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Abstract. This paper proposes a multi-agent model to evaluate the last mile
distribution process in urban areas, in a network that includes a single depot,
multiple customers and multiple homogeneous and capacitated vehicles. The
model is based on the behaviors of the different stakeholders and their
interactions, including coordination and collaboration of agents in the allocations
and routing processes. The performance of the Solomon Algorithm is the starting
point of the proposed model and the comparison of both results shows the
advantage of using multi-agent modelling to reduce distances and number of
vehicles needed for urban freight transportation.
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1

Introduction

City logistics refers to the optimization of all the logistics and transport activities in
urban areas, considering the environment, traffic, security impacts and energy savings
[1-3]. It implies a complex system that involves transport processes, urban dynamics,
and infrastructure planning and logistics strategies for all stakeholders that should work
with an integrated and coordinated methodology to achieve better results [4]. According
to Wolpert and Reuter [5], the main stakeholders in Urban Goods Distribution (UGD)
are: carriers, public authorities, receivers, residents and shippers, each one with
different behaviors and objectives. Other stakeholders that can be included are the
urban consolidation centers and road operators. As all stakeholders have very different
objectives, they should work coordinated with the aim to improve the urban freight
transport performance.
Multi-Agent System (MAS) Modeling is an approach used in UGD that considers
different stakeholders and their behaviors and interactions in several scenarios and
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policies changes as a support system for strategic, tactic and operative decisions. MAS
can represent the reality of the UDG, the relationships between stakeholders and their
behaviors as autonomous agents with the ability to collaborate [6]. MAS can represent
city logistics systems in a flexible and natural way with the aim of understand and
forecast policy measures and help to increase the efficiency and reduce the externalities
of city logistics [7].
In this paper, a multi-agent model that considers the stakeholders involved in a single
depot network with n customers and k homogeneous unlimited and capacitated vehicles
is used to evaluate the last mile distribution process in urban areas. The model includes
logistics behaviors, interactions and uses a heuristic algorithm to improve the
performance of UGD system.
An initial allocation and routing to last mile distribution is obtained by the Solomon
heuristic that is a benchmark solution to the capacitated vehicle routing problem with
time windows. These initial routes are analyzed and compared with those generated by
the proposed MAS model.

2

Multi-Agent Systems in Goods Distribution

There are many strategies used in urban goods distribution [8-10]. These strategies
consider different distribution structures that involve the goods flow from origin to
destination and the space-temporal patterns in the vehicle routing in distribution
systems. MAS modeling is a used as an approach in UGD because of its ability to
consider different stakeholders, their behaviors and interactions in several scenarios and
policies changes and how these changes affect the decision making process. Other
important MAS characteristic is that it can handle complex systems with large numbers
of heterogeneous and autonomous agents which can interact and collaborate between
them [7, 12].
According to Wooldridge [13] Agents are computer systems with two important
capabilities: First, they have the capacity to carry out autonomous actions; second, they
can interact with other agents, not only through data interchange, but also real social
relationships such as coordination, cooperation and negotiation, among others. An
agent can have a collection of several actions that can be performed in the interaction
with its environment, which may also include other agents. The issue to the agent is
deciding what actions to take to meet their internal goals [14].
A MAS organizes agents according to their characteristics and abilities to access
jointly, but also in a decentralized manner to the environment in which exist and solve
common and individual objectives. For this, a series of communication, coordination
and negotiation protocols is established among the agents. In this case, collaboration
between the system components facilitates problems solving and reaching out the
defined objectives [11-15].
The application of MAS in transport system has been used in several research studies
for transportation problems, but in logistics and urban freight transport there is too
much work to do [16]. Some researches that use MAS for transport are [17- 21] and for
Urban Goods Distribution are [14, 22, 23-27].
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3

Methodology

3.1

Urban Distribution Problem

The UGD could be performed with different strategies that implies specific structures
and typologies [9]. The focus of this paper is the last mile distribution and operative
decisions, where a single product is delivered to a set of customers from a unique depot
or satellite. The depot has no limitation for the number of homogenous capacitated
vehicles. This problem can be described as a capacitated vehicle routing problem with
time windows (CVRPTW) and the objective is the minimization of total delivery cost.
The mathematical model for the CVRPTW expressed by Zulvia et al. [28] is:
ℎ
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where 𝑐𝑖𝑗 is the travel cost from customer i to j, the depot is the customer 0, and 𝑥𝑖𝑗𝑘
represent decision variable defined in (2):
1 𝑖𝑓 𝑡ℎ𝑒 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑘 𝑡𝑟𝑎𝑣𝑒𝑙 𝑓𝑟𝑜𝑚 𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟 𝑖 𝑡𝑜 𝑗 ,
𝑥𝑖𝑗𝑘 = {
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(2)

constrained to:
𝑛

𝑛

𝑘
𝑘
∑ 𝑥𝑖0
− ∑ 𝑥0𝑗
= 0, ∀𝑘 = 1, … , ℎ,
𝑖=0

(3)

