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Abstract. In this work, the Multi-Depot Green VRP with Pickups and
Deliveries (MDGVRP-PD) is studied. It is a routing optimization prob-
lem in which the objective is to construct a set of vehicle routes consider-
ing multiple depots and one-to-one pickup and delivery operations that
minimize emissions through fuel consumption, which depends on weight
and travel distance. In one-to-one problems, goods must be transported
between a single origin and its single associated destination. Practical
considerations imply addressing the pickup and delivery of customers
from multiple depots, where a logistics service company can efficiently
combine its resources, thus reducing environmental pollution. To tackle
this problem, we develop a mathematical programming formulation and
matheuristic approach based on the POPMUSIC (Partial Optimization
Metaheuristic under Special Intensification Conditions) framework. The
results show that if the weight carried on the routes as part of the fitness
measure is considered, our matheuristic approach provide an average
percentage improvement in emissions of 30.79%, compared to a fitness
measure that only takes into account the distances of the routes.
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1 Introduction

Road freight transportation is crucial for societies’ economic and industrial devel-
opment [13]. However, the distribution of goods negatively affects local air qual-
ity, generates noise and vibration, causes accidents, and contributes to global
warming [25,26]. Thus, reducing emissions in the road transport sector has
been a central topic in international agreements on climate change since green-
house gases (GHGs) are considerably associated with environmental pollution.
Moreover, the main source of energy used by the global transport sector has
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been petroleum products (e.g., gasoline, diesel, etc.), whose demand is expected
to increase by 30% and 82% between 2010 and 2050. The CO2 emissions are
expected to increase from 16% to 79% [6]. As a result, logistics and freight
transportation companies are investigating sustainability concepts around sev-
eral dimensions such as financial, environmental, and social [1].

Several researchers mainly focused on complex planning and routing prob-
lems that address the challenges mentioned above for road freight transporta-
tion, which is one of the main sources of CO2 emissions [37]. More specifically,
in the supply chain design scope, the green distribution network planning leads
to the Green Vehicle Routing Problems (GVRPs), which is a variant of the
well-known operational problem in transportation, namely the Vehicle Rout-
ing Problem (VRP, [10]). The GVRP considers environmental issues in routing
problems [14,24,27]. The routing process involves designing routes for a fleet
of vehicles and customers, subject to given constraints. The customers must be
served according to particular features (e.g., delivery time, priority, low delivery
costs, etc.). In GVRPs, besides optimizing cost or profit, environmental costs
are also explicitly considered (e.g., CO2 emission, fuel consumption, energy min-
imization, etc.). The emissions of CO2 are directly proportional to the amount
of fuel consumed by a vehicle and this amount depends on several factors such as
the environment, traffic congestion, roadway gradient, curb-weight, and payload
[12].

One way to reduce the carbon footprint of vehicles is using better operational
strategies and establishing sustainable supply chains in the logistics industry.
Therefore, it is essential to achieve efficient vehicle routing plans that properly
considers sustainability factors. In the related literature, several variants of the
VRP have been considered in the field of green logistics. The cumulative vehicle
routing problem (CumVRP) introduced by [18,19] is a widely studied optimiza-
tion problem that involves a weighted load function (load multiplied by distance).
Another variant is the pickup and delivery vehicle routing problem (PDVRP)
[33], which involves satisfying a set of pickup and delivery requests between loca-
tion pairs. According to the type of demand and route structure, the PDVRP can
be done in the following forms [5]: many-to-many (multiple products are trans-
ported between multiple origins and destinations), one-to-many-to-one (multiple
products are transported from one depot to many clients and vice-versa), and
one-to-one (each product is transported from a single origin to a single desti-
nation). An interesting aspect of the PDVRP is the influence of the load on
fuel consumption when the delivery trip is made to a certain location. In addi-
tion, the multi-depot vehicle routing problem (MDVRP) has received increasing
attention [28], because is it essential for companies with a wide range of business
fields and having multiple depots, because the solution of the MDVRP could
support these companies decrease their transport costs and improve their eco-
nomic fulfillment. In the MDVRP, vehicles serve customers from several depots
and return to the same depot. There are a few studies that consider MDVRPs
combined with environmental factors (see [15,17,23,37]). However, to the best
of our knowledge, the multi-depot green vehicle routing problem with pickups
and deliveries (MDGVRP-PD) has not yet been investigated in the literature.
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In this work, we study the MDGVRP-PD that consists of a one-to-one vari-
ant of the PDVRP in a multi-depot context considering the load on each arc,
with the objective to minimize fuel consumption. For this one-to-one variant, we
only work with the restriction that goods must first be picked up before they
can be delivered, but these processes do not have to be carried out consecu-
tively. To provide feasible solutions for the MDGVRP-PD, this study proposes
a POPMUSIC matheuristic approach [21]. POPMUSIC is capable of addressing
large scenarios by decomposing them into subsets of parts. Subsets of parts are
bundled and used to create sub-problems, which are then solved by means of a
mathematical programming approach.

