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Abstract

This paper proposes a solution scheme for the problem of scheduling deliveries from
distribution centers. The solution scheme is developed in two phases. The first phase
corresponds to the collection and processing of data, and the second phase includes
the design of a customer assignment model based on the data of the first phase. The
first phase provides the characteristics of the customers, the number of orders to be
dispatched, and the number of visited customers. In the second phase, optimization
techniques are used, considering scheduling and assignment problem-solving meth-
odologies. The optimization model provides the correct assignment of customer
orders to vehicles, reducing the number of trips and the fleet’s size and occupation
percentage. The proposed solution scheme is developed with a company operat-
ing a distribution center responsible for dispatching vehicles to all retail customers,
wholesalers, and distributors in the Province of Concepcién, Province of Arauco,
and Province of Itata in Chile. The obtained results are prominent and show that the
proposed methodology can be extended to companies performing storage, transpor-
tation, and distribution tasks with similar characteristics.
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1 Introduction

The decision-making process in logistics generates uncertainty about the future effects
associated with processes related to supply chain planning. Supply chain decisions
need quantitative support so that the probability of success is greater than the current
situation. In recent years, the tools for improving decision-making have diversified.
Statistical instruments and the field of data science are fundamental support for busi-
ness decision-making. Terms such as "data analysis," "data mining," and "big data" are
increasingly common. Another prominent methodology for problem-solving and deci-
sion-making is formulating problems through optimization models. This tool solves
problems with many variables and factors that are practically impossible to solve man-
ually. This work applies a combination of tools for the land transport industry (optimi-
zation and data mining) to improve logistics decisions and last-mile management.

The transportation industry has significantly changed and grown recently, mainly
attributed to the evolution of eCommerce. Monroy (2020) comments that the growth
of eCommerce during 2020 came with significant challenges and a different way of
addressing transportation processes. Currently, the scheduling of deliveries and the
logistics processes of product dispatch does not, for the most part, have quantitative
support (Branke and Pickardt 2011).

A route calendar is constructed where the destination areas and the day on which the
route will be taken are specified (Bunte and Kliewer 2009). This scheduling is usually
established and reassessed annually considering two objectives: (1) the conditions of
the service agreement with the customers and their influence on the quality and satis-
faction with the service, and (2) prioritizing visits to destination nodes that are located
in an area indicated in the calendar. In this work, a weekly planning horizon is con-
sidered, with some specific cases in which a visit frequency equal to or greater than
weekly is optional.

This paper proposes a solution scheme for the problem of deliveries for a Distri-
bution Center by using quantitative techniques and tactical-strategic methodologies to
deal with dispatch logistics operations. The proposed methodology aims to reduce the
deficiencies and limitations in the planning and scheduling of deliveries, minimize the
uncertainty regarding efficient and effective results from the processes, and increase the
quality and level of service delivered to the customer. In this case, a company with an
average of 19.25% of shipments not delivered on time is considered.

Section 2 specifies the literature related to the problem of vehicle scheduling for dis-
tribution centers and its associated decisions. Section 3 describes in detail the proposed
methodology for the problem under consideration. Finally, in Sect. 4, the conclusions
of the obtained findings are detailed, and future works are proposed.

2 Literature review
A supply chain is formed by diverse echelons directly or indirectly involved in satis-

fying a customer request, maximizing the total value generated (Chopra et al. 2013).
One of the most important decisions within supply chain planning involves planning
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transport logistics processes that link with the final customer, which is called last-
mile logistics. The last-mile logistics refers to the final section of the goods delivery
process. It is the most expensive and problematic area of the supply chain, where the
main complication is product delivery (Juhasz and Banyai 2018). Generally, diverse
factors and high logistic costs are incurred with the delivery process of the compa-
nies (Juhdsz and Banyai 2018). However, significant benefits of the solutions pro-
vided by the last-mile logistics could also be identified, such as time savings, safety,
energy savings and lower environmental impacts, level of customer service, mobil-
ity, and productivity.

Several early published works dealing with scheduling decisions have consid-
ered the combination of routing and scheduling problems within real environments.
For example, Li et al. (2008) considered a truck scheduling problem for solid waste
collection in Porto Alegre, Brazil. This problem is similar to our problem, where
"good" daily truck schedules can be designed on a set of previously defined collec-
tion trips. The objective of this work is to minimize the total operating and fixed
costs of the trucks. A heuristic approach was proposed incorporating an auction
algorithm and a dynamic penalty method to solve this problem. Unlike the work
proposed by Li et al. (2008), we solve a real routing scheduling problem by find-
ing the optimal solution for a large-scale case. Dror and Trudeau (1996) study an
optimization problem in money flow delivery planning. The routing and inventory
problem is analyzed from the perspective of deterministic and stochastic customer
demand. Similarly, Gayialis and Tatsiopoulos (2004) proposed a decision support
system for the route scheduling problem in an oil production company. The objec-
tives of the new tool are the optimal use of the resources of the distribution network,
the reduction of transportation costs, and the improvement of customer service.

Another real interesting problem considering the problem of waste collection
activities in Hanoi, Vietnam, was studied by Tung and Pinnoi (2000). The problem
was formulated using a mixed-integer programming model, and a two-phase heuris-
tic procedure have proposed. Ghanim and Mamaghani (2012) considered the prob-
lem of planning vehicle schedules from depots. In particular, different time windows
were considered for different products, load constraints, multiple trips, and an addi-
tional depot for some products. Similarly, Day et al. (2009) considered the problem
of cyclical inventory replenishment for a regional DC of a company that supplies,
distributes, and manages carbon dioxide (CO2) inventory in more than 900 customer
sites in Indiana. The authors propose a three-phase heuristic for each DC’s cyclic
inventory routing problem. Finally, Mathlouthi et al. (2021) addressed a technician
routing and scheduling problem motivated by an application for repairing and main-
taining electronic transactions equipment. A metaheuristic algorithm based on tabu
search, coupled with an adaptive memory, is proposed.