𝑗=0

𝑛

ℎ

𝑘
∑ ∑ 𝑥𝑖𝑗
= 1 , ∀𝑗 = 1,2, … , 𝑛,

(4)

𝑖=0 𝑘=1
𝑛

ℎ

𝑘
∑ ∑ 𝑥𝑖𝑗
= 1, ∀𝑖 = 1,2, … , 𝑛,

(5)

𝑗=0 𝑘=1
𝑛
𝑘
∑ 𝑥0𝑗
= 1, ∀𝑘 = 1,2, … ℎ,

(6)

𝑗=0
𝑛
𝑘
∑ 𝑥𝑖0
= 1, ∀𝑘 = 1,2, … , ℎ,

(7)

𝑖=0
𝑛

𝑛

𝑘
∑ ∑ 𝑞𝑖 𝑥𝑖𝑗
≤ 𝐶, ∀𝑘 = 1,2, … , ℎ,

(8)

𝑗=1 𝑖=0

𝑞𝑖 ≤ 𝑟𝑖𝑘 ≤ 𝐶, ∀𝑖 = 1,2, … , 𝑛; 𝑘 = 1,2, … , ℎ,

ISSN 1870-4069

37

(9)

Research in Computing Science 147(3), 2018

Martín Darío Arango Serna, Cristian Giovanny Gómez Marín, Conrado Augusto Serna Urán, et al.
𝑛

𝑛

𝑘
∑ 𝑥𝑖𝑗
− ∑ 𝑥𝑗𝑖𝑘 = 1, ∀𝑗 = 1,2, … , 𝑛; 𝑘 = 1, … , ℎ,
𝑖=0

(10)

𝑖=0

𝑘
𝑟𝑖𝑘 + 𝑞𝑗 − 𝑟𝑗𝑘 ≤ 𝐶(1 − 𝑥𝑖𝑗
), ∀𝑖 = 0,1, … 𝑛; 𝑗 = 1,2, … , ℎ,

(11)

𝑘
𝑠𝑗𝑘 = max{𝑒𝑗 , 𝑠𝑖𝑘 + 𝑢𝑖𝑘 + 𝑡𝑖𝑗 }, 𝑖𝑓 𝑥𝑖𝑗
= 1,

(12)

𝑠𝑗𝑘 + 𝑢𝑗𝑘 ≤ 1.

(13)

Fig. 1. Multi-agent framework to UGD.

Equation 3 is a constraint that ensures that every vehicle starts and finishes at the
depot. Constraints 4 and 5 ensure that each customer is visited just once and constraints
6 and 7 ensure that each vehicle is used once. The capacity constraints are expressed in
equations 8 and 9, where the demand of the customer i is denoted by 𝑞𝑖 , the load of
each vehicle after visiting each customer must be greater than zero 𝑟𝑖𝑘 >0.
Equation 10 and 11 ensure connectivity between the created subtours. Equation 12
and 13 express the time window constraints, where 𝑒𝑗 is the earliest time to deliver at
customer j, 𝑙𝑗 is the latest time to deliver at customer j, the beginning of the service time
of the vehicle k for the customer j is 𝑠𝑗𝑘 and 𝑢𝑖𝑘 and 𝑡𝑖𝑗 are the time required to serve the
customer i and the travel time from customer i to j, respectively.
The most common heuristic used to solve this type of problem is the Solomon
insertion heuristic [29] that will be used as a benchmark to compare the proposed model
solution. Although this heuristic is recognized as a good solution method, we propose
a multi-agent model to improve the solutions generated by the former heuristic.
3.2