The remainder of the paper is organized as follows. Section 2 reviews related
works. Section 3 describes the mathematical formulation of the MDGVRP-PD.
The POPMUSIC approach is presented in Sect. 4. Computational experiments
and results are given in Sect. 5, and finally, we present the conclusions and future
work in Sect. 6.

2 Related Works

Freight transportation is a significant component in logistic distribution activ-
ities and inevitably the largest consumer of fuel compared to other forms of
transportation [6]. Therefore, the importance of achieving optimal routing plans
that include sustainability factors is increasing as societies need transportation
services that are economical, societal, but also environmentally sustainable. Fur-
thermore, the green routing problems are characterized by achieving a sustain-
able supply chain network design and have attracted the scientific community’s
interest, especially in Operations Research and Artificial Intelligence fields (e.g.,
[6,14,24,27]).

Several authors have proposed diverse optimization models and solution
approaches for green vehicle routing problems (GVRPs), considering the effects
of vehicle’s load on fuel consumption to reduce environmental pollution. The
studies [18] and [19] present the energy minimizing vehicle routing problem and
cumulative vehicle routing problem (CumVRP), which are the first vehicle rout-
ing studies proposing a cost function as a sum of the product between vehicles’
load and distance for each arc in the vehicles’ routes. The authors of [8] present
a two-phase constructive heuristic approach to solve the CumVRP with lim-
ited duration restrictions and minimizing the fuel consumption. In this work, we
use the fuel consumption parameters of vehicle categories proposed in [20]. In
[7], the authors present the pollution routing problem, which seeks to minimize
both operational and environmental costs by taking into account customers’
time-windows constraints. The total travel distance, the amount of load carried
per distance unit, the vehicle speeds, and the duration of the routes are the main
costs.

While the GVRPs are suitable for solving single depot problems, supply chain
networks primarily consist of multi-depots and multiple delivery points, which
require more practical approaches such as the multi-depot vehicle routing prob-
lems (MDVRP) [9]. Furthermore, there exists a requirement for transportation
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and logistics businesses to minimize their environmental footprints. In compar-
ison to the MDVRP, the MDGVRP considers more factors that might affect
emissions (e.g., load, speed, traffic congestion, etc.), which, at the same time,
increases the complexity of the problem and the difficulty of solving it. In [23],
the authors study the MDGVRP maximizing the income (multiplication between
the total demand for a product and the price) and minimizing costs, time, and
emissions using an improved ant colony optimization algorithm. The authors
of [37] propose a bi-objective model for the MDGVRP to minimize total car-
bon emissions and operational cost by considering the sharing of transportation
resources within the same depot and among multiple depots. Similarly, to solve
the MDGVRP efficiently, [17] presents a hybrid approach based on ant colony
optimization and variable neighborhood search approaches to minimize cost and
emission.

MDGVRP variants are considered in several studies, e.g., [15,30,38], but they
do not take into account the influence of the vehicle’s weight during the course
of its route on fuel consumption. In this work, we estimate the fuel consumption
using the approach defined by [32], where the weight of the vehicle is considered
in the objective function. According to [20] and [34], the effect of vehicle payload
on fuel consumption can be characterized by a linear function dependent on the
payload, the consumption per unit of distance for the empty vehicle, and the
consumption of moving the unit weight of goods per unit distance.

Besides the aforementioned works, some authors investigate PDVRPs, in
which a set of pickup and delivery requests between customer couples are sat-
isfied. In [5], the authors classify three different forms of pickup and delivery:
one-to-one, one-to-many-to-one, and many-to-many. The PDVRP is classified as
a NP-hard problem due to complexity and the excessive consumption of com-
putational time in its resolution. There are a few PDVRP studies where the
emissions are taking into account [4,33,36]. However, as far as we know, the
green PDVRP variant has not yet been investigated in a multi-depot scenario.
In this study, we present a green variant of the multi-depot one-to-one pickup
and delivery problem, where the objective is to design a set of optimal routes
starting and ending at different depots to satisfy pickup and delivery requests
under minimal emissions.