Several authors proposed variants of the well-known Single Depot Vehicle Sched-
uling Problem (SDVSP). The multiperiod vehicle scheduling problem (MPVSP)
within a transportation system where a fleet of homogeneous vehicles delivers prod-
ucts from a central depot to retailers was introduced by Kim and Kim (1999). The
objective of the MPVSP is to minimize transportation costs for product delivery and
inventory maintenance costs during the planning horizon. Recently, motivated by
the problem faced by a company that provides installation and maintenance services
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for electrical infrastructures, Guastaroba et al. (2021) introduced the multiperiod
workforce scheduling and routing problem (MP-WSRP). The MP-WSRP requires
determining an optimal dispatch plan to meet the given set of jobs by routing several
pieces of equipment over a finite planning horizon.

A variant of the SDVSP by considering the problem of the location of multiple
cross-docking centers (CDCs) and the scheduling of vehicle routes was studied by
Mousavi et al. (2014). This work developed two mixed-integer linear programming
(MILP) models integrating CDC location decisions and vehicle route schedules.
Similarly, Moghadam et al. (2014) considered a problem of the routing and sched-
uling of vehicles in a network composed of suppliers, customers, and cross-dock-
ing. In this work, a nonlinear mathematical model of mixed-integer programming
was proposed. Dondo and Cerda (2015) consider the cross-docking vehicle routing
problem (CDVRP). This paper presents a mathematical formulation of MILP for the
CDVREP to determine the routing and scheduling of a fleet of hybrid vehicles, the
assignment of the dock door, the docking sequence of trucks, and the travel time
required to move the products. Recently, Correa et al. (2020) considered the prob-
lem of scheduling trucks in cross-docking through the design of a MILP model. In
particular, they seek to determine a schedule of entry and exit of trucks in a dock
area to minimize the time from when the first inbound truck arrives until the last
outbound truck leaves (makespan).

Multiobjective methods for vehicle routing and scheduling problems within sup-
ply chain problems have been studied recently by Rahbari et al. (2019), Goodarzi
et al. (2020), and Shahabi-Shahmiri et al. (2021). A bi-objective MILP model for
the vehicle routing and scheduling problem with cross-docking for perishable prod-
ucts has been studied by Rahbari et al. (2019). In this work, two robust models are
developed when the travel time of the outbound vehicles and the freshness-life of the
products is uncertain. Goodarzi et al. (2020) address a vehicle routing problem with
cross-docking (VRPCD) by considering truck scheduling and splitting pickup and
delivery orders with time windows at supplier and retailer locations. Two conflict
objectives are considered: minimization of the total operational cost and the sum of
the maximum earliness and tardiness. Finally, a new multiobjective mixed-integer
programming (MIP) model is proposed for scheduling and routing heterogeneous
vehicles carrying perishable goods across multiple cross-docking systems. The main
objectives of the developed model are to reduce distribution costs, accelerate distri-
bution processing time, and maximize the cross-docking network’s capacity utiliza-
tion rate. A review of the state of the art on similar problems related to scheduling in
maritime routing can be found in Christiansen et al. (2004).

Selection and assigning orders for vehicle scheduling problems within supply
chain problems were considered by Garcia and Lozano (2005), Chen and Pundoor
(2006), and Liu et al. (2018). Garcia and Lozano (2005) develop a problem of the
selection and planning of orders of a manufacturing plant for immediate delivery
to its customers. The most important constraints for this study are the number of
vehicles available and the time windows that must be delivered. Chen and Pundoor
(2006) considered an order allocation and planning problem within a supply chain.
The authors study the allocation and planning of the orders from a static determinis-
tic approach and look for a schedule to deliver the complete orders to each DC after
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production. Liu et al. (2018) addressed the problem of assigning orders for delivery
in the last mile. Historical delivery data are studied to improve the "on-time" perfor-
mance in fast food delivery services.

Recently published works dealing with vehicle and scheduling problems were
considered by Melchiori et al. (2022), which considered the problem of raw material
allocation, routing, and scheduling. The authors proposed a model that involves an
arc-based formulation for routing and a time grid discretization, including the defini-
tion of loading and unloading shifts for scheduling. Similarly, Cota et al. (2022) ana-
lyzed the integrated problem in which trucks’ scheduling in a cross-docking center
with multiple docks is combined with the associated open vehicle routing problem,
called Open Vehicle Routing Problem With Cross-Docking (OVRPCD). A math-
ematical model and two heuristics approach to solve the OVRPCD were proposed.

On the other hand, data processing considers collecting and manipulating data
elements to produce meaningful information. This information could be transformed
into knowledge and, subsequently, a decision (Han et al. 2011). Data processing can
be divided into five stages: collection, preparation, processing, analysis, and storage
(French 1996). Some of the stages of data preparation include cleaning the DBs,
transforming the variables or attributes, extracting attributes, and selecting attributes
(Han et al. 2011). The problem of null values represents the loss of possibly relevant
information, hindering the data analysis. Some techniques to treat this are eliminat-
ing attributes, tuples, and the imputation of data (Han et al. 2011). Another phase of
DB cleaning is the treatment of out-of-range values. Out-of-range values are data
that are far from the rest, and their presence may be due to measurement errors or
a data distribution with high kurtosis. Some techniques for identifying these val-
ues include using dispersion measures, such as the mean and standard deviation,
and the quartile method (Han et al. 2011). One tool for processing information is
data mining using clustering or grouping. There are various clustering techniques
and algorithms, such as the K-means technique. This method groups data into n
groups with equal variance, in which each observation belongs to the group with
the closest mean. This result can be achieved using Lloyd’s algorithm or Elkan’s
algorithm (Pedregosa et al. 2011). Likewise, a method for the validation of clusters
is the elbow method. The elbow method is a heuristic used to determine the optimal
number of clusters and generally consists of graphing the explained variation as a
function of the clusters and choosing the elbow of the curve as the number of groups
to be used (Syakur et al. 2018).

We have yet to find a similar combining optimization and data mining approach
to deal with a scheduling vehicle problem from the literature review. Besides, the
published papers generally use heuristic or metaheuristic approaches for large-size
real instances, including real instances. Finally, only some studies have studied an
efficient mathematical formulation, including several real constraints.

