand (1, 19) − 50; Y = 100 ∗

rand (1, 19) – 50. Two depot-location have been tested, and
the depot is located inside the customer area, ± 25 units
from the center of the square. The depot is located between
50 and 100 units beyond the lower frontier of the square
(recall that the square is 200 x 200 units). In these two kinds
of layout, the satellites were located around the customer
sites. It can be seen from Table 6 that when the customer
density is low, the total costs are lower when the depot locates
within the customer’s area, except for the instances E-n33-
k1-s2-7, E-n51-k1-s4-12, E-n51-k1-s4-16. With the increase
of the customer density, the lowest costs are achieved when
the depot locates outside of the customer’s area. It can be
explained by taking into consideration of package consolida-
tion cost and emission cost for the conventional van and ADV.

There was a break-even quantity of satellites when the num-
ber of customers increases.

VI. CONCLUSION
This study provides a tactical planning view for an E-grocery
delivery network when a traditional van and an ADV are
combined in the last-mile delivery. We present a model for
a 2E-VRP-MV to minimize transport and emission costs
when adopting an ADV in the E-grocery delivery process.
We proposed a C-GA-PSO for solving the problem and
demonstrated the model’s applicability using numerical stud-
ies based on the implementation of instance tests. It shows the
best initial solutions produced by C-GA-PSOs are superior
to those generated by HGA-2. We also developed a hybrid
GA-PSO step that generates a high-quality solution to the
problem within an acceptable computational time.

To further testify the effectiveness of the designed two-
echelon delivery network assisted by ADV, we applied the
2E-VRP-MV model and our solution algorithm to two sce-
narios that evaluate the impact of the customer density and
the depot location on total costs. The results show that
when the customer density is low and the depot is located
inside the customer’s area, the lowest costs are achieved.With
the increase of the customer’s density, the lowest costs for
most of the instances are achieved when the depot is located
outside the customer’s area. It can be explained by the total
system cost is influenced by package consolidation cost and
emission cost.

The capacity of the van and ADV, the weight of the
customer order, the layout of the depot-customer, the emis-
sion cost of the van, the handling cost, and customer den-
sities are key factors for achieving the minimum total cost.
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The instances generated from data sets 1, 2, and 3 present a
distribution of the customers, which is quite different from
the distribution in realistic applications in urban and regional
delivery. Future research is required to test the model and
algorithm in a more realistic data set. Besides, the sensitivity
analysis will be addressed between transport cost and emis-
sion cost. Other influential factors, such as the speed of the
ADV will be involved in the model.
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