Other than in previous works, we develop a matheuristic that relies on
the Partial Optimization Metaheuristic under Special Intensification Conditions
(POPMUSIC, [35]) matheuristic proposed in [21] to solve the MDGVRP-PD.
Matheuristics have been used successfully in routing problems [3]. In this con-
text, POPMUSIC has been successfully utilized in various studies associated
with the VRP (see [2,22,29]) for address large instances by decomposing them
into a set of parts.

3 Problem Definition

The Multi-Depot Green VRP with Pickups and Deliveries (MDGVRP-PD) can
be defined as follows. Let G = (V,A) be a complete directed graph, where
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V = {N ∪ M} is the node set that contains all customer and depot nodes,
and A = {(i, j) : i, j ∈ V, i �= j} is the arc set. Node set N = {P ∪ D} with
P = {1, . . . , n} represents the set of pick-up nodes and D = {n + 1, . . . , 2n} the
sets of delivery nodes, whereas node set M = {1, 2, . . . ,m} represents the set of
m uncapacitated depots. Furthermore, we have a homogeneous set of vehicles
K = {1, 2, . . . , k}, each with capacity Q. The following parameters and decision
variables are defined in the problem:

Parameters:

– dij , the travel distance between each arc (i, j) ∈ A,
– qi, the demand of each node,
– Q, the maximum load weight for each vehicle,
– tl, the time limit duration of the each subtour,
– α, the cost of moving an empty vehicle per unit of distance,
– β, the cost of moving the unit weight of goods per unit distance, respectively.

Decision variables:

– xk
ij , 1 if a vehicle k travels from node i ∈ V to node j ∈ V , and 0 otherwise,

– wk
ij , the total load transported from node i to node j by vehicle k for i, j ∈ V .

We estimate the fuel consumption following the approach of [32]. Also, we
consider the total vehicles’ weight, represented by a carried load wk

ij on arc
(i, j), and it is a measure that helps reducing fuel consumption and environmen-
tal pollution. The objective function (1) of MDGVRP-PD minimizes the fuel
consumption based on traveled distance dij , the load wk

ij carried by the vehicle
k on each arc i, j ∈ V , and fuel consumption parameters (see [20]). The param-
eters α and β represent the cost of moving an empty vehicle per unit of distance
and the cost of moving the unit weight of goods per unit distance, respectively.

Objective function:

Minimize
|V |∑

i=0

|V |∑

j=0

|K|∑

k=0

dij(αxk
ij + βwk

ij) (1)

In the MDGVRP-PD, the following constraints are considered:

(a) Each node has to be served exactly by one vehicle.
(b) Each vehicle visits a delivery location once it has visited the corresponding

pickup location.
(c) Each vehicle starts and finishes at a depot.
(d) For each tour, the flow on the arcs accumulates as much as preceding node’s

supply in the case of pickup or diminish as much as preceding node’s demand
in the case of delivery.

(e) For each pickup or delivery node, the required demand must be satisfied.
(f) For each node, the in-degree must the equal to the out-degree.
(g) Total demand must not exceed vehicle capacity.
(h) For each vehicle, the maximum tour duration is not exceeded.
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4 Proposed Algorithm

The POPMUSIC approach is a decomposition-based method, originally pro-
posed by [35] as a metaheuristic and revised as a matheuristic in [21]. This app-
roach divides a problem into smaller subproblems. Some or all of these subprob-
lems are solved through metaheuristics or mathematical programming methods
to optimality or suboptimality (i.e., matheuristic version).

To be precise, POPMUSIC works on an initial generated solution of the
problem S, which then will be decomposed into t parts {s1, . . . , st}. Each part
corresponds to a subtour of S. Next, some of these parts will be joined to build a
subproblem SP using a proximity measure between parts. Subproblems are built
by first selecting one of the t parts (called seed-part) and taking into account
the r nearest parts (SP = {sseed, s1, s2, . . . , sr}) according to the lexicographic
strategy. The parameter r delimits the size of the subproblems. A mathematical
programming method is used to optimize SP , and if there is an improvement
over SP , then this improvement contributes to the total solution S.