2.1 Contributions

We introduce a new problem belonging to the class of routing and scheduling prob-
lems within a finite period. The new problem is the Rich Single-Depot Vehicle
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Scheduling and Routing Problem (RSD-VSRP), a variant of the well-known Sin-
gle Depot Vehicle Scheduling Problem (SDVSP). Different realistic constraints of
real complex problems have been considered. The main novel characteristics of our
problem are the multiperiod environment and the dispatch of vehicles, including
fundamental considerations for an entire operation of a DC. The solution scheme is
flexible and could be adapted for any company with a delivery process from DCs.
Also, the proposed MILP mathematical model is innovative and efficient in solving
large-size problems. The former approach can solve the RSD-VSRP using a two-
phase scheme, combining data mining and optimization strategies. Unlike previ-
ous similar studies, we propose a scheme to find the optimal solution for real large
instances. Finally, extensive computational experiments are performed to test the
efficiency of the proposed methodology with a case study based on data provided by
a Chilean company.

3 Proposed methodology

This paper seeks to optimize routing and scheduling for a company that oper-
ates a two-echelon distribution system, delivering a set of products from a DC to
a set of independent (penultimate) customers who, in turn, deliver the "last mile"
to independent, ultimate customers. Routing involves assigning an ordered subset
of customers to each delivery truck, and scheduling involves setting delivery times
to observe time windows set by customers. The solution methodology is composed
of two phases. In the first phase, data processing must be performed to extract the
parameters and sets of the proposed model. The second phase corresponds to the
design of the destination nodes’ allocation model to determine the product distribu-
tion schedule.

3.1 Problem description

We have considered a Rich Single-Depot Vehicle Scheduling and Routing Problem
(RSD-VSRP), a variant of the well-known Single Depot Vehicle Scheduling Prob-
lem (SDVSP), considering rich constraints. The SDVSP could be modeled by a com-
plete graph G = (V, E) with verticesV = N, UN, U {s,t}. Let be N, = {i,,Vi € N}
andN, = {i,,Vi € N}, where each trip i is represented by two nodes: a starting
nodei,, and ending nodei,, respectively. Besides, the depot is represented by nodes
s (depot as starting node) and ¢ (depot as ending node), with N = {1,2,...,n} as the
set of trips, numbered according to increasing starting time. Note that trips i and j
constitute a compatible pair of trips if the same vehicle reaches the starting point of
trip j after it finishes tripi.

The set of edges E=(sXN,)UZUDU (N, Xt)U(s,t) considers the subset
Z= {(ie,js)lct(i,j) =1,ieN,jeE N}, where ct(i,j) is a binary parameter character-
izing a compatible pair of trips. If c#(i,j) = 1, trips i and j confirm a compatible pair of
trips, O otherwise. Besides, let D = {(is, i,)|i €N } be the set of edges connecting the
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starting to the ending of a trip. Note that the upper bounds of edges in D are 0, and the
edge flow is 0. A path from s to 7 in G represents a feasible vehicle schedule.
The associated costs (r,_-/-) to an edge (i, j) € E are defined as follows:

travel time of the edge + the waiting time till the starting of future tripj V(i,j) € Z

0 V(i,j) €D
| travel time of the edge + fixed vehicle cost V(s X Ny)or(N x 1)
0 V(i,j) € (s,1)

A number B; is associated with each node i € V indicating supply or demand,
depending on whether B; > 0 or B; < 0, as follows:

A demand node with B; = —11is set for each node i € N,;

A supply node with B; = 1is set for each nodei € N;;

A supply node with B, = |N|is set for the starting depot s;
A demand node with B, = —|N|is set for the ending depot .

Since the demand of the starting node of a trip (i) is one and the upper bound of its
only outgoing edge is 0, each trip can only receive a unitary flow. The supply at the end
of a trip (i,) is 1, and each trip can send at most one-unit flow. Note that each trip must
be covered only once, and there are # trips to be fulfilled. Thus, n-units of flow are suf-
ficient to serve them, and the supply of the starting depot is set to n. If the number of
vehicles required to serve the collection trips is less than 7, the remaining supply of the
starting depot s is sent to the ending depot ¢ via the edge (s, ), which does not generate
cost since the cost of the arc (s, 1) is 0.

The mathematical model of the SDVSP could be formulated as a minimum-cost
flow problem. The decision variable, y; = 1V(i,j) € E if the edge trip j is performed
once the trip i is developed. The mathematical programming formulation of the SDVP
based on flow is defined as follows:

min Z Vi )

(i)EE

Subject to

D yi— D y=1VieN, )

jiipeE  j:Goek
Jj:G)EE J G.DEE

2 vi— X vi=INvi=s @)
jiGjeE jiG.HeE
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Z i — Z yij=_|N|Vi=t 3)

JiGDEE  jiGEE
0 <y; < 1V(,j) € E\(s,H)\D 6)
Yy 20 @

y; =0V(i.j) €D @)

The objective function (1) minimizes the total operating and fixed vehicle costs.
Constraints (2, 3, 6, and 8) ensure that each trip is served only once. Constraints (4,
5, and 7) guarantee the sufficiency of vehicles. Unfortunately, this formulation can-
not be directly applied to the considered problem due to different objective function
and additional constraints that must be considered:

(i) Minimization of the number of trips;

(i) Each vehicle could perform only one daily route;

(ii1) Special frequencies for scheduling deliveries are considered;

(iv) Working hours cannot be exceeded, and;

(v) Penalty aspects per service time per supermarket visited on the day.

Consequently, the RSD-VSRP should be treated as a variant of the classical
SDVSP. We found works with different realistic constraints in the literature review.
However, real constraints generally increase the difficulty of solving an RSD-VSRP
for large-size instances. Therefore, using heuristic or metaheuristic approaches is the
standard approach to dealing with a real problem. We have solved the problem opti-
mally for a real instance. Also, combining data mining and optimization schemes to
solve large real instances optimally for an RSD-VSRP has yet to be proposed. There-
fore, we introduced the problem and proposed a two-stage scheme to solve it. The
stages are explained as follows:

3.2 Phase 1. Information processing

The collection, processing, and refinement of data and information is key to obtain-
ing representative and quality inputs for the optimization model (Phase 2). The
problem, when addressed with a static approach, is developed with historical data
from any company. However, as seen later, some parameters are obtained through
information surveys using qualitative methods. The assumptions and scope in Phase
1 are as follows:

e  We work with specific data for a specific and fixed period, so the results repre-

sent that single period. This fact does not imply that the behavior of the data can
change in other periods.
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e The data analyzed correspond to the pandemic period of COVID-19, which may
be different from previous periods given the health contingencies caused by the
SARS-CoV-2 virus.

e The data and information related to the service times and schedules of the des-
tination nodes are obtained by consulting the perceptions and experiences of the
operating personnel of the DC.