The Multi-Agent Model

The proposed framework to solve the problem of a single depot with n customers and
k homogenous capacitated vehicles is a Multi-Agent Model with a memetic algorithm.
It allows the collaboration and coordination between the vehicles in order to improve
the routes in terms of travel distance and number of vehicles. The multi-agent model
considers the demands, the time windows constraints of customers and the capacity of
the vehicles for the assignment of each customer to a different vehicle.
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It also considers the process of coordination and collaboration between the agents to
establish routes that improve deliveries efficiency while fulfilling the customers’
requirements, Fig. 1 presents the agents defined in the proposed MAS model.
The proposed MAS model integrates autonomous agents with reactive, proactive
and social characteristics, based on the FIPA-ACL language (language of
communication among agents) proposed by the Foundation for Intelligent Physical
Agents [30] looking for improving the assignment the customers according to the
available capacity in the terminal and in the vehicles, as well as design routes that make
efficient deliveries in the terms of the established requirements of customers. This
process involves many activities of communication and coordination between the
different stakeholders of this distribution network.
The control agent has direct contact with the demands of the customer database,
reads all the set of client’s needs, assesses the capacities and resources of the logistics
network, accepts or rejects the customers’ orders and activates all the assignment
process to the other agents by a Query protocol with the agent terminal. The Query
Protocol allows the agent control to ask the agent terminal if it can accept the customer’s
orders and the agent terminal answers if it agrees with the request or rejects it.
The agent terminal receives the information and designs the initial route by the
Solomon heuristic with the number of vehicles needed to perform the routes, the travel
distance and the used capacity through a Request Protocol to the vehicles requesting
the service of deliveries.
The agent vehicle uses an evolutionary heuristic algorithm that allows solve optimize
the problem with global and local search strategies, but with the advantage of autonomy
provided by the multi-agent system. Each vehicle is an agent that evolves from the
interaction with other vehicles and negotiates the best possible interchange of clients to
reduce the cost of the distribution [14]. Each agent has two properties: the set of clients
assigned to its route, that defines its phenotype and a gender that will allow interactions
with other agents and according to [31] the believes of the agents stablishes the set of
genes that can crossover their genes and it’s conditioned by the gender of the agents v
and the fitness value (f) of their phenotype l. The believes of the agents can be denoted
as the follow [14]:
𝑔𝑖 ≠ 𝑔𝑗
𝐵𝑖 = { 𝑓𝑖 −𝑓𝑗
} 𝑖, 𝑗 𝑎𝑟𝑒 𝑎𝑔𝑒𝑛𝑡𝑠 ∈ {𝑣1, 𝑣2 , … 𝑣𝑛 }.
(
) > 𝛼, 0 >∝≤ 1

(14)

𝑓𝑖 +𝑓𝑗

The first part of the equation explains that the agent only can crossover their genes
with an agent of other gender. There are two types of gender: the male agents search
actively a couple to crossover information; the female agents receive the corresponding
bids and decides if it accepts or rejects the male agent. In the second part, 𝛼 is factor of
selection according to the fitness value, while the 𝛼 value is closer to 0, the greater it is
the probability of selecting other agent with a higher 𝛼 value.
The behavior of the agent vehicles, are directly related to actions of selection,
crossover and refinement of the evolutionary framework which can be explained in the
following pseudo-code:
Algorithm 1: evolutionary heuristic
Input: male and female agents
Processing:
ISSN 1870-4069
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Fig. 3. Some routes of the best run. Left (Solomon) – Right (Evolutionary multi-agent).

(1) Initialize.
(2) Selection between agents according to 𝐵𝑖 .
(3) Crossover the genes of the agents generating N pairs
that constitute the population of descending routes.
(4) Assess capacity constraints of each route.
(5) Local search with 2-opt heuristic.
(6) Assess time window constraints.
(7) The Children replace the Parents if their fitness
is greater than the parents.
(8) Randomly assigns the gender to the new individuals.
(9) Until stop condition is fullfilled.

4

Model Application

For the application of the multi-agent model we consider the following sets: the
demands of products are in a rank between (6 – 29) units, the location of customers is
between (-100 and 100 units in a Cartesian plane, these values were chosen randomly)
and the depot is located at point (69, -29); the capacity of the vehicles is 200 unit. Ten
runs were performed with the same data set applying the Solomon insertion heuristic
and the evolutionary multi-agent model and each run gives as a result the set of routes
that should be taken to meet the demand and the time window constraints with
consistent solutions. The analysis of the results for the same data demonstrates that the
evolutionary multi-agent model generates an improvement of the results compared with
the Solomon heuristic. The best routes produced by the Solomon insertion heuristic and
by the proposed evolutionary MAS heuristic are presented in Table 1. As shown in this
table, 13 routes are required to visit all the customers, and the evolutionary multi-agent
model changes the sequences (must be aware that the routes start and finalize at the
depot) of the routes according with the coordination and collaboration process between
the agents vehicle producing an improving in the total travel distance.
The best solution for the Solomon heuristic generates a travel distance of 5632,3
units, meanwhile the best solution with the Evolutionary Multi-Agent heuristic is
5327,8 units.
This improvement in the solution, is the result of the coordination and collaboration
processes of the agents’ vehicle through the evolutionary algorithm. Additionally, Fig.
3 (left side) shows some of the 13 Solomon routes, allowing to observe that the routes
are very heterogeneous regarding the position of customers. Due to the time window
Research in Computing Science 147(3), 2018

40

ISSN 1870-4069

Multi-agent Model for Urban Goods Distribution

Table 1. Best run by Solomon heuristic and Evolutionary multi-agent heuristic.
Solomon
Routes