Algorithm 1 shows our matheuristic approach for solving the MDGVRP-PD.
Initially, a feasible starting solution is constructed by a greedy strategy consisting
of a set of parts or subtours (line 1). After the initial solution has been generated,
the solution S is divided into t parts creating the set H = {s1, . . . , st} (line 2). A
set U is created to control the set of parts that have not been used as seed-part
for building a subproblem (lines 3 and 4). Then, a seed-part is selected randomly
(line 5). A subproblem SP is constructed by considering its r closest parts and
is locally optimized by an exact method (lines 6 and 7). If the solution has been
improved, then the solution S is updated (lines 8-10). Once U contains all the
parts of the complete solution (line 4), the process ends as all sub-problems have
been explored without improved results.

Algorithm 1: POPMUSIC pseudocode
1 Generate an initial solution S;
2 Decompose S into t parts, H = {s1, . . . , st};
3 Set U = ∅;
4 while (U �= {s1, . . . , st}) do
5 Select a seed-part, sseed ∈ H, at random and sseed /∈ U ;
6 Build a sub-problem SP composed of the r parts of S which are the closest

to sseed;
7 Optimize SP by using a mathematical programming approach;
8 if (SP improved) then
9 Update solution S with SP ;

10 U = ∅;

11 else
12 Insert sseed in U ;
13 end

14 end
15 return S;
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Solution Representation. To represent a solution, we use a solution structure
based on a two-dimensional vector of parts si, where each item represents a set of
routes belonging to the same depot (see Fig. 1). Furthermore, each route must
comply with the pickup and delivery constraints. That is, the delivery nodes
must be visited after visiting the corresponding pickup nodes.

We consider three types of nodes in our problem. Each route is represented
by a depot node (o), pickup node (p), and delivery node (d) (see Fig. 1). The
sequencing of visiting is related to the one-to-one variant of the PDVRP; for
example, the visiting order can be done by firstly visiting a pickup node then
going directly to deliver the goods to their corresponding delivery node and then
performing another pickup, or first all pickups and then all deliveries; any other
form of mixed pickup and deliveries satisfying the sequencing restrictions.

s1
s2

st

o1, p1, d11 , o1, p2, d12, p5, d15 . . . o1, pi, d P i, . . .
o2, p7, p11, d17, d21 , o2, p6, d16 . . . o2, pi, d P i, . . .

om, p13, d23 , om, p16, d26 . . . om, p P , dD , . . .

Fig. 1. Solution structure composed of parts.

Initial Solution Strategy. For the operation of POPMUSIC, a key point is
the generation of an initial solution. To do this, we have developed and tested a
greedy construction method that considers the haversine distance of each node
to each depot.

Algorithm 2 shows the pseudocode of the initial greedy solution. Initially,
for each node, the closest depot is determined (lines 1–3). Next, a pickup node
and its corresponding delivery node, as well as its closest depot, are obtained
(lines 7–11). With this, a check is performed whether the trip’s time duration
and the vehicle’s capacity restriction are satisfied (lines 12 and 13). If the nodes
can be assigned to the vehicle, then a tour is built until it is part of the prob-
lem’s solution (lines 14 and 15); otherwise, we proceed with another vehicle and
construct a new tour (lines 17–20). Finally, the assignment of the nodes to the
tour is performed by fulfilling the sequencing restrictions of pickup and delivery
nodes.

Subproblem Generation Strategy. The lexicographic strategy presented in
[22] is used to group the parts of a subproblem. This strategy consists of ran-
domly selecting a seed-part sseed and r parts of increasing index concerning
the index θ of the seed-part. For example, if the initial solution is divided into
4 parts, and we consider r = 2, then we can have the following subproblems:
SP = {s1, s2, s3}, SP = {s2, s3, s4}, and SP = {s3, s4, s1}. The previous strat-
egy can be grouped as a disjoint set and can be generalized by ·⋃θ+r

p=θ.
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Algorithm 2: Greedy algorithm pseudocode
1 for i ∈ N do
2 for j ∈ M do
3 minD[i] = argmin(dij);
4 end

5 end
6 currentvehicle = 1;
7 for (i ∈ M) do
8 for (j ∈ N

2
) do

9 p node = N [j];
10 d node = N [|P | + j];
11 if (minD[j]==i) then
12 time = calculate travel time;
13 if (time ≤ tl and p node.qj ≤ Q) then
14 Q = Q − p node.qj ;
15 p node, d node addeed to route S[currentvehicle]

16 else
17 currentvehicle = currentvehicle + 1;
18 Q = max payload;
19 time = 0;
20 i = i − 1;

21 end

22 end

23 end

24 end

5 Computational Results

This section is devoted to analyzing the performance of the POPMUSIC app-
roach for solving the MDGVRP-PD variant. All implementations were done in
C++11 using Visual Studio v15.9.2 IDE and IBM ILOG CPLEX v12.9.0 API
on Windows 10 OS. The tests were performed on an Intel(R) Xeon(R) E3-1220L
(Sandy Bridge) CPU 2.20 GHz with 16GB RAM memory. The matheuristic app-
roach was tested for 10 executions for each instance. The POPMUSIC approach
was run in single-thread mode.