Next, the processes performed to define the parameters and main sets for the allo-
cation model are described. The problem is that a distribution company of a varied
range of products must make deliveries to commercial nodes with different char-
acteristics and requirements. Given the stochastic behavior of market demands and
contextual factors, the nodes to which a company dispatches vehicle can maintain
consistency and volume or vary over time. In this way, an annual historical period
should be selected since it is sufficient to collect valid data on the current destination
nodes, their demand, and dispatch frequency.

The first stage of data processing considers the preparation and cleaning of the
DBs to obtain the parameters of the destination nodes, frequency of visits, and
demand. In the DB analysis, duplicate and conflicting information can be obtained,
causing the number of kilograms delivered and trips made to increase. Thus, the
attributes that do not provide information to the case are eliminated. Finally, the
atypical nodes are treated, where the data that present several kilograms dispatched
or several performed trips far from the concentration of the data are eliminated using
the quartiles method.

3.2.1 Selection of destination nodes

The selection of the destination nodes is the basis of the problem for Phase 2. There-
fore, it is necessary to select the most relevant nodes for the model. According to
the selected characteristics, the relevant destination nodes have a monthly demand
greater than o or those that are receive at least 9 visits in a month. Following the
guidelines of this constraint, two conditions are proposed (Algorithms 1 and 2) for
the extraction of the destination nodes.

Algorithm 1 First condition for the selection of destination nodes.

1: for all destination node do
for all month do
trips [destination node]= count.if monthly trips [destination node][month] 1 > 9
demand [destination node]= count.if monthly weight [destination node][month] > 0

end for

eliminate destination node

2
3
4
5
6:  if (sum trips [destination node] < 6 and sum demand [destination node] < ) then:
7
8: endif

9:

end for
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Source: Owner.
Algorithm 2 Second condition for the selection of destination nodes.

for all destination node do
average_monthly_trips = average trips [destination node]

average_monthly_demand = average demand [destination node]

eliminate destination node

1:
2
3
4. if average_monthly_trips <9 and average_monthly_demand < 0 then:
5
6: endif

7:

end for

Source: Owner.

The conditions described have the objective of maintaining destination nodes that
present consistent demand for products or number of visits and, in turn, comply with
the constraint in a general way, requiring that the monthly averages of the demand or
trips are at least d [kilograms/month] or 9 [trips/month], respectively (Condition 2).

3.2.2 Frequency of visits

Clustering techniques are used to extract the frequency of visits to the destination
nodes. In this way, the distance between the monthly number of visits per desti-
nation node, the absolute frequency, and the frequency established for the alloca-
tion model is reduced. Therefore, the two questions of this phase are as follows:
how many clusters for trip frequency should be established? Moreover, what should
the trip frequencies be? The algorithm used to create the clusters is K-means. The
optimal number of clusters must be calculated using the elbow method with the
K-means algorithm in the first instance. The centroids of the clusters represent the
visitation frequencies of the destination nodes.

3.2.3 Other parameters

The demand is calculated as the monthly average of kilograms of products delivered
to the selected destination nodes. Thus, trip demand for each node is obtained from
the quotient between the monthly demand and the frequency of the monthly visit.
The schedules of the destination nodes (time windows) are determined through the
experience of the company. Two groups of nodes were created according to their
daily hourly availability, where one group represents the "supermarket” type destina-
tion nodes, and the other represents all nodes of another type.

The georeferencing of the nodes can be obtained through the "Geocoding" API
of Google Maps Platform®. A Python code is generated to communicate with the
API and obtain the nodes’ coordinates using their respective addresses, which are
obtained from the DB. Before this process, typing errors are reviewed and corrected
to avoid erroneous coordinates. The 225 nodes are scattered in three provinces,
Arauco, Concepcion, Itata, and 20 communes (similar to municipalities).
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The intracommunal time represents an estimate of the time it takes to travel
between destination nodes in a given commune. This value is the same for all trips
between nodes in a commune. A Python code is generated to communicate with
the "Distance Matrix" API of Google Maps Platform®, giving it the coordinates
of the destination nodes of a commune and repeating this for each commune. The
times requested from the API are unidirectional, assuming that the difference in the
route between one destination node and another, in both directions, is approximately
the same. In this way, the number of travel times per commune delivered by the
program is type (n—1)! where n is the number of destination nodes per commune.
Finally, the average travel time per commune is calculated.

The intercommunal time is the estimated travel time between communes in a
given province. This value is the same for all the communes of the same province.
The first stage consists of calculating the centroids of the communes according to
the locations of the nodes. Thus, the times are obtained from the concentrations of
the nodes and not from the centers of the communes. Subsequently, for intracommu-
nal times, a Python code is created to communicate with the "Distance Matrix" API,
giving it the coordinates of the centroids of the communes; this is repeated for each
of the provinces. As in the previous process, the times requested from the API are
unidirectional, assuming that the routes between communes in both directions are
approximately the same. For the Province of Concepcidn, the travel times between
commune centroids greater than 40 min are eliminated, preventing the parameter
from being influenced by trips that are not made in reality, as they are excessive dis-
tances. Finally, the average travel time between commune centroids is calculated for
each province.

The service time is estimated using a two-stage qualitative tool. In the absence of
historical information on the times that drivers and delivery assistants take to deliver
products, drivers with more experience in the company are interviewed to determine
their general perceptions about this factor. Through the carriers’ responses, a ques-
tionnaire is designed to collect more specific information about their experiences
and convert these into figures.