Sequence of customers

Evolutionary multi-agent Model
Distance

Sequence of customers

Distance

1

85-91-65-70-81-59-76

392,273

26-60-93-66-62-20-3-9

284,871

2

82-79-99-92-90-88-83100

284,747

34-31-44-21-80-79-70-12

390,258

3

67-56-63-61-64-62-7875-74-53

396,85

84-65-4-82-64-15-19-4873-47-76

316,532

4

77-58-48-22-49-45-3841-33

531,956

22-89-88-38-51-55-6-8756

531,955

5

89-96-93-94-87-97-84

307,937

90-83-74-13-94

326,162

6

73-54-52-50-66-72-5760-44

485,804

11-28-49-71-32-10

260,548

7

95-98-80-86

335,186

7-39-25-98-8-58-92

380,445

8

43-32-35-19-39-46-2725-21-18

531,799

27-96-86-68-35-52-2-541

526,484

9

71-51-34-26-29-16-47

547,915

53-37-99-69-78-33-2357-46

547,807

10

40-28-31-42-37-24-11

475,728

97-29-40-43-85-61-4218-14

477,982

11

12-4-1-3-36

395,332

67-30-45-17-24-100-3681

479,361

12

30-7-6-8-5-15-20-2

486,721

75-63-1-95-72

419,465

13

23-14-17-10-13-9

460,136

91-59-16-77-54-50

385,989

Total travel distance

5.632,38

Total travel distance

5.327,86

Table 2. Comparison between results
Instance
50
customers
100
customers
200
customers
600
customers

Best travel distance
Solomon
Evolutionary
MAS
2365,
2091,0110
3363
5632,
5327,8640
3847
5919,
5816,0134
0469
3930
38896,924
2,2651
7

Mean of travel distance
Solomon
Evolutionar
y MAS
2455,0
2234,949
046
2
5909,3
5371,135
218
9
6427,3
6257,466
153
8
40941,
40155,52
9605
18

Standar deviation
Solomon Evolutionary
MAS
179,5
148,2594
701
198,1
168,1545
098
221,2
169,1766
622
822,8
732,8047
201

constraints, the routes are some chaotic and with superposition of trips. In the
evolutionary multi-agent heuristic, the routes (right side of Fig. 3) are less complex.
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To validate de results of the Evolutionary MAS, a set of instances were performed
with the same heuristics. The set of instances can be found at Serna-Uran (2016) [14]
for the set of 50 customers and 200 customers, and for the 600 customer the Solomon
benchmark heuristic S-R1-600 was used.
Table 2, presents results of the performance of both algorithms applied in different
instances and reinforces that the proposed MAS generates a lower travel distance and
a lower variability in the results obtained in each run.
It is remarkable that the Solomon heuristic is a well-known benchmark to solve the
CVRPTW, their solutions are feasible but with low efficiency. The presented
evolutionary multi-agent heuristic is a novel model to solve this kind of problems and
allows the interaction of the goods distribution stakeholders through the coordination
and collaboration between them with the aim to find a global solution that is more
realistic and efficient in terms of the use of resources and applicability to real problems.
The Solomon heuristic as starting point of the evolutionary multi-agent systems allows,
at least, to equal the initial routes, and the interaction between agents improve this
routes by the behaviors that each agent perform. It should be noted that although the
solutions are very near between them, the evolutionary MAS has less variability which
means that the solutions are more consistent than Solomon, whereby it could be used
in a more dynamic context such as the real world.

5

Conclusions

In this paper the capacitated vehicle routing problem with time windows (CVRPTW)
was solved using the Solomon Heuristic and a Proposed Multi-Agent Model. The
solutions found with the Solomon algorithm are feasible solutions to the Vehicle
Routing Problem with time windows, however the space of solutions is not intensively
explored from the insertion criteria that the heuristic uses.
This generates that the routes found are little ordered and coherent as can be observed
in figure 4 (left side), which can be interpreted as inefficient routes. On the other hand,
the solutions found with the evolutionary heuristics are more ordered, more efficient
and equally feasible routes in terms of time window compliance that can help in the
operational decisions in the UGD.
In the process followed in the implementation of the model, it is possible to highlight
the ease with which problems of great computational complexity can be solved from
the distributed computing paradigm. In urban conditions, where the complexity is not
only computational but also stochastic or for the difficulty to articulate different actors,
multi-agent models become an important solution alternative, since those present a
great flexibility for the definition of different agents with capacities and conditions,
allowing to explore and optimize coordination processes based on behaviors that can
be adapted according to the real conditions or scenarios. In the logistic model presented,
for example, vehicles are defined as agents, which facilitates the design of collaboration
and optimization processes based on particular conditions that can be easily adjusted to
urban environments.
The use of fuzzy logic in the relaxation of the constraints of time windows could
reduce the cost of the routes with a penalization for violating the time windows, the use
of this technique would be interesting for further research. In the same way, inclusion
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of the dynamic context of the UGD in the model according with the permanent changes
presented at the demand and in the travel times in the cities is a future research filed.
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