5.1 Instances

To test our matheuristic approach for the MDGVRP-PD, we modified subsets
of the n100 and n200 groups of instances proposed in [31], where the authors
consider real urban locations, and where a set of routes can be performed in a
single labor day (eight hours). An example of these modified instances can be
seen in Fig. 2.

The modified instances have n+m locations. There are n customer locations
and m depots. The n locations are paired to form a total of n requests (pickup
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and delivery couples). The n locations for pickup (P ) and other n locations for
delivery (D) are paired, where |P | = |D| = n, in a one-to-one way. The instance
set consists of three different groups, ranging from 10 to 200 customers and are
classified in three different complexity levels: small-scale with the first 10 or 50
customers from the original n100 group from [31]; medium-scale with the first
70 or 100 customers from {n100;n200}, and the last group for the large-scale
with the first 150 or 200 customers. For all instances considered in this section,
the time limit of the tour duration is 240 min, and we add four depot locations
from the remaining locations that were not used in the generated instances. The
customers’ demands and the capacity of the vehicles are considered in kilogram.
Also, the vehicle parameters are based on light-duty type with a curb-weight of
3500 kg and a maximum payload of 4000 kg, known as the gross vehicle weight
rating.

5.2 Parameter Setting

A parameter tuning process was performed by executing them on all problem
set instances. The only tuned parameter for POPMUSIC is r, with r ∈ {1, 2}.
We have run a Friedman-k Related Samples test [16] to show the importance of
our results. The test indicates no significant differences for both samples, with
mean rank r = 1 (1.44) and r = 2 (1.56), showing both parameters have a small
difference. Due to this, an analysis of the results will be carried out, considering
the case of r = 1 (POPMUSICr1) and r = 2 (POPMUSICr2).

5.3 Results

This section compares the performance of the POPMUSICr1 and POPMUSICr2.
In doing so, we assess the performance of these variants on all problem instances
in terms of objective function values of all iterations performed. Table 1 shows
the results provided by the POPMUSICr1 and POPMUSICr2.

In this table, the first column reports the instance studied, and columns
Zr1

min, Zr2
min and Zr1

max, Zr2
max provide the minimum and maximum objective

function values found, respectively. Columns Zr1
start and Zr2

start show the objective
values of the initial solution provided by the greedy algorithm. Columns λr1

and λr2 represent the improvement between the best objective value and the
initial solution value for each instance. The values of λr1 and λr2 are calculated
using 100×(Zr

min-Zr
start)/Zr

start, with r = r1 ∨ r2. Columns t(s)r1 and t(s)r2

represent the computational times. The last column shows the relative difference
Gap(%) between POPMUSICr1 and POPMUSICr2. It is calculated according
to 100 × (Zr1

min − Zr2
min)/Zr2

min, where POPMUSICr1 represents the best values
for fuel consumption provided by our matheuristic approach. A negative value
in columns λr1, λr2, and Gap % shows improvements.

The results show that POPMUSICr1 generally obtains better objective func-
tion values (Zr1

min) than POPMUSICr2 (Zr2
min), having 9 best values obtained

from a total of 14 instances with different complexities. The difference between
the minimum and maximum values (Zr1

max, Zr2
max) obtained shows that the
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(a) with 10 locations. (b) with 50 locations.

Fig. 2. Example of two modified instances. Blue and red circles are pickups and delivery
locations, respectively. The black circles are the depots. (Color figure online)

Table 1. Computational results for the POPMUSIC variants with r = 1 and r = 2 on
modified instances. The best values are given in bold face.