3.3 Phase 2. Optimization model for the dispatch schedule

Phase 2 of the proposed methodology corresponds to the design of a mixed-inte-
ger linear optimization model for the distribution schedule of the DC. This model
is built mainly using allocation and scheduling rules that determine the customer
assigned to a vehicle on a given day of the finite planning horizon. The parame-
ters and sets of the model are obtained in Phase 1 of the methodology, to which
constants and constraints are added based on the work context of the problem con-
sidered, such as working hours, fleet size, and vehicle capacity. The model is con-
structed for a monthly planning horizon, where four weeks are considered, including
business days from Monday to Friday.

The proposed mathematical model considers the following assumptions and
scopes:
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e At the destination nodes, it is assumed that transportation times are constant for all
vehicles and are not influenced by external agents.

e Any logistics operation before the transport of products does not influence the
scheduling.

A homogeneous vehicle fleet is considered.
It is assumed that all orders are fully delivered. Indeed, there are no products that
must be returned to the DC or re-dispatched.

e The transportation time from the DC to the first visited node by a vehicle is
neglected, and from the last visited destination node by this vehicle returning to the
DC.

e Only the weight of products is considered, without considering product volume and
the number of pallets the vehicle could carry.

e The time windows for each vehicle are calculated from the service time and the
penalty time of the destination node without considering the travel times.

The proposed model’s sets, parameters and indexes, decision variables, objective
function, and constraints are below.

3.3.1 Sets, parameters and indexes

Tables 1, 2 and 3 show the related information for the proposed model.

Table 1 Indexes for the

proposed model. Source: i Destination nodes, i € N
Owner j Days, j€ D
k Vehicles, k € K

Communes,c € C

o

p Provinces, p € P

Table 2 Destination nodes mapping sets. Source: Owner

N = {nl,nz, ,nl-} Set of destination nodes i
D={d.d,,....d;} Set of days j

K = {veh,,veh,, ... veh} Set of vehicles k

A= {dem .demy, ..., deml.} Set of demand for each destination node i
C= {com1 ,comy, ..., comc} Set of communes ¢

P= {provl,pmvz, ,provp} Set of provinces p

S = {sup] S SUDy, s 5“[’1}5 CN Set of nodes i denominated supermarkets
T = {tsl, 1Sy, ... ,tsl-} Set of service time for each node i

ESPI = {10,30, 56,116, 140}, Set of special nodes with high frequency

ESPJ = {1,3,5,6,8,10,11,13, 15,16, 18,20} Set of days for which the special nodes must be visited
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Table 3 Parameters for the proposed model. Source: Owner

10, if the visit frequency is every two days

f(@) =13 5,if the visit frequency is every four days
2, if visit frequency is biweekly
Tmod2,£(i) = 10
8G.f(D) =4 jmod4,f(i) =5

imod10, (i) = 2

1, if the node i belongs to the commune c¢
0, otherwise

1, if the commune c belongs to the province p
0, otherwise

t_intra,

i_inter,

Cap
T _sp

WH
Jj_morn
J_afte

bigM

Visit frequency function for each destination node i.

Function that replicates the visits to node i accord-
ing to it frequency f(i)

Matrix that indicates the destination node i belong-
ing to the commune ¢

Matrix that indicates the commune ¢ belonging to
the province p

Demand for each destination node i
Service time for each destination node i

Estimated time of route between each destination
node i belonging to the commune c. This time is
calculated from the mean of distances between the
destination nodes of a commune ¢

Estimated time of route between each commune ¢
belonging to the province p. This time is calcu-
lated from the mean of distances between cen-
troids of the communes belonging to the province
p. The centroids are calculated based on the nodes
of each commune ¢

Capacity for each vehicle

Extra service time if more than one supermarket is
assigned to a vehicle on a route

Maximum number of daily working hours for each
vehicle

Maximum number of working hours in the morning
shift for each vehicle

Maximum number of working hours in the after-
noon shift for each vehicle

It is a significant number, equivalent to the sum of
the demand values of all destination nodes

3.3.2 Decision variables

Table 4 shows the decision variables for the proposed model.
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Table 4 Decision variables for the proposed model. Source: Owner

1 , if the destination node i is visited the day j by the vehicle k
Xiji = 0 , Otherwise
1 , if the destination node i is visited the day j by the vehicle k in the morning shift
MXy = 0 , otherwise
_J1 , if the destination node i is visited the day j by the vehicle k in the afternoon shift
TXi/k -0 , otherwise
1 , if the commune c is visited the day j by the vehicle k
de Yo , otherwise
_J1 , if the province p is visited the day j by the vehicle k
@i =9 0 , otherwise
Z i Number of trips between nodes of commune c visited the day j by the vehicle k
Wik Number of trips between nodes of province p visited the day j by the vehicle k
Vi Number of communes of province p visited the day j by the vehicle k
SP; Number of supermarkets visited the day j by the vehicle k

3.3.3 Mathematical formulation

Objective function

Minimize Trips = )V,

PEP (9)
Constraints
Z lejk =f@)VieN (10)
kekK jeD
Y Xyo= D X Vi€ N.,j€ g(.f(i).j €D (1)
kek kek
inijIVieN,jeD (12)
kek
D' Xy =1Vi € ESPIj € ESP] (13)
kek
D Xy =0Vi € ESPLj € D — {ESPJ} (14)
kek
Z lSiXijk + Z timrachjk + Z tinterpWij + T_spSij sWHVjeD.kek
ieN ceC pep
15)
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Y com X, < bigMY,, Ve € C.j€D.kEK
ieEN

Zprovcpycjk < bigMQ, Vp € P,j€ D,k € K

ceC

Y 0u<lvjeDkek
pEP

Zy > Z(comwXUk) 1VjeD,keK,ceC
ieEN

Wi 2 Y (provy,y,) — 1V €D,k €K,p € P

ceC

Vi Z(vacpqu) VieD,keK,peP

ceC

SUP;, > Z(X,.jk) —-1VjeDkek

ieS

Zdeml i < Cap Vj € D, ke K
ieN

YsXg)+ Y, (s:MXy)+ T_spSUPy <o i € Dk €K
= ieEN—{S}

Y sTXy) <jgi Vi €D kEK
iEN—{S}

MX +TXy =Xy VieN,jeDkek

L

[/

SUP Zejis Wiis Vo ENVJ EDk €K, c € C,p € P

Xijer Yejior Qpjios TX oo MX . € {0, 1} Vie N,je D,k e K,ceC,pEP

(16)

A7)

(18)

19)

(20)

21

(22)

(23)

(24)

(25)

(26)

27

(28)

Equation (9) shows the objective function of the mathematical model, which
consists of minimizing the total number of trips to communes that vehicles make
in the monthly period. This Equation indirectly indicates the number of intercom-
munal trips made in the month. Equation (10) determines the frequency of partici-
pation, ensuring that the number of visits in the month associated with each desti-
nation node is met. Constraint (11) establishes the periodicity, indicating that the
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destination node i visited on day j must receive the next delivery on day 7, where
7 is given by g(j,f(i)). This function ensures that the required periodicity of visits
to the destination node is met. Equation (12) establishes that vehicle k can make a
maximum of one daily route.

Equations (13) and (14) define the special frequencies for scheduling deliveries.
In particular, Eq. (13) predefines the delivery days of particular destination nodes
with a high frequency of visits. These days are Monday, Wednesday, and Friday of
every week of the month. Equation (14) predefines the days that do not include dis-
tribution to the special destination nodes with a high frequency of visits. These days
are Tuesday and Thursday of every week of the month. Constraint (15) establishes
that working hours cannot be exceeded. These are defined from the sum between the
service time of the destination node ts;, the estimated route times between each des-
tination point (¢_intracommunal ), the estimated route times between each commune
of the destination nodes (t_intercommunalp), and the additional time that is activated
when more than one supermarket is visited (7_supermarket). The travel time from
the DC to the first destination point is not considered, nor is the travel time back to
the DC.

Equation (16) establishes that if a destination node of commune c is visited, then
commune c is also visited. Constraint (17) determines belonging to the province,
establishing that if a commune of province p is visited, then province p is also vis-
ited. Equation (18) establishes that a province can be visited at most once by a vehi-
cle k on day j.

The number of trips between nodes and communes is constrained by (19) and
(20), respectively. Equation (19) establishes the number of trips between nodes of
commune c that are visited on day j with vehicle k (intracommunal travel). This situ-
ation can also be referred to as the number of arcs between destination nodes gener-
ated by vehicle k on day j in commune c. Constraint (20) establishes the number of
trips between the communes in province p that are visited on day j with vehicle k
(intercommunal trips). This situation can also be referred to as the number of arcs
between communes generated by vehicle k on day j in province p.

The numbers of communes and supermarkets visited are constrained by (21) and
(22). Equation (21) establishes the total number of communes in province p visited
on day j with vehicle k. Constraint (22) establishes the additional service time pen-
alties per supermarket visited on day j with the vehicle k. Equation (23) establishes
that the capacity of the vehicle cannot be exceeded. It is defined as the sum of the
demands of destination nodes i that are visited on day j by the vehicle k. The time
windows are restricted by Eqs. (24-26). In particular, the vehicle can visit a destina-
tion node only within the reception hours. For this, the time that the vehicle occupies
in the morning shift and afternoon shift is estimated. The time is calculated from the
service times of the destination nodes for the morning shift plus the additional pen-
alty of the constraint “number of supermarkets visited” and for the afternoon shift
only from the service times of the destination nodes. Finally, Constraints (27) and
(28) determine the nature of the variables.
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4 Design of experiments and computational results

The model of the second phase is programmed using the JuMP mathematical opti-
mization language incorporated in the programming language Julia v1.6.2 and is
solved using the Gurobi v9.1 solver. In addition, the XLSX.jl and DataFrames.jl
packages were used for data management. A computation time limit of 7200 s is
established for the case study. The experiments are developed in Red Hat Enterprise
Linux 8® with an Intel® Core™ i5-3570 CPU @ 3.40 GHz and 16 GB of RAM.

4.1 Company case study

The case study company is a family business of road freight transport and distribu-
tion logistics of nonperishable products founded in 2001. Its DCs are strategically
distributed throughout Chile. The operations center is located in the city of Santiago.
Finally, the headquarters are located in Concepcion. Currently, the DCs are located
in Osorno, Valdivia, Temuco, Concepcion, Chillan, Talca and La Serena (Fig. 1).

The customer’s portfolio is currently composed of approximately 220 customers.
The company delivers products to supermarkets, distributors, retailers, wholesalers,
among others. The route calendar is preset, where the frequency of visits is defined
according to the commune of the destination point. The strategic process of route
creation is planned annually and is carried out based on a fundamental estimation
of the demands of the destination nodes and, consequently, the demands of the com-
munes. Once the orders are loaded, the vehicle goes to the last participant in the
supply chain to dispatch the vehicles. The assignment of the orders to the vehicles
is made by the head of the agency, while the vehicles’ route is defined by the drivers
based on their experience.

Fig. 1 Company facilities.
Source: Own elaboration based
on the case of study

@ Distribution Center
9 Operations Main Center o

9 Head office

[{

@ Springer



25 Page 18 0f29 M. Nufez-Mufioz et al.

A relevant factor for this process is the reception schedule of customer loads.
National supermarket chains have strict reception hours, between 8:00 and 13:00,
while the other destination nodes usually have extended reception hours, between
8:00 and 18:00, with closing times generally between 13:00 and 15:00.

The company has a wholly outsourced delivery fleet, which reduces the fixed
costs in the operations area. There are seven transportation services, which translates
into a fleet size of 10 vehicles. The vehicles have an average capacity of 5000 kg and
eight pallets in total, with an average volume of approximately 31.25 m>.

4.2 Results of phase 1

This section shows the main results of the data collection and processing phase. Ini-
tially, the DB contains 29,496 invoices. The first attribute transformation results in
1374 destination nodes. This new DB is called the “Destination nodes” DB and has
the following attributes:

e (1): Unique keyword for each destination node from Codpg
e (2): Delivered monthly weight for each destination node
e (3): Monthly trips to each destination node

Tables 5 and 6 show the initial situation and the final situation after cleaning the
destination nodes of DB.

Figure 2 shows the result of the elbow method technique applied to the visit fre-
quencies of the destination nodes, indicating that the optimal number of clusters is
four with the K-means method (Syakur et al. 2018). W and k are calculated accord-
ing to Syakur et al. (2018).