Instance POPMUSICr1 POPMUSICr2

Zr1
min Zr1

max Zr1
start λr1(%) t(s)r1 Zr2

min Zr2
max Zr2

start λr2(%) t(s)r2 Gap (%)

n10–1 6.44 7.00 11.53 –44.15 127.60 11.53 11.53 11.53 0.00 213.84 –44.15

n10–2 6.54 6.70 7.83 –16.48 276.16 4.89 7.07 7.83 –37.55 204.65 33.74

n30–1 42.12 56.37 51.48 –18.18 212.16 45.70 61.51 51.48 –11.23 208.8 –7.83

n30–2 41.66 50.26 53.08 –21.51 201.08 41.92 53.08 53.08 –21.02 206.25 –0.62

n50–1 151.19 175.05 166.58 –9.24 202.41 152.48 178.05 166.58 –8.46 207.32 –0.85

n50–2 120.66 133.51 133.42 –9.56 230.14 114.45 139.15 133.42 –14.22 211.56 5.43

n70–1 99.11 137.89 121.55 –18.46 204.68 105.05 132.46 121.55 –13.57 206.21 –5.65

n70–2 138.73 189.44 159.74 –13.15 249.90 137.8 161.18 159.74 –13.72 217.80 0.65

n100–1 108.17 111.82 110.71 –2.29 206.64 103.42 113.19 110.71 –6.58 289.79 4.59

n100–2 112.87 120.27 112.87 0.00 417.72 112.87 112.87 112.87 0.00 339.57 0.00

n150–1 214.44 234.04 219.40 –2.26 205.02 214.07 238.38 219.40 –2.43 205.53 0.17

n150–2 288.96 301.30 299.82 –3.62 232.79 297.19 304.79 299.82 –0.88 201.81 –2.77

n200–1 271.66 324.21 287.94 –5.65 201.93 272.03 289.09 287.94 –5.53 205.36 –0.14

n200–2 418.66 429.19 432.08 –3.11 202.58 422.33 439.84 432.16 –2.27 202.46 –0.87

Avg. 144.37 162.65 154.86 –11.98 226.49 145.41 160.16 154.87 –9.82 222.93 –1.31

matheuristic generally maintains a stable behavior. The initial solution values
(Zr1

start, Zr2
start) concerning the best values obtained (Zr1

min, Zr2
min) are always

improved during the POPMUSIC process (see λr1 and λr2). Only for instance
n10–2, the gap value of 33.74% is significant. Furthermore, these results also
indicate, as discussed in [21], the suitability of the matheuristic POPMUSIC for
using and exploiting the exact optimization method for subproblems that allow
solving them to optimality within reasonable computational times.
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5.4 Effects of Loading on Fuel Consumption

To analyze the effect of the load on fuel consumption and emissions and bearing
in mind the previous results, we made a trade-off between the objective function
(see Eq. (1)) and one of the most used objective functions in the literature for
VRPs, i.e., the minimization of travel distances.

First, the set of values Zr1
min and Zr2

min for all instances with the estimation
of the amount of fuel consumption using the objective function (1), in which the
load carried over an arc wij was showed in Table 1. Second, let Z

′r1
min and Z

′r2
min

denote the set of values for all instances with the estimation of the amount of
fuel consumption considering a modified objective function considering only the
distance dij traveled by the vehicle as

∑V
i=0

∑V
j=0

∑K
k=0 dijx

k
ij and keeping the

flow restrictions.
Table 2 shows a comparison of the experiments between fuel consumption and

emission values. Columns Zr1
min and Zr2

min are the same as used for Table 1. The
amount of fuel consumption without considering the weight component in the
objective function is represented in columns Z

′r1
min and Z

′r2
min. Also, we calculate

the emissions of CO2 for all fuel consumption values using the emission factor
defined as 2.72 kg/L of fuel consumption [11], see columns COr1

2 , CO
′r1
2 , COr2

2 ,
and CO

′r2
2 . Furthermore, columns Imp.r1 and Imp.r2 show the environmental

percentage of improvement between (COr1
2 and CO

′r1
2 ), and (COr2

2 and CO
′r2
2 )

in terms of emissions. The average percentage of improvement for POPMUSICr1

and POPMUSICr2 is 30.79% and 25.50%, respectively.

Table 2. Computational results of the POPMUSIC approaches for the MDGVRP-PD
considering fuel consumption with and without the weight component in the objective
function. The environmental improvement average % values are given in boldface.