Additionally, the K-Means method is applied to four clusters, providing the fre-
quencies in Table 7, where the number of destination nodes that belong to each
group and the total number of visits that must be performed is detailed. These

Table 5 Results cleanup

N Current Situation Deleted dupli- Out of
destination nodes DB. Source:

te val
Owner cate values range‘
values
Deleted nodes - 97 10
Total nodes 1374 1277 1267

Table 6 Destination nodes

. Current Situation First Condition Second
selection results. Source: Owner

Condi-

tion
Deleted nodes - 1034 8
Total nodes 1267 233 225
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2.5

0.5

Fig.2 Elbow method for several visit frequencies. Source: Owner

visits are approximated to the nearest integer since the method operates with rational
values.

The demands of the destination nodes present the characteristics shown in
Table 8, where their characteristics, the monthly totals, and the value to be covered
are indicated.

The demands of the destination nodes present the characteristics shown in
Table 8, where their characteristics, the monthly totals, and the value to be covered
are indicated.

Table 9 shows the number of destination nodes that are supermarkets and, there-
fore, belong to time group "1,"; and the destination nodes that do not have an open-
ing hours constraint belong to group "0". The closing time of the destination nodes
was not considered to reduce the complexity of the proposed model.

Table 7 Monthly frequency

1 i F
visits for destination nodes. Cluster Centroid requency (days) Number'
of nodes

Source: Owner

1 1.9 2 129

2 13.3 13%* 5

3 4.9 5 69

4 9.7 10 22

Total visits 883

*Frequency that approached 12 days for the model to visit the nodes
three times a week

Table 8 Demands statistic

s Type Mean [kg]  Minimum [kg]  Maximum [kg]
for destination nodes. Source:
Owner Demand per visit 685 60 5.000
Monthly demand 2775 200 19.788

Demanda total 624.457
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Tabl.e K .Time windows for Schedule ID Schedule Number
destination nodes. Source: .
of nodes
Owner
0 8:00-18:00 134
8:00-13:00 69

Fig.3 Location of destination ©
nodes. Source: Owner 0480,

Figure 3 shows the georeferenced destination nodes on the map showing the Con-
cepcién Province, Arauco Province, and Itata. Figure 4 shows the calculated cen-
troids of each commune.

Based on the interviews conducted with the carriers and delivery assistants, the
service time is segmented into three variables: waiting time before unloading in
supermarkets, waiting time before unloading at other types of destination nodes, and
unloading time per kilogram. The interviewees emphasized that the waiting times
depend on numerous factors, such as the day, the time, the products demand at the
commercial nodes, and the order of arrival of the vehicles, among others. For this
reason, the estimates do not consider external factors that could affect the service
time, except for the arrival time of the vehicles. Concerning the carriers’ responses
in the questionnaire applied, the importance of visiting the supermarkets first is
highlighted given a large number of competing vehicles that must also deliver prod-
ucts; drivers mentioned how the waiting time increases when arriving late. In this
way, the waiting time for the supermarket should only be activated if it is not the first
visited node; otherwise, the waiting time is insignificant. Additionally, the unload-
ing time involves all the activities of the product delivery process, such as vehicle
unloading, document delivery, and product review. The components of the service
time are shown in Table 10.

From the questionnaires, a formula is proposed to calculate the unload time at the
destination nodes:
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Fig.4 Centroids of commune.
Source: Owner

_ TDF y Y Invoicesize

D
nc nf

(29

where TDF: unload time per invoice (minutes). nc: number of answered question-
naires. Y, Invoicesize: sum of weight per delivered invoice. nf: number of delivered
invoices for the year.

Finally, the formula for the service time considered is the following:

ts = 0.025[@] X trip_demand[kg] (30)
kg

Table 11 shows the main statistics of the calculated service times.

Table 10 Service time issue.

Source: Owner Issue Time
Waiting time for supermarkets** 90 [min]
Waiting time for others customers 0 [min]*
Unloading time per weight 0.025 [min]

*Waiting time at other types of destination nodes was considered
negligible

**The waiting time in supermarkets is activated only if more than
one supermarket is visited
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4.3 Results for phase 2

In Phase 2 of the methodology, service times were linked with the additional waiting
time of supermarkets. The results of the proposed model are shown in Table 12.

Figure 5 shows the occupancy percentage of each vehicle obtained in the monthly
period.

Figure 6 shows the number of monthly visits performed by each vehicle in the
month and the percentage that each vehicle contributes to the total number of per-
formed visits.

Figure 7 shows the number of daily trips to communes performed by each vehi-
cle. Figure 8 shows the daily visited nodes segmented by the time in which the prod-
ucts have been delivered.

Finally, Fig. 9 and Table 13 describe the assignment of the sixth business day of
the month as an example. The elbow of the assigned destination nodes for each vehi-
cle and the time to be visited are identified. In this case, all assigned customers with
hours in the morning are supermarkets.

Table 11 Descriptive statistics

e Mean [min]  Minimum [min]  Maximum [min]
of service times. Source: Owner

Service time 17 2 38
Tab"‘* 12 Final status of the Instance Size Trips Time Lower bound Gap
assignment model for the case
of study. Source: Owner Case of study N=225 209 7200[s] 155 25.84%

M Occupied Capacity ™ Non occcupied capacity

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%

Fig.5 Percentage of occupancy per vehicle. Source: Owner
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Fig. 7 Daily trips to communes for each trip. Source: Owner

4.4 Discussion of the results and managerial insights
The methodology executed with the study data considers a total of 122,000 varia-

bles and 53,820 constraints. Regarding the solution of the model, in 83% of the daily
routes made by each vehicle, intercommunal trips are not made; that is, the vehicles
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Table 13 Delivery schedule, sixth business day. Source: Owner

V1 v2 V3 V4 V5 Vo6 \%i V8 V9 V10

MPM) 23(M) 50(M) 2(M)  41(M) 13(M) 32(M) 220M)  T(M) 15(M)
1(T) 30M) 129M) 4M)  53(T) 17(M) 34M) 16(M) IM) 18(M)
44(T) 187(M)  146(M)  3(T) 83(T) 149(M)  38(M) 19(M) 69(M) 55(M)

70(T) 214(M) 108(T)  36(T) 2(T)  5(T) 72T)  80(T)
104T)  12(T) 109(T) 122(T)  45T)  66(T) 130(T)
206(T)  27(T) 194T) 167(T)  78(T)  98(T) 180(T)

184(T)  209(T)

222(T)

visit a single commune. On the other hand, in 17% of cases, vehicles make more
than one intercommunal trip, which means they visit two or three communes. Like-
wise, 30% of the fleet visits two communes on one day of the month; 20% visits two
communes on two days of the month; 50% visits two communes on three days of the
month, and 30% of the fleet visits three communes on only one day of the month.