Instance POPMUSICr1 POPMUSICr2

Zr1
min COr1

2 Z
′r1
min CO

′r1
2 Imp.r1 Zr2

min COr2
2 Z

′r2
min CO

′r2
2 Imp.r2

n10–1 6.44 17.52 20.73 56.39 –68.93 11.53 31.36 20.73 56.39 –44.38

n10–2 6.54 17.79 31.80 86.50 –79.43 4.89 19.31 19.31 52.52 –63.24

n30–1 42.12 114.57 91.22 248.12 –53.83 45.70 124.30 91.22 248.12 –49.90

n30–2 41.66 113.32 77.76 211.51 –46.42 41.92 114.02 77.76 211.51 –46.09

n50–1 151.19 411.24 170.58 463.98 –11.37 152.48 414.75 170.58 463.98 –10.61

n50–2 120.66 328.20 180.65 491.37 –33.21 114.45 311.30 136.79 372.07 –16.33

n70–1 99.11 269.58 143.81 391.16 –31.08 105.05 285.74 143.81 391.16 –26.95

n70–2 138.73 377.35 197.30 536.66 –29.69 137.80 374.82 213.29 580.15 –35.39

n100–1 108.17 294.22 150.26 408.71 –28.01 103.42 281.30 122.17 332.30 –15.35

n100–2 112.87 307.01 145.95 396.98 –22.67 112.87 307.01 145.95 396.98 –22.67

n150–1 214.44 583.28 226.13 615.07 –5.17 214.07 582.27 225.66 613.80 –5.14

n150–2 288.96 785.97 293.39 798.02 –1.51 297.19 808.36 293.39 798.02 1.30

n200–1 271.66 738.92 319.23 868.31 –14.90 272.03 739.92 319.23 868.31 –14.79

n200–2 418.66 1138.76 439.86 1196.42 –4.82 422.33 1148.74 439.86 1196.42 –3.99

Avg. 144.37 392.69 177.76 483.51 –30.79 145.41 395.94 172.84 470.12 –25.25
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Fig. 3. Comparison between fuel consumption values for Zr1
min, Z

′r1
min, and Zr2

min, Z
′r2
min

for all instances.

Figure 3 shows the values of Zr1
min, Z

′r1
min, Zr2

min, and Z
′r2
min, for all instances.

The blue and red line represents the values for Zr1
min and Z

′r1
min, which show a

decrease in the fuel consumption values concerning Z
′r1
min. The black and gray

line represents the values for Zr2
min and Z

′r2
min, which shows similar behavior as

the previous one. This illustration remarks the significance of considering the
fuel consumption depending on weight and travel distance as it is proportional
to the reduction in emissions.

6 Conclusion and Future Research

This work addresses the Multi-Depot Green Vehicle Routing Problem with Pick-
ups and Deliveries (MDGVRP-PD). To solve this problem, we have designed
a POPMUSIC matheuristic approach to take advantage of the efficiency of
exact solutions to solve simple subproblems. We designed a set of instances for
(MDGVRP-PD) based on real urban locations to test our approach. A parame-
ters setting was conducted for POPMUSIC, showing minor differences in terms
of the fitness function.

The results show that POPMUSIC can provide feasible solutions for all
instances in reasonable computational times. POPMUSIC can use and exploit
the exact optimization method for subproblems that allow solving them to opti-
mality, showing that the decomposition methods can offer adequate and robust
solutions for routing problems with several depots.

Furthermore, an analysis of the effect of the weight on fuel consumption which
is proportional to the emissions showed a trade-off when it is considered that
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the weight carried by the routes with the fitness measure can produce significant
reductions in the emissions as compared to the case when only distances are
taken into account. As a result, our approach can provide an average percentage
of improvement in the emission of almost 30.79%.

Finally, as future work, we want to investigate the heterogeneous fleet and
speed variation in multi-depot green routing problems. Another issue concerns
the consideration of clustering algorithms to improve the initial solution proce-
dures of POPMUSIC.
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33. Soysal, M., Çimen, M., Demir, E.: On the mathematical modeling of green one-to-
one pickup and delivery problem with road segmentation. J. Cleaner Prod. 174,
1664–1678 (2018)

https://doi.org/10.1007/978-3-540-73556-4_9
https://doi.org/10.1007/978-3-319-69215-9_3
https://doi.org/10.1007/978-3-319-69215-9_3


Optimization of Green Pickup and Delivery Operations 501

34. Suzuki, Y.: A new truck-routing approach for reducing fuel consumption and pol-
lutants emission. Transp. Res. Part D Transp. Environ. 16(1), 73–77 (2011)
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