The total number of communes visited is 209, considering 33 intercommu-
nal trips, and the average per vehicle is 1.2 trips to communes per month. The
DC made an average of 358 trips to communes and 120 intercommunal trips per
month, with the model solutions being 40% and 72% better in terms of these fac-
tors than the company’s current solution, respectively. The relevance of trips to
communes is that they indirectly represent the distance traveled by each vehicle,
influencing the delivery of products to customers.

Concerning the time parameters, note that the use of equal intercommunal
times for each commune of a province can result in a vehicle that visits a com-
mune at one end of the province to then visiting a commune at the opposite end
of the same province since the exact travel times are not considered.

Vehicles have an average occupancy rate of 62%, equivalent to 375,543 kg of
unoccupied capacity per month. In particular, 16 of the 20 working days of the
month are not occupied, and in 12% of cases, the vehicles do not make trips. With
outsourced transport services, the occupancy percentage does not influence the fixed
costs of the DC. However, it does affect the variable costs since the capacity not
used by the vehicles that make at least one daily route is 255,543 kg per month. As
a result of the differences concerning percentages of occupation and the number of
visits per vehicle, inequalities in workloads are generated. The standard deviation of
the monthly trips made by the vehicles is approximately 17 trips, while the standard
deviation of the monthly products delivered per vehicle is 9063 kg.

The objective of the model is not to maintain or increase vehicle occupancy. It
is complex for the model to obtain a percentage of occupancy close to the vehicle’s
capacity while respecting reception schedules and the frequency of visits agreed
upon with the customers. Real figures from the company indicate that the DC has
an occupancy percentage of 64% in the distribution vehicles, which is only 2% away
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from the optimal solution of the proposed scheme. Due to the demands of visit fre-
quencies and reception schedules, reducing the number of vehicles in the fleet is also
not feasible. However, there are only four days of the month in which all vehicles
make at least one delivery. An alternative may be to have a fleet of vehicles with less
capacity, prioritizing the fulfillment of customer conditions over economies of scale.
On the other hand, the design of an appropriate cost and incentive structure can help
so that the differences in workloads do not affect the operations or the turnover rates
of the distribution services contracted by the company. 91% of the customers visited
in the morning correspond to supermarkets, while only 9% correspond to visits to
destinations without time constraints.

Similarly, the average number of supermarkets visited per vehicle daily is 1.8,
with only 25.3% of the total number of customers being supermarkets, and of the
total demand for visits, this makeup only 38.8%. This situation happens due to the
demands of time windows and the additional time penalty that affects vehicles that
visit more than one supermarket daily. These figures highlight the importance of
differentiating customer schedules and assigning the morning shift mainly to super-
market chains. On the other hand, the afternoon shift is longer and can be assigned
to customers without specific reception hours.

The results indicate that a vehicle can visit four supermarkets during the morn-
ing shift to respect product reception schedules. The feasibility of the model is
primarily linked to the total number of visits to supermarkets that must be made
in the planning horizon. If an instance is required, in terms of frequency of visits
and fleet size, that a vehicle must visit five supermarkets on one business day of
the month, then the model would no longer be feasible for the problem. Note that
disregarding travel times for calculating time windows facilitates the problem’s
solution; otherwise, the slack for this restriction would be considerably lower.

In short, the proposed methodology assigns the distribution vehicles in the
planning horizon, respecting the factors present in a real context and minimiz-
ing intercommunal trips. This methodology establishes systematic scheduling
of deliveries to the essential destination nodes of the Concepcién DC. It ensures
improvements in the indicators related to the management of the last mile and the
fulfillment of the deadlines established with the customers. The model obtains
a better fit for intercommunal trips than historical data, emphasizing the impor-
tance of distinguishing the characteristics of the destination nodes. In addition,
meeting the conditions with the client through the automation of the scheduling
of the order allocation process is already significant for the company’s operations.

5 Concluding remarks and future works
This paper proposes a new methodology for scheduling merchandise deliver-

ies to customers based on a Real Case through an optimization model derived
from meticulous data processing parameters. The general results of applying the
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two-phase methodology to the scheduling of the logistics process for dispatching
vehicles from the distribution center are satisfactory, and the established objec-
tives were fulfilled, achieving a total of 209 trips to communes and 33 intercom-
munal trips per month.

Similarly, integrating a variable transportation cost structure into the proposed
model would further improve the quality of the results and provide other analysis
approaches. The study methodology could be applied to the different distribution
centers of the company or other distribution companies, thus improving operations
globally. Even the methodology with some variations could be applied to the dis-
patch processes from the company’s operations center to the distribution centers in
the different locations, establishing a schedule in a different operational process that
could benefit operations management.

Data processing with more sophisticated estimation and prediction methodolo-
gies is a future strategy. Unsupervised learning is a striking line to continue the
development of this study and thus improve the quality of the optimization model
inputs. Besides, developing a stochastic solution of the proposed model using Sam-
ple Average Approximation (SAA) (Escobar et al. 2013b; Mafia and Escobar, 2015;
Paz et al. 2015; Rodado et al. 2017, Vélez et al. 2021) would be considered. Finally,
heuristic or metaheuristic based on granular search (Escobar and Linfati 2012; Esco-
bar et al. 2013a; Escobar et al. 2014a; Escobar et al. 2014b; Puenayan et al. 2014;
Bernal et al. 2017; Bernal et al. 2018; Bernal et al. 2021; Escobar 2022 and Riafio
et al. 2022) for solving large size instances could be considered.
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